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Preface

Monitoring and diagnosing faults in electrical machines is a scientific and
economic issue which is motivated by objectives for reliability and serviceability in
electrical drives. This concern for continuity of serviceability has been motivating
electrotechnical engineers since the first industrial applications of electrical
machines. To avoid failures, these engineers used experiment feedback to improve
machine construction and to make the said machines more robust. Moreover, they
gathered knowledge from the detected faults and developed techniques for “manual
diagnosis”, following examples seen in mechanics and, above all, car maintenance.

The generalization of power supplies through power electronics from the 1950s
to 1960s and onward, and the decisive contribution of microcomputers at the end of
the 1970s radically changed the approach to machine maintenance through the
introduction of ‘“automated” diagnosis techniques. The development of digital
control and an increased power in computer systems have opened up a channel for
new techniques of automatic control, integrating new functionalities, such as real-
time identification and online adaptation of control algorithms. The supervision
function has become a natural and necessary addition to the management of
automated systems which are becoming increasingly more sophisticated and
complex. Furthermore, the concept of integrating automated fault detection and
diagnosis came about at the beginning of the 1980s, as a functionality of supervision
systems.

This revolution in machine control has also, unfortunately, resulted in new
causes for machine failures. Now, to the classic electrical, mechanical, and thermal
faults, we can add failures in power electronics and information systems, as well as
new faults caused by Pulse Width Modulation power supplies. Moreover, these
failures may have instant destructive consequences which justify early diagnosis,
whether this is followed by a somewhat instantaneous switch-off or reconfiguration
of the machine’s power supply.
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From now on, the diagnosis of electrical machines, and more widely electrical
drives, must be a fundamental aspect of the design, use, and maintenance of a
variable speed system. Such a concern is perfectly justified for high powered
equipment where the integrity of an expensive system must be conserved. However,
we must not lose sight of the fact that the breakdown of a low powered device may
also have considerable economic consequences, following the shutdown of a
production line.

As for the implementation of advanced numerical control algorithms, new fault
diagnosis techniques have been tested. The introduction of the Fourier analysis for
detecting mechanical rolling faults or electrical squirrel-cage rotor faults using
vibration and current sensors has been a natural extension of “manual” diagnosis
techniques. On the other hand, a preference for artificial intelligence in the initial
studies on this area can be explained by the classic approach based on expertise. A
third channel that opened up used detection techniques based on mathematical
models, such as state observation and identification, was initially developed by
the automatic control community.

In order to harmonize their work on fault detection in electrical drives in 1995,
the research groups “GDR Electrotechnique” and “GDR Automatique” (Electrical
Engineering and Automatic Control) set up joint research on the subject of
monitoring and diagnosing induction machines. The main French teams from these
two domains, as well as a few teams in the signal processing domain, came together
regularly to present their work and to discuss joint approaches. In the same way, the
work group “Identification”, operating on the same principle, highlighted themes
regarding the identification of continuous systems and the estimation of physical
parameters applied to electrical machines. Out of all these exchanges and joint
efforts, two essential outcomes emerged: the need for specific modeling of machines
in a fault situation, and an interest in identification for early fault detection.

More specifically, the studies by E. Schaeffer (Chapter 2) on modeling short-
circuited stator windings are behind this progress in fault detection. This new
approach has made it possible to develop macro-models for early fault detection as
well as to define more sophisticated models for simulating electrical faults in AC
machines. Also, works by J. Faucher and his students"? opened up the pathway to
these simulation techniques, both in addition to or as substitutes for experiments,
which are often impossible to perform due to their potential for destruction.

1 V. Devanneaux, Modélisation des machines asynchrones triphasées a cage d’écureuil en vue
de la surveillance et du diagnostic, PhD Thesis, INP Toulouse, 2002.

2 A. Abdallah Ali, Mod¢lisation des machines synchrones a aimants permanents pour la
simulation de défauts statoriques: application a la traction ferroviaire, PhD Thesis, INP
Toulouse, 2005.



Preface  xiii

With regard to identification, it has been shown that this methodology is suitable
for detecting internal faults (short-circuits in stator windings, rotor broken bars),
whereas approaches through state observation are better suited to detect external
faults, such as sensor or actuator failures. Moreover, the combination of fault
modeling/estimation of physical parameters with prior knowledge (of the
characteristics of healthy operation) has enabled the development of a complete
methodology for diagnosing stator and rotor faults in induction machines. These
studies have already been reported in two chapters’ of another book in the same
collection, and will only be partly mentioned in Chapters 2 and 3.

The studies presented in this book come from or have been inspired by this
collaboration with the aforementioned research groups. They are dedicated to
electrical machine diagnosis and, in a more comprehensive approach, to electrical
drives diagnosis. The faults here primarily deal with machines, but also deal with the
monitoring of power electronic devices and energy storage in batteries. These faults
are largely varied: electrical stator or rotor faults, mechanical faults, thermal faults,
inverter faults, and estimation of state of charge. We will also note the range of
techniques which are carried out to detect and diagnose these faults. These
techniques are usually classified into two categories: those which are based on a
model (identification, state observation, model invalidation) and those which are
independent of a model (spectral analysis, artificial intelligence methods such as
neural networks, fuzzy logic, etc.).

It is useful to remind the readers here that diagnosis comes under the domain of
probabilities. Detecting a fault, especially early, must also correspond to a
confidence index. Let us also remind the readers that normal operation may also
give the same outcome as abnormal operation: thus, an increased resistance
estimated by an identification algorithm may also result in rotor heating (normal) as
well as bar breakage (abnormal). There is, then, no miracle solution for the problem
of monitoring electrical machines, and we must not lose sight of the fact that it is a
set of simultaneously acting techniques which make it possible to develop a reliable
and robust diagnosis which in turn can help reduce the false alarm rate.

Chapter 1 describes failures affecting electrical machines, in order to know their
occurrence and also to analyze their physical causes (either external or internal) such
as induced currents in rolling or the repeated action of thermal cycles on conductor
insulators. This wide range of main operational faults is followed up by a
bibliographical panorama of the most commonly used diagnosis techniques.

3 Chapter 7, “Parameter estimation for knowledge and diagnosis of electrical machines” and
Chapter 8 “Diagnosis of induction machines by parameter estimation”, in Control Methods
for Electrical Machines, edited by René Husson, ISTE Ltd., and John Wiley, 2009.
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In Chapter 2, a new modeling of a short-circuited winding is introduced, based
on the induced currents in the short-circuited section which produce a disturbing
magnetic field in the air gap of the machine. This physical analysis has resulted in a
new Park model with short-circuited stator winding, which is then extended to the
case of a squirrel-cage rotor. This approach to fault situation modeling has enabled
us to define and implement a methodology for detecting and locating stator and rotor
failures in the asynchronous machine by parameter estimation, validated by
experiments on a laboratory benchmark.

Fault diagnosis through parametric estimation generally comes up against a
practical problem: to reach convergence, identification algorithms need persistent
excitation in order to disturb the machine’s operation point, which indeed goes
against regulation objectives. One solution is to use the charge disturbances which
result in variable voltages generated by the inverter. Thus, we have a closed-loop
identification problem. To this end, Chapter 3 offers an identification methodology,
which takes into account the non-linear and multivariable nature of vector control
algorithms, within an objective to improve electrical fault diagnosis in asynchronous
machines.

Observers play a vital role in the vector control of AC machines, particularly
when estimating the flux. To do so, we may use a Luenberger observer, a Kalman
filter, or a high-gain observer. In addition to state variables, we can also estimate the
parameters which vary with the operation point, such as the rotor resistance, for
instance. We can, then, make use of an extended observer. Chapter 4 goes back to
the basic theories of this methodology and applies it to a few concrete situations.

Whereas we usually imagine electrical faults in machines, the thermal causes
behind these failures often go unnoticed. Thermal monitoring is therefore a vital
objective within the framework of a global diagnosis system, as much for estimating
the temperatures which are impossible to measure directly, as for fault detection
such as the obstruction of a ventilation duct. The extended Kalman filter is perfectly
suited to this use. Nonetheless, its correct usage assumes a sound prior knowledge of
the different noises which affect the measurements, and a perfect control over the
algorithm’s parameters of adjustment. Chapter 5 offers a reference methodology
applied to temperature estimates, which play an important role in thermal
monitoring.

Accumulator batteries also hold a vital position in the electrical or hybrid drive
chain of a car. Estimating its state of charge is a fundamental issue for continuity of
serviceability and operational safety. Chapter 6 proposes an original, dual function
procedure. It is original not only through the use of a technique of invalidating the
model identified during an initial phase, but also through using an unconventional
model of the battery by fractional calculus. This methodology can also be transposed
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to machine fault diagnosis, whether it is for modeling squirrel-cage frequency
effects or thermal transfers inside the machine, both governed by a diffusion partial
differential equation.

Aging and the abnormal use of a rotating machine result in mechanical
imbalances and sound and ultrasound vibrations. A well-trained human ear is
capable of detecting and locating different types of failures, even in the early stages.
Indeed, signal processing techniques are used to automate this monitoring process.
The information needed to be processed may be provided by a vibration sensor.
However, we prefer the already present line current sensor, which offers more
general information regarding the mechanics and electrical operation. The basic tool
for spectral analysis is the discrete Fourier transform and its sophistications made
possible by the computing power of digital processors. Chapter 7 gives a wide view
of the potentials offered by the spectral analysis when applied to mechanical and
electrical fault detection of induction machines, using experimental examples.

Artificial neural networks are of high interest to the monitoring of automatic
systems. They act as a reference tool for processing problems of classification. Their
use for detecting and locating faults in asynchronous machines is perfectly justified,
provided that a methodology which is adapted to their properties is implemented.
The approach presented in Chapter 8 is based on a residual generation technique
using a Park model combined with a Fourier transform algorithm, in order to make a
spectral signature of the stator and rotor faults occur. The neural network is
responsible for the knowledge and classification of faults using a training database,
enabling their detection and location.

Since the generalization of electronic machine control, fault detection in a static
converter has become a key element in a global system for monitoring an electrical
drive. Conventional approaches through state estimation or identification seem
unsuitable for detecting failures which affect the converter. We therefore suggest a
set of techniques from the domain of artificial intelligence (neural networks, fuzzy
logic) and multivariate statistical methods. Section 9.1 of Chapter 9 offers a number
of examples of these applied techniques. However, following the example of
electrical and mechanical faults, it is indeed necessary to analyze the failures
affecting the electronic components of the converter, and more particularly, failures
caused by thermal fatigue. Section 9.2 of Chapter 9 offers a panorama of these
failures and outlines a few suggestions for diagnosing them.

Jean-Claude TRIGEASSOU
July 2011



Chapter 1

Faults in Electrical Machines
and their Diagnosis

1.1. Introduction

This chapter gives an overview of faults found in electrical machines and
their diagnosis, with a special reference to induction machines and their fault
detection. These techniques may be easily extended to other types of electrical
machines.

Electrical machine fault diagnosis has greatly benefited from an intense interest
from research domains. Monitoring electrical machines for diagnosis and predicting
breakdowns has spurred the writing of several studies, due to its significant influence
on the operational continuity of many industrial processes.

A good diagnosis and early fault detection enable minimized shutdown time as
well as maintenance time of the process in question. This also means that the harmful,
sometimes devastating, consequences of such faults can be avoided, and there is a
reduction in incurring financial losses.

A good detection procedure must use necessary minimalist measures using the
process in question, as well as obtain a diagnosis which gives a clear indication of the
failure modes by analyzing data in a small time frame.

Chapter written by Sadok BAZINE and Jean-Claude TRIGEASSOU.
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Electrical machine
failures

Internal External

Figure 1.1. Cause-based fault categorization

Electrical machines and drive systems often have several types of faults. These
can be categorized into two groups according to their causes (Figure 1.1): internal
causes and external causes [KAZ 03, CAS 05]. External faults are caused by power
supply voltage, mechanical loads, as well as by the machine’s usage environment.
Internal causes are generated by the machine’s components (magnetic circuits, stator
and rotor coils, mechanical air-gaps, rotor’s cage, etc.). As an example, let us draw up
a non-exhaustive list of the faults shown in Figure 1.1:

— electrical faults on the stator, manifested by a phase opening or a short-circuit
within the same phase, between two phases, or between one phase and the stator frame;

www.EngineeringEBooksPdf.com
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— electrical faults on the rotor, which include an opening or a short-circuit on the
coils for wound rotor machines, or bar and/or short-circuit ring breakages or cracks for
squirrel-cage machines;

— mechanical faults on the stator bore or the rotor, such as bearing faults,
eccentricity, and alignment;

— failure on the power electronic components of the drive system.

Due to the symmetry in electrical machines, any fault will induce alevel of distortion
in the rotating magnetic field in the machine’s air-gap. It causes harmonics to appear
on the measured signals which characterize these faults. Measuring relevant signals
enables us to non-invasively monitor the machine’s operation. These signals may
be electrical or mechanical such as currents, voltages, flux, torque and speed. Fault
detection and identification techniques have been widely studied because there are still
some questions left unanswered:

— the definition of a single diagnostic procedure for detecting and identifying any
type of fault;

— an increase in the robustness of detection techniques, making them unsusceptible
to operation conditions;

— the reliable detection of breakdowns for a position, speed, and torque control;
— reliable detection of breakdowns in different working conditions.

An efficient diagnosis opens up a pathway for a tolerant fault control and must,
consequently, increase the robustness of the industrial process. Over these last few
decades, the advent of power electronics has made it possible to envisage new
applications, as well as drawing the best performances from electrical machine
operations. Nonetheless, this technological advancement has brought other failure risks
with it in terms of electrical drive processes.

Currently, several research laboratories are looking into the design and development
of new control strategies [BIA 07, AKI 08], making it possible to make up for
performance losses which follow the appearance of failures on the machine or the
control system.

This chapter has been set out in three main sections which present the composition
of induction machines, the different types of faults which can occur within, and finally,
the diagnosis techniques of electrical machines.

1.2. Composition of induction machines

In this section, we wish to briefly outline the composition of the induction machine.
This description will enable us to better understand induction machine failures in their
physical dimensions.
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From a mechanical point of view, induction machines can be composed of three
distinct parts:

— the stator: the fixed component where the electrical power supply is connected;
— the rotor: the rotating part which rotates the mechanical load;

— the bearings: the mechanical component which guides the shaft rotation.

Figure 1.2. Leroy-Somer induction squirrel-cage motor

1.2.1. The stator

The induction machine stator is composed of steel sheets, where the stator coils are
located. For small machines, these sheets are cut out from a single sheet, whereas for
more high-powered machines, they are cut out into sections. These sheets are usually
varnished to limit the Foucault current effects; they are assembled on top of each other
by rivets or welding, to form the stator magnetic circuit. Stator coils are positioned in
the pre-designed slots. It is into these slots that the stator coils are positioned, according
to a distributed or a concentric winding [GRE 89, LOU 69].

Concentric winding is often used when the induction machine’s winding mechanism
is performed mechanically. The insulation between the electrical winding and the stator
core is made using insulating materials, which may differ depending on the use of the
machine.

The stator of the induction machine is also equipped with a terminal box where
the electrical power supply is connected. Figure 1.2 shows the different components
which make up the induction machine stator.

1.2.2. The rotor

The rotor magnetic circuit is composed of steel sheets which, generally, originate
from the same place as those used to build the stator. There are two types of rotors in
induction machines: wound and squirrel-cage rotors.
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The wound rotors are built in the same way as the stator coil!. The rotor phases are
therefore available with the help of a brush/slip ring assembly located in the machine’s
shaft.

With regard to squirrel-cage rotors, the winding is composed of copper bars for
high-power motors, and aluminum bars for lower-powered motors. These bars are
short-circuited at each end by two short-circuit rings, made of copper or aluminum. In
Figure 1.2, we show the different elements composing a squirrel-cage rotor.

For squirrel-cage rotors (Figure 1.2), the conductors are made by molding an
aluminum alloy or by large bars of precast copper hooped into the rotor’s core.
Generally, there is no insulation between the rotor bars and the magnetic circuit. But
the resistance of the alloy used to build this cage is low enough so the currents do
not flow across the magnetic sheets, except when the rotor cage shows bar breakage
[MUL 94].

1.2.3. Bearings

Bearings are composed of ball bearings and flanges. The ball bearings are inserted
when hot on the shaft, for rotation guiding of the motor shaft. The flanges, molded in
castiron alloys, are fixed onto the stator body using bolts or tightening rods as shown in
Figure 1.2. All these components arranged in this way compose the induction machine.

1.3. Failures in induction machines

Although the induction machine is said to be robust, it may sometimes present
different types of faults. These faults are found in the different parts of the machine,
starting with the stator phase connection and finishing with the mechanical coupling
between the rotating shaft and the load. These failures can be predicted or unexpected,
mechanical, electrical or magnetic, and they have very different causes.

A statistical study led by [BON 08] on squirrel-cage induction machines operated
in the petrochemical industry, shows that some breakdowns occur more frequently than
others (see diagram in Figure 1.3 displaying the percentage of faults likely to affect
these high-powered machines).

This distribution shows that faults in high-powered machines mainly stem from the
bearings and the stator coil, which is due to larger mechanical constraints in the case
of this machine.

1 Inserting windings in the rotor slots.
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Figure 1.3. Fault percentages (2008)
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Figure 1.4. Fault percentages (1995)

By comparing these results to those taken from older studies carried out by
[THO 95] in Figure 1.4 on same-type machines (100 kW to 1 MW), we notice that
over the last few years, the distribution of the fault percentages has changed due to
the manufacturing conditions in which the motors are constructed. Faults in the stator
and rotor are less frequent now, with the main source of failure currently coming from
the bearings. Technological advances in power electronics has also made it possible to
introduce new control techniques for electrical machines. For machines controlled by
power converters, the bearings are excited by voltages including high-rank harmonics.
This last option has become standard for controlling electrical systems. This type of
power supply accelerates ageing in the stator winding insulator. One solution is to
develop a better material insulator. These statistics are not valid for all circumstances,
and we must note here that these faults are highly sensitive to the machine’s operating
conditions, and that they may stem from very different reasons [THO 97]. For instance,
let us now make a list of the different causes:

— mechanical: bad manufacturing, machine vibrations, unbalanced electromagnetic
forces, centrifugal forces, load fluctuations;

— electrical: insulation damage, partial discharging, sparks;
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— thermal: copper losses, lack of general or localized cooling;
— environmental: air humidity, dust.

Table 1.1 [KAZ 03] shows a summary of the causes leading to stator and rotor

faults.
Faults Causes
Frame vibration Magnetic imbalance, coil vibration, power supply
imbalance, overload, bad installation, contact with the
rotor.

Fault between coils and the|Coil pressured by the frame, thermal cycle, bad insulation,

stator frame angular points in the slots, shock.
e
=
<& |Insulation fault Insulation damage during installation, frequent starting,
E extreme temperature condition.
]
el

Inter turn short-circuit excessive temperature, high humidity, vibration, over-
voltage.

Inter-phase short-circuit insulation failure, high temperature, imbalanced supply,
slacking of coils.

Conductor displacement Shock, frequent starting, winding vibration.

Connector failure conductor pressure, excessive vibration.

Bearing fault bad installation, magnetic imbalance, overload, loss of
lubricant, high temperature, lack of cleanliness, unbalanced
load.

== Bar breaks magnetic imbalance, overload, loss of lubricant, high
& temperature, lack of cleanliness, unbalanced load, thermal
St .

S fatigue.

&

Magnetic circuit failure manufacturing fault, thermal fatigue, overload.

Misalignment bad installation, bearing failure, overload, magnetic
imbalance.

Bearing lubricated badly excessive temperature, bad quality of lubricant.

Mechanical imbalance short-circuit ring movement, alignment problem.

Table 1.1. Causes of failure in the induction machine
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These faults display one or many “symptoms”, which can be:
— unbalanced line currents and voltages;

— increased torque oscillations;

— decreased average torque;

— increased losses and therefore reduced energy efficiency;

— excessive heating and therefore accelerated aging.

Thus, as a brief summary, we have categorized these faults into two main groups:
mechanical faults and electrical faults. These faults are briefly shown in the flow chart
in Figure 1.1.

There are two reasons for studying induction machine faults:
— to understand their evolution so as to predict their gravity and development;

— to analyze their impact on the machine’s behavior and to deduce from this the
signatures making it possible to go back to the cause of failure, a posteriori.

1.3.1. Mechanical failures

More than 40% of induction motor faults are mechanical. These can be bearing
faults and eccentricity faults.

1.3.1.1. Bearing faults

The main reason for machine failures concerns faults in the ball bearing [STA 05]
which have several causes, such as lubricant contamination, an excessive load, or
even electrical causes such as leakage current induced by multilevel inverters (MLI)
[STA 05].

Bearing faults generally lead to several different mechanical effects in machines,
such as an increased noise level and vibrations. It has also been shown that bearing
failure leads to variations in the torque load in induction machines.

1.3.1.2. Eccentricity faults

The effects of mechanical faults are generally displayed at the air-gap, by static,
dynamic [SAH 08] (Figure 1.5), or mixed eccentricity faults:

— static eccentricity faults are generally caused by a misalignment in the rotor’s
rotation pin in relation to the stator pin, where the most frequent cause is a fault in the
flange centering;

— dynamic eccentricity faults can be caused by a bend in the rotor cylinder and in
the stator cylinder or deterioration in the ball bearings;
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— mixed eccentricity, the most common kind of fault, is a combination of static and
dynamic eccentricity.

Figure 1.5. Static and dynamic eccentricity faults

A vibration, ultrasound, or frequential analysis of the absorbed currents, or simply a
visual analysis of the machine’s shaft makes it possible to detect these failure types. We
can find very comprehensive studies in various works which deal with these various
problems, such as those mentioned in [BIG 95, BON 99, BON 00].

1.3.2. Electrical failures

Electrical failures, either on the stator or on the rotor, may be of different types
or have several different causes. Let us cite an example: an unbalanced power supply
voltage in the machine or even frequent starting can lead to overheating in the stator
coils, finally leading to a local destruction of the insulator. In the same way, the
electrodynamic strains exerted on the phase conductors result in mechanical vibrations
which may deteriorate the insulator. In terms of electrics, voltage fronts generated
by static converters aggravate the phenomenon and consequently, the lifespan of the
conductor insulators. With regard to environmental causes, we may cite air humidity,
corrosive or abrasive products.

1.3.2.1. Stator faults

Stator faults are displayed as an inter-coil short-circuit between two phases, or a
short-circuit between a phase and the stator frame [BAZ 09b]. This can be simplified by
the clear connection between two points on the coil. Inter-phase short-circuits appear
preferentially in the coil heads, as it is here that the different phase conductors flow
together. Inter-coil short-circuits in the same phase may appear, either on the coil heads
or in the notches, which leads to a reduction in the number of actual coils in the winding.

An inter-phase short-circuit would cause the machine to shutdown. However, a
short-circuit between a phase and the neutral (via the yoke) or between the coils of the
same phase does not have such an extreme effect. It will lead to a phase imbalance,
which will have a direct effect on the torque. This type of fault also interferes with the
controls developed by using the Park model (hypothesis for a balanced model).
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1.3.2.2. Rotor faults

A wound rotor may be affected by the same faults as the stator. For a cage rotor, the
faults can be summarized as bar breakages or short-circuit ring breakages (Figure 1.6).

Figure 1.6. Fault by bar and short-circuit ring breakage

These bar or short-circuit ring breakages can be due, for example, to a mechanical
overload (frequent starting up), local excessive overheating, or even a manufacturing
fault (air bubbles or bad welds) [BON 92, CAS 05]. This fault will induce oscillations
in the currents and the electromagnetic torque, which are more noticeable when the
inertia is high (constant speed). When the drive inertia is lower, then oscillations occur
in the mechanical speed and in the stator current amplitudes.

The ring section break is a fault which occurs as frequently as bar breaks. In fact,
these breaks are either due to bubbles in the casting or due to different dilations between
the bars and the rings, especially as the short-circuit rings conduct larger currents than
the rotor bars. Due to this phenomenon, a bad ring sizing, deterioration in the operating
conditions or a torque overload, and therefore a current overload, may lead to their
breaking.

A bar break fault will not cause the machine to shut down because the current which
runs through the broken bar is distributed over the adjacent bars. Thus, these bars are
then overloaded, which can break them and a large number of broken bars causes a
shutdown.

Faced with the multitude of possible faults and their consequences, monitoring
techniques have rapidly been imposed on electrical machine users. They are also
beginning to interest the designers.

1.4. Overview of methods for diagnosing induction machines

Electrical machines, and induction machines in particular, play a vital role today
in all industrial applications. Guaranteeing availability and operating safety of these
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machines is a fundamental task. It is, then, necessary to develop systems which enable
monitoring and diagnosis of the health condition of these devices.

Monitoring and supervision must not be limited to the electrical machine alone. In
fact, this machine is still part of an entire industrial process. Ensuring the operating
safety is part of the supervision process of the whole industrial process itself. The
diagram showing the supervision and accommodation of the control in Figure 1.7
shows the different stages and functionalities that a supervised system must contain.

Diagnosis
Decision
| Generation ‘ ’ Calibration ‘ ’ Adaptation ‘\4 Filtering
St.xfcture ‘ ’ Pargmeters ‘ Conditioning
4 4 — —

Controller / '——1 Actuators | ’ Sensors

&
\ AR
S -

S~ R

— —
Possible failure

Figure 1.7. Control supervision and accommodation

This diagram is applicable to the induction machine and its control, or to the
integrating process. The final objective for any supervision is to increase the reliability
of the process, by looking to catch failures which may occur when the system is in
operation. Once the levels of supervision and diagnosis have fulfilled their role by
detecting and identifying the failure, then the second stage is to act on the controls to
catch this operational decline. This intervention stage takes place on several different
levels (Figure 1.7) according to the severity and the destructive nature of the failure.

For some highly important systems where even the smallest breakdown may
be impossible (nuclear plants, aerospace industry, air transport, etc.), the designers
multiply the systems so that, for a failure in one system, another system will
immediately replace it. If one of the systems displays behavior which is very different
from the others, then it is excluded from the set of systems. This type of maintenance
(material redundancy) is clearly too expensive to implement for the most common
types of industrial systems.
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The aim of this section is to present an overview of diagnosis methods applied
to electrical machines. These methods are classified into two large categories: those
which use an analytical model of the system, and those which do not use it. The
analytical approach is rather inspired by control engineers, whereas those from the
electrical engineering and signal processing domains prefer to make use of more
heuristic methods.

1.4.1. Diagnosis methods using an analytical model

These detection methods rely on a prior knowledge of the system. They assume
knowledge of the models and parameters representing the system’s operations. Signals
generated by the models (or estimated parameters) enable detection as well as the
identification of the failure which is likely to occur. These techniques assume a prior
knowledge of the range of variations within these models and parameters, according
to the system’s operating conditions. These techniques can be categorized into three
groups.

1.4.1.1. State estimation techniques

Analytical models involve a finite number of internal variables, called state
variables. These variables are generally immeasurable for reasons concerning
accessibility: they might lack physical meaning or the cost of installing sensors is
too high. As the system’s evolution through time is characterized by the evolution of
these variables, then we often use estimation techniques (software sensor) to follow
the evolution of their values. Figure 1.8 shows the diagram of the principle of state
estimation using measured signals (system’s input and output signals).

Y fSymen O

Y
Observer X (t): estimated state

> (filter)
A

System
model

Figure 1.8. Principle of state estimation
Fundamental studies done by [KAL 60] and [LUE 71] offer two different

approaches to reconstruct the system’s state through knowing its mathematical model.
The techniques which stem from these two concepts are the Kalman filter and
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the Luenberger observer. Techniques based on a linear representation around the
system’s operating point have made it possible to adapt these techniques to non-
linear models. We can cite the extended Kalman filter and the extended Luenberger
observer [SAT 00, CHE 06, BES 07]. We can also cite other techniques which may be
applied to systems which cannot be linearized by coordinate changes, such as high-gain
observers [RAJ 98, GAU 92], adaptive-gain observers [RAG 94], or a combination of
high-gain observers and the Kalman filter [GAU 92]...The extended Kalman filter,
estimating state variables and parameters, refers us back to identification techniques.
As an example, in the domain of monitoring and diagnosing the induction machine,
we may use rotor currents? or flux, based on the Park model of the induction machine,
which may inform us about the presence of certain types of faults, as these estimations
are used by control algorithms.

1.4.1.2. Residual generation technique

Residuals are signals which reflect the deviation between a model and the system
to be monitored, as shown in Figure 1.9. These residuals depend on the technique they
are generated from. These techniques for extracting residuals aim to provide important
and exploitable signals to detect a specific failure. When the residuals are in healthy
operating mode, they must be close to zero and reflect a fault by taking important
values.

Inputs u

Experimental |Outputs Y™

process

Y

Residual
generator

i

Residuals e

Estimation ¥

Figure 1.9. Residual generation

Another generation technique is based on analytical redundancy relationships
(ARR) [CHR 99] in order to provide the machine’s variations in stator and rotor
resistance with robust residuals, which has made it possible to provide a reliable
malfunction detector on the stator or rotor.

However, several studies have shown that these residual generation techniques
are more suited to detect actuator, and above all sensor, faults [CHR 99]. In practice,
internal faults are detected better by identification techniques.

2 For a squirrel-cage rotor.
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1.4.1.3. Identification techniques

Identification techniques aim to determine a dynamic model of the system to be
monitored using experimental input and output measures. The fundamental idea is that
the parameters which characterize this identified model will be sensitive to the faults
affecting the machine, and will therefore make it possible to characterize these faults
through their variations; in [ISE 93], we find a formalization of this principle.

Estimating the model’s parameters is ensured by an algorithm to minimize the error
between the model’s output and the machine’s output. Figure 1.10 presents this process,
which is also known as the model method [RIC 71].

Experimental
process

Y
[Identiﬁcation]

Figure 1.10. Principle of identification techniques

Many identification techniques based on the minimization of quadratic criteria may
be used. We will categorize them according to:

— equation error techniques [LJU 87];
— output error techniques [RIC 71, TRI 96, TRI 01];
— the extended Kalman filter [LJU 87, LOR 98].

Equation error techniques are the simplest to implement. Moreover, they adapt
perfectly to real time, therefore to the monitoring of parametric variations. Their main
fault is providing biased estimations by noises affecting the system. Furthermore, it
is important to adapt them to cases of continuous representation systems [YOU 81,
MEN 99].

Output error techniques are more laborious to implement and are limited to
offline operations. On the other hand, they give unbiased information which is well
adapted to diagnostics via parametric monitoring, potentially with prior knowledge
[MOR 99].
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The extended Kalman filter [LOR 98] combines state observation and parametric
estimation. Its estimations are also unbiased. Moreover, this estimator is perfectly well
adapted to real-time operations. However, optimum operation requires a good level of
prior knowledge regarding noises affecting the system.

The electrical parameters which characterize the induction machine can be very
good fault indicators. One of the most commonly studied failures in the squirrel-cage
induction machine is the rotor bar break. Although this can be identified using a spectral
analysis of stator currents, monitoring the rotor resistance can also be a good failure
indicator.

In fact, several studies have proven that the resistance Rr is highly sensitive to
rotor faults, and that the variation in this resistance is increased when the number
of broken bars is also increased. Many techniques make it possible to estimate the
value of this resistance, for example, here we can cite the output error estimation
[MOR 99, BAC 02], the extended Kalman filter estimation [SAT 00, BAZ 09a], or the
non-linear high-gain observer estimation [BOU 01].

However, due to the fact that the value of this resistance is also linked to the variation
in the rotor temperature, a natural cause (for instance, operation at full load) could be
enough to make the resistance change. A single estimation of Rr does not allow us to
detect the presence of one or many faulty bars. This ambiguity can be alleviated by
taking account of the machine’s internal temperature using identification algorithms
and having prior knowledge [BAC 02].

These methods of diagnosis through identification are generally used for monitoring
and detecting failures, most often by using precise models of [SCH 99, BAC 02]:

— broken bars or short-circuit rings;
— static and dynamic eccentricity;

— reduced coils or inter-coil short-circuit in the same stator phase.

The main limitation of identification-based techniques is the need for persistent
excitation, i.e. an input u(¢) (Figure 1.10) which stimulates the system enough so as
to generate signals which can be used by the identification algorithm. This persistent
excitation [LJU 87] is clearly incompatible with controlled operation (at constant speed,
for instance).

The first group of diagnostic models requires knowledge of the machine’s dynamic
behavior, using a knowledge model. However, these methods do not allow us to study
all the faults in the machine (bearing faults, for example). In the following section, we
will focus on diagnostic methods without a model, based on monitoring and analyzing
magnitudes such as currents, vibrations, flux, and torques.
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1.4.2. Diagnostic methods with no analytical model

These methods do not necessarily require a specific model of the system, but
rather rely on knowledge of signatures. Fault signatures, obtained through modeling
or measurements, are generally categorized in a database. The analysis is carried out
by a signal-type interpretation or by an expert system.

The following faults are studied by these diagnostic methods:
— breakages in the bars or slice of the rotor ring;

— static and dynamic eccentricity;

— bearing failures;

— inter-coil short-circuit.

1.4.2.1. Signal processing method

For reasons of simplicity and efficiency, the signal approach is currently being
widely used in diagnostics. This approach is based on knowledge of the healthy system’s
behavior, and it is then compared to the measured signals. The common methods of
analyzing diagnostic signals in a transitory and permanent regime are spectral analysis,
spectrogram, temporal analysis, and the Wigner-Ville distribution [AND 94].

Approaches based on spectral signature analysis are the most commonly found
methods used for detecting an anomaly. The main fault in spectral analysis is that it is
highly sensitive to the measurement quality, as well as the sampling frequency and the
number of samples. The procedures for monitoring operations are generally directed
toward specific failures in one of the three parts of the machine: the stator, the rotor,
or the bearings.

To accurately draw out information relating to faults, research has been carried
out, in particular, toward the spectrum of stator currents, for two reasons. Currents are
easy to measure and they provide a lot of information on a lot of different faults. But
measuring signals and then processing them in the “FFT” spectral domain can only
be used, in terms of identification, if the frequential components defined for each fault
are known [BEN 00, KAZ 03, SAH 08]. Besides this limitation, this method requires
a sufficient number of acquisition points to guarantee a minimum frequential accuracy.
This technique is generally used during the machine’s permanent regime [DID 04].

The spectrogram technique means that we can carry out frequential analysis of
signals in the dynamic regime of the system’s operation. This technique consists of
carrying out a repetitive calculation of the FFT on a temporal drop window, which
makes this technique sensitive to the window length, to the window type, to the total
duration of the supervision process and the step of the sliding window [FLA 93].
Although this technique means that we can analyze signals in the dynamic regime, the
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speed of the dynamic regime for induction machines at 150 m/s significantly reduces
the accuracy of this technique.

We must also refer to the temporal analysis, which consists of comparing temporal
signals coming from the system’s healthy operation to the temporal signals of
the current operation [CAS 03, KRA 04, OND 06]. The phase shift introduced by
the measurement instruments makes the direct comparison of these instruments
insignificant. Thus, it is common practice to transform the signals before comparing
them. Despite this transformation, this method does not allow us to efficiently identify
the failures which could affect electrical machines.

Time-frequency methods, based on the Wigner- Ville analysis, combine the temporal
analysis and the frequential analysis. [AND 94] proved that this technique will allow
us to extract information from a system’s dynamic regime, and that this regime is more
comprehensive than the stationary process in question.

1.4.2.2. Artificial intelligence (Al) method

Artificial intelligence is being used widely in the supervision and diagnostics
domain. It has increased the efficiency and reliability of diagnostics. In the domain
of supervising electrical machines, industrialists and researchers are using this type of
technique more often in order to increase the system’s efficiency [ALT 99, AWA 03].

In fact, the term “artificial intelligence” involves various different techniques,
such as expert systems, neural networks, and fuzzy logic, which can all be used
independently or in a combination, to improve their efficiency. These methods are
interesting, even if they require an initial training phase which is vital for optimal
operation. The training phase requires an important set of examples, as it may be
erroneous or produce results which are limited to a set of systems.

Once the training phase has been completed, these techniques are displayed as
being efficient and simple, and can be successfully adopted for diagnosing failure in
electrical systems. Artificial intelligence techniques may contribute to accelerating the
decision-making process with a reduced amount of human intervention. But they are
not a cure for solving all diagnostic problems.

Artificial intelligence-based techniques try to imitate human reasoning in different
ways, which we will describe below:

Artificial neural networks imitate the neural structure of the human brain; they are
formed by a complex network of simple arithmetic blocks. They can easily represent
the non-linear, multi-input, multi-output systems.

This technique was widely used in the domain of diagnosing electrical machines
[SAL 00, AWA 03] according to several different approaches and techniques:
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— training using temporal or frequency signals drawn from simulations or
experiments;

— real-time self-diagnosis;
— dynamic updating of the network structure;
— filtering transients, disturbances, and noise;

— detecting faults as soon as they occur.

Fuzzy logic translates the human perception of values. It is not limited to values
such as “true or false” like traditional logic. It offers a wide variety of intermediate
values. Fuzzy systems can process natural variables through fuzzy “if-then” conditions.
Adaptive fuzzy systems use the training faculties of neural networks, or the robustness
of genetic algorithms in the domain of optimizing the parameters of the studied system,
in order to consider prior knowledge and human expertise in this domain.

In the following studies [ALT 99, BAL 07, ZID 08], we can find several articles
which exploit this technique in diagnosing and monitoring electrical machines. They
have varied objectives:

— detection of abnormal functioning and locating failure;
— evaluation of performance indexes;

— constructing a database taken from human expertise, and formulating a set of
conditional “if-then” rules;

— design of adaptive systems for diagnostics.

The neuro-fuzzy technique is the combination of the two previous techniques.
[ALT 99] and [BAL 07] have shown that this combination is very interesting for
diagnosing and monitoring induction machines. In fact, the adaptive neuron networks
may generate the corresponding fuzzy system alone. This generation of rules is
performed using training examples, by minimizing expert intervention during the
formulation of conditional rules.

Applying Al is of great use in automating the diagnosis procedure. It makes it
possible to take advantage of human expertise in the domain at hand.

1.5. Conclusion

Electrical machine diagnosis has been, and still is, an important topic for research
over the last few decades, such that it has been presented in the non-exhaustive
bibliography which can be found at the end of this chapter. The advent of monitoring
has revolutionized system maintenance based on electrical machines. In fact, this term
refers to a monitored system, making it possible to diagnose the state of an AC motor
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in order to determine the failure types and their seriousness when the motor is within
its normal operating conditions.

We started this chapter by reminding readers of the composition of the induction
machine. We then categorized the failures likely to affect the different components of
electrical machines. Next, we drew up a non-exhaustive list of the causes which could
lead to mechanical and electrical failure in these machines.

We have tried to present an outline of the methods and techniques for monitoring and
diagnosing electrical machines. Two large categories of methods were reviewed: those
based on an analytical model of the machine (with particular focus on the identification
approach), and the methods with no model, based on the Fourier analysis and a heuristic
approach.
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Chapter 2

Modeling Induction Machine Winding Faults
for Diagnosis

2.1. Introduction
2.1.1. Simulation model versus diagnosis model

For a simulation model intended to validate a control reconfiguration in the presence
of a winding fault situation, the acceptable simulation time for an experimentalist may
vary from a few minutes to a few hours, depending on the desired level of precision.
On the other hand, if the aim of the modeling is to monitor online an electrical drive
by following the parameters € of a diagnosis model, then the complexity of the model
will become a prominent choice criterion.

In fact, monitoring parameters can be carried out by identification algorithms which
differ depending on the model’s structure and the criterion to be optimized [LJU 99,
MEN 99]. In the typical case of a quadratic criterion based on the output error and the
output of a non-affine model (in relation to the parameters), the classic optimization
algorithms will use the criterion’s limited development around the intermediate position
éi to generate the orientation and depth of research in the parameter space. However,
experience shows that the analytical expression of the gradient and the Hessian is often
needed for algorithm convergence. Reducing the number of parameters is therefore an
important objective in order to guarantee that the diagnosis model can be identified
within the system’s usage conditions, even if we can see that introducing a priori
information may help us solve this problem. On the other hand, the simplex algorithm
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[DAN 98] imposes no constraint on the model’s analytical structure because only the
system’s simulated output is required. We can therefore completely envisage using more
complex models, which are more like those suggested for a more accurate simulation
of the machine, but at the cost of a considerably increased convergence time.

2.1.2. Objectives

The problematic issue of looking for a “good” diagnosis model is actually moving
toward a more global problem of searching for a better compromise, namely, the
diagnostic model and identification algorithm pair. Another major aspect is the
identification protocol which requires a sufficient wideband input signal. For an electric
car, the frequent phases of rapid acceleration and deceleration may potentially be
enough to excite all the diagnosis model poles, which is actually no longer true for a
fixed-speed or slow changing application.

From an operational point of view, the final choice will depend on the criticality
of the diagnosis, meaning the time elapsed between the fault interruption, its
diagnosis (detection, location, characterization of fault severity), and the decision-
making process. In other words, is immediate shutdown required or could a control
reconfiguration limit the effects of the fault while making it possible to obtain a
sufficient electromagnetic torque until the next scheduled shutdown? In fact, with
the latest variable speed drives, internal current loops manage to perfectly impose the
machine currents and therefore minor malfunction can be ignored, without damaging
the drive performances. For example, we will see that the controls are perfectly free
from imbalances induced by a stator insulation fault, whether it deals with a few short-
circuited inter turns or with a resistive contact of several ohms between a high number
of inter turns in the same phase. However, the fault current flowing in the involved
inter turns may be much higher than the rated current, inevitably leading to rapid over-
heating in the conductors, and therefore, as a sort of chain reaction, to a generalized
carbonization of the insulating wall.

Since the 1990s, French studies [CAS 04, LOR 93, MOR 99, SCH 99] which have
focused on monitoring induction machines through parameter follow-up have shown
that a short-circuit fault will not lead to any significant changes in the parameters of
Park’s two-phase model which is traditionally used in control. Consequently, one of
the major stages in diagnosing electrical drives has been the development of diagnosis
models which are fully adapted to describing winding faults, and can be identified in
the machine’s usage conditions. This chapter will deal with this subject.

2.1.3. Methodology

At a later stage, we will assume that the imbalances caused by winding faults
will remain low enough so as to be able to continue to reason with the two-phase
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components deq = T3 is,,. and Uy, = T3 u, , , where i, and u,  are the
stator phase currents and voltages, and 73 is the Concordia matrix. Strictly speaking,
this is no longer possible: in the case of a star connection in a machine, the line
currents measured for control are also the phase currents, but the phase voltages for an
unbalanced machine can no longer be deduced from the line voltages imposed by the
inverter! On the other hand, for a delta connection, the phase voltages are those imposed
by the inverter (therefore known voltages), yet the phase currents are inaccessible!.
This simplified assumption is highly important for the following section, because it
makes it possible to use the simplified power of the Concordia and Park transforms for
writing machine equations in the rotating field or rotor reference frame. This change
in reference frame, in fact, makes it possible to translate the spectrum of current and
voltage signals in a lower frequency domain, thus simplifying the discretization of the
continuous state model for numerical integration.

From a conceptual point of view, this hypothesis enables us to propose a two-mode
model: a “common” mode and a “differential” mode. The common mode relates to
the model dynamics of the induction machine with no fault, as used by the control
(Park model). It explains the normal evolution of the machine’s characteristics when
in operation: these evolutions are caused by high variations in temperature, possible
variations in magnetization, or even evolutions in iron losses. With regard to the
differential mode, it aims to reveal a malfunction in the machine, as its parameters
ideally must only be sensitive to the faults being diagnosed.

This situation has proven to be favorable for introducing the a priori knowledge
that we may have of the machine in order to facilitate the parameter estimation of the
whole model. The Park model is typically parameterized by the stator resistance R, the

cyclic stator inductance L. _, the rotor time constant 7;., and the dispersion coefficient
2

o=1-( LJ?CZZ ), where L. represents the cyclic stator inductance and M.,
represents the stator/rotor mutual inductance. In the presence of a control regulating
the magnetizing flux amplitude, the inductive parameters L. and o can be considered
as constant. However, variations in temperature of the stator, and particularly on the
rotor, may lead to a large variation in the stator and rotor resistances, and therefore
inT, = %, where R,. is the rotor resistance. This kind of consideration means that
we can sigﬂiﬁcantly reduce the number of the model’s parameters to be estimated for
online diagnosis, and therefore also impact the excitation protocol which is necessary
for the identification process.

2.1.4. Chapter structure

The first part of the chapter presents the assumptions for study and the underlying
principles of modeling the machine in order to diagnose it. The concepts of rotating and

1 The matrix expressing the line current in relation to the phase currents is not invertible.
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stationary fields (in the electrotechnical sense of the term), as well as the equivalence
between winding systems, will be dealt with in this first section. These are elementary
yet fundamental conceptions for understanding winding fault modeling, while allowing
us to introduce the notations which will appear in the chapter. The following section
will go into detail on equation formulation and obtaining models in their basic form,
suitable for detecting short-circuiting in inter turns. In the third section, the approach is
extended to modeling an imbalance in squirrel-cage rotor. The last section will present
the method and tools used to validate this diagnostic model. This relies on the results
obtained from IREENA [SCH 99] and LAII [BAC 06, BAZ 08, MOR 99] who used
similar power range induction machines (induction motors of 1.1 and 1.5 kW) but used
different excitation protocols and optimization algorithms.

2.2. Study framework and general methodology
2.2.1. Working hypotheses

Studying electrical rotating machines can be achieved either by using rotating fields
and introducing concepts of permeance and electromotive force (EMF), or by means
of inductances and matrix representation [DOE 10, TOL 04]. In the second case, the
linearity hypothesis between the magnetic field strength H and the magnetic flux
density B is essential because it allows for an extremely simplified notation of electrical
equations which govern the machine’s dynamic operation. This simplified hypothesis
is nonetheless especially justified in our study when we focus on a machine controlled
at variable speeds, generally with a regulated magnetizing flux.

In addition, the manufacturers of induction machines ideally look to obtain a
sinusoidal distribution in the current (and therefore in the magnetic fields B and
ﬁ) on the air-gap surface to limit oscillations in the electromagnetic torque. The
second working assumption is not important because we can take into account the space
harmonics, but at the price of a level of complexity which is too high in relation to the
issues regarding the model. In the following section, we will also model the squirrel-
cage induction machine by only considering the first harmonic (meaning, fundamental
harmonics), for the main rotating field as well as for the stationary field due to a winding
fault.

We will ignore skin effects or capacitance effects, which are not relevant to the
frequencies considered here in any way [MAK 97].

The final simplified hypothesis concerns modeling inter-coil short-circuits in the
same phase through the “appearance” of a new short-circuited winding B.. which is
evenly distributed in all the phase slots while ignoring the reduced number of coils
in the fault phase. A methodological justification of this is given in section 2.2.4.
This hypothesis is probably the most debatable of all, but it is widely validated by
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Axis of symmetry of
phase a

a) Machine with 2 pole pairs b) Machine with 1 pole pair

Figure 2.1. Creation of a stationary field (a) and a rotating field (b)

experimental results. It will allow us, above all, to continue to exploit the concepts
of rotating vectors when there is a stator or rotor winding fault, and thus to obtain an
extremely simplified notation of electrical equations.

2.2.2, Equivalence between winding systems

2.2.2.1. Stationary field and rotating field

Using the hypotheses for study, the application of Ampere’s theory along the
magnetic lines (Figure 2.1a) shows that a current iz (t) = I, cos(w,t) flowing in
a stator winding a of p pole pairs creates a magnetic field strength in the air-gap at
point M (), whose expression can be approached by:

Hsa (77 t) = nskbs COS(p(’y - ’7@)) iSa (t) [2.1]

where the physical angle ~, marks the field’s point of symmetry, ns is the number of
coils in series per phase, and the coefficient kjp, characterizes the winding.

This is the expression for a stationary wave?. This field is usually represented by

23
vector H,, with a norm which is proportional to the magnetic field strength in the
air-gap, in the direction of pv,:

20 =ik i () [Sn27)| = st [ 2

2 The description of the stationary field must not be confused with the statistical concept of
stationarity.
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with H,,, = nsky, I,,. This vector is written in the reference frame R g 4 4) that we
will call a physical frame of reference because it also corresponds to a physical section
of the machine.

By taking note of the similarity between the expressions for current i, (¢) and
H,, (74,t),itis interesting to represent this current in vector form in the same reference
frame. If this seems natural, we must not forget that we are representing different
magnitudes symbolically in the same place (meaning, in a section of the machine),
because the magnetic field strength is intrinsically a spatial magnitude, whereas 75, is
here a purely temporal magnitude.

If a three-phase balanced stator winding (i.e. composed of three identical coils,
distanced spatially from %’r) with p pole pairs which have a direct balanced sinusoidal
system running through them with a current of i, , (t), defined by:

is, (1) cos(wst)
by (1) = |15, () | = Im cos[wst — 27] [2.3]
s (t) cos(w,t — 47)

then the expression for magnetic field strength in the air-gap becomes:

Hs(’}/v t) = H,, (77 t) + Hsb(77 t) + Hsc(ﬂy’ t)
3 [2.4]

= inskbs I, cos(wst — py)

This is a progressive sinusoidal wave p, which is periodic over one complete turn,
rotating at an angular speed Q3 = (“’?) in relation to the stator physical frame of

N
reference (Figure 2.1b). We can combine this with the rotating vector H:

N wst wst
Hs(t) = §n5kb5]m ' [COS( p t)] = Hm lCOS( ps t)] [25]

2 sin(“2) sin(“t)

by a rotating current i (¢):

and so everything, then, happens as though the rotating magnetic field fz) was created
—

- 3 cos( e

i s (t) = 5[ m pg

t)
0, ] [2.6]

sin( ™ )

2.2.2.2. Physical interpretation of Concordia’s reference frame

The previous result can be formalized using the Concordia orthonormal transform
T33 = [T31 T32] where:
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1 cos(0) sin(0)

1 2 27 . 27 —1 T
T3 = 3 1| T3p = 3 cos(—5) sin(—5)| T35 =T33 [2.7]
1 T

3
cos(—4F) sin(—4F)

Let us consider any direct three-phase system z,,. = Xp[cos(y) cos(p —
%ﬂ) cos(p — 4777)]T corresponding to a current, voltage, or flux system. This system
can be interpreted as the projection of a vector on the axes of its natural frame of
reference R(O, z,y,z) which has no particular physical meaning. The Concordia
transform makes it possible to diagonalize the inductance matrix of a three-phase
balanced winding. This corresponds to a transfer matrix from the natural reference

frame toward Concordia’s reference frame R(0, h, d, q), where the system is written as:

_ x
Lhdg = 7531 “Labe = [m:} [2.8]
<Ldq

When the system z ;. is balanced, the homopolar component x}, is zero, and the
vector x4, is a vector from the plane P 4,4), making an angle ¢ with the axis (0, d):

fh:\/g($a+$b+xc):0

[2.9]
Zag = T35 Zape = Xm\/g {COS ((sog}

sin (¢

In the case of three-phase electrical machines, this transform has a very specific
meaning, making the plane P 4 4) coincide with a section of the machine. In fact, if
the vector i, , = [is, 45, is.]" Of the stator phase currents has no physical meaning
in its natural reference frame, then the vector ;’qu can, however, be interpreted as the

—
vector representation of the dummy rotating current ¢, previously defined by [2.6], at

the origin of the rotating magnetic field3.

Relations [2.9] and [2.5] prompt us to write the expression of peak amplitude of
the magnetic field given by equation [2.5] in the following way:

3 3 3
Hmzf s Im: =Ns . *Im 2.1
27’L k‘bb (\/;n ) k‘bé (\/; > [ 0]
—_——— —_————

s qq |25dq ‘

3 Note: A homopolar stator component ¢, in the reference frame R (o x,q4,q) has no physical
existence in any way in an axial component H of the machine.
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meaning that everything will take place as though the magnetic field strength in the air-

gap was created by a two-phase winding with ng, = \/g ng coils, with the two-phase
balanced direct system with a current of 4, d flowing through it:

)] [2.11]

2.2.2.3. Voltage equations of real windings

In fact, a three-phase system is only a special case of the g-phase system. We
can show that any g-phase balanced winding system with p pole pairs and a g-phase
balanced system with an angular frequency current w running through it, creates a
progressive sinusoidal magnetic field in the air-gap, rotating at 2 = (%) Induction
machine squirrel-cages composed of n; bars may thus be considered as a system
of n; elementary coils distanced at (i—:), where the k-th coil corresponds to two
consecutive bars linked together by two sections of the end-ring, such as was defined in
Figure 2.2.

End-ring

AW

Toy

Bar k&

Figure 2.2. Equivalent electrical diagram of a squirrel cage rotor

Studying this type of rotor is, however, a special case, because rotor currents are
likely to physically flow from one bar to any other bar, on the short-circuit rings.

Moreover, the number of bars is not necessarily a whole multiple of the number of
pole pairs in the stator winding. A simple solution would consist of pointing out that
the currents induced in the rotor tend to cancel out the effect of stator current which
originally generated them (Lenz’s law): the rotor currents try to flow within the bars

— —
so as to create a rotor field B, going against the stator field B ;. Furthermore, the
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periodicity of the rotor field is imposed by the stator field, which is also p-periodical on
one rotation. In permanent regime, with the hypothesis of a sinusoidal distribution of
the field in the air-gap, the currents flowing in two consecutive rotor coils are dephased
from p( . ™) and make up a np-phase balanced direct current system. The generalized
Concordia transform 7ay,,:

cos(0) ... cos(pk2T) ... cos(p(ny — 1)
T — |2 [ (0) os(p ;i) os(p(ry )27?) 2121
ny sin(0) ... sin(pkF) ... sin(p(ne —1)37)

thus enables us to express the rotor mesh currents j,, defined by Figure 2.2 according
to the two-phase direct system ¢,. 2 A8 follows:

. . . T
= {],.1 o Jrg e T, T2nb [ [2.13]

ST liny,

The voltage equations for the balanced induction machine then become:

Usope = Rs sabelsape dt ¢Sabc
0 =R, n d ¢
vndra, T @, [2.14]
Pore — £Sabc Lsube +Msr( ) Iy,
abe ny
Lriiny, - Lrl "b + MT‘;( ) Sabe
with:
R, O 0 Ly M, M
Re,.=|0 R, 0| L., =|M, L, M, [2.15]
0 0 R, M, M, L,
_Q(Rb + Ta) —Ry 0 L. 0 —Ry
—Ry Q(Rb + ’I“g) —Ry 0 R 0
Revwy = |
: . . ) - 0
0 0 —Ry 2(Rp+ 7o) —Ry
L —Ry 0 ... 0 —Ry Q(Rb =+ 7“(7)_
i MTI,I MT1,2 st Mrl,nb
MT‘2,1 MT2,2 MT2,nb
Loy = | . , [2.16]
M, M. ... M,
" Tnp,1 np2 nb,ny

3
Msr(@) = \/; %Msr%2p(p@)7én,b = MET(P@) [217]
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where o is the rotor angular position, L is the self-inductance of a stator phase, M
is the mutual between two stator phases, R}, is the bar electrical resistance, 7, is the
resistance of an end-ring portion linking two consecutive bars, and My, is the maximum
mutual between a stator phase and a rotor coil.

Let us call R, the reluctance of the magnetic path followed by the main field lines,
and Ry the reluctance of the circuit taken by the leakage lines. We can therefore
express the stator winding inductances according to:

n? n?
Li=L, +Ls =-"+-"2 [2.18]
p f Rp ng
271\ n?
M,=M,,, =M, B =M, cos<>S [2.19]
(a.b) (a.0) (e:b) 3 )R,
where the coefficient cos (%ﬂ) of mutual inductance originates from the scalar product

— —
between the magnetic field B and the surface vector dS when calculating the winding
flux. We will see further on in this study the reason for expressing inductances through
reluctances in order to determine short-circuiting winding parameters.

2.2.2.4. Electrical parameters of equivalent two-phase windings

By applying the Concordia transform 753 to the three-phase stator magnitudes, and
T, to the n,-phase rotor magnitudes, this will lead us to equations for the two-phase
dummy electrical machine on the stator and rotor:

Hsdq - deqlsdq + dt?sdq
_ : d
Q - erqlrdq + Egb

—Tde [2.20]
¢ = ‘Csdqzsdq + Msrdq (6)@ .

b = Lapi, + Mun (-0l
with:
Rsay = T23Rs,,. T2 = ﬁf Jgj [2.21]
Rryy = Ton,Re., Tniy2 = [%’" Jgr] [2.22]
L, = To3Ls,, T2 = {Lgs Li] [2.23]

L. 0
Lryy = Ton, Ry, Tny2 = { . } [2.24]
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3
My, = \/; /%MSTP(p@) [2.25]
—_————
M.

Csr

3
L., =(Ls— M) = ins + Ly, [2.26]

The Concordia transform thus enables us to go from a descriptive modeling of
stator and rotor windings to an equivalent, two-phase dummy modeling, as presented
in Figure 2.3.

Figure 2.3. Representation of a pole pair in the equivalent two-phase dummy machine
on the stator and rotor

As the equivalent stator windings are in phase quadrature, their mutual inductance
is zero and the cyclic inductance L., corresponds to their self-inductance, with:

2 2
3 ns 2 ns
Le,==L, +Lj = =" +-—-% [2.27]
2P R,  3TRjs

However, with a hypothesis of sinusoidal distribution on the air-gap surface, we
notice that the magnetic circuit taken by the principal field lines of a real coil, and
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the circuit taken by the principal field lines of an equivalent dummy coil are identical
(Figure 2.4). We can deduce from this that the inductance (%Lps) also corresponds to
the principal inductance of the dummy two-phase stator winding with n,, = %ns

coils and a resistance of R;.

In the same way, L. corresponds to the self-inductance of the equivalent two-phase

rotor winding, and M., = \/g \/ %M s 18 the maximum mutual inductance between
the dummy stator and rotor two-phase windings.

Usa

Three-phase real winding Two-phase dummy winding

Figure 2.4. Magnetic circuit of a real three-phase or equivalent two-phase winding

2.2.3. Equivalent two-phase machine with no fault

2.2.3.1. Equations in a non-specific reference frame

The symbolic representation in Figure 2.3 involves electrical angles (for example,
the electrical angle pe referencing the rotor), and electrical pulsations; it can therefore
be applied to all machines, independent of the number of pole pairs. This is highly
useful for understanding their operation, because it can manipulate rotating vectors in
a plane which corresponds to a physical section of the machine, with the possibility of
projecting them for control requirements (or identification) in any physical frame of
reference (0,4, q,): the stator-fixed reference frame R o 4, q.), the rotating reference
frame linked to the rotor R(p 4, q,.), OF even the magnetic field reference frame

R(O’dc 1qe)*

In the relations system [2.20], all the stator magnitudes have an angular frequency

of wy, i.e. combined with vectors rotating at (1;) in relation to the stator reference
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frame. All the rotor magnitudes at an angular frequency of w, are combined with
vectors rotating at (=) in relation to the rotor. To eradicate any ambiguity, we will
henceforth specify the notation reference frame using an exponent. In any reference
frame R(O, d,, q. ), referenced by the electrical angle pe (Figure 2.3), we obtain:

o [2.28]

ygx) = P(y)u® for stator magnitudes
vy’ =P(py—pe) 0" for rotor magnitudes

hence the equations for the machine connecting the vectors to same angular frequency.
In other words, they all rotate at the same speed in relation to any notation reference

frame R4, ,q4.):
= R.i{") + pyP(5 )¢><“> gff’ [2.29]
Q=R§2+pw )(>¢;+ ¢5> [2.30]
?g = L i) + M, i) [2.31]
O = Le, i) + M., il) [2:32]

2.2.3.2. State space representation

For most industrial applications, the inertia of rotating components is high,
and the rotor speed is a slow varying magnitude compared to the other electrical
magnitudes of the machine. Electrical equations [2.29] to [2.32] enable us to obtain a
representation of the following linear state which depends on four electrical parameters

i MCST .
{Rs, Le,, T, o} and the ratio § = (T)

cp

0=[Rs L., T, o]F
(@) : @
_ *gdq _ (CD _ xT
T Y =14 U = Us
>_© iy ” ' [2.33]
= A(0)z+ B(9)
y=Cz
with:
R —0 . )
- (O‘L;S + 1O'TT) Py 50’LC15TT 6UPLCS
. R l1—0o © 1
— _ s 4 7) _6 p 67
A= ) i’j ) <ULCS o> oL, aLCST'T [2.34]
DR 0 -7 p(1-6)
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T
0 1 0 0 O

= O'ch =

B= 0 S C [O 10 O] [2.35]
0 0

In fact, the system > _(#) is independent of 4. It is enough to bring about the change
in state variable:

=Kz with K=

1832

[2.36]

o O o
o o= O
S o O O
SO OO

in order to see that the system’s transmittance has vector ggﬁz
vector ggiz for the output is actually independent of the ratio §. This explains, from a
theoretical point of view, the indetermination of the rotor’s physical “realization”. In
fact, let us note R, as the reluctance of the principal magnetic circuit, Rfs,, = 2R s
and Ry, the reluctances combined with the stator and rotor leakage inductances of
the equivalent two-phase windings. We can therefore express the different inductances
depending on the characteristics (dimensions, permeability) or the machine’s magnetic
circuit [SCH 99]:

as an input, and the current

"Edq (Rp +Rfsdq )

L =
s Ry Risg,
L Rt R, [2.37]
Cr Rp Rf'r'dq
Mgy Ty
MCST = 47‘1%7 q

By noting p, as the resistance of a rotor coil, we will finally obtain expressions for
. . Ny .. .
o and T, which only depend on the ratio p—dq and the characteristics of the magnetic
circuit:

o =1-— ( Rfsdqurdq )

Rp+tRre, JRp+Rpr
( Faag)( Frag) [2.38]
T, = (”d) (Rp+Ryr)

r Pr RPRdeq

The parameters R and L., are clearly independent of the number of rotor coils.
As the characteristics of the magnetic circuit and stator windings do not vary, the
machine’s input/output behavior is therefore independent of the number of rotor coils,
provided that the ratio (m) remains constant. To improve the rotor’s solidity, machine
designers have reduced the number of coils to the maximum limit by increasing their
section: this is the squirrel-cage rotor. For modeling problems, choosing a value for

this ratio (%) amounts to arbitrarily fixing a number of dummy coils (as well as
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their resistance) for both rotor phases in the equivalent two-phase machine. The most
natural is to choose the ratio as being equal to the unit, such that:
M Nsay  Rp +Riry,

Cor — 4. . =1 2.39
L., Ny, Rfra, L I

2.2.4. Consideration of a stator winding fault

2.2.4.1. Direct short-circuit or resistive contact

The topology of the different short-circuits which may occur is varied, with chain
reaction consequences which may be more or less destructive. As this was already
dealt with in the introduction to this chapter, here we will focus more on the inter-coil
contact in the same slot. This is a fault that can be compensated for by closed-loop
control, whereas the current flowing in the respective coils may be very high.

In cases of direct contact between conductors, the short-circuit current amplitude is
somewhat independent of the number of coils involved in the fault. A simple reasoning
will allow us to show this: let us imagine a permanent sinusoidal regime, with a

sufficiently low number of short-circuiting coils in a stator phase, so as not to modify

. — — — . R .
the total rotating field By = B ; + B, too much. By calling p; = == the resistance

Ns
of a stator coil, n.. the number of short-circuited coils, and ¢,,, the peak amplitude
—

of the flux cut by a stator coil when there is a rotating field B, the expression of the
short-circuit current .. is given by:

d
0= (psncc)icc(t) + %(bcc(t) [240]
with ¢@ee(t) = (Necdm ) cos(wst), and therefore:
Tee(t) ~ (q;;:) w; sin(wst) = (%) sin(wst) [2.41]

Equation [2.41] shows that when there is a control maintaining a constant level
of magnetization ¢,,, the current flowing through a few of the short-circuited stator
coils is directly proportional to the stator angular frequency, and remains virtually
independent of the number of short-circuiting coils. In addition, if we neglect the
resistance voltage drop, then the product (ns®,,ws) corresponds to the amplitude of
the stator phase voltage. For the experimental induction machine LS90 at 1.5 kW, the
numerical application gives a short-circuit current amplitude of around 77 amperes
at the nominal angular frequency, meaning,10 times more than the nominal current!
Experiments can confirm this result: Figure 2.5 shows an experimental trial performed
with a control on 120 in an open loop. The stator angular frequency is limited to 120
rad/s so as not to destroy the machine. We verify the proportionality between |i..|
and w;.
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T
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ws (rad/s)
= = = wm = p dQ/dt (rad/s)
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Time (s)
Figure 2.5. Evolution of current i.. in relation to speed
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Figure 2.6. Amplitude evolution in current i.. in relation to the number of short-circuiting coils

Figure 2.6 shows the evolution of the fault current amplitude ¢ in relation to 7.,
for the angular frequency ws = 120 rad/s. For low values of n.., we observe a slight
difference between the experiment current and the synthetic current obtained using a
multi-coil simulation model of a machine with a fault [SCH 99]. This is due to the
resistance in the experimental connection performing a stator short-circuit.

However, when there is an inter-coil resistive contact, the expression for the fault
current flowing in the n.. coils becomes:

PmNsWs
R, + ( R, )ns

Nece

Tee(t) ~ sin(wst) [2.42]

where R, is the resistance of the inter-coil contact. The amplitude of the current flowing

in the short-circuiting coils now depends on the ratio ( fc ). This current is the source

of a stationary field ﬁcc whose amplitude is given by equations [2.1] and [2.42]:

nCC

R
Rs + FRLE

N
|Hcc‘ ~ kbs d)mwsns [243]

We notice that there are a multitude of combinations (R, n..) which correspond to
the same amplitude for the induced stationary field, and therefore also to the same
changes in the machine’s input/output behavior. To fix such ideas, the numerical
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application shows that with the LS90 machine used for experimental trials, a direct
short-circuit of 4 coils produces the same stationary magnetic field as 19 “short-
circuited” coils through a contact resistance of 1 €2, or even 55 coils for R, = 10 (2.

2.2.4.2. Fault symmetrization

The previous argument assumes an even distribution of the short-circuiting coils
in all the phase slots, which is clearly not realistic. In reality, the coils brought into
contact with each other are often physically located in two slots, coming back and forth
between a single pole pair in any phase. Figure 2.7a shows an example of a short-circuit
in two returning slots in the phase b of a machine with 2 pole pairs.

[N Y Axis of symmetry of
phase a//

a) Back and forth slots of a short circuit b) Set of slots of phase a

Figure 2.7. Symmetrization of real fault (a) through dummy coils distributed in all slots
of the faulty phase (b)

These coils are the cause of a stationary field which is not p-periodic over one
turn of the air-gap. Nonetheless, we can show [SCH 99] that n.. short-circuiting coils
located in a single pole pair will induce nearly the same electromotive forces in the
different stator phases as (%‘p) short-circuiting coils uniformly distributed in the m
coils of p pole pairs in the machine, as is shown in Figure 2.7b.

The advantage of this fault symmetrization is to be able to continue exploiting the
vector representation of different magnitudes (current, voltage, and flux), as well as
the symbolic representation of the machine which is equivalent to a pole pair, such as
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ds
A

M

Csr

Figure 2.8. Symbolic representation of the machine with stator short-circuit

is shown in Figure 2.8. The electrical angle pry.. references the axis of symmetry for
the symmetrized coil Be,.

This working hypothesis may seem debatable, but it also enables us to remain within
the framework for studying the machine in terms of first harmonics. It is nonetheless
justified more when the fault is related to a low number of coils, in agreement with
the realistic and industrially relevant objectives for diagnosing a drive with variable
speeds.

2.3. Model of the machine with a stator insulation fault
2.3.1. Electrical equations of the machine with a stator short-circuit

2.3.1.1. Electrical parameters of short-circuit winding

In the following section, we will consider the uniform distribution of short-
circuiting coils in the phase slots concerned, and we will ignore the reduced number
of coils for the faulty phase. The expressions of inductance for the equivalent faulty
dummy machine are those given by the equations in relation [2.37]:



Modeling Induction Machine Winding Faults for Diagnosis 41

2 2

L. =L.— M, =5L + L Doag 4 2 sy [2.44]
cs — Lvs — Mg = T Lipg fs — 5 .
27 Ry,  3TRjs
Ng, Ny
M., = 7“173 da [2.45]
P

where n, and n,,, correspond to the number of coils in the equivalent dummy two-
phase windings.

Using the same reasoning which allowed us to obtain equations [2.18], [2.19], and
[2.27], we can obtain the expression of the inductances for the new short-circuiting
winding:

2 (3 3
Lee =n2Ls =125 (L, + =L 2.46
ncc 7]0(:3 (2 DPs + 2 fs) [ ]
(Neens)Ns,, 2
Ms(d,cc) =—F% cos(PYee) = Nee chs cos(PYee) [2.47]
p

2 .
Mg ey = Tec\[ 5 Le. sin(PYec) [2.48]
ST(d ce) \/>Mcbr CO8 p'ch p9) [2.49]

Mriy oy =1 \[ cor. SIN(DYee — PO) [2.50]

Nece
Nne *

where 7., =

2.3.1.2. Vector relations in the stator reference frame

By observing that L., ~ nCC 3Lc5 relations [2.46] to [2.50] allow us to write the
scalar relations for voltage and flux for the short-circuiting winding:

d
0 = NeeRslce 7 Pec 2.51
Neclsice + = ¢ [2.51]
22 2 . -
Pee = ncchchc + Nee chS [cos(pYee)  sin(pyee)]is)

2
+ n\/gM [cos(pPYec)  sin(pyec)]P(pe)il” <T> [2.52]

As a current flowing in a winding is the source of a stationary field, it is indeed
interesting to combine the scalar quantities ¢.. and ¢.. with the stationary vectors z( )

) are given by:

and ¢ (s) whose expressions in the stator reference frame R o 4_ .
—CCdq ( yAsqs
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(5) _ cos(PYee) | . (s) _ cos(PYee)
Lecag Lin(p%c) lec  and Qcclz sm(p'y c) Pee [2.53]

Relations [2.51] and [2.52] then become vector relations between stationary vectors
in relation to the stator reference frame:

NeeRsilS) + LO) [2.54]

8%ccdq dt—ccdq

2
(b((:c)d = \/;ncc Q (pr)/cc)

7T 2 (S
Lpszgi) + MCSTP(P@)ZS-dl + NeeLe, \/;zﬁczq]

[2.55]
where the matrix Q is defined by:
0lpc) = o) eostmec) sinloc ) (2561

and the electrical vector equations for the two-phase dummy machine with a short-
circuit finally become:

uly) = Rl + dt¢§; [2.57]
0= Rif?) — pOP(5 200 + t%z) [2.58]
0= ecRsilS) + — o' 2.59
p4 Tlee élccdq dtQCqu [ . ]

2
922 =1L, g ) 1 Mcé,,id) + Ne. \/>LCSZ£C()1q [2.60]
?ﬁd)q = M., i) + Le,is) +ncc\[ M., i) [2.61]

2 - S M97 T 2 S
680, = St Qe |12+ Y= Pty 310, | 2
[

i)

2.3.1.3. Interpretation of the fault matrix Q(pec)

Through observing that the matrix Q can also be written as:

Q(pVee) = P(—DYee) E} 8} P(pee) [2.63]



Modeling Induction Machine Winding Faults for Diagnosis 43

we note that the stationary vector v’ = Q(p’ycc)yfi? simply corresponds to the

dq
projection of the rotating vector QEJZ) on the axis of symmetry (0, d,.) of the short-

circuiting coil B... Equations [2.59] and [2.62] finally correspond to the classic
equations for the secondary winding of a transformer. Only the matrix Q(p7y..) reminds
us that the coupling between the primary and secondary winding is achieved here
through the use of a rotating field.

2.3.2. State model in any reference frame

2.3.2.1. Simplification of electrical equations

= 1 as proposed in relation [2.39], then

M.
If we choose n,,, such as (=)
cr

o= (1- AiL) and equation [2.62] become:

Cs

?ii) =oLe, (Z(d) ﬂ'ﬁilq) +(1-0)L,

2
vt o3| o

As this is traditionally carried out for studying transformers or induction machines,
we will realize variable changes:

36— [3 46

Py =\ 3%ca, [2.65]
~(s) o 2 ()

lccdq - _nCC\/;chdq [266]

meaning that we can introduce the flux and magnetizing current g‘ﬁg;q:
(s (s (s ~(s) (s
o0 = oL, (i) = i), ) + (1 = o)L, (i) e, +i) [2.67]
=~ leakage flux i(s)
gy,

~ magnetizing flux
In order to simplify the equations, we realize classic variable changes:

Ly=oL., [2.68]
Lyn,=(01-0)L, [2.69]
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The voltage equations brought back to the primary are written in the stator reference

frame R (0,4, q.)
ul’) = Rl + L f%zgg + %g{z [2.70]
L, =2 I (ree) 0 2.71)
L6 = Ryify) —poP(5)o 2.72]

These equations correspond to the electrical diagram in Figure 2.9 which only
differs from the electrical diagram of the equivalent two-phase machine (Park model)
by the introduction of an extra dipole which dissipates the energy via the Joule effect
in the short-circuiting coils with a stationary current flowing through it.

i(s) L (s ~(s) (s
b s LGS B 1)
~( S O

Wq l.gzlq 6 7y 4 (s)
4 4(s) PP,
atPry,

ul) s Vee L.

R,

Figure 2.9. Electrical diagram of the dummy fault machine

2.3.2.2. Final state space representation

The previous vector equations can only be written simply in the stator reference
frame R (0,4, q4,) due to the matrix Q(py..). But the model notation in the reference
frame of the rotating field or rotor greatly improves the estimation of the model
parameters. Noting that the drop of resistive voltage |Rsz§3?1 | remains low before | gﬁf}q |
for a wide operating range, we can obtain the new electrical diagram in Figure 2.10,
where the expression of short-circuit current becomes:

z(’f) _ 2Mee
2ccdaq 3R5

where ~ is the angle marking any reference notation R (0,4, ,q.)-

P(=p7)Qpree)P(py)ull) [2.73]

We finally obtain a state space representation parameterized by the six classic
parameters { R, Ly, Ly, R.}or{Rs, L., T, o}, for the ratio .. = 7<= and the
angle marking the symmetrical axis of the faulty coil 7..:
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45
Q = [Rs Lm Lf Tr Tee 'Vcc]
(@) @ @)
GRS oA I 2.74]
t=Az+ Bu
y=Cx+ 2

2+ 2 P(—p7) Q(prvee) P (p)ull)

We notice that the fault is similar to a simple error on the current measurement
in Park’s classic model. From a physical point of view, this current corresponds to
the short-circuit current brought back to the primary. Its amplitude is different from

the amplitude of current i.. in equations [2.41] and [2.42] by the transform ratio
\/g fee = ee of an e

M gq

quivalent dummy transformer with ng,, coils in the primary
and n.. coils in the secondary.

The point of this representation is to be able to express ourselves in an extremely
simple manner in any reference frame, particularly in the rotor reference frame.

yP(Z)p™)
A W N TR /”{ i)
\ 0 0
g\ 1. .
Usaq | “cCda) p(#—W’(%)Qﬁf)
1 “a
1
Nee, Yee| Ly,
1
1
\ fr
1
1
\ NN J
\ Y
Fault model

Park’s classic model
Figure 2.10. Electrical diagram of the dummy faulty machine

2.3.2.3. Considering iron losses

The consideration of iron losses in the equivalent electrical diagram for a
transformer or an induction machine is traditionally achieved by introducing a dipole
in a parallel circuit with the magnetizing inductance, whose expression of dissipated
power can be approached by kpyst. |ws| + K rouc. wf [ROB 99]. We can therefore easily

understand that during the parameter estimation phase, the optimization algorithm tends
to attribute the fault dipole Q (7., V) (Figure 2.10) to the iron losses. Integrating the

iron losses in the diagnostic model thus greatly improves the quality of the diagnosis,
particularly for a very low number of short-circuiting coils [SCH 99].
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2.3.2.4. Regarding the location of short-circuiting coils in the stator slots

The angular position 7., of the back and forth slots in the fault can only be a
finite known number with the values k(i—”), where n. is the number of stator slots.
To reduce the number of parameters further, we can perform a spatial sweep by only
estimating the five parameters R (Yec), L (Vee)s Lim (Yee)s Br (Yee)s Mee(Yee)- Table 2.1
and Figure 2.11 show this process by representing the estimation evolutions for different
values of py.. € [0, 27]. The results are obtained using experiment recordings with an
[SCH 99] machine powered at 1, 5 kW and controlled by a generic vector control and an
excitation protocol, ensuring good convergence of optimization algorithms [SCH 99].
In Figure 2.11, each curve corresponds to a fault with n.. coils carried out in the phase
(¢) for nee € [8(Nee = 2,9%),16(nce = 5,6%),22(nece = 8%),46(nec = 16,7%)]
and in the phase a for n.. = 4(n.. = 1,45%).

On the one hand, we can verify that the estimated values of the four Park model
parameters are actually independent of py (Table 2.1), and on the other hand, that the
estimation of 7). (py..) shows a maximum value in the angular direction corresponding
to the axis of symmetry of the short-circuiting coils.

0.10 ‘ ‘
16.7% Fault in phase ¢
(PYee = -2M/3 £ 1)

Fault in phase a :

0.08 (PYec =0£m)
0.06

0.04

Parameter M

0.02

-0.02 l T
0 i 4 7/3 27
Electrical angle pY

Figure 2.11. Evolution in the estimation of ne. according to the angle for research py
on the stationary field
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Pyec  |Ry L, T, o Tee

0 4.20+£0.29 |0.329 £ 0.013 |0.178 £0.022 |0.205 £ 0.037 [0.010 £ 0.020
% 4.20£0.28 |0.330 £0.011 ]0.169 £ 0.022 [0.199 + 0.041 |0.034 + 0.023
2% 4.28 £0.30 |0.329 £ 0.008 ]0.149 £ 0.019 [0.166 + 0.044 |0.070 4 0.022
3% 4.33 £0.25 |0.328 £0.006 |0.125+0.009 [0.108 +0.014 |0.118 4+ 0.008
4% 4.23 +£0.13 |0.330 = 0.007 |0.122 +0.006 |0.097 £0.006 [0.138 £ 0.004
5% 4.22+0.17 |0.330 & 0.007 |0.126 +0.007 |0.111 £0.007 [0.126 £ 0.012
6% 4.18 +0.22 |0.331 £ 0.009 |0.143 £0.015 |0.154 £0.021 |0.088 £ 0.023
7% 4.144£0.22 |0.332 £0.010 ]0.162+£0.019 [0.190 + 0.025 |0.052 4+ 0.024
8% 4.154+0.24 |0.331 £0.011 ]0.173 £0.020 [0.206 + 0.034 |0.025 4 0.020
9% 4.20 +0.26 |0.330 £ 0.013 |0.179 +0.022 |0.207 £0.041 |0.005 £ 0.014
10% 4.24 +£0.28 |0.327 £0.014 [0.181 +£0.024 |0.203 +0.042 |—0.007 £0.010
11% 4.23 +0.30 |0.327 £ 0.014 |0.180 +£0.023 |0.203 £0.037 |—0.005 + 0.015

Table 2.1. Evolution of the means and standard deviations (10 tries)

according to py for a fault of ne. = 46 coils

47

Butabove all, this figure highlights that if the winding in each pole pair is distributed

in a very low number of slots, or more generally, if the winding is concentric, then it is
not useful to sweep py.. because we can be satisfied with the three values of {O, %” , 47’7

which correspond to the angular directions of the axes of symmetry for the three stator
windings.

We also note that the curve obtained for a healthy machine is not flat. This
phenomenon, observed for several machines, can probably be explained by a fault
caused by axial symmetry (the rotor axis of symmetry is shifted in relation to the stator
axis of symmetry in the angular direction corresponding to the curve’s maximum value).
It shows the advantage in each case of performing an initial sweep in order to be able
to carry out a diagnosis based on the analysis of the corrected ratio ncc (Yee) — 1% (Vec )
where 72.(7..) corresponds to the estimated valued of 7). (.. ) for the healthy machine.
In fact, the curves clearly show that for a very low number of short-circuiting coils,
not considering 12.(7.c) can be extremely detrimental!

2.3.3. Extension of the three-phase stator model
We have just seen that a spatial sweep will allow us to dispense with estimating

PYee and therefore to a priori simplify the cost of calculating the optimization phase.
But this is, however, at the cost of repeating the sequence of operations for the 3 (or
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more) possible values of py... For some industrial applications4, it may be interesting
to use a diagnostic model which could simultaneously consider one fault in the three
stator phases [BAC 06].

To do so, it is simply enough to define three short-circuit windings B., , B, and
B, respectively, with aratio of 7)c¢, , 1)ce, and 7., , in the angular directions 0, 27” and
47”. This is a matter of putting three 4-port networks, or quadripoles, in parallel Q) ., ,
which explains the potential stationary field in each of the three angular directions

(Figure 2.12). Each quadripole has a current L(;Z)wk passing through it, given by:

=Sdq

et p(—pe) Q(pyee,) P(pe) ul?) [2.75]

() wP(Z)p(r)
lg 2'=s4q Z.(,,,)

Loy Rs  Pda Ly m Lrgy
00
o T T _/

7 7 7
—Ccdql —Cqu2 —Cqua

W | e || e e L. §R,.

Figure 2.12. Electrical model of the machine with faults in the three stator phases (in the rotor
reference frame)

2.3.4. Model validation

There are many methods of validating a diagnostic model. The first criterion to be
verified is its ability to correctly simulate (i.e. explain) the fault which is to be monitored.
For example, we can compare experimental currents with the currents simulated by the
model for the same input (section 2.5.2), or at least in the same operating conditions.
Thus, we propose to compare the spectrum of experimental and synthetic line currents
for a machine powered by the network. The second criterion concerns the model’s
capacity to show a fault through the evolution of the parameters in its differential
mode.

4 In particular, those requiring the earliest possible fault detection.
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2.3.4.1. Spectral analysis

The simulation of a drive requires that we take into account the electrical-
mechanical equation of the machine:

J@ =Com — [ 2—C, [2.76]
dt
where 2 = 6 = % is the speed of the driving shaft, J is the moment of inertia, C,, is
the electromagnetic torque, C'. is the set of resistive torques, and f;, is the coefficient of
viscous friction. The electromagnetic torque can be written in the two-phase reference
frame connected to the rotor [GRE 97]:

Cem = p (isq ¢7‘d - Z'sd d)rq) [2.77]

By putting [2.77] into [2.76], we obtain the electromagnetic differential equation
for the angular frequency w:

dw p* : f p
E = 7 (qu d)'rd — sy ¢’r'q) - 71} W — j Cr [278]
Then, by adding the dynamics of the rotor fluxes (,zS and the stator currents 7, , o

the electromagnetic dynamics (w, ©), the drive may also be described by the nonhnear
state system:

z=f(z)+G u
> ) @) [2.79]
y=h(z)+H(z) u
with
T = [z;d i’sq bry Or, wol,  w=lus, us, Cp]" et y =iz, is, w]|"
— g, fwin, + Lsz Prat £ O A 0 0
—wil, — e /Sq — £ b+ T br o -+~ o
Ryil, — R' ¢a g 0 0 o
) = Sd Loy, T s =
fa) Reil, — 1= ¢q, 0 0 0
2 v fo _P
2 (ih, Prg — Zjd bry) — Fw 8 8 J
/
1 3
W)= | i H(x) = | 37 2=t e P (=00) QPec,) P(pe) - 0
ey Sq 2 ey O O
o 0 0

In simulations, the previous state system for a three-phase sinusoidal input current
u, must be solved. The solution is obtained by using the Runge-Kutta fourth order
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method with a sampling period of 0.5 ms. In experimentation, we can draw the power
spectral density of the line currents for an induction machine of 1.1 kW, 4 poles (464
coils per phase), powered by the network, and with a short-circuit of 58 coils in phases
a and b.

Figure 2.13 compares the power spectral densities obtained for the same fault in
the same power supply conditions. The spectral analysis of the currents in Figure 2.13
reveals new components with frequencies of k f5, which conform to our expectations
[FIL 94, SCH 99].

(dB) Simulation results
100 : :

Power spectral density of
simulated current i,

-100

-300

—400 . . . .
0 100 200 300 400 500
Frequency (Hz)
(dB) Experiment results
100 ! .
Power spectral density of
real current i,
S0t ,
ok |
-50
-100F
150 . . . .
0 100 200 300 400 500

Frequency (Hz)

Figure 2.13. Power spectral density of line currents during a short-circuit on phases a and b
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Figure 2.14. Evolution of the model’s parameters according to the number
of short-circuiting coils (mean and standard deviation)

2.3.4.2. Evolution of fault parameter .

We can also verify the model’s ability of finding the true value of the number of
short-circuiting coils. Figure 2.14 shows the evolution (mean and standard deviation)
of the parameter estimations of the diagnostic model (Rs, L._, T, o and n) in relation
to the number of short-circuiting coils for y = 7... On the one hand, we can verify the
relative independence of the 4 classic parameters of Park’s model, and the high level

of correspondence between the estimated value of 1) and its theoretical value =, even

for a high number of short-circuiting coilsS.

2.4. Generalization of the approach to the coupled modeling of stator and
rotor faults

In the previous section, we modeled a short-circuit stator fault through a new short-
circuited winding with n.. inter turns at the origin of a stationary magnetic field in
according to the stator, with an angular frequency w,. The main simplified hypothesis
consisted of ignoring the reduced number of corresponding inter turns in the faulty
phase, as well as the effect of the homopolar component stator in the line current
calculations. The idea is to extend this approach to a rotor fault study. This may be a
bar break, or more generally, a rotor imbalance related to the progressively increased
size of a crack during frequent temperature changes.

5 These results were obtained with a variation of model [2.74] which integrates the iron losses
[SCH 99], for a series of 10 recordings.
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The increased strength of a bar k limits the flow of the induced current 4,, defined
by Figure 2.2, and it locally deforms the magnetic rotor field §T. However, we
can consider the unbalanced system j Ling of n; the rotor winding currents as the
superposition of a balanced system with currents 1’ e and a system of currents j 0
flowing in the opposite direction in the faulty meshes. This means that evei})/thing takes

place as though the rotor field was the result of the superposition of field H, produced
by a healthy rotor, and of the field ﬁo, which is stationary in relation to the rotor,
produced by a dummy short-circuiting winding By whose axis of symmetry coincides
with the axis of symmetry of field ﬁo (Figure 2.15).

Of course, this is pure abstraction which nevertheless stems from a rather classic
approach based on electromagnetism. In addition, with the angular frequency of the
rotor currents being w, = (ws — pé), then the stationary field ﬁo oscillates at a
frequency of w, according to the rotor. Moreover, if we want the dynamic of the
fault currents j to be identical to the dynamic of the currents l” Ling? then a simple
solution would consist of considering (by analogy with the previous approach) that
the inter turns in the dummy winding By have the same electrical characteristics
(resistance and inductance) as those characteristics in the two equivalent dummy rotor
phases.

Figure 2.15. Symbolic diagram of the machine with rotor imbalance
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2.4.1. Electrical equations in the presence of rotor imbalance

Let us now consider our rotor as the superposition of a balanced two-phase system
and an additional short-circuiting winding with ng = non,,, inter turns, where 79
characterizes the importance of the fault, and where n,. ” is the number of inter turns in
the equivalent dummy rotor phases. The equations of voltage and flux can be written
in the rotor reference frame:

deo

0=mnoR,ip+ W [2.80]

b0 = 10> Le, io + 10 M., [cos(Yo) sin(vo)] gg’;)q
+ Le, [cos(y0) sin(y0)]il7) [2.81]

where the angle vy denotes the axis of symmetry of the stationary field ﬁo in relation
to axis (O, d,.) (Figure 2.15).

In addition, we recall here that it is indeed possible to choose the dummy number of
inter turns n,.,, from the equivalent rotor winding suchas M., = L., = (1—0)L., =
L,,. By combining the scalar quantities 7o and ¢ to the stationary vectors:

1821 - [ cos0) } io ¢ = [ cos(('yo) ] bo

sin(7p) £04q sin(7o)

and combining relations [2.80] and [2.81] to the classic rotor equations in the induction
machine, we can finally obtain the system of equations for the machine in the presence
of rotor imbalance:

d 0
(r — (r) 2 () ERWACY!
ug,) = Rsig) + dtQqu +w P( 5 ) Qqu [2.82]
0 = Lyi(]) + L (i), +4(7) + moif]) [2.83]
o, 4
o) = L (i85, +40) + o) 2851
_ @ 4w
0 — 770 R’l‘ lodq + dtéodq [2.86]
97 =10 Lin Qy0) (657 +45), + o if)) [287)
with:
) .
Qo) = cos(7o) cos(vo) st('yo) [2.88]

cos(7) sin(vo) sin(7o)
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2.4.1.1. Equivalent electrical diagram

In the rest of the chapter, all the vectors will be written in the rotor reference frame.

The change in the variable L(Jz)q = —no i(()z)q allows us to rewrite [2.83] and [2.86] in
the following way:
B = L (i€, +il7) — ) [2.89]
~(r) Mo d , . d -
Y., = R (’YO)%QL?} = Z, 1&?&1 [2.90]

These correspond to the electrical diagram in Figure 2.16. We notice that the coil
By which represents the fault is brought back to a simple resistive dipole Z; which is
put in a parallel circuit with the magnetizing inductance and the rotor resistance.

i(r) i(r)

—=Sdq =Tdq

5 5

Mg lOdq

%@2 Lm§ Zo|M0,70 R,n%

Figure 2.16. Modeling rotor imbalance

To simplify the formulation of state system equations further, it would be well-
advised to total the impedances of the rotor R, and the fault Z; in the equivalent
impedance matrix Z., by putting them in a parallel circuit [BAC 06]:

1

-1 _ p-1 -1 _
Z, =R, + 2, ~ R

(Za, + 025 ") [2.91]

where the matrix Zg, is the identity matrix of dimension 2.

By remembering that Q(vo) = P(—70) [(1) 8} P(v0), we can easily obtain the

expression for the impedance matrix Z.4:

7o
Zeg = R, I, —— R, 2.92
q d + T+ Q(7) [2.92]

Zef
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Figure 2.17 shows the dynamic equivalent diagram, illustrated in the rotor’s
reference frame, of the induction machine with a rotor fault. When the machine is
healthy (therefore 1y = 0), we find again Park’s classic model. For a non-zero value
of 1, the fault matrix Zg.; introduces an imbalance as well as coupling terms on the
rotor’s two axes d and q.

() R, L L =)
i) R f m@gdZJrzodq)

(r) Lo

Usy,

Zdef

Figure 2.17. Model of machine with rotor fault

2.4.1.2. Validation in stationary regime

The numerical integration of the model is performed in the same conditions as
those described in section 2.3.4.1. The rotor used is a squirrel-cage rotor with two
broken bars [BAC 06]. Figures 2.18 and 2.19 show that in experiments, as well as in
simulations, we find harmonic components with (1 &+ 2k g) f, signatures of a rotor
fault [INN 94].

2.4.2. Generalized model of the machine with stator and rotor faults

We previously saw how a winding fault results in the appearance of a stationary
field (in relation to the winding involved), with the main consequences being abnormal
over-heating in the concerned zone through the Joule effect, and the appearance of
new spectral components in the machine’s signals (currents, voltages, torque, etc.).
Whether it is a design problem on the rotor (impurity or static eccentricity), or a failing
weld joint between a bar and its short-circuit end-ring, or even advanced degradation
in the stator insulation, any imbalance leads to accelerated aging in the machine’s
components through a chain effect. It might be interesting to perform a simultaneous
diagnosis of imbalances on the stator and rotor.

As these have different signatures, we can combine the two models obtained
previously. In the following, we will propose to study the global model of stator/rotor
faults (Figure 2.20) which involves modeling the healthy machine (Park’s model), and
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Figure 2.18. Spectral analysis of line currents for bar breakage: simulation
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Figure 2.19. Spectral analysis of line currents for bar breakage: experiment

modeling the contact between stator inter turns in the same phase and an imbalance in
the rotor resistances through the fault matrices Qy, and Zg..

To simplify the notation, we will no longer indicate the reference frame (specified
by the exponent).
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Figure 2.20. Model of stator and rotor faults

The fourth-order state space representation of the induction machine with a winding
fault (where the measured speed w is a pseudo-input) relating to the electrical diagram
2.20 is in the following form:

Q = [Rs Lm Lf Rr Neey Mees Mees 70 ’YO}T

xz = Lo, =1 u=1u

SO T |8, | LT e BT B 2.93]
t=Azxz+ Bu
y=Cz+Du

with:

Ao {(Rs + Zeg) Lr—wP(Z) (Zeg Lt —wP(Z)) E;l}

Zeg ~Zeq L
L 0 0 0 1000
— | Lr =
B—OEOO]’O_[()lOO]
f
590
D=3 = %% P(—po) Qpree,) Plve)
k=1 s
Zoy =Ry [Ty, — —22 Q(v)
q 2 147

2.5. Methodology for monitoring the induction machine

The diagnosis strategy consists of monitoring the parameters of the differential
mode (fault parameters). Of course, monitoring parameters must also take into account
normal and predictable variations in the parameters of the common mode which are
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exclusively due to the operating conditions (temperature, the machine’s magnetic state,
etc.).

2.5.1. Parameter estimation for induction machine diagnosis

The theoretical concepts of identification using output error are widely discussed in
literature [LJU 99, RIC 98, TRI 01]. Also in this section, we will endeavor to present
its application in the special case of diagnosing induction machines.

2.5.1.1. Parameter identification using output error method

The generally implemented method, commonly known as the model method,
applied to estimating the parameters of the induction machine can be symbolized by
Figure 2.21. In this case, the approach used is a “direct approach” which processes data
gathered in a closed loop in the same way as for an open loop. With the presence of
feedback on a speed of w, and currents®, ;’qu is therefore not taken into account and is
not supposed to alter the parameter identification. In fact, with this feedback, we used
a voltage input Uy, in an identification mechanism which is correlated with the output
disturbance b (and also that for the speed measurement): the estimation is, therefore,
asymptotically biased [BAZ 08, LJU 99]. In our case, we circumvent this difference by
paying particular attention to the measurement in order to make the signal-to-noise ratio
the highest possible. However, there are algorithms for identification through output
error intended for the closed loop, and they will be demonstrated in the following
chapter. They allow a perfect rejection of the bias, but at the cost of a more complex
implementation.

Let us consider the monitoring model which describes the superposition of the
common mode M, (6,,) characterized by the vector parameters 0,,, of the differential
stator AM..(0,.) and rotor AMy.(6,.) mode. In this model, M, (6,,) summarizes
the expertise of the machine user, in other words, his/her knowledge on the electrical
parameters §,, = [ Rs R, L, Ly¢ |’ and their variance Var{0,}, as well as
noise affecting the output, i.e. their variance o7. This nominal model is only sensitive
to predictable parametric variations. This is the contrary to the error models A M...(6...)
and A My, (0,..) which constitute a true fault signature, both in terms of their structure

as well as their parameters 0., = [ Nee, Necs Mees |- and 0, = [ n0 70 ]7.
Within the framework of diagnosing simultaneous stator/rotor faults in the machine,
we therefore define the vector of the extended parameters § = [ 82 67, 6 |7 to
be estimated as:
T
0= [Rs R, L, Lj Neey Meca Tees  Tlo ')/0] [2.94]

6 On the speed varying devices, current looping operates by internal regulation loops.



Modeling Induction Machine Winding Faults for Diagnosis 59

Network/power
| b
Speed ; i 2 i
instruction Y o Tsig  + Lo
e e —:‘:‘—PO : >
Speed
e v i
dri need model
" ssensar 1™ oo
I 1
T Ll
4 :: Neamingl el v : o Y Esdq' J
| | M, @,) | -@ e ena Criterion
1 L]
Bar breaks

\ PNL <

algorithm

Figure 2.21. Principle of the output error method applied to the induction machine

The strategy of induction machine diagnosis consists of carrying out many
estimations of vector . The mean of the parametric estimations 7., indicates the
number of inter turns short-circuiting on each of the three phases. The parameter 7),
enables us to evaluate the magnitude of a potential rotor fault.

We define the estimation error vector (identification residual written € i between
ok . ~ .
the measured Loy, and simulated Ly, currents) by:

€5y =1ls —1ls,
koo S 0k [2.95]
Esq = b5, — s

qu k

The optimum value of 8 is obtained by minimizing the multivariable quadratic
criterion according to:

K K
2 2
J=Ye2 4> e [2.96]
k=1 k=1

where ¢} 0 and izqk are sampled measurements at period T, (with ¢t = kT, k varying
from 1to K points). The estimated currents %Sdk and isqk represent the model simulation

based on an estimation of the parameter vector 6.

As the output Ly, is not linear in parameters 0, minimizing this criterion
can be achieved by a nonlinear programming method [RIC 98]. The optimum
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value of the parameter vector written ¢, is obtained by an iterative optimization
algorithm. Marquardt’s algorithm [MAR 63] offers a good compromise between
robustness and convergence speed. The parameters to be estimated are updated in the
following way:

O =0, = {[Joo + 217" T} gp 2.97]

= = 7

Optimization management is achieved by calculating the gradient and the Hessian
by using an output sensitivity function:

K K
! . 3 .
-Jp=-2 kzl Esuy Ty 0, — 2 kzl Esar Tagpd,: gradient;

K K
1~ T T . . . .
~Jgg =23 aq,0, Og,.0, T2 > Tao, 04,0, - Hessian approximation;
k=1 k=1
— A > 0 : monitoring parameters;

— 90k . EFE ; I
-3aq, 8, = 08, output sensitivity functions X

— 90k . . . .
—Cg0, = 00, - output sensitivity functions ¢, .

This algorithm, thanks to the control over parameter A during the research, enables
us to evolve between a gradient technique which is far from being the optimum
(thus A >> 1)) and a Newton technique (when A — 0) which makes it possible
to accelerate the convergence around the optimum.

The differential system enabling the simulation of sensitivity functions can be
directly deduced from a state space representation of the induction machine (equation
[2.93]):

Gpo, = AWO) pp + | %2 | 2+ |22 | u
Z:,:i:CT(H)U:; J{%Jﬁ [89 }u [2.98]

where 0,9 = % represents the output sensitivity matrix according to the parameters,

and 0,9 = % represents the sensitivity matrix according to the state.

2.5.1.2. A priori information and diagnosis

Introducing a priori information into a parameter estimation process was originally
intended for problems of sensitization. In fact, the identifier using the aforementioned
algorithm is often faced with anomalies, such as obtaining parameters which are
far removed from physical reality, or even completely absurd parameters such as
negative resistances or inductances. This is partly due to problems of sensitization
or identifiability which can be solved by a more persistent excitation when the process
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allows it. Another method consists of imposing realistic constraints on the parametric
space by introducing the user’s expertise. In fact, when we have available knowledge
on the parameters which are to be estimated, then to the experimental criterion J
which is weighted by the noise variance o7, we may combine a quadratic term which
represents this information (parameter values written §, weighted by their variance
My = Var(8,)) according to the following formula [MOR 99]:
A T ar—1 (4 J
Jo = (0 65)" My (0 —6)) + [2.99]
b
When the a priori information is certain and accurate, this methodology may prove
to be very useful and ensures good convergence, particularly for processes which are
sensitive to the choice of excitation, as for electrical drives [TRI 09].

In the diagnostic framework, only the nominal model M, (6,,) must include the
a priori information, summarized by {6, , Var{6, }}. As there is no available
knowledge on these faults, the a priori values of the parameters for the differential
modes AM,.(0..) and AMy.(0,,.) are zero, whereas their variances are infinite (or
extremely high), such that:

“ng L
QO = Qcc = Q
ch - Q
_ 0_12%5 _
O'%{S 0
U%’V?’L
2
My =Var{,} = Ly
0 00
- CXD -

In practice, variances in the electrical parameters Qno are obtained either
through physical knowledge (manufacturer’s data and/or elementary experiment),
or by preliminary estimates. In each case, these variances must tolerate predictable
parametric estimations (for instance, a change in the operating conditions). In addition,
no constraint is imposed on the fault parameters because their estimates can only
provide experimental data via criterion .J.

2.5.2. Experimental validation of the monitoring strategy

2.5.2.1. Experimental system

In practice, the academic testing stand which makes it possible to test all monitoring
methods is shown in Figure 2.22. The machine is speed controlled by a vector control
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speed-varying device. A dynamic load producing a resistive torque is positioned on
the machine’s shaft, followed by a position/speed sensor (incremental encoder). The
three-phase currents and voltages are measured and conditioned by anti-folding filters
before acquisition.

Signal
measurement &
conditioning
system

Three-phase
power supply

~380 v

Sensors

Anti-aliasing
filters

Speed T
instruction u % % i
—S abe =5 abe
I= <] Data acquisition | o % Position
— board =4
AT <

Incremental
encoder

Figure 2.22. Experiment setup for identification and control of the induction machine

Parameter identification algorithms require, in order to converge, persistent
excitation which sufficiently sensitizes all the modes in the system. As the induction
machine is speed controlled, the simplest and most natural excitation consists of
interfering with the reference speed by adding a pseudo-random binary sequence
(PRBS) to it. However, this excitation remains problematic for applications with
constant speed. So as not to restrict ourselves to a particular application, we may
define another excitation protocol under constant speed obtained by adding sinusoidal
signals to the inverter’s reference voltage [BAC 05]. The results will be presented for
both methods in the following section.

In order to realize the faults experimentally, stator windings were modified in order
to access the intermediate tap points. These tap points are distributed over phases a and
b with the aim being able to short-circuit a number of inter turns in a quasi-geometric
progression. Thus, the terminals which are accessible from the exterior correspond
to 18 inter turns (3.88%), 29 inter turns (6.25%), 58 inter turns (12.5%), and 116
inter turns (25%). There are different interchangeable rotors available on the testing
stand, including a healthy rotor with 28 bars and two faulty rotors (one and two broken
bars). As the technique shown previously enables us to pinpoint predictable parametric
fault variations (due to over-heating, for instance), we may imagine a test at a high
operating temperature (50 instead of 35). To do so, a temperature sensor is inserted
between the motor and the stator windings.
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2.5.2.2. Implementation

A priori information is gathered using an average of 10 preliminary recordings for
different temperatures in order to envisage all the situations likely to vary the parameters
(normal change in the machine’s state). For all the identification tests, we used:

Orer = [ 9.81 3.83 0.436 7.62.1072 0 0 0 0 7o ]T
Myt = diag(5.10%, 65.10%, 17.10°, 107, 0, 0, 0, 0, 0)

c}gu = 0,046 Speed excitation

The noise variance is equal to: 02 = { . .
d b 65, = 0.064  Voltage excitation

It is important to note here that the initial angle 7, results from the first sweep in
order to detect a peak in the parameter 7).

It may be interesting to analyze the behavior of the model during the simultaneous
stator and rotor faults. Thus, we proceed with a series of tests using short-circuits on
several stator phases and bar breaks. The following tests were carried out:

1) healthy machine,
2) short-circuit of 18 inter turns on phase a and one broken bar,

3) short-circuit of 18 inter turns on phase a and 58 coils on phase b, and two broken
bars,

4) high heat test (50 ): short-circuit of 58 coils on phase a and 29 coils on phase b,
two broken bars.

Table 2.2 summarizes the results from the parameter estimation for the set of tests.

For the inter turn short-circuits on the stator, the results achieved show the
similarity between the estimated parameters and the real parameters of the fault
(a maximum error of five inter turns for speed excitation, and two inter turns for
voltage excitation). The indicator 79 denotes the rotor’s fault rate: the higher the
number of broken bars, the higher this parameter will be, and vice versa. Thus, the
parameter identification algorithm using a priori information is robust when faced
with simultaneous stator/rotor faults. This indicates that the fault quadripoles are not
competing for an explanation of the imbalance in the machine.

In addition, we may notice that on the last test, only the resistances R, and R, were
affected by the change in temperature. Figures 2.23 and 2.24 show precisely how the
rise in temperature does not affect the differential mode.

Still for the same test, Figures 2.25 and 2.26 compare the measured current and
the estimated current on Park’s axis d. We notice that the error of estimation €, is
insignificant for both modes of excitation, which allows us to draw a conclusion with
regard to the model’s ability to interpret simultaneous stator/rotor faults.



64  Electrical Machines Diagnosis

Speed excitation Voltage excitation

1>

750 + 90 tr/min 750 tr/min

Test 1 | Test 2 | Test 3 | Test 4| Test 1| Test 2| Test 3| Test 4
R, (Q) | 9.83 | 9.84 | 9.97 |12.45|10.14| 9.97 | 10.54 | 12.45
R, (Q) | 3.99 | 4.00 | 3.00 | 441 | 406 | 3.99 | 4.07 | 4.50
Lo, (H)| 0.432 | 0.440 | 0.440 | 0.442 | 0.440 | 0.440 | 0.432 | 0.440
Ly (mH)|77.025|74.012| 76.99 | 74.50 | 69.19 | 67.87 | 69.22 | 71.49
Nee; | 3.540 |17.864116.052|53.69 | 0.75 | 19.05|19.12 | 60.02

Nees 2.51 | -1.11]53.31|26.87 |-0.84|-0.25|59.57|30.01
Meeg | -0.04| 251 |-2.54|-2.46| 0.08 | 0.58 |-0.41| 0.03
flo 0.008 | 0.10 | 0.20 | 0.19 |0.007| 0.09 | 0.21 | 0.20

Table 2.2. Results from parametric estimation
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Figure 2.23. Parameter evolution for a high heat test with faults (test 4) — resistance and
inductance

2.6. Conclusion

An advanced degradation in the stator insulator will result, electrically, in a resistive
contact between the winding inter turns, depending on different topologies, which
can be very varied. In some cases, through a chain effect, the contact may lead to a
somewhat immediate destruction of the winding. In other cases, the drive controls
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Figure 2.24. Parameter evolution for a high heat test (test 4) — number of short-circuiting
inter turns
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Figure 2.25. Comparison between measured is, and %5 4 — estimated currents
for speed excitation

at variable speeds using current loops may partly compensate for its effects, by
immediately maintaining the drive’s dynamic performances. This is a typical example
of the direct or resistive short-circuit between a few consecutive inter turns in the same
phase. Implementing a monitoring strategy or reconfiguring the control in damaged



66  Electrical Machines Diagnosis

“w Voltage excitation

T T
20+ — Current i o measured i

- - - Current i o estimated

0 0.5 1 1.5 2 2.5 3
(A)
10 T T
— Error of estimation €,
5k i
|
0 WA s i AT e A it
-5 | | | | |
0 0.5 1 1.5 2 2.5 3

Time (sec)

Figure 2.26. Comparison between measured is, and is, — estimated currents
for voltage excitation

mode requires a diagnosis of the short-circuit current amplitude, as it is this (via
the Joule effect) which will accelerate the degradation process. This is the entire
problem with diagnostic-oriented modeling of induction machines, as presented in
this chapter.

The approach used for modeling is based on a fundamental hypothesis of
superimposing two operating modes: a common mode combined with the rotating field,
created by the machine’s windings with no fault, and a differential mode combined with
a stationary field in relation to the rotor, induced in the short-circuit of the inter turns.
An important characteristic of the diagnostic model is that it remains extremely close
to the model which is classically used to control at variable speeds, with, notably, the
possibility of notation within the different reference frames (stator, rotor, or rotating
field).

This characteristic is essential for converging estimation algorithms well. In this
chapter, we have proposed and validated the diagnosis of the machine through
parameter identification in a more global, comprehensive approach. We have shown
that parameter monitoring of the diagnosis model not only makes it possible to locate
a fault in the stator or rotor winding, but also to determine its severity.

Identifying the parameters of the induction machine has been performed for a
long time in a quasi-open-loop approach, even in the presence of a speed regulator
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which ensures its drive. However, by working on the machine’s control voltages
and on the line current measurements, we forget that the drive is ensured by output
feedback. Fundamentally, this type of identification causes theoretical problems due to
the stochastic disturbances that we find on the control variable via the regulation loop,
which makes the estimation asymptotically biased. This specific problem will be the
main object for study in the next chapter, through a general and realistic methodology
of closed-loop identification applied to induction machines.
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Chapter 3

Closed-Loop Diagnosis of the Induction
Machine

3.1. Introduction

Fault detection, early if possible, in electrical drives is both a scientific matter due
to the complexity and variety of problems raised, as well as an industrial one due to the
economic advantage of a useful predictive maintenance strategy. For around 20 years,
many research organizations have become involved in electrical machine diagnosis,
and especially, induction machine diagnosis. Several approaches can be implemented
to detect electrical machine faults, such as vibration analysis, observers, parameter
estimation, etc.

Recent studies have succeeded in showing the relevance of identification using
parameter estimation for fault detection. In [MOR 99], the contribution of a priori
information has proven to be a decisive element in order to strengthen output error
algorithm convergence, and to integrate user expertise. In [BAC 02], a genuine
diagnosis method using parameter estimation was developed by integrating fault
signatures using specific models and user expertise in relation to healthy machine
operation. It has also been shown that it is indeed possible to detect stator coil short-
circuits and rotor bar breaks in an induction machine which is integrated into a speed
regulating device through vector control.

Chapter written by Iméne BEN AMEUR BAZINE, Jean-Claude TRiGEAssOU, Khaled JELASSI and
Thierry POINOT.
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Although the results obtained from a laboratory pilot test have been very
encouraging, several fundamental questions have been raised. Parameter estimation
requires full excitation in order to excite the relevant modes within the machine.
Unfortunately, this excitation richness most often contradicts operating constraints,
especially when the user needs a highly efficient speed regulator. Moreover, although
electrical faults are well detected, there is still a relatively high level of uncertainty
which cannot be reduced by improving excitation. This last point raises two
fundamental questions:

— is a high portion of this uncertainty due to a modeling error?

— in addition, even though the induction machine will operate in a closed loop, is
it true that the user of an identification algorithm planned to work in an open loop is
the cause, at least partly, for this uncertainty which might also be a bias?

The research that will be conveyed in this chapter proposes to provide a few answers
to this set of questions, as the problem of modeling errors is too vast to be dealt with
at the same time. In addition, we have particularly emphasized identification problems
by trying to set them out in a fundamental way, independent of diagnosis through
parameter estimation.

It was highly important to us to study closed-loop identification of the induction
machine. In fact, this will only fulfil industrial requirements for speed variation if it
is included in a looped device, composed of a torque and speed control. It is a well-
known fact that identifying a closed-loop system, without explicit consideration of this
closed loop, results in an asymptotic bias due to the correlation of output noises with
the looped control applied to the system.

However, identification algorithms using closed-loop output errors have provided a
solution to this fundamental problem [SOD 87, HOF 95, LAN 97, DON 00, GRO 00a],
where the controller is explicitly taken into account. This consideration may be realized
either by having a priori knowledge of the controller, or (which is the more realistic
solution) by estimating it.

The second answer that we have tried to offer for the diagnosis problem concerns
the mode of excitation. In speed variation, it is natural to disturb the speed reference
by a pseudo-random binary sequence (PRBS) in order to fulfil the requirements of
excitation richness, which is essential for the identification algorithm. Unfortunately,
this mode of excitation will go completely against manufacturing objectives when the
control is specifically designed to maintain constant speed. But this speed is disturbed
by the variations in the load torque (caused by manufacturing requirements) that
the control precisely wants to minimize. These changes in the load torque vary the
machine’s operating point: are these changes enough to fulfil objectives for excitation
richness, and do they not induce an asymptotic bias due to the looped nature of the
operation?
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The studies in this chapter try to offer an answer to these questions as a general
methodology for identifying the closed-loop induction machine, which can be applied
to its diagnosis by parameter estimation.

This chapter is divided into 3 sections. In section 3.2, we will present the problems
regarding closed-loop identification. Section 3.3 will introduce the principle of the
methodology for closed-loop induction machine identification. In section 3.4, we will
apply this methodology to closed-loop diagnosis of simultaneous stator/rotor faults.

3.2. Closed-loop identification
3.2.1. Problems in closed-loop identification

The typical problem of closed-loop identification lies within the correlation between
output noise and the control signal due to the closed-loop. Another problem caused
by data collected in closed-loop systems is that it generally contains less information
than data collected in an open loop. In fact, an important objective of the control is to
minimize the looped system’s sensitivity to disturbances, which makes the problem of
identification much more difficult to deal with [FOR 99].

Ho(s)
b
Yy + N
——R)— (=) NAC [—5] Go(s) —
_I y*
ANC |e

Figure 3.1. Looped system

Here we are working within the framework of a numerically controlled looped
process shown in Figure 3.1. The input/output data of the process are described by the
following relations:

y(s)" = Go(s)u(s) + Ho(s)e(s) [3.1]
wg ) =Cla ) [rig") —yla™)] [3.2]

where G represents the real process to be identified, and C(z) is the controller. The
output vector is written as y*, and the input vector is u.
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Figure 3.2. Principle of direct identification of induction machine
The expression b(s) = Hy(s)e(s) models the disturbances: e is a sequence of

independent random variables, distributed identically with a zero mean (white noise),
Hy(s) is a stable and standardized invariant linear filter (process generator). The
term b(s) groups together electronic noises and disturbances acting on the system,
as well as modeling errors. Moreover, contrary to the open-loop system, input w(s)
and disturbances e(s) are correlated, due to the closed loop. The signal 7, may represent
an excitation signal or an external signal.

The study carried out in this chapter was developed using the fundamental
hypothesis that: r is a quasi-stationary signal which is independent of disturbances
e [LJU 87]. The excitation applied to the system is persistent and of a sufficient order.
The identification procedure aims to determine an estimate of the process Gy(s). In
some cases, it is indeed interesting to also determine an estimate of controller C'(z).
For direct identification, the data uj, and yj, collected in the closed loop are processed
in the same way as in the open loop (Figure 3.2).

Thus, the closed loop is not taken into account. A priori, this method raises no real
practical usage problems, and is therefore frequently used. However, as we are ignoring
the presence of the controller, we find ourselves with an input u(s) which is correlated
with the disturbance of output b(s): the estimate is therefore asymptotically biased
[BAZ 08b, BAZ 08a]. This is the main disadvantage of the direct approach which has
also prompted the development of algorithms that explicitly take the closed loop into
account.
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When the system is operating in closed loop (which is the case for AC vector
controlled machines), the disturbance by is correlated with the control u; by the
controller (or the control algorithm). Therefore, the sensitivity functions oy, (necessary
for the optimization algorithm to operate), which are calculated using excitation uy, are
correlated with disturbance by. This means that the estimation ¢,,,, is asymptotically
biased. This bias is not really important when the signal-to-noise ratio is very low. We
can, then, ignore this in an initial approximation.

However, identification algorithms using closed-loop output errors have been
proposed in [SOD 87, HOF 95, LAN 97, DON 00, GRO 00a, BAZ 07]; they reject
this asymptotic bias perfectly but at the cost of a much more complex identification
procedure.

One analysis [GRO 00b] shows that if b is white noise, due to an delay which is
inherent to the numerical closed loop, then the sensitivity functions are not correlated
with the white noise, meaning that E {0 ,,bx} = 0. On the other hand, if by is
correlated noise, then a bias will appear whose value depends on the process generating
this noise.

3.2.2. Identification problems for diagnosing electrical machines

For two decades, many studies in electrical engineering and identification have
enabled the development of new offline and online diagnosis strategies of electrical
drives; the induction machine, in particular [LOR 93, FIL 94, BAC 03b, BAZ 05].

Techniques of parameter estimation have been intensively studied and tested,
especially in laboratory test pilots. Equation error type algorithms are generally
not considered because they are asymptotically biased and sensitive to stochastic
disturbances and modeling errors. On the contrary, the Kalman filter and output error
techniques enable us to obtain realistic and reliable estimations in real situations
[BAC 01, BAC 06].

Thus, the development of algorithms designed to estimate physical parameters, by
considering a priori knowledge of the induction machine has enabled a promising
advance in parameter estimation diagnostics.

When the induction machine is powered directly on the sector, it therefore operates
in an open loop, but at a quasi-constant speed. Speed variation is most often due to
a vector control, in which case the machine operates in closed loop with a cascade
control structure. In these conditions, we are justified in asking ourselves the question
of the controller’s impact on the bias in direct identification (without taking the looped
structure into account) [GRO 99, GRO 00a].



74  Electrical Machines Diagnosis

Moreover, we propose to identify the electrical model of the induction machine
with no explicit excitation. In fact, excitation of the speed reference which disturbs the
machine’s operating point cannot fulfil industrial objectives: it is for this reason that
indirect excitation by varying the load torque was maintained.

We pay special attention to induction machine identification through an output
error method [TRI 03, BAC 08] (see Chapter 2 for further details on algorithms)
based on a closed-loop decomposition. However, the main constraint imposed by this
identification technique is the highly important controller knowledge.

The induction machine is currently the basis for many industrial applications which
cover a huge domain. Depending on the application involved, the industrialist can
access all the control’s details, just as he/she can ignore certain parts of the control
structure’s interior. In this case, we have proposed a preliminary identification of the
“equivalent” controller, using an over-parameterization technique in order to avoid a
priori knowledge of the structure and the controller’s parameters [BAZ 08c, BAZ 08b].

3.3. General methodology of closed-loop identification of induction machine
3.3.1. Taking control into account

The looped control of an induction machine requires a torque control (current
control) and generally, a speed control (hence successive controllers), as well as a
flux control. Moreover, as torque and flux controls are not naturally decoupled, it is
vital to predict a decoupling phenomenon (generally nonlinear) which complicates the
controller’s structure (multi-variable and nonlinear imbricated controllers).

Figure 3.3 shows the operational organization of the control taken from the
previously discussed principles. This is a vector control moving toward the rotor flux.
This is the most commonly used because it eliminates the influence of rotor and stator
leakage reactance and gives better results than methods based on the stator flux or
air-gap direction [FAI 95, JEL 91].

The converter and its control do not figure explicitly on this diagram as we are
studying the control process. Thus, we are focusing directly on the controller output v,
and u,s, and on currents ¢4, and .. These voluntary choices prevent an unnecessary
cluttering of the presentation, whose main aim is to show the mechanisms which are
specific to this control.

Thus, the induction machine control is considered as a multi-dimensional system
(multi-input, double-output). We can break this relationship down into two specific
relations, both corresponding to two multi-input, single-output subsystems. In other
terms, this means that one subsystem corresponds to output ugs, and the other
corresponds to output s (see Figure 3.4).
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Figure 3.4. Breakdown of the machine control into multi-input, single-output subsystems

We propose to describe the behavior of this system by determining those relations
which link the control outputs (u4s, 14s) expressed within the rotating field reference
frame to the inputs (€2, ¢, 0%, igs,. ;) and (13, et i;s), which are also expressed in the
rotating field reference frame.
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The variables used in Figure 3.4 correspond to:
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Within the context of an indirect approach, we proposed to extend the field of
application of this method by identifying an “equivalent” controller beforehand, using
an over-parameterization technique in order to avoid a priori knowledge of the structure
and the controller’s parameters. The equivalent structure is more often than not
complex and misunderstood in the case of the induction machine and is, moreover,
nonlinear. This “equivalent” corrector is estimated by an over-parameterized least
squares technique. A minimum structure is obtained with the help of a moment test.
For more details on the “equivalent” controller identification principle, see [BAZ 08b].

In the following sections, we will only present the result of the closed-loop
identification of the induction machine by assuming that the control algorithm is a
priori known (either because the user knows the control algorithms, or because they
were identified beforehand).

3.3.2. Machine identification by closed-loop decomposition

3.3.2.1. Principle

When the control algorithm for the induction machine is known (through a priori
knowledge or over-parameterized identification [BAZ 08b]), then we may consider
identifying the continuous model of the machine.

Let us now refer to the diagram in Figure 3.5: in this case, the excitation & =
{{igs , Gigs} Of the continuous model is obtained by simulating the controller Cg,
using external signals (£2;f, i4s,.,), the measurement {2*, the angular frequency w;,

the flux ¢, and predicted outputs ids and %qs.

The induction machine’s operation is usually analyzed in three reference frames:
reference linked to the stator, rotor, and rotating field:
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Figure 3.5. Principle of indirect identification of induction machine

— if the reference frame is fixed in relation to the stator w, = 0, then we obtain an
electrical system where the stator outputs are purely alternating and the system runs at
the power supply frequency. Simulating the induction machine (which is necessary for
output error identification) in this reference frame therefore does not require knowledge
of the rotor’s position, which is indeed an advantage for control with no position sensor.
The major disadvantage is the manipulation of high frequency signals;

— if the reference frame rotates at a synchronized speed w, = ws = 27 f, then
we obtain a purely continuous electrical system which is highly suited to identification
techniques. However, the position of the rotating field must be restored with each
sample taken;

—if the reference frame is fixed in relation to the rotor w, = w, then the
electrical signals are therefore quasi-continuous. The angular frequency of the electrical
magnitudes is thus equal to gw (where g = “=== is the machine’s shifting), which is

w, low in real operating conditions. When we can access the mechanical position, this
reference frame is favored due to the quasi-continuity of the electrical magnitudes.

The direct identification of the induction machine is performed in the rotor reference
frame because it requires a lesser amount of transformations/estimates.

If we wish to proceed with an indirect identification which takes the controllers into
account, then they must be positioned in the reference frame of the rotating field. In
fact, the control and the controllers were designed in the rotating field reference frame,
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in order to control the flux and torque. This means that these controllers have constant
parameters in this frame, but that they are speed dependent in any other reference
frame. It is therefore imperative for us to refer to the rotating field. Additionally, indirect
identification must be carried out in the rotating field frame by using knowledge of its
calculated position in the control frame.

The continuous model of the induction machine which is obtained after applying
the Park transform connected to the rotating field is presented in the following form:

2(t) = A(0)2(t) + B(@)a(t)
{ i) = C(D)i(1) 331
with:
X = [ ids lqs Pdr Par ]T : state vector [3.4]

U= { st } , Y= [ ;ds } : electrical model inputs and outputs [3.5]
qs qs

The following matrices are used in this case:

[ _RetR. R, w
o Cmen I My

A: s Lf Lf Lf. m
R, 0 —% (ws — w)
| 0 R, —(ws—w) —f= [3.6]
L0 o0o0]" 100 0

= Tf =
B=10 £ 0 0] » © [0 10 0}

The electrical model of the machine is characterized by four physical parameters
R, R,, Ly, and L. We will aim to estimate these parameters for a healthy machine.

3.3.2.2. Calculating sensitivity functions

We will now refer to the diagram in Figure 3.5. It is important to note that the
outputs (i4s, i¢s) and inputs (tigs, Ugs) are actually simulated using excitations (igs,.. ,,
Qycr), the measurement 2*, two equivalent (or exact) controllers C'rq—uds» CEg—ugs»
and the continuous model of the induction machine. Thus, {tgs , @4} and {2ds , %qs}

are completely uncorrelated with the current noise. This is illustrated by the numerical
simulations which are carried out in the following section.

The principle of generating the predictive control & = [ﬁdsqlqs]T is explained in
[BAZ 08b].
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The sensitivity functions in relation to gy [ﬂd a;, ] must be calculated by

. T
considering the sensitivity of @& = [{i4s ﬁqs] a 0, meaning that o, = {gﬁ e gﬂqs} )

Letusnow defineg;, , = azgs ando; o = azds . Thus, we obtain the sensitivity
functions from the differential system:
. i QA®B) . | 9B - i
0530, = A(Q)Qiﬁi + 30(1‘ )§ + 69(1' )H(t) + B(@)gﬂﬁi [3.7]
94,0 CQ:&,G

Let us remember here that reconstructing controls 74, and 4, can be achieved
either by using the real control (where we assume that the control is known perfectly),
or by using the equivalent structure (where the structure and the control parameters are
not known, therefore by using a preliminary identification of the control).

By using the exact structure of the control to calculate the sensitivity of @ in relation
to the machine’s parameters, we find that:
Otigs (k)
09;

aaols (k)
o4 = and o, =
s, ,0i 90, Figs, ,0i

which are obtained from the difference equation:

Otlas(k) _ Diigs (k) Oed(k)

80, 96, 96, [3.8]
Digs (k) _ Ditgur (k) éq(k) 300
00, 06, 0 .

The sensitivity of the linear operators 451 and 141 in relation to the parameters
is equal to:

Otgs1 (k) Otiger(k — 1) Digs (k) Digs(k — 1)

00, 90, I 7 . [3.10]
Digs1 (k) Oliger(k — 1) Digs(k) Digs(k —1)

00, - 90; ToCe 78& T1Ce 7891' [3.11]

We will assume that the terms w45, Wsids, and ws ¢, which figure in the decoupling
are measurements. In this case:

ded(k) —0 and oéq(k)

00, 00, 0
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If we assume that the decoupling terms are a function of the estimated outputs ids
and 44, then the decoupling sensitivity in relation to the parameters therefore becomes:

a‘?g@ —Cy-w, - 5’;89@ [3.12]
86@(1{;) _ aids(k)
0 = Clq - ws 90, [3.13]

3.3.3. Identification results

We have tested identification techniques on an induction machine whose parameters
are given in Table 3.1.

R 9.8Q

R, 5.3Q

Ly, 0.5H

Ly 0.04 H

f 1.9107% N.m.s/rad
J 29.3107% N.m.s?/rad
Number of pole pairs 2

Number of rotor bars 28

Number of coils per phase 464

Table 3.1. Characteristics of the induction machine

We used two noise-generating processes for the speed and currents in order to test
our methodology in different stochastic situations.

We used noise conditions such as the ratio S/B = 15 for the currents {igs,%4s}
expressed in the rotating field and S/B = 20 for the speed.

The output noise is generated by the model A.R: by + c1bx_1 = ey, where e is
white noise and —1 < ¢; < 0. We studied two situations:

— ¢1 = 0, thus by, corresponds to white noise;
—c1 = —0.95, thus by, corresponds to a highly correlated noise.

We used an implicit excitation by varying the load torque asa PRB.S of +1.5 N.m
around the load C,, = 4N.m.
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The Monte Carlo simulations were carried out on 10 realizations, each containing
6, 000 data couples. Thus, we will present the mean value of each identified parameter,
with a margin of error equal to & 3 times the standard deviation (from Monte Carlo
distribution).

NOTE.—
— DI: Direct Identification
— IIRC: Indirect Identification, Real Control

— IIOC3: Indirect Identification, with Over-parameterized Controllers, order 3.

3.3.3.1. Case of a white noise in currents

Figure 3.6 shows the range of variations in each parameter of the induction machine.
Using this simulation, we verify that there is no important bias when the electronic
noise from the currents is white noise (and that the speed is measured with no error).
We notice that the parameter estimation result obtained for both types of identification
(DI and IIRC) are very close.
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Figure 3.6. Identification in the presence of white noise in the currents

3.3.3.2. Case of a highly correlated noise in the currents, and white noise in the speed

In this simulation (Figure 3.7), we notice (in the presence of highly correlated
noise on the currents and white noise on the speed) that the indirect identification gives
estimations which are centered perfectly on the exact parameter values, whereas the
estimations of 12, L,,, and L introduce a bias in direct identification.

The simulation results show that indirect identification gives better estimations than
direct identification, and in particular, that it makes it possible to reject the asymptotic
bias due to looping.
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Figure 3.7. Identification in the presence of highly correlated noise in the currents and white
noise in the speed

This closed-loop induction machine identification methodology may therefore be
applied to the machine diagnosis in the following section, in the case of simultaneous
stator/rotor faults.

3.4. Closed-loop diagnosis of simultaneous stator/rotor faults
3.4.1. General model of induction machine faults

Chapter 2 gives a detailed description of the stator/rotor fault model. By using
this fault model, we obtain a fourth-order state space representation of the induction
machine (where the speed is a measured pseudo-input) which corresponds to
indirect identification. The state vector as well as the system’s input and output are
expressed in the rotating field (reference frame chosen for diagnosis through indirect
approach):

— oAl (3.14]
=C.X(t) + D.u(t)
with:

X v T

X =1y igs  Pdr Pgr | : state vector [3.15]

X Tigs . ids . .

U= { i } Y = { A ] : electrical model inputs and outputs [3.16]
qs lqs
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Thus, we write the vector expression of the parameters to be estimated as:

Q = [Rs Rr Lm Lf Nscy Nsea Mses 1o 90]T [317]

3.4.2. Parameter estimation with a priori information

Studies by [MOR 99, BAC 02] have shown that adding a priori information to
an output error using a composite criterion makes it possible to introduce an initial
knowledge relating to the healthy machine, and thus to accelerate and strengthen the
convergence of the nonlinear programming algorithm.

Knowledge of healthy functioning is the result of one (or many) preliminary
estimation(s) allowing us to obtain nominal values of vector 6, or the output noise
variance oy, as well the covariance matrix of estimation Var {6,,,}. These values
are actually essential for constructing the different weighting factors of the composite
criterion (6, 0, My). To do so, an estimation of the electrical parameters belonging
to the healthy induction mean value, with no a priori information, enables us to obtain
this vital information.

For this, we propose generating a priori information by using the mean of 10 indirect
identification estimations (all corresponding to the machine’s healthy operation), in
order to determine the different weighting factors of the composite criterion:

K
> (e, +er) [3.18]

k=1

Jo=(0—00)" My (0 — ) +

&F
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with:
R, 9.7921
R 5.3079
%=1 71" | =| 5045610 [3.19]
mo .
Ly, 4.0625 10702
(0% 0 0 0
0 o2 0 0
Mo= |, ORr 22 [3.20]
00 0 o3
[ 45871079 0 0 0
1o 5.24110794 0 0
) 0 1.451107% ¢
| 0 0 0 4.58810797
572 = ot [3.21]

K, N, and J,,; respectively represent the number of points, parameters, and the
value of the criterion at its optimum.

To generate the covariance matrix of parameters M, in practice we only retain the
diagonal terms.

Relation [3.21] is obtained by hypothesizing that the electronic noise is identical on
both Park axes. In the case when the electronic noise is different on both axes, we must
calculate the respective variances on both Park axes d and ¢ and weigh both quadratic
terms of the composite criterion differently.

3.4.3. Detection and localization

The simulations are carried out within the framework of a load torque excitation,
only with implicit excitation. Here we are working within noise conditions, such that
the noise of currents {4, iqs} are highly correlated with the ratio S/B = 20 in the
rotating field. The speed noise is white noise with a ratio of S/B = 30.

NoOTE.— For more clarity, we will directly replace:

— the short-circuit ratios 7., per number of corresponding short-circuiting coils
Nge, - As each phase has 464 coils, the number of coils short-circuiting on the k-th
phase is obtained in agreement with the relation:

Nscp, = MNsey, ~ Ms = Nsey, * 464
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— the parameter 79 per number of corresponding broken bars ny,. The total number
of rotor bars is equal to 28, and the number of broken bars is obtained in agreement
with the relation:

Ny 28

nbeWO'EZUO'E

In concrete terms, we will firstly proceed with a test on a healthy machine. Figure 3.8
shows the evolution of fault parameters estimated during the indirect identification
procedure in the case of a healthy machine.

0.1 0.4
0.3
n
n
0.05 el 0.2 sc,
0.1
0 0
5 10 15 5 10 15
0.06 0.01
0.04
Msc 0.005
0.02 Mo
0 0
5 10 15 5 10 15

Figure 3.8. Evolution of fault parameters in a healthy machine through indirect identification

We verify, according to Figure 3.8, that in the presence of a fault in the induction
machine and by using the global fault model as an identification model, the fault
parameters present negligible fault rates, therefore demonstrating that there are no
faults.

To analyze the model’s behavior during the simultaneous stator/rotor faults, we will
perform a test on a short-circuit with 29 coils on phase a, 18 coils on phase c, and 2
consecutive broken bars with Af = é—g.

As an example, it is interesting to present the evolution of the parameters which
are estimated during the indirect identification procedure and the direct identification
procedure. In fact, the objective is to compare the convergence speed as well as the

accuracy of the parameter estimation for both identification types.
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Figure 3.9. Evolution of parameters for a short-circuit with 29 coils on phase a, 18 coils on
phase ¢, and 2 broken bars through indirect identification
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Figure 3.10. Evolution of parameters for a short-circuit with 29 coils on phase a, 18 coils on
phase ¢, and 2 broken bars through direct identification

As shown in Figures 3.9 and 3.10, the number of estimated short-circuiting coils
and the number of broken bars can explain the fault. In fact, during the identification
process, the electrical parameters of the induction machine remain virtually fixed on
the optimum value (due to the a priori information 6, weighted by M), whereas the
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ratios between the short-circuit and the broken bars evolve freely in order to come
close to the real fault.

We also notice that direct identification requires fewer iterations for convergence
than the indirect approach. However, the estimation of fault parameters through the
indirect approach seems much more accurate than via the direct approach.

Figure 3.11 shows the comparison between the simulated and estimated currents
(and voltages) in the rotating field reference frame, in the case of a short-circuit of 29
coils on phase a, 18 coils on phase ¢, and 2 broken bars (corresponding to indirect
identification).

ds ds

10 25
[
0 2t il ) I i
LM A o
-10 M i I A
it e A it
151 TN
-20 I \‘ I
-30 1
15 2 25 3 3.5 15 2 25 3 3.5
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200 . — — — estimation
180 8
160 6
140 .
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2
15 2 2.5 3 15 2 2.5 3 3.5

Figure 3.11. Comparison of simulated and estimated currents (and voltages) for a
short-circuit of 29 coils on phase a, 18 coils on phase ¢, and 2 broken bars

3.4.4. Comparison of identification results through direct and indirect approaches

As seen previously, the strategy for diagnosing the induction machine consists
of many parameter estimations of the global fault model. The mean value of the
estimations of parameters 7),., indicates the number of short-circuiting coils on each
of the three phases, and parameter 7y allows us to obtain the number of broken rotor
bars, in agreement with:

— the number of faulty coils on the k-th phase: fige, = 7sc,, * 153

— the number of broken rotor bars: 7, = 1.
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The diagnosis procedures using the direct and indirect approaches have been applied
to the case of a short-circuit with 29 coils on phase a, 18 coils on phase ¢, and two
consecutive broken bars with Af = %'

Table 3.2 summarizes the results of the parameter estimations for the set of
simulations. The obtained results show the match between the fault’s estimated

parameters and the real parameters (a maximum error of 3 coils for indirect

identification on faulty phases and more than 5 coils for direct identification).

6 DI IIRC I10C3
i 9.889510%% | 9.792710%%° | 9.7930 10
s +6.422310792 | £1.81411079% | £2.5298 1093
P 5.3102101%0 | 5.307910%°° | 5.3080107%°
T +1.956710793 | £9.997510795 | £1.617210~%4
i 4.9116107°% | 4.8377107°Y | 4.837710~%
m +1.246010793 | £6.0462107% | £9.3287107%°
i 3.860110792 | 4.0629107°% | 4.0634 10792
f +1.731310794 | £2.38741079% | £1.567010%°
- 2.985410101 | 2.862610101 | 2.824810101
+2.9300107° | £2.1003 10790 | £2.2901 10100
. 493951079 | 1.2838107°' | 1.261910° %!
Mscy +8.5083107 91 | £2.3694 1079 | +1.6647 10701
4 1.9054 10101 | 1.8267101°1 | 1.8001 10701
scs +1.96621079 | £5.7173107°! | £9.5223 1091
N 2.1043107%° | 2.0459107%° | 2.0504 10100
Ttob +1.985110791 | +3.3049107° | +2.386310%1

Table 3.2. Results from parameter estimation (simultaneous faults)

We may also notice that the machine’s electrical parameters are not affected by the
different faults introduced in the machine. Only the fault parameters vary according to
the cause of the imbalance.

In conclusion, the parametric identification algorithm with a priori information is
strong when confronted with simultaneous rotor/stator faults. We may also note here
that the parameter estimation using the indirect approach gives good results in the
simulation, offering a very realistic image of the imbalance found in the machine.

A projection of the estimation of the number of short-circuiting coils and the number
of broken bars shown in Figure 3.12 allows us to visualize a good relationship between
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the estimated values and the real values. Moreover, we note better estimations and
lower scattering in the results for indirect identification.

We may note that with this approach, estimating faults is better centered than with
the direct approach. Furthermore, the estimation variance is lower. The advantage of
this lower variance is clear when there is no fault, whereas the direct approach leaves
doubts for ng., (Figure 3.12).

As the indirect approach estimations give a negligible dispersion around zero, we
may deduce that this approach makes it possible to reduce the rate of false alarms.

nSC1 " " nscz
26 28 | 30 32 34 1 05 0 05 1 15
-~ -l
- ———1IRC T
— —110C3
—_— 4+ Exact value

sc, nbb
2.2 2.4

Figure 3.12. Results from parameter estimation (simultaneous results)

3.5. Conclusion

We have given the fundamental objective of improving induction machine diagnosis
through parameter estimation. To do so, we defined two areas of research: one
concerning an acceptable mode of excitation by the user, making use of disturbances
induced by load torque variations, and the other which is dedicated to induction
machine identification by a methodology explicitly taking into account the closed-
loop control algorithm. Thus, we proposed a closed-loop identification methodology
for the induction machine based on the indirect approach.

We usually choose the reference frame related to the induction machine rotor for
direct identification, because this requires fewer transforms/estimations. As we wish
to proceed on to an indirect identification which takes the controllers into account, we
must work within the rotating field reference frame. In fact, the control and controllers
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were designed in the rotating field frame in order to control the flux and torque. It is
therefore fundamentally important to refer to the rotating field. Unfortunately, we do
not know the position of this rotating field, and it must therefore be estimated. The
comparative study in a numerical situation has shown that the asymptotic bias on the
electrical parameter estimation is practically non-existent for the indirect approach,
whereas for the direct approach it clearly depends on the nature and the variance of the
noises in the currents. In addition, we verified that the excitation via load torque has
proven to be satisfactory and sufficient, guaranteeing a better level of accuracy with
the indirect approach.

However, the main constraint caused by indirect identification is the essential
knowledge of the controller. The problem for industrial control is that there is no
real installed regulator which perfectly corresponds to its theoretical expression. Also,
we propose to extend the scope of this methodology by performing a preliminary
identification of an “equivalent” controller, using an over-parameterization technique
to avoid a priori knowledge of the structure and parameters of the said controller
[BAZ 08b].

The application of our methodology to the induction machine diagnosis using
parameter estimation is the essential answer to our initial question. This fault detection
methodology is based on the definition of fault models [BAC 03a] We therefore used
a global model in simultaneous stator/rotor fault situation, allowing us to explain a
short-circuit on several stator phases. It also takes the bar break-type rotor imbalance
into account, for generalized monitoring of the squirrel-cage induction machine.
Moreover, comparative studies carried out via numerical simulation have shown that
the indirect approach enables improved fault detection by making it possible to reject
the assumption of fault occurrence in healthy operation. This is due to the single
excitation created by variations in the load torque. It must, however, be noted that
there is a clear increase in algorithm convergence time in the indirect approach. A
solution to this practical problem would be to use the direct approach to initialize an
indirect approach.
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Chapter 4

Induction Machine Diagnosis
Using Observers

4.1. Introduction

Electrical machine diagnosis may either use methods with no a priori
information, based on frequency or statistical analysis for instance, or on system
modeling-based methods (internal method). In each case, the aim is to determine a
signature (a pattern vector), enabling us to discriminate one or several faults
according to the other operating modes.

In this last example of model-based methods, the diagnosis is carried out either
using a residual analysis, obtained between the real process and the device model
(Figure 4.1a), or from the evolution of the model’s parameters, which are identified
online (Figure 4.1b).

—> System

Ymeasured

Residues

Yestimated

——>» Model

Figure 4.1a. Residual generation-based diagnosis

Chapter written by Guy CLERC and Jean-Claude MARQUES.
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Figure 4.1b. Extended observer-based diagnosis

In the hypothesis where the diagnosis relies on monitoring the parameters of an
induction machine model, there are two possible cases:

—case l: the diagnosis is developed using the parameters of a healthy model of
the machine. A parameter drift results in the occurrence of a fault. However, the
model no longer represents the machine’s real behavior. It is used as a signature;

— case 2: the machine model may represent the machine’s behavior in its fault
regimes. It allows for a physical representation of the system in its different
operating regimes. It also allows for a better localization of the fault, and possibly of
its description. However, it is more complex.

Parametric monitoring can be carried out in online mode, either by an
identification algorithm (recursive least squares), or by using an extended observer.

In the case of a linear model, the machine is modeled by state space equation in
the following form:

dX

2 AX+BU

dt [4.1]
Y=CX

where X denotes a state vector representing the components related to the energies
stored in the machine (current, flux), A represents the state matrix, and B the input
matrix.

In the latter case, the system (augmented by the observed parameters) must
remain observable.

A new augmented system is created by introducing the parameters & into the
state vector, whose evolution enables us to characterize the faults:
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X
Xextended = ( 9 )

The observer allows us to reconstruct this state space vector using the data from
the system’s inputs and outputs. This observer is called the extended observer.

Compared to classic signal processing methods, this method has the advantage of
being usable in transient regime and with variable power feeds (inverters). The table
below summarizes the advantages and disadvantages of this method.

Advantages Disadvantages
- consideration of more complex
methods able to show faulty
behavior,

- can be used in variable speed - used in offline mode.
drives with a converter,

- many suitable algorithms for
this application.

Parameter
identification

- can be used in online mode,
- can be integrated in controls
Parameter where the state must be
observation reconstructed (return to state),
- can be used in variable speed
drives with a converter.

- requires simple models,
- requires slow varying
parameters.

Table 4.1. Comparison between observer and identification-based methods

As we can see in the table above, an identification algorithm uses models which
may be complex and which represent the real phenomena involved. Their main
objective is to monitor the parameters. An extended observer estimates the state
vector and a limited number of parameters. The model below remains limited.

This chapter will present diagnosis methods based on observers which are built
on models of electrical machines with or without a fault.

In section 4.2, we will succinctly present the models on which the observer-
based diagnosis techniques are centered.

The third section will explore the different types of observers used, namely the
Luenberger, Kalman, and high-gain observers.
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We will then proceed to demonstrate how these observers are used to
monitor parameters by describing the modeling linearization technique and the
construction of extended models. Finally, section 4.4 will illustrate application
examples.

All these techniques will be applied to induction machines but can be transferred
to synchronous [KEY 86] or Direct Current machines.

4.2. Model presentation

Observer-based induction machine diagnosis is based on modeling the machine
either with or without a fault. We will develop models of three-phase or two-phase
induction machine models and the signatures allowing us to discriminate faults in
each case.

4.2.1. Three-phase model of induction machine without fault

4.2.1.1. Model description

The machine is modeled according to the following hypotheses:

—the saturation is ignored. As a result, we see that the self-inductance and
mutual inductances are independent of the currents flowing in the different
windings;

—the MMFs (magnetomotive forces) are distributed sinusoidally in the
machine’s air-gap. We can see symmetry in relation to the magnetic axes in the
windings;

— the slots are presumed to be non-existent;

—we do not consider the hysteresis and Foucault currents in the magnetic
components.

The generalized Ohm’s law gives the following electrical equations:

— on the stator:

vaS ias d l//as
Vos | = Ry b |+ Ws [4.2]
VCS iCS l//CS
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— on the rotor:

Var Loy Yar
Vor | = Ry | iy |+ E Ybr [4.3]
Ver ley Yer

The magnetic equations give:

¥ s las Iar
Pps | = Lgs | ips |+ Ly | lpy [4.4]
L ¥ i | les | ler |
_'{/ar 1 _iar _ias 1
Ppr | =Ly | Gy |+ Lys | dpg [4.5]
| ¥er | | ler | les |
with:
Ly Mye Mgy
Ly =My Ly My
(Myg My Ly |
i Ly Mg, M, ]
L,=\M, L, M,
(Mo My Ly, |

M, cos(6,) M, cos[&r +2?ﬂj M, cos(&,, —2?”)

Ly, =| M, cos(@r —2?”) M, cos(é’r) M, cos(@, +2Tﬁj

cos(ﬁr +2T”j M, cos(@, —2%) M, cos(6,)

These equations can then be re-written in the following form:

a[1]
dr

[V1=([R]+[Ge, )[1]+[2]

[4.6]
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with:

—
—
=

Il

[Vas Vbs Ves O 0 0] the input vector

(17 =[ias ips ics iar ip i) the state vector

R, 0 0 0 0 0
O R, 0 0 0 0
b
0 0 R 0 0 0
[R]= “
0 0 0 R 0 0
0 0 0 0 Rrb 0
O 0 0 0 0 R
Las +L ‘fas M asbs M ascs M asar M asbr M ascr
M bsas Lbs +L 'fbs M bscs M bsar M bsbr M bscr
[ L] _ M ascs M csbs Lcs +L fes M csar M csbr M cscr
M aras M arbs M arcs Lar +L ‘far M arbr M arbr
M bras M brbs M bres M brar Lbr + L_ fbr M brer
B M cras M crbs M cres M brar M crbr chr +L fer |
[ 0 0 0 sin(p.60) sin (p.éH%rj sin[p.€+47”ji
0 0 0 sin(pﬂ+47”j sin( p.0) sin(p.6’+2{j
0 0 0 sin(p.€+27”j sin[p.0+47”] sin(p.6)
[G] ==Ly.p. 4 D)
sin(p.6) sin(pﬂ-%—%) sin(pﬂ-%—?”j 0 0 0
sin(p.9+27”j sin(p.0) sin(p.éw%rj 0 0 0
sin(p.n?-%—%rj sin(pﬂ-%—z?”) sin(p.6) 0 0 0

In a balanced motor: Ry =R; =R, =R; and R.=R. =R, =R, , and the

T

inductance matrix [L] become:
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Li+Lg L L Ly.cos(pd)  L,.cos p.€+E L,,.cos p.:9+ﬁ)
2 2 3 3
L L 4r 2z
—7“ Li+Lg 7‘ L,,.cos [p.9+7] L,.cos( po) Lm.cos(pﬂ+?)
L L, 2 4r
" - ; _ES Li+Lg LmAcos[pﬂ+7] L,”Acos[pﬂ-#?] L,,.cos(p.6)
)=
L L
Ly.cos(p6)  L,.cos p.49+4—” L,,.cos p4l9+2—” L+Ly - -
3 3 2 2
L. L
L,,.cos, p.¢9+z Ly.cos(pf)  L,.cos p,9+4—” e L.+Lg -
3 3 2 2
4 2z L, 1L,
7%.(‘05(1194»?) Lm.cos(pﬂJr?j L,,.cos(p.0) —2’ —7’ L+L; ]

@ is the mechanical angle between the stator and rotor, and p is the number of

pole pairs. These equations can be simplified into a single non-linear state equation
[BOU 01]:

(1= (1]~ (] +[Gle)[1)) 4.7]

Matrix L is non-singular and its determinant is independent of 6.
4.2.1.2. Fault discrimination

Monitoring three stator or rotor resistances will enable us to distinguish the
healthy operation of a short-circuit or bar break. In fact, a natural evolution due to

over-heating, for instance, results in a simultaneous growth in the three stator or
rotor resistances.

Thus, a rotor fault caused by broken bars will lead to a trajectory where the three
phase resistances are not identical [BOU 01] (Figure 4.2).

RI’ A

c

v

Rr;
Rr

Figure 4.2. Discrimination of rotor faults
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For a stator fault, [MOR 99] proposes the given in Table 4.2 strategy

Fault phase A Fault phase B Fault phase C
Rsa; Lfsa AN Rsb; Lfsb AN Rsca Lfsc A
Rsba Rsc 7 Rsm Rsc 7 Rsbs Rsa 7
Lfsba Lfsc 7 Lfsaa Lfsc 7 Lfsba Lfsa 7

Table 4.2. Discriminating stator faults

4.2.2. Park’s model of an induction machine without fault

4.2.2.1. Model description

The previous equations can be projected into an orthonormal reference frame
dq0 (0 denotes the machine’s axis of rotation) [VAS 92, GRE 00].

Figure 4.3. Representation of reference frame dg

The reference frame dq0 may be:

de de
— connected to the stator —-=0 and —Lt=-w,;
d dt
— the rotor 46, =w, an %: 0;
dt dt

is =w, and a9, =0 -

e e m?>
t

— or the rotating field
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The first case is preferably reserved for synthesizing observers because the
reference frame dq is naturally connected to the reference frame where the
measurable components are projected. The last case is usually reserved for field-
oriented induction machine controls.

The following transform will enable us to change the reference frame:

cos@,  cos(f, —2%) cos(0, +2Tﬂ)

20 . . 2r . 2
T4q0/abe = \/; —-sin@, —sin(6, —T) —sin(6, +T [4.8]
1 1 1

V2 V2 2

with @, as the angle between the reference frame dq and the stator (x = s) or the
rotor (x = sl) depending on the case in question.

We therefore obtain the magnetic equations which no longer involve the angle of
rotation:

"Uds _ LS ‘m ids [4 9]
_yjdr i _Lm Lr | _idr .
_qu_:_Ls Lm—_lqs_ 410
EZS A T [4.10]
_WOS_:_LOS 0 :||:i0s:| [411]
_ijr_ L 0 LOr iOr

and the following electrical equations:

vas | _[Re 0 ][as Ld[Pa] [0 oY
Vs | |0 Ry|ligs | dt|Pys| oy 0 || Py [4.12]

_Vdr_ :|:Rr 0 :|_idr +i l[/dr +|: 0 _wsl:| ﬁpafr
_Vqr_ 0 Rr _iqr dt '[qu Wy 0 ‘{/qr [4.13]
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R, 0[] I'd
Yos _| 7 l.Os +i 0Os [4.14]
Vor 0 Rr lor dt SUOF
The electromagnetic torque then becomes:

Ce = Tdsl.qs - qsids [415]

The previous equations can be re-written in order to show the system in the state
space model form. For example, in a reference frame linked to the rotating field:

ids
i y
x=| ® L u=|"*, X _y.pu [4.16]
¥ Vgs dt
v,
with:
(1 11-o -0 1 l-o 1 |
| — a)e m
ITo I. o o L,T,. o L,
[ 1 ll—aj -0 1 - 1
_a)e |t - m
A= Io I. o o L, o L,T,.
L
> T,
L
L T, (.
. _
0
oL
B= 0 L
oL
0 0
. O O -
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The state space model can also be written according to the stator resistances R
and rotor resistances R;, the stator inductance L, and the leakage inductance N, in
other words: a 4-parameter model:

dX
—=AX +BU
dt
[ Ly+1L, 1
7L 4 s ‘Rs + LS R Wy +L R L(a)s 70)31)
Ll L Lp+L Ly Li+L; Ly
Ly+L
—wy S o R, +7Ls R 7i(a)s —wy) LR
A= Lf LS Lf +L\ Lf Lf‘ LA\‘+Lf
R. LS 0 - R Wy
L+ Ly L+ Ly
0 . Ls -y __R
i Li+Ly Li+Ly |
Lf + LS 0
Ly.Lg
Ly+L
B=| o _Lf ; s [4.17]
f s
0 0
L 0 0 -
s
. . U iqs
With the input vector U = and the state space vector X =
Ugs Var
Yar

These state space equations will be used as a basis for synthesizing the observers
in the reference frame dq0.

4.2.2.2. Fault discrimination

The evolution of the parameters in the induction machine generalized model will
enable us to discriminate stator and rotor faults [MOR 99, BOU 01]:

—when rotor bars break, the estimated values for the rotor resistance increase,
but the values for the stator resistance and the stator and rotor leakage inductances in
fact decrease;
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— during a short-circuit between the stator winder coils, the estimated value for
the stator resistance increases and the value for the other parameters decreases.

Ry R, L, L;
Break in rotor bars N 7 N N
Stator short-circuit 72 N A N

Table 4.3. Parameter evolution according to faults

However, let us note that by minimizing the error criterion, the observation
algorithm corrects the estimated values without showing a physical evolution in the
system. But, observing these parameters will enable to us to discriminate the faults.

Discriminating the healthy state in relation to a faulty state on the one hand, and
different faults on the other hand, therefore requires that we monitor at least one pair
of parameters.

In fact, over-heating may cause the resistances to increase, without actually
being characterized as a fault.

4.2.3. Induction machine models with fault

These models allow us to represent machines with a fault, and to therefore
quantify this fault. However, they are specific to a given fault and more complex
than the previously presented models. Many models have been explored in literature
on this subject, and we can cite Schaeffer [SCH 99a, SCH 99b] or Bachir [BAC 02,
BAC 05, BAC 06], for example. These models, already described in Chapter 2 of
this book, make it possible to represent inter-coil short-circuits. They have primarily
been used with an identification algorithm, but could be used with an observer.

4.3. Observers
4.3.1. Principle

An observer is a mathematical tool which can restore the internal states of a
system using inputs and measured outputs [BOR 90]. It acts as a sort of “virtual
sensor” or “software sensor”. Within this diagnosis framework, it is used to restore
the electromagnetic components which are sensitive to known faults
(electromagnetic torque, for instance, [THO 93, CAS 03], or model parameters
which can change in the presence of a fault).
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A system’s ability to be observed is known as its observability. By definition, a
discrete-time linear time invariant (LTI) system is observable if and only if we can
reconfigure the initial state of the state space vector X(koT.) using the observation of
its input and output over a finite number of sampling periods.

In the continuous case, the state space representation of the time-invariant linear
model of the system is given by equation [4.1]. Observability is a concept linked to
the notion of output sensitivity to the system’s state space. In fact, being able to
observe a system over a time interval Tj,,, amounts to being able to reconstruct the

whole model state space of this system by only using the information provided,
firstly by the sensors which constitutes the model’s output, and secondly, by the
knowledge of the input. The output is sensitive to the state space, and the system is
observable if, with one given input u(¢f) and two non-specific unequal

conditions x(0) # x(0), the outputs, in relation to these initial conditions, are not

identically equal on the time interval Ty, .

More precisely, the solutions to differential equation [4.1] on the interval
Tops =[0,1] are in the following form:

t
xX(t) = ¢x(0) + j 94 By (5)ds [4.18]
0

and the output is given by:
t
(1) = Ce“x(0)+ C J' 4By (s)ds [4.19]
0

Observability is thus equivalent to: for all initial conditions x(0)# x(0),
t > 0 exists, such that Ce™ (x(0) - x(0)) # 0, which shows that the observability of
time-invariant linear models is independent of the input which is applied to the
system. This leads us to the Kalman criterion.

THEOREM (KALMAN CRITERION).— The system given by [4.1] is observable if and

only if the matrix [C,CA,..,CA" 1 is of maximal order (meaning the spatial
dimension of the state space representation).

By using the result obtained from this theorem, it is therefore possible to show
that the state space of model x(¢) can be deduced from the output y(¢) and input

u(t) by differentiating a linear combination of these functions a certain number of
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times. But this is only a theoretical solution because, in practice, all measurements
are biased by noise which makes this method unusable. Another method is to use an
observer, which on the one hand, plays the role of a state space estimator, and on the
other hand, will act as a filter to the outputs.

In the discrete case, i.e. when the inputs and outputs are sampled at the sampling
frequency fo= 1 (T, 1is the sampling period), the model is given by the equations:

e

{xk+1 = Adkxk +Bdkuk [4 20]

Vi = ka +D1/lk

with x; € R";u; e R";y; e RP.

Among the different sampling methods, the most frequently used method is the
zero-order hold method for the inputsu,: the control applied to the system is

constant during interval [kT,,(k+1)T,[ and is worthu, =u(kT,). Between times
kT, and (k+1)T,, by integrating the continuous time linear model [4.1], we then
obtain:

(k+D)T,
x((k+DT,) = e x(kT,) + j AR Bu(kT, ) dt
K,

T,
= T x(kT,) +[( j e dr) Blu(KT,)
0

which gives the following for the discrete model matrices:

T,
Ad, = Ad =" and Bd, = Bd = ( I A dr)B [4.21]
0

Evidently, the discrete output equation is the same as the equation for the
continuous output because there is no dynamic in this output.

The observability of sampled time-invariant linear systems is defined in the same
way as for the continuous case, and the Kalman criterion, when applied to the
matrices Ad and C, is a simple way of testing this observability.
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This observability may be lost, however, due to this sampling, and therefore the
following theorem may help avoid this problem.

THEOREM.— If the time-invariant linear system (TILS) is observable, then a sufficient
condition for the sampled system to be observable is that if, for any pair of
eigenvalues (4;,4;) such that Re(4; — 1 ;) =0, then Im(4; -1 ;) is not a multiple of

2

T,

e

If the continuous TILS is observable, then there is a high chance that the
corresponding discrete TILS is also observable.

This notion of observability for linear model systems can be extended to systems
with non-linear models. However, if this is a global concept for linear models, then
this is not the case for non-linear models.

Either the system is modeled by:

*(0) = %(r) = F(x(O)u(0)
W) = h(x()

Or, more simply by:

x= f(xu) [4.22]
y="h(x)

For reasons of brevity, we will assume that x(t)e R", y(¢)e R’ and that
u(t)e R™. The set of inputs u(.)is such that for any initial condition x, the
differential equation has a single solution written as x,, (¢), defined on a maximum
interval [0,7, \)](acceptable input). We thus propose the following definition for

the observability of non-linear models:

DEFINITION.— (Observability):

1) two initial conditions x = x' are said to be indistinguishable if, for
any  acceptable  inputu(.), h(x, (@) =h(x', (1)) for any te[0,7T]
withT = inf(T(u’x) , T%u,x')) )
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2) if two initial conditions x and x' are such that Ju(.),3¢ €[0,7] such that
h(x, (1)) # h(x',(t)), then we can say that u(.) distinguishes x and x' over [0,T];

3) the system is said to be observable if, for any pair with distinct initial
conditions, it accepts an input which makes them distinguishable;

4) for any input which distinguishes any pair of initial conditions over an interval
of [0,77], then we say that it is an universal input over interval [0,7"] for the system,
or that it makes the system observable over interval [0,7].

We should note that the concept of system observability is initially linked to the
input which is applied to the system, except for the following case:

DEFINITION.— A system is said to be observable for any input if any input makes it
observable.

These types of systems, therefore, are said observable for any input.

4.3.2. Different kinds of observers

4.3.2.1. Introduction

Once we have obtained the system’s observability, an observer can be
synthesized. The nature of the observer depends on the chosen model type (linear,
time-variant linear, affine state-space, affine control), on the structure chosen (for
instance, uniform observability), on the type of observability obtained (high
observability, in the sense of rank condition, local observability, uniform
observability, for any input), and on the usable input (of course, a non-singular
input, but also a regularly persistent input).

We will now present a few types of observers used in fault detection in squirrel-
cage induction motors.

In all the examples, the observer algorithm can be broken down into two phases:
—an estimator reconstructs state X,y of the system by solving the state space

equations modeling the system which has been established using equations in the
machine’s transient behavior:

Xk+l :Adek +Bdek
Y, =CX, +DU, [4.23]
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— a correction phase. This is carried out using a term which depends on an error
generated from measurable components. This gain is fixed according to the desired
dynamics and robustness. It must be adapted to the properties of the system whose
states we wish to observe:

Xobx = Xext + G'(ymeax - yexl ) [424]

Real system
U Xy =4d X, +Bd,U, > Y
Y, = CX,

A<

Figure 4.4. General diagram of an observer

Different types of observers can be distinguished by the gain synthesis method
(term G of equation [4.24]) and the hypotheses given below. We will describe the
most frequently used observers in diagnostics.

4.3.2.2. The Luenberger observer

The Luenberger observer [LUE 71] was, historically, the first observer to be
developed. It can be used for time-invariant linear systems and continuous and
discrete systems. It gives an estimation of the unmeasured states of a system’s linear
model. An observer for model [4.1] is given by:

A A A

x=Ax+Bu+K(Cx—y) [4.25]
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where X is the state space observed by the observer!, K is a gains matrix to be
chosen in such a way that the eigenvalues of A+ KC have strictly negative real
parts. This observer is therefore an exponential observer. In fact, a simple
calculation shows that the error of estimatione(r) = X(¢)—x(¢) is controlled by the

differential equation:

e(t) = (A+ KC)e(t) [4.26]

and if the eigenvalues of A+ KC have strictly negative real parts, then the error
vector tends exponentially toward 0, and thus:

A

lim, ., x(t) = x(t) [4.27]

This observer, which allows us to understand the principle of system
observation, is in fact little used in practice because it is very sensitive to modeling
errors and measurement noise.

4.3.2.3. Kalman observer

For time-variant linear systems (if matrix 4 depends on time: A(¢) ), then the

model is given by:

x = A(t)x + B(t)u [4.28]
y=C(t)x

and the Kalman observer [KAL 60, BOR 93 and DUV 02] is given by:

. A(f) o B(tu+S~'cT ()0(y-C(t) ;)
, [4.29]
S =-0S-SA@t)- AT (1))S - SRS + CT (1)OC(1)

1 We note here that an observer is, in fact, a copy of the model which we add a correction to,
which depends on the deviation between the real output and the observer output. The
observers are constructed in this way. Only the correction term varies from one observer to
another.
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The first equation gives the estimated state. The second is the Riccatti equation
which calculates the observer correction gain. > 0 and the matrices S(0), Q, and

R are chosen symmetrical definite positive to guarantee the existence and stability of
the solution for this equation.

When the discrete model is described by:

{ka = Adkxk + Bdkuk + Gka [4 30]

Vi = Cxp + Dyvy

then G,w, (respectively D,v; ) is a model of the input noise (respectively output

noise).

The Kalman observer is written as:

A A A

X+l = Xke+1/k + Kj o (Viesg — Crog1 Xk+17k)

-1 T el 1
B = 1k +C kR 511Cin)

Xk+l/k = Ady xk+ Bdjuy, [4.31]
T
Beyyi = Adi B Ad) + 0y

T T -
K1 = Ptk C k1 (Cron1 Bk C k1 + Riesr)

In these equations, the notation [I,,, indicates the value of component [T at
time k& +1 knowing instant k , otherwise known as the prediction of component I at
time k+1.

FBy=ald,with a>0. O, and R;,; are weighting matrices, both symmetric

definite positive matrices, which are used to set the optimality of the Kalman filter
(stability, observer convergence speed), and frequently chosen as being the
covariance matrices of the measurement noise: O, = GkaT and R, =Dy HD,(T 4

(in the figure given below, O, =Ry, =1d,). Thus, x;41 is the state space

estimation x;_; and xg+1/k 1s its prediction.

For non-linear observable systems, it is possible to construct an extended
Kalman observer (EKO). This observer comes from the Kalman filter. There are
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three different versions of it: a continuous version, a discrete version, and a
continuous-discrete version. The convergence of this observer is demonstrated in

[LOH 98, LOH 00].

W Vi
v v
Process
Y, Cde + V
)
yF X Wy gt
y e v
¥ i
Ady - K,
k|k Iande
l:l'c|k
=Rk
™ Kt :
>
e A i S S ) e S St et
Kalman estimator

Figure 4.5. Kalman observer

In the continuous case, the observer is written as:

x=f(x,u)+ P%()C)R_1 (y—h(x))
[4.32]

) T ~ T ~
af(x u)P+Pi( )+ 0— Pa;’ (x)R™! ah( )P

A

where gi(x,u) (respectively ?(x,u)) indicates the Jacobian matrix of f
X X
A A T

(respectively of £ ) calculated in (x,u) (respectively in x ), and o indicates the
X
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transpose of the Jacobian matrix of /. P(0), O, and R are chosen symmetric
definite positive matrices.

As for linear models, it is indeed possible to construct an extended Kalman
observer in the discrete case. It has the same shape as the discrete observer for linear
models, by replacing the matrices of the linear model by the Jacobian matrices of the
model’s non-linear vector field.

In the continuous/discrete case, the prediction is controlled by the corresponding
differential equation, with the correction taking place at the time of sampling.

4.3.2.4. High gain observer

The models likely to be observed by high gain observers? must have the property
of being observable for any input, and moreover, have a particular structure.
Through a change in variables, at least a local change and not necessarily a single
one, they must be written in the following form:

z=Az+¢(u,z) [4.33]
y=Cz
21 Zk1
1 22 n Zk2 n, =
With z=| ” |eR" and z; = eRksothath[:n
i=1
Zp ank
N
ueR”, y= y:2 e R?
Yp

2 See [HAM 02] for more details.
3 This variables change is given by a sequence of Lie derivatives
L’/ h,k=1,...,p;i=0,...,n, —1 having to verify certain conditions.
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T4 0 0 01 0 0
0 L0
A=) . . O , with each block: 4; =| : o0
S : 0
0 0 4
(. p 0 . O
¢, 0 0 4
0o .o , *
C=|. . . | witheachblock: C; =(1 0 - 0),¢=|" |and
0 -0, 4
1
P2 . oh
@, =| .~ | vector fields with values in R™ .
¢knk

In this form here, for a high gain observer to be built, then ¢ must verify the
following hypothesis:

HypPOTHESIS H.— There are 2p integers{o-l,az,...,ap}, {51,52,...,5p} , such that

o >0,k=1,...,p,satisfying: for k,/=1,...,p;i=1,...,n;, and for j=2,...,n;, we
O

2l

have: if

(u,z) # 0 for a certain j > 2, thus:

ak+(i—1)5k+%>al+(j—1)é“,

Thus the observer is written as:

A A A

z=Az+¢(u,z) - SélCT (Cz-y) [4.34]
with z =y, for k=1,..., p (outputs injected into the observer) and z =z for:
-kl —ki
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Sps 0 0
) 0o .o
k=1,...,p;i#l,and Sg = S ) and Seak,kzl,...,p
0 0 S,
is the single solution for:
0% Sy + AT Sy + S0 A=CLC, [4.35]

We thus have the following theorem:

Theorem [BOR 91, BOR 01].— If the above hypothesis, HYPOTHESIS H, is

verified, and if the non-linear terms ¢ are globally Lipschitzian, then for each
limited input 36,;V80>6,, equations [4.34] and [4.35] act as an exponential
observer for system [4.33] whose convergence speed is controlled by the value of .

The solution for this equation, in light of the form of matrix 4, gives the

following values as the coefficients of these matrices Sps of the block matrix Se:

i+j ~j—1
el !

LN .. oy P ="
S€<5/c (l,])—Wfor ISZ,] Snk and with ~» pl(n-p)!

The advantages of this observer are that it only requires a few calculations
(online use), and that it only has one level control coefficient (hence its simplicity).
A disadvantage is that it is relatively sensitive to measurement noise.

4.3.3. Extended observer

4.3.3.1. Linearization of non-linear systems

Electrical machines in transient regime are described by non-linear state space
equations. In fact, the state space matrices introduce angular frequencies (relative
speed of the reference frame dp in relation to the rotor or stator).

They are put into the following form:

%( = A(X,0,0)X + BOU +W (1)

and Y = C(X,0,0).X +V(t) [4.36]
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with @ as a parameter vector, W is the noise on the state space, and V is the noise
on the output.

Generally:
L s X0+ w0
Y(6) = h(X(),0)+ V(1) [4.37]

The system is then linearized around a defined point of operation on the previous
pitch by calculating the Jacobian matrices of functions F and H:

FX(),u(t).0) = (@”j and HOX(0.0 —(074]
X=X()

X=X(1)

() }
H )yt | . .
i as the transition matrix from X, toward X, .

and O(k+1L,k) = e[

The state space model thus obtained is then held to the 0 order (constant control
during the sampling period Te), and is discretized:

X, =Ad, X, +BdU, (438]
Y, =CX,

with:

Ad, =e'" =~ I+ AT, + %(A.TE )
% 1

Bd, = [e""Bdr ~T, (1 + 2TeAjB
0

4.3.3.2. Extended systems

Our discretized system is represented by the following equations:

Xy =4d (6,)X, +Bd, (6,)U, +ka
Y, =CO)X, +V,

[4.39]
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where I, represents the noise on the state space, and V, represents the noise on the
k
outputs.

The state space vector can be extended to the parameters &, whose evolution we

wish to trace.

By assuming that there is slow parameter evolution in relation to the system’s
dynamics, then a new state space vector is generated:

X, = {X k} [4.40]

The extended system is, then, modeled by the state space equations.

By modeling the parameter variation by the noise W, the equations for the

augmented system are:

|:Xk+]:| |:Ad (Hk) 0:||:Xk:| |:Bd (Hk ):| {WX/(:|
= + U, + [4.41]
6,., 0 1186, 0 W,

Y,., =[C(6)0] [)ﬂ +,

This non-linear system is linearized around the following steady state:

F(X,u,kT, )=
J(Ad (0)X, +Bd (Hk)Uk)J
Xy

0 [4.42]

0 1

Ad (8,) (

and:

H(X,kT,,) = {C(gk) (W} } [4.43]
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4.3.3.3. Applying observers to extended systems
Observers can be applied to linearized extended systems, thus making it possible

to follow the parameters.

The observer is broken down into a prediction phase (the estimator) and a phase
where the estimation is corrected using the deviation on an instrumental variable

Zr+1 which can be assessed using measurable quantities (we will write this

m ¢
assessment as Zk+1) and estimated quantities (we will write this estimation asZk+1)
generally in the following form:

zf, = HX,, +JX, [4.44]
Often, the instrumental variable is reduced to measurable quantities y,":

z, =CX, [4.45]

The observer algorithm is then broken down over each time step:
— re-calibration of matrices Ad, Bd, C, and matrices F and H;

— a prediction phase during which the state space vector predicted at time (k+1),
written as Xy, is calculated from the state space equations and the state space
vector estimated at time k, written as Xy:

X,, =Ad X, +BdU,

- [4.46]
Y, =CX,

— calculating the gain Gy, according to the Jacobian matrices F and H,
characteristics of the noise, etc.;

— a correction phase of the prediction vector )Nik , using the measurement vector
y,:”H and gain Gy, of the observer. We thus obtain the vector estimated at time k+1,

Xk+1 :

A ~

Xia =X +Glz —z04] [4.47]
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4.4. Applying observers to diagnostics
4.4.1. Using Park’s model

4.4.1.1. Monitoring the rotor resistance

In [BOU 00, BOU 01], an initial extended high gain observer was proposed,
making it possible to follow the rotor resistance and rotor fluxes of axes d and q
based on Park’s two-phase model, described in section 4.2.1.

The algorithm was implanted into a DSP TMS320C31 data board by ©Dspace,
with a sampling rate of 3 10-4 s. It was tested on a 5 kW motor test bench where
squirrel-cage faults can be performed, as well as stator windings and bearings ones.
The induction machine is loaded by a powder brake.

Figure 4.6. Motor test bench

The observer is constructed on a model extended to the parameters and then
reduced.

The machine’s model is the following:

L
X1 = ”‘x3 ids _ﬁxl + (a)s - a)r )'x2
Lr r
c Lx, . X
x> = T Y o—(o,-o,)x, - L—ixz [4.48]
x3=0

with [xl X XJ]T:[(Pdr Dy Rr]T‘

www.EngineeringEBooksPdf.com
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The observer which is extended to the speed and the rotor resistance is thus
given by:

i=f(®)+gR@u —(g(f(t))j S, (h(%) - ) [4.49]

with:

20, 6 0
S,t=16} 6 0
0 0 20,

We write T(x)=[h, (x), L b, (x), b (), Ly ()] with L}, as the first Lie

derivative according to h;in direction f.

We thus obtain:

or Lol 0 0
: (;c(t))} o o i

{5 X R L (0-w)L [4.30]
Adr @dr (bdr

1
The correction term (H()g(t))j S, (h(%)— y)is obtained from the deviation
ox

between the fluxes estimated from the measurements, and the observed fluxes. We
thus obtain a reduced observer.
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The estimated fluxes ¢, and ¢, are obtained using the current measurements:

dp, L L(i
(Dde :4(65 _}esids) - ULF . (l‘k _wviqs] + wv¢qr
ae L, = ‘ . \dt o [4.51]
dp, L .\ oL (i, .
= (Vqs - Rsqu) - I » i —O, |t Py,

dt L,
The parameters 6; are calibrated empirically using the process simulation.

The rotor resistance is initialized at 150% of its nominal value. To demonstrate
the observer’s performances, a resistance variation was simulated during operation

(Figure 4.7).
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Figure 4.7. Evolution of the rotor resistance (measured and observed)

Figure 4.8 confirms the performances of this observer in a real test.

This easy-to-regulate observer (2 coefficients ei i) gives good results in real-
time use.
A Kalman filter can also be used instead and in place of the high gain observer

[SAI 00].
However, in each case, following a single parameter of model (R;) does not

allow us to discriminate an evolution due to a squirrel-cage fault or a normal
evolution in the rotor resistance due to over-heating. It is therefore necessary to

introduce a second parameter to avoid false alarms.
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Figure 4.8. Observation of rotor resistance on a motor test bench — Rr identified at 1.40

4.4.1.2. Following the rotor resistance and magnetizing inductance

[BOU 01] synthesized a Kalman observer extended to the rotor resistance and
the magnetizing cyclic inductance based on the two-phase model in a reference
frame linked to the rotating field. The estimation is based on the extended state
space model, by assuming the slow parameter variations:

j Rr+R°‘i rai 1| 2 AdLlloe +-Ly
1,0 = Lo — — Vi
ds L/ ds s5°gs Lm L/ ¢dr Lf r¢qr O_LS ds

j j R AR | + L 0.0, + R, + ! v
l y = _a) l - - l o r v r T s
qs stds Lf qs Lf ¢d Lm Lf (Dq GLS q

. . R
@, =R,i, —L—(odr +0,9, [4.52]
: . R,
(qu = erqs + a)slq)dr T ¢qr
Lm
R =
L =

Therefore, on a model in the following form:

d

= 1 (%,u) [4.53]
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The Kalman observer is synthesized according to the method described in
section 4.3.2.3.

A simultaneous variation in these two parameters was simulated in the presence
of noise (Figures 4.9 and 4.10).
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Figure 4.9. Evolution of the rotor resistance (observed and simulated)
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Figure 4.10. Evolution of the magnetizing inductance (observed and simulated)
The observer follows the variation of these two parameters perfectly. It thus

enables us to discriminate the rotor fault in healthy operation. It can also be used for
a mains supply or inverter supply.
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4.4.2. Use of the three-phase model

[BOU 01] developed an extended Kalman observer, making it possible to detect
an online asymmetrical evolution in the three rotor resistances of the two-phase
model in the reference frame connected to the stator.

With this model, the system is not totally observable. On its own, the
asymmetrical evolution is observable, but each resistance is not observable
individually.

The estimator is constructed based on the model described in section 4.2.1.

The state space vector is composed of three stator phase currents, three rotor
phase currents, and three rotor resistances.

The extended observer synthesis is described in section 4.3.3.

This observer was validated on the machine test bench described in section
4.4.1.1. The dissymmetry obtained on the three rotor resistances enables us to
perfectly distinguish healthy operation and operation in the presence of a faulty rotor
(4 broken bars obtained through a perforation in the squirrel-cage bars).
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a) Healthy rotor — motor test bench

Figure 4.11. Evolution of three rotor resistances (observed on real measurements)
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b) Faulty rotor (4 broken bars) on the motor test bench

Figure 4.11. (continued) Evolution of three rotor resistances
(observed on real measurements)

This principle could be easily extended to detecting stator faults by following the
three stator resistances.

However, the algorithmic complexity of this observer does not make
operation compatible with online processing. The data is recorded then processed
offline.

4.4.3. Spectral analysis of the torque reconstructed by the observer

[YAH 95] proposed diagnosing induction machine faults through a spectral
analysis of the electromagnetic torque. [SAL 97] proposes a similar method
for analyzing the load. As we will show, this method requires the use of a
flux observer.

The torque can be assessed in Park’s two-phase model, presented in section
4.2.1.2 by the following equation:

T, = plW iy, —¥is) [4.54]

or:

_pL,
© L

r

Woip ~wois) [4.55]
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If the stator fluxes W4 and Ws are used, then they can be estimated from:
l//d.i = J.(Vd.v - Rslds )dt and l//qs = j(Vqs - Rslqs )dt [456]

But due to integration, this method may lead the algorithm to diverge if the
current sensors show an offset. An observer ensures better reconstruction of the
stator fluxes.

If the rotor fluxes ¥y, and ‘¥, are used in an oriented flux vector control, then
they are also reconstructed by an observer.

We can use the following state space model:

%: AX + BU [4.57]

t

with:

\qu
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This model is classically combined with a Kalman observer. As seen in section
4.3.2.3, this makes it possible to reconstruct the machine’s state space and, therefore,
the fluxes necessary for calculating the torque given by [4.55].

The obtained torque is thus analyzed in permanent regime in the frequency
domain (by FFT), or in the slow variable regime, in the time/frequency plane (by
using the Spectrogram, the Wigner-Ville distribution, etc.).

The following figure clearly shows that the component at 4 Hz (the machine is
powered at 50 Hz) of the electromagnetic torque estimated with this method gives a
rotor fault signature.
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Figure 4.12. Component at 4Hz of the torque for a rotor fault

The electromagnetic torque is a relevant component for fault detection because it
is the closest to the electromagnetic conversion and, therefore, the energy transfers.
However, detecting rotor faults requires the machine to be loaded. Off-load
detection is, therefore, not possible.

4.5. Conclusion

We have presented different techniques for diagnosing induction machines,
based on observing the parameters of a healthy model or with a machine fault.

These approaches allow for real-time diagnosis of motors supplied by the
distribution network or by using a converter. However, they remain much less
sensitive than the modeless approaches (using frequency analysis of stator currents)
in permanent regime, particularly for rotor faults [FIL 94].

They may, in addition, be accompanied by parametric identification methods
which enable more accurate fault discrimination. The extended observer which alerts
the presence of a potential fault can then be confirmed, analyzed, and quantified by
an offline parametric identification method, or indeed by another approach.
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They can be extended to other more complex systems. [GUN 09], for example,
proposes monitoring the control of a high speed train drive.
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Chapter 5

Thermal Monitoring
of the Induction Machine

5.1. Introduction

This chapter analyzes the problem of temperature estimation in the stator and
rotor electrical circuits of an induction machine. Its aim is not to give the best
solution, but rather to present the main difficulties encountered by such a study. We
will see that these problems can be found when implementing the estimation
strategy, as well as in the experimental validation of the results.

Initially we will present the main reasons for the thermal monitoring of the
induction machine, as well as the different available methods considered in scientific
literature. We will then focus on approaches based on stator and rotor resistance
estimations using the extended Kalman filter. Finally, we will examine a few
experimental results obtained on a test bench carried in [FOU 05].

5.1.1. Aims of the thermal monitoring on induction machines
The thermal monitoring of an induction machine enables us to simultaneously

meet several objectives, which can be classified in two groups depending on
whether they relate to the availability of the machine or the tuning of its control.

Chapter written by Luc LORON and Emmanuel FOULON.
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5.1.1.1. Machine availability

The first function of thermal monitoring is protection. This is especially
significant as thermal overloads are one of the main initial causes of fault [GRU 08,
SID 05, TAL 07].

This protection has several additional aspects:

— overload protection. Common protections rely on temperature probes position-
ed within the winding ends or equipment (fuses, thermal circuit breakers, digital
systems etc.) which are based on very simple models [DU 08, GAO 06]. These two
approaches have major disadvantages. The first category of solutions is relatively
expensive for a low power machine, and requires additional wiring. The latter can be
a source of fault (false alarm or non-detection). In addition, only part of the stator
winding is monitored. The second approach may turn out to be inefficient, since the
designers of the thermal protection systems generally focus on safety, at the risk of
causing false alarms [GAO 06]. In return, users tend to eliminate these incidents by
reducing the detection sensitivity, at the risk of making the protection ineffective. In
this context, digital systems are more efficient, notably because of their
configuration flexibility, which enables us to better adapt them to the machine
operating conditions;

— thermal fault detection. In case of major modification of the thermal context of
the machine, the latter risks fast overheating. This modification can be caused by
breakdown, clogging of the ventilation system, rise in the room temperature or by
the unexpected appearance of a new heat source (a fault in a neighboring machine,
for example). The previously mentioned protection systems cannot detect this type
of fault, since they only know the nominal thermal model of the machine;

— predictive monitoring and lifetime management. The windings accept a limited
operating temperature corresponding to their class. When this temperature is
exceeded, we consider the lifespan of the insulator to be divided by two for each rise
in temperature by 10°C. By memorizing the thermal history of a machine, we can
thus evaluate its residual lifetime and consider its predictive monitoring.

The induction machine has the reputation of being robust and inexpensive. We
may then ask ourselves about the relevance of equipping it with a protection system.
In fact, in some cases, it is not so much the destruction of the machine which is a
penalizing factor, but rather its unavailability. We then need to install preventive or
predictive maintenance, which will avoid any unscheduled intervention.

5.1.1.2. Tuning of the machine control

Thermal monitoring also enables us to tune the machine control, according to the
evolution of its stator and rotor temperature:
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— tuning the vector control. The rotor resistance R, is one of the key-parameters
of the indirect vector control, which is frequently used in industrial drives. Under the
effect of the temperature, variations of R, can mostly exceed 50%. To be at its
optimum, a vector control must thus take these variations into account. Otherwise,
we would notice on the one hand a deterioration in the dynamical performances of
the response in the torque (but this is often concealed by the presence of
a sufficiently robust speed loop), and on the other hand, which is more problematic
still, an increase in machine losses, which increases its temperature further
[NOR 85]. During the presentation of the experimental results, we observe the
impact of the rise in the rotor temperature on the vector control;

— tuning the control without mechanical sensor. This type of control is very
problematic at low speed, where the stator resistance R; plays a predominant role
[HOL 02]. Numerous control strategies without speed sensors thus incorporate an
estimation mechanism of R,.

5.1.2. Main methods of thermal monitoring of the induction machines

Thermal monitoring methods rely on the estimation of one or several
temperatures within the machine. This estimation can be obtained with the help of
a thermal model or through estimating the resistive parameters of an electrical
model. We will classify the main methods, according to the type of model they
operate: a thermal model, an electrical model, or both simultaneously. We will
compare these strategies by highlighting their strengths and weaknesses.

5.1.2.1. Methods based on a thermal model alone

A thermal modeling of the machine is a complex multi-disciplinary problem and
many approaches are possible [BOG 09, STA 05]. Nevertheless, to be exploitable in
real-time without requiring excessive calculation power, a thermal model must have
lumped constants and be of relatively low order. The most common models are of
the first and second orders, and are generally represented by an equivalent R-C
circuit. The order 2 seems to be the best compromise between complexity and
efficiency. In addition, it enables us to separate stator and rotor monitoring.

We can consider an order reduction technique, to deduce a simplified model
from a model obtained by fine nodal modeling (including up to several hundreds of
nodes) [JAL 08]. But the most common approach is a black box approach, which
relies on a relatively delicate experimental phase [MOR 01, STA 05], notably for
a model of order 2 and a self-ventilated cage machine (the most common in the
industry sector). The stator and rotor losses are then coupled and the thermal model
is variable with the speed [SHE 05].



134 Electrical Machines Diagnosis

The model must also evaluate the main internal losses of the machine [DU 08,
KRA 04, BOY 95]:

—Joule losses: they are the main term (more than 60% of the losses on low
power machines) [DU 08, GRE 89]. These losses are easy to characterize, except for
the fact that they depend on stator and rotor resistance, which themselves depend on
temperatures;

—iron losses: they represent from 20% to 30% of the losses in low power and
include the losses by hysteresis and the losses by eddy currents, which involve
several factors (including the frequency, the amplitude and the waveform of the
induction in the magnetic circuits). The iron losses are thus quite difficult to model
[GRE 89];

— mechanical losses: these are the losses in the bearings and aerodynamic losses
evolving according to the air density and thus once again, to the temperature. These
losses are generally neglected, as they are the least significant ones (about 10% of
the losses) and since their effect on temperature of the machine windings is
negligible.

5.1.2.2. Methods based on the estimation of resistive parameters

We will now consider the estimation of the stator and rotor temperatures through
one of the corresponding resistances R, and R,. This can be done by using an electric
model alone or by coupling a thermal and an electrical model.

5.1.2.2.1. Methods based on an electrical model alone

The most frequent estimation techniques rely on a calculation of impedance in
steady state [GAO 05a, GAO 05b, LEE 02, BEG 99] or on an extended Kalman
filter, which is applied to a state model augmented with stator and rotor resistances
[ALT 97, FOU 07, GAO 05c]. The latter are then considered as unknown
parameters, randomly varying with slow dynamics. Some studies simultaneously
propose an estimation of the speed [ALT 97, GAO 06].

Many authors highlight the problem raised by desensitizing R, when the speed
increases [DU 08, GAO 05c, LEE 02, WEI 07, WU 06]. This situation is all the
more problematic as it is frequent and the stator is the most thermally fragile part.
A similar difficulty appears with R, when the machine is unloaded.

However, this is less critical, since in this case, the losses are low and the
temperature tends to decrease. To sensitize R,, we can consider periodically injecting
a DC current into the machine [PAI 80, ZHA 08, ZHA 09]. Ideally, we would be
able to do this during the stopping phases of the machine, in order not to interfere
with its electromagnetic torque. To compensate for the desensitization of the stator
and rotor resistances, we can also couple their variations, in an elementary way
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(by a total coupling) or in a more subtle way with a thermal model (see following
section). With a Kalman filter, during the adjustment of the covariance matrix of the
state noise, we can possibly consider that the variations of R, and R, are strongly
correlated. Finally, for low power machines which are supplied by the network and
carry out frequent starting, it can be more convenient to only monitor the rotor
temperature [BEG 99, GAO 05b].

In addition, as we will see later on, the other parameters of the electrical model
and notably the L, magnetization inductance must be known with sufficient
accuracy [LEE 02]. We can then plan to take into account the variations of L,, by a
saturation characteristic [FOR 06], as we will see in section 5.5, or to simultaneously
estimate R, R, and L,, [FOU 07].

5.1.2.2.2. Methods based on coupled electrical and thermal models

Another way of solving these desensitization problems would be to combine a
thermal model with the electrical model. For this, several strategies have been
proposed. The first one consists of writing a state model, associating electrical and
thermal state variables. We then apply an extended Kalman filter to this global
model [ALT 97, FOR 06, FOU 07].

As this approach is relatively sophisticated, other more simple solutions can be
considered:

— [GAO 05c¢] uses an estimation of the rotor temperature, which is deduced from
the estimation of R,. It also uses a thermal model of the first order, to estimate the
stator temperature using an extended Kalman filter;

—to estimate the rotor temperature, [KRA 04] alternately uses an estimation of
R,, deduced from the impedance measurement of the machine in steady state, and a
first order thermal model, if the motor torque is too low;

—[GAO 05a] uses an adaptive thermal model of order 2 to estimate the stator
temperature. In this model, the main term (the thermal conductance between the
stator and its environment) is updated due to an estimation of the rotor temperature,
deduced from estimation of R,. This approach notably enables us to detect a
ventilation fault.

5.1.2.3. Comparison and assessment

The main advantages of an approach based on a thermal model alone are related
to its facility of implementation and to the low calculation power necessary for it.
Indeed, the model only involves very slow dynamics. But this is an estimation of
“open loop”, which will be biased if the thermal model or the loss model is
incorrect. This raises two major problems.



136  Electrical Machines Diagnosis

On the one hand, as previously stated, the main characteristic of this model is
generally the thermal conductance between the stator and the outside. And yet, this
conductance is not intrinsic to the machine, since it depends on its mechanical
assembly. We thus need to consider an identification of the thermal model on site.
But this is problematic and industrially unrealistic. On the other hand, this approach
does not enable us to detect a modification of the room temperature or the thermal
model after a ventilation problem, for example.

Methods based on resistive parameter estimations do not suffer from the
previous disadvantages, since the modifications of the thermal environment no
longer disturb the temperature estimation. It is even possible to detect them and
diagnose a fault of the ventilation system. In addition, if we use a dynamic model of
the machine, the flux can be estimated at the same time. This enables us to
simultaneously carry out a direct adaptive vector control. However, these advantages
come at a price, because the electrical model requires a high sampling frequency
(often higher than 1 kHz) and thus a significant calculation power.

By exclusively relying on the electrical model, we can avoid all the problems
related to determining the thermal model of the machine and the influence of room
temperature. Short of having a long length of wiring which would affect the
resistance and the leakage inductance at the stator, all the parameters of the electrical
model are intrinsic to the machine. They can be determined in advance and are not
specific to the machine operation. This approach thus seems to be the better suited
one for an industrial context. However, the delicate problem of the resistance
desensitization, and notably of R, is yet to be solved. The methods based on the
coupling of the electrical and thermal models aim at solving this problem, but they
are relatively complex and rely on a thermal model, whose determination is not
easy. However, the simultaneous exploitation of the electrical model enables us to
reduce the impact of the errors made by the thermal model.

If we plan to build a global state model, it is better to rely on a reduced order
electrical model, in order to eliminate the very fast dynamics of currents and to only
preserve the dynamics of fluxes and that of the temperatures [FOU 05, FOU 07]. We
can thus use a long sampling period and limit the numerical problems in the
estimation algorithms.

In the following sections, we will consider the implementation of an extended
Kalman filter, which is based on the electrical model alone. In a complementary
way, we will find in [FOU 05], the implementation and the exploitation of an
approach based on a global state model (electrical-thermal).
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5.2. Real-time parametric estimation by Kalman filter

Our objective is thus to simultaneously estimate the magnetic state of the
machine (in this case, its rotor flux) and the evolution of the mean stator and rotor
temperatures. This is carried out mainly through estimating the resistances of the
corresponding windings. We thus need to extract pieces of information, which are
structured by a model, from experimental data which is more or less rich in
information and more or less disturbed (due to noises, the inaccuracy of the
measurements and the approximations of the model). When we work in real-time,
this extraction requires recursive optimization techniques. The quality and the
reliability of the obtained information depend on the pertinence of the model, as well
as on the adequacy between the optimizer and the model. One of our priorities will
thus be to define the pertinent models, as compared to the analyzed phenomena. The
models would be fully compatible with the Kalman filter, which we will now
present. The model definition will be discussed in section 5.3.

5.2.1. Interest and specificities of the Kalman filter

One of the main advantages of the Kalman filter is to jointly deliver estimations
and their variance. We thus have at our disposal, not only the information but also
its reliability. In some cases, the latter is equally as important as the estimation itself.
Thus, in a fault detection system, the analysis of estimation variance can be a tool
that would enable us to avoid false alarms. However, if we wish to have a realistic
evaluation of the estimation variance, we need to be able to characterize the
electronic noises and the model errors. But very often, it is a very delicate process.
We will address the problems raised by the adjustment of the Kalman filter by
suggesting a few reflection lines. We can adopt a diametrically opposite approach to
the Kalman filter tuning and thus consider the covariance matrix of the noises as the
tuning parameters of an optimum deterministic filter.

One of the main strengths of the Kalman filter is its robustness as its
convergence is guaranteed when the system is observable. We often criticize the
Kalman filter for being demanding in terms of calculation power. It is thus
imperative, within the framework of a real-time implementation, to choose a
sampling period with respect to the dynamics of the estimated quantities and not by
constraints related to a clumsy discretization technique of a continuous model, as is
often the case. We will revert to this in section 5.3.

Numerous variants of the filter have been suggested, notably in order to avoid
the numerical problems linked to the evaluation of the ill-conditioned covariance
matrix. Despite such variants, the most frequently used form in studies on the
induction machine is the one that was initially suggested by Kalman [KAL 60]. Like
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[CAV 89], we had preferred to use the Joseph algorithm, which is less sensitive to
numerical errors, since it retains the symmetry of the covariance matrix better. In
order to simultaneously estimate the state and the parameters of the machine, we use
an extended Kalman filter. Since this filter poses a few divergence problems which
are difficult to control, Ljung has suggested modifying it by introducing a corrective
term, which involves the sensitivity of the Kalman gain on the estimated parameters
[LJU 79]. However, this modification, which noticeably weighs on the algorithm, is
rarely used. The extended Kalman filter uses a development of the first order of the
non-linear expressions. Filters of higher order can be built on the basis of the Taylor
expansion. We can thus find in literature filters of order two, or else iterative filters,
which exploit several evaluations of the prediction and its variance by recalculating
the tangent model around the last estimation. These approaches are generally too
complex to be exploited in real-time.

5.2.2. Implementation of an extended Kalman filter

An extended Kalman filter is none other than a standard Kalman filter, in which
the evaluations of the covariances are based on the tangent linearized model of a
non-linear system. We will thus start by recollecting the standard Kalman filter
algorithm.

5.2.2.1. Kalman filter algorithm (Joseph form)
Let us consider the discrete state model defined by:

X1 = AXy + BU + W [5.1]
Yk :CXk +DUk +Vk

where Uy, X; and Y, are the input, the state and the output of the model at time #
respectively. W) and V) designate the state and output noises with the covariance
matrix Q; and R;. In theory, these noises must be white, Gaussian, centered
and de-correlated from the estimated state. We will revert to these restrictive
hypotheses.

The Kalman filter is carried out by the following algorithm. The state prediction
X+ 1k and the covariance matrix Py, of its error are given by:

X = AX e + BU; [5.2]

T
B = ABgeA™ + Ok
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where Xy is the optimum state estimation obtained at step k. The prediction of the
output and its covariance are then:

Ve = CXpepe + DUkna

53
L1 = Ch € TRy >3]

Finally, the estimated optimum state at step k+1, as well as its covariance, are
defined by:

Xk+1\k+l = Xk+1\k +Kyq (Yk+l - Yk+l\k )

[5.4]
T
Bevtiert = Beatpe — Kir1 21 K
with Ky, the Kalman gain given by:
T 5-1
Kiert = Bu© 7 L [5.5]

5.2.2.2. Extended state model

In order to simultaneously estimate the state X; of a system and a vector X, of
parameters, we define the following extended state vector:

_| N
fs]

Generally, the discrete time model involving the state noise ) and the output
noise Vj is written:

X kst F(Xp,Up)+ Wi
Xpp1 = = [5.7]

=F(X,Up)+ Wy
FZ(Xk’Uk)"‘Wz,k:l

X k1
Yk :G(Xk’Uk)+Vk

As previously discussed, we will respectively note Oy and Ry, the covariance
matrix of the state noises W; and of the output noises V. When the initial state
model (with the state vector X;) is linear, we can use the classical matrix notations:

X g1 = AX )X o + B(X 1)Uy + Wy i
Y = C(X 1) X1 + D(Xp ) Uy +V [5-8]
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It is quite common not to have at our disposal an evolution model of the
parameters. Their variations are then supposed to be purely random, by writing:

Xo g1 =Xoj + W [5.9]

In that case, only the correction stage of the Kalman filter enables us to estimate
the evolution of the parameters. It is thus better to have a dynamic evolution model
of the parameters. For the considered application, this means a thermal model of the
machine.

5.2.2.3. Algorithm of the extended Kalman filter

The prediction stage henceforth includes the prediction of the X5 4., parameters
in the extended state prediction:

v Xigate | [ A1 X > Ug)
k+llk = =
| Xopst | | F2Xe>Up)

Veste = O ks Upt)

=X Ui [5.10]

In order to determine the covariance of the prediction, it is necessary to linearize
the model which has become non-linear due to the extension of the state.

For this, we calculate the Jacobian of the extended state function:

OF] OFj
OF Xk 9X2x
T |x U = ’ ’ 5.11
é’XK( r+1jk, ") OF)  OF) b1

X Xk Xps e UK

We can thus express the covariance of the error on the prediction of the extended
state:

T

OF
Pt =2 x. U Pt LX) U |+ 512
Kt aXK( x|k ") K|K§XK( x|k ") O [5.12]

Concerning the correction stage, we need to define the Kalman gain, from the
calculation of the Jacobian of the output function:
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6_G(Xk+1wUk+1)=|:a_G oG :| [5.13]
oX, 0X,, 0X,, o
oG " _
K =P & (Xk+1\kaUk+1 )Zk}rl [5.14]
k

with the covariance of the error on the output prediction defined by:

oG oG "
T = a(XkH\k’UkH )Pm\k g (Xk+l\k’Uk+l )+ R, [5.15]

Finally, after correction, we obtain the optimum estimation of the state and of the
parameters:

le,k+l\k+l

Xtjen = X = X T K (Yk+1 - Ykn\k) [5.16]

2,k+1|k+1

The error covariance on the optimum estimation of the extended state is then
defined by:

P -K_Z. K

F, k1l k1 “r g [5.17]

kellerl

5.2.2.4. Initialization of the Kalman filter

Although this subject is rarely discussed, for some of the applications the
initialization of the extended Kalman filter can be critical. This is notably the case
for the estimation of the rotor parameters of the induction machine, since the rotor
flux determines the sensitization of the rotor parameters: when the flux is null,
these parameters are completely desensitized. The Kalman filter may certainly
diverge if an null initial state is chosen, like in most cases. If we seek to only
initialize the state of the model, we can apply a deterministic observer at the
beginning of the test sequence and thus estimate the state before launching the
extended Kalman filter.

However, it is clearly better to simultaneously evaluate the covariance matrix of
the initial state, by taking into account the state noise W, and the structure noise
induced by the initial variance of the parameters. It is best to use a specific Kalman
filter, which is in fact the previous extended filter, in which the vector of the estimated
parameters and its covariance matrix are frozen at their initial values. For this, we need
to cancel the correction phase of the parameters in the extended filter [LOR 00].

Since this second filter does not estimate any parameters, its initialization does
not pose any problem; this time, we can use a null initial state, to which we would
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allocate a large variance. This filter is applied for a sufficient duration, in order to
enable it to converge. We then change over to the extended Kalman filter, by
keeping the last value of the state and the covariance matrix estimated by the filter.
We thus obtain an optimum and coherent initialization (state and covariance) of the
extended filter. This results in a good initial behavior and a fast convergence of the
estimations of the parameters. This mechanism can also be used to temporarily fix
the parameter estimation, if we are able to detect a loss of identifiability of this
parameter. Thus, in the case of the induction machine, it is safer to stop the rotor
resistance estimation, as soon as the reference torque becomes too low.

5.2.2.5. Tuning of the covariance matrices

The tuning of the covariance matrix of the state and output noises is a delicate
matter, especially when we wish to obtain an evaluation of the estimation variance.
Let us be realistic: unless we are in an ideal situation, i.e. if we have white and
centered noises which are un-correlated with the estimated states, as well as a
perfectly linear model, we will often only obtain a rough evaluation of the variances.
This is especially true in the case of an extended Kalman filter. However, it is often
worth trying to adjust at best the variances of the noises W, and V}, by analyzing
the different error sources, whether they are instrumental or due to modeling errors.
This notably enables us to evaluate the impact of these different error sources on the
estimations, and possibly reconsider a sensor choice or an excessive approximation.

On the contrary, the noises W, affecting the parameters generally do not have
any physical reality. These are above all degrees of freedom, which characterize the
dynamics of the parameters. By choosing a high variance, we favor significant
dynamics. Conversely, a low variance produces a smoothing of the estimation. In
practice, this adjustment is carried out by a trial and error approach, since the factors
influencing the dynamics of the estimation are many (the informational content of
the data, the discretization period, the other variances etc.). We will then revert to
section 5.5 to the tuning of the covariance matrix in the case of the induction
machine.

5.3. Electrical models for the thermal monitoring

As mentioned in the introduction, we will consider electrical models only, so as
not to be confronted with the problems raised by the identification and exploitation
of thermal models. Due to these models and an extended Kalman filter, we would
estimate the stator and rotor resistances for deducing the -corresponding
temperatures.

The models that we will build must satisfy the constraints related to using an
extended Kalman filter. We will notably need to linearize the extended model
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around the current operating point. But the main problem would be posed by the
real-time implementation, because of the significant difference of the dynamics of
the state variables; typically the response time of the currents is counted in
milliseconds, the response time of the fluxes in seconds and the response time of the
temperatures in hours.

The currents are accurately measured. Thus, we would define a reduced order
model which will only involve the fluxes and the resistances as state variables. We
will thus be able to work with long discretization periods and lighten the algorithmic
cost of the Kalman filter.

5.3.1. Continuous time models

In conformity to the previous remarks, we would define an electrical model
optimized for estimating the resistances in real-time. For this, the dynamics of the
stator currents won't be taken into account. To write this model, we will use the
following usual assumptions:

— the electromotive force in the air gap has sinusoidal spatial distribution;
— the machine is not magnetically saturated,;
— the neutral of the machine is isolated and the three-phase winding is symmetrical,

— the skin effect, the slot effects and, initially, the iron losses are neglected.

We would use a three-phase/two-phase transformation, which preserves the
amplitudes and not the powers. This results in a factor of 3/2 in the expression of
the electromagnetic torque of the machine. Finally, we would take advantage of the
degree of freedom given by the distribution of the magnetic leakages between
the stator and rotor, in order to group together these leakages on the stator. This
conforms to the equivalent diagram of Figure 5.1a [LOR 07].

This leakage distribution will simplify the writing of the reduced order model,
while making the model completely identifiable. We will note R, the resistance of
the stator winding, R,, the resistance of the rotor winding or cage, L,, the
magnetization inductance and Ly, the global leakage inductance. These parameters
appear in the equivalent steady state diagram of Figure 5.1a, where g represents the
machine slip.
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5.3.2. Full-order model

In complex notations (j°=-1), the electrical equations of the machine are
expressed by:

. do,
US = RS[S +ja)X¢S + *
dt
do.
0=R I, + (@, ~,)p, + -
dt
0. =LI+L,1, [5.18]

¢I‘ = Lm ]I‘ + Lm IS

3 *
Cem = _me Im(lsll)
2

These equations are expressed in any rotating frame at the angular frequency @..
U, designates the stator voltage; /. and /; are respectively the rotor and stator
currents; ¢, and ¢; are the rotor and stator fluxes; L, = Lg +L,, and L,, designate the
stator and magnetizing inductances. The machine has p pole pairs. It has a rotating
mechanical part at the £2,=®,/p speed and produces an electromagnetic torque C,,,.

Rs Is Lts Ir

Us
(o]
a)

b)

Figure 5.1. Equivalent diagram with leakages gathered at the stator
(a) and reorganized diagram with optional iron losses (b)
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5.3.2.1. Reduced order model

By assuming the mechanical speed to be constant or slowly variable, the Park
model of the induction machine leads to a state model of order 4, whose inputs and
outputs are respectively the two-phase components of the stator voltages and
currents. This model turns out to be very poorly adapted to real-time applications,
due to the required computational cost.

Indeed, the discretization of the model supposes the calculation of the
exponential of its state matrix. The exact value of this exponential can be obtained
by diagonalizing this matrix. This requires a heavy calculation for a 4th order model.
This is why many authors use 1st or 2nd approximations. In the case of a small
sampling period, a 1st order approximation can respect the dynamics of the
continuous model, but requires a high calculation level. If it is imperative to use
periods longer than one millisecond, this implies a 2nd order approximation of the
matrix exponential. In addition, the implementation of the extended Kalman filter
requires the linearization of the discrete model with respect to the estimated
parameters. This linearization is much heavier in the case of a 2nd order
approximation. We will thus use a different approach, simultaneously enabling us to
reduce the dimension of the state vector and to obtain an accurate discretization, for
sampling periods longer than 10 ms.

From [5.18], we can write a pseudo-state-space model, where the stator current
and rotor flux respectively represent the input and state variables. The output Y
corresponds to the stator voltage U, from which we have subtracted the voltage
drop in the leakage inductance L (see Figure 5.1b).

For this, we would need to evaluate the derivative of the currents. In practice,
this calculation does not pose any particular problems, since the current
measurements are accurate and relatively little disturbed. The complex equations of
the model in continuous time are then written:

dﬁ: _&"'j(a)m_wx) ¢r+Rr[9
L, :
[5.19]

dly . R, .
Vs:Us—Lfé(j+waIs]:(_L_r+meJ¢r+(RS+RV)IS
m
. T T T
By noting U :[]m Isﬁ:" Xi :[%a %ﬁ] and Y :[Vm Vsﬂ]’ we

obtain the following state-space model:
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X, =A.X,+BU
Y =CX, + DU

[5.20]

with:

R R,
A,=—L—’12+(a>m—a>x)J2, B, =R,1,, C:—L—’12+me2, D=(R;+R,)1,>

4
m m

S DR
= an =
2701 2701 o

Lastly, we have to select the reference frame. We generally avoid the stator
reference frame, which leads to too large angular frequency signals and requires
very small sampling periods. We could consider a synchronous reference frame
linked to an electrical signal, notably the stator currents. This would be pertinent for
an application without mechanical sensor. If we have at our disposal a mechanical
sensor, the best choice seems to be the mechanical reference frame of angular
frequency @, =@,,.

In this case, not only do the signals have a small angular frequency in steady
state (a few Hz due to the slip), but above all, the state matrix 4. becomes diagonal.
This significantly simplifies the discretization of the state model. It then becomes
possible to work with long sampling periods, all the more that the inputs of the
reduced order model (the currents) have much lower dynamics during transients
than the ones of the 4th order model (the voltages).

This model has been successfully used for the real-time estimation of the
electrical parameters of the induction machine [LOR 00, LOR 07]. There are other
approaches leading to a reduced order model. We can find in [THI 01] a summary of
these different approaches. The one that we have chosen involves at least the
electrical parameters of the machine in a very simple way. This will significantly
facilitate the calculation of the linearized model.

5.3.2.2. Modeling of the iron losses

Any modeling error affecting the evaluation of the active power absorbed by the
machine may have an impact on the real-time estimation of the stator and rotor
resistances. Logically, we should take into account the iron losses of the machine;
neglecting them could lead us to overestimate the Joule losses and thus the stator
and rotor resistances.

Unfortunately, taking into account iron losses raises a delicate problem, because,
to our knowledge, there is no dynamical model including them. The most common
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approach consists of introducing a resistance in the equivalent diagram in parallel to
the magnetization inductance. This solution is thus only exploitable in steady state.
In addition, the additional resistance is variable with the operating point and is
variable with the operating point defined by the stator frequency and the flux
amplitude.

In [FOU 05], we have tried to take iron losses into account, by slightly
modifying the state-space model [5.20], in order to preserve its simplicity. Thus, if
we introduce a resistance R, conforming to the diagram in Figure 5.1b, we have
only to modify the value of the stator current according to I; =1I;—1Is . This

simplistic approach has provided disappointing results, sometimes leading to
negative estimations of the stator resistance. This problem notably appears in high
speed or during fast transients, because in both cases, the iron losses are
overestimated. We will thus not take into account the iron losses in in the following
sections.

5.3.3. Discretized and extended model

5.3.3.1. Discretization

The writing of an exact discrete-time model is only possible if we know the
evolution of the input signals during the discretization period 7,. Thus, the control
models assume that the inputs are constant. If, as in our case, this assumption is not
verified, the previous studies [LOR 00] show that we are already quite significantly
improving the accuracy of a discrete-time model by introducing a linear interpolation.
This leads us to inject the average input, which is defined by Uk = (Uk +Upp ) /2 ,1in

the discrete-time model. The latter will have the following structure:

Xl,k+1 = AXm,k + Bd(jk
Y, = CXl,k +DU,

[5.21]

The dynamic matrix Ac is diagonal. Therefore, the writing of the discrete time
model is very easily carried out and without approximation. This will allow long
periods T:

Ad = eACTL’ = ak12

-1
By = A (A4-1,)B, = b1y, [5.22]

with a =e L.y and by, :Lm,k (l—ak)_
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We can notice that the resistive parameters appear in all the matrix of the
discrete-time model. It will thus be necessary to update the complete model in case
of temperature variations. In addition, the output matrix C varies with the
mechanical speed @,,.

5.3.3.2. Extended model for the estimation of R; and R,

The objective of this extended model is to enable simultaneous estimation of the
rotor flux and the stator and rotor resistances.

We thus have X 2T k= [RS, P Rr,kJ . The state and output functions are then given
by:

A Prak + bk Isa,k

_ a, e, +b 1,
FQ, Ty =| [5.23]
s,k

Rr,k

-1
(Rs,k+Rr,k )Isa,k - (pra,er,kLm,k - (Drﬂ,ka)m,k
G( X, Up) = [5.24]

-1
R (R, )1 spk ~ Crp i Re kL ke + Pro kO

with Ts,k = (1 sk sk +1)/ 2. The Jacobians of the extended state function and of

the output are finally expressed by:

a 0 0 Taplyy
oF _ 0 ay 0 TeakTrﬂ,k

- [5.25]
Xy o o0 1 0
0 0 O 1
-1
oG _ _Rr,kLm,k — Oy k Isa,k Ira,k
et O [5.26]
Xy Oy R Lk Lipr Lipk

with Tr,k:<7s,k_§9r,k/Lm) and Ir’k:<lsyk—go,’k/Lm) the average and

instantaneous rotor currents.
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5.3.3.3. Evaluation of the stator and rotor temperatures

The link between the resistance and temperature variations is carried out through
temperature coefficients ¢, and «, of the stator (copper) and rotor (copper or
aluminum) windings:

R =Ry, (14 (7T, )

-7
[5.27]
R =R, (1 +a, (7} — Ty ))

with ac, =3.93 107 °C" and ey =4.03 107 °C™. Ry, and R,z designate the values
of the stator and rotor resistances at the Ty, temperature. These reference values can
be determined in two ways. As they are intrinsic to the machine, we can determine
them beforehand. We can also evaluate them on-site, at the starting of the converter-
machine set. Thus, Rz, will be determined during the magnetization of the machine
and R,z will be determined as soon as the machine produces a significant torque. In
most of the applications, we will be able to suppose that at this instant, the stator and
rotor temperatures are equal to the easily measurable room temperature.

5.4. Experimental system

In the context of this study, the objective of a test bench is to allow the
comparison of the temperature or resistance estimations with the corresponding
measurements. This would pose many problems, which will be mentioned in this
section. In fact, we will have to measure signals of very different natures (electrical,
mechanical and thermal) in a disturbed environment, due to the static converter and
sometimes moving elements (rotor). In addition, some quantities are local
(temperatures) and others are global (resistances).

5.4.1. General presentation of the test bench
On the test bench presented in [FOU 05], we have three machines: two induction

machines of 4 kW on which are carried out the measurements and one synchronous
load machine (Figure 5.2).
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D | O [ ——— L M

Figure 5.2. Test bench machines

The induction machines are supplied by a three-phase inverter piloted by a
dSPACE DS1103 system. The synchronous machine is controlled by an industrial
speed drive. The dSPACE board simultaneously ensures the vector control of
the tested machine and the acquisition of the electrical and mechanical signals. The
temperature and resistance measurements are carried out by a Fluke datalogger.
The synoptic of the bench control is presented by Figure 5.3.

Figure 5.3. Synoptic of the bench control

www.EngineeringEBooksPdf.com
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5.4.1.1. Machines

The first induction machine (on the left of Figure 5.2) has a squirrel-cage rotor,
which is typical for industrial machines. It thus represents the preferred scope. The
second machine (on the right) is a slip-ring machine, which is much more expensive
and whose use is more specific. By authorizing rotor resistance measurements, it
enables us to carry out additional tests.

Each one of these machines can be coupled with the load machine. The
nameplate of these machines and their main features are presented in Table 5.1.
Each induction machine is equipped with an incremental encoder, which supplies
2,048 pulses/rev. This enables speed measurements.

With an aim to identify and operate the thermal model of a machine alone, it was
necessary to minimize the thermal exchanges between the machines. We have
connected them by a rigid coupling in torsion, but enabling a flexibility of layout
and limiting the thermal exchanges between the machines. The three machines are
placed on a metal support. We are therefore required to limit the thermal exchanges
through the support. An insulation was provided with the help of a thermally
insulating plate, which was inserted between the support of each machine and the
bench (white plates visible in Figure 5.2, at the base of each machine).

5.4.1.2. Power electronics

The tested induction machine is supplied by a three-phase inverter manufactured
by the ARCEL company. The power block is made up of four IGBT legs, of their
drivers and protections. The fourth leg is devoted to the dissipation of the braking
energy. The DS1103 board ensures all the control tasks: the generation of the MLI at
10 kHz, the control of the stator currents and the vector control of the machine.
However, the control of the synchronous machine is put in charge of an industrial
drive, which enables us to either control the torque or the speed of the machine. The
change of operating mode (torque or speed) is piloted by the DS1103 board, as well
as the corresponding reference value.

5.4.2. Thermal instrumentation

5.4.2.1. On the induction machine stator

We have installed thermocouples in the stator windings of the induction
machines, within the slots and winding ends, so that we are able to carry out
weighted averages. The layout of the thermocouples in the windings appear easy,
but it is actually not easy to obtain a correct contact between the thermocouple and
the winding in the slots. This is especially difficult in the case of the wound rotor
machine, since the free space in the slots is much more restricted than for the
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squirrel-cage machine. Concerning the winding ends, we would always find a place
to insert the thermocouples. The main problem is to keep them there. Ideally, we
should set the thermocouples at well-defined places, during the winding of the
machine.

5.4.2.2. On the squirrel-cage machine rotor

Due to the restricted space available for instrumentation of the squirrel-cage
machine rotor, we had decided to use an infrared sensor, so that a mean value of the
rotor temperature could be obtained. In order to calibrate this measurement with
respect to the emissivity of the rotor (painted in black), we had drilled upto a low
depth in the rotor, so that we could insert a thermocouple in it. The measurements by
the thermocouple are evidently only possible during rest. The infrared sensor
enables us to make observations in different areas of the rotor through drilling in the
back end flange of the machine. It gives the mean value of the temperature of the
short-circuit ring, when the machine is rotating.

5.4.2.3. At the rotor of the slip-ring machine

The wound rotor of the second machine is more favorable for inserting the
thermocouples. They allow us to continuously measure the temperatures during the
locked rotor tests (for implementing a thermal model, for example). However, when
tests are to be conducted when the machine is rotating, it is necessary to stop the
machine for a short while, so that the thermocouples can be connected. This is a
smaller problem, while waiting for an information transfer system, since the wound
rotor induction machine already supplies an indication on its rotor temperature by
measuring its rotor resistance.

5.4.2.4. Acquisition of thermal measurements

The acquisition of the temperature measurements has been carried out with the
help of a Fluke datalogger coupled to a laptop (the transfer of the data in real-time,
directly towards the DS1103 board not being possible). This would enable us to
record 20 measurement channels in an almost unlimited way in time, with an
acquisition period set at 20 s. The datalogger enables the exploitation of quite
common thermocouples, as well as the measurement of DC voltages. The latter will
be used for the determination of the stator and rotor winding resistances (on the slip-
ring machine). We will revert to these measurements in the following section. In
order to synchronize the measurements of the Fluke datalogger with the ones of the
dSPACE board, the latter sends a trigger signal, which launches a sequence of
automatic measurements of the activated channels.
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5.4.3. Electrical instrumentation

Electrical instrumentation initially involves the stator current and voltage
sensors. These measurements would be injected into the Kalman filter. We could
manage without the voltage measurements and use their references, provided that we
carry out an efficient compensation for the dead times of the inverter. And this is not
an easy task.

In addition, considering the difficulties encountered during the thermal
instrumentation of the machine and the definition of a thermal model, we have
decided to measure the stator and rotor resistances during the test. This would enable
us to evaluate the efficiency of the Kalman filter independently from the thermal
aspects. We will thus be able to compare the measured and estimated global
quantities (resistances) while the temperature measurements are local by nature.

5.4.3.1. Measuring and filtering chain for stator voltages and currents

In order to enable the measurement of the stator currents and voltages of the
machines, we have used a measuring system intercalated between the inverter and
the machine (Figure 5.3). This system measures two line currents and two voltages
between phases, with the help of Hall effect sensors. These sensors guarantee
galvanic insulation between the power part of the inverter and the instrumentation.
To limit the aliasing phenomena due to pulse-width modulation at 10 kHz, we have
used Bessel filters of order 5, with switched capacitors and a cut-off frequency of
1 kHz (this value offers a good compromise between the efficiency of the filter and
its delay). This technology enables us to carry out high order filters with adjustable
cut-off frequencies and with a good matching between filters.

We can thus minimize the phase differences between tracks, which would induce
identification errors. However, the filters with switched capacitors have a slight
offset. Unfortunately, no ideal filtering solution is currently available for a relatively
low cut-off frequency of about 1 kHz.

5.4.3.2. Measurement of the resistances

With the aim of using the winding resistances as integrated sensors, we have
established a real-time measurement method of the winding resistance during the
tests. These measurements should be carried out quickly. During the whole
evolution of the temperature, we have used a voltmeter-ammeter approach, which is
simpler to implement and automatize than a bridge circuit. The voltmeter-ammeter
approach has been restricted with a DC supply which is controlled and is placed in
the current limitation mode, so that the supply currents are not measured. We would
need ensure that the supply reaches its thermal steady state before commencing the
measurements; otherwise, the current would slightly vary.
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Finally, in order to be able to commute windings on the stator and the rotor in
the case of the wound rotor induction machine, we have installed power relays
(Figure 5.3). They commute at the stator the supply by the ARCEL inverter and a
DC supply controlled in current. They also commute short-circuit on the rotor
between the three phases and a second power supply controlled in the current. These
relays are controlled by the dSPACE board.

Given the very low value of the measured resistances, notably at the rotor of the
slip ring machine (of about 0.15 Q2), some precautions would have to be taken.

Thus, during the installation of these relays, we had carried out measurements of
comparative resistances, in order to determine the resistance added by the relays, as
well as the voltage drop, which has been introduced by the slip ring contact. It
turned out that the resistance values, which were calculated by the voltmeter-
ammeter method, were different from the ones estimated by the Kalman filter. This
is later based on the data given by the measurement chain, which is presented in the
previous section.

By observing the difference of the voltage measurements between the two
devices under a same DC supply, we were able to correct the systematic bias on the
measurement. At the rotor, the bias has been reduced by particularly taking care of
the wiring: the use of an unsuitable connector technology (banana plugs) and the
presence of a too long cable (2 m) doubled the rotor resistance. In addition, with the
resistance of the slip-ring contact varying with the rotor position, it is quite delicate
to carry out an accurate estimation of the rotor resistance. To reduce this problem,
we have used an average measurement obtained on an integer number of turns
carried out at 1 rev/s.

5.4.3.3. Measurement protocol of the resistances

The measurement of the resistances on the stator and rotor of the wound rotor
machine requires a complex sequence. Indeed, it is necessary to briefly interrupt the
normal course of the test, in order to launch a measurement sequence including the
injection of the DC currents and the measurement of the resulting voltages.

In addition, we would need to take some precautions concerning the progressive
stopping of the control of the induction machine. We need to monitor the flux of the
induction machine, its speed loop, the control in torque or in speed of the load
machine, and finally the complete stop of the inverter, to avoid the interference on
the measurements of the resistances and temperatures caused by the pulse-width
modulation.

The measurement sequence has been automated, in order to be as short and
unintrusive as possible. The timing diagram associated with the measurement
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sequence described above is visible on Figure 5.4. Despite the obvious sequence of
the phases, it is necessary to provide several observations. The defluxing and fluxing
operations of the machine are carried out at null speed, so that the vector control is
not disturbed. During the voltmeter-ammeter measurements, it is necessary to insert
a temporization between the closing of the relays and the voltage measurements, to
give time to the supplies to change over to the current limitation mode.
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Figure 5.4. Measurement sequence of the temperatures and resistances
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The relatively long time allocated to the measurement by the Fluke datalogger is
due to the sequence backup of the channels. Despite the use of the fast mode which
forces us to loose one digit of accuracy during the measurements, the measurement
by this device remains the longest one. Finally, the measurement of the rotor voltage
takes 2 s, so that we could carry out an average of two complete turns at slow speed,
as previously mentioned.

5.4.3.4. Temperature and resistance measurements

Figure 5.5 shows the temperature and resistance measurements obtained during a
test on the ring machine. The machine has been locked up in a box, in order to
accelerate its rise in temperature. The upper diagram gathers the data supplied by the
thermocouples set at the stator of the machine.

o
£
2
g
<
&
0 500 1,000 1,500 2,000 2,500
Time (s)
ASO —o5—0o O ©
O
9560 ‘yﬂ__e/e/c——o’rc—
5 Q/e/e/ R
g 40 o X
& e .
20 P ek seosnger ¥
0 500 1,000 1,500 2,000 2,500
Time (s)

Figure 5.5. Temperature measurements

We observe that the average temperature of the thermocouples located in the
winding ends (dotted lines) is higher than the temperature of the thermocouples
located in the slots (mixed lines). The difference is of about 8°C.

Later on, we will use the average of these two temperatures (thick continuous
line). The diagram below superimposes this last result on the temperature obtained
from measurements of the stator resistance (circles). The correspondence is
excellent. The second curve (stars) shows the rotor temperature deduced from the
measurement of the rotor resistance.
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We can note that despite all the precautions taken for the measurement of R,, this
remains disturbed. This results in temperature undulations.

5.5. Experimental results

The experimental results which we will analyze concern the comparison of the
measurements and the estimations of the stator and rotor resistances. The tests have
been carried out on the wound rotor machine giving access to R,. The main
advantage of this choice is that we can compare global pieces of information
(resistances), and that the thermal aspects and their localization do not have to be
taken into account. But if we estimate the resistances, we would have to deduce the
temperature variations first.

5.5.1. Tuning of the Kalman filter

Initially, we will specify the tuning of the Kalman filter and observe the impact
of this tuning and of the measurement protocol of the R; and R, resistance
estimation. In fact, this protocol relies on the injection of a DC current at the stop
and can affect the estimations given by the Kalman filter.

5.5.1.1. Tuning of the covariance matrices

To tune the covariance matrix of the state and output noises, we will use the
approach presented in [LOR 00]. It consists of evaluating the Power Spectral
Density (PSD) of the experimental noises, and of calculating PSD of the modeling
errors by simulation.

To consider the colored noises without increasing the order of the model, we
would use an upper bound model [LAR 81]. The variances are first evaluated in
continuous time, before taking into account the discretization period 7,. We suppose
the covariance matrix to be diagonal.

The covariance matrix of the state noises has two sub-matrix, corresponding to
the real state X; (rotor flux) and to the parameters X, (resistances):

1074 0

o 0 i
=T th =
€ { Qz} with 0o 107

s 0
0 and sz{QR }

0 0, [5.28]

We obtain a tuning compatible with a slow dynamics of the temperatures with
Ors = 107 and Qg = 10™*. This tuning will be carried out by default. If we wish to
have higher estimation dynamics (Figure 5.7), we take Qg, =4 10 and Qg, = 10>,
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The covariance matrix of the output noises (mainly related to the errors of
voltage measurements) is given by:

1] 107" 0

R=—
| o 10 [5.29]

5.5.1.2. First estimation of R, and R,

The first test which we will exploit is a relatively low set speed test
(100 rev/min), with a load torque of 25 nm. The speed is quite low and the torque is
high; we are thus in favorable conditions with respect to the observability of the
stator and rotor resistances.

However, Figure 5.6 shows that the estimations are not accurate. The estimate of
R, is particularly incorrect: although its initial value is correct, its evolution does not
absolutely follow the measurement value. However, the R, estimate has a bias
remaining sensibly constant after a few minutes.

1.6 : : : :
Estimates : :
~— ; : e
c -4~ Measurements i e e
\; 14_ ....................... *‘***** ......... .................... ................... =
e L e -4 A y __.\__.\_i__L_L,_“__A_
A : : :
i I i 1
0 500 1,000 1,500 2,000 2,500
Time (s)
1.15 I
Estimates
—~ L1H
c3 ... %... Measurements

1,000 1,500 2,000 2,500

Time (s)

Figure 5.6. Estimate of R; and R, during a steady state test
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5.5.1.3. Impact of the DC current injection during the measurements of R; and R,

Figures 5.7 and 5.8 highlight the behavior of the Kalman filter during the
resistance measurement phase. In fact, the Kalman filter remains active during this
phase: it is not possible to temporarily disable it. Figure 5.7 superimposes the
estimations obtained with a variance of low noise and those obtained with a higher
variance (see the adjustment of 05, section 5.5.1.1). We can note that the estimations
are identical outside the measurement periods.

The latter has no effects on the estimations obtained with a low O, variance.
Figure 5.8 shows a zoom of one of the measurement periods. It shows the sensitizing
effect of the DC current injection. Thus, with a high variance, the dynamics of the
estimation of R; is sufficient enough that it gets close to the measured value.

After the measurement phase, the two estimates converge. The Kalman gain
cancels with the stator current, and the estimation is almost fixed. On the contrary,
the estimate of R, is disturbed during the injection of the DC current in the rotor.
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Figure 5.7. Impact of the resistance measurements and of the Q, matrix tuning
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Figure 5.8. Zoom of a sequence of resistance measurement

5.5.2. Influence of the magnetic saturation

Senstivity studies have shown that an accurate value of the L, magnetization
inductance is necessary, in order to carry out a correct estimation of the resistances
and notably of the stator resistance. This explains the bad results presented in the
previous section. In fact, during the test we had used a non-adaptive vector control.
The latter is thus progressively detuned by the temperature rise in the rotor, as we
would observe.
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Figure 5.9. Evolution of L,, with respect to the rotor flux magnitude

To consider the variations of L,,, two approaches are possible. The first consists
of exploiting the saturation characteristic of the machine, which is supposed to be
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determined beforehand. The second plans to simultaneously estimate L, by
introducing it in the X, vector. In this case, we would increase the order of the
extended model and the complexity of the Kalman filter. We would also increase the
risk of identifiability loss. Thus, it is not possible to estimate three parameters from a
test in a steady state. We will favor the first approach. Figure 5.9 shows the
saturation characteristic of the machine. The measurement points (stars) have been
obtained from the synchronism tests. The Kalman filter estimates the rotor flux.
Thus, we would simply consider its evolution, in order to adapt L,. Figure 5.10
shows the new resistances estimations, as well as the adaptation of L,,. For the latter,
the peaks correspond to the moments when the rotor flux is cancelled during the
measurement phases. We can check that the temperature rise in the rotor tends to
disturb the vector control. The resistance estimations are notably improved. This
time R, has a constant bias. If we are only interested in the temperature, it is possible
to cancel the bias on the temperature, by using an online initialization of the R,
and Trreference magnitudes.
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Figure 5.10. Estimation of R, and R,, with adaptation of L,

The earlier tests have been carried out at low speed. We would now observe the
influence of the speed on the estimations. Figure 5.11 shows a test during which the
speed is changed by steps: 100, 200, 400, 800 rev/min, then back to 100 rev/min.
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Figure 5.11. Estimation of R and R,, at various speeds

The negative pulses appearing on the speed curve indicate the stopping phases of
the machine, for the measuring the resistances. The load torque is also variable: it
varies in steps between 10 and 20 nm with a period of 20 s.

Despite the fact that we had accounted for the magnetic saturation, the estimation
error on R, strongly increases when the speed increases. This highlights the impact
of the desensitization of R; at high speed. The estimate of R, is also affected, though
to a lesser extent.

5.6. Conclusion

The thermal monitoring of the induction machine is thus a relatively complex
problem. On the one hand, the exploitation of a thermal model is relatively delicate
in an industrial context, since this requires a perfect knowledge of the thermal
environment of the machine, as well as its mechanical mounting. This approach is
thus only possible in a well-defined context. In addition, even in this case,
determining the thermal model is not easy. On the other hand, real-time monitoring
of the stator and rotor winding temperatures through their resistances also poses
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several problems. We have presented a technique that is based on an extended
Kalman filter and a discrete-time model of reduced order, which authorizes a large
sampling period (10 ms), in order to minimize the calculation power. This approach
enables us to jointly estimate the resistances and the rotor flux. This has very simply
enabled us to take into account the saturation of the machine. Ideally, we should be
able to separate the rotor flux and resistance estimation, so that we can estimate
them with an even larger temporal step, corresponding to their dynamics. Finally
and above all, we have noticed how the stator resistance could be slightly sensitized,
except at low speeds. This fundamental point is at the core of the problem. For some
of the applications, it will be possible to use resting phases, in order to inject DC
current. We have been able to check its efficiency. However, in most of the cases,
we would certainly associate an estimation of the resistances with a thermal adaptive
model, as suggested by [GAO 05a]. In addition, we have highlighted the problems
raised by the implementation of a test bench which has been designed for this type
of study. We have also suggested several measurement strategies for the
temperatures and resistances.

5.7. Appendix: induction machine characteristics

Squirrel-cage motor Slip-ring motor
Rated power Py=4kW Py=4kW
Power factor cos(¢) =0.78 Cos(¢) =0.8
Phase-neutral rated voltage UN=230V UN=230V
Rated current (star) IN=88A IN=84A
Rated speed Ny = 1,435 tr/mn Ny = 1,435 tr/mn

Table 5.1. Nameplates of the induction machines
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Chapter 6

Diagnosis of the Internal Resistance
of an Automotive Lead-acid Battery by the
Implementation of a model Invalidation-based
Approach: Application to Crankability
Estimation

6.1. Introduction

The ever-increasing draconian anti-pollution standards and the increase in fuel
prices have forced car manufacturers to design new vehicles (stop & go, hybrid
or electrical). The underlying idea behind these measures is to reduce the greenhouse
gas emissions in the cities, either by stopping the internal combustion engine (ICE)
when the vehicle is at a standstill, or by substituting electrical energy for fossil fuel.
The latter involves an electric drive (AC motors), one or several electrical storage
systems such as batteries and supercapacitors, and power electronics
devices/systems (DC/DC and DC/AC converter).

To ensure the proper operation of these vehicles, car manufacturers must
incorporate reliable management systems, which are related to the electrical energy
domain [CHA 03]. These requirements have stipulated that state of charge (SOC)
and state of health (SOH) estimators have to be designed.

Chapter written by Jocelyn SABATIER, Mikaél CUGNET, Stéphane LARUELLE,
Sylvie GRUGEON, Isabelle CHANTEUR, Bernard SAHUT, Alain OUSTALOUP and
Jean-Marie TARASCON.
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Numerous characterization methods [COL 08] and reliable battery state estimators
have been suggested throughout the world. However, most of them deal with the
problem of the SOC estimation [PAN 01, PIL 01, COL 07] only.

The reader who is interested in this matter can also consult [MCA 96] for a
presentation of some of the methods, and [MEI 03] for understanding a specific
application that relates to the battery monitoring techniques of future vehicles.

However, the design of reliable and complete battery state estimator remains a
difficult task, since on the one hand such an estimator must have the following
advantages:

— good accuracy of the estimation;

— fast estimation,;

— robustness with respect to the operating conditions.

On the other hand, a battery is a complex electrochemical system, whose
behavior is:

— non-linear with respect to the stress current;

— with long memory due to the diffusion phenomena;

— sensitive to the temperature and the aging.

where the aging problem is increasingly being considered in the design of battery
state estimators.

This chapter also discusses the battery state estimation. The study is restricted to
the study of lead-acid batteries, since they are the most frequently used storage
device in the present-day vehicles.

However, the suggested estimator is also applicable for other battery technologies,
such as lithium-ion, Nickel Metal Hydride. In the case of lead-acid batteries, the aging
notably results in an increase in resistance (by corrosion, sulfation, conductivity loss at
the collector/active material interface).

Therefore, the measurement of the internal resistance of the battery is a
frequently used indicator. In addition, it has been proved in this article that the
power supplied by a battery is correlated with its own resistance. Due to the fact that
a vehicle start-up requires mostly power (and not energy), the internal resistance can
be used to evaluate the ability of the battery to start the vehicle (crankability).

However, we often mix up resistance measurement and impedance measurement,
which can induce doubt on the relevance of the resistance values used in some
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solutions. An “impedance measurement” is performed by calculating the resistance
as the ratio of the voltage to the current variations on a (short or long) time interval.

This chapter suggests a new way of estimating the resistance and crankability of
a lead-acid battery, from a start-up signal (and thus to design a crankability
estimator), a fractional order model (non-integer order model), and a model
invalidation-based approach.

The fractional behavior (resulting from the diffusive phenomena) of lead-acid
batteries has long ago been demonstrated by electrochemists, but few methods take
this behavior into account. This issue can be explained by the lack of tools for the
analysis and modeling of fractional systems up to about 10 years ago.

At present, such tools are available [OUS 95, MEL 02, POD 99]. In addition, in
the identification domain, several methods have been developed [COI 00, AOU 03],
which enable us to consider and evaluate the battery systems, which have a long
memory behavior (diffusive systems for example). One of the advantages of these
methods is that they can be used to obtain low order models (which can help to use
small number of parameters) of such systems. This property is considered in this
chapter for the modeling of lead-acid batteries.

Since the number of parameters in the obtained models is small, we can develop
simple and efficient estimation methods. The identification of the fractional model of
the battery is carried out on a crancking signal, because this is a very interesting
operating phase to evaluate the battery resistance and the battery lack of power (see
also [SAB 10 and SAB 08a] for a description of the advantages of the cranking phase).

This chapter is organized in the following manner. Section 6.2 provides the
fractional model used to characterize the behavior of the battery from a crancking
signal. The identification method used is described and applied to a start-up signal in
section 6.3. Section 6.4 shows the way in which the obtained fractional model can
be used to estimate the battery resistance, as well as the power it can produce, and
thus its crankability.

The model invalidation-based approach used to estimate the internal resistance is
described and applied to section 6.5. The first estimator resulting from it is then
simplified, in order to obtain an implementable version in a microcontroller. This
version is validated on tests. Section 6.6 introduces the principles of a global state
estimator of a battery that integrates an estimator of internal resistance.

6.2. Fractional model of a lead-acid battery for the start-up phase

It is possible to demonstrate the relation between the fractional systems and the
systems described by a diffusion equation (parabolic partial differential equations).
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This demonstration can be carried out by using the studies presented in [SAB 08b].
For the same reasons, Fick’s 2nd law, which describes the diffusion phenomenon of
the chemical species inside batteries, justifies the use of a fractional model for
modeling the electrical behavior of batteries.

Therefore, the Randles’ model [SAB 06] is frequently used in the literature for
battery modeling. This model is represented in Figure 6.1. The model is developed
by the simplified resolution of the electrochemical diffusion equations [SAT 79].
The Randles’ model is fractional [MIL 93, OLD 74] since it comprises a Warburg
impedance, which is defined by the transfer function [BAT 01]

W(s)z%aeR,}/eR [6.1]

The transfer function of the Randles’ model in Figure 6.1 is therefore given by:

T N [6.2]
(1 +R+ aj
C

if L is considered null, this function is:

RRCs"™ 4+ Ro Cs+(R, +R)s" +o

H(s) =
(S)L =0 s" (RCS +oCs™" +1) [6.3]
. u(?)
C
||
W L R A
———_ I
R i)
T
4—

uwlt)

Figure 6.1. Randles’ model of a lead-acid battery

Relation [6.3] thus shows that the Randles’ model is fractional [SAM 93,
MIL 93]. However, if the study of a lead-acid battery is limited in the frequency
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domain [8 Hz; 1 kHz] corresponding to the spectrum of a start-up signal (see
Figure 6.2), a simpler model can then be used to describe its dynamical behavior.

As shown in Figure 6.2, for a lead-acid battery at 20°C (but this is also true for a
temperature varying from -10°C to 50°C, [SAB 06]), and irrespective of the state of
charge, the phase diagram of the battery frequency response has an almost constant
value in this frequency range, which is not a multiple of 90°.

Such a frequency response can be reproduced by a model that is simpler as
compared to the Randle’s model:

4
S

I+ —
@Dp

Hp (s)=K| — [6.4]
1+—

@Dy

Akin to the Randles’ model, the model with relation [6.4] is also fractional, but is
made up of four parameters, instead of six (a gain K, two transitional frequencies
and @, and the fractional order ).

6.3. Identification of the fractional model

The parametric estimation of the H(s) model of the relation [6.4] involves
determination of the numerical values of the parameter vector:

0=|K o, o, y}T [6.5]

This parametric estimation is based on an output error approach summarized by
the diagram in Figure 6.3 and detailed in [COL 07]. Such an approach has also been
successfully applied to the modeling of thermal systems [SAB 06].

6.3.1. Output error identification algorithm

The set of sampled data is assumed to be made up of K pairs {i(kh),ux(kh)}
(h being the sampling period) and where:

w(kh) = u(kh)+b(kh) [6.6]

b indicates a white output noise.
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since @ is an estimation of @, the prediction of the output error is given by:

e(kh,0)=ux(kh)—i (knh,0 [6.7]
(h,0) = (k1) (K, )

The optimum value of 6 is noted as Oops» and is then obtained by the

minimization of the quadratic criterion:

K-1

J(é) =Y ¢ (kh,é) [6.8]

k=0
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Figure 6.2. Fast Fourier Transform of a start-up signal (a), Bode magnitude plot
(b) and Bode phase plot (c) of the frequency response of a lead-acid battery
for several states of charge (at 20° C)



Application to Crankability Estimation 173

Since the ﬁ(kh, é) prediction output vector is non-linear in 0, the Marquardt

algorithm is used to estimate 6 in an iterative way:

0.=0-{[s,+¢1]' 7] [6.9]

0=6,
where:
) K-1 _
Jy ==22 &(ki)S(kh,0): gradient
k=0
) K-1 . .
Jop =2 S(kh,0)S" (kh,0): hessian
k=0
ou(kh,0)
o0

S(kh,0) = : sensitivity output function

& i control parameter

This algorithm, often used in non-linear optimization, ensures a robust
convergence, even if @ is initialized at a value far from the optimum value.

6.3.2. Calculation of the output sensitivities

The output sensitivity of each parameter of the Hx(s) model is calculated by the
partial derivative of the output prediction:

M:LIHGH@;@)}@:Q]*,-@ [6.10]

Gl ,.
where:
OHp (s) _ 1
kT xir) [6.11]

-1
M:ﬂ£1+i] Hp (s) [6.12]
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-1
OHp(s)  ns s
G LR A
2o, wZ[+“’hJ F(s) [6.13]
- 1+
w
aF(S)zln "\ Hp(s) [6.14]
" 1+
@p

Relations [6.11] to [6.13] can be simulated by using an integer approximation
[OUS 95] and relation [6.14] can be simulated by using the appendix of
[SAB 06].

6.3.3. Validation of the estimated parameters

By assuming that the prediction error is a white-noise sequence with null
average, the covariance matrix of the estimated parameters is given by [LJU 87,
SOD 89]:

. K-1 . . -l
cov(6) =o-{2S(kh, 0)s" (kh,@)j [6.15]
k=
By using this matrix, the variance of the parameters (located on the diagonal)
and the correlation coefficients between parameters (non-diagonal terms) can
be obtained.

6.3.4. Application to start-up signals

Model [6.4] and the parametric estimation method previously described have
been applied to voltage and current signals measured at the terminals of a 60 Ah
(216,000 C) battery during a start-up, where the current signal corresponds to the
input signal, in the framework of this study.

Figure 6.4 shows a comparison between the measured voltage signal and the
signal produced by the model after its parametric estimation. This comparison will
enable us to validate the model and the chosen parametric estimation method.

In addition, we will note that a comparison with a model with integer derivatives
has also been carried out in [SAB 10] and [SAB 08a].
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This model is made up of five parameters and is defined by:

1+ |1+
a)hl Cl)h2
HE(s):K [6.16]
1+ 1+
@p @p

This comparison is summarized in Figure 6.4, which shows that the fractional
model leads to an error three times smaller with only four parameters. On the other
hand, the integer model has five parameters (and this in order to ensure that the
asymptotic behaviors in low and high frequencies are the same). It is therefore
possible to conclude that a fractional model, in fact, improves the
simplicity/accuracy compromise, when it is used for modeling of a lead-acid battery
during the start-up phase.

Temporal responses in i(?) current and in #*(?) voltage of the battery

u*(t) voltage
variations

Simulated voltage

/ variables p ( l) )

+

i(f)

current Hp:(s) model

(Vector of parameters

Non-linear optimization algorithm (Marquardt)

D>

()= u*()-alr)

Figure 6.3. Parametric estimation of the Hr(s) model by an output error-based approach

6.4. Battery resistance as crankability estimator

The start-up of an ICE (Internal Combustion Engine) vehicle relies on the power
which can be supplied by the battery. The start-up function is ensured if:

— the current proportional to the torque supplied by the starter is higher than the
permanent resisting torque of the ICE;

—the voltage linked to the starter speed is higher than the reset value of the
microcontroller, which monitors the vehicle functions.

Several start-up tests carried out on three new batteries (designated by NJS2,
NJS1, and NJSO) and three used batteries (designated by VCN101, VCN102, and



176  Electrical Machines Diagnosis

VCN103) have shown the impact of battery resistance on its power performance, as
illustrated in Figure 6.5.

Voltage U (V)

404 —————— ''''''' """" ---—--- Complete model
. . ' ' Fractional model
'4 .5 T T T T T T T
0 01 02 03 04 05 06 07 08
a) Time t (s)
5

Error of relative identification (%)

4 L (R L .| —--==-- Complete model
| | | | Fractional model

0 01 02 03 04 05 06 07 08
b) Time t(s)

Figure 6.4. Performance comparison of an integer and a fractional model
from measurements carried out on a vehicle during a start-up

The analysis of Figure 6.5 shows that the vehicle does not start if the power
supplied by the battery is lower than 4 kW, or if its resistance is higher than
8.5 mQ. The cause of the non-start-up is not due to a lack of energy, but due to a
lack of power.

The frequency characteristics of several models are obtained through data
collected from several used batteries at different SOF¢ (SOF designates the ratio of
the available capacity to the nominal capacity and is defined by the battery
manufacturer). These frequency characteristics are represented in Figure 6.6.
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Figure 6.5. Evolution of the power supplied by the batteries with respect
to their resistances at an ambient temperature of about 20°C

We notice from these curves that the battery resistance corresponds to the high
frequency gain of the H(s) fractional model (given its null imaginary part in high
frequency). Consequently, it is possible to estimate the battery resistance from a
Hp(s) model, which has been identified with a start-up signal.

However, we need to notice that the battery resistance varies with respect
to the temperature, according to the Arrhenius equation [BOD 77, p. 76], where
characterization of the latter will allow us to update the resistance value, irrespective
of the temperature.

We can also notice in Figure 6.6 that the high frequency gain and thus the
resistance are directly connected to the SOF, so that the lower the SOF, the higher
will be the resistance.

These observations lead to the conclusion that identification of an Hx(s) model
from start-up signals, combined with an SOF¢ estimator and an equation of the
resistance change with respect to the temperature, will enable us to evaluate, not
only the battery resistance for the next start-up, but also the available power, if we
refer to our previous comments related to Figure 6.6. Consequently, this approach
provides an estimation of the crankability.
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Figure 6.6. Nyquist plot of the VCN101 battery models
identified during the start-up at 20°C

6.5. Model validation and estimation of the battery resistance
6.5.1. Frequency approach of the model validation

The model validation method used in the sequel will now be summarized. This
method is the outcome of the works presented in [SMI 92, MOU 04, NEW 98]. In

these studies, it is assumed that the identification of a P, real system has resulted in
creation of a P,,,,(s) nominal model.

The gap between the real system and the nominal model can originate from two
sources: the model uncertainties A and the exogenous disturbances or noises w.

By assuming that these two sources are additive, the residue r corresponding to
the difference between the measured and simulated data is defined by the relation:

r==Ynom =(Pys = Prom ) [6.17]

Let L, be the set of signals, whose norm 2 is bounded (see also [BAT 02] for a

definition of the norm 2 ”"2 and of the infinite norm”'"oo ). Introducing the weighing
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matrices P, and P, used to normalize the frequency signal w, such that welL,,
||W||2 <1, and to normalize the perturbation 4, so that ||A||Oo <1, the Py, system

admits the representation of Figure 6.7.

In order to define the model validation problem, the LFT (Linear Fractional
Transformation) representation is used and applied to the model in Figure 6.7.

From the resulting model of Figure 6.8, the following 4 equations can be
obtained:

r=y-—Ppu v=A4z z=R\v+Ryu y=Pv+Pru+P,w [6.18]

Figure 6.7. Representation of the system

Figure 6.8. LFT (Linear Fractional Transformation) representation of the system

The model validation problem can now be formulated as follows [6.21], [6.22].

PROBLEM 1.— Let a set of models defined by the LFT F,(P,4), so that
sup ,u(Fil(ejm))<l (u designates the structured singular value [BAT 02]) and
@

(u, y) the experimental data set. Is there a (4,w) pair with weL,, ||W||2 <1 and

”A"oo <lg thaty = F, (P’A)”"‘PWW?
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If no (u, y) pair satisfies the conditions of problem 1, then the model is said to be
“invalidated” by the experimental data; the latter cannot be reproduced by any
models considered.

We shall also consider that a model can never be validated (this is thus a
misnomer), but only not invalidated. To validate a model, strictly speaking, we
should be able to test all the possible conditions, which cannot be done in practice.

A model validation problem can be solved by the implementation of an
optimization problem. The problem 1 can thus be reformulated in the following
manner [MOU 04].

PROBLEM 2.— What is the smallest value of /5, so that "A”oo <F and ”W”2 <p
satisfies the following equality, ¥ = F, (P,A) u+P,w?

If the condition S< 1 is met, then the model is not invalidated. Mathematically,
it involves solving the following optimization problem:

A4 <, <B/
LA <l - min{ﬂ‘ Il < 5.4, ’*} 619

wel, y=F, (P,A)u+PWW
ZI

Let S, be the optimum value of 3, so that:

y=F P, Du+Pw
B =min B under |4], < s [6.20]
Iwl, <5

In this study, the validation problem is formulated in the frequency domain (so
that they will allow us to make some simplifications as described later). The
frequency response of the signals required for its implementation is obtained by the
Discrete Fourier Transform (DFT) of input and output data applied to the system.

The input-output experimental data originating from the real system and made up
of N samples {(”k Yi)ik=0,..., N—l} are thus replaced by their DFT
{(U,.Y,);n=0,.. N1}

The P, system is characterized by its frequency response, and A4, designates the
complex matrix of perturbation for the nth considered frequency w, =27z n/N .
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Equation [6.5] thus becomes:

Rn = Yn _P22 (eja),, ) Un Vn =4, (eja),, ) Zn
Zy =Ry (e )V + Ra (&)U, [6.21]

Y= Py (/% )V, Py (€ ) U, + B (£ )W,

If the norm L, on w is replaced by the Euclidean norm, the problem 2 can then
be reformulated in the frequency domain in the following way.

PROBLEM 3.— What is the smallest value of B, so that ”Vn " < By "Zn”, "Wn " < B,
and Rn :PZI Vn+Pan ?

The associated optimization problem is thus Vn =0, ..., N —1:

R, =BV, +BW,
pY = Ir/nglﬁ under V:Vn <BZZ [6.22]

n“~“n"n

* 2
VVn VVn < Bn

This optimization problem is made up of a convex criterion, two quadratic
inequality constraints and one linear equality constraint. It thus admits a LMI
(Linear Matrix Inequality) formulation [NEW 98].

6.5.2. Application to the estimation of the battery resistance

When we are given the relationship between the high frequency gain of the Hx(s)
model (equation [6.4]) and the internal resistance of a battery (see the comments
related to Figure 6.5), it is possible to design a resistance estimator based on the
evaluation of the high frequency gain of the Hi(s) model. This can be done by
applying the model invalidation-approach presented in the previous section.

The application of this approach to the resistance diagnosis of a lead-acid car
battery requires one or several nominal models, depending on the aim one is trying
to achieve. If this aim is to check whether the resistance is below a minimum value,
and prevents the start-up. In this case a single model is sufficient.

However, if the goal is to evaluate the resistance of the battery with an absolute
error of £ ¢ over the AR range, then the N minimum number of models to be used is
defined by the relation:
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N =[4R/2¢] [6.23]

In this application, the objective is to determine the value of the resistance
(and its evolution) during every start-up, in order to define if the power required for
the next start-up may be supplied and thus create a crankability indicator.

For a new battery, as for a used one, many tests carried out on vehicles (Peugeot
407 SW 21 HDI) have shown that the battery was able to start the vehicle when the
resistance varied from 4.5 to 8.5 mQ. The choice of a relative error of + 0.25 mQ in
a 4.25 mQ to 8.75 mQ interval, would require that a battery be represented by a
series of 9 uncertain models, as shown in Figure 6.9.

The nominal models are represented by the following transfer functions
Vi=1,...,9:

[6.24]

— —R=45mQ
—R=50mQ
----- R=5.5mQ
——-R=60mQ
— R=65mQ
----- R=7.0mQ
——R=7.5mQ
---------- R=8.0mQ
———R=85mQ

4 5 6 7 8 9 10 11
Re(Z) (Q) x 103

Figure 6.9. Nyquist plots obtained for each resistance value from a set of
nominal models and their associated perturbation domains
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It is important to understand that the parameter values of these models must be
identified again for any application in which start-up signals would have a different
amplitude (for example in the case of the same battery used with another vehicle).

The weighting P,, = 0.03 weighting is obtained from the analysis of noise in the
battery cranking voltage signal.

Model perturbation P, has been established to define the range of resistance
permissible variation around a nominal model. It is defined by:

S
(1+100j
P.(5)=10.002

~ 7 [6.25]
(12000
2000

The model validation-approach has been applied to start-up data obtained with a
60 Ah-battery (i.e. 216,000 C). The aim is here to check if the P,,, nominal model
and the P, and P, weightings, which characterize the different battery models, are
well calibrated in order to validate the measured signals.

Initially, the validation method is applied to a signal measured on a new battery
at SOC of 90%, whose resistance is equal to 4.75 mQ. The obtained result is
represented in Figure 6.10.
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t
Figure 6.10. ﬂ,?p resulting from the data of the NJS2 battery at SOC 90%
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We can notice in this figure that for each frequency considered, the value of

t . . . .
B is less than 1. The model of a battery, whose resistance is 5 mC2, is not
invalidated by the data, where the data measured on a battery whose resistance is
4.75 mQ.

The validation method has also been applied outside the domain + 0.25 mQ. As
shown in Figure 6.11, data from the used battery VCN101 at SOC 90%, whose
resistance is equal to 6.05 mQ, invalidates the 5 mQ battery model.

A similar test has been carried out by using the data coming from a used battery
at SOC 40%, whose resistance is equal at 10.13 mQ. These data again invalidate the
model corresponding to a battery with a 5 mQ resistance.
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Figure 6.11. ,Br(z)p resulting from data of the VCN101battery at SOC 90%

6.5.3. Simplified resistance estimator

The major problem of the solution presented in section 6.5.2 is the double
optimization on the perturbation and the noise (w, 4). This leads us to solve a
problem based on LMI, which cannot be implemented in a car microcontroller. The
simplified version of the battery resistance estimator presented in Figure 6.12 has
therefore been suggested.



This simplified version can now be implemented in a microcontroller, since, as
shown in Figure 6.12, only a limited number of basic operations are necessary for

the implementation.

In order to facilitate the description of this simplified method, it has been
assumed that P,,= 1 and that w is a white noise of b,,,, maximum amplitude and null
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mean value. Let be y(¢) = ucrani(?) (voltage) and u(?) = icpun(?) (current) in Figure 6.7.

Ueranic (1) = x; (1) + v; (£) + w(t) [6.26]
the v; signal is given by:
Vi () = gy (1) — x; () = W(2) [6.27]
Starting ir;formation J Signal processing
E i(t) |a Acquisitionand | i (t) - ig () Suppression of |igem(t)
! © formatting of the SO LO\:t-l}l) ass ﬁltimsn R the first samples E
E u(t) | values measure at ustack(t)‘ o f_elsolgn IjIl Sa ugi(t) where Ugem(t) | !
: the starting - — z i Tseuil :
, b b Calculation of the High-pass E
E MaX 1 maximum amplitude - b(t) of the Ugem -— | !
: of the noise at f=1kHz ;
\ I
| Model invalidation |
; c P Z(t) ¢ Calculation of B E
'|| = uncertainty > T E
i model %f(udem(r)—uim)z 0+ by VU [y
E Ugem() | Bi(t) = - :Yi | the resistance B»E
E u(t) \/ szz (1) dt Moy | Rerk) i
; d Puu() |y :
E L] nOmiE’lé)il :u‘(t)V Invalidation criterion ofy E
; models Iun(t)‘ ¥ = IBi®)lloo :
| } b ;

According to this figure, for each nominal model of i index:

Figure 6.12. Simplified battery resistance estimator based on an
approach of model validation
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The v; signal energy is given by (¢, designates the start-up instant and #,,,,- Z,, its
duration):

Conax ~La Tmax ~La

V(1) di = J- (erank ) = x; (t)—w(t))2 dt [6.28]
0 0

In practice, the disturbance v; cannot be calculated because the noise signal w is
unknown. However, an upper bound of the energy of w is known and an upper
bound of relation [6.29] can be obtained:

e t

max

V() dt < (therame () = % (O)) dt + J' WO dt [6.29]

ta Tmax ~la

max

An upper bound of g; related to 4; is thus:

t
I(”cmnk (0)—x; (7))2 dt + by, \/;
0

Iv®],
DO = <B@) = 6.30
Jzz(r) dr
0

Thus, the validation criterion is defined as the maximum value of |:Bi| , which
verifies the constraint:

vi = B0, <1 [6.31]

Let R = r(i) be a function associating the i index (index of the P,,,(i) nominal
model) with a value of battery resistance R. The nominal models are assumed to be
classified in ascending order of the resistance values characterizing them. Therefore,
r(1) designates the smallest resistance which ensures the start-up and r(n), the
highest. To determine R, it is necessary to answer the question: is there a model of k&
index which can verify relation [6.31]? Let N be the number of not invalidated
models, which verify this condition. The method used to estimate the resistance of
the battery depends on N, as indicated in Table 6.1.

As an example, this simplified method is applied on the data generated by a
battery, whose internal resistance is 6 mQ. For this set of data, Figure 6.13 shows
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the evolution time of the limit of f (upper bound of A according to
condition [6.30]).

N Estimation of the battery resistance
N=0,71<7n Battery in short-circuit: R < (1)
N=0,7">7n Discharged or old battery: R > r(n)

N=1 Ike[lsn]/yp <1 = R=r(k)

N>1 Minimum Yalue of y:
(1st method) Alkellsn]/ yp =miny; = R=r(k)

1
Weighted mean:

N>1 051 ]

(2nd method) vi={ily<1} R=| Y =LY —
TR 77

Table 6.1. Method to determine the R value of the resistance of a battery
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Figure 6.13. Values of B obtained for each model

According to this figure, three models are not invalidated, since, f is less than 1.
According to Table 6.1 and since this is the case N > 1, two solutions can be used in
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order to estimate the resistance. The first solution consists of keeping the model
which has produced the lowest value of .

The value of the obtained R resistance is then R = 6 mQ. The second solution
takes into account, through a weighted mean, all the values of  which are equal to
or less than 1. This solution leads to R = 5.99 mQ.

The good results obtained in the previous example show that the simplified
solution of the resistance estimator (version implementable in a car microcontroller)
produces accurate results.

6.6. Toward a battery state estimator

An advantage of the previously described estimator is that it can be included in a
more complex system, which is able to supply information related to the global state
of a battery in terms of SOC (state of charge), SOH (state of health), and SOFc (state
of functioning). This estimator is presented in Figure 6.14. By using only three
measured magnitudes (voltage, current and temperature), this estimator is able to
provide us with the necessary indications for the monitoring of the energy and the
battery power.

From a series of starts-up carried out on new and used batteries, the
identification of their dynamical behavior has enabled us to evaluate their
resistances (as shown in section 6.4), besides the evolution of this resistance in the
function of the SOC and the SOH, with the help of fractional models.

These characteristics are used in the estimator in Figure 6.14, in order to predict
the performances in power of the battery and its ability to start the vehicle. The
operation of this estimator is described in [CUG 09, CUG 07, CUG 09] and will be
illustrated in a subsequent chapter.

6.7. Conclusion

This study has shown that the electrical signals measured at the terminals of a
battery during the start-up of a thermal motor are, in fact, exploitable in order to
design an internal resistance estimator. The start-up capacity of a battery only
depends on the power which it can release. This power can also be estimated from
its internal resistance, as it has been shown previously.
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The internal resistance of a battery can therefore be considered as a crankability
indicator (associated with an indicator of SOFc and a law of resistance variation
with the temperature). Determination of an efficient mean of measuring the
resistance of a battery involves evaluating the high frequency gain of a simple
fractional model (which has only four parameters) from measured electrical signals
at the battery terminals. The use of a technique of model validation will then enable
us to create a new estimator of battery resistance.

However, due to its calculation complexity, this estimator cannot be
implemented in a car microcontroller. Due to this reason, a simplified version has
been developed and validated by using experimental data, in order to consider and
evaluate the requirements of the industrial sector.

Due to the fact that the resistance of the battery varies with its age, such a
solution can be used, coupled with a temperature measurement (due to the
dependence of the battery resistance with the temperature), in order to diagnose not
only the crankability, but also the battery state of health.

This issue has been discussed by the authors in a new article, in which they have
proposed a more complex tool [CUG 09, CUG 07, CUG 09], which integrates the
estimator (the subject of this work), in order to enable a global estimation of the
battery state.
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Chapter 7

Electrical and Mechanical Faults Diagnosis
of Induction Machines using Signal Analysis

7.1. Introduction

At present, the usage of fast and accurate digital processors is very important,
whether for controlling driven processes or for monitoring electrical actuators alone
or in their environment. Although processes are more frequently operated at variable
speeds, we will limit our study to monitoring and diagnosing the induction machine
powered by the electrical network. In fact, there are still many applications, where
the machine is directly connected to the electrical network. Irrespective of this
operational safety, monitoring, diagnosis or prognosis of the power supply and motor
set are highly important in some cases, so-called sensitive applications. When a
fault begins to occur, it is virtually invisible. In spite of this, its evolution may propagate
and become a source of other problems and lead to the shutting down of the process.
Let us note here that an off-centering fault may generate a homopolar current in the
induction machine, problematic for the ball bearings or bearings. Because of this, a
change in behavior may be invisible at the beginning and would make diagnosis difficult
or even impossible. This is a real challenge and is thus difficult to overcome.

Due to this problem, while using signals we must conclude with a faulty or faultless
operation, and thus the process is programmed to shut down. This is either to replace
the failing element or part, or simply to program an overhaul of the whole process.
Scientific activities in the diagnosis and prognosis domain, as well as indirect financial
interests, still hold enough importance to bring together and motivate our community
of researchers.

Chapter written by Hubert Razik and Mohamed EL KAMEL OUMAAMAR.
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Among the existing faults, we can cite rotor bar breakage or squirrel-cage end-
ring breakage, which induces premature aging in the transmission component of
the mechanical torque due to fluctuations in the torque and propagates this fault
to its adjacent bars [BON 88]. The current amplitudes change and increase, which
unfortunately increases electrodynamic strains. These strains, although secondary, may
be dangerous for the operator and the production chain process.

There are relatively few statistical studies, and the articles used relate to data
recorded 20 years ago. Irrespective of the case, we have taken most of the following
figures from [THO 01] which are listed in Table 7.1. Others such as [BON 92, HEI 98,
FIS 99, MEL 99] propose different data, putting the rotor fault in second or even third
place.

Area of fault | Distribution according to the number of faults (%)
Bearing fault 41
Stator fault 37
Rotor fault 10
Other 12

Table 7.1. Fault statistics

However, we must be skeptical since the progress is continuous and, consequently,
interferes with this data. We may emphasize here, for example, that the problems
concerning faults on inter-bar connections between the rotor and the squirrel-cage
have now been partly solved. Thus, the existing statistical tables in available literature
may not be updated and would not be useful.

Irrespective of the above facts, the main causes leading to failure must be detected
as early as possible. For diagnosis or prognosis, it is indeed necessary to carry out
one or many analyses on site in order to interpret the signals coming from sensors, in
terms of frequency and time. The signals that facilitate a diagnosis can be acquired by
measuring the current absorbed by the electrical motor, the square of this current, the
instantaneous power, Park’s vector, axial or radial vibrations and, to a certain extent,
the audible noise.

In this chapter, we will also approach the diagnosis of a process driven by an

induction machine. We will explore different types of failure and educate our readers
of the difficulty of establishing a reliable diagnosis.

7.2. The spectrum of the current line

Mostly, rotor failures develop gradually over a period of time. They are slow
evolving phenomena, which enable the induction machine to guarantee a lower quality
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operation. In fact, an oscillating torque may be generated, resulting in vibrations
and causing an increased level of fatigue in the motor and during the drive process
producing. Detecting a break down due to a rotor fault is classically achieved by using
the spectral analysis of a signal coming from a sensor, which may be an accelerometer,
a current sensor, etc. To achieve this purpose, we have represented the spectral content
of a current absorbed by an induction motor (working at mid-load), when there is no
fault (Figure 7.1), and when in the presence of a broken rotor bar (Figure 7.2). A quick
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analysis of these spectra demonstrates the depth of these contents and the difficulty of
obtaining a safe and reliable diagnosis.

7.3. Signal processing

Atpresent, we are noticing a growing need to monitor the behavior of driven systems
which evolve in a “healthy” operating mode towards a known mode of operation
(or even unknown), whose mode can be dangerous and disastrous. Therefore early
detection of this evolution towards an undesired mode must enable us to anticipate
diagnosis by using monitoring techniques, before the process reaches this point. Thus,
the methodology consists of favoring an online monitoring which implements the most
rudimentary algorithm, known as the Fourier transform (whose spectrum will not be
continually updated), or even better, the sliding discrete Fourier transform (SDFT). We
will also briefly return to a few concepts and limitations — conditions of use.

7.3.1. Fourier’s transform

One of the main disadvantages of the discrete Fourier transform is the need to
possess all the samples of an acquisition sequence, in preparation for estimating the
spectral content of the measured signal. This type of algorithm requires a number of
acquisitions equal to the power of 2 (more precisely 2%V, where NNV is the number of
samples). In addition, the desired spectral resolution is equal to AF' = % = %, where
AF is the spectral resolution, F, is the sampling frequency and 7T is the acquisifion time
of the signal to be studied. This naturally imposes extreme conditions on the process’s

operations, the most restrictive condition being operation in stationary regime.
The discrete Fourier transform of a final sequence of N samples z(p — n)T, at a
time ¢ = p.T, can be obtained by the following expression:

1 N—-1
X, [k = > a(p—n) Wit [7.1]

n=0

with:

327mk> (72

nk __
Wy" =exp ( N
withnask=0,1,2,..., N — 1.
When the number of available samples is less than the required length [V, then the

number of missing samples will be reduced to zero, according to the “zero-padding”
technique.
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7.3.1.1. The sliding discrete Fourier transform (SDFT)

The need to constantly update the spectrum of the signal to be analyzed has led
to the design of an algorithm based on a “sliding” approach. This enables each new
sample to update the estimated spectral content of the signal. This is clear that, for
“real-time” and online application means, the calculation time must be lower than the
sampling duration.

By writing equation [7.1] in the following form:

N-1

1 1

X, [k] = ¥ § z(p—n) Wik + ~* (p— N) WL* [7.3]
n=0

then it is easy for us to introduce the induction expression as follows:

X, [k] = (‘"” (p) = fv(p — N)> +WE X, 1 [K] [7.4]

knowing that X,,_; [k] is the previously calculated discrete Fourier transform (DFT)
attime t = (p — 1)T,. We thus have the expression of the SDFT, rendering it possible
to update the spectral content of the signal to be analyzed at each sampling moment.

7.3.1.2. Zoom effect for the sliding discrete Fourier transform

The zoom effect observes a part of the initial spectrum obtained at a sampling
frequency of F, with a defined number of samples, IV in a more accurate and detailed
way. No specific problems are caused in the case of the SDFT carrying out the zoom
function. As the spectral resolution is low, the number of samples required will go
from NN to N, and, on the other hand, the spectral analysis on a desired band frequency
[f1; f2] is now possible by limiting the exploration range, i.e.: k € [ky; ks).

X, [k] = <x (p) = ?vip = N2)) +exp (‘ﬁ:k) X1 [K] [7.5]

The spectral resolution will therefore be equal to AF = % [ABE 02] gives a
simple example of the layout of this sliding discrete Fourier transform.

7.3.2. Periodogram

The power spectral density (PSD) of a signal is based on the following relation:

N—1 2

Z m(n) e—]271'fn

n=0

- 1

Po(f) =5 [7.6]
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Irrespective of the case, such estimation of the PSD may be considered as to come from
a signal filtered through a filter bank with a bandwidth at —3 dB close to % To guard
against an effect linked to raw signal processing, it is recommended to use a weighting
window such as the Hanning window, etc. [DID 04]. In addition, the expression of the
equation for estimating the PSD thus becomes:

_ 2
Bl = L[5 wim amy o (7.7
x N — .

where w(n) corresponds to the weighting window equation.

An initial characteristic of the periodogram is the independence of the PSD variance
with the number of samples. The second feature is that the PSD estimation is biased. In
addition, the increase in /N will influence the bias alone but not the variance. This leads
us to use methods which reduce this variance, and therefore the noise of the estimated
spectrum. For this, we can consider the Bartlett or the Welch method which is better.

7.3.2.1. Bartlett method

Based on the knowledge that the spectrum noise is independent of the length N
of the number of samples to be analyzed, the Bartlett method divides an “average”
estimation of the signal, into S sections of M samples. In addition, the PSD is thus
obtained as follows:

P.(f) = % i % > w(n)z(n) e 7>/m [7.8]

7.3.2.2. Welch method

The Welch method is distinguished from the Bartlett method by the fact that sections
S overlap. An overlapping of 50% reduces the PSD noise obtained by the Bartlett
method by nearly 50%. This method is expressed in the following way:

. 1 S—1 1 M-—1 2
P = 5 2 4 57 | 2 0ot (- DOy 79

with 1 < s < .S, and C as the number of samples which overlap (1 < C' < M).

Of course, there are other types of estimators.
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7.4. Signal analysis from experiment campaigns

Two test benches were required for the experimental study of different faults
which may affect an induction machine. These benches were MAS; and MAS, whose
characteristics are highlighted in Table 7.7. The first one was located in the GREEN
laboratory (Groupe de Recherche en Electrotechnique et Electronique de Nancy) and
was composed of an induction machine coupled with a DC motor as a load. The
signal for diagnosis was acquired by using a GaGe data board (CS 1602), to which
the current, vibration and audible noise sensors were connected. For the inter turn
short-circuit tests in the induction machine, the second test bench was from the
Laboratoire d’électrotechnique de Constantine (LEC). The tests were carried out on
a MAS; induction machine, re-wound for this purpose, whose characteristics are
displayed in the Table 7.7. The short-circuit current was recorded using the LeCroy
oscilloscope (WR60500). The data was processed using the MATLAB! software in
order to analyze the signals.

7.4.1. Disturbances induced by a broken bar

Rotor failure may mainly occur at the short-circuit bar/end-ring intersection. This
failure is analyzed by comparing it with a signature/a witness of healthy state. In
addition, the current spectrum measured in situ will be affected by markers which are
specific to the fault.

7.4.1.1. Stator current analysis

Breakage in a section of the rotor bar, of the bar/end-ring intersection of the
short-circuit, or a break in a section of the end-ring, leads to the occurrence of lines
given by the following relation:

Jorie = [1 £ 2ks] fs [7.10]
where s is the slip, fs is the power supply frequency, k=1,3,5....
Other signatures for broken bar faults are given by Deleroi [DEL 841]:
fon = [h(1 = 5) £ 5] f, [7.11]
with A as the order of harmonics, h=1,5,7 ....

If we consider the effects induced by speed oscillations of the mechanical shaft,
then frequency lines appear according to the following relation:

fsh =[h(1 —s) £ s+ 2ks] fs [7.12]

1 Matlab is a commercial product: www.mathworks.com.
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However, the spectral content of the current is also affected by high frequency
harmonics. In particular, they are located around the rotor slot harmonics (RSH) whose
relation will be shown here:

AN,
b

fsh fs[ (1s)j:1j:2ks] [7.13]

where k=1, 3,5 ...and N, is the number of rotor bars.

Evidently, an oscillation in the load torque with a multiple of the rotation speed f,
will induce lines in the stator current spectrum on the frequency:

Froad = fs £ kfy = (ukl;S) fe [7.14]

with k =1, 3, 5 ...and N, as the number of rotor bars. Let us note here that these
frequencies also correspond to those induced by an eccentricity fault. However, their
increased amplitude is more sensitive in the case of eccentricity than for a case of load
oscillation. Due to this, these lines will not be monitored without its problems when
using classic techniques.

For this purpose, we have represented many current spectra absorbed by the
induction motor, whether it is failing on the rotor or not, and on different frequency
ranges.

In Figure 7.3, we show two stator current spectra around the fundamental harmonic
with the spectral content on the left when the motor is healthy (Figure 7.3a). In fact,
there is no alteration here, since there are still natural imperfections in the machine. On
the right (Figure 7.3b), we show the spectral content when the rotor displays a failure,
more precisely, when there is a broken bar in the squirrel-cage. We may notice the
presence of lines indicating the bar fault and in addition the presence of lines relating
to an eccentricity in the rotor in relation to the stator.

In Figure 7.4, we illustrate two spectra on the frequency range around the 3rd
harmonic as well as the 5th harmonic in Figure 7.5. We can clearly see the lines
generated by a speed oscillation caused by a rotor broken bar. Hence we could see a
clear manifestation of significant lines (markers) which can offer an efficient diagnosis.

In Figure 7.6, we show two spectra on the frequency range around the frequencies
indicating that the rotor is composed of a certain number of slots (28 in this application).
Yet again, lines appear due to the rotor slotting. These lines indicate the presence of a
rotor squirrel-cage fault at high frequency.

We therefore have a certain number of frequency ranges which could give an
efficient diagnosis. Hence, we can choose our own range to decide on the type of
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fault. Most of the articles from the scientific or industrial community are limited on
exploitation of the spectral content around the power feed frequency of the induction
metal. In fact, the capacitive and inductive effects may alter the diagnosis by reducing
the sensitivity of the amplitude variations of the emission lines according to the level
of fault studied.

7.4.1.2. Vibration and audible noise analysis

A broken bar may cause unbalanced radial forces. These forces rotate with the
rotor at a constant load, plus a load which evolves at twice the speed of the sliding.
Consequently, as [SCH 04] underlines, the forces acting on the bearings will have
frequency components given by:

fobe =hfr £ fp [7.15]

where f, = P.fy corresponds to the pole pass frequency (PPF), fo = fs — f; is the
slip frequency, and P is the number of poles.

We may see other frequencies in the vibration spectrum which are indicated by
the lateral lines £2 f, around the rotor bar pass frequency (RBPF), which is given by
RBPF = N,.f, [SCH 04]. They are thus expressed as:

fvbc:Nrfr:t2fs [7.16]

Figure 7.7 shows the fundamental harmonic of the stator current spectrum of the
induction machine operating at a charge of 50%. On the one hand, we can distinguish
a significant increase in the component amplitudes whose frequencies are f; — f
and fs + f. (Figure 7.7b), which are already present in the spectrum of the healthy
machine and are due to natural dynamic eccentricity (Figure 7.7a). On the other hand,
considering that the rotor is faulty, the frequency lines relating to this type of fault
are clearly seen in the spectrum. In the same way, observing the harmonics induced
in the current under the speed ripple complies perfectly with the generalized formula
given by [7.10]. The component at a frequency of f; — 3 f;- given by equation [7.14]
does not appear in the healthy spectrum, and appears when there is a fault. This is the
consequence of having a particular form of eccentricity which is introduced by the
broken bar fault. Let us note that there can be lateral bands around the fundamental,
even when the machine is healthy.

Figure 7.7 shows the presence of lateral bands around the 3rd harmonic in the case
of a healthy and faulty rotor. According to equation [7.12], the main difference is the
significant increase in the amplitude of these components in the case of a fault.

Figure 7.8 mainly concerns the frequency band around the RSH in the healthy case,
and also the lateral bands induced by a broken bar fault [7.15].
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Figure 7.9. Noise spectrum around the fundamental:
a) the rotor is healthy; b) the rotor has I broken bar

With respect to vibratory and acoustic analyses, Figures 7.7 to 7.10 show the
frequencies induced by the bar fault which complies with the previous formulae, such as
the multiples of the rotation frequency surrounded by lateral bands =+ f;,. This explains
the frequencies and amplitudes of the components introduced by the fault and for the
different types of signals which are recorded in Table 7.2.

7.4.2. Bearing faults

Ball bearings may be subjected to faults due to assembly problems, or indirectly
due to mechanical strain in the motor and drive process. Deterioration may also be
induced by currents when a power feed uses a power inverter (speed variation). Fault
detection can be considered either by vibration analysis, analyzing the spectral content
of the absorbed current, or modifying the audible noise.

7.4.2.1. Signatures in the stator current

On the one hand, Schoen et al. [SHO 95] show that the relationship of the bearing
vibration to the stator current spectrum can be determined by remembering that any
eccentricity in the air-gap will produce anomalies in its flux density, and consequently
gives the following relation:

Jong = |fs £ mfy] [7.17]

where m =1,2,3...and f, is a characteristic vibration frequency.
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Figure 7.10. Noise spectrum around the 3rd harmonic:
a) the rotor is healthy; b) the rotor has 1 broken bar

On the other hand, Blodt, [BLO 08] suggests a characteristic expression with three
fault types, as follows:

Outer race fault: fy,g = |fs £mfo] [7.18]
Inner race fault: fy,g = |fs = fr £ mfi [7.19]
Ball bearing fault: fyg = |fs £ feage £ M) [7.20]

Irrespective of the case, the characteristic vibration frequencies will be calculated
based on the bearing size (Figure 7.11). These bearing fault frequencies include the
outer race frequency f,, the inner race frequency f;, the ball bearing frequency f,, and
finally the cage frequency feqge:

fi= %f (1 + ]B;—z cos ﬂ) [7.21]
fo= %f (1 - %l cos ﬁ) [7.22]
Jo= g—z-ﬁ [1 — (113_3 COS,B) 21 [7.23]
feage = fg <1 — Ilj—j cos ﬁ) [7.24]
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Signal/amplitude (dB)
Formula Frequency (Hz) Current Vibration Noise
Healthy | Fault | Healthy | Fault | Healthy | Fault
fs— fr 1.61 —87 | -82
46.7 —44 | -34
[1£28]fs 323 49 | —34
fs — 3f~ 95.12 —83 | -6l
fs+ fr 98.35 —61 —66
(3 —45) fs 143.4 -77 | -62
(3—25)fs 146.7 —69 | —61
(5—65) fs 240.1 —65 |42
(5 — 45) f 2434 —57 | -39
1,299 —94 | —80
(28(1 = s) = 1 £ 2s]fs 7306 ~105 | =80
1,399 —80 | —69
[28(1 — ) + 1 % 2s]/s 7 406 — 70
44 ~105 |-92
frEfo 5 ~102 | =99
93 —108 | —82
2fr £ 1o 100 ~65 | -5
141 —89 | —83
3fr £ fp 143 71 =70
1,253 —68 | —63
28fr £2fs 1,453 77 =70
fr—fp 45 —69 | —67
3fr + /o 148 —84 | -71

Table 7.2. Line amplitudes relating to a fault

We could see that 5 physical parameters must be known to determine the
characteristic frequencies of the bearing fault, namely: ball bearing diameter Bd,
the average diameter or the diameter of the cage Pd, the number of ball bearings
Ny, the angle of contact (3 in radians, and the rotation frequency f,.

The faulty components in the bearing produce a single frequency in relation to the
dynamic of the bearing motion, and the mechanical vibrations produced are a function
of the rotation speeds of each component.

However, we could not determine the exact fundamental frequencies of the bearing
faults when the geometric dimensions of the bearings installed in the induction
motor were unknown. In addition, Schoen has shown in [SHO 95] that the vibration
frequencies can be brought closer for most of the bearings with 6-12 balls by the
following formulae:

fo = 04Nbf77 fi = 06Nbf7 [7.25]
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Figure 7.11. Ball bearing dimensions

Due to this fact, these approximations are valid for bearings in the 6200 series alone
and not for the 6300 series [STA 04]. However, [CRA 92] has proposed approximations
to estimate the frequencies fcqge, fi and f, (Table 7.8). Thus, for the 6300 series, his
approximations give the following:

1 1.2
feage = <2 - Nb) fr [7.26]
fi= (J\be + 12) S [7.27]
fo = (Z\;b - 1-2> -fr [7.28]

7.4.2.2. Outer race fault

Figures 7.12 to 7.15 respectively show the frequency components that relate to the
bearing’s outer race faults in the induction machine, which is operating at 50% charge.
In the current spectrum, we see that the component’s amplitude increases according
to equation [7.18], and thus the frequency of the outer race. With respect to the radial
vibration spectra and the noise, there is a clear increase in the frequencies given by
equation [7.22]. Finally, the frequencies and amplitudes of the components introduced
by the fault, and for different types of signals, have been highlighted in Table 7.3.

7.4.2.3. Ball bearing fault signatures

The ball bearing fault test was carried out under the same load conditions as the
bearing’s outer race test.
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Signal/amplitude (dB)
Formula | Frequency (Hz) Current Vibration Noise
Healthy | Fault Healthy | Fault Healthy | Fault
fs—fo |98 —76 —69
fs+ fo 199 —91 -79
fo 148 —117 —63 —87 —81
2fo 296 —121 —50 —-97 —87

Table 7.3. Line amplitudes relating to an outer race fault
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Figure 7.16. Stator current spectrum close t0 fong = fs — feage + fo-
a) the bearing is healthy; b) the bearing has 2 damaged balls

Figures 7.16 to 7.20 show the frequencies relating to the ball fault. For the current
spectrum, there is a slight increase in the frequency amplitude of the fault given by
equation [7.19] respectively at fs — fcqge — fp. However, in the vibration spectrum, we
note an increase in the frequency amplitude, given by equation [7.23], on f;, as well as
2 f». We also note a slight increase in the amplitude of 3 f in the noise spectrum. The
frequencies and amplitudes of the components introduced by the fault and for different
types of signals are set out in Table 7.4.

7.4.3. Static eccentricity
Off-setting is an anomaly which appears benign. It occurs naturally during the

construction of an electric motor (assembly), and also by a ball bearing in particular.
Once again, lines will emerge in the spectral content, as much from the current absorbed
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Figure 7.17. Stator current spectrum close 10 fong = fs + feage + fo:
a) the bearing is healthy; b) the bearing has 2 damaged balls
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Figure 7.18. Radial vibration spectrum surrounding fy:
a) the bearing is healthy; b) the bearing has 2 damaged balls
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a) the bearing is healthy; b) the bearing has 2 damaged balls

-40 -40
-60 -60 4
S 3
=
-804 2 -804 i
=
=
<
-1004] -100-44-
1 I
-120 — . . . -120 . e A
540 560 580 600 620 540 560 580 600 620
Frequency (Hz) Frequency (Hz)
(a) Healthy balls (b) Faulty balls

Figure 7.20. Radial vibration spectrum surrounding 3 fy:
a) the bearing is healthy; b) the bearing has 2 damaged balls

www.EngineeringEBooksPdf.com



214 Electrical Machines Diagnosis

Signal/amplitude (dB)

Formula Frequency (Hz) Current Vibration Noise

Healthy | Fault Healthy | Fault Healthy | Fault
fs - fcage + fb 225 783 773
fs + feage + fo | 262 —108 | —82
fo 192 —102 | -92
2 384 —108 | —102
3fb 576 —-92 —85

Table 7.4. Line amplitudes relating to a ball bearing fault

by the electrical motor as in the generated vibrations. Let us note that when there is an
off-set of more than 20%, then it is recommended that the bearings/ball bearings are
replaced. This eccentricity may be the source of a homopolar current which, closed by
the bear bearings, will cause premature aging in the bearings.

7.4.3.1. Stator current spectral content

Naturally, the spectral content of the current absorbed by the induction machine
will be altered by the lines specific to the off-set fault. As there is even dynamic as well
as combined excentration, we will only refer to the case of static excentration due to
experimental reports. The frequencies of these lines induced by static excentration are
shown hereafter:

1 —
fs,ecc = |:kNr ( D S) + 1:| fs [7.29]
withk=1,2,3....

When we consider the harmonics contained in the motor’s power supply voltages,
then the frequencies induced by the excentration in the absorbed current spectrum are
expressed as below:

.fs,ecc = |:kN7 <1 ; 5) + TL:| fs [7.30]

with n being the time-harmonic rank (n =1,3,5...).

Figures 7.21 and 7.22 show the characteristic frequencies of the static eccentricity.
The frequency range corresponds to high frequencies (RSH). We may note a relative
lack of sensitivity of the line amplitudes in relation to the eccentricity rate. Figure 7.21
is limited to the fundamental harmonic of the power supply voltage [7.29], whereas
Figure 7.22 show the spectrum induced when the 3rd harmonic is considered in the
voltage [7.30].
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a) healthy machine; b) machine with off-set

7.4.3.2. Spectral content of vibrations and audible noise

The rotor eccentricity generates frequencies which are twice that of the power
supply frequency 2f,, at more or less the passing frequency per pole, written as f,.
The expression of frequency is given by:

Feee = k(Qfs ifp) [7.31]
withk=1,2,4....

Figures 7.23 to 7.28 show the vibration spectra for a healthy motor and, an off-set
motor.

From Figure 7.23, we can see a low increase in the frequency amplitudes
introduced by the eccentricity, given by equation [7.31] (with k = 1) at: 2f, — f,.
This amplitude variation is infact deed significant, but well beyond those observed
when k is equal to 2, or even 4 (Figures 7.24 and 7.25).

In the same way, in Figures 7.26 to 7.28 we show the spectral content of the
audible noise produced by the induction motor when it is healthy and also when
there is excentration. The line frequencies are identical to those expected, as well as
those obtained in the radial vibration spectra. The amplitude variations of these lines
demonstrate the presence of significant excentration in order to express the presence
(or not) of an excentration fault.



Diagnosis of Induction Machines using Signal Analysis 217

-40 -40
'an 2021, -1,
_60- - l R _60-
2 50 : S 0
3 f i 3
E (l ‘ 2 |
T £
5_”)(]_ J [l Ml' l. iy { 0! S-1004 W‘r‘ AL “‘ -
e ol L i‘ LN
| m N L P
-1204 R . ‘ -1204 L 'i
-140 . : . -140 . : .
180 200 220 180 200 220
Frequency (Hz) Frequency (Hz)
(a) No off-set (b) Off-set
Figure 7.24. Radial vibration spectrum of static eccentricity at Fece = 2(2fs — fp):
a) healthy machine; b) machine with off-set
-40 -40
-60 60
2 50 i, A 2 80
3 3
E E
= =4
E."IDO_ L ol I W I T - r : E_“)(]_ L
l
[ |
—120--| r : i o R -120+ !
-140 . -140 : T
380 400 420 380 400 420
Frequency (Hz) Frequency (Hz)
(a) No off-set (b) off-set

Figure 7.25. Radial vibration spectrum of static eccentricity at Fece = 4(2fs — fp):
a) healthy machine; b) machine with off-set

www.EngineeringEBooksPdf.com



218  Electrical Machines Diagnosis
-40 -40
2fs =1 P
60 l 60
g g
= =
E 80 i } I — E 80
=h =9
E b E
AN e T T Y
-100+ w P ’ —100-1? \ : J: V-L
J ! ’ - If
| \ .
-120 T -120 .
80 100 120 80 100 120
Frequency (Hz) Frequency (Hz)
(a) No off-set (b) off-set
Figure 7.26. Audible noise spectrum of static eccentricity at Fece = 2fs — fp:
a) healthy machine; b) machine with off-set
-40 -40
-60 -60
z2 =~ A2f =13}
& & ’
3 3
%0 | R -
g g
<< <<
I‘W ’N ~100- ; |ill'!‘( |
I Jne
W ' l m
; -120 . i
200 220 180 200 220
Frequency (Hz) Frequency (Hz)
(a) No off-set (b) off-set

Figure 7.27. Audible noise spectrum of static eccentricity at Fece = 2(2fs — fp):
a) healthy machine; b) machine with off-set

www.EngineeringEBooksPdf.com



Diagnosis of Induction Machines using Signal Analysis 219

-40 -40
60 -60
3 3
E 80 ff -804 [ Ay~ 1p)
g i
g g
< |. -
1004 | f| ~|m-
" i W (\' [ i f‘[r “ W\ ‘.‘ \” "M
-120 -120
380 420 380 420
l-requenu_v (Hz) [requeuc_\ (Hz)
(a) No off-set (b) off-set

Figure 7.28. Audible noise spectrum of static eccentricity at Fece = 4(2fs — fp):
a) healthy machine; b) machine with off-set

Finally, we have reported the frequencies and amplitudes of the components
introduced by this type of fault and for different types of sensors. These are highlighted
in Table 7.5. This allows us to confirm the relative non-sensitivity of the line amplitudes
close to the RSH in relation to an excentration. Consequently, these lines cannot be
reasonably used in monitoring or diagnosis. However, the lines given in [7.31] for k
equal to 2 or 4 are completely relevant for diagnosis. Their increased amplitude is high
enough to recommend them for monitoring the motor’s health state.

Signal/amplitude (dB)
Formula Frequency (Hz) Current Vibration Noise
Healthy | Fault | Healthy | Fault | Healthy | Fault
28 (1 —s) —1] fs | 1303.4 -56 -55
28 (1 —s)+1] fs | 1403.4 =72 -76
28 (1 —s) — 3] fs 12034 —58 —55
[28 (1 — s) + 3] fs | 1503.4 —62 —65
2fs — fp 96.7 —69 —62 | =70 —68
2(2fs — fp) 193.66 —66 -50 | —88 —80
4(2fs — fp) 387.32 —80 72 | -95 —91

Table 7.5. Amplitude of observed lines, relating to off-set



220  Electrical Machines Diagnosis

7.4.4. Inter turn short-circuits

As stated at the beginning of this chapter, we have tested inter turn short-circuits
in the stator phase of an MAS, induction machine, whose technical details can be
found in appendix A. We had carried out “no-load motor” tests. The machine was
re-wound with intermediate sockets. They were distributed across the three phases,
aiming to short-circuit a number of pre-selected turns. Wires soldered onto the sockets
are brought down to the terminal board.

7.4.4.1. Stator current analysis

There are two equations which are frequently found in literature, and are suggested
as relevant indicators for inter turn short-circuit fault detection. The first equation
described in [PEN 94] relates to low frequencies, as expressed below:

(1-s)
P

n=1,2,3..

fst = [s- {n + k] [7.32]

k=1,3,5

with fs; as the frequencies induced by a coil short-circuit on the stator, n =1, 2,3, ...,
k=1,3,5,and..., P is the number of pole pairs and s is the slip.

An inter turn short-circuit will cause an increased current amplitude in the rotor
bars, proportional to the seriousness of the fault. This justifies the observation of
short-circuit frequencies around the slot harmonics (RSH), hence a second equation
given by [JOK 00]. The equation is the following:

[7.33]

[s- {1 + /\NT(I;S)]

A=1,2,3...

with A as a whole number, and V,. as the number of rotor bars.

Figure 7.29 shows the fundamental harmonic of the stator current spectrum of the
induction machine operating at no-load. On the one hand, we could see components
with frequencies at fy — f, and fs; 4+ f, which are already present in the healthy
machine spectrum, and due to natural dynamic eccentricity.

On the other hand, Figure 7.30 shows the increase in the same components given
by the equation [7.32] and generated by the coil short-circuit in the induction machine.

As the induction machine is not loaded, in Figure 7.30 we notice a slight increase
in the frequencies given by equation [7.33] in relation to the healthy case. On the other
hand, in Figure 7.31, even if the machine is operating at no-load and with a machine
phase which is short-circuited at 60%, we notice a significant increase in the frequency
amplitude on the RSH, above all on the first RSH for A = 1. As for low frequencies, the
amplitudes are the same as the previous ones, hence we do not find it relevant to show
them here. This explains the frequencies and amplitudes of the components introduced
by the short-circuit, which are listed in Table 7.6.
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Amplitude (dB)
Formula Freq. (Hz) Fault
Healthy 30% | 60%
n=1
f. [n% - k] = f[952 1] 2470 44 | -4 | 39
k=1
n=1
fs. [n“—;) + k] = fo[ %2 + 1] 74.66 46 | 42 | a2
k=1
Fox [1 n ,\Nr%] ’A = fu[1+ 280520 | 748 —62 —57 | —38
=1
f. [1 + ANTQ} ‘ =Sl 28(1-9)] | 1446 70 | =59 | =51

Table 7.6. Line amplitudes relating to a short-circuit fault

7.5. Conclusion

With the advent of vector control, the induction machine is widely used in the
industrial environment, and maintaining the serviceability causes aging in this machine.
The aim of this chapter was to establish the state-of-the-art diagnosis techniques through
signal processing, and it was for this purpose that we carried out our work which was
generated around experiments on machine faults with the aim to diagnose them. This
chapter was split into two parts, the first was dealing with rotor faults such as bar



Diagnosis of Induction Machines using Signal Analysis 223

breakage and bearing fault. Part 2 was dedicated to inter turn short-circuits in a stator
phase. In a non-exhaustive way, we have shown the different techniques and hypothesis
published in the field of diagnostics. All faults were created artificially in order to bring
together the approaches presented previously, namely, drilling a rotor bar in order to
simulate bar breakage, slotting in the outer race, abrasion in the two ball bearings, and
a second machine was wound in order to demonstrate inter turn short-circuiting. We
then analyzed these signals to follow the evolution of the spectrum obtained by using
the FFT. We showed the frequencies inherent to each fault which should occur in the
spectra of each signal. After having scanned a wide range of electrical and mechanical
faults in the induction machine, we can easily conclude that vibratory and acoustic
techniques offer the best results for diagnosing mechanical faults. As for electrical
faults, we have noticed that the current analysis gives good results. Let us point out
here that this type of fault is problematic to diagnose, as a fault between successive
coils will affect the behavior of the electrical motor differently, as much in terms of
abnormal over-heating and the motor’s destruction speed, as following a fault between
coils which are more distanced from each other.

7.6. Appendices
7.6.1. Appendix A
We have shown some of the characteristics of the motors used. The motor branded

SEW USOCOME was subjected to several failures. However, for short-circuited coil
faults on the stator winder, the FIMET branded motor was used.

Description MAS; MAS:
Brand SEW USOCOME | FIMET
Power 3 kW 3 kW
Current 59A 6.13A
Number of poles 2 4

Number of rotor bars | 28 28
Number of stator slots | 36 36
Nominal speed 2,800 rpm 1,380 rpm

Table 7.7. Characteristics of the induction machines used

7.6.2. Appendix B

Here, we have given some of the characteristics of ball bearings used, knowing that
bearing 6205 is positioned next to the ventilator and that bearing 6306 presents failures
in this study.
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Description 6306 6205
Brand KG KG
Number of balls 8 9
Average diameter 51 mm 46 mm
Ball diameter 12 mm 10 mm
Contact angle 0" 0”

Table 7.8. Ball bearing dimensions
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Chapter 8

Fault Diagnosis of the Induction Machine
by Neural Networks

8.1. Introduction

The induction machines are more frequently used due to their robustness. But as
with any other machine, the induction machine is not protected from
malfunctioning. It can be affected by electrical or mechanical faults at the level of
the stator, the rotor, or both at the same time. In order to increase the availability of
this machine, it is important to detect the faults that are likely to appear in this
machine at an early stage. This chapter focuses on two electrical faults of the
induction machine: the stator fault type inter turns the short-circuit of the stator
windings and the rotor fault type is a result of the broken bars of the rotor cage. The
requirements of operation safety and productivity of the industrial installations have
resulted in significant research efforts for the detection and the diagnosis of the
faults; hence several approaches in this domain are developed.

The artificial neural networks (ANN) have given good performances to solve the
problems of fault diagnosis and the automation of the monitoring process. In
addition, the ANN has proven their pertinence for the fault detection by recognition
of the shapes. For this reason, this chapter suggests a monitoring system based on
the application of the neural networks for the detection and the diagnosis of the
faults of the induction machine.

Chapter written by Monia Ben Khader BouziD, Najiba MRABET BELLAAJ, Khaled JELASSI,
Gérard CHAMPENOIS and Sandrine MOREAU.
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The system is composed of a circuit for the detection of the two stator and/or
rotor faults, along with another circuit for the localization of the phase at fault in
case of stator fault, and of a third circuit for the identification of the number of
broken bars in the rotor, in the case of rotor fault.

The ANN performances in the fault diagnosis domain are directly related to the
quality and the nature of the pertinent inputs of the network, which are also called
fault indicators. For the detection process, a direct approach involves using the
amplitudes of the currents as inputs of the neural network. This approach has been
found to be unsuitable, in particular with respect to load variations. Other, more
sophisticated indicators resulting from a prior processing have therefore been used.

We have chosen to use the residues of a parametric estimation method, which are
null during healthy operation and non-null in presence of faults. To improve the
discrimination of the faults found in the residues, a second preprocessing is carried
out by Fourier transform. The Fourier transform gives an image of the fault in
specific frequency lines, which are perfectly discriminable by the ANN. In addition,
the identification technique provides a robust detection with respect to the
parametric variations due to the external causes (temperature or magnetic state)
without considering that the parameter variation as a fault. For the localization
circuit of the stator fault, the chosen fault indicators are the three phase shift between
each phase voltage and its line current. These phase shifts are very efficient for a
correct localization of the faulty phase, in the case of an inter turns short-circuit
fault. In order to identify the number of broken bars in the rotor, the amplitude and
the frequency of the spectrum line of the stator current, which characterize the fault,
are used as fault indicators by the neural network. This network is used to
determinate automatically the number of broken bars.

This chapter starts with a presentation of the neural networks and their different
architectures. Then, the chapter describes the experimental validations of the
detection process of the stator and rotor faults by the neural networks. Finally, the
complete monitoring system is described with performance tests.

8.2. Methodology of the use of the ANN in the diagnostic domain

At present, the ANN are a well-understood data processing and monitoring
technique, which should be a part of the toolbox of any engineer concerned with
extracting the maximum pertinent information from the data at his disposal: carrying
out predictions and data mining, developing models, as well as recognizing forms or
signals. In this chapter, the ANN are used for the detection and the diagnosis of the
faults of the induction machine, based on the recognition of the signatures of the
faults extracted from the measurable signals.
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Similar to the biological neural systems, an ANN is a strongly connected
assembly of formal neurons, which are linked between each other by synaptic
connections. The ANN has a natural propensity for storing the empirical knowledge
and making it available for usage. They primarily operate on the basis of a learning
process. This process involves the estimation of the parameters of the network
neurons, by adjusting the interconnection weights between the neurons, so that these
neurons are able to complete their task. The following properties enable the ANN to
provide an interesting solution for surveillance problems of the industrial equipment:
capabilities to solve the problems related to classification and form recognition, high
learning and generalization ability, and rapidity of non-linear data processing
[DRE 02].

Depending on the nature of the data at the output of the network, the ANN can
be used for monitoring in two different ways: as main classification and form
recognition (classifiers) tool or as a tool, so that we can rebuild a given variable
(estimators) with, for example an output of the sensor [CAS 03]. This estimation can
be used, for example to evaluate a variable, which is difficult to measure, and whose
value is important for the decision-making process, or for the prediction of its future
evolution. In fault diagnosis, the ANN are used as form recognition tools. Thus, the
diagnosis problem is replaced by a recognition problem, where the forms represent
the set of observations or measurements of the system (qualitative or quantitative
data), and where the classes correspond to the different operating and failure modes
of the system.

In this study, the fault diagnosis relies on the design of an ANN playing the role
of automatically designing each operating signature of the machine to its
corresponding (healthy or faulty) operation state. In order to better understand the
use of the ANN in the diagnosis domain, it is advisable to recollect the different
stages adopted for the implementation of an ANN in this domain.

8.2.1. Choice of the fault indicators

For an efficient exploitation of the ANN, a preliminary analysis of the different
simulated variables of the machine during faulty and normal operations must be
carried out as carefully as possible. It must be performed by diagnosis experts of the
induction machine. This analysis will enable us to choose, in a significant and
discriminating manner, the most representative fault indicators. The latter are used
as the pertinent inputs of the neural network.

The development of a discriminating representation of the fault indicators is an
extremely significant stage, which largely conditions the efficiency of the
classification by ANN. The choice of the suitable fault indicators enables us to fix



230  Electrical Machines Diagnosis

the number of inputs for each ANN. Therefore, there will be as many ANN inputs as
fault indicators.

The current strategy is adopted for the fault diagnosis of the induction machine.
In this strategy, the ANN are considered as the essential tools for the automatic
recognition of the normal and abnormal operation state of the machine. However,
the choice and the processing of the pertinent inputs of the network is primarily
important for an essential work, in order to develop an efficient diagnosis. The
inputs of the network are extracted from the machine signals, where the faults are
revealed by these signals. Consequently, the surveillance is mainly based on the
continuous monitoring of these signals.

In order to have a clear and accurate idea of the effect of the faults on the
behavior of the induction machine, without destroying the machine, the simulation
study is carried out initially with a model. This model represents at best the real
behavior of the machine. A deep analysis of the simulated variables of the machine
(currents, speed, torque) will enable us to establish the signature of each of the two
faults [BOU 091].

In fact, the stator fault is depicted by an increase of the line current of the phase
where the fault occurred, and by an imbalance on the level of the phase shift
between the line current and the phase voltage. On the contrary, the rotor fault
results in a low frequency modulation of the amplitude of the three stator currents,
while the displacement of the each phase to the other remains 120°. Following these
considerations, the choice of the inputs is primarily based on the monitoring of the
stator current, since it reflects the existence of two stator and rotor faults, in a
significant and discriminating way. In addition, the current sensor is simple,
inexpensive and utilized in all speed variators.

8.2.2. Choice of the structure of the network

In the literature, there are several types of ANN architecture [DRE 02]. The MLP
(Multi-Layer Perceptron) neural structure of feed forward type is the most
frequently used structure in the classification domain [RAJ 08]. In this chapter, the
fault diagnosis is carried out by MLP networks of feedforward type.

The architecture of a feed forward type of MLP ANN incorporates an input
layer, of one or several hidden layers and an output layer. The example of a structure
with two hidden layers is represented in Figure 8.1. The designer can fix the inputs
and the outputs of a network, as well as the type of transfer function and the
connectivity of the neurons. The number of the inputs corresponds to the number of
fault indicators, and the number of neurons of the output layer corresponds to the
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chosen k classes (or modes). The number of neurons in the hidden layers cannot be a
priori fixed and no law is still applicable for its determination. Generally, it is
determined according to an iterative method, following the learning and test
performances.

QOutput
layer

Input Hidden
layer layers

Figure 8.1. Structure of the MLP networks

8.2.3. Construction of the learning and test base

After the choice of the fault indicators and the network structure, the third stage
consists of an acquisition of the data coming from a simulator or from a machine of
a test bench. These data are then processed and classified in a database, which is
made up of N examples and is divided into 2 parts: one part for the learning base
made up of (N-No) examples, and the other part for the test base, made up of No
examples.

The learning database must be quite representative in terms of quality and
quantity of different operating modes of the machine. The vector of the inputs,
namely E = [E, E, Es ... E,]" is represented to the ANN as examples. As previously
mentioned, the task of the ANN is to try to associate with each input variable, and a
(healthy or faulty) operating mode. These modes represent the vector of the desired
outputs, called Target T = [T; T, ... TN]". In this case, the input-output relation
directly represents the diagnostic operation [RAJ 08]. Therefore, the [E; T] vector
represents the learning database of the ANN.
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8.2.4. Learning and test of the network

Once the database is ready, the network understands and learns the examples
provided in the learning base, as part of the learning process. In that case, the ANN
is made to develop a non-linear relation between its inputs and outputs, by adjusting
its weights from the examples. These examples are supplied to them during the
learning phase. The success of such an application is dependent on the quality of the
information found in the learning base. In situations where the database is
experimental, preprocessing of the database is an important element to comprehend
its quality.

The role of learning is to minimize the cost function, which is the “mean square
error” (MSE) between the desired output and the real output of the network. This
output is calculated on the basis of different examples provided in the learning base,
by using an iterative algorithm. It is iteratively calculated after each alteration of the
synaptic weights, during each presentation of the learning examples to the ANN.
The iterative learning algorithm used in this chapter is the back-propagation
technique of the gradient. This technique is the most frequently used in order to
carry out the learning of the feedforward MLP networks [VEN 03].

The test or “generalization” phase consists of measuring the performances of the
network tested by examples not learned in the learning base. The test procedure is
carried out successively with the learning process, in order to avoid the problem of
over- and under-learning [DRE 02]. The back-propagation algorithm can lead to
local minimums and in that case, the MSE has not reached its absolute minimum.
We thus need to repeat the learning process until we achieve the desired
performances. The learning and the test enable us to seek the optimum structure of
the ANN, i.e. for the number of neurons in the hidden layers of the ANN. The
chosen optimum architecture is the one that maintains a compromise between the
minimization of the learning mean square error (LMSE) and the test mean square
error (TMSE).

8.3. Description of the monitoring system

The aim of this chapter is to explain the design of a monitoring system of the
state of the machine, in order to avoid its total deterioration, and consequently
increase its availability. The global term of monitoring involves the detection and
the diagnosis functions. Due to this reason, the suggested monitoring system is
designed to detect and diagnose the induction motor faults: stator type fault of inter
turns short-circuit, rotor fault type of broken bars of the rotor cage, and the
simultaneous stator/rotor faults.
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The synoptic diagram of Figure 8.2 represents the neural architecture of the
monitoring system considered. This system is made up of three neural networks:
a (RNy) network designed for the detection of the two faults, a (RN,.) network for
the localization of the short-circuit fault at the stator, and a (RNy,) network for the
determination of the number of broken bars at the rotor [BOU 09]. The RNy network
is the primary network of the monitoring system. This network ensures an intelligent
detection of a fault in its initial stage of appearance. The network classifies the faults
into the stator and/or the rotor. The localization, identification, and confirmation
functions of the fault are carried out by the two networks RN, and RNy,. In the case
of stator fault detected by the first output S;4 of RNy, the RN, circuit indicates the
phase where the short-circuit fault has occurred (Figure 8.2). In the same way, if
RNy detects a rotor fault, which is indicated by the activation of its second output
S,q, In this case, the RNy, network indicates the number (N) of broken bars in the
rotor cage.

RNcc phase a
inputs phaseb,
phase ¢

1% Stator fault
RN — 4 RN

inputs

inputs

Figure 8.2. Global neural architecture of the monitoring system of the induction machine

We will show in the latter part of this chapter that this system is sufficiently
sensitive to enable an efficient detection of the faults, and is also sufficiently robust
to avoid false alarms in the presence of disturbances, such as noise, and the
variations of the electrical parameters under the effect of heat, or of saturation of the
magnetic circuit of the machine.

8.4. The detection problem

The detection of early faults which originate in the induction machine is a very
significant task. To ensure that the detection function is efficient and reliable, it must
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be sufficiently sensitive in order to allow secure fault detection. However, the
function should also be sufficiently robust, in order to avoid false alarms, which can
slow down the production in industrial processes. The RNy network is used for the
simultaneous detection (existence or not of a fault) and classification (type of fault)
of the two machine faults. However, during normal operation, the structural
parameters of the machine (magnetizing resistances and inductances) are subjected
to variations in the temperature and the magnetic saturation functions. Under the
effect of heat, the resistance values vary according to the following law [CAS 03]:

R=R, (1 +a.AT) [8.1]

with:
— Ry: the value of R at T, = 25°;
— a: the temperature coefficient of the resistance;
— AT the temperature variation.

In addition, the increase in temperature results in an increase of the rotor volume.
This results in the decrease of the “e” thickness of the air gap between the rotor and
the stator. According to equation [8.2] extracted from the ampere theorem, under a
constant magnetic field H, the decrease of the course “1” of the field results in the
corresponding decrease of the magneto-motive force (nz) and consequently, the

current i, which is necessary to magnetize the stator, where the stator winding coil
has n number of turns:

H=ni [8.2]

According to equation [8.3], if the magnetizing current decreases under the
increase of the temperature, then, at constant ¢ flux, the L magnetizing inductance

of the stator windings will increase [SAI 76].
L=nofi [8.3]

During normal operation, the electrical parameters of the machine are therefore
subject to changes. This operating mode must not be considered as a fault mode,
although the line currents are subjected to variation. In that case, the monitoring by
ANN based on the evolution of the residues of the machine currents would involve
the risk of having false alarms. To avoid this problem, an approach with robust
detection has been carried out. It is described in the next section.
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8.5. The proposed method for the robust detection

Figure 8.3 represents the display of the detection method of the two faults based
on double preprocessing, before the use of the RNy network. The first preprocessing
allows a robust detection concerning the normal variations of the parameters of the
machine, which are caused for example by heating or a modification of the level of
magnetization (operation in defluxing). For this, we will permanently adjust the
parameters of a Park model with the help of a parametric estimation process, which
is based on the output error method [MOR 99a].

Thus, we will have:

— approximately null residues since the identified model is very close to the
machine model, even in presence of normal variations of the parameters of the
machine (due to the parametric matching technique);

—non-null residues in the presence of fault: in fact, the fault is viewed as a
modeling error, which increases the value of the residues (on the d and q axes).

Neural
. *(t
Induction y*(® networks
Machine res-i, I Stator
Power | d1  fault
u(t) 6@‘) spectral |- ’
density 1y RN, S d2
ow|
{\ L Rotor
res—iqs fault

Yo |

Adjustment
of the
parameters

Figure 8.3. Synoptic of the detection principle of the two faults by the RN, network

The speed of the machine is used as input of Park’s model, which allows us to
free ourselves from the variation of the loading conditions. In addition, to ensure
realism during the simulation study of the fault detection, a noise is incorporated to
the measured currents. This noise is made up of white noise, which has power 10-5,
to which we add three sine waves whose frequencies are 20 Hz, 140 Hz and
5,030 Hz. respectively. The amplitudes of these sine waves are 0.2, 0.1 and 0.15 (A)
respectively.

Once the res-igs and res-igs d-q current residues are generated, a second
preprocessing carries out a spectral analysis, in order to extract four fault indicators
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(I, Ip, I3, I;). These indicators are the inputs of the RNy network. The meaning of
each one of these inputs will be described later on.

As indicated by Figure 8.3, the RNy network is composed of two outputs, in
order to indicate the two faults. The stator fault will be indicated by its first output
S41, and the rotor fault by its second output S,.

8.5.1. Geeneration of the estimated residues

The estimation of the four electrical parameters (Rg, R, L;, Ly) of the Park’s
model of the machine (whose reference mark is linked to the rotor, and the totalized
leakages to the stator) is carried out by the output error method. The latter consists
of minimizing the following quadratic multivariable criterion:

K e a2 K a2
JZZ(lds—lds) +z(lqs—lqs) [8.4]

with:

i =t =res—ig and i —i = res—iy

The advantage of the multivariable criterion is that it supplies richer information
to the estimator, as compared to the case of a criterion based on the minimization of
only one output magnitude.

The minimization of the criterion [8.4] is carried out by a non-linear
programming technique of the Levenberg-Marquardt type, which iteratively leads to
the estimation of the parameters vector " =[R, R, L L].

In addition, to ensure that the identification algorithm converges and provides
the optimum parameters, where the optimum parameters are as near as possible to
the parameters of the machine, it is necessary to use a rich excitation [MOR 99b].
The excitation protocol, which can give the best identification results of the healthy
regime, is the one which can enable voltage excitation.

This excitation consists of adding four other sinusoidal voltages of respective
frequencies 10 Hz, 20 Hz, 30 Hz and 40 Hz to the main voltage (for example
50 Hz). The amplitudes of these voltages are, for example 1.2 V, 1.5V, 1.8 V and
2.2 V respectively. These amplitudes have been chosen, so that the currents
generated by these voltages can excite the machine without disturbing the normal
operation of the machine, i.e. where current amplitudes of excitation are lower than
10% of the main current.
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NOTE.— The identification process is necessary for the definition of Park’s
model. In fact, Park’s model is fundamental which enables the generation of the
residues. If the machine operates under the same conditions (the same parameters),
we can possibly free ourselves from the matching phase of the parameters, but with
an unavoidable deterioration of the performances. On the contrary, if the operation
conditions vary, the matching phase of the parameters becomes indispensable due to
the identification algorithm.

8.6. Signature of the stator and rotor faults

The spectral analysis of the residues of the Park’s currents will enable us to
determine the operating mode of the machine (faulty or healthy operation), and
indicate the type of the fault and its severity. In fact, this analysis will also enable us
to develop discriminating spectral signatures, which are also quite characteristic of
the fault, and are useful for good detection by the RNy network [MOR 99a].

8.6.1. Analysis of the residue in healthy regime

It is obvious that to study the spectra of the faulty machine, we first need to
analyze the spectrum of the healthy operating mode, in order to determine the
presence of new spectral lines during the appearance of a fault. The power spectral
density (PSD) of the simulated residue of noisy estimation of res-ig; and res-ig,
under a nominal load torque (C =7 nm) is represented in Figure 8.4. Under healthy
operating conditions, there is no specific spectral line in the studied frequency range.

8.6.2. Analysis of the residue in presence of the stator fault

8.6.2.1. Study of the effect of the stator fault on the spectrum of the residue

In order to study the effect of the inter turns short-circuit fault on the content of
the spectrum of the estimation residue, the load has been fixed at the nominal value
(C =7 nm), and a variation in the (n) number of short-circuited turns on the phase a
has been carried out [BAC 03]. Figures 8.5 and 8.6 illustrate the spectra of the
estimation residue of the Park currents for different cases of short-circuited turns on
the phase a; (1, 5 and 10 turns by knowing that each phase is formed by 464 turns).
This inter turns short-circuit fault gives rise to a spectral component at the 97.4 Hz
frequency, which is equal to (2.f; — g.f;). This confirms the results found in
[BOU 09]. This spectral line has an amplitude that evolves in proportion to the
number of short-circuited turns (about 2dB by turns). Even the fault of only one
shorted turn represents a significant level of this line. By generalizing, for n shorted
turns, the line amplitude with the fault follows the relation:

for n > 1: the amplitude of the spectral line (dB) =—-1.85 + log (n) [8.5]
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Figure 8.4. PSD of the estimation residue of the Park currents in healthy operating
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It is important to mention that the same spectral characteristics are obtained
when a fault appears in phase bs or c,. According to Figures 8.5 and 8.6, the
influence of the stator fault on the (2.f; — g.f;) component is felt almost in the same
evolution for the two spectra of res-igs and res-ig. It will thus be adequate if we
restrict our study to one PSD only; for example the res-igs.

8.6.2.2. Study of the effect of the load on the spectrum of the residue

The effect of the load variation on the spectrum of the estimation residue has
also been studied. Figure 8.7 shows the evolution of the aforementioned spectral
behavior in the presence of a 5 shorted turns on the phase a;, under different loads:
case of a machine with nominal load (a) and no load (b). The variation in load
results in variation of the frequency of the spectral line, without modifying its
amplitude, which is the characteristic of inter turns short-circuit fault in the spectrum
of (res-ig) residue. The frequency of the line increases with the decrease of the load
according to the relation:

Fline: 2fs - gfs [86]
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Figure 8.5. PSD of the residues with a short-circuit fault of 1 turn on the phase a;
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To summarize, according to this analysis, the inter turns short-circuit fault is
characterized by the appearance of a line at the fj;,. frequency in the spectrum of the
residue of the Park currents. The amplitude of this line provides information related
to the importance of the fault (almost an increasing of 2 dB due to the shorted turn
on one of the three phases of the machine). Its frequency informs about the loading
conditions of the machine.

8.6.3. Analysis of the residue in presence of the roto fault

8.6.3.1. Study of the effect of the rotor fault on the spectrum of the residue

The content of the spectrum of the residue of the estimated Park currents is
also used to characterize the spectral signature of the rotor fault of a machine
operating in load under broken rotor bars fault [BAC 03]. Figures 8.8 and 8.9
illustrate the PSD of the residue of the estimated Park currents res-ig; and res-igs
respectively for a fault of (N = 1, 2 and 3) broken bars at the rotor in the presence
of a nominal load of 7 nm.
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Figure 8.8. PSD of the estimation residues for the case of one broken bar at the rotor
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Figure 8.9. PSD of the estimation residues for the case of two broken bars at the rotor

These figures highlight, on the one hand, the appearance of a new spectral line,
which is introduced by the rotor fault at a very low frequency equal to 2.44 Hz,
which is none other than:

f,line :g.fs [87]

(with g, the slip of the machine) and on the other hand, the dependence of the
amplitude of this line on the N number of broken bars with an almost proportionality
of the amplitude in function of the N number of bars compared to the amplitude of
one broken bar.

8.6.3.2. Study of the effect of the load on the spectrum of the residue

After the study of the effect of the number of broken bars on the spectrum of the
residue, it is advisable to study the effect of the load on the PSD of res-ig. Figure
8.10 shows the PSD of the simulated iy residue of the machine with a fault of a
broken bar at the rotor for several load conditions (no load and full load). The
variation of the load alters the frequency of the characteristic line of the rotor fault
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according to f’j,, which verifies equation [8.7]. Contrary to the stator fault, the
amplitude of the line is proportional to the load effect.

By combining these last results, the amplitude of the main line which indicates
the fault of broken bars can be written under the following form:

for N >1: amplitude of the spectral line (dB) = 20.(log(k.fji,e) + log (N)) [8.8]
with k = 1.4 for the test machine.

After this study, we can conclude that the rotor fault is characterized by the
appearance of a line at a low g.f; frequency (dependent on the load), with an
amplitude that represents the severity of the fault, all the while taking into account
the load conditions of the machine.
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Figure 8.10. PSD of the res-iy residue for the case of a fault of one broken bar
at the rotor a) no load; b) nominal load



244  Electrical Machines Diagnosis

8.6.4. Analysis of the residue in presence of simultaneous stator/rotor fault

After the analysis of the spectra of the residue of the estimated Park currents for
the two cases of stator and rotor faults, this section tackles the spectra of the
estimation residue of the Park currents for the case of a simultaneous stator/rotor
fault which affects the induction machine.

The spectra of the estimation residue in nominal load for several cases of
simultaneous stator/rotor faults contain the two frequency components relative to
each fault. Indeed, these spectra show the appearance of a line at the g.f; frequency,
which reveals the presence of a rotor fault, and the appearance of a line at the
(2.f; — g.f;) frequency, which indicates the presence of a stator fault. The variations
of the amplitude of these two lines depend on the importance of these two faults
which are given by the two equations [8.5] and [8.8] for separately considered faults.
The effect of the load variation is the same as the effect pointed out in the case
where each stator and rotor fault is considered separately.

8.7. Detection of the faults by the RN, neural network
8.7.1. Extraction of the fault indicators

The frequency study has already been carried out on the simulated signals. This
study shows that the spectra of the estimation residue contain rich and useful
information which enable us to detect and discriminate between the two stator and
rotor faults. In fact, these spectra enable us to highlight the existence or not of a
stator fault, a rotor fault and a simultaneous stator/rotor fault by the generation of
lines linked to the characteristic frequencies of each fault. These lines in relation to
each fault have the advantage of being different from one another and do not present
any overlap.

The indicators in relation to each fault are extracted from the spectra. They will
be used as inputs of the RNy network, which is dedicated to the detection of the two
faults [BOU 07]. For this, four fault indicators are chosen for the detection of stator
and rotor faults, which are gathered in a “E” vector. The latter is the input vector of
the RNy network. The expression of E is:

E=[I1,LIT [8.9]

where:

—1I, and L,: the surfaces of the respective line of the PSD of res-igs and res-igs
around the frequency equal to 2 Hz;
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— Iz and 14 the surfaces of the respective line of the PSD of res-igs and res-ig
around the frequency equal to 98 Hz.

8.7.2. Learning sequence of the RN, network

The useful database for the learning process is made up of a pair of vector (E, T),
which are defined as follows:

— the vector of the E inputs of the RNy network is formed of a series of examples
of the surfaces of the PSD line of the residue of the estimated Park currents, which
characterize several cases of healthy and faulty operation, at nominal and no load.
This series is presented to the RNy network in the following order: two samples of
healthy operation, 8§ samples of inter turns short-circuit fault in phase a;, 6 samples
of operation under rotor fault and 12 samples of operation under simultaneous
stator/rotor fault. The input vector of the learning sequence is thus formed of 28
samples, as illustrated in Figure 8.11a. This database only contains the examples of
fault in phase a; considering that the stator fault manifests itself in the same way for
the other phases b; or c,. In addition, examples of bar crack at the rotor are
introduced with the aim of making the ANN learn an early rotor fault. Consequently,
the monitoring system will have to be able to detect an early
rotor fault;

— the vector of the desired outputs 7 =[7; 7,]" is formed by the two classes to

which the learning examples will be allocated (Figure 8.11b). The first output T,
represents the stator fault, and the second output T, represents the rotor fault.
Therefore, each operation example of the E input vector is allocated the state of the
two desired outputs (T, and T,) of the RNy network, so that the T vector has a value:

o0
T= 0 for an healthy operation,
1
T= 0 case of a stator fault,
o0
T= case of a rotor fault,
g .
T= 1 case of a simultaneous stator/rotor fault.
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Figure 8.11. Learning sequence of the RN, for the detection of the faults
a) inputs of the RN, network; b) desired outputs of the RN, network

8.7.3. Structure of the RN, network

The choice of the fault indicators and the outputs of the RNy network will enable
us to set the external architecture of the network. In addition, the RNy neural
network designed for the detection of the two faults is a feedforward MLP network,
where its inputs are set at four and its outputs at two. To seek the number of hidden
layers, as well as the number of the neurons constituent of them, several learning
sequences are carried out successively and are followed by test sequences in order to
avoid over- and under-learning.
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The optimum structure of the RNy network is the one that provides the best
learning and test performances. This structure is represented in Figure 8.12. It is
formed of only one hidden layer, which is made up of four neurons. The activation
function of the neurons of the hidden layer is sigmoid type “tangsig”, whereas one
of the neurons of the output layer is of the “logsig” type.

Hidden Output
layer layer

Figure 8.12. Architecture of the RN, network of fault detection

8.7.4. Results of the learning of the RN, network

The evolution of the LMSE highlights the good learning performances of the
network (Figure 8.13). In fact, after 780 iterations the LMSE of the RNy network

reaches a very low value, which is worth 3.793 x 107,

est 3.793 e-022 performance
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Figure 8.13. Evolution of the learning MSE of RN,
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Figure 8.14. Learning outputs and errors of the RNy

The outputs, as well as the learning errors of the network are represented on
Figure 8.14. The learning error is almost null (of about 10™'°). This proves that the
network has learned the presented fault sequences quite well, and has been able to
correctly reproduce the desired outputs.

8.7.5. Test results of the RN, network

In order to evaluate the generalization performances of the RNy network, the
latter has been tested for several examples not learned during the learning process. A
few test examples are presented for each fault.

8.7.5.1. Test of the RN, network for stator faults

In order to test the behavior of the network, we can consider an example, where a
database is not learnt during the learning process. This database is formed of seven
samples: two healthy operation samples and five operation samples with a short-
circuit fault under several load conditions.

The performances of this test are represented in Figure 8.15, i.e. the errors and
the state of the two outputs (S;4, S»q) of the RNy network. The latter indicates (0,0)
for a healthy operation and (1,0) for a stator fault with a very low error.
Consequently, the RNy network correctly detects the healthy operation and the inter
turns short-circuit fault in one of the phases of the stator. We also have to note that
the network is able to detect a short-circuit fault with any load torque and with a
high number of short-circuited turns.
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Figure 8.15. Test outputs and test errors of the RN, network for stator fault

Thus, the evaluation test of the performances of the stator fault detection of the
RNy neural network has shown that it has a good generalization ability of the stator
fault.

8.7.5.2. Test of the RN, network for rotor faults

The test of the RNy network in the presence of several rotor faults has also
provided satisfying results. The test result of the RNy network presented in
Figure 8.16 is an example of a test sequence, which is composed by faults different
from those of the learning.
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Figure 8.16. Test outputs and test errors of the RN, network for rotor fault
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The test sequence is made up of two healthy operation samples, two samples
with cracked bars at the rotor and three operation samples with a fault of one, two
and three broken bars at the rotor under different load conditions. The network
accurately detects the different examples by indicating (0,0) at its two outputs (Syq4,
S,4), for the healthy operating and (0,1) for a rotor fault. The RNy network can, on
the one hand, differentiate between a healthy operation and the one with a rotor
fault, and, in the other hand, correctly detect a rotor fault at the beginning of the
appearance (a cracked bar (N = 0.5)).

8.7.5.3. Test of the RN, network for simultaneous stator/rotor faults

The RNy network has also been tested for several cases of simultaneous
stator/rotor faults. The test results of the network are presented in Figure 8.17 for a
not learned sequence, which is made up of two healthy operation samples and four
operation samples with simultancous stator/rotor faults under different load
conditions. The outputs of the network (S;4, S»q) have indicated (0,0) for a healthy
operation and (1,1) for a simultaneous (stator/rotor) fault with a low error. Thus, the
RNy network also accurately detects the simultaneous stator/rotor faults.
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Figure 8.17. Test outputs and test errors of the RN, for simultaneous stator/rotor faults

8.7.5.4. Test of the robustness of the RN, network

The suggested detection approach consists of carrying out a robust detection
process with respect to the parametric variation. Therefore, the behavior of the RNy
network has been tested for an operation with a variation of the electrical parameters
of the machine. Examples with variable stator and rotor resistance values have been
applied to the input of the RNy network. The behavior of the RNy network is
represented in Figure 8.18 for a sequence including operation cases with a 100%
increase in the value of the rotor resistance. This sequence is made up of a successive
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series of two samples of healthy operation, two samples of operation with a rotor fault
and two operation samples with a 100% increase of the value of the R, rotor resistance.
The network has indicated (0,0) for the healthy operation, (0,1) for the rotor fault and
(0,0) for an operation with a parametric variation [BOU 07]. This network is thus able
to correctly distinguish between a true fault and a normal operation with a variation of
the values of one of the electrical parameters of the machine.
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Figure 8.18. Test outputs and test errors of the RN, with
respect to variation of the machine parameter

8.8. Diagnosis of the stator fault

The RN, network of the suggested monitoring system (Figure 8.2) is the
localization of the phase, where the short-circuit fault has occurred when a stator
fault is detected by the RNy network. However, the RN, network can only be
activated when the first S;4 output of RNy is activated. A detailed study of the
diagnosis of the stator fault has been carried out in this section.

8.8.1. Choice of the fault indicators for the RN, . network

It has been mentioned in section 8.6.2 that in the frequency domain, a short-
circuit fault on each phase (a; or by or c¢;) is similarly manifested.

This renders the localization of the faulty phase difficult and consequently
justifies the advantage of more efficient fault indicators. We have observed that the
best performances of the diagnosis of the stator fault have been obtained by using as
fault indicators the three phase shifts between the line current and the phase voltage
of the machine. In fact, during an inter turns short-circuit in one of the three phases,
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an imbalance occurs at the level of the amplitude and during the phase shift of the
line currents, by assuming that the supply voltage is balanced. According to different
studies carried out, the phase shift is a good discriminated indicator of the faulty
phase [BOU 08].

8.8.1.1. Study of the phase shift in presence of a stator fault

Figure 8.19 represents the characteristics of the three simulated phase shift (Phi,,
Phiy, Phi,) for faults on the a (a), b, (b), ¢, (c) phases, as function of the number (n)
of the shorted turns for a constant load torque (C = 3 nm), in order to study the effect
of the fault on these phase shifts [BOU 08].
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in phase a) ag, b) by
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The analysis of these characteristics shows that:

—a fault with a “n” number of faulty turns on the a; or by or c; phase,
and the three phase shifts are perfectly distinct and do not have any crossing
between them;

— the phase shift of the faulty phase is the lowest;

— the higher the number of turns, the more will be the increase in gap between
the phase displacements;

— for a three-phase supply in the direct direction, the evolution of the three phase
shifts in case of a fault on one of the phases (a,, b, or c;) is carried out based on a
circular permutation in the indirect rotation direction, in an ascending order (Phi,,
Phi,, Phiy), (Phiy, Phi,, Phi;) and (Phi., Phiy,, Phi,) respectively.

8.8.1.2. Study of the phase displacement in function of the load

In order to study the effect of the load on the behavior of the three phase shifts,
Figure 8.20 shows the behavior of phase shifts under different load torques (C = 3
and 7 nm). We need to point out that the phase shifts do not present any overlap,
even during the variation of the load.

The study of the phase shifts as function of the fault and of the load has shown
that the three simultaneous values of the phase displacements can be considered as
an efficient fault signature for the diagnosis of the stator fault. In fact, the three
phase shifts provide rich information on the presence of the fault, the localization of
the phase at fault and even the severity of the fault (quantization of the number of
shorted turns). They are thus considered as a non-invasive probe for the localization
of the faulty phase [BOU 08].

8.8.2. Learning sequence of the RN, network

The input vector is made up of three components (Phi,, Phi,, Phi;) as shown by
Figure 8.21a, and it is composed of 75 samples under different load conditions.
These samples are successively presented to the input of the network as follows:
three healthy operation samples, 24 samples of short-circuit fault on each of the
three phases.

We should note that the simultaneous stator/rotor faults are not in the learning
database, since the rotor fault does not generate any imbalance at the level of the
phase shifts [BOU 09]. The learning database of the RN network is represented in
Figure 8.21.
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Figure 8.20. Behavior of the phase shift under different load conditions for the faults
on the phase a) a,, b) by

8.8.3. Structure of the RN, network

The RN, network which enables the localization of the faulty phase is a
feedforward MLP network with three inputs, which are the three phase shifts, and
three outputs, and indicate the state of the three stator phases. The optimum structure
chosen for the diagnosis of the stator fault is represented in Figure 8.22. It is made
up of only one hidden layer formed of five neurons. The activation functions of the
neurons of the hidden layer and of the output layer are “tangsig” and “logsig”
respectively.



Fault Diagnosis of the Induction Machine by Neural Networks 255

Healthy Fault on ag Fault on b Fault on cs

Number of samples a)
Healthy Fault on as Fault on b Fault on ¢

1 ? T
| | |
- : ! |
| ! |
| | |
0 : ¢

3 27 51 75
1 T I T
| | |
| | |
] ! !
| | |
| | |
c n L 1

3 27 51 75
1 T I |
| | |
| | |
] ! !
| | |
| | |
ot ‘ ‘

3 27 51 75

Number of samples b)

Figure 8.21. Learning sequence of the RN, a) inputs of RN,.; b) outputs of RN,

8.8.4. Learning results of the RN, network

The learning of the RN, network is carried out by the back-propagation
algorithm of the gradient error. The evolution of the learning performances is
shown in Figures 8.23 and 8.24. After 5,000 iterations, the LMSE has attained a
very low value (7.28 x 10%"). The network has localized the phase at fault very
accurately.
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Figure 8.22. Architecture of the RN, network

8.8.5. Results of the test of the RN, network

In order to ensure the good operation of the RN, network when it is integrated in
the monitoring system, several cases of stator fault and simultaneous stator/rotor
fault have been tested. The test results are satisfying. Figures 8.25 to 8.27 show the
test performances of the RN, network, for the short-circuit faults on the phase a, b
and c,, respectively.
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Figure 8.23. Evolution of the LMSE of the RN, network
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Figure 8.24. Learning outputs and learning errors of the RN, network
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Figure 8.25. Test outputs and test errors of the RN, network for stator fault

in the phase a; and rotor faults simultaneously

257

The network displays (Sice, Sace, Szce) (1, 0, 0), (0, 1, 0) and (0, 0, 1) at its
outputs, in order to indicate a short-circuit fault on the phase a, (Figure 8.25), on the
phase b, (Figure 8.26) and on the phase c,, respectively (Figure 8.27). In each case,
the output error of the network is low, which proves that it has good generalization
ability. The three phase shifts are thus reliable fault indicators which allow the RN,
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network to accurately locate the faulty phase, in the presence of noise and under
different loading conditions, in presence or not of broken rotor bars fault.
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Figure 8.26. Test outputs and test errors of the RN, network for stator faults
in the phase b, and for rotor fault simultaneously
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Figure 8.27. Test outputs and test errors of the RN, network for stator faults
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8.8.6. Experimental validation of the RN, . network

During simulation, the RN, network shows good learning and test performances.
The experimental examples generated from an effective machine always remain
more true to the reality than the ones coming from a simulator. Consequently, it is
necessary to evaluate its performances with respect to real signals coming from an
induction machine.

8.8.6.1. Description of the test bench

To experimentally validate the RN, network, two identical test benches have
been used for the acquisition of the practical signals. These two benches are
considered for the study of the behavior of the induction machine in the presence of
short-circuit, for low and high numbers of shorted turns. The configuration of the
two benches is shown in Figure 8.28. Each of them is equipped with a squirrel cage
induction machine, and they are respectively noted as M; and M,. They are also
directly supplied by the network. Their characteristics are shown in Table 8.1.

L3\ Load
torque
Three-phase | | -~
supply *
Variable
1 resistor
1
Coupling 7 =
|
Q
8 1.1 kW Generator
Data- induction machine
8 base
o

Data acquisition
board

Figure 8.28. Block diagram of the experimental test bench
(Generator, data acquisition board, 1.1 kW Induction machine)

To carry out tests with several load torques, each motor is coupled to a direct
current generator. The variation of the load of the motor is carried out through the
variation of the resistor connected to the generator.
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Power 1.1 kW

Rated voltage 400/230 V

Rated current 2.6/43 A

Cos (¢) 0.85/0.82

Rated speed 1,425 tr/min
Number of pairs of poles 2

Number of stator slots 48
Number of bars at the rotor 28
Number of turns per phase 464

Table 8.1. Characteristics of the M1 and M2 motors of the test benches

as bs cs
13 turns 29 turns
4 turns 8 turns
1 turn 2 turns
as bs cs

116 turns 116 turns

58 turns 58 turns

29 t
18 turns urns

464 turns

a)

464 turns

b)

Figure 8.29. Configuration of the access points of the stator windings of the motor

a) M; motor; b) M, motor
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The first M; motor is designed with intermediate terminals of the winding, in
order to emulate (or introduce) short-circuit faults with a low number of shorted
turns: (3, 9, and 12) turns on the phase a, and (6, 21, and 27) turns on the phase by
(Figure 8.29a). The short-circuit faults with a high number of faulty turns can be
carried out on the second motor M, and are of (18, 40, 58, 98 and 116) turns on the
phase ag and (29, 58, 87 and 116) turns on the phase b, (Figure 8.29b). For the two
motors, the phase ¢, does not have any additional terminals in order to introduce
faults. To limit the current in the turns at fault to four times the nominal current, all
the short-circuits are carried out through a resistor. While different tests are
introduced, the three currents and the three voltages are recorded and processed for
several (healthy and faulty) operating modes of the machine. An algorithm written
with Matlab, which is based on the interpolation of the position of the maximum in
the discrete convolution product of two signals, calculates the three phase shifts, in
order to obtain the experimental database necessary to test the behavior of the RN,
network with experimental data [BOU 08].

8.8.6.2. Study of the experimental phase displacements

Before experimentally validating the operation of the RN, network, it is
interesting to experimentally verify the behavior of the phase shift as a function of
the fault and the load. This behavior has already been studied by simulation in
section 8.8. For this, with the help of a three-phase network analyzer, the three phase
shifts have been measured in case of healthy operation, an operation with faults of
(3, 6, and 12) short-circuited turns in the phase a5 and an operation of fault of (9, 21
and 27) short-circuited turns in the phase b.

The three curves of the experimental phase displacements Phi,, Phi, and Phi,, as
a function of the number of turns at fault on each of the three phases represented on
Figure 8.30, are obtained from three measurements of the faults on the phase as,
from the three measurements of the faults on the phase by and by carrying out
circular permutation for the faults on the other phases. The experimental phase shifts
have the same behavior (point of view of the shape and of the order of circular
permutation of the three phase shifts) as the ones of the simulated phase shifts,
which are represented in Figure 8.19. It is very important to point out that the values
of the experimental and simulated phase shifts have a slight difference, even when a
fault is absent. This is due to the inevitable manufacturing faults which the machine
can have, as well as to the imbalance of the voltage supply network, to the probe and
quantization errors, etc.

The curves of the experimental phase shifts are not strictly monotonic. This is
due to the fact that some of the values of experimental phase shifts are obtained by
permutation. In addition, in practice, the machine has slight manufacture asymmetry
(magnetic imbalance, low eccentricity of the stator and rotor etc.). Therefore, the
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phase shifts obtained experimentally are a bit different from the ones found by
simulation for the same fault on two different phases. Thus, ideally we would have
at our disposal a machine with the same sockets on the three phases, where we
would carry out the test of all the faults on the three phases (a,, bs and c) and then
we would take the mean value of each phase displacement, in order to minimize the
effects mentioned above [BOU 08].
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Figure 8.30. Curves of experimental phase shifts in function
of the number of shorted turns in the phase a) ay; b) b

8.8.6.3. Validation results

In order to experimentally validate the operation of the RN, network structure,
which is represented in Figure 8.22, a database has been developed by experimental
tests carried out on the M| motor with healthy operations and operations with stator
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faults. Table 8.2 describes the operation conditions of the 48 samples used for the
learning of the RN, network. The learning results are quite satisfactory (LMSE of
about 107%). The output errors of the network are very low (Figure 8.31).

Initially, the test of the RN, network has been conducted with several faults on
the same M; motor. This has given good results. To better evaluate the performances
of the network, the tests have also been conducted on another motor, with the same
characteristics (M, motor), with faults made up of 12 samples of (18, 29, 40 and 58)
short-circuited turns on each one of the three phases and according to the three
values of the load torque (C =0, 2 and 4 nm). The test results are represented on
Figure 8.32. In this case, the network has accurately identified the significant faults;
while it has learned some faults delivered from another motor. According to this
result, it is thus possible to make learn to an ANN the faults from a test machine and
then to use it in order to locate a fault on other machines of the same design and
power. These results experimentally validate the localization method of the phase at
fault by neural network, by monitoring the three phase displacements of the machine
[BOU 08].

No of samples | Phase at fault Torque Turns in DC
(nm)

1to3 healthy 7,5,3 healthy
4t08 Phase ag 7 3,6,9,12,21
9to 13 Phase a, 5 3,6,9,12,21
14to 18 Phase a, 3 3,6,9,12,21
19 to 23 Phase by 7 3,6,9,12,21
24 to 28 Phase b, 5 3,6,9,12,21
29t0 33 Phase by 3 3,6,9,12,21
34 to 38 Phase ¢, 7 3,6,9,12,21
39t043 Phase c; 5 3,6,9,12,21
44 to0 48 Phase c; 3 3,6,9,12,21

Table 8.2. Experimental conditions of the learning samples of the RN, network

8.9. Diagnosis of the rotor fault

The third RNy, network has the role of determining the N number of broken bars
at the rotor during the activation of the second output S,4 of the RNy network. This
case is only possible when the RNy network detects a rotor fault or a simultaneous
stator/rotor fault.
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Figure 8.31. Learning outputs and learning errors of the RN, network
for experimental faults carried out on the M; motor
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Figure 8.32. Test performances on M,

The determination of the number of broken bars at the rotor is very important,
since it helps the decision-making process concerning the operation of the machine
with rotor fault. The diagnosis of the rotor fault is carried out with the same strategy
used in the stator fault. Due to this reason, we have only presented the database and
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the structure of the RNy, network in the following section, where the network is used
to identify the number of broken bars at the rotor.

8.9.1. Choice of the fault indicators of the RN,  network

The rotor fault indicators which are useful for the determination of the number of
broken bars at the rotor by the RNy, network are extracted from the PSD of the
res-igs residue. In fact, the frequency study carried out in section 8.6.3 has shown
that the amplitude and the frequency of the g.f; line of the residue of the estimated
Park currents have significantly depicted the existence of a rotor fault and have
provided information about its importance, as well as about the load conditions of
the machine. From this, the inputs of the RNy, network will be set to the amplitude
and the frequency of the g.f; line of the spectrum of res-ig;.

8.9.2. Learning sequence of the RN, network

Since the RN, network only operates during the activation of the second output
S,q of the RNy network, operation examples with rotor fault and simultaneous
stator/rotor fault must be learnt by the RNy, network. For this, the E vector is made
up of 48 samples under different load conditions and of healthy or faulty operating
modes, which are successively presented to the inputs of the RNy, network. The
following table describes the 48 samples, which are used for the learning process of
this network.

No of samples Operation state Torque | Shorted Turns
(nm)
1to3 healthy 3,5,7 0
4to8 1 cracked bar at 50% 3,4,5,6,7 0
9to 18 1 cracked bar at 50% + stator 3,4,5,6,7 1 and 15
faults
19 to 23 1 cracked bar 3,4,5,6,7 0
24 t0 33 1 cracked bar + stator faults 3,4,5,6,7 1 and 15
34 to 38 2 cracked bars 3,4,5,6,7 0
39t048 2 cracked bars + stator faults 3,4,5,6,7 1,15

Table 8.3. Operation conditions of the learning samples of the RN, network

Figure 8.33 shows the learning sequence, which is formed by the desired input
and output vectors.
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Figure 8.33. Learning sequence of the RNy, network

NOTE.— For the crack of one bar at the rotor, the output vector designates it by
the number N = 0.5.

8.9.3. Learning, test and validation results

The external structure of the RNy, network is made up of an input layer, which is
itself made up of two inputs (amplitude and frequency of the PSD line of the res-iys),
and an output layer, which is itself made up of only one neuron; this neuron
indicates N, number of broken bars at the rotor. After several learning sequences, the
optimum structure which has given good learning and test performances is
represented in Figure 8.34 [BOU 09]. It is made up of only one hidden layer of 13
neurons. The activation functions of the neurons of the hidden layer and of the
output layer are “tangsig” and “purelin” respectively.

The RNy, network has provided good learning performances, where the LMSE
has achieved a low value (1.15 x 107'%) after 10,000 iterations. The network has also
been tested for several cases of rotor faults.

It has shown good generalization ability and has been able to accurately
determine the number of broken bars in the rotor and even the crack of a bar. The
network and the chosen method have been experimentally validated on a test bench.



Fault Diagnosis of the Induction Machine by Neural Networks 267

Hidden layer

Amplitude

Frequency

Figure 8.34. Architecture of the RN, network

8.10. Complete monitoring system of the induction machine

Once the performances of each network have been separately studied, it is
necessary to evaluate the performances of the global system by gathering the three
networks: RNy, RN, and RN.. The external structure of the system is made up of
nine inputs and six outputs, as illustrated by Figure 8.35. The outputs (Si4, Sice> Soces
S;cc) are designed for the monitoring of the stator fault. On the contrary, the outputs
(S,4 and Sy,.) are earmarked for the monitoring of the rotor fault.

Monitoring system by neural networks
l/
4
Preprocessing
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Measured
variables
b
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experts

Figure 8.35. Monitoring system of the stator and rotor faults of the induction machine
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The system has been tested with several cases of faults under different load
conditions. Figure 8.36 shows the test results of a sequence, which is presented to
the inputs of the system. This test sequence is made up of 15 examples of operation
of the machine, which are described in Table 8.4 with the state of the outputs
corresponding to each group of samples.

The output error of the three networks is low (Figure 8.36). This depicts the
efficiency of the system. In fact, the suggested monitoring system can automatically
point out, in an efficient and reliable way, the stator and rotor faults in an early
stage, as well as the simultaneous stator/rotor faults [BOU 09].

No of Stator Rotor Torque
samples fault fault (nl(lll) Sta | Sza | Stee | Saee | Ssee | Sue
1to3 healthy healthy 3,57 0 0 0 0 0 0
4t06 phase a, healthy 3,5,7 1 0 1 0 010
7t09 phase by healthy 3,5,7 1 0 0 1 0 0
10to 12 | healthy 1 broken 3,5,7 0 1 0 0 0 1
13to 15 | phaseag | 1 brokenbar | 3,5,7 1 1 1 0 0 1

Table 8.4. Operation conditions of the test samples and
the corresponding outputs of the diagnosis system

8.11. Conclusion

By considering the importance and the frequency of use of the induction
machines in the inductrial sector, early detection of the faults in these machines has
become a predominant economical stake. It is essential to develop detection and
diagnosis tools, in order to automatically monitor the operation state of the machine.

In this chapter, an automatic monitoring system of the state of the induction
machine based on the ANN has been suggested. This system is designed, so that it
can carry out an early detection of the fault of the inter turns short-circuit fault and
the fault of broken bars at the rotor of the induction machine. In addition, the system
can diagnose these two faults, by locating the phase where the short-circuit fault has
occurred when a stator fault has been detected. It is also able to identify the number
of broken bars at the rotor, in case of the detection of a rotor fault. The detection and
the diagnosis of the two faults are rendered reliable and robust by using a parametric
estimation method, in order to avoid false alarms, which are caused by a variation of
the electrical parameters of the machine due to temperature variations and/or the
modification of the magnetic state of the machine. The detection of the faults is also
carried out in the presence of noise and by taking into account the variation of the
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load of the machine. This shows that the choice and the processing of the pertinent
inputs of the network is a preliminary work, which is necessary for the development
of an efficient and robust diagnosis.
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Figure 8.36. Outputs and errors of the monitoring system of the induction machine

This study has highlighted the efficiency of the ANN of the feedforward MLP
type in the fault diagnostic domain. The ANN thus remain as an essential tool to
automatically recognize the normal or abnormal operation state of the machine.
Therefore, we have focused in this chapter on the global structure of the diagnosis
and on the pertinence of the inputs of the ANN as a function of the objectives of
each ANN for the detection and the localization of the faults chosen in the study.
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Chapter 9

Faults Detection and Diagnosis
in a Static Converter

9.1. Introduction

Since the 1970s, power electronics has witnessed a staggering growth due to the
progress made in the knowledge of components, converter topologies and control.
Static power converters have gained popularity in energy conversion and their
applications range from DC to AC and in many applications such as:

— variable speed torque industrial drives (railway traction, mills, lifting devices,
pumping, etc.);

— new architectures of autonomous electrical energy conversion systems (electric
or hybrid vehicles, production networks and electricity distribution networks using
renewable energy sources — wind farms or photovoltaic panels, for example);

— large electrical energy transport systems (FACTS', HVDC?, SVC®...);
— low power mobile applications (cell phones, computers, etc.).
Using converters in these applications, for example, has improved the quality

and efficiency of energy in networks, the development of variable speed in railway
traction, and more recently, the development of traction chains (propulsion) in

Chapter written by Mohamed BENBOUZID, Claude DELPHA, Zoubir KHATIR, Stéphane
LEFEBVRE and Demba DIALLO.

1 FACTS: Flexible Alternating Current Transmission System.

2 HVDC: High Voltage Direct Current.

3 SVC: Static Var Compensator.
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electric vehicles. However, we must ensure that such benefits are not gained at the
expense of reliability, availability, and the safety of goods and people. Moreover, the
equipment obtained through high investments must be preserved.

Tables 9.1 and 9.2 show that more than 90% of failures are due to the converter
or the control circuits. Apart from natural aging of the components, some of
the extreme operational conditions, malfunctioning or difficult environments
(confinement or electromagnetic disturbance, for example) induce stresses on the
system and its different components (electrical and thermal strains on the power
switches, mechanical strains on moving parts or premature wear on passive
components). They lead to intermittent faults or failures, which result in converter
failure, and consequently, the interruption of the energy transfer.

Part 1 of this chapter focuses on the methods for detecting and diagnosing faults
which affect the control circuits, wherein detection and diagnostic actions are
performed by only using current measurements available on the static converters.

Part 2 will focus on describing and understanding the mechanisms that generate
the fault or failure in the semi-conductor components of the converter. The
composition of the converter’s components is in fact complex, with many
phenomena taking place, all of which are multiphysical with very different time
scales. This preliminary study must enable us to obtain representation models, to
determine the relevant measures for carrying out a diagnosis (or prognosis), and to
extract design methods for increasing converter reliability.

Converter failure 38%

Control circuit failure 53%

Failure of external and

e 9%
auxiliary components

Table 9.1. Failure rate in the energy conversion chain

Among the converter components, the electrolytic capacitors and transistors are
the elements that experience most of the failures.

Continuous bus capacitor 60%
Power transistors 31%
Diodes 3%
Inductive elements 6%

Table 9.2. Failure rate of converter components
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The major difficulty in power electronics diagnosis is having a model that
sufficiently represents the component or the converter, where there is adequate
availability of measurement-related information.

Diagnosing the components, and therefore the converter, will depend on the
availability of measurements, and the ability to interpret them in order to analyze
their behavior. The main difficulty lies in the limited number of sensors used, due to
cost constraints and packaging problems. Thus, we mainly find current sensors and,
more rarely, voltage and (global) temperature sensors, whose information is useful
in controlling the actuator chain.

The methods presented here are based on the current vector trajectory
(instantaneous or average) by using analytical models or pattern recognition
methods to detect faults in the control circuits, or switch opening faults. The time
taken for diagnostics must be less than the stipulated time. Recalibration of the
control system and/or the installation of a protection device would ensure that
successive faults or failures are avoided.

9.2. Detection and diagnosis
9.2.1. Neural network approach

9.2.1.1. Introduction

Developing a model from physical laws (knowledge model) requires very
precise process knowledge, which restricts its usage in complex systems, except for
assuring strong hypothesis that will reduce its validity and the accuracy of the
obtained evolutions. It can, however, be used to describe a sub-system in a modeling
procedure, which combines many methods. Knowledge models provide access to
component parameters through the analytical relationships between the inputs and
outputs, and even internal variables. Control techniques (identification and
observation, for example), therefore, will enable us to follow the evolution of
variables and parameters, to establish diagnostic procedures.

A priori or representation models will enable us to establish links between inputs
and outputs, without the need for a precise knowledge of the laws that govern the
system’s operation. However, they must have a level of expertise obtained through
simulation or experiment reports. Representation models assume the availability of
knowledge models to develop the simulation or the experimental device to perform the
experiments, where we are aware of the fact that the fault situations are not always
possible to simulate for obvious safety reasons. The advantage of representation
models is that they are well adapted to the usage of artificial intelligence techniques,
namely artificial neural networks (ANN) or fuzzy logic (FL) [MUR 06, MOH 09].
These techniques have adequate capacity to process a large amount of data or imitate
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human reasoning. The learning potential of ANNs (formalization of the acquired
knowledge base) renders it an interesting tool for detecting and diagnosing faults.
Many studies related to the applications of neural networks to diagnose electrical
machine and power systems have been developed (see Chapter 8). They have
demonstrated the feasibility of ANN’s and their capacity to recognize faults in
electrical systems.

The natural robustness of fuzzy logic (FL) due to its ability to manage
uncertainties also makes it a useful diagnosis tool.

In the following section, we present a technique for detecting and diagnosing an
intermittent opening fault in one of the switches of a three-phase voltage inverter,
which powers an induction drive. This fault can be due to a failure in the control
circuit (see Table 9.1).

The inverter is controlled in an open loop, by applying a V/f type law. We only
have 2 current sensors which measure the a and b machine’s phase currents to
guarantee a follow-up of the system’s state. There is no mechanical sensor, whose
cost and maintenance will often hold up the investment. We will admit here that
malfunctions are processed in mechanical steady state (Figure 9.1).

The aim is to detect the fault by using the trajectory of the mean current vector
value in Concordia’s two-phase reference frame. The advantage of this approach for
monitoring is based on the use of pre-measured currents of the drive, where using
the mean value enables us to reduce the amount of data to obtain synthetic
information [DIA 05].
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Figure 9.1. Drive structure

9.2.1.2. Concordia transformation

In three-phase induction machines, the neutral wire is often inaccessible and
unconnected. The stator currents, therefore, do not have a homopolar component.



Faults Detection and Diagnosis in a Static Converter 275

We can, then, substitute the three-phase system with a two-phase one, to
represent the electrical components. The chosen representation is based on the
Concordia transformation. Under these conditions, the components (i, is) may be
expressed in terms of the three-phase currents (i, iy, i.), by:

. 2, 1. 1,
g = Ela_ﬁlb_ﬁlc

If the currents are sinusoidal (perfect conditions), then this relationship becomes:

iy = @1 sin(at)

\/g
ig=—1 ¢
ig 5 cos(wt)

where [ is the power supply peak current, @ is the power supply frequency, and t is
the time variable. Under these conditions, the Concordia outline is a circle centered
at the origin, as illustrated in Figure 9.2. This simple example will enable us to
detect anomalies in the three-phase system by monitoring its deviations. When the
system is healthy, analyzing the transformed currents will allow us to notice that the
outline is circular, and is centered around zero with a constant radius in steady state
[NEJ 00, ZID 03].

9.2.1.3. Detection and localization area

Here we will focus on failure in the control circuitry of one of the power
switches on the inverter arm. We will assume that the fault only affects the control
of one of the inverter arms, and that the control of the extra switch on the same arm
remains unchanged.

When a fault occurs on a switch, the voltage in the corresponding phase loses a
certain number of pulses, resulting in an increase in the DC component AV. This
variation is the reason for the current vector contour displacement. The direction
of the displacement is decided by the sign of the current variation, which makes
will enable us to locate the faulty switch. For switch 7}, the contour moves in
direction (—a) (Figure 9.2b). The contours corresponding to other switches, which
are faulty, can be easily deduced by 120° rotations.
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Figure 9.2. Concordia contour

If we assume that the sinusoidal currents have constant amplitude, then the
current vector trajectory will be a circle with constant radius. When there are no
imbalances, and we work out the mean, then we will obtain a point at the origin of
the reference frame. However, in a real system, a slight imbalance remains between
the phases of the machine. Therefore, the trajectory of the current vector’s mean
value over all the points of operation will be presented by a set of point clouds
around the reference frame origin.

This trajectory is thus limited to a circle whose radius is calculated by
considering the dispersion of these obtained points. The inner area of the circle will
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be considered as the zone of healthy operation, and any point or set of points outside
the circle will be associated with malfunction. Determining the radius R of this circle
is very important, as it defines the detection threshold. It must be small enough for
the diagnosis to be reliable, but not too small to prevent detection of false alarms.

The dispersion of these points, leads us to define them by their membership
probability.

We are thus describing the probability of any measuring point belonging to one of
two categories of the area corresponding to either the inside or outside of the circle.

If we accept a Gaussian law for the normal operation category, then the
probability will be written as:

! i
N=—— I
r(0) 27[0'3 P 20'3

where ||1 || indicates the norm of the mean value of the vector current in the Concordia

reference frame, and the standard deviation is written as op. If we find that ||1 || =R
and that, in truth, these measurements do not relate to a fault, then this has to be a false
alarm. This case can be attributed to a low occurrence probability, so that the diagnosis
is reliable. This minimum, but not zero, probability is written p.

In the low power domain (<1 kW), it is only mildly beneficial to locate the fault
when the converter power moduli are integrated into the same casing. In these cases,
it is enough to just detect the converter’s malfunctioning. To do so, the normal
operating domain must be determined for all the operatory modes. The flexibility
and capacity of these neural networks to educate us, will render these networks as
suitable design tools in this domain.

In the following section, as an example we will illustrate a method for determining
the healthy operation domain, known as the Radial Basis Function (RBF).

The RBF network has an evolutionary architecture with three layers: an input
layer with components (/,, I5) of the mean current vector /, a layer of concealed
neurons, and an output neuron which calculates the probability density under-lying
the learning base distribution.

The probability density is a sum which is weighted by the weights w; of the
activation functions Gy (I, y, 0):
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Weights @, are defined by:

K
W, = ZGk
k=1

The hidden neurons have identical Gaussian activation functions G, defined as
the following:

1 ~1
Gy (1 4y.0) = - eXP(;(I_ﬂk ) (1= a4 )]

The isocontour of the Gaussian function is composed of a set of points such as:

(1) (1= 1) =

In the case of a two-dimensional space, the isocontours are circles C; with a
center 4 and a radius of o

The activation region of a Gaussian neuron is within the isocontour. The neuron
will have a significant response if the observation presented on the network is
located in the neuron’s activation region.

Building the network and its learning process are carried out by a placement
algorithm at the centers of the activation regions. At the end of the algorithm, we
obtain the structure of the layer hidden in the network, where each circle C; relates
to a Gaussian neuron. Figure 9.3 is an example taken from a learning data base of
200 points, which results in a 45-neuron architecture in the hidden layer.

For reasons of simplicity, this domain will be circumscribed in a circle with
radius R, whose equation is described by the following equation:

R*= ||]||2 = —20'3 1n(272'0'§p0)

This will appear in the hexagon of the location space, as shown in Figure 9.4.
The thick straight lines which define the boundaries of the 6 domains (7}, T5..., Ty)
are obtained by using an analytical approach. For example, for T3, we have equation

Iy = \/gia t i, where i, indicates the maximum offset.
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Figure 9.3. Definition of the normal operating domain

Figure 9.4. Detection and localization space
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A combination of a representation model and a knowledge model would lead to
an approach that would help us to construct the localization space. According to the
direction and amplitude of the current vector trajectory displacement, we can
therefore detect the occurrence of a fault, and locate the faulty switch, which is
relevant in high power applications where the power moduli per phase are well
defined.

9.2.1.4. Discussion

This diagnosis technique that uses the mean value of the measured currents
represented in the Concordia reference frame gives interesting results. Defining the
localization space based on the mean current vector and a probability of belonging
to the healthy operating zone, would render it possible to consider the imperfections
inherent to the power supply and the machine. However, it also enables us to take
into account any variation in the operating point. However, precision of the location
is still not enough, primarily due to the difficulty in adjusting the size of the healthy
operating zone, and the possible overlapping of the domains for each switch. We
must also point out that using the mean value is disadvantageous due to two reasons:

—when we want to collect adequate points to properly determine the healthy
operating zone, at low speed, the duration of the diagnosis algorithm would be at
least equal to an electrical period, which may not be compatible with safety
requirements;

— on the one hand, we must implement methods that rely more on representation
models developed by using expertise acquired on static converters, and on the other
hand, consider the direct use of instantaneous components whose operating point
must be taken into account.

In the following section, we will present another approach based on fuzzy logic.

9.2.2. A fuzzy logic approach

9.2.2.1. Introduction

As we have just seen, the diagnostics expert often uses signals or signatures to
study the state of the electrical system, and consequently, determines the occurring
faults. However, these experts are often required to interpret measurement data,
which are often not very conclusive. Using fuzzy logic can help us to diagnose faults
(the location of the faulty switch in our case).

In fact, fuzzy logic, which has evolved from human reflection and natural
language processes, will enable us to make decisions with vague information
[ZAD 65, BUH 94, KAU 87].
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Fuzzy logic allows elements to be described as having a certain degree of
membership to a set. This allows a computer process, which is normally forced to
work in a binary mode to “0” and “1”, to be used within the continuous domain.

In fact, by moving onto fault diagnosis in a converter, there are many situations
where the state of this converter is neither “good” nor “bad”, but somewhere in
between.

Moving on from the fact interpreting the condition of an electrical actuator is a
fuzzy concept, many approaches dedicated to fuzzy diagnosis of the induction
machine have been proposed over the last few years. The retained method is based
on the phase currents and the same location space as the ANN-based method. Its
operational diagram is illustrated in Figure 9.5 [ZID 08].
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Figure 9.5. Operational diagram for detection and location using fuzzy logic

9.2.2.2. Detection and localization space

The detection and localization space illustrated in Figure 9.6 is obtained from an
a priori analysis of the failure modes of the inverter switches based on the
Concordia contour displacement according to the failing switch.

The detection and localization block, which uses fuzzy logic, has two inputs
calculated according to the following expressions:

E;=dy—-dp

6
Iy = ZN,.
i=1
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where dy and dy respectively indicate the diameter of the healthy operation zone and
the zone obtained in case of a stator current vector fault in the Concordia reference
frame. I, represents the angular sector and therefore enables us to locate the switch
(Figure 9.7).

Current vector trajectory  ~~~----
in normal operation

Figure 9.6. Detection space

300 90° 150° 210° 270° 330°
N; N;s N, Ng N, ‘

Figure 9.7. Representation of the angular sector
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The standardized membership functions for the inputs and output are defined in
Figure 9.8.

HEd Hig #HTi
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Figure 9.8. Membership functions

The rules used are described in Table 9.3.

E,; Iy Ip;.rs = Failing switch
ZorP [Gi; 1= 1, 6 IO-DL-FS = NF (NO failure)
Ioy loprrs=Th
Iz Lprrs= T
1 Lprrs= T
N 03 3-DL-FS 3
Ios Liprrs= Ty
Ios Isprps= Ts
Igs Isprrs= T

(N: negative, Z: zero, P: positive, NF: no failure)

Table 9.3. Linguistic rules

9.2.2.3. Application

Experiments were carried out on an induction machine powered at 1.5 kW,
where the induction machine was loaded with a DC machine connected to a variable
resistance. The torque is regulated to provide a load torque of 2.5 nm, and the switch
control is inhibited for 3.3 msec every two periods.

The phase currents a and b are sampled and processed offline by the detection
and localization algorithm.
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In Figure 9.9, we can observe the current vector projected in the Concordia
reference frame. It is difficult to detect the contour displacement. On the other hand,
after processing these contours, we obtain the result represented in Figure 9.10. We
can see that the output is close to 1, which indicates that the switch T, is failing. The
lower values (close to 0.5) represent normal biases due to the imbalances inherent in
the induction motor.

ibeta (A)

ibeta (A)

ialfa (A)

Figure 9.9. Current vector trajectory (top: no fault, bottom: faulty)
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Figure 9.10. Detection block output and fuzzy localization
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9.2.2.4. Discussion

These results give an increased robustness to the diagnosis through false alarms
being reduced. Additionally, this fuzzy logic approach means that we neither have to
calculate the mean of the current vector, nor the electrical period. As a result, the
calculation and processing time is linked to the target material used, and corresponds
to a few sampling periods.

To extend the work, we could consider increasing the rule base in order to detect
double breakdowns. Moreover, for diagnosing failures in a multilevel inverter, we
could consider the same approach by subdividing the angular domain into as many
angular spaces as there are switches.

9.2.3. Multi-dimensional data analysis

In this section, we will focus on analyzing data collected in its multi-dimensional
form, with the objective of using for diagnosis and fault detection applications.

Configuration of
point cloud in space

Class1 Class 3

o0
L]
e
L]

L]
0
l.l
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a
a
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Visualization in the Class 2

best reduced space
Representation methods Discrimination methods

Classification methods

Figure 9.11. Method groups in multi-dimensional data analysis

In general, there are many methods in data analysis. They are grouped together
according to three different objectives: representation, classification, and
discrimination.
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For representation methods, the main idea is to project the data (initially in
multi-dimensional form) into a plane, in order to reduce the size of the problem.
Next, the data is allocated to a priori groups from which we wish to separate the
data. During the discrimination phase, a law for separating the data is proposed, so
that we can identify unknown samples. In the following sections, we will focus on a
representation method, which is known as principal component analysis (PCA), a
method of supervised categorization and discrimination: the discriminant analysis
[MOR 88, JAM 99, SAP 90].

For all these methods, whether they are methods of representation, classification
or discrimination, the choice of variables representing the phenomena to be
observed, is in fact, fundamental. In fact, the performances of the analyses carried
out will depend on these characteristics. In our case, the choice involves electrical
characteristics which are easily accessible, without having to change the physical
structure of the device under study, thus making the procedure widely applicable to
any industrial, electrical machine. The results that we will present here, as examples
or illustrations, are based on the different phase currents from a polyphase machine.
For each method, we indicate how the data must be organized, so that the collected
data can be analyzed.

9.2.3.1. Principal component analysis (PCA)

The Principal Component Analysis (PCA) is a representation method, which
involves seeking directions in space, which represent the best correlations between n
random variables [MOR 88, JAM 99, SAP 90]. Also known as the Karhunen—Lo¢ve
transform (KLT), the PCA is an unsupervised analysis method (i.e. where a priori
knowledge of the samples is not taken into account in the method’s calculations),
which enables a visual approach to a multi-dimensional problem in a smaller space,
called the principal plane. The main idea here is to highlight the major similarities
and differences between k observations of a database, by projecting these data onto
axes called principal components.

For this study, the data will be distributed into a base where k observations are
described by using n variables.

For example, if we only wish to use physical components, which are available
with no major interventions on the converter, then we propose using the currents
from each phase in the case of a polyphase machine. These currents can be
combined with all other signals (voltages, speeds etc.), which could significantly
describe and represent the phenomena to be observed.
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Figure 9.12. Database structure for PCA

The signals studied may be considered as realizations of a random vector X of
the vector space SR”. For this approach, we are working with a zero-mean vector. To
do so, we use the reduced centered matrix X. whose elements are such

Xnk — )?n
that:x, =——=—. X, can be seen as the kth centered reduced element
" o, \/;
described by the nth representative variable. We thus write X,, and 9, respectively
as the mean value and the variance of variable n.

We then calculate the covariance matrix C such that:
c=xrx,

Using this correlation matrix, to find the new factorial axes which are linear
combinations of X, whose variances are maximized, we must calculate the matrix
V of the eigenvectors, which diagonalizes the covariance matrix as follows:

vlev = v

A is thus the diagonal matrix containing the eigenvalues of C. It represents the
energy distribution of the original data for the corresponding eigenvectors. These
eigenvectors V of the covariance matrix correspond to the principal orthogonal
components sought. They represent the best projection space for the database where
most of the information is represented. To obtain coordinates Y of the data in the

new projection space, we calculate: ¥ = v x.
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In this applied framework which attracts our attention, we generate an initial
database made up of 2,500 observations, and described with 3 variables representing
the observed phenomena, i.e. the currents of the 3 phases of a converter which feeds
a three-phase machine [DEL 07, DEL 08]. These observations have been raised to
characterize the healthy behavior of the converter.

By applying the PCA to this database, with the first 2 factorial axes we reach a
representation that contains 99.98% of the information from the original database
(see Table 9.4). The cumulated variance for these first 2 axes and the eigenvalues
clearly show that the first 2 axes are sufficiently representative to describe the
studied database.

Variances Cun}ulated Eigenvalues
variances
PC1 53.358 53.358 1.601
PC2 46.621 99.979 1.399
PC3 0.021 100 0.001

Table 9.4. Principal components for the PCA results with healthy samples

The representation obtained by using the PCA describes a healthy operating
contour similar to that obtained by using the Concordia transform. The advantage of
the PCA is that the representation space uses principal axes, which are uncorrelated
and orthogonal.

To complete this study, we have included other samples in the database, which
correspond to faults in phase a and phase c. The analysis database which contains
6,800 samples (healthy and unhealthy) is analyzed by using the PCA. We obtain a
representation, which, with the first 2 principal axes, can describe 98.83% of the
information contained within the database. In fact, as the eigenvalues prove it in
Table 9.5, a small amount of information is carried by the 3rd principal axis.

Variances Cun}ulated Eigenvalues
variances
PC1 58.03 58.03 1.74
PC2 40.80 98.83 1.22
PC3 1.17 100 0.035

Table 9.5. Principal components for the PCA results with healthy and faulty samples
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Figure 9.13. PCA in a healthy sample case

All the same, we draw the same 3D representation of the set of information from
the database on the 3 obtained factorial axes. The corresponding representation shows
strong correlations between the data according to their nature (healthy case, fault in
phase a, fault in phase c). A small amount of different data is overlapped, which leaves
us to think in light of these dispersions that the faults can be correctly separated into
distinct categories, thus helping us to diagnose phase faults in the converter.

) @ Fault in phase ¢
T : © Healthy case
© Fault in phase a
- c e
§ 0.5 o <,): ST Ooo
5 A :
= do Gt oY
S 0 Go o
A l o OLQ{%obq‘
B %
-0.5 R
-1.0
4>
2 e 4
20%0(4 ‘ 0 :
"800, 2 %)
") 2 e8P

4754

Figure 9.14. PCA for healthy and faulty samples
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We then carry out a linear discriminant analysis to categorize the faults, as well
as discriminating or identifying new unknown test samples.

9.2.3.2. Linear Discriminant Analysis

The Linear Discriminant Analysis (LDA) method relates to the multivariable
variance analysis and multiple regression methods [MOR 88, JAN 99, SAP 90].
This is a supervised analysis method, i.e. has a learning phase during which the a
priori knowledge of the data membership groups is taken into account while
generating the method. In fact, when the analysis database is being generated, the
observations must be allocated into a priori groups. These observations are, in the
case of the PCA, collected for several variables which represent the phenomena to
be observed. Still, the choice of variables that represent the data is fundamental in
relation to the categorization results. Often, preprocessing is applied to these
variables to improve the relevance of the information representing the phenomena to
be observed.
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Figure 9.15. Database structure for the LDA

The discriminant analysis is both a descriptive (categorization phase) and
decisive (discrimination phase) method. In its descriptive phase, it aims to reduce
the data representation dimension, and also separates the data according to their a
priori allocated groups. In its decision phase, it generates a law of discrimination as
linear combinations of predictive variables, which characterize the differences or
similarities among the a priori defined groups. With the help of this law, it will then
be possible to identify samples with no a priori knowledge of their group.

For multi-dimensional analysis, the idea is to group the individuals (or
observations) characterized by a certain number M of explicative variables. In this
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case, classification means grouping together the individuals characterized by the
explicative variables into a certain number of classes/groups Q. The explicative

variables space, also called the feature space, is generally identified as ™. Each

explicative variable corresponds to a magnitude of interest, extracted from the
objects that we wish to discriminate.

In the applicative example relevant to our study, the explicative variables are the
currents, and the observations (individuals) relating to these currents are allocated
into a priori groups corresponding to the types of case studied (healthy case, fault in
phase a, fault in phase b...). No specific preprocessing was applied to the data
besides filtering, which allows us to maintain valuable information in the signal
measurements on the currents. For our illustration, the classes, which characterize
the samples will be the 3 categories (@ = 3) proposed to allocate the individuals
(healthy case, fault in phase a, fault in phase ¢). For our analysis, a database of 6,800
individuals was created [DEL 08].

The objective of the LDA is to find one or several discriminant hyperplanes in
RM, which is the best for differentiating groups of similar individuals into disjointed
classes. The first stage of the method (descriptive) consists of looking for
discriminant functions in a sample of individuals of size N, with each function being
a linear combination of M explicative variables whose values separate the a priori
defined class Q in the best way. The second stage (decision-making) consists of
knowing the class that an anonymous individual is allocated to, described by the
same explicative variables using the discrimination rule established with the learning
sample of size N.

Let us consider the data matrix X, of size M x N, made up of centered reduced
explicative variables. The total variance matrix of the centered reduced point cloud
written 7 and of size M x M, can be writtenas V = X . X T

This total variance matrix can be re-written as the sum of two terms: the
intraclass variance linked to the dispersion of individuals belonging to the same
class around their center of gravity, and the interclass variance linked to the
dispersion of centers of gravity belonging to the classes around the origin. Thus, if
we write the intraclass variance matrix as W, and the interclass variance matrix as B,
then we may express V in the following form: V= W + B.

We are therefore looking for the best linear combinations, so that we could
discriminate the individuals in the best manner, which amounts to transforming the
feature space of size M, so as to obtain a maximum interclass variance and a
minimum interclass variance. Generally, maximizing the interclass variances will
highlight the differences between these classes, and minimizing the intraclass
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variance amounts to limiting the range of individuals in the same class. Next, to
calculate a linear combination, we must look for the combination that discriminates
the classes from those that are not correlated to the previous ones. The different
linear combinations obtained will then be among @ — 1 and will then constitute the
discriminant linear functions.

To calculate the first linear combination, we must maximize the interclass
variance. Knowing that the sum of the interclass and intraclass variance is constant,

we thus choose the vector #; which maximizes the ratio between the interclass
variance and the total variance, such that:

ul Bu
u; = arg max
ueR™ u' Ku

We thus resolve the equation V' Bu = Au such that the eigenvectors u are called
discriminant factors, and the corresponding eigenvalues A represent the discriminant
power.

Using the realized discrimination, we can propose a discrimination rule to identify
the test samples. Thus, we can allocate an anonymous individual, characterized by its

vector with characteristics x € R , from the linear functions of x, written fq (x),

relating to each group ¢ € {1, ..... Q} . Thus, we can write the following relation:
= tr—1
fq(x)=||x—xq||xV X

where ”x —Xg " is the distance from x to the center of gravity X, of class ¢ . The

anonymous individual will be assigned to group ¢ where /4 (X) is the smallest:

xegqsif(x)= min{fq (x)}

In the example for classifying the faults which we are interested in, we show that
by using the discriminant analysis, we are able to correctly separate the faults in
phase a, in phase c, and the healthy case [DEL 08].

Validating the a priori classification which we have obtained shows that the choice
of member groups of the selected individuals is correct. In fact, classification errors
that we may observe are mainly due to the fact that the faults studied are intermittent.

Consequently, the phases where the fault occurs and disappears again create an
ambiguous zone where the samples should be considered as healthy.
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As a result, this limit must be defined with a maximum level of accuracy during
the sample characterization phase (during which the evolution of the currents and
the characteristic quantities of the phenomena were studied) to reduce uncertainties

in the classification process.

A posteriori
Class 1 Class 2 (faultin | Class 3 (fault in
(healthy case) phase a) phase ¢)
Class 1 (healthy 99.94% 0% 0.06%
= case)
5 -
£ | Class 2 (faultin 24.22% 75.78% 0%
‘: phase a)
Class 3 (fault in 32.74% 0% 67.26%
phase ¢)

Table 9.6. Results from classifying samples in different groups

The discriminant plane that we have obtained, defined by the two factorial axes,
means that we can correctly classify the data from the moment where the beginning
and the end of the zone of the intermittent fault is clearly identified.
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Figure 9.16. Representation of the classification of samples in the discrimination space
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The results achieved in this classification stage would lead us to believe during
the discrimination phase that the unknown sample tests can be correctly identified
and classified within their corresponding groups.

With these methods, the learning phase must be performed offline. In fact, it is
based on a database, where the database is fed with various operation states, which
must be characteristic of the phases to be discriminated. In addition, it enables us to
generate laws of discrimination, which will be used during the diagnosis to identify
the real state of the device with no a priori knowledge of the samples. During
operation, the decision step which is otherwise known as the classification phase,
relies on these laws that are linear combinations of the input variables. These are
simple operations whose implementation on a material target (a microcontroller,
signal processor) is compatible with real time constraints. It is also possible to
develop a material architecture for diagnosis (FPGA® type digital circuit)
to implement a mobile diagnosis solution in the system involved. Obviously, the
classification results (newly identified samples) can be stored in order to broaden the
database and refine the laws of discrimination.

9.3. Thermal fatigue of power electronic moduli and failure modes

In this section, we will recollect the main degradations found in components and
semi-conductor power moduli during operation. The outcomes presented here have
mostly evolved from laboratory tests, which are generally accelerated tests (under
current, voltage or temperature restrictions, higher than usual operating constraints).
The damage reported is, however, representative of the damage which can be seen in
certain applications. We will try to show the accessible electrical magnitudes, which
enable us to detect, for diagnosis purposes, some of this damage. We will also show
that in the current state of the power conditioning moduli, some of this damage is
still very difficult to measure. Beforehand, we will present the main technologies of
the components and power moduli in order to better understand the physical origin
of the damage or even the reported failure modes in the following.

9.3.1. Presentation of power electronic moduli in diagnosis

9.3.1.1. Packaging

Power electronics components, for average and high power applications, use
MOS power transistors (metal oxide semi-conductors), or IGBT (Insulated Gate
Bipolar Transistor). They are generally presented as flat-packs, or in some cases for
very high powers, as press-packed, so as to enable a better evacuation of the heat
(Figure 9.17).

4 FPGA: Field Programmable Gate Array.
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For the moduli, these power devices are composed of a stack of different
materials. The first level is comprised of different dies, generally silicon based,
which represent the active part of the component. The current power supply to these
dies is generally ensured by aluminum bonding wires, with a diameter ranging from
100 to 500 um. The dies are assembled (soldered) onto an insulating substrate. This
substrate is formed by an insulating ceramic (generally in AI203 or AIN), metalized
on both sides with copper, according to a DCB type process (direct copper bonded)
for ensuring a good adhesion of the copper on the ceramic [SCH 03], Figure 9.18.
The ceramic ensures the electric insulation and the evacuation of the heat flux
released by the die. The DCB substrate is generally assembled (through soldering)
on a metallic board, which is used as a mechanical support to fix the module on the
cooling plate through a thermal interface (Figure 9.18).
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Figure 9.17. a) IGBT module, average power voltage inverter (600V-2004);
b) high powered IGBT module (3300V-12004)
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Figure 9.18. Example of DCB substrate with copper metalization (CURAMIK)

The baseplate is generally made of copper, even if composite baseplates in
aluminum and silicon carbide (AISiC) have been developed and combined with AIN
ceramics to reduce thermal fatigue. In fact, AISiC shows satisfactory thermal
conductivity (but lower than for copper) and presents a thermal dilatation coefficient
which is closer to aluminum nitride than copper. The module is properly screwed to
the heatsink, depending on the clamping torque.

In these cast casings, the IGBT dies are soldered onto the DCB by using high
temperature alloys. The complete assembly is then soldered onto the board at a
lower temperature (Figure 9.19). These soldered joints can be used as mechanical,
electric and thermal interfaces. In fact, they ensure the mechanical support of the
different components, the electrical connection between the dies and the metalized
substrate connected to the external power connections. Finally, they enable the
thermal flux to conduct between the active elements and the baseplate.

Signal connectors
Plastic Power connector
casing \\

Bonding wire

Metallization

Figure 9.19. Diagram showing the assembly of a power module
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Figure 9.20 shows a cross-section of a power module which enables us to assess
the thicknesses of the layers of the different materials. The figure on the left
represents an observation under an optical microscope of a micro section of the
IGBT module, and on the right it shows a close up under the electronic microscope
of a localized area under an IGBT die.

ceramic

Mags 30X 200pm* EHT = 1499 KV WO= 17 mm Signal A = RBSD b)

Figure 9.20. Observations under optical microscope (left)
and electronic microscope (right) of a micro section on an IGBT module

Figure 9.21 shows the die and more particularly the layer of metallization
deposited on the die. This technique ensures that the different elementary cells
making up the module are in parallel (more than 10° cells/cm?) to inhibit a parasitic
transistor (for MOFSET) or a thyristor (for the IGBT) depending on the kind of die,
and finally, to enable ultrasonic welding of the bonding wires. The following table
shows the thickness of the different materials, which are involved in composing the
module.
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Figure 9.21. /GBT die elementary cell

Component Material | Thickness (um)

Transistor Si 70

. . Ti 0.32
Front side metalization Ni 0.43
Diode Si 210
Front size metalization cr 0.14

Ni 0.78
. . 80 (diode

Transistor and diode soldered SnAg 2010 1 2(() (tranzistor)
Ceramic Al, O 375
Metalization on ceramic Cu 280
DCB soldered /Board PbSn 95
Board Cu 2,900
Internal and external board coating Ni 6

Table 9.7. Nature and size of materials used to assemble an IGBT module,
example of a 600V module

We can also find moduli without a baseplate, where the DCB substrate (AIN or
Si3N,) is deposited directly on the heatsink by using a thermal interface. This
solution allows for better thermal performances and avoids using soldering between
the baseplate and the DCB substrate, which is often a source of failure. But the lack
of baseplate and the fragile nature of the ceramic stipulate that the condition of the
cooler surface is excellent. For some of the high power IGBT devices, which do not
have the board, the ceramic substrate is held due to pressure on the cooler, as is the
case for moduli proposed by SEMIKRON (SKiiP) [SCH 03] where the electrical
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contacts are pressed onto the substrate (Figure 9.22a), just like the ceramic on the
sink. The lack of baseplate and thermal interfaces makes it possible to decrease the
thermal resistance of the whole assembly. In the MiniSKiiP moduli (Figure 9.22b)
made by the same company, this principle of pressure contacts is combined with
pressure spring contact technology. These are loaded to establish all the electrical
connections between the power module and the control board.

Driver *F

a) Connectionmodel by pressed contact b) MiniSkiip powermodule

Figure 9.22. Moduli with no Semikron® board
a) model showing pressure-contact connection; b) MiniSKiiP power module

In some cases, and to optimize thermal flux evacuation, the baseplate (or the
substrate for moduli with no board) is also the cooler [SCH 00, IVA 03]. This
solution means that we can dispense with the baseplate/cooler thermal interface and
increase the convective exchange between the fluid and the cooler walls.

Replacing bonding wires by soldering pins or balls in 3D technologies means
that two insulating substrates and a 2-sided cooler can be positioned on top of each
other. The dies are then cooled on both sides (Figure 9.24), so that the dissipation of
heat can be managed more effectively.

Finally, the pressurized casing means that we can dispense with soldering and
therefore report the failures that are usually found while assembling the moduli.

At present, these casings are reserved exclusively for very high power

application components. The following figures show the materials used in these
casings, and the manner in which the IGBT dies are placed into parallel connections.
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Mo _ Transmitter Cu
Casing
Film - Diode
IGBT ¢ %
Mo—" + Collector Cu

Figure 9.23. Example of integrated coolers.
a) Cooler integrated into the board [SCH 00];
b) cooler integrated into the DCB_Curamik [SCH 07]

Water
Copper
Connection wire Ceramic
DBC substrate Chip Copper
Soldering Soldering
Copper Chip
Ceramic  Soldering
Copper COPP?T
Soldering Ceramic Water
Board Copper
Heat glue
Radiator

Figure 9.24. 3D assembly architecture enabling 2-sided die cooling [BUT 07]

Mo _ Transmitter Cu
Casing
Film - p) Diode
IGBT ¢ %
Mo + Collector Cu

Figure 9.25. Press-pack casing (source ABB)
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board gel

Semi-conductiong
chip

Figure 9.26. Putting the dies into parallel connection (source: ABB)

9.3.1.2. Power dies

The active elements in a power assembly are the dies (IGBT or MOSFET),
which are made of a semi-conducting material (silicon), measuring a few hundreds
of microns in thickness. To enable flow of high current, several dies are placed in
parallel. Figure 9.27 shows an opened IGBT inverter module, of 600V-200A,
showing the 6 IGBT dies and the 6 diode dies (smaller surface area).

Figure 9.27. Opened IGBT module 600V/2004, cast casing

Faced with an ever increasing densification and operating temperature, as well as
a reduced volume, the silicone has started reaching its thresholds, in terms of
operating temperature. To resolve this, the trend is to develop high Gap semi-
conducting materials (GaN and today, mainly SiC), so that it is possible to push back
the operating limitations in the breakdown voltage/temperature reference frame. For
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SiCs, the critical electrical field (7 times larger than for the Si) and the good level of
heat conductivity will significantly reduce the size of the power devices.

However, the electronics industry, in general, and the power electronics industry,
in particular, is still widely dominated by silicon. In fact, regarding the power
components, there is currently no other semi-conducting material that can compete
in terms of material quality, maturity of component production technology and
production costs. Thus, to improve electrical and thermal performance, important
progress has been made on the dies. We may note the generalization of trench grids
(see Figure 9.21), which enables additional integration density and therefore a
reduced die surface area. For IGBT moduli, Field Stop or Soft Punch Through
technologies have made it possible to optimize losses in the on-state/losses in
conduction, by minimizing the baseplate thickness and by controlling the excess
charge levels injected around the baseplate in conduction regime. This also results in
an increased integration density, as shown in the following figure. The reduced
silicon volume results in larger integration and reduced costs.
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Figure 9.28. Evolution of IGBT die sizes [BAY 08]

The compensation for these gains in volume is the increased current density
during the on-state, and therefore generally an increased power density, and
consequently the die temperature.

9.3.1.3. Conclusion

Power moduli ensure an energy conversion function. They are built with single
components that can be combined with a freewheel diode to realize a chopper, as an
inverter arm, as a complete bridge or a three-phase inverter. They sometimes
integrate the energy recovery chopper.
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Figure 9.29. Examples of converter structures integrated into power moduli,
a) IGBT and freewheel diode, b) inverter arm,
¢) three-phase inverter and recovery chopper

From a diagnosis point of view, power moduli present very few measurement
possibilities. If we use the three-phase voltage inverters, as an example, the three
arms are generally connected in parallel inside the module. The Kelvin source
contacts used by the control drivers can also be used for a precise voltage
measurement in the on-state, or even for measuring the resistance between the
source contact and the source Kelvin contact (between pins 8 to 10 on the following
figure). This resistance is representative of the bonding wires, the DCB copper track
resistance, the power pin resistance and different contact resistances.

In general, we may also note the presence of a CTN resistance soldered onto the
ceramic substrate, which gives the temperature of the area where it is positioned. In
general, the temperature that can be estimated from this resistance, is the image of
the module’s baseplate temperature. Forthcoming results will prove that this
temperature cannot be used to evaluate the aging characteristics of the module.
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Figure 9.30. Accessibility to the IGBT on an inverter arm
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9.3.2. Causes and main types of degradation of power electronics moduli

9.3.2.1. Thermal fatigue strains

The main causes for the degradations discussed in the following section are due
to thermal fatigue strains on the converter moduli, particularly those stemming from
heat cycles coming from profile missions in the transport domain. In fact, power
converters used in transport systems are confronted with an important demand to
reduce weight and size, and therefore tend toward highly integrated structures. These
devices undergo a significant increase in the power density and often find
themselves subjected to high thermal strains. The constraints both reside in the
temperature levels in the surrounding environment which can be very high or very
low, and in the cyclic temperature variations. The temperature levels reduce
reliability, and temperature cycling is a factor, which aggravates degradation.

For example, the environment underneath a car hood imposes temperature cycles
on the power devices, which vary between —40°C and 120°C. Another example is
the closeness of the power electronics in an aircraft jet engine, where the
environment temperatures may vary (in the worst case scenario) between —55°C and
200°C. These environmental temperature cycles are called “passive thermal cycles”.
In addition, the power dissipated in the active dies creates additional temperature
variations of a lower amplitude (a few tens of degrees), but with a higher frequency.
The latter type of thermal cycles are known as “active”. Of course, the power
components are subjected to both types of cycles, in a combined way. These cycles
are illustrated in Figure 9.31, with the passive cycles in a continuous line and the
active cycles in hatched lines.

Junction temperature

Temperature (°C)

temperature

Time

Figure 9.31. “Active” and “passive” temperature cycles
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In terms of lifespan, the automobile domain requires devices that must satisfy
demands of around 8,000 operating hours with around 400,000 power cycles. With
regard to avionics, these requirements are in the order of 50,000 hours for
equipment, which corresponds to 5,000 take off/landing phases for average flight
durations of around 10 hours.

Although higher temperatures may be responsible for aging and malfunction in
the dies, the causes for failure at high temperatures and under strong temperature
variations mainly concern the assembly portion, where the main types of
degradation are presented hereafter.

9.3.2.2. Degradation in connection wires

Problems relating to the resistance of the bonding wires, in relation to thermal
cycles, have been widely studied and described in literature [CIA 02, LEF 03,
HAM 99, RAM 00, PAS 02, OLD 04]. The most widely listed failure modes linked
to the bonding wires are wire lift off (Figure 9.32a) and heel cracks (Figure 9.32b).
The first mode is due to the difference in dilatation between the aluminum wire and
the silicon substrate which, in the end, cracks the bonding foot on the interface when
subjected to thermal cycles. The second mode is less frequent in the power
components, and is due to thermal-mechanical cyclic strains. This type of
degradation may be linked to bends in the wire itself, or to repetitive thermal effects
due to too high current densities flowing in the connection wire, or finally an
additional cause may be an unoptimized bonding process.

This type of damage may be detected by measuring the voltage drop across the
components during on-state. However, the thermal resistance can increase due to
cracks within the soldered joints that lead to a reduction in the cooling ability of the
die. Therefore the measurements should be corrected to diagnose the fault.

a) b)

Figure 9.32. Different damages to bonding wires, a) wire lifting; b) heel crack
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9.3.2.3. Metallization damage at the top side of the die

Figure 9.33 shows SEM observations’ of the condition of the transmitter
metallization with several identical IGBT dies, under stressed active thermal cycles in
different conditions. Figure 9.33a shows metallization before aging, where we can
notice the elementary cell patterns, separated by around 15 pm, as well as the
aluminum grains. The metallization in Figure 9.33b has undergone 250,000 cycles
with variations in the junction temperature AT; = 60°C at low room temperature
(between 35°C and 95°C). In these conditions, despite the very high number of
thermal cycles, the metallization remains visibly unaffected. As the metallization has
undergone less number of cycles (100,000), Figure 9.33c shows visible damage for
amplitudes of identical temperatures (ATj = 60°C), but on a much higher level
(between 90°C and 150°C). Finally, Figure 9.33d shows a metallization which has
barely undergone 47,000 thermal cycles, but is under far more severe conditions (AT
= 80°C, between 90°C and 170°C). This lower number of cycles has nonetheless lead
to high levels of damage in the metallization, which demonstrates a highly disturbed
aspect with “crevices” on the grain joints, where the cell patterns are hardly visible.
These results clearly show that this damage is greatly dependent on the ATj and also
on the maximum temperature level reached (Tjmax), but it is still difficult to determine
the most predominant factor for such a type of damage. However, it is likely that the
thermal cycles are responsible for these degradations, and also that their effect depends
on the maximum junction temperature. This is indicated in [CIA 02], which refers to a
maximum junction temperature of 110°C, where these degradations would become
significant.

Figure 9.34 [DET 04] shows a micro-section of an IGBT cell, where the
metallization damage leads to “microcracks”, which may result in the disconnection
of the elementary cells. This intergranular loss of cohesion, where the aluminum
grains are no longer jointed, has been observed by FIB® analyzes on samples that
have been subjected to thermal cycles [KHO 07b].

One effect of these die metallization degradations is the increased resistance in
this layer (Figure 9.35). This effect was demonstrated by specific “four wire”
measurements, carried out on IGBT dies which were subjected to special thermal
cycles (following repetitive short-circuits) [ARA 08]. However, these measurements
have led to metallization degradations, which are entirely comparable to those
shown in Figure 9.33. These regularly carried out measurements during the aging
process show that after a period where no evolution in the resistance is reported,
then a regular increase is observed.

5 SEM: scanning electron microscopy.
6 FIB: Focused lons Beam.
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New metallization Metallization

Metallization

Figure 9.33. SEM observations of IGBT die metallizations
having undergone different thermal cycling conditions

Figure 9.34. Micro-section of a damaged metallization
through thermal cycling on a cell [DET 04]
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Figure 9.35. Metallization degradation of an IGBT transmitter subjected to
repetitive short-circuit cycles and successive increased layer resistance [ARA 08]

Unfortunately, this damage is difficult to detect without specific measurement
devices and will remain concealed by the damaged caused by bonding wires or the
contacts between wires and the metallization.

9.3.2.4. Soldering damage

We may find two types of soldering in a power module: that connecting the active
die to the metalized insulating substrate, and that between the substrate and the module
baseplate (Figure 9.19). In principle, the second type has “softer” mechanical
characteristics than the first type and, moreover, a larger surface area. These two
reasons mean that the soldering on the baseplate is likely to break more easily than the
soldering on the die due to thermal cycles, as we can see in Figure 9.36a.

However, in extreme temperature conditions, a less frequent degradation mode is
“cavitation” (Figure 9.36b). In fact, the phenomenon is certainly more linked to the
higher temperature attained, which is dangerously close to the melting temperature,
than the temperature variation. Here, we by no means observe fractures, but rather a
phenomenon of matter transportation (thermomigration) within the soldering, during
thermal cycles that lead to cavity creation.

These degradations increase the thermal resistance in the electronic module
assembly and thus make the heat transfer from hot sources (semi-conducting power
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dies) to the cold source (cooler) less efficient. This leads to increased temperature
levels in the assembly and, in particular, in the active die. These degradations can be
detected by measuring the thermal resistance in the assembly.

9.3.2.5. Insulating substrate degradation

The experimental results from the passive thermal cycling have shown us that the
thickness of the DCB (Direct copper bonding, see section 7.3.1.1) substrate
metallization will affect the upper side of these substrates, with risks of conchoidal
fracturing [DUP 06]. This is referred to as a “peeling” phenomenon on the
metallizations, generally in copper, which are attached to the ceramic. However, these
fractures occur in conditions of relatively severe temperature changes, and after a
certain number of thermal cycles. Figure 9.37 shows this type of degradation for
temperature cycles of 210°C, where the cycles vary between —30°C and 180°C in the
AIN ceramics (635 pm) and Cu (300 pm). The number of failure cycles depends on
the severity of the cycle and the DCB structure (nature and thickness of the ceramic,
thickness of the copper metallization). The thickness of the copper metallizations
affects the lifespan of the DCB substrate; the thin metallizations resist cycling better
than the thick ones. Similar results were observed and published in [SCH 03, DAL 95,
MIT 99, NAG 00].

ceramic

metallization Cu

50! um

a)
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Figure 9.36. Soldering damage. a) fracture in the board soldering/ceramic
substrate [BOU 08]; “cavitation” in the die soldering
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These fractures are due to strains in the ceramics, which grow unceasingly larger
during the cycles. This is a consequence of the hardening effect of the copper films,
and is induced by the different dilatation coefficients between both materials. During
the thermal cycles, the strains in the ceramic increase, due to hardening of the
copper, until its acceptable limit is reached.

Still, these degradations increase the thermal resistance of the whole assembly
and could be detected by its measurement.

A1N ceramic Metallization Cu

Metallization Cu

? \ Broken

ceramic

I
Conchoidal fracture AISIC plate A1N ceramic

Figure 9.37. Ceramic fracturing after 90 cycles a) general view; b) micro-section

9.3.3. Interconnection degradation effects on electrical characteristics and
potential use for diagnosis

9.3.3.1. Degradation in connection wires

The indicator that is usually used for detecting bonding wire damage is the direct
voltage drop. The bonding wires are among the most fragile elements in the power
moduli. It has been shown that moduli subjected to power injection cycles could
present the beginnings of heel cracks without having a measureable effect on the
direct voltage drop.

We must wait for considerable damage in the wires or the interface between the
wire and the die metallization, so that this effect can be detected by measuring the
voltage drop in the on-state. The following figure shows, in particular, the variations
in the on-state voltage drop during the application of 250,000 power injection cycles
corresponding to a rise in the junction temperature of 60°C. The damage reported on
the dies after these 250,000 cycles is shown in Figure 9.33. We note an increase of
only 3% on the on-state voltage drop at the end of testing.

Similar measurements were carried out on low voltage MOFSET moduli. The
on-state voltage drop was continually recorded during the whole cycling test
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duration, which made it possible to follow the on-state resistance of the different
dies making up the module. The following figure shows the result for the three low
level transistors in the integrated three-phase voltage inverter. We may notice two
severe variation phases in the resistance on the transistor T4, which can be
correlated with a “heel crack fracture” failure type.
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Figure 9.38. Evolution of the direct voltage drop of die #1 of the C5 module after 250,000

cycles, Twin = 35°C, ATj = 60°C, Ic = 3154

The fracturing of a few wires relates to a very advanced condition of aging in the
component. The heightened resistance noticed here, after the wires have been raised
to only 3%, is still very difficult to detect.

The active cycling tests, presented below, were also responsible for a significant
level of aging in the layer of metallization deposited on the dies. The very low
variations in the on-state resistance show that the aging effect of the metallization
layer is very difficult to detect using an on-state resistance measurement.
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9.3.3.2. Oxide gate degradation

Oxide gate degradation generally results in the occurrence of a local leakage
current crossing the oxide layer, which results in creation of a short-circuit. The
degradation could be due to charge traps in the oxide caused by the application of an
electrical field to the oxide terminals, or by the injection of hot carriers in the oxide.
This degradation mode was highlighted by MOS power transistors [MAN 00b].

39
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b) Bracked heel

Figure 9.39. Power cycling in an MOFSET module (I = 1504, Tcase = 90°C, Timax = 170°C),
variation of the on-state resistance, b) bonding heel cracks

One of the ways for assessing the reliability of the oxide gate is to outline the
current-voltage (I-V) characteristics and to carry out TDDB tests (Time Dependent
Dielectric Breakdown) [MAN 00]. However, with these methods it is impossible to
observe the oxide properties during the power cycling process, or during operation,
which makes this failure mode the most critical, since it is difficult to detect. Thus,
the gate breakdown is unpredictable and leads to instant failure in the module.
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9.3.4. Effects of interface degradation on thermal characteristics and potential use
for diagnosis

As stated in the previous section, the separation of soldering between the active
die and the insulating ceramic, or even between the insulating ceramic and the
board, results in an increase of the local interface contact resistance. This leads to a
progressive increase in the thermal resistance between the dies and the board, and
therefore a similarly gradual yet abnormal increase in the die temperatures, finally
leading to the module’s destruction. These degradations directly affect the thermal
characteristics of the devices, and may consequently be detected by using
techniques, which analyze the structures’ thermal responses. The most frequently
used techniques are based on transient thermal impedance analysis, which we will
present in the following section.

9.3.4.1. Fault or degradation detection in the die soldering

The example described above is not caused by degradation as a result of thermal
fatigue. They are more linked to manufacturing faults, but the resultant faults are
indeed comparable. Figure 9.40 shows acoustic images of samples, which represent
the active dies soldering, taken from [REN 01].

Reference sample Corner Central zone
(no degradation) degradation degradation

Figure 9.40. Fault types in the soldering of active dies [REN 01]

The technique used here appears in the function analysis, which is known as the
structure function [PRO 67, SZE 88], and enables the entire thermal flux pathway to
locate material transitions (interfaces), or detect changes in the materials’ thermal
properties. This function gives the cumulated thermal capacities Cy and the
cumulated thermal resistances Ry of the system measured from the heat source

(Figure 9.41). More precisely, the function studied here is that of the differential
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. . . dC .
structure function, where the ordinate axis is the parameter K(Ry) = dk%’ with the
>

abscissa axis remaining as Ry . Figure 9.42 gives the differential structure functions

of the samples presented in Figure 9.41. We can observe that the first peaks, which
represent the active dies, are localized to the same value of Rth, but the following
peak presents a more or less large delay in Rth according to the effects of the fault.
In the case of a soldered join in good condition, there is minimal distancing of value
Rth from the peak, but a slight increase in the faults in the corners, and even more so
for faults in the middle.

Csh

b)

Figure 9.41. The structure function and the equivalent corresponding
thermal network [REN 01]

9.3.4.2. Fault or degradation detection in the board brazing

Figure 9.43 shows the acoustic image of the interfaces between a board and the 6
ceramic substrates of a high power IGBT module, where this module is used for
railway traction. The black sections relate to the undamaged areas of the brazing,
with a correct local contact resistance. The light areas of the interface represent the
areas damaged by delamination in the brazing with very high localized contact
resistance values.
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Figure 9.42. Differential structure function of different cases of brazing faults
in Figure 9.41 [REN 01]

Figure 9.43. Acoustic image of the ceramic/board interfaces after aging
through thermal cycling (source: LTN INRETS)

Such a degradation in the brazing between the ceramic substrate and the
baseplate results in an increased thermal resistance between the junction (die) and
the board, which is written as Tryyc of around 40% here. Evolution is sensitive,
provided that the delaminated brazing significantly changes the power flux flowing
from the dies toward the baseplate, and that the dies are not too far away from the
edges of the DCB. Estimating the thermal resistance requires that we determine the
dissipated losses in the established regime, the die temperature (average temperature
for measurements using a heat sensitive parameter), and finally the baseplate



316 Electrical Machines Diagnosis

temperature, ideally underneath the die. We can note here that a precise estimation
of the thermal resistance requires suitable methodology and instrumentation, which
(for an application) can be extremely tricky to implement.

9.4. Conclusion

This chapter has covered the detection and diagnosis of faults in static converters
from two angles: the first angle concerns the methods for diagnosing power module
and the second (closer to the physical aspect of the component and module) describes
principal failure mechanisms. This study has shown that the temperature of the
environment, as well as the temperature variations due to the thermal cycles, are the
main causes for failure. It has also shown that these failures can be correlated to
parametric variations of the on-state resistance, the thermal resistance, or the transient
thermal impedance. However, these variations are not only difficult to measure, but
they are also — for on-state resistances, representing failures linked to connections —
low in amplitude. For now, they cannot act as signatures that could be used for a
robust diagnosis. This is a field of investigation for developing better knowledge of
degradation mechanisms, developing adequate embedded sensors, and diagnosis
methods based on highly correlated data with low variation.

Non-destructive thermal and/or electrical control could also be a potential area of
research with:

— a section on modeling, dimensioning and integrating sensors into the
component or module;

— a section on accurate thermal modeling of the component and integrating the
modeling within system modeling;

— a section on the use of inversion techniques for characterization, or diagnostics
studies, by using the thermal history.

The precise understanding of degradation mechanisms could also contribute to
identifying laws of aging, as well as end-life criteria, which could enrich models for
designing and dimensioning. Finally, these models and the thermal history of the
component or module could be adjustment factors of the laws of control in normal
mode or during operating modes in degraded mode.
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