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Abstract

In this thesis, multiple methods and different approaches have been established and evalu-
ated successfully, in order to detect and diagnose the faults of induction motors (IMs). The
aim of this thesis is to present novel fault detection and isolation methods for the case of
induction machines that would have the merit to be implemented on-line and being char-
acterized by specific novel capabilities, when compared with the existing techniques. More
specifically both the cases of model-based and modeless (model-free) fault detection and
isolation methods have been considered.

The proposed methods have been based on: a) Model-based Set Membership Identifica-
tion, more precisely Uncertainty Bounds Violation and a Minimum Uncertainty Boundary
Violation detection schemes, for multiple cases of broken bars under different load condi-
tions and short circuits in stator windings detection having the merit of exact and fast fault
detection an easy straight forward fault isolation and capabilities, b) model-based Support
Vector Classification for the detection of broken bars under full load conditions, using fea-
tures based on the spectral analysis of the steady state stator’s current, without the need of
training steps (an expensive, time consuming and often practically infeasible task) and ex-
isting of a priori data sets of healthy and faulty cases, c) fault classification based on robust
linear discrimination scheme in the model-free case and based on novel extracted features
for both short circuit and broken bar, and d) fault detection based on Principal Component
Analysis (PCA) fault/anomaly detector in time domain for detecting broken rotor bars under
full load conditions, e) fault classification technique for bearings based on a novel Minimum
Volume Ellipsoid method for feature extraction.

One of additional major contributions of this thesis is the fact that especially for the cases
of broken bars, and short circuit in stator windings. All the proposed methodologies have
been extensively evaluated in multiple experiments and in multiple payloads and thus it has
been realistically demonstrated the merits of all the proposed fault detection and isolation
schemes. Furthermore, the obtained results suggest that these novel representations can be
used within condition monitoring for induction motors.
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1.3 Contributions
Fault detection and diagnosis for inductionmotors is a wide subject of research. Several fault
detection methods have been developed and effectively applied to detect machine faults at
different stages by using differentmachine variables, such as current, voltage, speed, temper-
ature, and vibration. In total, Licentiate thesis has been published, 13 research papers have
been published, 2 journal articles have been submitted, and 2 posters have been presented
and published. From them, 9 articles are included in Part II of the thesis and consider differ-
ent aspects of fault detection and diagnosis for induction machines. Moreover, in addition
to the major contributions of this thesis as listed below, :

• The first contribution is to present a novel model-based fault detection and diagnosis
scheme relying on the Set Membership Identification (SMI) approach which has been
presented for the case of broken bars and short circuit in the stator windings. More
precisely, uncertainty bounds violation and Minimum uncertainty bounds violation
rules have been established for detecting and categorizing the faults occurrences. SMI

method, to the best author’s knowledge has never been applied before in the area of

fault detection and diagnosis in induction motors. These novel diagnostic and fault
detection methods able to detect and classify many types of induction motor faults, for
example:

1. A simulation study to evaluate the adaptation of the SMI approach to the problem
of the fault detection and fault diagnosis algorithm, which can be applied for de-
tecting and identifying the faults for different numbers of broken rotor bars and
short circuit of the stator windings.

2. Experimental evaluation for the ability of SMI to detect the broken rotor bar at the
beginning of its occurrence, gradually broken rotor bar, one, two, and three broken
rotor bars under different load conditions (10%, 25%, 50%, 75% and 100%).

3. Experimentally study to decrease the fault detection time by finding theminimum
uncertainty bounds violation.

4. Evaluation of the portability of proposed method by examining and applying the
proposed method on two motors.

• In the second contribution a novel model-based Support Vector Classification (SVC)
method for the detection of broken bars has been considered at full load conditions. In

other word, it has been proposed for the first time a model-based SVC technique for

the test validated against real data. The advantage of this approach is that it does not
need training steps, i.e., it does not require the operators that need to check a system to
have both healthy and faulty data (an expensive, time consuming and often practically
infeasible task). Furthermore, the proposed method considers features based on the
spectral analysis of the steady state stator’s current. In this way, the proposed scheme
does not need collecting training datasets, and therefore does not need to address the
situation inwhich there is no possibility of collect data from both fault-free (healty) and
faulty systems.
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• The third contribution has been presented a fault classification algorithm based on a
robust linear discrimination scheme. The suggested scheme was based on a novel fea-
ture extraction mechanism from the measured magnitude and phase of current park’s
vector pattern. The proposed classification algorithm is applied to detect two kinds of
induction machine faults, which are first, the broken rotor bars, and secondly, the short
circuit in stator windings.

• The fourth contribution has been suggested a novel fault classification and diagnosis
technique for bearings based on a novelMinimumVolume Ellipsoid (MVE)method for
feature extraction.

• Finally, the fifth contribution has been presented a novel Principal Component Anal-
ysis fault/anomaly detector for detecting the presence/ absence of a broken rotor bar
faults. Themethodwas experimentally evaluated, and the resultswere promising since
deviation from normality even for incipient faults can be quite easily spotted.
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1.4 Summary of Papers
The following is a summary of the contributions of proposedmethods for fault detection and
diagnosis in induction motors. In this thesis, 9 papers will be presented and these articles
are the following papers A, B, C, D, E, F, G, H, and I.

1.4.1 Paper A:
Broken Bars Fault Diagnosis Based on Uncertainty Bounds Violation for Three Phase

Induction Motors.

Published as:
M. O. Mustafa, G. Nikolakopoulos and T. Gustafsson, “Broken Bars Fault Diagnosis Based
on Uncertainty Bounds Violation for Three Phase Induction Motors,” International transac-
tions on electrical energy systems, 2013.

Summary

In this article, a novel fault diagnosis scheme, based on an uncertainty bounds violation, is
presented for the case of broken bars in squirrel-cage three-phase inductionmotors. The fault
diagnosis is performed in two steps. First, the parameters of the healthy induction motor are
identified using a set membership identification approach where corresponding uncertainty
bounds are also being provided. Second, the proposed uncertainty bounds violation condi-
tions for the fault diagnosis are evaluated on-line, on the converged identifiedmodel, during
a sliding time window. Multiple simulation results are presented that demonstrate the effi-
cacy of the proposed scheme toward fault detection and diagnosis among different numbers
of broken bars.

1.4.2 Paper B:
A Fault Detection Scheme Based on Minimum Uncertainty Bounds Violation for Broken

Rotor Bars in Induction Motors.

Submitted as:
M.O.Mustafa, G.Nikolakopoulos, T.Gustafsson andD.Kominiak, “AFaultDetection Scheme
Based on Minimum Uncertainty Bounds Violation for Broken Rotor Bars in Induction Mo-
tors,” Elsevier, Control Engineering Practice, 2014.

Summary

In this article, a novel method for broken bars fault detection in the case of three-phase
induction motors under different payloads is presented and experimentally evaluated. In
the presented approach, the cases of partially or full broken rotor bars is also considered,
caused by: a) drilling 4 mm and 8 mm out of the 17mm thickness of the same rotor bar,
and b) fully drilled (17mm) one, two, and three broken bars. The proposed fault detection
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method is based on the SetMembership Identification (SMI) technique, and a novel proposed
minimum boundary violation fault detection scheme applied on the identified motor’s pa-
rameters. This is calculated on–line the corresponding safety bounds for the identified vari-
ables and is based on a priori knowledge of the measuring corrupting noise (worst case en-
countered). Conversely, it can be observed from the calculation of the minimum uncertainty
bounds that the fault detection time will be decreased and the fault detection become faster
than the nominal case (paper A, E, F and H). The efficiency, the robustness and the overall
performance of the established fault detection scheme, is extensively evaluated in multiple
experimental studies and under various time instances of faults and load conditions during
this study.

1.4.3 Paper C:
Faults Classification Scheme for Three Phase Induction Motor.

Published as:
M.O.Mustafa, G.Nikolakopoulos and T. Gustafsson, “Faults Classification Scheme for Three
Phase Induction Motor,” International Journal of System Dynamics Applications (IJSDA), 2014.

Summary

The suggested scheme is based on a novel feature extraction mechanism from the measured
magnitude and phase of a current Park’s vector pattern. The proposed methodology first
plots the q-d measured Ids and Iqs stator currents, and then applies periodic sampling on
the resulting state diagram while features are being extracted based on the magnitude and
phase of current park’s vector pattern. The proposed classification algorithm is applied to
detect two kinds of induction machine faults, which are: broken rotor bar, and short circuit
in stator winding. The efficacy of the proposed scheme will be evaluated based on multiple
simulation results in different fault types.

1.4.4 Paper D:
Detecting Broken Rotor Bars in Induction Motors with Model-Based Support Vector

Classifiers.

Submitted as:
M. O. Mustafa, D. Varagnolo, G. Nikolakopoulos, and T. Gustafsson, “Detecting Broken Ro-
tor Bars in InductionMotorswithModel-Based Support Vector Classifiers,” IEEE Transactions
on Industrial Electronics 2014.

Summary

This paper presents amodel-based Support Vector Classification (SVC)method for the detec-
tion of broken bars in three phase asynchronousmotors at full load conditions, using features
based on the spectral analysis of the stator’s steady state current. Diverging from the main-
stream focus on using SVCs trained frommeasured data, it instead derives a classifier that is
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constructed entirely from theoretical considerations. The advantage of this approach is that
it does not need training steps (an expensive, time consuming and often practically infeasi-
ble task), i.e., operators are not required to have both healthy and faulty data from a system
for checking it. The proposed method describe what the theoretical properties and funda-
mental limitations of using model-based SVC methodologies are, and provides conditions
under which using SVC tests are statistically optimal. Some experimental results to prove
the effectiveness of the suggested scheme are presented.

1.4.5 Paper E:

A Fault Diagnosis Scheme for Three Phase Induction Motors based on Uncertainty Bounds.

Published as:
M. O. Mustafa, G. Nikolakopoulos and T. Gustafsson, “A Fault Diagnosis Scheme for Three
Phase Induction Motors based on Uncertainty Bounds,” In Proceeding of 38th Annual Confer-
ence of IEEE Industrial Electronics Society, 2012.

Summary

The aim of this article is to present a fault diagnosis scheme based on uncertainty bounds
violation conditions. The suggested scheme has the capability for diagnosing two types of
faults: a) broken rotor bar and b) short circuit in stator windings based on a proposed on-line
fault condition monitoring scheme.

1.4.6 Paper F:

Experimental Evaluation of a Broken Rotor Bar Fault Detection Scheme Based on uncer-

tainty bounds violation.

Published as:
M. O. Mustafa, G. Nikolakopoulos and T. Gustafsson, “Experimental Evaluation of a Broken
Rotor Bar Fault Detection Scheme Based on Uncertainty Bounds Violation,” In Proceeding of
39th Annual Conference of IEEE Industrial Electronics Society, 2013.

Summary

This paper proposes a new technique for an experimental evaluation of broken rotor bar
fault detection based on a nominal Uncertainty Bounds violation scheme. In the case of a
fault occurrence, the values of the identified motor parameters will be characterized by a
jump and a corresponding constant drift from the converged nominal values of the healthy
motor. This situation is a direct indication of a fault occurrence. Detailed analysis of the
proposed approach and extended experimental results are being presented that prove the
efficiency of the proposed scheme.
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1.4.7 Paper G:
Principal Component Analysis Anomaly Detector for Rotor Broken Bars.

Published as:
M. O.Mustafa, G. Georgoulas and G. Nikolakopoulos, “Principal Component Analysis Ano-
maly Detector for Rotor Broken Bars,” In Proceeding of 40th Annual Conference of IEEE Indus-
trial Electronics Society, 2014.

Summary

This paper presents a method based on the application of Principal Component Analysis
(PCA) for the detection of broken bars. The proposed method operates in time domain and
is capable of detecting rotor asymmetries using oinenly a small sample of data. PCA is ap-
plied on the three stator currents to subsequently calculate the Q statistic which is employed
for detecting the presence/absence of a fault. The results from the experimental verification
of the proposed scheme are very promising indicating the potential use of the method for
real time implementations.

1.4.8 Paper H:
Stator Winding Short Circuit Fault Detection Based on Set Membership Identification for

Three Phase Induction Motors.

Published as:
M. O. Mustafa, G. Nikolakopoulos and T. Gustafsson, “Stator Winding Short Circuit Fault
Detection Based on Set Membership Identification for Three Phase Induction Motors,” In
Proceeding of 20th Mediterranean Conference on Control and Automation, 2012.

Summary

Themain novelty of this article stems from the adaptation of the SMI approach to the problem
of fault detection. The fault detection conditions are based on three rules. The first condition
is based on the residual of identified motor parameters in healthy and faulty case. Two other
rules can then be defined that are related with the volumes of the bounding ellipsoids and
orthotopes and the threshold values are calculated based on an ad-hoc method. The simula-
tion results proved the efficiency of the suggested scheme that could be directly transferred
to real life implementations.

1.4.9 Paper I:
Bearing Fault Classification Based on Minimum Volume Ellipsoid Feature Extraction.

Published as:
M. O. Mustafa, G. Georgoulas and G. Nikolakopoulos, “Bearing Fault Classification Based
onMinimumVolume Ellipsoid Feature Extraction,” In Proceeding of IEEE Multi-Conference on
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Systems and Control, 2013.

Summary

This article proposed a new approach for feature extraction in the case of bearing fault diag-
nosis combining the data coming from two accelerometers and using a bounding approach
based on the theory of MinimumVolume Ellipsoid (MVE) to condense the relevant informa-
tion. The feature generation is based on the property of (MVE) that encapsulates a finite set
of vibration data and the corresponding geometrical characteristics of the bounding ellip-
soid. The proposed feature set depends on the calculation of five variables that come from
the MVE. Principal Component Analysis (PCA) is mainly used to reduce the dimensionality
of the input feature and for classification, the nearest neighbor classifier is being utilized. The
extracted set of features could be used as an extra source of information for the development
of other condition monitoring systems.
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1.5 Structure and Organization of the Thesis
This thesis consists of two parts organized together with 9 selected papers. The purpose of
the first part is to provide a consistent and comprehensive overview of the work, while sec-
ond part provides the selected publications.

Part I (Chapters 1 - 7)

Part I consists of seven chapters. In first chapter includes the appended papers of thesis, the
other publications not included in the thesis, then the author’s contributions as well as pa-
per’s summary. Chapter Two consists of an introduction to the thesis, the concept of fault
detection, the objective and research questions. While chapter Three presents the fault types
of induction motor.

Chapter four and five present a survey on fault detection approaches and proper model-
ing of induction motor for model based fault detection and isolation. Chapter Six presents
the description of the proposedmethods and finally chapter seven concludes the thesis work
and provides possible future works.

Part II (Paper A - Paper I)

Part II consists of Nine selected articles that contains the peer-reviewed, submitted and pub-
lished material on the research vision.





Chapter 2

Introduction

With progress in process of control systems, the benefits to various industrial segments such
as chemical, petrochemical, cement, steel, power and desalination industries have been enor-
mous. Recently, Fault Detection and Isolation (FDI) has become an important problem in
many engineering applications and continues to be an active area of research in the indus-
trial and the control community. On the other hand, the main objectives of the on-line FDI
processes are to detect and isolate the fault in its early stages, enhance of reconfiguration con-
trol, reduce maintenance costs, increase the availability and reliability, prevent unscheduled
downtimes, and improved operational efficiency of the systems. Therefore, uncontrollable
faults in the processes may cause considerable economical losses, degrade the quality of the
process performance, or even cause serious damage to human life or health, as well as the
environment. Moreover, fault detection and diagnosis are also used to monitor and assess
systems safety.

In recent years, the interest in on-line Fault Detection and Diagnosis (FDD) of engineer-
ing systems came to the attention of researchers as a crucial concern in industrial and control
applications [1]. Furthermore, automated fault diagnostics and conditionmonitoring are im-
portant parts of most of the world’s industrial and control processes [2]. Induction motors
are far more widespread than other electric machine in industry. The total number of oper-
ating electrical machines in the world was around 16.1 billion in 2011, with a growth rate of
about 50% in the last five years [3]. According to several surveys, these machines demand
around 40%− 50% of the total energy generated in any given developed country [4].

The International Federation ofAutomaticControl (IFAC) SAFEPROCESSTechnical Com-
mittee defines a fault as an unpermitted deviation of at least one characteristic property or
parameter of the system from the acceptable/usual/standard condition [5]. Such malfunc-
tions may occur in the individual unit of the plants, sensors, actuators. The Fault Detection,
and Isolation (FDI) problem consists of two stages: 1) making a decision either that some-
thing has gone wrong or that everything is fine, and 2) determining the location of the fault.

Furthermore, condition monitoring can be defined as a technique of monitoring the op-
erating characteristics of systems in such a way that changes and trends of the monitored
characteristics can be used to predict the need for maintenance before serious deterioration
or breakdown occurs, and/or to estimate the machine’s “health.” It embraces the life mecha-
nism of individual parts of or the whole equipment, the application and development of spe-
cial purpose equipment, the means of acquiring the data and the analysis of that data to pre-
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dict the trends. Condition monitoring techniques are normally used on rotating equipment
and other machinery (pumps, electric motors, internal combustion engines, presses) [6, 7].

Fault detection is the indication that something is goingwrong in the system. Fault isolation
is the determination of exact location of the fault (the component which is faulty), while fault
identification is the determination of the magnitude or the size of the fault [8, 9]. The fault
isolation and fault identification taken together are referred to as fault diagnosis.

Detection is an absolute must in any practical system, (isolation is almost as equally im-
portant). Therefore, most of the systems contain only the fault detection and isolation stage
and they are referred to as FDI [8].

Generally the performance of the FDI technique is characterized by a number of impor-
tant benchmarks, namely [10]:
1- Ability to detect faults of small size
2- Ability to detect faults after a short delay of their occurrence
3- Ability to operate with noise, disturbances and modeling error with few false alarms

2.1 Concept of the Faults Detection and Diagnosis
Uncontrollable faults in the processes may cause considerable economic losses, degrade the
quality of the process performance, or even cause serious damage to human life or health,
as well as the environment. In general, The fault detection and diagnostic techniques are
divided into two groups: model-free methods and model-based methods [9]. Model-based
methods have been proposed in [11, 12, 13]. They take advantage of the plantmodel, since the
idea is to calculate such quantities from themodels that reflect inconsistencies between nom-
inal and faulty system operation. In the case of model-based techniques, accurate models of
the system are essentially required for achieving a good fault diagnosis [10]. More precisely,
the more accurate the model, the more reliable the model-based fault diagnosis scheme will
be, i.e. mathematical models among the system inputs and outputs are utilized. Most of the
methods rely on the concept of analytical redundancy rather than physical redundancy.

The basic idea behind the model-based FDI approach is to take advantage of the nominal
model of the system to generate residuals that contain information about the faults. Evi-
dently, the quality of the model is of fundamental importance for both fault detectability
and isolability and the avoidance of false alarms. The comparison between computationally
obtained quantities and measurements results in the so-called residuals.

Fault detection, isolation, and reconfiguration (FDIR) is a control methodology which en-
sures continual safe or acceptable operation of a system when a fault occurs through fault
detection and isolation, as well as controller reconfiguration in response to the specific fault.
Fault detection, and isolation are major part of (FDIR) [5]. (The scope of this thesis pertains
solely to FDI, and therefore therewill be no focus on reconfiguration). Generally, the applica-
tion of model-based methods can be divided in two parts: residual generation and decision
making.

In Figure 2.1, a general framework of model-based FDIR scheme is presented [9, 5, 10, 8,
14]. In the first step, process models in healthy and faulty operation are applied to generate
residuals describing the current condition of the process. The second step is to make deci-
sions on whether a fault has occurred (fault detection) and on the type of faults that have
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occurred (fault isolation) based on the residuals. Finally, the controller is reconfigured on-

Figure 2.1: Diagram of Analytical Redundancy madel-based fault detection, isolation, and
reconfiguration (FDIR)

line in response to any faults detected. The residual generation has to be followed by residual
evaluation, in order to arrive at a detection and isolation decision. In some cases the residu-
als never become zero because of the presence of noise and model errors, even if there is no
fault. Therefore the detection decision requires testing the residuals against thresholds, ob-
tained empirically, or by theoretical considerations in which the condition is decided based
on the residuals [5]. To uncover this problem, robust residual generation can be addressed
by observer-based methods [15], the parity relation methods [16], the parameter estimation
methods [17], and Kalman filter-based method [18].

The model-based method can be divided into three classes [10, 19, 20, 21, 22]: data-
based model, analytical model, and knowledge-based model. Analytical models are based
on the known physical interactions in the diagnosed plant. It can be applied using ob-
servers [23], parameter estimation [19], or parity equations [16]. Knowledge-based models
rely on human-like knowledge of the process and its faults [24], whereas data-based mod-
els are built based on the data retrieved from the process under study. Data-based models
are applied when the process model is not known in the analytical form and expert knowl-
edge of the process performance under faults is not available. However, for complex and
uncertain systems, the derivation of high-fidelity mathematical models from physical prin-
ciples can become very complicated, time consuming, and even sometimes unfeasible (for
instance, some systems cannot be represented accurately enough by a lumped parameter
system). Generally obtaining accurate model parameter values may become a very tedious
job, or even practically impossible, due to proprietary issues regularly imposed by system
integrators [19].
On the other hand, the model-free method can be carried out by monitoring process signals.
The first stage uses the suitable sensor signals such as voltage, current, vibration, tempera-
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ture, etc. The second stage extracts the useful information by using one or more of the signal
processing techniques e.g. Fourier techniques, wavelet, etc [9]. The third stage, considered
the heart of the condition monitoring, is the stage where the fault is detected and identified
according to the extracted data from the previous stage. Generally, the model-free based
method may be carried out either in frequency domain or time domain or time-frequency
domain. Advantages of model-based approaches are that one does not need observations,
so it can be implemented in existing plants for the purpose of checking for potential defects
without requiring having had a collection of measurements during installation (the thing
which may not be available). However, some cases, in the residual signal the fault message
is corrupted with model uncertainties and unknown disturbances. The advantages of the
model-free approaches are that they are able to avoid parameters mismatches between the-
oretical model and actual motor (construction tolerance) [10].

When considering fault diagnostics of the induction motor, it is difficult to develop an
analytical model that adequately describes the motor performance in all its operation points.
Knowledge-based models may be utilized together with a simple signal-based diagnostics
approach, if the expert knowledge of the process is available. Nonetheless, it is often im-
possible even for a human expert to distinguish faults from the healthy operation, and, also,
multiple information sources may need to be used for trustworthy decision making. A num-
ber of different FDI approaches making use of either output signal processing or of a model
of the process have been proposed over the years [25].
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2.2 The Scientific Thesis Approach and Research Questions
The main purpose of this thesis is to investigate, evaluate, and demonstrate what can be
achieved by the proposed methods for faults detection and diagnosis of induction motor.
The usefulness of the presented methods are demonstrated through the simulation and ex-
perimental studies under different load conditions to detect different faults. In other word,
the obtained results suggest that these novel representations can be used within condition
monitoring systems. This motivated the following research questions:

• RQ1: Are the proposedmethods and schemes capable of detecting and diagnosing the
faults of an induction motors?

• RQ2: Is the uncertainty bound violation method able to detect the broken rotor bar in
the beginning of its occurrence at light loading of the induction motors?

• RQ3: Is the uncertainty bound violation method able to detect the multiple broken
rotor bars under different load conditions?

• RQ4: Is the model-based support vector classification method (SVC) able to detect the
broken rotor bar fault without training steps (training dataset)?

Figure 2.2 presents the scientific approach of this thesis. This, in turn, leads to the formu-
lation of the research questions, the evaluation of the proposed schemes, and the methods
based on the suggested insights and results.

Figure 2.2: The scientific thesis approach





Chapter 3

Faults in an Induction Motor

3.1 Fault Types

Induction Machines may encounter several fault conditions, which can lead to additional
maintenance costs and unscheduled down time, resulting in an overall loss of production
and financial income. More than 80% of electromechanical conversion in industrial drives
belongs to the Induction Motor (IM). Furthermore, the total number of operating electrical
machines in theworldwas around 16.1 billion in 2011, with a growth rate of about 50% in the
last five years [1]. In general, various surveys on studying induction machine faults have cat-
egorized the most common fault mechanisms. The more statistical results, based on the sta-
tistical report of the Motor Reliability Working Group of the IEEE-Industry Applications So-
ciety, which surveyed 1141 motors, and the Electrical Power Research Institute (EPRI), which
surveyed 6312 motors, can be summarized in the results depicted in Figure 3.1 [26, 27, 28].

 

 

Figure 3.1: The percentages of common faults in three phase induction machines
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This thesis deals with broken rotor bars faults and stator winding short circuit for induction
machines. In order to understand the fault appearance and build a detection scheme, this
chapter will focus on the causes that lead to the apparition of the fault. Later, more will
details on the fault evolution and its influence on the machine behavior will be provided.

3.2 Stator Faults
Stator faults are usually related to insulation failures. Several studies have shown that 30%−
40% of induction motor failures are due to stator winding breakdowns [29]. Stator winding
consists of coils of insulated copper wire placed in the stator slots, while the stator winding
faults start due to the insulation breakdown between two adjacent turns in a coil for the same
phase; this fault is usually called a turn to turn fault or inter turn short circuit. Therefore, this
type of fault will produce extra heat, and imbalance in themagnetic field of themachine. The
extra local heat between two or more shorted turns will cause further damage to the neigh-
boring turn’s insulation until the occurrence of a catastrophic failure, such as phase failures,
phase to phase failures, phase to ground failures, or phase to phase to ground failures. How-
ever, the stator faults can be broadly classified into the following two categories [30]:

• Laminations (core hot spot, core slackening, etc.), and frame (vibration, circulating cur-
rents, loss of coolants, earth faults, etc.) defects

• Stator windings faults: the most common detected faults of stator windings are related
to either the end winding portion or the slot portion

End winding portion faults include local damage to insulation, fretting of insulation, con-
tamination of insulation by moisture, oil, or dirt; damage to connectors, turn-to-turn faults
(while slot portion faults include fretting of insulation), and displacement of conductors. In
fact, the majority of these defects are due to a combination of various stresses acting on the
stator, which can be classified into thermal, electrical, mechanical, and environmental factors.

Inter-turn short circuits in stator windings constitute a category of faults that is most
common in inductionmotors. Typically, short circuits in statorwindings occur between turns
of one phase, between turns of two phases, or between turns of all phases. Moreover, short
circuits between winding conductors and the stator core also occur [31].

3.3 Rotor Faults
Rotor faults now account for around 5-10% of the total induction motor failures. The reasons
for rotor bar and end ring breakage are several and are mainly caused by [32, 33]:

• Thermal stresses due to thermal overload and unbalance; hot spots or excessive losses
or sparking (mainly fabricated rotors)

• Magnetic stresses caused by electromagnetic forces, unbalancedmagnetic pull, electro-
magnetic noise and vibration

• Residual stresses due to manufacturing problems
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• Dynamic stresses arising from shaft torques, centrifugal forces, and cyclic stresses.

• Environmental stresses caused, for example contamination and abrasion of rotor ma-
terial due to chemicals or moisture

• Mechanical stresses due to loose laminations, fatigued parts, or bearing failure

Since 97% of the induction motors are squirrel-cage type, special attention has to be con-
sidered concerning the bar defects. In fact, a breakage or cracking of the rotor bars at the
place where they join the end ring, is the normal failure mechanism of the cage type rotor
faults [34]. On the other hand, rotor type faults, lead to speed fluctuation, torque pulsation,
changes of the frequency component in the supplying current of the motor, temperature in-
crease, arcing in the rotor, and vibration of the machine. These side effects can be utilized in
detecting and classifying this type of fault. However, the induction motor rotor faults usu-
ally start from a small fracture or a high resistivity spot in the rotor bar [35]. This spot heats
up and deteriorates the damage until the rotor bar is totally broken. After the occurrence of
one broken bar, the rotor current is being transferred to another bar causing an over current
and finally resulting in a larger number of broken bars. Rotor cage faults can lead to shaft
vibration and thus bearing failures and air gap eccentricity, etc. while the breakage of a bar
leads to high current in adjacent bars, thus leading to potential further breakage as well as
stator faults [36]. Therefore, early detection of the rotor asymmetry is essential not only for
the rotor protection but also for reducing some other types of motor failures [23, 35].

3.4 Bearing Faults
As presented in Figure 3.1, around 40% of faults in induction machines come from bearing
faults [6]. In general, the rolling element bearing consists of one inner and outer ring, while
a set of rolling elements are located in between. Standard shapes of rolling elements include
the ball, cylindrical roller, tapered roller, needle roller, etc. Usually, the rolling elements in
a bearing are arranged or guided in a cage, in order to ensure uniform spacing between ele-
ments to preventmutual contact.[37]. The different faults occurring in a rolling-element bear-
ing can be classified according to the damaged element as ball defect, inner raceway defect,
and outer raceway defect [38]. The rolling element bearing is one of the most critical com-
ponents when rotating induction motors, because the large majority of problems arise from
bearing faults. Therefore, both the detection and diagnosis of mechanical faults in rolling
element bearings are very important for the reliable operation of an induction motor [39].

3.5 Other types of faults
Another type of fault includes the air-gap eccentricity, which is an unequal air gap that exists
between a stator and a rotor. The existence of this fault causes an unbalanced magnetic pull
or an unbalanced radial force, which can cause damages in a motor by rubbing between a
stator and a rotor. There are two types of eccentricities: a) static, b) dynamic eccentricities.

• Static Eccentricity
A static eccentricity may be caused by the oval-shape of the stator core or by the in-
correct positioning of the rotor or stator at the commissioning stage. If the rotor-shaft
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assembly is sufficiently stiff, the level of static eccentricity does not change [40, 41]. This
can lead to a bent rotor shaft or bearing wear and tear. It can also lead to some degree
of dynamic eccentricity. Static eccentricity can occur when a rotor is displaced from a
bore center, but it is still turning upon its bore center [42].

• Dynamic eccentricity
In this case, the center of the rotor is not at the center of the rotation and the position of
minimumair-gap rotateswith the rotor [40]. Static eccentricity can lead to some degree
of dynamic eccentricity due to the existence of unbalanced magnetic pull. Mechanical
resonance at critical speed can also result in a dynamic eccentricity [42].
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Survey Study

Inductionmotors are essential components in the vastmajority of industrial processes. There-
fore, fault detection and diagnostics of the induction motor is a wide subject of research. The
different faults on induction machines may yield drastic consequences for an industrial pro-
cess.

Among the various methods applied for the analysis of motor currents, one could men-
tion the use of the motor current signature analysis (MCSA) [43], alongside there is a rapidly
growing body of literature over the last decade, including a number of survey papers sum-
marizing the latest findings and trends in the field [44, 41, 6, 45, 46, 47, 48], while [49] has pre-
sented a survey of the existing techniques for detection of stator related faults, which include
stator winding turn faults, stator core faults, temperature monitoring and thermal protec-
tion, and stator winding insulation testing. In the sequel [44] a review of the state of-the-art
condition monitoring and fault diagnosis in electrical machines was reported ( up to 2003).
Furthermore, yet another study [47] presented an analysis of the state of the art between
2011-2014 in the area of fault detection and condition monitoring for electrical machines. In
[50] it has been presented the development of an on-line current monitoring system that uses
both techniques for fault detection and diagnosis in the stator and in the rotor. A broken bar
causes several effects on induction motors. A well-know effect of a broken bar is the appear-
ance of the so-called sideband components [40, 51, 52]. These sidebands are found in the
power spectrum of the stator current on the left and right sides of the fundamental frequency
component. The lower side band component is caused by electrical and magnetic asymme-
tries in the rotor cage of an induction motor [51], while the right sideband component is due
to consequent speed ripples caused by the resulting torque pulsations [40]. Therefore, MCSA
method has been presented to detect the faults of induction motor [27, 51, 52, 43]. It is a sim-
ple and effective method under suitable operating conditions and is based on Fast Fourier
Transform (FFT).

Furthermore, this method is considered themost popular fault detectionmethod because
it can easily detect the commonmachine faults, such as a turn-to-turn short, cracked/broken
rotor bars, and bearing deterioration [34, 27]. This conventional technique is still used as
a first diagnostic approach, but the real conditions of industrial applications are such that
it cannot be the only support for the development of diagnostic tools [48]. Also, this tech-
nique has significant limitations because of the increased complexity of electricmachines and
drives. As an example, MCSA is the optimal choice for electricalmachines under steady-state
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conditions and rated load [48].
The analysis of the stator current for rotor fault detection during steady state operation

suffers from a number of issues, including spectrum leakage, frequency resolution, and
noise, all of which restrict their overall reliability [53]. The rotor broken bar fault detection in
the no-load condition, based on spectrum analysis, is not suitable [27]. Frequencies similar
to those caused by a rotor fault can be generated by other sources too [54], and thus, might
lead to false alarms and reduce the overall reliability of systems based on steady state moni-
toring. Additionally, in the case of low load, the slip decreases and low current flows in the
rotor circuit; which makes the detection of the fault not as easy and clear [54]. Therefore, this
approach is more effective for electrical machines operating at both constant speed and with
a rated load, while MCSA is considered the most popular fault detection method because
it can easily detect the common machine faults, such as turn-to-turn short, cracked/broken
rotor bars, bearing deterioration [34, 27]. This conventional technique is still used as a first
diagnostic approach, but the real conditions of industrial applications are such that it cannot
be the only support for the development of diagnostic tools [48]. However, a broken rotor
bar fault, at an early stage or partially broken rotor bars, can lead to a larger failure, and may
not be detectable even under full load conditions [55].

Other electric effects of broken bars are used for motor fault classification purposes in-
cluding speed oscillations, torque ripples [56], wavelets [57], instantaneous stator power os-
cillations [58, 59], vibration signal analysis [60], and stator current envelopes [61]. According
to the generalized rotating field theory, if the motor is healthy, then symmetrical stator wind-
ings produce a field that is rotating at the supply frequency fs. This eventually induces an
EMF in the rotor circuits at frequency sfs, where s is the slip. If, instead, the motor is faulty,
then this situation changes-more specifically broken bars introduce rotor asymmetries that
cause additional non-sinusoidal EMF components. From a stator windings point of view,
this will introduce periodic components that can be modeled as additional sinusoids. If only
the first sideband components (lower and upper sideband components) are considered, the
currents that can be expressed as [51]:

ias(t) = Im sin(ωst) + Il sin((1− 2s)ωst− αl) + Ir sin((1 + 2s)ωst− αr) (4.1)

ibs(t) = Im sin(ωst− 2π/3) + Il sin((1− 2s)ωst− αl − 2π/3) + Ir sin((1 + 2s)ωst− αr − 2π/3)

ibs(t) = Im sin(ωst+ 2π/3) + Il sin((1− 2s)ωst− αl + 2π/3) + Ir sin((1 + 2s)ωst− αr + 2π/3)

where Im, Il, and Ir are fundamental current component, the lower sideband component, and
the upper sideband component respectively, and αl, αr are the angular displacement of two
sideband component. In [62] it has been suggested that wavelet analysis could be applied
for condition monitoring and fault diagnosis because this technique allows stator current
analysis during transients. The Wavelet Transform (WT) was introduced with the intention
of overcoming the difficulties mentioned above. WT analysis allows for the use of long time
intervals if one wants more precise low-frequency information and shorter regions if one
wants high-frequency information.

Moreover, the utilization of a physical sensor in amotor fault identification system results
in lower system reliability compared to other fault identification systems that do not require
extra instrumentation. This is due to the susceptibility of the sensor to fail added to the inher-
ent susceptibility of the induction motor to fail. The cost of obtaining the vibration measure-
ment is routinely high due to the measurement equipment. Instead, the stator-current-based
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monitoring scheme is inexpensive because it requires no additional sensors [60]. The analysis
of a machine vibration signal is one of the oldest monitoring techniques and widely utilized
to detect motor faults, especially mechanical faults, such as bearing problems, gear mesh
defects, rotor misalignment, and mass unbalance voltage [63, 60, 64]. The vibration monitor-
ing encounters some difficulties due to change of readings according to sensors location on
the machine frame as well as the noise interference effect of the nearby moving or vibrating
parts and other neighboring machines. Current monitoring techniques are more important
because of their advantages over vibration monitoring, such as their low cost and the non-
requirement of excessive sensors, which are usually delicate and expensive. Moreover, in
many situations the access to the motor is not easy.

Conversely, artificial intelligence approaches have been introduced using concepts such
as fuzzy logic, genetic algorithms, and neural networks [52]. The large amount of numerical
data from the system is also an essential requirement for training a NN. Difficulties occur in
creating a reliable network, if there are not enough measurements available from all opera-
tion states of the process.

From another point of view, Park vector analysis has reported a non invasive approach
based on the stator current. The experimental results show that the circular current pattern
of the stator current Park’s vector, for healthy motors, will be changed to an elliptic pattern,
whose ellipticity increases with the severity of the fault [65]. This method has been used for
detecting the unbalanced voltage and single-phasing operation of the three-phase induction
motors [66]. In this case the three-phase currents lead to a Park’s vector with the following
components [44]:

ids =

√
2

3
Ia −

√
1

6
Ib −

√
1

6
Ic

iqs =

√
1

2
Ib −

√
1

2
Ic (4.2)

where Ia, Ib and Ic are the maximum value of the supply phase currents. The representation
is an elliptic locus, centered at the origin of the coordinates and the axes are ids, iqs corre-
sponding to the motor current Parks Vector representation, whose ellipticity increases with
the severity of the fault and whose major axis orientation is associated to the faulty case.

Moreover, negative sequence current analysis has been utilized in fault detection of in-
duction motors [67]. This analysis is another well-known technique used to detect inter-turn
short circuits.This technique is based on the detection of the asymmetries produced by a
faulty motor with shorted turns in the stator winding. During the detection, the unbalance
in the machine circuit, the supply voltages or the currents is being converted from an un-
balanced system to three balanced systems, called positive sequence, negative sequence and
zero sequence. The positive sequence components (VA1, VB1, VC1) have equal magnitudes
and are displaced by 120o with a vector relation A − B − C. The negative sequence compo-
nents (VA2, VB2, VC2) also have equal magnitudes and phase displacement by 120o, but the
out of phase rotation is C − B − A. Zero sequence components (VA0, VB0, VC0) have equal
magnitudes with no phases displacement [68]. Such asymmetries will generate a negative
sequence current, which is used to detect the fault. Moreover, the magnitude of the negative
sequence current is proportional to the magnitude of the unbalanced effect of the induction
motor and thus, balanced motors have only positive sequences.
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Instantaneous power p(t) analysis can be used for detection of the most common motor
damages in induction motors. It requires the data for current and voltage measurements
in two phases. Consequently, it requires more sensors, but hypothetically, gives satisfactory
results because the power harmonics amplitudes are greater than current harmonics, while
the power spectra contain more diagnostic information, and the power harmonics related to
damages have higher amplitudes [59]. Thus, instantaneous power can be expressed as:

p(t) = vi[cos(2w1t) + cosφ] (4.3)

wherew1 = 2Πf1, f1 is the supply frequency, and φ is the power factor. From equation 4.3, the
instantaneous power consists of two terms: the DC and the sinusoidal term with the twice
fundamental frequency. The former represents the real power, and the latter represents the
apparent power. Also, some additional components on the instantaneous power caused by
interactions of the first three harmonics of supply voltages and currents are present at the
frequencies f1, 3f2, 4f3, 5f4, 6f1.

A stator interturn short-circuit fault produces an asymmetry in the air gap flux density
and therefore in the external magnetic field. This asymmetry generates flux density compo-
nents that clearly appear in the stray flux, as it is not strongly attenuated by the stator iron.
It can be pointed out that the sensitivity of the external magnetic field is higher than the line
current, as far as these spectral lines are concerned. It should also be noted that the lower
part of the spectrum with frequency less than the slotting effect is not very sensitive to the
fault [69].

Short circuits in stator windings constitute a category of faults that is most common in
induction motors. Typically, short circuits in stator windings occur between turns of one
phase, between turns of two phases, or between turns of all phases [30]. Moreover, short
circuits between winding conductors and the stator core also occur. Burning of the winding
insulation, and consequently, complete winding short circuit failures of all phase windings
are usually caused by motor overloads and a blocked rotor [11]. This type of fault will pro-
duce extra heat, and imbalance in the magnetic field of the machine. Bearing faults may
lead to excessive audible noise, reduced working accuracy, the development of mechanical
vibrations, and in increased wear [70].

On the other hand bearing fault detection has been presented based on stator current
analysis and wavelet function [71]. In [72] this technique has been applied successfully to
detect bearing faults, which are one of themajor causes of inductionmotor failures and at the
same time, one of the most difficult problems to figure out from the motor current spectrum.
Frequency analysis methods using vibration and current signals were also developed exten-
sively for bearing fault detection [62], while thismethod is the examination of high-frequency
resonances caused by fault in the spectrum of the signal.

The study of model-based fault diagnosis began in the early 1970s. It was strongly stimu-
lated by the newly established observer theory at that time and it was the first model-based
fault, the so-called failure detection filter [9]. Model based fault detection methods for in-
duction machines have been presented in [11, 12, 73]. In [74], the fault detection and fault
localization problem for of stator and rotor of (IM), using model structures that are derived
from theoretical considerations using parametric estimation methods has been presented.
In [75] it has been developed an empirical model-based fault diagnosis system to detect bro-
ken bar faults, by using recurrent dynamic Neural Networks and multi-resolution signal
processing methods. A new model dedicated to squirrel-cage induction machines has been
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presented for the realistic identification and detection of stator and rotor faults in [76]. In
this approach, for a first time, the inter-turn short circuit windings have been modeled by a
short circuit element. Each element has been dedicated to a stator phase in order to explain
the fault. Secondly, a new equivalent Park’s rotor resistance has been expressed to allow the
decreasing of the number of rotor bars in faulty situation and finally, parameter estimation
has been used to perform fault detection and localization. A model-based strategy for stator
fault diagnosis of IM is proposed in [77]. This strategy uses a state observer which generates
a vector of specific residuals, allowing to detect the faulted motor phase and to quantify the
number of short-circuited turns.

Moreover, in parallel to these fault detection schemes, Set Membership Identification
(SMI) [78, 79] has received a growing attention in the past years suggesting that it is also that
it is also quite an important technique for system identification with bounds of uncertainty.
In the SMI scheme, a priori assumptions about the corrupting noise in the system are taken
into consideration in order to constrain the identified parameters to certain sets. The adapta-
tion capabilities of the recursive implementation of the SMI–algorithms suggest their usage
in robust identification schemes, while several versions of SMI–algorithms have recently ap-
peared in the literature [80, 81, 82, 83], including different methodologies for bounding the
uncertainty and with the capability of being calculated recursively and on-line. Moreover, a
Fault detection scheme based on set membership identification (SMI) has been presented for
fault detection in different applications [84, 85]. It has been extensively evaluated in multiple
experimental studies for broken rotor bars fault detection and diagnosis under various time
instances of faults and load conditions [86, 87, 88]. Furthermore, a novel fault detection and
diagnosis scheme [89, 90], based on uncertainty bounds violation, has been presented for the
case of broken bars and short circuit faults in squirrel-cage three-phase induction motors at
full load condition.

In recent years, a pattern recognition [91], and Support Vector Machine (SVM) method
has been found to be remarkably effective in many real-world applications [92, 93, 94]. SVM
has been successfully applied in various classification and pattern recognition tasks, however
in the area of fault diagnostics it has not been widely studied. Furthermore, SVMs are based
on statistical learning theory, and they are specialized to consider smaller number of sam-
ples [95]. SVMs have been applied on induction motors in order to detect bearing faults [96],
Inter-turn short circuit faults [97] and broken rotor bar faults [98, 99]. The classifier SVM
gives an excellent result, which is very simple and easy to implement, compared to the NN
based approach [100], while, it is a reliable on-line method, which has high robustness to
load variations and changing operating conditions [99].





Chapter 5

Mathematical Models of Induction
Motors

5.1 Nomenclature

Vsa, Vsb, Vsc : Stator’s three phase voltages (V )
Vra, Vrb, Vrc : Rotor’s three phase voltages (V )
ira, irb, irc : Rotor’s three phase currents (A)
isa, isb, isc : Stator’s three phase currents (A)
rs, Rs: Resistance of stator’s winding (Ohm)
rr, Rr:Resistance of rotor’s winding (Ohm)
Lsl, Lrl : Stator’s and rotor’s self–inductances (Henry)
Lm : Mutual inductance (Henry)
ωr : Rotor’s angular speed (rad/sec)
ωm : Rotor’s speed (mechanical) (rad/sec)
ωs: Supply angular frequency (rad/sec)
P : No. of poles pairs
J : Moment of inertia (Kg ·m2)
TL : Load torque (Nm)
Te : Electromagnetic torque (Nm)
q : Quadrature axis frame
d : Direct axis frame
s : Stator quantities
r : Stator quantities
ψs, ψr : Stator’s and Rotor’s fluxes (Weber)
θ : Angular position in the frame of motor (Deg)
θr : Angle between rotor’s phase axis and stator’s phase axis
β : Angle between rotor’s phase axis and stator’s phase axis

The aim of this chapter is to present a sufficient and proper modeling framework, which
will be utilized in the following derivation of the fault detection and isolation scheme. In
general, three phase induction motors can be modeled as three phase models or two phase
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models, as it will be analyzed in the following.

5.2 Three phase model
The three phase induction motor has three phase symmetrical winding in the stator, dis-
placed by 120o with Ns equivalent turns. The rotor winding contains also a three phase
winding, displaced by 120o with Nr equivalent turns. The three phase axis of the stator and
the rotor are separated by the rotor angle θr, as presented in Figure 5.1 [101]. The space vector

Figure 5.1: symmetrical induction motor simplified scheme [101]

voltage equations of the IM for the stator and the rotor respectively are provided by [102]:

Vs = Rsis + pψs (5.1)

Vr = Rrir + pψr (5.2)

where:

Vs = [Vsa Vsb Vsc]
T

Vr = [Vra Vrb Vrc]
T

is = [isa isb isc]
T

ir = [ira irb irc]
T

ψs = [ψsa ψsb ψsc]
T

ψr = [ψra ψrb ψrc]
T

Rs = diag
[
Rs Rs Rs

]
Rr = diag

[
Rr Rr Rr

]
(5.3)
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In the above equations the subscripts s and r denote properties belonging to the stator and
the rotor respectively. The flux linkages in the stator phases can be expressed as:[

ψs

ψr

]
=

[
Lss Lsr

Lrs Lrr

] [
is
ir

]
(5.4)

with

Lss =

⎡⎣ Lss Ms Ms

Ms Lss Ms

Ms Ms Lss

⎤⎦ (5.5)

Lsr =

⎡⎣ Msr cos θr Msr cos θr1 Msr cos θr2
Msr cos θr2 Msr cos θr Msr cos θr1
Msr cos θr1 Msr cos θr2 Msr cos θr

⎤⎦ (5.6)

Lrr =

⎡⎣ Lrr Mr Mr

Mr Lrr Mr

Mr Mr Lrr

⎤⎦ (5.7)

Lrs = LT
sr (5.8)

And Lss = Lsl + Lsm, Ms = −0.5Lms, Lrr = Lrl + Lrm, Mr = −0.5Lmr, θ1 = θ − 2π/3
and θ2 = θ − 4π/3. Finally the three phase model can be mathematically presented as it
follows [101, 102, 103, 104]: [

Vs

Vr

]
=

[
Zss Zsr

Zrs Zrr

] [
is
ir

]
(5.9)

with the entries in the impedance matrices defined as:

Zss =

⎡⎣ Rs + pLss pMs pMs

pMs Rs + pLss pMs

pMs pMs Rs + pLss

⎤⎦ (5.10)

Zsr =

⎡⎣ pMsr cos θr pMsr cos θr1 pMsr cos θr2
pMsr cos θr2 pMsr cos θr pMsr cos θr1
pMsr cos θr1 pMsr cos θr2 pMsr cos θr

⎤⎦ (5.11)

Zrr =

⎡⎣ Rr + pLrr pMr pMr

pMr Rr + pLrr pMr

pMr pMr Rr + pLrr

⎤⎦ (5.12)

Zrs = ZT
sr (5.13)

The electromagnetic torque for this model is formulated as: [102, 105]

Te = − P Msr[isa(ira sin θr + irb sin θr1 + irc sin θr2)

+ isa(ira sin θr2 + irb sin θr + irc sin θr1

+ isc(ira sin θr1 + irb sin θr2 + irc sin θr)] (5.14)
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while the mechanical angular speed will be denoted as:

J
dωr

dt
= Te − TL − Tf (5.15)

where TL is the load torque, Tf is the frictional torque loss, andωr is the rotor angular velocity.
The main advantage of this model is its utilization in simulating specific cases such as faults
in broken rotor bar and voltage imbalances between phases of supply [103, 102, 104].

5.3 Quadrature-Phase Models
Multiple quadrature models exist with significant differences depending on the frame type.
These models, in many cases and depending on the application, are called as [101, 106, 107,
108]: a) the arbitrary reference frame, b) the rotor reference frame, and c) the stator reference
frame.

Two phasemodels have generally beenwidely utilized in different applications, andmore
frequently than the three phase models. Especially in the application areas of indirect faults
detection, parameters estimation and identification, the two phase models provide a bet-
ter representation of an induction motor model in a state space formulation [109, 110, 111].
The voltage equations can be simplified, if the three phase stator’s and rotor’s winding are
replaced by their equivalent quadrature phase windings. Figure 5.2 presents a schematic
diagram of a three-phase induction motor with the d − q axes superimposed has been also
presented, where the q–axis lags the d–axis by 90o. [102, 112, 107]. A voltage Vas is applied
to stator phase and the corresponding current flow is ias. The phases b and c have not been
presented on this scheme in an attempt to maintain clarity. In the d− q model, the coils DS
and QS replace the stator phase coils as, bs and cs, while coils DR and QR replace the rotor
phase coils ar, br and cr. Figure 5.2 depicts only the four coilsDS, QS,DR and QR for illus-
trating the simplification from the 3–phase induction motor with six coils to the case of an
equivalent 2–phase induction motor with four coils.

Figure 5.2: q-d axis superimposed into a three phase induction motor
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5.3.1 The arbitrary reference frame model
The arbitrary reference framemodel is called also as the general reference frame [106], where
the three phase induction motor can be modeled by the utilization of the dqo axis, and as it
has been analyzed in [106, 107, 113], it can be derived that:

Fdqo = Tqdo · Fabc (5.16)

where

Tdqo =
2

3

⎡⎣ cos θ cos θ1 cos θ2
sin θ sin θ1 sin θ2
1/2 1/2 1/2

⎤⎦ (5.17)

The voltage balance equations for the q, d coils, in arbitrary reference frames are provided
by [106, 107, 114]:

Vc = Zc · ic (5.18)

where the voltage and the current vectors are being defined as:

Vc = [V c
qs V c

ds V c
qr V c

dr]
T (5.19)

ic = [icqs icds icqr icdr]
T (5.20)

For the transformation of the three phase quantities (A, B, C or a, b, c) into the two phase
quantities (d, q or D, Q) the Park transformation is being utilized: [102, 13, 115]:

Stator voltages:
[
Vc

ds Vc
qs Vc

o

]T
= Tdqo ·

[
VsA VsB VsC

]T
Stator currents:

[
icds icqs ico

]T
= Tdqo ·

[
isA isB isC

]T
(5.21)

Moreover, the same transformation could be utilized for the rotor voltages and rotor currents,
where in this case the impedance matrix is provided by [101, 106]:

Zc =

⎡⎢⎢⎣
Rs + pLs ωcLc pLm ωcLm

−ωcLc Rs + pLs −ωcLm pLm

pLm ωc − ωr)Lm Rr + pLr (ωc − ωr)Lr

−(ωc − ωr)Lm Lm −(ωc − ωr)Lr Rr + pLr

⎤⎥⎥⎦ (5.22)

5.3.2 Rotor reference frames model
In the rotor reference frame, the d, q axes rotate at the rotor speed ωc = ωr, although β = 0.
Hence, from figure 5.2, it is observed that the d–axis position coincides with the rotor phase
A axis. Here, the rotor angle is being eliminated from the voltage equations as the stator
quantities are being transformed into the rotor reference frame and the voltage differential
equations can be defined as [102, 112, 106]:

Vr
dq = Zr · irdq (5.23)
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where:

Vr
dq = [Vr

qs Vr
ds Vr

qr Vr
qr]

T (5.24)

irdq = [irqs irds irqr irdr]
T (5.25)

Based on this model and after applying the Park’s transformation, the stator voltages will
become as if follows:

V r
qs = Vm cos(sωst) (5.26)

V r
ds = −Vm sin(sωst) (5.27)

where s is the slip defined as: s = (ωs − ωr)/ωs and the impedance matrix is denoted by:

Zr =

⎡⎢⎢⎣
Rs + pLs −ωrLs pLm −ωrLm

ωrLs Rs + pLs ωrLm pLm

pLm 0 Rr + pLr 0
0 pLm 0 Rr + pLr

⎤⎥⎥⎦ (5.28)

As in the previous case, the matrix Tdqo can be utilized to transform the three phase quanti-
ties (a, b, c), into the two phase quantities (d, q), with the difference that the angle θ is being
replaced by θr, while the electromagnetic torque for this model is provided by:

Te =
3

2
P Lm (irqs i

r
dr − irds i

r
qr) (5.29)

The currently utilized model can represent the effects of rotor side disturbances, such as
sudden change in shaft load and moment of inertia of the machine [107].

5.3.3 The stationary reference frame model

Figure 5.3: Electric diagram of a d−q stationary reference framemodel of an inductionmotor
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In the stator frame, or the so called stationary reference frame, the speed is zero (ωc =
0) while this is the most frequently utilized model in the analysis of electrical machines.
This model is considering the case of a squirrel–cage rotor, while the rotor angle is being
eliminated from the voltage equations, due to the transformation of the rotor quantities into
the stator reference frame. The electrical circuit of this model is depicted in Figure 5.3 [108].
In this case θ = 0, and themodel is been called as the stationary reference frame because the d
and q axes do not rotate. In addition, the +d-axis is chosen to coincide with the stator phase
A axis. Hence, for this model, from Fig.1.4 and (5.22), the voltage differential equations
are [102, 114, 106, 112]:

Vs
dq = Zs · isdq (5.30)

where

Vs
dq = [Vs

qs Vs
ds Vs

qr Vs
dr]

T (5.31)

isdq = [isqs isds isqr isdr]
T (5.32)

After the application of the Park’s transformation, the stator voltages will become as it fol-
lows:

V s
qs = Vm cos(ωst) (5.33)

V s
ds = −Vm sin(ωst) (5.34)

By the utilization of the Tdqo matrix, the three phase quantities can be transformed into the
two phase quantities (d, q), while the impedance matrix for the stationary reference frame is
being defined as [106, 116, 117, 118]:

Z =

⎡⎢⎢⎣
Rs + pLs 0 pLm 0

0 Rs + pLs 0 pLm

pLm −ωrLm Rr + pLr −ωrLr

ωrLm pLm ωrLr Rr + pLr

⎤⎥⎥⎦ (5.35)

The resulting electromagnetic torque for the stationary reference frame model is:

Te =
3

2
P Lm (isqs i

s
dr − isds i

s
qr) (5.36)

This model has been utilized successfully in applications of parameter estimation of three
phase induction machines, such as stator and rotor resistance, stator and rotor inductance
and magnetizing [109].

5.4 State Space system of IM
In order to comeupwith identify themotor parameters, themodel of inductionmotor should
be presented as a state space equations in the q − d frame under linear magnetic condition
and it will become as following [112, 102, 106, 114]:

v = [vds vqs 0 0]T (5.37)

i = [ids iqs idr iqr]
T (5.38)

R = diag(rs, rs, rr, rr) (5.39)
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G =

⎡⎢⎢⎣
0 0 0 0
0 0 0 0
0 Lm 0 Lr

−Lm 0 −Lr 0

⎤⎥⎥⎦ (5.40)

L =

⎡⎢⎢⎣
Ls 0 Lm 0
0 Ls 0 Lm

Lm 0 Lr 0
0 Lm 0 Lr

⎤⎥⎥⎦ (5.41)

GR = R + ωrG (5.42)

=

⎡⎢⎢⎣
rs 0 0 0
0 rs 0 0
0 ωrLm rr ωrLr

−ωrLm 0 −ωrLr rr

⎤⎥⎥⎦ . (5.43)

This implies that the dynamics in the q − d frame are [112, 102, 106, 114]

v = GRi+ Lpi. (5.44)

This equation can be directly transformed (5.44) into the state-space representation (notice
that L is always guaranteed to be invertible)

pi = L−1(v −GRi), (5.45)

that can be equivalently rewritten as

ẋ = Ax+Bu (5.46)

y = Cx (5.47)

with
x = i A = −BGR

B = L−1 C =

[
1 0 0 0
0 1 0 0

]
.

(5.48)

where

A =
1

δ

⎡⎢⎢⎣
−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs
Lm rr 0 −Ls rr wr δ
0 Lm rr −wr δ −Ls rr

⎤⎥⎥⎦ (5.49)

B =
1

δ

⎡⎢⎢⎣
Lr 0 −Lm 0
0 Lr 0 −Lm

−Lm 0 Ls 0
0 −Lm 0 Ls

⎤⎥⎥⎦ (5.50)

while δ is provided by:

δ = Ls Lr − Lm2 (5.51)
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5.5 Modeling of Stator Winding Short Circuit for IM
One of themain areas that this thesis concerns is the short circuit of statorwinding fault, hap-
pening in one phase of the motor. For a model based fault detection and isolation method,
a proper mathematical model of the IM, describing these types of faults is needed. In the
examined case it has been assumed that all the stator parameters are considered to be identi-
cal when short circuit fault occurs, while both stator’s resistance and inductance, as also the
mutual inductances between stator and rotor will be directly affected.

In the case of such a fault, the modified (faulty) versions of the matrices A∗ and B∗. By
assuming that the short circuit occurs only in phase a of the stator for simplicity reasons and
without loosing generality, the resistance matrix of stator with shorted turns in the q − d
reference frame can be derived as [70]:

rqd0sf = rs

⎡⎣ rs11 0 rs13
0 rs22 0

rs31 0 rs33

⎤⎦ (5.52)

Where rqd0sf is the stator winding resistancematrix in the faulty case. Let gsa be the percentage
of the remaining un–shorted stator windings in stator phase a and the non–zero elements of

the matrix rqd0sf defined as [70]:

rs11 =
1

3
(2gas + 1) , rs13 =

2

3
(gas − 1) , rs22 = 1

rs31 =
1

3
(gas − 1) , rs33 =

1

3
(gas + 1) (5.53)

while the inductance matrix in the faulty case will become as [70]:

L∗
f =

⎡⎢⎢⎣
L11 0 L14 0
0 L22 0 L25

L41 0 44 0
0 L52 0 L55

⎤⎥⎥⎦ (5.54)

where the elements of L∗
f are being defined as [70]:

L11 =
1

3
(gas + 1)Ls +

1

9
(2gas + 1)2 Ls (5.55)

L14 = L41 =
1

3
(gas + 1)Lm , L22 = Ls + Lm (5.56)

L25 = L52 = Lm , L44 = L55 = Lr + Lm (5.57)

and

Rf
∗ =

⎡⎢⎢⎣
r∗ 0 0 0
0 rs 0 0
0 ωr L

∗
m rr ωr Lr

−ωr L
∗
m 0 −ωr Lr rr

⎤⎥⎥⎦ (5.58)
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with:

r∗ = rs · rs11 (5.59)

L∗
m = Lm · L14 (5.60)

Therefore the matrices A∗ and B∗ in the faulty case will change and become:

A∗ = −R∗
f L

∗
f
−1 (5.61)

B∗ = L∗
f
−1 (5.62)

5.6 Modeling of Broken Rotor Bar of IM
The event of a broken rotor bar causes asymmetry of the resistance and inductance in ro-
tor phases, which results in asymmetry of the rotating electromagnetic field in the air gap
between stator and rotor. Consequently, this will induce frequency harmonics in the stator
current. The impact of broken rotor bars can be modeled by unbalancing the rotor resis-
tance, while the inductance changes are being neglected due to their insignificance influence
compared to the resistance changes [51, 70], and the stator resistances and inductances stay
unchanged [70]. For simplicity, for a squirrel-cage rotor, the end–ring contribution is being
also neglected. In the case of such a fault, themodified (faulty) versions ofmatricesA∗

b should
be utilized. The modified rotor resistance matrix in the abc reference frame can be derived
as [70]:

rrf =

⎡⎣ rr +Δrra 0 0
0 rr +Δrrb 0
0 0 rr +Δrrc

⎤⎦ (5.63)

where Δrra, Δrrb and Δrrc represent rotor resistance changes in phases a, b and c, respec-
tively due to broken bar faults. The resistance changes are being derived based on the as-
sumption that the broken bars are contiguous, neither the end ring resistance nor the mag-
netizing current is taken into account. For the case of nbb broken rotor bars, the increment
Δrra,b,c in each phase is being obtained as [70, 119].

Δrra,b,c = rr
3nbb

Nb − 3nbb

(5.64)

To simulate broken rotor bar fault, the rotor resistance matrix needs to be replaced by the
modified rotor resistance matrix rrf and transformed to q − d reference frame, by utilizing
the stationary reference frame. For the cased examined, the rotor resistance changes in the
q − d reference frame as [70].

Δrqd0rf =

⎡⎣ rr11 rr12 rr13
rr21 rr22 rr23
rr31 rr32 rr33

⎤⎦ (5.65)
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where

rr11 =
1

3
(Δrra +Δrrb +Δrrc) +

1

6
(2Δrra −Δrrb −Δrrc)cos(2θr)

+

√
3

6
(Δrrb −Δrrc)sin(2θr)

rr12 = −1

6
(2Δrra −Δrrb −Δrrc))sin(2θr) +

√
3

6
(Δrrb −Δrrc)cos(2θr)

rr13 =
1

3
(2Δrra −Δrrb −Δrrc))cos(θr)−

√
3

3
(Δrrb −Δrrc)sin(2θr)

rr22 =
1

3
(Δrra +Δrrb +Δrrc)− 1

6
(2Δrra −Δrrb −Δrrc)cos(2θr)

+

√
3

6
(Δrrb −Δrrc)sin(2θr)

rr23 = −1

3
(Δrra +Δrrb +Δrrc)sin(θr)−

√
3

3
(2Δrra −Δrrc)cos(2θr)

rr33 =
1

3
(Δrra +Δrrb +Δrrc)

rr21 = rr12

rr31 =
1

2
rr13

rr32 =
1

2
rr23

The matrix Rdq will be also affected, due to the broken bar fault as:

G∗
R =

⎡⎢⎢⎣
rs 0 0 0
0 rs 0 0
0 ωr Lm rrq ωr Lr

−ωr Lm 0 −ωr Lr rrd

⎤⎥⎥⎦ (5.66)

with:

rrq = rr + rr11

rrd = rr + rr22 (5.67)

Therefore the matrices A∗
b , B

∗
b in the broken rotor bar case will become:

A∗
b = −G∗

R L−1 (5.68)

with

A∗
b =

1

δ

⎡⎢⎢⎣
−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs
Lm rrq 0 −Ls rrq wr δ

0 Lm rrd −wr δ −Ls rrd

⎤⎥⎥⎦ (5.69)

B∗
b = B (5.70)





Chapter 6

The Faults Diagnosis Methods
Techniques

6.1 LS Method
The least-squaresmethod is a basic technique for parameter estimation, which can be applied
to a large variety of problems. It is particularly simple for a mathematical model that can be
written in the form

y(i) = φ1(i)θ1 + ϕ2(i)θ2 + · · ·+ ϕn(i)θn = ϕT (i)θ (6.1)

where y is the observed variable, θ are the parameters of the model to be determined, and
ϕ1, ϕ2, . . . , ϕn are known functions that may depend on other known variables. The vectors
have also been introduced:

θ = [θ1 θ2 . . . θ3]
T (6.2)

ϕi(t)
T = [ϕ1(t)ϕ2(t) . . . ϕ1(t)] (6.3)

where the variables ϕ(t) are called the regression variables or the regressors, and the model
in Eq. 6.1 is also called a regression model. The parameter θ should be chosen to minimize
the least-squares loss function:

V (θ, t) =
1

2

n∑
i=1

(y(t)− φ(i)T θ1)
2 (6.4)

and the residuals ε(t) are defined by

E(t) = y(t)− ŷ(t) = y(t)− ϕT (t) θ (6.5)

With these notations the loss function in equation 6.4 can be written as

V (θ, t) =
1

2

n∑
i=1

(ε(t))2 =
1

2
ET E =

1

2
‖E‖2 (6.6)
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where E is defined by

E = Y − Ŷ = Y − Φ θ (6.7)

with

Φ(t) =

⎡⎢⎢⎢⎢⎢⎣
ϕT (1)
ϕT (2)
ϕT (3)
...

ϕT (n)

⎤⎥⎥⎥⎥⎥⎦ (6.8)

If the matrix ΦT Φ is nonsingular, and the minimum is unique then θ̂ is provided by

θ̂ = (ΦT Φ)−1ΦT Y (6.9)

The least-squares problem can be interpreted as a geometric problem in Rt, where t is the
number of observations. Figure 6.1 illustrates the situation with two parameters and three

Figure 6.1: Geomtric interpretation of the least-squares estimate

observations. The vectors ϕ1 and ϕ2 spans a plane if they are linearly independent and the

predicted output ŷ lies in the plane spanned by ϕ1 and ϕ2. The error E = Y − Ŷ is smallest
when E is orthogonal to this plane. In the general case, Eq. (6.7) can be written as⎡⎢⎢⎢⎢⎢⎣

ε(1)
ε(2)
ε(3)
...

ε(n)

⎤⎥⎥⎥⎥⎥⎦ =

⎡⎢⎢⎢⎢⎢⎣
y(1)
y(2)
y(3)
...

y(n)

⎤⎥⎥⎥⎥⎥⎦−

⎡⎢⎢⎢⎢⎢⎣
ϕ(1)
ϕ(2)
ϕ(3)
...

ϕ(n)

⎤⎥⎥⎥⎥⎥⎦
T

θ1 − · · · −

⎡⎢⎢⎢⎢⎢⎣
ϕn(1)
ϕn(2)
ϕn(3)
...

ϕn(n)

⎤⎥⎥⎥⎥⎥⎦ θn (6.10)

or

E = Y − Φ1 θ1 − Φ2 θ2 − · · · − Φ3 θ3 (6.11)

where ϕi are the columns of the matrix Φ.
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6.2 Recursive Computations
In adaptive controllers the observations are obtained sequentially in real time. It is then
desirable to make the computations recursively to save computation time. Computation of
the least-squares estimate can be arranged in such a way that the results obtained at time
t− 1 can be used to get the estimates at time t. Let θ(t− 1) denotes the least-squares estimate
based on t− 1measurements. Assume that the matrix ΦTΦ is nonsingular for all t then.

P−1(t) = ΦT (t)Φ(t) =
t∑

i=1

ϕ(i)ϕT (i) (6.12)

=
n−1∑
t=1

ϕ(i)ϕT (i) + ϕ(t)ϕT (t) (6.13)

= P−1(t− 1) + ϕ(t)ϕT (t) (6.14)

Then the least-squares estimate θ(t) is given:

θ̂(t) = P (t)(
t−1∑
i=1

ϕ(i)y(i)) = P (t)(
t−1∑
i=1

ϕ(i)y(i) + ϕ(t)y(t)) (6.15)

Then
t−1∑
i=1

ϕ(i)y(i) = P−1(t− 1)θ̂(t− 1) = P−1(t)θ̂(t− 1)− ϕ(t)ϕT (t)θ̂(t− 1) (6.16)

The estimate at time t can now be written as

θ̂(t) = θ̂(t− 1)− P (t)ϕ(t)ϕT (t)θ̂(t− 1) + P (t)ϕ(t)y(t)

= θ̂(t− 1)− P (t)ϕ(t)(y(t)− ϕT (t)θ̂(t− 1))

= θ̂(t− 1) +K(t)E(t)
where

K(t) = P (t)ϕ(t) (6.17)

E(t) = y(t)− ϕT (t)θ̂(t− 1) (6.18)

6.3 Recursive Least-Squares Estimation (RLS)
Assume that the matrix Φ(t) has full rank, that is, ΦT (t)Φ(t) is nonsingular, for all t ≥ t0.

Given θ̂(to) and P (t0) = (ΦT (t0)Φ(t0))
−1 the least-squares estimate θ̂(t) then satisfies the re-

cursive equations:

θ̂(t) = θ̂(t− 1) +K(t)(y(t)− ϕT (t)θ̂(t− 1)) (6.19)

K(t) = P (t)ϕ(t) = P (t− 1)ϕ(t)(I + ϕT (t)P (t− 1)ϕ(t))−1 (6.20)

P (t) = P (t− 1)− P (t− 1)ϕ(t)(I + ϕT (t)P (t− 1))−1ϕT (t)P (t− 1) (6.21)

= (I −K(t)ϕT (t))P (t− 1) (6.22)
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6.4 Weighting Recursive leasts-squares estimation (WRLS)
The disadvantage of the forgetting factor is that data are discounted even if P (t)ϕ(t) = 0.
This condition implies that y(t) does not contain any new information about the parameter
θ.

θ̂(t) = θ̂(t− 1) +K(t)(y(t)− ϕT (t)θ̂(t− 1)) (6.23)

K(t) = P (t)ϕ(t) = P (t− 1)ϕ(t)(λ+ ϕT (t)P (t− 1)ϕ(t))−1 (6.24)

P (t) = (I −K(t)ϕT (t))P (t− 1)/λ (6.25)

6.5 Auto Regressive Moving Average Model Transformation
In this thesis the model of three phase induction motor has been considered as a linear dis-
crete time system with the corresponding Auto Regressive Moving Average (ARMA) repre-
sentation [120]:

A(q)y(q) = B(q)u(q)

where

A(q) = qn + T1q
n−1 + T2q

n−1 + .......+ Tm

B(q) = F1q
n−1 + F2q

n−2 + .......+ Fn

wher T(·), F(·) ∈ �2. The q − d model of the induction motor is being transformed from q-d
model into a MIMO ARMA system, which can be described as:

yj(t) = Φj(t)
T θ̂j(t) + ej(t) (6.26)

where

Φj(t) =

⎡⎢⎢⎢⎣
ϕ1(t)

T

ϕ2(t)
T

...
ϕm+n(t)

T

⎤⎥⎥⎥⎦
(6.27)

Moreover θ̂j(t) contains the corresponding coefficients of the selected ARMAmodel and can
be defined in the general case as:

θ̂j(t) = [Fj,1(t) . . . Fn,1(t), Tj,1(t), . . . , Tm,1(t)] (6.28)

where n and m ∈ Z+ are the orders of the numerator and denominator for each considered
transfer function respectively, yj(t) is the stator currents, θ̂j(t) is the identified parameter
vector set, and the subindex j represents the stator current set that can be selected as one
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from: [qs, ds]. The regression vector ϕj(t) containing the input–output measurements, is
being formulated as

ϕj(t)
T = [−yj(t− 1) . . . − yj(t− n) . . .

uj(t+m− n− 1) . . . uj(t− n)] (6.29)

More specifically in the case j = qs, the vector Φj(t) will be

Φj(t) =

⎡⎢⎢⎢⎢⎢⎣
−iqs(t− 1) − iqs(t− 2) · · · − iqs(t− n) vqs(t− 1) vqs(t− 2) · · · vqs(t− n)
−iqs(t− 2) − iqs(t− 3) · · · − iqs(t− n) vqs(t− 2) vqs(t− 3) · · · vqs(t− n)

...
−iqs(t− 3) − iqs(t− 4) · · · − iqs(t− n) vqs(t− 3) vqs(t− 4) · · · vqs(t− n)
−iqs(t− 4) − iqs(t− 5) · · · − iqs(t− n) vqs(t− 4) vqs(t− 5) · · · vqs(t− n)

⎤⎥⎥⎥⎥⎥⎦ (6.30)

where uj(t) represents the stator voltages (vqs or vds), and yj(t) represents the stator currents
(iqs or ids). The three phase motor currents ia(t), ib(t), and ic(t) are being transformed to the
equivalent iqs(t) and iqs(t). In equation (1) the additive measurement noise is assumed to be
bounded by γj ∈ �+ as:

γj||ej(t)||2 ≤ 1, ∀ t

the adopted ARMA model representation of the induction motor’s transfer function, from
the input vj to the output ij can be denoted as

ij
vj

=
Tj,1z

m−1 + Tj,2z
m−2 + .......+ Tj,m

zn + Fj,1zn−1 + .......+ Fj,n

(6.31)

In this MIMO ARMA modeling approach, the parameters in equation (6.31) for the healthy
case of j = qs are defined by

Tqs,1 =
Lr

δ
Tqs,2 = b1(a1 + 2a4 + a2b2)

Tqs,3 = b1(a
2
4 − 2a1a4 − a25 + a2a3 − a2b2(a1 + a4))

Tqs,4 = −b1(a1a
2
4 − a2 ∗ a3 ∗ a4 + a1 ∗ a25 + a2b2(a1a4 − a2a3)]

Fqs,1 = −(2a1 + 2a4)

Fqs,2 = a21 + 4a1a4 − 2a2a3 + a24 + a25
Fqs,3 = −2a21a4 + 2a1a2a3 − 2a1a

2
4 − 2a1a

2
5 + 2a2a3a4

Fqs,4 = a21a
2
4 + a21a

2
5 − 2a1a2a3a4 + a22a

2
3

with:

a1 = −(Lr rs)/δ a2 = (Lm rs)/δ b1 = Lr/δ b2 = −Lm/δ

a3 = (Lm rr)/δ a4 = −(Ls rr)/δ a5 = ωr
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and have a direct relation with the motor’s parameters in the faulty case. For example, for
the same faulty case of j = qs, these parameters can be defined as:

Tqs,1 =
Lr

δ
Tqs,2 = −b1(a1 + ar4 + ar7)

Tqs,3 = b1(a
2
5 + a1ar4 + a1ar7 − a2ar6 + ar4ar7)

Tqs,4 = b1(a1a
2
5 + a1a4ar7 − a2ar4ar6

Fqs,1 = (2a1 − ar4 + ar7)

Fqs,2 = a21 + a25 + a2b2 + 2a1ar4 − a2ar3 + 2a1ar7 − a2ar6 + ar4ar7

Fqs,3 = a21(ar7 − ar4) + 2a1a
2
5 − a1a2(ar3 + ar6) +

2a1a4ar7 − a2a3ar7 − a2ar4ar6 + a2b2(a1 + ar7)

Fqs,4 = a21a
2
5 + a22a3ar6 − a1a2(a3ar7ar4ar6) + a2b2(a1ar7)

with:

ar3 = −(Lr rs)/δ ar4 = (Lm rs)/δ ar5 = (Lm rrrq)/δ

ar6 = −(Ls rrrq)/δ ar7 = ωr

where Lr, Ls, Lm are the rotor’s, stator’s, and mutual inductance (Henry) respectively, while
rr and rs are the rotor’s and stator’s resistance in (Ohm). wr is the rotor’s angular speed
(rad/sec), and δ = Ls Lr − Lm2. The adopted realization can be easily applied for all the
examined faulty cases, independently of the total number of the motor’s broken bars and
short circuit in stator winding.

6.6 Set Membership Identification (SMI)
SetMembership Identification refers to a class of techniques for estimating parameters of lin-
ear and non linear systems [121, 78]. The objective of the SMI technique is the determination
of the feasible parameter set that contains the nominal parameter vector, the measurement
data, and the priori known bounded noise–error. Due to the complexity in computing the
feasible parameter set, the majority of the SMImethods use a more conveniently computable
parametric set that is the outer uncertainty bound of the feasible parameter set [122, 78]. The
SMI technique is based on the Weighted Recursive Least Squares (WRLS) with a forgetting

factor for identifying the θ̂j motor’s parameters in the sample instance t [123]. The overall
recursions for the implemented SMI algorithm summarized in Table 1, where the covariance
matrix is denoted as Cj(t) = Pj(t)

−1, P is positive definite, and P (o) = diag(Po) [78, 84].
In the SMI approach the uncertainty description is evolving with the time. The better the

convergence of the parameters, the smaller these bounds become, while as a fundamental
property in SMI [78], these bounds cannot be less than the assumed or computed range of
noise corrupting the measurements. These values for the converged uncertainty bounds and
for a specific motor, should be calculated for all the expected loading conditions, while it
should satisfy the identified motor’s parameters. with � = m + 1. For calculating the upper
and lower boundary of the identified parameters, the uncertainty bounds σj(t) should be
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Table 6.1: The algorithm for SMI based on the Weighted Recursive Least Squares
Step 1: Calculate Φj(t)
Step 2: Calculate the maximum positive root of the following
equation: Fj(λj(t)) = α2,jλj(t)

2 + α1,jλj(t) + α0,j

where:
α2,j = (�+ n− 1)G2

j , α1,j = ((2�+ 2n− 1 + γj e
2
j)− ξj γj Gj)Gj

α0,j = (�+ n)(1− γj e
2
j)− ξj Gj γj , ξj(t) = ξj(t− 1) +

λj(t)

γj
− λj(t) ej

1−λj(t) Gj

If the maximum root of Fj(λj(t)) ≤ 0

θ̂j(t) = θ̂j(t), Pj(t) = Pj(t)
Else
Step 3: Perform the following recursions:
Pj(t) = (I −Kj(t) ϕ

T
j (t))Pj(t− 1)/λj(t)

Kj(t) = Pj(t− 1)ϕj(t)(λj(t) + ϕT
j (t)Pj(t− 1)ϕj(t))

−1

Step 4: Update the identified parameters:

θ̂j(t) = θ̂j(t− 1) +Kj(t)(yj(t)− ϕT
j (t)θj(t− 1))

Step 5: Update the upper and lower uncertainty bounds:

σj(t) =
√
diag(Pj(t))

Step 6: Calculate:
ej(t) = yj(t)− ϕT

j (t)θj(t− 1)
Gj(t) = ϕT

j (t)Pj(t− 1)ϕj(t)
Step 7: Goto Step 1

computed in every iteration. These bounds are being defined by an ellipsoid that bounds
the uncertainty and it is oriented parallel to the parameter coordinate axes, defined as:

σj(t) =
√
diag(Pj(t)) (6.32)

while the corresponding equation for the ellipsoids Ωe
j(t) can be calculated as [78, 84]

Ωe
j(t) = {θj : (θj(t)− θ̂j(t))

T Cj(t)

ξj(t)
)(θj(t)− θ̂j(t)) ≤ 1, j = 1, ...., n+m (6.33)

Moreover the matrixW (t) =
Cj(t)

ξj(t)
represents how far the ellipsoid extends in each direction

from the center of the ellipsoid θ̂j(t), while the volume ratio of the j ellipsoid is calculated by

Rj(t) = det−1(W (t)) (6.34)

Taking an example from applying this identification method, the convergence of the SMI
based motor’s parameters Fiqs and Tiqs in the healthy case, from vqs to iqs is presented in
Figures 6.2 and 6.3 respectively. As it can be observed from these figures, the uncertainty
bounds are starting from a large value and in the sequence, as the identification procedure
is evolving and the identified parameters are close to the nominal values. Those bounds are
being decreased until they reach their steady state value. In Figure 6.4, the convergence of
the ellipsoid volume ratio, ellipsoid volume, and the convergence of the orthotope’s volume
are being presented while the corresponding bound sets of uncertainty are being presented
at different time. Moreover, in this graphs, the evolution of the volume has been highlighted
with respect to the sample time.
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Figure 6.2: SMI based identified motor parameters for Fiqs and corresponding uncertainty
bounds in healthy case
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Figure 6.3: SMI based identified motor parameters for Tiqs and corresponding uncertainty
bounds in healthy case
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Figure 6.4: Ellipsoid volume ratio, orthotope and ellipsoid change with sample time.

6.6.1 Fault Detection Conditioning
Based on SMI as it has been analytically presented in the attached publications, the proposed
scheme for the model-based fault detection and diagnosis in induction motors is depicted in
Figure 6.5 and 6.6.

Figure 6.6, the scheme is based on the identified on-line parameters θ̂j of the motor, the
corresponding uncertainty bounds σj , and the ellipsoid volume ratio Rj , all provided and
calculated on-line by the SMI scheme.

The overall proposed fault detection scheme is being depicted in Figures 6.5 and can be
applied to induction motors, under healthy and faulty operations under various faults of
inductionmotors at different load conditions. Figure 6.5 can be summarized in the following:

• On-line measurements of the stator currents ia(t), ib(t), ib(t) and stator voltages
Va(t), Vb(t), Vb(t) of the motor

• Apply park transformation to calculate iqs(t), vqs(t)

• Apply SMI scheme to find the identified motor’s parameters θ̂j(t) and σj
o(t).

• Fault detection condition is being examined for all θ̂j(t), and themotor will still operate
in a healthy condition as long as the identified (converged) parameters of the motor
remain bounded

• If the fault detection condition is satisfied for any one of θ̂j(t), fault occurrence requiring
a direct fault indication is produced
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j n m

ia(t), ib(t), ic(t) ua(t), ub(t), uc(t)

iqs(t) uqs(t)

θj(t) σj(t)

θj(t) > σj(t)

o

o*

Figure 6.5: Overall proposed SMI scheme for expectantly fault detection and isolation exper-
imentally

6.6.2 Minimum Uncertainty Bounds Violation - Based Fault Detection
Technique

In the proposed SMI based fault detection scheme (Paper B), the calculation of suchminimum
σo∗
j (t) in the healthy case, supported the improves method, and it becomes more efficient
through the following:

• Decreasing the fault detection time. This supports earlier and faster fault detection than
does the nominal case therebymaking the proposedmethodmore robust and efficient.

• It is an established general novel fault detection criterion, since all the identified motor
parameters violated their uncertainty bounds

• Evaluating and studying the uncertainty bounds violation based fault detection tech-
nique in the case of different numbers of broken rotor bars at different load conditions
(10%, 25%, 50%, 75%, 100%) of full load. These are important to test the ability of the
presented method to detect the faults at light loads conditions

In papers (A, E, F, H), the nominal uncertainty bounds σo
j (t) have been used. Some of the

identified motor parameters were violated by the uncertainty bounds at time Td after fault
occurrence, but for others, parameters could not inviolate the bounds although these param-
eters have been changed after occurrence fault.
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Figure 6.6: Overall proposed SMI scheme for fault detection and isolation

6.7 Suport Vector Classification (SVC)

SVM based classification is a relatively new machine learning method based on statistical
learning theory presented by Vapnik [124]. In SVM, an optimal hyperplane is determined
to maximize the generalization ability of the classifier by mapping the original input space
into a high dimensional dot product space called feature space. The mapping is based on
a so-called kernel function. The optimal hyperplane is found in the feature space with a
learning algorithm from optimization theory that implements a learning bias derived from
statistical learning theory [125]. SVM based classifier is claimed to have better generaliza-
tion properties than, for example, neural network based classifiers. In addition to this, SVM
based classification is interesting, because its computational efficiency does not depend on
the number of features of classified entities. This property is very useful in fault diagnostics,
because the number of features chosen to be the base of the fault classification are therefore
not limited. In the case of the two classes classification method, the input data can be sep-
arated linearly. The separation hyper plane can be shown in 6.35. An example for linearly
separable data is shown in Figure 6.7.

wTx− b = 0 (6.35)

Where w is a weight vector and b is a scalar multiplier or a bias value. If the two classes can
be separated linearly, the hyper plane that satisfies maximummargin between two classes is
found by solving the optimization equation 6.36 [126]:

argw,b min 1
2
‖w‖2

s.t. wTx− b = 1
wTx− b = −1

(6.36)
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Figure 6.7: Hyperplane through two linearly separable classes

In order to cater for the constraints in this minimization, we need to allocate them Lagrange
multipliers λi ≥ 0, and the associated Lagrangian equation is then:

Lp(w, b, x) ≡ 1

2
wTw −

N∑
i=1

λi[yi(xi.w + b)− 1]

≡ 1

2
‖w‖2 −

N∑
i=1

λi yi(xi.w + b) +
N∑
i=1

λi (6.37)

The optimal values for w and b can be derived from setting [126, 124]:

∂Lp

∂w
= 0 ⇒ w =

N∑
i=1

λiyixi (6.38)

∂Lp

∂b
= 0 ⇒

N∑
i=1

λiyi = 0 (6.39)

Substituting 6.38, 6.39 into 6.37 gives a new formulation, which is dependent on λ, and it is
need to maximize LD as:

LD ≡
N∑
i=1

λi − 1

2

∑
i,j1

λj λi yi yj (xi.xj) s.t. λi ≥ 0 ∀i

≡
N∑
i=1

λi − 1

2
λT H λ s.t. λi ≥ 0 ∀i,

N∑
i=1

λiyi = 0 (6.40)
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where H = yi yj (xi.xj), are quadratic coefficients. This new formulation LD is referred
to as the dual of primary Lp. It is worth noting that the dual form requires only the dot
product of each input vector xi to be calculated. Finally, having moved from minimizing Lp

to maximizing LD, it is needed to calculate [124]:

max
λ

[
N∑
i=1

λi − 1

2
λT H λ] s.t. λi ≥ 0 ∀i and

N∑
i=1

λiyi = 0 (6.41)

6.8 Model-Based SVC
In this thesis (Paper D), a model-based SVC method for detecting broken rotor bars in three
phase asynchronousmotors, is experimentally evaluated. The features are extracted from the
spectral analysis of the stator currents (more specifically the amplitude of the fundamental
and the left sideband harmonics) at full load conditions. The advantage of this approach
is that it does not need training steps (an expensive, time consuming and often practically
infeasible task); operators are not required to have both healthy and faulty data from a system
for checking it. Figure 6.8 summarizes the quantities involved in the presented scheme. More
precisely:

• vms (t) is the measured signal of the stator voltages; it represents the input of the motor.
It is a directly measured quantity that comes directly from the measurement system.

• P is the real motor (i.e., the physical device).

• P h and P f are theoretical models under healthy (h) or faulty (f ) assumptions. They are
directly computed quantities since they are computed just from first principles. They thus
do not depend on any of the other quantities summarized in Figure 6.8, rather than the
nominal parameters of P .

• ims (t) is the measured signal of the stator currents; it represents the output of the motor.
It is a directly measured quantity that comes directly from the measurement system.

• ihs (t) and ifs (t) are signals of the stator currents obtained driving the theoretical models
P h and P f with the measured input vms (t). They are indirectly computed quantities, and
depend only on the measured signal vms (t) and the theoretical models P

h and P f .

• Φ (·) is a function that maps a generic stator currents signal (i.e., ims (t), ihs (t), or ifs (t))
into a corresponding point in the features space. Formally, thus Φ is the map

φ = Φ(i∗s(t)) where � ∈ {m,h, f} . (6.42)

In general, the proposed algorithm is then the following:

1. (A priori, before seeing the data) construct P h and P f from the specifics of the motor
P

2. Measure the stator voltages vms (t) and currents i
m
s (t)
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Figure 6.8: Summary of the quantities involved in our considerations

3. Compute, by means of P h and P f , the currents ihs (t) and ifs (t)

4. Compute, by means of the map Φ, the points in the features space φm, φh, and φf

5. Build from φh and φf the corresponding SVC

6. Decide if the motor is in healthy or faulty condition by classifying φm by means of the
just constructed SVC

The selected features are the ones that are currently believed to be the most powerful ones
for motor fault classification purposes i.e. features based on the analysis of the spectrum of
the stator current at full load conditions. In order to construct the mathematical model of P h

and P f , a single phase equivalent circuit of induction motors at healthy case and at broken
rotor bar case are proposed [51, 127]. The features φh, and φf , are computed by applying
Fourier Transform on the stator current. More precisely, the amplitude of stator current at
the nominal (or supply) frequency fs and at the left sideband frequency for healthy and
faulty case will be the proposed features. Moreover all the details for this method will be in
the paper D.



Chapter 7

Conclusions and Future Work

7.1 Conclusions
The main purpose of this thesis was to investigate, evaluate, and demonstrate what can
be achieved by the proposed methods for faults detection and diagnosis of induction mo-
tors. Moreover, the doctoral thesis has proposed a novel methods and different approaches
for fault detection and diagnosis in induction motors, while the following conclusion were
drawn in the study:

The SMI method and the proposed Uncertainty Bounds Violation-Based Fault Detection
Technique (UBV) has been presented and extensively evaluated in simulation and multiple
experimental studies under various time instances of faults and load conditions. From the
obtained results, it is obvious that the proposed fault detection scheme is able to detect and
identify the faulty operation, even in the cases of light load conditions, which is of paramount
importance. Moreover, as it has been observed the bigger the fault, the faster and more clear
the detection of the fault becomes. This is explained by the relatively more intense violation
of the bounds. The proposed SMI scheme was useful and has been successfully evaluated to
detect stator winding short circuit faults, broken rotor bars in the beginning of occurrence,
and the multiple test cases of broken rotor bars faults at different load conditions, especially,
at a light load condition.

On the other hand, it can be concluded from the calculation of the minimum uncertainty
bounds that the fault the fault detection became faster than the nominal case. Moreover, the
method has been applied on-line and can be easily fine-tuned based on the characteristics of
the motor under study. The obtained results suggest that these representations can be used
within condition monitoring systems.

The utilization of the model-based Support Vector Classification (SVC) can be useful in
broken rotor bar fault. The method has been evaluated and has been able to detect the bro-
ken rotor bar fault. In the case of the practical implementation, one needs to construct fault
detectors in the situation where measurements from both healthy and faulty systems are
simultaneously not available.

The utilization of the Minimum Volume Ellipsoid (MVE) as a feature extraction was ef-
ficiently evaluated for the case of bearing faults classification. From the obtained results, it
is observed that the extracted set of features could be used as an extra source of information
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for the development of better condition monitoring systems.
Finally, the Principal Component Analysis (PCA) fault/anomaly detector method was

experimentally tested, and the results are promising since deviations from the normal base-
line, even for incipient faults, can be quite spotted.

7.2 Future Work
The results presented in this thesis are promising and clear and thus the future researchwork
should focus on real life applications, experimental improvement and enhancement of the
proposed FDD methods.

The methodology of the proposed model-based SVC method is nonetheless still in its
infancy. Therefore, future works also need to address specially the robustness to load varia-
tions, changing operating conditions, and more generally the effects of model uncertainties.

In model-based fault detection and diagnosis methods, the residual generation needs to
be followed by residual evaluation, in order to arrive at a accurate detection and isolation
decision. In some cases the residuals never become zero because of the presence of noise
and model errors, even if there is no fault. Therefore the detection decision requires testing
the residuals against thresholds. To uncover this problem, robust residual generation will be
addressed by observer-based methods.

Finally, as part of the future work, additional theoretical investigation and experimen-
tal verification needs to be performed towards the area of stator winding faults. Further-
more, extensive theoretical analysis of the robustness and sensitivity analysis of the pro-
posed scheme needs to be performed in order to evaluate the industrial applicability of the
proposed scheme.
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Broken Bars Fault Diagnosis Based on
Uncertainty Bounds Violation for Three Phase

Induction Motors
Mohammed Obaid Mustafa1,2, George Nikolakopoulos1, and Thomas Gustafsson1

In this article, a novel fault diagnosis scheme, based on uncertainty bounds violation, is
being presented for the case of broken bars in squirrel–cage Three Phase Induction Motors.
The fault diagnosis is done in two steps. Firstly the parameters of the healthy induction
motor are identified using a set membership identification (SMI) approach, where corre-
sponding uncertainty bounds are also being provided. Secondly the proposed uncertainty
bounds violation conditions for the fault diagnosis are evaluated on–line, on the converged
identified model, during a sliding time window. Multiple simulation results are presented
that demonstrate the efficacy of the proposed scheme towards fault detection and diagnosis
among different number of broken bars.

Key words: broken bar; fault diagnosis; violation of uncertainty bounds; set membership
identification; induction machines

1 Introduction
Induction motors are essential components in the vast majority of industrial processes. They
are usually operating in harsh environments which puts demands on robustness, durability
and power toweight ratio. In general there is an intense industrial demand to reducemainte-
nance costs and prevent unscheduled downtimes for electrical drive systems, especially for
alternating current (AC) induction machines, as their operation effects the overall produc-
tion performance and frequently creates internal faults. Different types of motor faults may
result in different types of motor break downs and sometimes in a significant impact on the
uninterrupted industrial process operation [1].

Mostly the faults occur in the rotor and the stator of an induction motor. Many of these
faults appear gradually and sometimes it can be very difficult to detect them in due time,
before resulting in total damage of themotor or propagating to faults in connected processes.
Among the most common faults that can be found in the area of induction motors are: a)
opening or shorting of one or more of the stator’s phase windings [2], b) broken rotor bars or
cracked rotor’s end–rings [3], c) static or dynamic air–gap irregularities [1], and d) bearing

1 Control Engineering, Department of Computer Science and Electrical Engineering, Luleå University of
Technology, Luleå SE-97187, Sweden.

2 University of Mosul, College of Engineering, Mosul, Iraq.
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failures [4].
A broken rotor bar fault causes serious disruption of the motor, which leads in a signifi-

cant drop of the overall motor’s efficiency and to a corresponding increase in the operational
cost. This specific type of fault is quite significant, as it is expected to have a direct effect on
the motor’s health by causing an overheat of the adjacent bars, due to changes in the rotor
current distribution. In severe cases, broken pieces of the rotor bar can even damage the
stator windings or laminations during operation [5, 6]. Moreover, increased shaft vibrations
can lead to bearing failures and air gap eccentricity. From all the previous factors mentioned,
it is clear that the detection of a broken bar fault in an early stage is not only of a paramount
importance for the rotor protection, but also for reducing other types of motor faults [7], and
thus this article will focus on this type of faults.

For detecting the mechanical or electrical faults in a three phase induction motor, multi-
ple methods have been utilized in the literature such as: 1) Artificial Neural Networks [8],
2) Fast Fourier Transforms [9], 3) Finite Element Methods combined with Extended Kalman
Filtering [10], 4) Motor Current Signature Analysis [11, 12], 5) Wavelet, and Complex Park
Vectors [8], 6) stator voltages monitoring [13], and 7) Instantaneous Power Spectra Analy-
sis [14]. Recently, identification and prediction techniques have also been utilized to perform
diagnosis for the occurred faults [9] in a model-based approach [15].

After the proper detection of a fault, appropriate diagnosis should be done to identify the
specific type of the fault, how this fault will affect the overall performance of the motor, and
which corrective actions should be performed for retaining the performance. Until now, the
following strategies for fault diagnosis have been presented:

Stator current - which is the analysis of the frequency spectrum of the stator current,
has been mostly conducted by traditional signal processing methods, based on Discrete and
Fast Fourier Transformation. In spite of their simplicity, these techniques suffer from a num-
ber of issues, including spectrum leakage, frequency resolution and noise, which restrict
their overall reliability [16]. Moreover, the methods based on the motor current spectrum
are not capable in distinguishing a supply voltage unbalance condition [11], and effectively
detecting the broken bar fault in double cage inductionmotors. Finally, thesemethods do not
incorporate anymodel and rely on features associatedwith the fault present in themeasured
variables.

Induced voltage - when the motor is disconnected from the supply, the stator currents
are rapidly reduced to zero, and the only source to induce voltages in the stator windings
is the rotor current. If any broken bar exists, then the voltages will be induced in the stator
windings. Induced voltages are able to provide a useful, reliable, and cost-effective diagnos-
tic techniques. The use of an external coil is considered particularly useful in an industrial
environment because the motor does not need to be modified in any way or to be taken out
of service temporarily [17].

Wavelet transform is amethod for time varying or non-stationary signal analysis. Wavelet-
based techniques have the advantage of detecting faults during non-stationary conditions,
i.e., during the start-up or time-varying conditions [18]. However, wavelet-based techniques
have disadvantages of fault detection compared to the subspace methods in the frequency
domain analysis, when the steady-state current can be used under normal conditions [19].

Vibration signal - is analyzed to detect a possible development of a faulty condition in
an inductionmotor andmost frequently formechanical faults diagnosis, such as broken rotor
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bar, bearing problems, gear mesh defects, rotor misalignment, mass unbalance voltage. The
suggested approach is based on spectral analysis of the line–neutral voltage, however this
approach still remains far from being utilized in a common base, while significant additional
research efforts are needed to improve the overall fault diagnosis in the case of induction
motors [20, 21]. Each fault in an induction machine produces vibrations with distinctive
characteristics that can be compared with the reference signal in order to perform the fault
detection and diagnosis, which results in a reliable monitoring only for the cases where the
load regime in the motor is rather low [22].

Instantaneous Power Spectra Analysis - This method can be used for detection of the
most common motor damages in induction motor. It is needs the data of current and volt-
age measurement in two phases. Consequently, it requires more sensors, but hypothetically,
gives satisfactory results because the power harmonics amplitudes are greater than current
harmonics and the power spectra contain more diagnostic information, while the power har-
monics related to damages have higher amplitudes [23, 14].

Support Vector Machine − SVM - is a relatively new computational learning method
based on the statistical learning theory. In SVMs, the original input space is being mapped
into a high-dimensional dot product space, called a feature space, and in the sequel on the
feature space the optimal hyperplane is being determined for maximizing the generalization
ability of the classifier, based on optimization theory, and respecting insights provided by
the statistical learning theory [24]. SVM have been applied in machine condition monitoring
and fault diagnosis such as, ball bearing faults, gear faults, and broken rotor bar but still it is a
novel method and more experimental verifications and comparisons needs to be performed
to evaluate the effectiveness of this method [25, 26].

In parallel to these fault diagnosis schemes, Set Membership Identification (SMI) [27, 28]
has received a growing attention in the past years as a quite important technique for system
identification with uncertainty bounds. In the SMI scheme a priori assumptions about the
corrupting noise in the system are being taken under consideration in order to constraint
the identified parameters to certain sets. The adaptation capabilities of the recursive imple-
mentation of the SMI–algorithms suggest their utilization in robust identification schemes,
while several SMI versions have been recently appeared in the scientific literature [29, 30, 31],
including different methodologies for bounding the uncertainty and with the capability of
being efficiently on–line implemented.

On the other hand Fault Detection and Diagnosis (FDD) methods relying on Set Mem-
bership Identification (SMI) have been presented, in case of the detection of multiple abrupt
parameter variations for a time varying system, and some authors have studied the design of
guaranteed set-membership fault detection, relying on a continuous time linear dynamical
system with parametric uncertainties [32, 33].

The main novelty of this article stems from the adaptation of the SMI approach to the
problem of fault detection and more specifically to the proposal of a proper fault diagnosis
algorithm, which can be applied for identifying and categorizing faults for different num-
ber of broken rotor bars. The extension of this scheme to other types of faults can support a
general fault detection framework, where fault diagnosis could be also performed in parallel
with the fault detection scheme. Based on the proposed approach, the three phase model of
the induction motor is being transformed to an equivalent two phase model for the healthy
and the corresponding faulty cases. By extracting confidence intervals for the identified pa-
rameters, based on the on-line SM–Identification algorithm, and by proposing sufficient and
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satisfactory bounding violation conditions, a robust fault diagnosis scheme, which could be
directly transferred to real–life implementations is presented. Multiple evaluation scenarios
from fault occurrences, with a different number of broken bars, are presented for evaluating
the efficiency of the proposed methodology.

The rest of the article is structured as it follows. In Sections 2, the derivation and sim-
plification of proper models for the three phase induction motor, in both the healthy and
the faulty cases are derived. The Set Membership Identification scheme is presented in Sec-
tion 3, followed by the proposed fault detection conditioning framework in Section 4. Multi-
ple simulation results that prove the efficacy of the proposed methodology in fault detection
and fault diagnosis, under various fault occurrences are presented in Section 5, while the
conclusions are drawn in the last Section 6.

2 Nominal Modeling of Three Phase Induction Motor
The aim of this section is to present a sufficient and proper modeling framework, which will
be utilized in the following derivation of the fault detection and isolation scheme. In general
an induction motor can be modeled as a three phase model or as an equivalent quadrature
phase model [34, 35]. The model of the induction motor in a state space representation, as
it has been derived in detail in [35] can be represented as:⎡⎢⎢⎣

diqs
dt
dids
dt
diqr
dt
didr
dt

⎤⎥⎥⎦ = A

⎡⎢⎢⎣
iqs
ids
iqr
idr

⎤⎥⎥⎦+ B

⎡⎢⎢⎣
Vqs

Vds

0
0

⎤⎥⎥⎦
where: iqs, ids are stator’s quadrature and direct currents, iqr, idr are rotor’s quadrature and
direct currents and Vqs, Vds are stator’s quadrature and direct voltages, with the state space
matrices denoted as:

A =
1

δ

⎡⎢⎢⎣
−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs
Lm rr 0 −Ls rr wr δ

0 Lm rr −wr δ −Ls rr

⎤⎥⎥⎦

B =
1

δ

⎡⎢⎢⎣
Lr 0 −Lm 0
0 Lr 0 −Lm

−Lm 0 s 0
0 −Lm 0 Ls

⎤⎥⎥⎦
whereLr, Ls, Lm are the rotor’s, stator’s, andmutual inductance (Henry), rr, rs are the rotor’s
and stator’s resistance in (Ohm), wr is rotor’s angular speed (rad/sec), and δ = Ls Lr −Lm2.

The resulting equations for the torque will be provided by:

Te =
3

2
P Lm(iqs idr − iqr ids)

with P the number of poles pairs and the equation of the mechanical angular speed can
become:

dωm =
1

J
(Te − TL)dt
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where ωm is the Rotor’s speed (mechanical) (rad/sec), J is the moment of inertia (Kg · m2)
TL is the load torque (Nm), and Te is the electromagnetic torque (Nm). In this model the
space vector of the rotor current expressed in the reference frame is fixed to the stator, while
the rotor voltages have been expressed in the reference frame fixed to the stator[35].

2.1 Broken Bar Model of Three Phase Induction Motor

The most important factors for the existence of broken bar faults are mainly the thermal,
magnetic, residual, dynamic, and mechanical stresses [2]. The event of a broken rotor bar
causes asymmetry in the resistance and inductance of the rotor’s phases, which results in an
asymmetry of the rotating electromagnetic field in the air gap between stator and rotor. Con-
sequently, this will induce frequency harmonics in the stator current. The impact of broken
rotor bars can be modeled by unbalancing the rotor resistance, while the inductance changes
are being neglected due to their minor influence compared to the resistance changes [36, 37].
The stator resistances and inductances stay unchanged [37] and for simplicity, for a squirrel–
cage rotor, the end–ring contribution is being also neglected. It has been also assumed that
the magnetic circuit is not saturated and the skin effect can be neglected. In the case of such
a fault, the modified (faulty) version of state space matrices A, B, denoted as A∗

b and B∗
b

should be utilized as it will follow. The modified rotor’s resistance matrix in the abc refer-
ence frame can be derived as [37]:

rrf =

⎡⎣ rr +Δrra 0 0
0 rr +Δrrb 0
0 0 rr +Δrrc

⎤⎦

whereΔrra, Δrrb andΔrrc represent rotor resistance changes in phases a, b and c respectively
due to broken bar faults. The resistance changes are deriv ed based on the assumption that
the broken bars are contiguous, neither the end ring resistance nor the magnetizing current
is taken into consideration. For the case of nbb ∈ Z+ broken rotor bars, the incrementΔrra,b,c
in each phase is being obtained as [37, 38]:

Δrra,b,c = rr
3nbb

Nb − 3nbb

where Nb is the numbers of machine rotor bars. To simulate the broken bar fault, the rotor
resistance matrix needs to be replaced by the modified rotor resistance matrix rrf and trans-
formed to the q − d reference frame, by utilizing the stationary reference frame. In this case
the rotor resistance changes in the q − d reference frame as [37]:

Δrqd0rf =

⎡⎣ rr11 rr12 rr13
rr21 rr22 rr23
rr31 rr32 rr33

⎤⎦
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where

rr11 =
1

3
(Δrra +Δrrb +Δrrc) +

1

6
(2Δrra −Δrrb −Δrrc)cos(2θr) +

√
3

6
(Δrrb −Δrrc)sin(2θr)

rr12 = −1

6
(2Δrra −Δrrb −Δrrc))sin(2θr) +

√
3

6
(Δrrb −Δrrc)cos(2θr)

rr13 =
1

3
(2Δrra −Δrrb −Δrrc))cos(θr)−

√
3

3
(Δrrb −Δrrc)sin(2θr)

rr22 =
1

3
(Δrra +Δrrb +Δrrc)− 1

6
(2Δrra −Δrrb −Δrrc)cos(2θr) +

√
3

6
(Δrrb −Δrrc)sin(2θr)

rr23 = −1

3
(Δrra +Δrrb +Δrrc)sin(θr)−

√
3

3
(2Δrra −Δrrc)cos(2θr)

rr33 =
1

3
(Δrra +Δrrb +Δrrc)

rr21 = rr12

rr31 =
1

2
rr13

rr32 =
1

2
rr23

Therefore the matrixA∗
b will become as:

A∗
b =

1

δ

⎡⎢⎢⎣
−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs
Lm rrq 0 −Ls rrq wr δ

0 Lm rrd −wr δ −Ls rrd

⎤⎥⎥⎦
with:

rrq = rr + rr11

rrd = rr + rr22 (1)

B∗
b = B

2.2 Auto Regressive Moving Average Model Transformation
The q − dmodel of the induction motor is being transformed into an ARMA system, which
can be described in a generic form as:

ij(t) = Φj(t)
T θ̂j(t) + ej(t) (2)

where θ̂j(t) is the identified parameter vector set and the subindex j represents the current

set that can be selected as one from: [qs, ds]. Moreover θ̂j(t) contains the corresponding
coefficients of the selected ARMAmodel and can be defined in the general case as:

θ̂j(t) = [F1,j(t), . . . , Fn,j(t), T1,j(t), . . . , Tm,j(t)] (3)

while, the regression vector Φj(t), containing measurements of the system’s input and the
output is being formulated as:

ϕj(t)
T = [−yj(t− 1), . . . ,−yj(t− n), . . . , uj(t+m− n− 1), . . . , uj(t− n)]
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and the adopted ARMA model representation of the transfer function of induction motor
will be denoted as:

ij
Vj

=
T1,j z

m−1 + T2,j z
m−2 + .......+ Tm,j

zn + F1,j zn−1 + .......+ Fn,j

where n, m ∈ Z+ are the orders of the numerator and denominator for the considered trans-
fer function. The identified parameters presented in equation (5), are directly related with
the motor parameters (resistance and inductance of the stator and rotor), while more details
about the mathematical relationship between these parameters of induction motor in the
healthy case of j = qs are can be defined as:

Tqs,1 =
Lr

δ
Tqs,2 = b1(a1 + 2a4 + a2b2)

Tqs,3 = b1(a
2
4 − 2a1a4 − a25 + a2a3 − a2b2(a1 + a4))

Tqs,4 = −b1(a1a
2
4 − a2 ∗ a3 ∗ a4 + a1 ∗ a25 + a2b2(a1a4 − a2a3)]

Fqs,1 = −(2a1 + 2a4)

Fqs,2 = a21 + 4a1a4 − 2a2a3 + a24 + a25
Fqs,3 = −2a21a4 + 2a1a2a3 − 2a1a

2
4 − 2a1a

2
5 + 2a2a3a4

Fqs,4 = a21a
2
4 + a21a

2
5 − 2a1a2a3a4 + a22a

2
3

with:

a1 = −(Lr rs)/δ a2 = (Lm rs)/δ b1 = Lr/δ b2 = −Lm/δ

a3 = (Lm rr)/δ a4 = −(Ls rr)/δ a5 = ωr

and have a direct relation with the motor’s parameters in the faulty case. For example, for
the same faulty case of j = qs, these parameters can be defined as:

Tqs,1 =
Lr

δ
Tqs,2 = −b1(a1 + ar4 + ar7)

Tqs,3 = b1(a
2
5 + a1ar4 + a1ar7 − a2ar6 + ar4ar7)

Tqs,4 = b1(a1a
2
5 + a1a4ar7 − a2ar4ar6

Fqs,1 = (2a1 − ar4 + ar7)

Fqs,2 = a21 + a25 + a2b2 + 2a1ar4 − a2ar3 + 2a1ar7 − a2ar6 + ar4ar7

Fqs,3 = a21(ar7 − ar4) + 2a1a
2
5 − a1a2(ar3 + ar6) +

2a1a4ar7 − a2a3ar7 − a2ar4ar6 + a2b2(a1 + ar7)

Fqs,4 = a21a
2
5 + a22a3ar6 − a1a2(a3ar7ar4ar6) + a2b2(a1ar7)

with:

ar3 = −(Lr rs)/δ ar4 = (Lm rs)/δ ar5 = (Lm rrrq)/δ

ar6 = −(Ls rrrq)/δ ar7 = ωr

where ωr is the rotor’s angular speed (rad/sec). The adopted realization can be straight for-
ward directly being applied for all the examined faulty cases, independently of the total num-
ber of motor’s broken bars, and due to its simple derivation, it has been omitted for the rest
of them, without any loss of generality.
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3 Set Membership Fault Identification
Set membership identification (SMI) refers to a class of techniques for estimating parameters
of linear and non linear systems or signal models under a priori information that constrains
the solutions to certain sets [39, 27]. The objective of the SMI technique is the determination of
the feasible parameter set that contains the nominal parameter vector and is consistent with
a linearly parameterizable model, the measurement data and the a priori known bounded
noise–error. Due to the complexity in computing the feasible parameter set, the majority
of the SMI methods uses a more conveniently computable parametric set that is the outer
bounds the feasible parameter set [40, 27].

The SMI technique is based on the Weighted Recursive Least Squares (WRLS) with a

forgetting factor for identifying the θ̂j motor’s parameters and can be formulated by the fol-
lowing double recursions [41] in the sample instance t and for the multi input multi output
(MIMO) case j as:

θ̂j(t) = θ̂j(t− 1) +Kj(t)(yj(t)− ΦT
j (t)θj(t− 1))

Kj(t) = Pj(t)Φj(t) = Pj(t− 1)Φj(t)(λ+ΦT
j (t)Pj(t− 1)φj(t))

−1

Pj(t) = (I −Kj(t) Φ
T
j (t))Pj(t− 1)/λ

ej(t) = yj(t)− ΦT
j (t)θj(t− 1)

Gj(t) = ΦT
j (t)Pj(t− 1)Φ(t)

In the SMI approach the initial bounds γ for the corrupting noise εj(t) are being re–calculated
in every iteration. This optimization in the uncertainty description is evolving with the time,
as the better the knowledge of the parameters is, the smaller these bounds are. For achieving
convergence, the maximum positive root of the following equation should be extracted in
each iteration[40, 41, 27]:

Fj(λj) = α2,jλ
2
j + α1,jλj + α0,j

α2,j = (	+ n− 1)G2
j

α1,j = ((2	+ 2n− 1 + γj e
2
j )− ξj γj Gj)Gj

α0,j = (	+ n)(1− γj e
2
j )− ξj Gj γj

ξj(t) = ξj(t− 1) +
λj

γj
− λj ej

1− λj Gj

with � = m+ 1. For calculating the upper and lower boundary of the identified parameters,
the uncertainty bounds σj(t), should be computed in every iteration. These bounds are being
definedby an ellipsoid that bounds the uncertainty and it is orientedparallel to the parameter
coordinate axes, defined as:

σj(t) =
√

diag(Pj(t))

while the corresponding equation for the ellipsoids Ωe
j(t) can be calculated as [27, 42]:

Ωe
j(t) = {θj : (θj(t)− θ̂j(t))

T Cj(t)

ξj(t)
)(θj(t)− θ̂j(t)) ≤ 1, j = 1, ...., n+m}

The covariance matrix is denoted as Cj(t) = Pj(t)
−1. The matrixW (t) =

Cj(t)

ξj(t)
will represent

how far the ellipsoid extends in each direction from the center of the ellipsoid θ̂j(t), while
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the volume ratio of the j ellipsoid is calculated by:

Rj(t) = det−1(W (t))

4 Fault Detection and Diagnosis Conditioning
In the proposed fault detection and diagnosis approach, and after a broken rotor bar fault,
the values of the identified parameters will drift from their converged value. This drift will
continue to enlarge until it exceeds the provided converged SMI uncertainty bounds in the
healthy motor case [43, 44], while this situation is a direct indication of a fault occurrence.
Small variations on the identified parameters and small bounds violations can also occur,
e.g. based on the environmental noise, but those will last only for a short time and a fault
detection and diagnosis scheme should have the appropriate robustness to overcome this
non–faulty cases. The overallmodular proposed scheme for the fault detection and diagnosis
is depicted in Figure 1, where it is obvious that the proposed scheme is based on the identified

on-line parameters θ̂j of the motor, the corresponding bounds of uncertainty σj , and the
ellipsoid volume ratio Rj , all provided and calculated onl-ine by the SMI scheme.

Figure 1: On line condition monitoring for Faults Diagnosis

The fault detection and isolation scheme can be further analyzed, as presented in Figure 2,
where the adoptedmodular rules for the detection of nbb ∈ 1, . . . , N , broken bars are also dis-
played, withN themaximum considered number of broken bar faults. Each of the contained
modules is responsible for identifying a specific type of broken bar fault, based on a set of
proposed fault detection and isolation rules and fine tuned ad-hoc thresholds, as it will be
presented in the sequel. In the proposed methodology it is assumed that the SMI scheme
provides smooth value updates for the identified parameters. Before using the proposed
fault detection and diagnosis conditions, it is necessary for the SMI parameter identification
to converge. In real life applications, this is an easily achievable condition as the motors and
the on-line fault detection scheme are normally working for many months or years before a
fault occur. In the presented approach, the parameter identification has converged when the
difference between the current identified value and the t1 past windowed average values of
the identified parameters is smaller than a Bcon ad–hoc tuned very small threshold or:

[Convergence Condition] θj(k)− θj(k : k − t1) ≤ Bcon
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Figure 2: Proposed Modular Scheme for Fault Detection and Diagnosis

After the convergence of the parameters, small changes in the identified values should be
allowed, while a significant change is a direct indication of a fault occurrence. Based on the
ad-hoc defined bounds Bi and Bvi ∈ Z+ with i = 1, . . . , N +1 the fault diagnosis conditions,
for the detection of the nbb broken bar case are formulated as:

[Condition 1] Bi ≤ θoj (k)− θ̂j(k − t1 : k)| < Bi+1

[Condition 2] Bvi ≤ |Ro
j(k)−Rj(k − t2) : k| < Bvi+1

where θoj (k) denotes the j–converged identified parameter, the notation · represents a mov-
ing average time window of length t1 and t2 respectively, while θ̂j represents the motor’s
j–identified parameter. In a similar way, Ro is the converged value of the ellipsoid volume
ratio in the healthy case, while Rj represents the j-value of the uncertainty ellipsoid ratio.
This modular conditions are also presented in a graphical way in the following Figure 3. In

Figure 3: Modular block component for identifying the nbb-broken bars fault

the presented, fault detection and diagnosis scheme, by utilizing multiple similar conditions
for each of the expected fault occurrences and by fine tuning the ad-hoc selected thresholds, a
modular fault diagnosis framework can be established, as depicted in Figure 2. As shown in
the simulations Section 5, after the event of a nbb fault, initially the fault detection schemewill
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trigger the event of a 1-broken bar fault and while the conditions will continue to be mon-
itored and the identified values of the parameters to drift from the healthy case, the fault
diagnosis will trigger the 2-broken bar fault and so on, until the diagnosis algorithm con-
verges to the correct nbb fault. The overall suggested SMI based algorithm for fault detection
and diagnosis is presented in Table 1:

Table 1: SMI–Based Fault Detection and Diagnosis Algorithm

Step 1: Check for Convergence in the SM-Identified Parameters

θj(k)− θj(k : k − t1) ≤ Bcon

If NO continue Step 1
If YES proceed in Step 2

Step 2: Check for a Bound Violation

θj(k)− θj(k − t1) ≤ σj(kcon)
If NO continue Step 2: Motor is Healthy
If YES proceed in Step 3: Fault Occurrence Detected

Step 3: Check Fault Diagnosis [Condition 1]

Bi ≤ θoj (k)− θ̂j(k − t1 : k)| < Bi+1

Step 4: Check Fault Diagnosis [Condition 2]

Bvi ≤ |Ro
j(k)−Rj(k − t2) : k| < Bvi+1

Step 5: If [Condition 1] AND [Condition 2] = 1 Fault Diagnosed
Step 6: Return to Step 2
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5 Simulation Results

5.1 Effects of Broken Bar Fault on Motor’s Performance
The suggested scheme for fault detection and diagnosis is evaluated on a model of two in-
ductionmotorswith parameters given in Table 2. In the sequel, we present simulation results
showing the effect of 1, 2 and 3 broken bars faults on the motor’s performance. On the event
of a fault, the rotor’s current, torque and angular speed are directly affected as shown in the
following figures. On the event of a fault, the rotor’s current, torque and angular speed are

Table 2: Induction Motors Parameters

Motor 1
Pole Numbers 4 rs 0.08 per unit Lr=Ls 0.012 per unit

Input Voltage 240V rr 0.09 per unit Lm 0.0117 per unit

Frequency 50Hz J 0.00155 Kg.m Power 2.2Kw

Motor 2
Pole Numbers 4 rs 0.0616 per unit Lr=Ls 0.019 per unit

Input Voltage 240V rr 0.0753 per unit Lm 0.01833 per unit

Frequency 50Hz J 0.001 Kg.m Power 1.5Kw

directly affected as shown in the following figures. More specifically, in Figure 4 the effect of
the broken bars fault on the rotor’s Idr current, in the transient and in the steady state phase,
is seen as small current reductions. As it can be observed in Figure 4, upon the event of
a fault the currents are being increased and the reason for that is found in the generalized
rotating field theory, where a backward-rotating field can be produced by the broken rotor
bar faults. These rotor currents produce a rotor magnetic field, which must interact with the
stator field, so that each bar will be equally influenced by all the stator-driven flux waves.
Moreover since all the currents of the rotor bars at rated load should be sensibly uniform
around the rotor periphery, these currents are being increased since the rotor resistance of
an induction motor is being correspondingly increased when a rotor bar breaks [45]. Similar
results can be also obtained for the second rotor current Iqr as it has been depicted in Fig-
ure 5. Moreover, one important thing that should be noted is the fact that the amplitude of
stator current fluctuates with time compared to that in the healthy case. If the load is being
increased this will lead to an increase in the magnitude of the motor current but without cur-
rent fluctuation, while as the shaft load on the motor is increased, the resistive component
of the current begins to rise.

In a similar manner, the steady state values for the motor’s torque and angular speed are
being effected. As it can be observed in Figure 6, the motor’s torque is oscillating, while the
amplitude is increased with respect to the number of broken bars. Due to the existence of a
broken bar, an unequal amount of current flows in rotorwill set up an asymmetricalmagnetic
field. The corresponding interaction between the asymmetrical rotor’s and the stator’s field
produces a pulsating torque and thus the angular rotor speed is also decreased, as it has
been depicted in Figure 7, while similarly to the torque case, small oscillations appears in the
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rotor’s steady state angular speed. In practice, a motor with three, four, five and six broken
bars will not be able to drive the load mainly due to the decrease in the average torque and
the reduction in the speed [46].

In order to distinct between the case of broken bar fault and short circuit the following
points should be considered. The broken bars produce an envelope current that is cyclically
repeated at a rate equal to twice the slip frequency (2sfs), while in the case of short circuits,
the induced envelope current is cyclically repeated at the supply frequency fs. Also the short
circuit affects only the stator’s current of the faulty phase, while remaining stator’s phase
currents suffer smaller interferences. Thus, the stator current profile of each phase is not
equally affected by the fault [47]. The stator faults lead to an asymmetrical operation of the
induction machines, which results in unbalanced air-gap Magneto Motive Force (MMF) and
consequently leads to unbalanced line currents, increased losses, increased torque pulsation,
and decreased average torque. Finally the angular frequency of the torque in the case of
broken bar is the double of the slip frequency (2s∗ws) but the angular frequency of the torque
in the case of the unbalance stator winding is the double fundamental frequency (2 ∗ ws),
where ws = 2πfs.
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Broken Bars



A
86 Paper A

1.6 700 1.6 750 1.6 800 1.6 850 1.6 900 1.6 950 1.7 000
1.1

1.11

1.12

1.13

1.14

Time (sec)

I qr (P
er 

un
it)

0 .2 .4 .6 .8 1 1.2 1.4 1.6 1.8 2
−5

0

5

Time (sec)

I qr (P
er 

un
it)

Normal case

Broken 2 bar

  Broken 3 bar

   Broken 1 bar

Figure 5: The rotor’s Iqr currents in the normal and faulty cases with 1, 2 and 3 Broken Bars

1.5 000 1.5 100 .51 200 1.5 300 1.5 400 1.5 500 1.5 600 1.5 700 1.5 800 1.5 900 1.6 000
0.97

0.98

0.99

1

1.01

1.02

1.03

1.04

1.05

1.06

Time (sec)

To
rqu

e (
Pe

r u
nit

)

0 .2 .4 .6 .8 1 1.2 1.4 1.6 1.8 2
−1

0

1

2

3

4

Time (sec)

To
rqu

e (
Pe

r u
nit

)

3 Bar
2 Bar
1 Bar
Normal

Figure 6: The motor’s torques in the normal and faulty cases with of 1, 2 and 3 Broken Bars



A
5. Simulation Results 87

0 .2 .4 .6 .8 1 1.2 1.4 1.6 1.8 2
−0.2

0

0.2

0.4

0.6

0.8

1

1.2

Time (sec)

W
r
(P

er
un

it)

1.4 500 1.5 000 1.5 500 1.6 000

0.88

0.89

0.9

0.91

0.92

0.93

0.94

Time (sec)

W
r
(P

er
un

it)

Normal
1 Bar
2 Bar
3 Bar

Figure 7: The rotor’s angular speeds in the normal and faulty cases with 1, 2 and 3 Broken
Bars

5.2 Fault Detection and Diagnosis
The convergence of the SMI identification for the motor’s parameters in the healthy case,
from Vqs to iqs is presented in Figures 8 and 9. As it can be observed from these figures, that
the uncertainty bounds are starting from a large value and as the identification procedure
is evolving and the identified parameters are close to the nominal values, those bounds are
being decreased, until they reach their steady state value.

Due to the scale of the presented results, it should be noted that all the parameters have
been converged to their nominal values, as it has also been indicated from the convergence
of the ellipsoid volume ratio in Figure 10. In this figure, we can also see the effect of a broken
bar on the ellipsoid’s volume for different numbers of broken bar faults. After a fault, the
volume is decreasing as the examined types of faults are causing a model drift to a model
with smaller ARMA parameters than the ones in the healthy case.

This reduction of the ellipsoid’s volume is misleading, as in the event of the fault, the
identified model is not getting better, but it is drifting to another type of model (e.g. one
broken bar model). In this case, as it has been presented in Figure 11, for the cases of healthy,
broken one bar and broken three bars, a drift in the geometrical center of the ellipsoid is
denoted. This drift can be associated with the event of the fault, while the bigger the number
of broken bars is, the bigger the drift is.

In the sequel, the three separate cases of one, two and three broken bars faults occurred at
the same 105 sample instant will be considered, while the sampling time for all the presented
simulated test cases has been set to Ts = 0.01. In the examined cases, the utilized moving
time window, had a length t1 = 100 and t2 = 10000 samples, while it is applied after conver-
gence in the SMI scheme. Due to a fault, the values of the identified parameters will jump,
which affects the proposed conditions for fault diagnosis. The uncertainty intervals and the
corresponding volumes of ellipsoids are also changing from the nominal converged value
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(due to the drift in the identified model). This situation leads in different type of bounds vi-
olation events and in different diagnoses of fault types. As an indicative example, Figures 12
and 13, present the bound violation event in the case of the first under study motor based
on the identified parameters T1qs and F4qs . Moreover, Figure 14 presents the same concept of
bound violation for the second under study motor based on F3qs . Similar graphs can also be
extracted for the rest of the identified parameters of the motor and without losing generality.

For the case that only one induced broken bar fault is being considered, the proposed fault
conditions for the first motor based on response of the parameter T1,qs is being presented
in Figure 15. Moreover, the response of the same condition, when applied on the second
motor and based on the parameter F3,qs is being presented in Figure 16. In these figures,
the ad hoc tuned boundary conditions B1 and B2 have been also depicted with respect to
the response of the first adopted fault diagnosis condition. Regarding the response of the
fault diagnosis scheme, it is obvious that it manages to detect the fault of one broken bar (the
output becomes 1), while the identified parameter remained within the proposed bounds.
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Figure 12: Different fault occurrences due to bounds violation with 1, 2 and 3 broken bars
for the T1qs identified parameter for the first machine

With two induced broken bar faults, the output is shown in Figure 17 and Figure 18 for the
first and second motor respectively , where an additional ad-hoc tuned boundary condition
has been utilized, the B3. While the response of the first condition remains bounded from
the B1 and B2 parameters, a diagnosis of one broken bar fault is made. In the sequel, as the
identified parameter continues to drift from the healthy case, it enters in the area bounded
by B2 and B3, which results in a diagnosis of a second broken bar fault (the output of the
proposed system is equal to 2). It should be noted that in the proposed scheme, the response
of the fault diagnosis component (the categorized fault) can only take sequential values. This
means that the algorithm cannot give as an output a three bar fault, without detecting before
a two bars fault.

Finally, with three induced broken bar faults, the output is being depicted in Figure 19
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Figure 13: Different fault occurrences due to bounds violation with 1, 2 and 3 broken bars
for the F4qs identified parameter for the first machine

Figure 14: Different fault occurrences due to bounds violation with 1, 2 and 3 broken bars
for the F3qs identified parameter for the second machine
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Figure 15: Broken one bar fault diagnosis depending on the first examined condition’s re-
sponse for the first machine
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and Figure 20 for the first and second motor respectively . As in the previous presented
cases, the response of Condition 1 is of paramount importance for the detection of the fault
type. During the identification of the drifted parameter, the diagnosis scheme, passes from
the cases of one and two broken bars, before it converges to the case of the three broken
bars fault (output equals to 3). In the examined case, the response of the Condition 1 gets
greater that the B3 bounding parameter, which indicates a fault of three broken bars. One
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Figure 17: Broken two bar fault diagnosis depending on the first examined condition’s re-
sponse for the first machine

of the important merits of the proposed methodology is the fact that two or more types of
faults cannot occur at the same time. In case that a greater number of broken bars has been
considered, additional modules should have been added to categorize the fault detections.

The results obtained in Figures 15, 17, and 19, based on response of the parameters T1,qs

for the first motor and 16, 18, and 20 based on response of the parameters F3,qs for the second
motor. In all these figures can be directly extracted by examining the conditions’ responses
based F4,qs identified parameters, presented in Figure 13 or by selecting a different identified
parameter. It should be noted that when calculating the proposed conditions, based on dif-
ferent identified parameter, the fault detection can be correctly diagnosed but in a slightly
different time instant as the violation of the uncertainty bounds will be occurred in different
sample instant.

The results in Figures 15 - 20, match the results obtained by monitoring the response of
Condition 1. Regarding the ellipsoid’s volume ration, in Figure 21, the results for the most
complicated case of three broken bars are shown, while similar results have been obtained
from the cases of one and two broken bars. In the proposed approach, it should be noted
that for example in the case of three broken bars, the results from Figure 15, should match
the ones from Figure 21 for determining if the fault diagnosis is correct or not. This demand
has been set in order to avoid detection of faults that are not real and have been created by
environmental noise or other external factors.
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Figure 18: Broken two bar fault diagnosis depending on the first examined condition’s re-
sponse for the second machine
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Figure 19: Broken three bar fault diagnosis depending on the first examined condition’s re-
sponse for the first machine
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Figure 20: Broken three bar fault diagnosis depending on the first examined condition’s re-
sponse for the second machine

Figure 21: Broken three bar fault diagnosis depending on the second examined condition’s
response for the first machine
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At this point it should be noted that the adopted modeling approach, which is one of
the most common modeling approaches, should be considered with respect to the analysis
in Section 2.1, where the effect of the existence of broken bars on the system model have
been presented. In this model the space vector of the rotor current has been expressed in
the reference frame fixed to the stator, while the rotor voltages have been expressed in the
reference frame fixed to the stator. The full analysis of these approaches and the developed
models has been fully analyzed in [27] and in [29,32,33]. As it has been presented in the
simulation results the proposed model is sufficient to capture the existence of a broken bar
fault but still the full proof and evaluation needs a experimental verification of the proposed
method and this is the main part of the related future work.

6 Conclusions
In this article a fault detection and diagnosis scheme for the case of a squirrel–cage three
phase induction motor, based on uncertainty bounds violation conditions has been pre-
sented. The fault detection and diagnosis is being performed in a two steps procedurewhere:
a) the parameters of the healthy motor are being identified based on the SMI scheme and b)
on–line fault diagnosis is performed based on bounds violation conditions. Multiple simu-
lation results have been presented that demonstrates the efficacy of the proposed scheme.

Nomenclature
iqs, ids : The stator’s quadrature and direct currents (A)
iqr, idr : The rotor’s quadrature and direct currents (A)
Vqs, Vds : The stator’s quadrature and direct voltages (V )
rs, rr : Resistance of stator’s and rotor’s winding (Ohm)
Ls, Lr : Stator’s and rotor’s self inductance (Henry)
Δrra,Δrrb and Δrrc : The percentage of rotor resistance changes in phases a, b, and c respec-
tively due to broken bar fault
Lm : Mutual inductance (Henry)
ωr : Rotor’s angular speed (rad/sec)
ωm : Rotor’s speed (mechanical) (rad/sec)
ωs: Supply angular frequency (rad/sec)
P : No. of pole pairs
J : Moment of inertia (Kg ·m2)
TL : Load torque (Nm)
Te : Electromagnetic torque (Nm)
q : Quadrature axis frame
d : Direct axis frame
s : Stator quantities
r : Rotor quantities
θr : Angle between rotor’s phase axis and stator’s phase axis
Nb : Number of machine rotor bars
nbb : Number of broken rotor bars
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Φj(t) : Regression vector

θ̂j(t) : Identified parameters vector
θj(t) : Parameters vector
σj(t) : The uncertainty bounds vector
Ωe

j(t) : The uncertainty ellipsoid equation
Rj(t) : The volume ratio of the ellipsoid
Bi, Bvi, Bi+1, and Bvi+1 : Threshold bound values
FDD : Fault Detection and Diagnosis
SMI : Set Membership Identification
MIMO : Multi Input Multi Output
ARMA : Auto Regressive Moving Average
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A Fault Detection Scheme Based on Minimum
Uncertainty Bounds Violation for Broken Rotor

Bars in Induction Motors
Mohammed Obaid Mustafa, George Nikolakopoulos, Thomas Gustafsson and Dariusz

Kominiak

In this article, a novel method for broken bars fault detection in the case of three-phase
induction motors and under different payloads will be presented and experimentally evalu-
ated. In the presented approach, the cases of a partially or full broken rotor bars is being also
considered, caused by: a) drilling 4 mm and 8 mm out of the 17mm thickness of the same
rotor bar, and b) fully drilled (17mm) one, two and three broken bars. The proposed fault de-
tection method is based on the Set Membership Identification (SMI) technique and a novel
proposed minimum boundary violation fault detection scheme, applied on the identified
motor’s parameters. The system identification procedure is being carried out on the simpli-
fied equivalent model of the induction motor, during the steady–state operation (non–fault
case), while at the same time the proposed scheme is able to calculate on–line the correspond-
ing safety bounds for the identified variables, based on a priori knowledge of the measuring
corrupting noise (worst case encountered). The efficiency, the robustness and the overall per-
formance of the established fault detection scheme is being extensively evaluated inmultiple
experimental studies and under various time instances of faults and load conditions.

1 Introduction
With the rapid advancement in the heavy industry, rotating machineries and especially the
induction machines are becoming more and more complex, while since their size and cost is
constantly increasing, thesemachines require a continuous attention in all the aspects of their
operation. Although, induction machines from their manufacturing inherit robust proper-
ties such as high efficiency, good reliability, operational stability, robustness, durability, and
power to weight ratio [1], still many types of faults might occur, leading to subsequence eco-
nomical expenses, increases in the maintenance cost and further failures that might lead to
complete system breakdowns. Moreover, it is widely well known, that a sudden motor fail-
ure may reduce the current productivity of the industrial system and thus it is of paramount
importance to create proper and fully functional fault detection schemes, being able to diag-
nose and detect the incipient faults exactly on the time of their occurrence [2].

Regarding the various faults that might arise, in the area of induction machines, the most
common types are faults in the bearings, the stator, the rotor (broken bars or end ring) and
eccentricity faults [3, 4]. From all these faults, the broken rotor bar faults are causing serious
disruption on the motor, while this condition is an important fault, since even though bro-
ken bars do not cause motor failures initially, they can significantly lower the efficiency and
shorten the lives of induction machines. In general, a defect out of the bars does not induce
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a machine stop, because the current flowing through the broken bar is spread over the adja-
cent bars. However, these defected bars are being overloaded, which can lead to a broken bar,
and so on, until failure of a sufficiently large number of bars lead to switch off the machine.
The presence of broken rotor bars causes an unbalance to the rotor magnetic flux, while dur-
ing this stage, the current cannot flow through the broken or cracked bar/end ring [5] and
the rotor resistance of an induction motor will increase when a rotor bar breaks [6]. The
reasons for the occurrence of broken rotor bar failures are various and mainly depend on
the large starting currents in an induction motor. On the other hand, the heating and cool-
ing causes thermal stress [7], as well as an increase in the corresponding magnetic, residual,
dynamic, and environmental stresses [8]. All these issues during the fault creation have a
straight forward effect on the physical properties of the motor and a corresponding effect on
the mathematical model that describes the whole operation, while this is the main idea that
inspired the work presented in this article.

In the related literature, several methods and techniques have been proposed to detect
broken bar faults, such as Wavelet-based techniques [9, 10], Instantaneous Power Spectra
analysis [11, 6], Model based methods [12, 13], and the Motor Current Signature Analysis
(MCSA) [14]. Moreover, Discrete Fourier transform (DFT) has been utilized successfully to
detect a broken rotor bar, when the motor operates near its full load. However, as it has
been proved, the DFT method in the case of a light load such as 25% of full load, can not
produce robust enough results especially for the detection of an incipient rotor fault [15].
On the other hand, thermal and vibration monitoring have been alternatively utilized for
decades [16]. Transient approaches based on the acquisition of start–up currents and voltages
have been also utilized as means to detect stator, rotor bar and end ring faults [17, 18, 19, 20].
Finally, machine learning techniques such as fuzzy logic [21], genetic algorithms [22], neural
network, and Support Vector Machine (SVM) [23], have been introduced for motor fault’s
detection and classification.

Recently, system identification based on time domain prediction techniques has been
utilized to perform fault detection and diagnosis and more specifically, the theory of Set
Membership Identification (SMI) has been efficiently applied in simulated studies in order
to detect and diagnose faults in the cases of stator windings and broker rotor bar faults [24].
Moreover, in [25] the authors have demonstrated an experimental verification of the SMI
technique with respect to the detection of one broken bar fault in induction motors. The
results depicted in that article have been very promising and set the basis for further in-
vestigations and formal establishment of a fault detection and isolation scheme for the case
of various types of broken bar failures, which is the main focus of the presented research
approach and extended theoretical and experimental results.

The main contribution of this article is dual. Initially, a novel and complete fault detec-
tion framework based on the SMI scheme for partial or full broken bars is being established.
Secondly, the proposed detection scheme is being experimentally evaluated in multiple dif-
ferent test cases of broken rotor bars faults, such as gradually or partially drilled rotor bars
and related extended discussions and insights for the established fault detection method are
being depicted. Based to the author’s best knowledge, this is the first time that a system iden-
tification scheme based on SMI has been experimentally verified and analyzed in the field
of fault detection in induction motors. As it will be presented in the following sections, the
proposed scheme is able to identify the fault in due time after the fault occurrence, while the
method has been applied on–line and can be easily tuned based on the characteristics of the
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motor under study.

The rest of the article is structured as it follows. In Section 2, the SMI scheme is being
presented, followed by the proposed fault detection conditioning framework in Section 3.
Section 4 contains multiple experimental results that prove the efficacy of the proposed SMI
based fault detection scheme, while the conclusions are drawn in the last Section 5.

2 Set Membership Identification
Set Membership Identification (SMI) refers to a class of techniques for estimating param-
eters of linear and non linear systems [26, 27]. The objective of the SMI technique is the
determination of the feasible parameter set that contains the nominal parameter vector, the
measurement data and the a priori known bounded noise–error. Due to the complexity in
computing the feasible parameter set, the majority of the SMI methods use a more conve-
niently computable parametric set that is the outer uncertainty bound of the feasible param-
eter set [28, 27]. For clarity in the presentation, the basic principles of the SMI identification
scheme will be established in this Section, adapted for the case of identifying an induction
motor.

The induction motor is being described as an ARMA system, which can be mathemati-
cally denoted in a generic form as [29]:

yj(t) = Φj(t)
T θ̂j(t) + ej(t) (1)

Φj(t) =

⎡⎢⎢⎢⎣
ϕ1(t)

T

ϕ2(t)
T

...
ϕm+n(t)

T

⎤⎥⎥⎥⎦
where yj(t) is the stator currents, θ̂j(t) is the identified parameter vector set and the subindex
j represents the stator current set that can be selected as one from: [qs, ds]. The regression
vector ϕj(t), containing the input–output measurements, is being formulated as:

ϕj(t)
T = [−yj(t− 1) . . . − yj(t− n) . . .

uj(t+m− n− 1) . . . uj(t− n)] (2)

where uj(t) represents the stator voltages (vqs or vds), and yj(t) represents the stator currents
(iqs or ids). The three phase motor currents ia(t), ib(t), ic(t) are being transformed to the
equivalent iqs(t) and iqs(t), and the model of the induction motor, in a state space form, can
be represented as [30]: ⎡⎢⎢⎣

diqs
dt
dids
dt
diqr
dt
didr
dt

⎤⎥⎥⎦ = A

⎡⎢⎢⎣
iqs
ids
iqr
idr

⎤⎥⎥⎦+ B

⎡⎢⎢⎣
vqs
vds
0
0

⎤⎥⎥⎦ (3)
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where iqr, idr are the rotor’s quadrature and direct currents and vqs, vds are the stator’s quadra-
ture and direct voltages. The corresponding state space matrices are being denoted as:

A =
1

δ

⎡⎢⎢⎣
−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs
Lm rr 0 −Ls rr wr δ
0 Lm rr −wr δ −Ls rr

⎤⎥⎥⎦

B =
1

δ

⎡⎢⎢⎣
Lr 0 −Lm 0
0 Lr 0 −Lm

−Lm 0 Ls 0
0 −Lm 0 Ls

⎤⎥⎥⎦ (4)

where Lr, Ls, Lm are the rotor’s, stator’s, and mutual inductance (Henry) respectively, rr and
rs are the rotor’s and stator’s resistance in (Ohm), wr is rotor’s angular speed (rad/sec), and
δ = Ls Lr − Lm2.

As a last step, the adopted ARMAmodel representation of the induction motor’s transfer
function, from the input vj to the output ij can be denoted as:

ij
vj

=
Tj,1z

m−1 + Tj,2z
m−2 + .......+ Tj,m

zn + Fj,1zn−1 + .......+ Fj,n

(5)

The identified parameters’ vector θ̂j(t) contains the corresponding coefficients of the selected
ARMAmodel and can be defined in the general case as:

θ̂j(t)
T = [Fj,1(t) . . . Fn,1(t) Tj,1(t) . . . Tm,1(t)] (6)

where n, m ∈ Z+ are the corresponding orders of the numerator and denominator for the
considered transfer function.

The mathematical relationship between the identified parameters, presented in equa-
tion (5), and the motor parameters (resistance and inductance of the stator and rotor) in the
healthy case of j = qs are defined by:

Tqs,1 =
Lr

δ
, Fqs,1 = −(2a1 + 2a4)

Tqs,2 = b1(a1 + 2a4 + a2b2)

Tqs,3 = b1(a
2
4 − 2a1a4 − a25 + a2a3 − a2b2(a1 + a4))

Tqs,4 = −b1(a1a
2
4 − a2a3a4 + a1a

2
5 + a2b2(a1a4 − a2a3)]

Fqs,2 = a21 + 4a1a4 − 2a2a3 + a24 + a25

Fqs,3 = −2a21a4 + 2a1a2a3 − 2a1a
2
4 − 2a1a

2
5 + 2a2a3a4

Fqs,4 = a21a
2
4 + a21a

2
5 − 2a1a2a3a4 + a22a

2
3 (7)

with:

a1 = −(Lr rs)/δ, a2 = (Lm rs)/δ a3 = (Lm rr)/δ

a4 = −(Ls rr)/δ, a5 = ωr, b1 = Lr/δ

b2 = −Lm/δ

The presented SMI technique is based on the Weighted Recursive Least Squares (WRLS)

algorithm, with a forgetting factor λj(t) for identifying the θ̂j motor’s parameters [31]. In
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equation (1) the additivemeasurement noise is assumed to be constrained by a priori defined
bounds γj ∈ �+ (worst case assumption), which can be defined as:

γj||ej(t)||2 ≤ 1, ∀ t

In the presented SMI approach, the uncertainty bounds σj(t), should be computed in every
iteration. For delivering these bounds, the smallest orthotope that bounds the ellipsoidal
uncertainty of the parameter and it is oriented parallel to the parameters’ coordinate axes
and centered on the centroid of ellipsoid [32] is being calculated and thus the bounds σj(t)
can be defined as:

σj(t) =
√

diag(Pj(t)) (8)

while the corresponding equation for the ellipsoids Ωe
j(t) can be calculated as [27, 32]:

Ωe
j(t) = {θj : (θj(t)− θ̂j(t))

T Cj(t)

ξj(t)
)(θj(t)− θ̂j(t)) ≤ 1} (9)

with j = 1, ...., n+m

where θ̂j(t) are the parameters estimated at the time instant t, which indicates that there is a

hyperellipsoidal domain in the parameter space that contains the estimated parameter θ̂j(t)
with the prescribed uncertainty. The main strategy of SMI is to compute the root of Fj(λj(t))
that minimizes the size of the volume ratio of the j ellipsoids Ωe

j(t), and thus reducing the
overall uncertainty in the identified parameter. In a noiseless environment, which is the case
of perfect measurements, this uncertainty, as well the corresponding volume of the ellip-
soid, should converge to zero. In a noisy case, the corresponding bounds on the noise levels
are providing to the identification algorithm specific confidence intervals that guarantee the
inclusion of the identified parameter.

The matrix W (t) =
Cj(t)

ξj(t)
will represent how far the ellipsoid extends in each direction

from the center of the ellipsoid θ̂j(t), while the volume ratio of the j ellipsoid is calculated
by:

Rj(t) = det−1(W (t)) (10)

The overall recursions for the implemented SMI algorithm can be summarized in Table 1,
where the covariance matrix is denoted as Cj(t) = Pj(t)

−1, P is positive definite and P (o) =
diag(Po) [27, 32]. In the SMI approach the uncertainty description is evolving with the time,
as the better the convergence of the parameters is, the smaller these bounds become, while as
a fundamental property in SMI [27], these bounds cannot be less than the assumed or com-
puted range of noise corrupting the measurements. From the presented analysis, it is more
than obvious that a proper and formal procedure in calculating the converged uncertainty
bounds should be established, as in an opposite case the overall proposed scheme can lead
to false triggering of faulty conditions. These values for the converged uncertainty bounds
and for a specific motor, should be a priori calculated for all the expected loading conditions,
while it should satisfy at the same time all the identified motor’s parameters.

According to the following equation (11), an increase in the value of the weighted factor
λj will lead to a corresponding decrease of the uncertainty bound Pj(t). Therefore, an a
priori mathematical calculation of the weighted factor λo∗

j in the healthy cases, will result
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Table 1: The algorithm for SMI based on the Weighted Recursive Least Squares
Step 1: Calculate Φj(t)
Step 2: Calculate the maximum positive root of the
following equation:
Fj(λj(t)) = α2,jλj(t)

2 + α1,jλj(t) + α0,j

where:
α2,j = (�+ n− 1)G2

j

α1,j = ((2�+ 2n− 1 + γj e
2
j)− ξj γj Gj)Gj

α0,j = (�+ n)(1− γj e
2
j)− ξj Gj γj

ξj(t) = ξj(t− 1) +
λj(t)

γj
− λj(t) ej

1−λj(t) Gj

If the maximum root of Fj(λj(t)) ≤ 0

θ̂j(t) = θ̂j(t); Pj(t) = Pj(t)
Else
Step 3: Perform the following recursions:
Pj(t) = (I −Kj(t) ϕ

T
j (t))Pj(t− 1)/λj(t)

Kj(t) = Pj(t− 1)ϕj(t)(λj(t) + ϕT
j (t)Pj(t− 1)ϕj(t))

−1

Step 4: Update the identified parameters:

θ̂j(t) = θ̂j(t− 1) +Kj(t)(yj(t)− ϕT
j (t)θj(t− 1))

Step 5: Update the upper and lower uncertainty

bounds: σj(t) =
√
diag(Pj(t))

Step 6: Calculate:
ej(t) = yj(t)− ϕT

j (t)θj(t− 1)
Gj(t) = ϕT

j (t)Pj(t− 1)ϕj(t)
Step 7: Goto Step 1

in calculating the optimal uncertainty bounds σo∗
j (t) for the examined test case (converged

values of bounds, where a sequential violation will trigger a fault).

Pj(t) = (I −Kj(t) ϕ
T
j (t))Pj(t− 1)/λj (11)

In the proposed SMI based fault detection scheme, the calculation of such an optimal σo∗
j (t)

will: a) decrease the fault detection time, since the fault detection will become earlier and
faster than the nominal case presented in [33], b) it will establish a general novel fault detec-
tion criterion, since all the identifiedmotor parameters will violate their uncertainty bounds,
and c) the proposed scheme will be able to detect the fault at a variation of load conditions.
For the calculation of σo∗

j (t) the following novel and gradient based algorithm is being pre-
sented in Table 2, where theminimumvalue of the converged uncertainty bounds σj,L(t)

o has

been calculated for all the identified motor parameters θ̂j,L(t) and at all the corresponding
load conditions L = {L1, ..., LLN}, where LN is the maximum number of load conditions,
with LN ∈ Z+.
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Table 2: The Algorithm for Finding the Minimum Uncertainty Bounds (MUC)
Step 1: In the healthy case of theMi motor and for all the L cases of load conditions,
with L = {L1, ..., LLN} and LN to denote the maximum number of load conditions
with LN ∈ Z+, calculate the following:
Step 2: Set i = 1 and select the Ad-Hoc initial value of the weighted factor: λi

j,L = λj,L

Step 3: Apply the SMI algorithm for finding the converged identified motor parameters

θ̂ij,L(t) and the corresponding uncertainty bounds σ
i
j,L(t)

Step 4: Increase the value of the weighted factor λi+1
j,L = λi

j,L +Δλj , where Δλj denotes
the selected step and apply SMI algorithm for the new value λi+1

j,L and calculate the

corresponding new θ̂i+1
j,L (t), σi+1

j,L (t)
Step 5: Evaluate if the convergence has been satisfied by checking:

IF θ̂i+1
j,L (t) = θ̂ij,L(t)

i = i+ 1 and GO TO Step 4

ELSE
σo
j,L(t)=σ

i+1
j,L (t)

Step 6: Check the next case of load condition L and IF L > LLN GO TO Step 7

ELSE Consider the next load condition and
GO TO Step 2

Step 7: Calculate the optimum value of uncertainty bounds for all the L cases by
calculating: σo∗

j (t) = min(σo
j,L(t))

Step 8: Terminate Algorithm

3 Fault Detection Conditioning

The overall proposed fault detection scheme is being depicted in Figure 1 and is going to be
on-line applied to induction motors, under healthy and faulty operations as well as under
various partially drillings or full broken bars and under various load conditions. The fault
detection scheme is based on pure on-linemeasurements of the currents and voltages supply-
ing the motor. Based on Park’s transformation, the equivalent vqs and iqs currents are being
calculated in order to feed the presented SMI algorithm from Section 2. The established sys-
tem identification scheme is able to: a) track the identified values of the induction motor and
b) based on the assumed noise levels, provide confidence intervals (bounds) on the identified
parameters that indicate the level of uncertainty in the identification procedure.

By assuming a convergence of the Set Membership Identification process, and an induc-

tion motor operating in a healthy condition, the identified parameters θ̂j(t) should remain
within the healthy uncertainty bounds, denoted by σj

o∗(t). These bounds are indicating the
uncertainty of the measurements and as long as the identified (converged) parameters of the
motor remain bounded, the motor will still operate in a healthy condition. In the case of
a fault occurrence, due to rotor bar breakage, the resulting model of the motor is drifting
and thus the values of the identified parameters will be characterized by a jump and a corre-
sponding constant drift from the convergednominal values of the healthymotor. This change
in the parameter’s value has a direct effect on the updated parameter’s bounds, while this
situation is a direct indication of a fault occurrence, as it will be also extensively presented
and analysed in the experimental results. Based on the proposed SMI scheme, in case that
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one or multiple parameters produce an uncertainty bound violation, a direct fault indication
should be produced and thus the proposed fault detection condition is being formulated as
it follows:

|θ̂j(t)| ≥ σo∗
j (t) (12)

The condition in 12 is being applied for all the j identified parameters in each iteration. In
case of no fault the whole process is repeated, while it is of paramount importance for the
proper application of the proposed scheme to assure that the parameter identification proce-
dure has been converged to the real (nominal) parameters during a healthy motor operation.
It should be highlighted that the fault detection scheme has the proper formulation to be

j n m

ia(t), ib(t), ic(t) ua(t), ub(t), uc(t)

iqs(t) uqs(t)

θj(t) σj(t)

θj(t) > σj(t)

o

o*

Figure 1: Overall Proposed SMI-based Fault Detection Scheme

on–line applied on the motor’s parameters as it is modular and of a low complexity in cal-
culations. In the sequel the efficiency of the proposed scheme will be evaluated under the
existence ofmultiple fault occurrences, being produced by a partial or full drilling at different
load conditions.
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4 Experimental Results
The SMI based fault detection scheme has been experimentally evaluated with similar mul-
tiple squirrel-cage induction motors, where broken bar faults have been generated by partial
or full drilling. Each induction motor had the following specifications presented in Table 3:
Except from the three–phase induction motors, the overall experimental set–up, depicted in

Table 3: Characteristics of the three-phase induction motors used in our experiments
Motor I Motor II

Description nominal value nominal value
Pole Numbers 4 4
Input Voltage 380V 380V
Frequency 50 Hz 50 Hz
Power 1.1 Kw 1.1 Kw
Speed 1410 1410
Current 2.75A 2.5A

Figure 2, was consisting of a DC generator as the provided load and the DAQ system. The
overall software has been completely developed in LabView. The three phase stator currents
and voltages have been sampled under various load conditions and with a sampling fre-
quency of Ts = 1600Hz and 5000Hz for the Motor I and Motor II respectively. The DAQ
system has been consisted of the cDAQ-9174 USB chassis, housing the NI-2925 card for 3-
channel and 300Vrms voltage inputs and the NI-9227 card for 4-channel and 5Arms current
inputs. In all the test cases the motors were operated at (10%, 25%, 50%, 75% and 100%) of
full load conditions. For the proposed experimental evaluation, the SMI scheme has been

Figure 2: Experimental setup for evaluating the broken bar fault detection

running for a sufficiently enough time in order to assure that the identified motor’s parame-
ters, as well as the provided uncertainty bounds, have been converged to the nominal ones.
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This convergence has been the same for all the identical utilized motors in the presented
experimental cases. After convergence, the operation of the motor and the corresponding
data recordings have been paused in order to induce the artificial fault, and in the sequel the
operation of the motor has been resumed. The induced faults in the broken bars have been
categorised: a) in partial drillings and b) full and multiple drillings.

The partial drilling has been performed in order to experimentally evaluate the perfor-
mance of the proposed scheme in detecting faults in an early stage and before the fault is
being extended to a full broken bar case. These scenarios have been generated by a progres-
sive drilling for each motor in depths of 4 mm and 8 mm, while drillings more than 17 mm
results in a full broken bar case. In Figure 3 the induced broken bar faults are being depicted
in detail by utilising the side view of the utilized motor and projecting the real depths of the
drillings made. Additional to these partial fault generations, the cases of full one, two, and

Figure 3: Induced partial drilling faults on the induction motor. The image displays an in-
ternal side view of the utilized motor with projected dept of drilling.

three broken bars have been considered for each motor. In more detail, Figure 4 provides
an internal overview of the induced full broken bar faults on the utilized rotor of Motor II.
Overall, five different faulty cases have been considered and analysed in the presented fault
detection scheme and at five cases of load conditions for each motor. After the event of the
fault occurrence, the steady state values of the corresponding currents are slightly effected
as it can be depicted in Figure 5 and 6, for all the examined six cases at full load condition
and only for phase A current ia, while similar results have been obtained for the rest of the
phases and the rest of load conditions. In the cases of partial drilling (cases B and C), small
differences in the current are being observed, while for the cases of 1BB, 2BB and 3BB (cases
D, E and F) the amplitude of the currents are significantly altered with respect to the num-
bers of the full broken bars. Moreover, one important thing that should be noted is the fact
that the amplitude of stator current fluctuates with time. when compared to the one in the
healthy case.
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Figure 4: Internal overview of the induced full one, two and three broken bars faults on the
rotor of Motor II

Although the supplied three phase voltage remains the same, the effect of the fault on the
three phase currents is of paramount importance, since it will directly effect the identified
model for the rotor and it is expected to create a parametric drift on the identified parame-
ters, as the real motor is passing from the healthy to the faulty operation. Depending on the
accuracy and the sensitivity of the established SMI scheme, this parametric drift is expected
to result in a bound violation condition as it will be analysed in the sequel. Before consid-
ering the effect of a fault on the identified motor’s parametric model, the convergence of the
SMI scheme and the process for finding the utilized optimal uncertainty prediction bounds
will be presented. In more detail and for calculating the optimal uncertainty bounds, all the

identified parameters θ̂j,L(t) in the healthy case and for all the examined different load condi-
tions L, for each motorM1 andM2, have been examined. According to the proposed optimal
algorithm presented in Table 2, Figures 7-8 are presenting the process of calculating the opti-
mum uncertainty bounds σo∗

j (t) for the case of Motor I, while it should be noted that similar
results have been extracted for the case of Motor II and for all the identified parameters. In
this case the initial value for λj has been set to 0.92. An increase of λj leads to a correspond-
ing decrease of the uncertainty bounds for the identified parameters Fqs,2 and Fqs,4 of Motor
I, in all the five examined cases of load conditions, until the convergence conditions are not
satisfied for the identified parameters. Similar results have been also obtained in the case of
Motor II and for all the same load conditions. These optimal calculated uncertainty bounds
σo∗
j (t)will be in the sequel utilized in order to evaluate the fault detection conditions, instead
of using the nominal values of the bounds σo

j (t) as presented in Figure 1, that it was used in
the our previous work [33].

On the other hand, the nominal time violation of uncertainty bounds T o
v4 and the mini-
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Figure 5: Measured phase A stator currents ia of Motor I, in healthy and with faulty cases
(drill 4 mm, 8 mm), one, two, and three broken bars under full load condition. The left side
plots indicate the current responses after start-up, while the right side plots indicate a zoom
on the same response for a window of 1600Hz Samples to highlight the effect of the fault on
the current waveforms.
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Figure 6: Measured phase A stator currents ia of Motor II, in healthy and with faulty cases
(drill 4 mm, 8 mm), one, two, and three broken bars under full load condition. The left side
plots indicate the current responses after start-up, while the right side plots indicate a zoom
on the same response for a window of 5K Samples to highlight the effect of the fault on the
current waveforms.
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Figure 7: Optimum uncertainty bounds σo∗
j calculation for the case of Motor I, based on the

identified parameters Fqs,2, during five different cases of load conditions
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Figure 8: Optimum uncertainty bounds σo∗
j calculation for the case of Motor I, based on the

identified parameters Fqs,4, during five different cases of load conditions
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Figure 9: The nominal time uncertainty bounds violation (T o
v4) and minimum time viola-

tion of uncertainty bounds(Tv4) of the identified parameter (Fqs,4) for 1BB with minimum
converged uncertainty bounds σo∗

qs,4 under full load conditions of motor I

mum timeviolation of uncertainty boundsTv4 by founding theminimumuncertainty bounds
σo∗
qs,4 ofFqs,4 identifiedmotor parameter are being presented in Figure 9. As it can be observed
from the calculation of the minimum uncertainty bounds σo∗

qs,4, the fault detection time will
be decreased and the fault detection became faster than the nominal case.

The convergence of the SMI scheme applied on the motor’s parameters Fqs,i and Tqs,i in
the healthy case, from vqs to iqs, is being presented in Figures 10, 11, 12, and 13, for both
Motors I and II respectively and under a full load condition. As it can be observed from
the experimentally obtained results, the uncertainty bounds are starting from a large value
and as the identification procedure is evolving and the identified parameters are close to
the nominal values θj

o(t), these bounds are being gradually decreased, until they reach their
steady-state value σj

o∗. Upon convergence, these bounds cannot get smaller than the initial
estimated or measured level of bounds on the corrupting noise γj .

In the sequel, a fault from a partial drilling of 4mm, occurring at the time sample instance
of 1.1e3 will be considered, while it is being assumed that the SMI scheme has been running
for a sufficient enough time that allowed the convergence of the identified parameters. As
it has been analysed previously, due to the existence of the fault, the values of the identified
parameterswill drift, which affects the proposed conditions for fault detection. This situation
leads to different types of bounds violation events at different time instances and for the
different tracked motor’s parameters.

More analytically, the drift on the identified parameters and the violation of the healthy
uncertainty bounds are being presented in Figures 14 and 15. Regarding the responses of
the fault detection condition, it should be mentioned that in the presented results, a faulty
case (bound violation) is equal to a true value (1), while a healthy case corresponds to a false
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Figure 10: Identified parameters for Fqs,i and corresponding uncertainty bounds in the
healthy case for Motor I, under full load condition
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Figure 11: Identified parameters for Tqs,i and corresponding uncertainty bounds in the
healthy case for Motor I, under full load condition
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Figure 12: Identified parameters for Fqs,i and corresponding uncertainty bounds in the
healthy case for Motor II, under full load condition

130 260 390 520 650 780 910 1040 1170 1300
−2

0

2
x 10−3

T qs
,1

130 260 390 520 650 780 910 1040 1170 1300
−2

0

2
x 10−3

T qs
,2

130 260 390 520 650 780 910 1040 1170 1300
−2

0

2
x 10−3

T qs
,3

130 260 390 520 650 780 910 1040 1170 1300
−2

0

2
x 10−3

Samples

T qs
,4

Figure 13: Identified parameters for Tqs,i and corresponding uncertainty bounds in the
healthy case for Motor II, under full load condition
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value (0).
In all the presented experimental results, the identified parameter will be notated with a
blue colour, the converged optimal healthy bounds will be notated by green colour, and the
event of a fault with a black dashed line. From Figure 14 it is depicted that for the case
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Figure 14: Motor I, 4mm Faulty Case: On-line identified Fqs,1 and Fqs,2 parameters with con-
verged uncertainty bounds in the healthy and 4mmdepth fault operation and corresponding
time responses of the proposed SMI based fault detection condition, under full load

of the Fqs,1 identified parameter, the violation of the lower uncertainty bound occurs at the
1.350e3 sample instance, while for the Fqs,2 identified parameter, the bound violation takes
place at the upper uncertainty bound at the 1.393e3 sample instance. However, it is straight
forward that depending on the type of the fault and the identified parameter the triggering
of a fault condition is varying and thus full conditioning (bound violation) tracking for all
the parameters of the motor should be performed, a procedure that is very fast and does not
add additional complexity on the proposed scheme.

In the case that we focus on the identified parameters Tqs,1-Tqs,2, similar results can be
obtained as it has been indicated in Figure 15, while the proposed scheme is able to identify
fast a fault occurrence as the first indication is coming in less than 1200 samples. Similar
results to the ones presented have been also obtained for all the identified parameters, for
the two examined motors and for all the loading conditions.

In the examined case, it should be further highlighted that the bound violation is not con-
stant and thus the fault indication is switching between the true and the false state. Even in
this case a convergence for the fault conditions might never happen, the obtained switching
is still a clear indication that the motor is not operating in a healthy condition and proper in-
spection should be provided. This case will be referred in the sequel as a "partial fault case"
or PAR. For the Tqs,i parameters, the equations 5-8 shown that the broken bar fault does not
effect significantly their values (Tqs,1-Tqs,4). The resulting faulty drift is still evident but not
significant and thus this behaviour leads to a switching and not converged response for the
proposed SMI based fault conditions.

In the case of inducing a faulty operation by a partial drilling of 8 mm, the proposed
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Figure 15: Motor I, 4mm Faulty Case: On-line identified Tqs,1 and Tqs,2 parameters with con-
verged uncertainty bounds in the healthy and 4mmdepth fault operation and corresponding
time responses of the proposed SMI based fault detection condition, under full load

fault detection scheme has successfully managed to identify the fault occurrence, as it can be
depicted in Figures 16 and 17 for the Fqs,1, Fqs,2 and the Tqs,1, Tqs,2 identified parameters of
Motor I correspondingly. Furthermore, the same situation is depicted for the case of Motor
II and more especially in Figure 18 the identified parameters Fqs,3 and Fqs,4 are presented
under a full load.

At this point is should be highlighted that similar results have been obtained for the rest of
the identified motor’s parameters, as well as in the Motor II and Motor I cases, and without
a loss of generality have been omitted from this presentation as they are characterised by
similar behavior. Based on the results presented in Figure 16, it can be observed that in the
case of the Fqs,1 identified parameter the violation of the lower healthy uncertainty bound
occurred at the 1.307e3 sample instance, while for the Fqs,2 identified parameter for motor I,
the bound violation took place at the upper healthy uncertainty bound at the 1.357e3 sample
instance. Furthermore, the violation of uncertainty bound for the case of the Fqs,3 and Fqs,4

identified parameters for Motor II is being presented in Figure 18. In this case, the fault is
happening at the 1050 sample instance, and the violation of uncertainty bound occurred at
1.480e3 and 1.350e3 sample instance respectively.

The oscillatory behavior of the identified parameters is evident in the results presented
in Figure 17 but again the detection of the fault is rapid and it is happening in the first 1200
samples. As before, for detecting the faulty operation, a single bound violation is enough
to trigger the fault, even if in the sequence this violation will not be valid, PAR case. This
latch behavior during the detection of the fault is sufficiently enough to ensure a proper
fault detection, while always all the bound violations from the identified parameters should
always be monitored.

In the sequel the case of a full one broken bar fault occurrence in Motor I and Motor II
and under full load will be examined. As in the previous cases, the fault is happening at the
1100 and 1050 sample instance for Motor I and Motor II respectively in order to be possible
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Figure 16: Motor I, 8mm Faulty Case: On-line identified Fqs,1 and Fqs,2 parameters with con-
verged uncertainty bounds in the healthy and 8mmdepth fault operation and corresponding
time responses of the proposed SMI based fault detection condition, under full load
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Figure 17: Motor I, 8mm Faulty Case: On-line identified Tqs,1 and Tqs,2 parameters with con-
verged uncertainty bounds in the healthy and 8mmdepth fault operation and corresponding
time responses of the proposed SMI based fault detection condition, under full load
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Figure 18: Motor II, 8mm Faulty Case: On-line identified Fqs,3 and Fqs,4 parameters with con-
verged uncertainty bounds in the healthy and 8mmdepth fault operation and corresponding
time responses of the proposed SMI based fault detection condition, under full load

to compare the obtained results under the same operating conditions. In the case of the
one broken bar, the responses of the Fqs,1 and Fqs,2 identified parameters are presented in
Figures 19 and 20.

From the obtained experimental results it is obvious that the proposed fault detection
scheme is able to identify the faulty operation in a fast and accurate way. Moreover, as it
has been observed the bigger the fault is the faster and more clear the detection of the fault
becomes, since the violation of the bounds is more intense. Furthermore, in all the exam-
ined identified parameters, and in both cases of Motors under study, the bound violation
condition is fully capable to identify the existence of a one broken bar fault.

In case that we apply the proposed fault detection scheme in the faulty operations with
two and three broken bars, for Motor I and Motor II under a full load, the results are being
presented in Figures 21-24. In this case the fault occurrence has been altered to 1050 sam-
ples after convergence of the identified parameters. As it has been presented in the previous
experimental cases, the proposed fault detection scheme manages again to identify the ex-
istence of the fault in a fast and accurate way. The faulty operation is being signalled in all
the cases in less than 200 samples from the case of the fault occurrence, which is ideal for
stopping the operation of the motor and not allowing the further expansion of the fault that
could dramatically reduce themotor’s performance and lead to a total break down of themo-
tor. Similar results have been also obtained for the case of Motor I and Motor II and under
various load conditions.

As an additional comparison of the proposed scheme for: a) all the experimentally ver-
ified cases in both examined Motors, b) all the identified parameters, c) all the faulty con-
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Figure 19: Motor I, 1 Broken Bar Faulty Case: On-line identified Fqs,1 and Fqs,2 parameters
with converged uncertainty bounds in the healthy and 1BB fault operation and correspond-
ing time responses of the proposed SMI based fault detection condition, under full load
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Figure 20: Motor II, 1 Broken Bar Faulty Case: On-line identified Fqs,1 and Fqs,2 parameters
with converged uncertainty bounds in the healthy and 1BB fault operation and correspond-
ing time responses of the proposed SMI based fault detection condition, under full load
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Figure 21: Motor II, 2 Broken Bar Faulty Case: On-line identified Fqs,3 and Fqs,4 parameters
with converged uncertainty bounds in the healthy and 2BB fault operation and correspond-
ing time responses of the proposed SMI based fault detection condition, under full load
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Figure 22: Motor II, 3 Broken Bar Faulty Case: On-line identified Fqs,1 and Fqs,2 parameters
with converged uncertainty bounds in the healthy and 3BB fault operation and correspond-
ing time responses of the proposed SMI based fault detection condition, under full load
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Figure 23: Motor I, 2 Broken Bar Faulty Case: On-line identified Fqs,1 and Fqs,2 parameters
with converged uncertainty bounds in the healthy and 2BB fault operation and correspond-
ing time responses of the proposed SMI based fault detection condition, under full load
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Figure 24: Motor I, 3 Broken Bar Faulty Case: On-line identified Fqs,1 and Fqs,2 parameters
with converged uncertainty bounds in the healthy and 3BB fault operation and correspond-
ing time responses of the proposed SMI based fault detection condition, under full load
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ditions, and d) under various load conditions, the corresponding time sample instances,
needed for detecting the fault after its occurrence, are being presented in Tables 4-7.
As it can be observed, the established SMI based bound violation scheme provides an ac-
curate mechanism for detecting the fault occurrence in multiple cases of partially or fully
broken bars of different induction motors under various loads. From the obtained multiple
experimental results, it is obvious that the proposed fault detection scheme is able to iden-
tify the faulty operation in a fast and accurate way, even in the cases of light load conditions,
which is of paramount importance. Moreover, as it has been observed the bigger the fault is
the faster andmore clear the detection of the fault becomes, since the violation of the bounds
is more intense.

In general, it has been observed that the identified Tqs,1 - Tqs,4 parameters are less sensitive
to the fault occurrences and present more oscillations than the cases of the Fqs,1 - Fqs,4 param-
eters. However, in all the examined identified parameters, the bound violation condition is
fully capable to identify the existence of a faulty cases at different load conditions.
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Table 4: Fault Detection Time Sample Instances Based on Fqs,1 − Fqs,4 Bound Violation For
Motor I

Full load
Fqs,1 Fqs,2 Fqs,3 Fqs,4

Drill 4 mm 250 293 485 374
Drill 8 mm 207 257 463 274
1 Broken bar 195 206 325 166
2 Broken bar 162 200 263 127
3 Broken bar 142 190 125 109

75% of full load
Fqs,1 Fqs,2 Fqs,3 Fqs,4

Drill 4 mm 457 372 292 268
Drill 8 mm 389 321 263 245
1 Broken bar 312 279 218 194
2 Broken bar 263 153 184 173
3 Broken bar 185 118 151 105

50% of full load
Fqs,1 Fqs,2 Fqs,3 Fqs,4

Drill 4 mm 489 409 310 281
Drill 8 mm 351 366 271 253
1 Broken bar 332 311 233 207
2 Broken bar 290 247 198 181
3 Broken bar 260 179 174 137

25% of full load
Fqs,1 Fqs,2 Fqs,3 Fqs,4

Drill 4 mm 502 423 PAR PAR
Drill 8 mm 473 381 363 PAR
1 Broken bar 378 255 244 241
2 Broken bar 311 174 192 197
3 Broken bar 186 126 153 131

10% of full load
Fqs,1 Fqs,2 Fqs,3 Fqs,4

Drill 4 mm 658 712 PAR PAR
Drill 8 mm 569 668 419 PAR
1 Broken bar 439 617 378 309
2 Broken bar 372 543 341 275
3 Broken bar 336 506 226 211
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Table 5: Fault Detection Time Sample Instances Based on Tqs,1 − Tqs,4 Bound Violation For
Motor I

Full load
Tqs,1 Tqs,2 Tqs,3 Tqs,4

Drill 4 mm PAR PAR PAR PAR
Drill 8 mm PAR PAR 782 PAR
1 Broken bar 379 494 458 502
2 Broken bar 346 471 419 473
3 Broken bar 305 437 386 462

75% of full load
Tqs,1 Tqs,2 Tqs,3 Tqs,4

Drill 4 mm PAR PAR 641 PAR
Drill 8 mm PAR PAR 573 683
1 Broken bar 403 566 491 574
2 Broken bar 375 501 463 513
3 Broken bar 327 467 416 482

50% of full load
Tqs,1 Tqs,2 Tqs,3 Tqs,4

Drill 4 mm PAR PAR PAR PAR
Drill 8 mm PAR PAR 525 PAR
1 Broken bar 548 563 473 492
2 Broken bar 488 514 427 461
3 Broken bar 451 476 374 392

25% of full load
Tqs,1 Tqs,2 Tqs,3 Tqs,4

Drill 4 mm PAR PAR PAR PAR
Drill 8 mm PAR 647 579 PAR
1 Broken bar 502 613 537 529
2 Broken bar 475 574 495 474
3 Broken bar 454 527 436 414

10% of full load
Tqs,1 Tqs,2 Tqs,3 Tqs,4

Drill 4 mm PAR PAR PAR PAR
Drill 8 mm PAR 638 664 PAR
1 Broken bar 612 601 613 689
2 Broken bar 553 573 579 651
3 Broken bar 501 539 54 584
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Table 6: Fault Detection Time Sample Instances Based on Fqs,1 − Fqs,4 Bound Violation For
Motor II

Full load
Fqs,1 Fqs,2 Fqs,3 Fqs,4

Drill 4 mm 203 253 367 383
Drill 8 mm 173 195 430 300
1 Broken bar 180 163 171 173
2 Broken bar 163 151 165 145
3 Broken bar 150 117 116 119

75% of full load
Fqs,1 Fqs,2 Fqs,3 Fqs,4

Drill 4 mm 467 386 251 257
Drill 8 mm 345 281 244 248
1 Broken bar 281 158 241 170
2 Broken bar 252 128 179 137
3 Broken bar 142 93 134 115

50% of full load
Fqs,1 Fqs,2 Fqs,3 Fqs,4

Drill 4 mm 473 441 355 227
Drill 8 mm 376 329 237 198
1 Broken bar 292 295 219 171
2 Broken bar 271 167 149 155
3 Broken bar 163 141 111 127

25% of full load
Fqs,1 Fqs,2 Fqs,3 Fqs,4

Drill 4 mm 527 503 PAR PAR
Drill 8 mm 472 478 354 PAR
1 Broken bar 415 413 279 274
2 Broken bar 351 344 197 234
3 Broken bar 294 227 168 185

10% of full load
Fqs,1 Fqs,2 Fqs,3 Fqs,4

Drill 4 mm 646 PAR PAR PAR
Drill 8 mm 683 645 PAR PAR
1 Broken bar 469 546 391 336
2 Broken bar 365 485 276 291
3 Broken bar 327 398 247 236
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Table 7: Fault Detection Time Sample Instances Based on Tqs,1 − Tqs,4 Bound Violation For
Motor II

Full load
Tqs,1 Tqs,2 Tqs,3 Tqs,4

Drill 4 mm PAR PAR PAR PAR
Drill 8 mm PAR PAR 416 PAR
1 Broken bar 367 475 357 546
2 Broken bar 338 445 310 461
3 Broken bar 311 377 269 382

75% of full load
Tqs,1 Tqs,2 Tqs,3 Tqs,4

Drill 4 mm PAR PAR 637 PAR
Drill 8 mm PAR PAR 582 PAR
1 Broken bar 416 553 511 551
2 Broken bar 359 521 452 502
3 Broken bar 334 459 391 474

50% of full load
Tqs,1 Tqs,2 Tqs,3 Tqs,4

Drill 4 mm PAR PAR PAR PAR
Drill 8 mm PAR PAR 504 PAR
1 Broken bar 537 573 451 519
2 Broken bar 493 526 416 477
3 Broken bar 434 432 381 404

25% of full load
Tqs,1 Tqs,2 Tqs,3 Tqs,4

Drill 4 mm PAR PAR PAR PAR
Drill 8 mm 754 PAR 619 PAR
1 Broken bar 610 633 559 476
2 Broken bar 495 581 511 437
3 Broken bar 438 490 479 396

10% of full load
Tqs,1 Tqs,2 Tqs,3 Tqs,4

Drill 4 mm PAR PAR PAR PAR
Drill 8 mm PAR 667 598 PAR
1 Broken bar 627 620 572 PAR
2 Broken bar 583 531 512 670
3 Broken bar 531 473 441 521
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5 Conclusions
In this article, a novel method to fault detection for three-phase induction motors has been
presented and experimentally evaluated in five faulty cases at different load conditions and
with a gradually or partially broken rotor bars, caused by: a) drilling 4mm and 8mm out of
the 17mm thickness of same rotor bar, and b) by having different cases of fully drilled one
broken bar, two broken bars and three broken bars. The proposed fault detection method
based on the SetMembership Identification (SMI) technique and a novel proposedminimum
boundary violation fault detection scheme, has been applied on the identified motor’s pa-
rameters. As it has been extensively and experimentally evaluated the established method is
able to detect the fault occurrence in all the examined cases and in a rather short timewindow
consisting of a few hundred of samples. Part of the future work include the generalization of
themethod in order to be able to perform fault classification and the extension/experimental
evaluation to other types of induction motor’s faults.
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Faults Classification Scheme for Three Phase
Induction Motor

Mohammed Obaid Mustafa1,2,∗, George Nikolakopoulos1, and Thomas Gustafsson1

In every kind of industrial application, the operation of fault detection and diagnosis
for induction motors is of paramount importance. Fault diagnosis and detection led to mini-
mize the downtime and improves its reliability and availability of the systems. In this article,
a fault classification algorithm based on a robust linear discrimination scheme, for the case
of a squirrel-cage three phase induction motor, will be presented. The suggested scheme is
based on a novel feature extraction mechanism from the measured magnitude and phase of
current park’s vector pattern. The proposed classification algorithm is applied to detect of
two kinds of induction machine faults, which area) broken rotor bar, and b) short circuit in
stator winding. The novel feature generation technique is able to transform the problem of
fault detection and diagnosis into a simpler space, where direct robust linear discrimination
can be applied for solving the classification problem. And thus a clear classification of the
healthy and the faulty cases can be robustly performed, by having the optimal hyper plane.
This method can separate the feature current classes in a low dimensional subspace. Ro-
bust linear discrimination has been one of the most widely used fault detection methods in
real-life applications, as this methodology seeks for directions that are efficient for discrim-
ination and at the same time applies a straight-forward implementation. The efficacy of the
proposed scheme will be evaluated based on multiple simulation results in different fault
types.

Key words: Broken Bar Fault, Fault Classification, Robust Linear Discrimination, Short Cir-
cuit in Stator Winding Fault, Three Phase Induction Motor

1 Introduction
Induction machine is very common in industrial systems. Fault detection, diagnosis and
classification of Induction machines have received considerable interest in the last decades.
These motors are the most widely utilized electrical machines, mainly due to their advan-
tages such as: stability properties, robustness, durability, power to weight ratio, low produc-
tion costs and easiness of controlling them [1].

1 Control Engineering, Department of Computer Science and Electrical Engineering, Luleå University of
Technology, Luleå SE-97187, Sweden.
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Despite their numerous advantages, still many types of faults might occur, which can cause
unexpected safety risks and economic expenses, delays in processes and overall production
line breakdown. Faults occur most of the time in the rotor and the stator of an induction mo-
tor, while many of these faults reveal their existence gradually and thus sometimes it is very
difficult to be identified in due time [2]. Among the most common faults that can be found
within the area of induction motors are: a) opening or shorting in one or more of a stator’s
phasewindings [3, 4], b) broken rotor bar or cracked rotor’s end-rings [5], c) static or dynamic
air-gap irregularities [1], and d) bearing failures [6]. More statistical results, obtained from
reports by the Motor Reliability Working Group of the IEEE Industry Applications Society
(IAS), which surveyed 1141motors, and the Electrical Power Research Institute (EPRI), which
surveyed 6312 motors, are summarized in Table 1. As one can observe, bearing-(mechanical)
and winding (stator)-related failures are the dominant trouble areas [7]. From another point
of view motor, faults can be categorized into two types, depending on their origin, e.g. me-
chanical and electrical, or it can be classified according to their location, e.g. stator and rotor.
Usually, other types of fault like bearing faults refer to rotor faults also because they belong
to the moving parts [3]. The examined faults may occur during production as small faults
or may result from production faults. On the other hand, there is other’s reason such as me-
chanical, environmental, electromagnetic or thermal pressure in the rotor, when the motor is
in operation [8]. Transient events (e.g. during a start up phase of a motor) can accelerate this
growth, while all the previous mentioned faulty cases have a direct effect on the produced
torque, current and speed of the motor [9]. For all these reasons, an on line fault detection
and diagnosis scheme [10] is very important for: a) reducing the maintenance cost, b) reduc-
ing the risk of unexpected failures, by allowing the early detection of destructive faults, and
c) improving the performance of the motors.

The novelty and themain contribution of the presented researchwork, stems frompropos-
ing a novel method for extracting features, only based on stator currents measurements and
in the sequel applying Robust Linear Discrimination for fault detection and classification.
The proposed methodology: a) plots the q − dmeasured Ids and Iqs stator currents, and b)
applies periodic sampling on the resulting state diagram, while features are being extracted
based on the magnitude and phase of current park’s vector pattern. The proposedmethod is
suitable for an on line implementation, while retains a complexity in significant low levels.
The output, denoted as the maximum discrimination interval, is being calculated based on
the theory of convex optimization and has themerit to include all the possible discrimination
faulty lines, calculated by relevant methodologies [11].

This article is structured as it follows. In the next section the linear discrimination algo-
rithm is being presented, followed by the analysis of the proposed feature extraction mecha-
nism in the section following that. In the section after, multiple case studies of different fault
types occurrences are being presented that prove the efficiency of the proposed algorithm.
Finally, in the last section the conclusions are being drawn.
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Table 1: Percentage of failure by component in induction motor

Failed Component IEEE(IAS) EPRI

Bearing Faults 44% 41%
Stator Faults 26% 36%
Rotor Faults 8% 9%
Others Faults 22% 14%

2 Related Work
There are various techniques have been done by using many methods and approaches to
detect and diagnose different faults of induction motor, in both experimental and simulated
verifications. The fault detection and diagnosis techniques can be categorized as a model
based and model free algorithms. In the first case, the techniques are based on a mathemat-
ical model of the motor and require a deep knowledge of the motor components [2], while
the second case is more popular, as it is suitable for real life experimental setups, and the
fault detection and diagnosis are being performed straight forward, based only on the mea-
sured data [12]. There are several condition monitoring schemes for the fault detection and
diagnosis of induction motor. The most important are thermal, vibration and stator current
monitoring. However, the most popular in techniques is using vibration analysis and stator
current analysis because of their easy measurability, high accuracy and reliability. Among
these approaches, characteristic examples are methods that utilize:

• TheMotor Current Signature Analysis (MCSA) is one of themost widelymethods used
for fault detection. These techniques are based on the use of three-phase currents that
are already measured in the drive system for other purposes such as control and pro-
tection. It is based on the analysis of a frequency spectrum of the stator current. Many
studies have been developed based on this technique, and this analysis is especially
useful when the used signals are stationary. MSCA does not distinguish supply volt-
age unbalance condition [13, 14]

• Artificial intelligence techniques have been introduced for monitoring and fault clas-
sification in induction machines and among them, artificial neural networks (ANNs)
have proven their ability to perform induction motor fault detection Recently neural
network fault detection based methods have been used as a current method in fault
detection problem using an inexpensive, reliable, and noninvasive procedure [15, 16].
Neural network signals a potential failure condition when a new cluster formed if per-
sists for some time for on-line fault prediction possible. Neural networks can be applied
when the information in the process is obtained by measurements, which later can be
used in the training procedures of neural networks [17].

• Moreover, Singular Value Decomposition [2, 18]. It has been utilized in the same prob-
lem, especially when direct separation of two data sets cannot be accomplished and an
affine function is needed to approximately classify the data. In general, this approach
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is difficult and rather complicated to be directly applied to real life applications, while
the general aim is to reduce the input dimension of the current value vector, measured
at each period, by extracting specific feature vectors and in the sequel trying to apply
the Linear Discriminant Analysis (LDA) principle [19, 20].

• Some researchers have used support vector machine (SVM). It is a supervised classifi-
cation technique of faults in induction machines. The original purpose of this method
was the linear separation of objects belonging to two different classes by an optimal hy-
per plane [18, 14]. In general, the classification tasks are composed by three steps are:
first, the calculation of numerical features from the acquired physical measurement,
second, a feature reduction procedure, and, finally, a classification stage in which the
different classes (considered degradation types) are identified. The feature reduction
represents themost critical stage in this diagnosis [12]. e) setmembership identification
and uncertainty bounds violation conditions have been used for fault diagnosis in dif-
ferent kind of inductionmotor fault such as broken bar and short circuit in stator wind-
ing [21], f) Principle Component Analysis (PCA) has received a significant attention in
the last past years. It is a statistical technique that linearly transforms an original set of
variables into a usually substantially smaller set of uncorrelated variables that repre-
sents most of the information in the original set of variables. PCA can be successfully
utilized not only for identifying the presence of a broken bar but also for estimating the
number of broken bars of the fault [22, 23].

In the specific area of model free fault classification, the Linear Discriminant Analysis (LDA)
has been applied for fault classification in induction motors [24, 25]. This method is able to
separate the feature classes in a low dimensional subspace, even under significant variations.

3 Robust Linear Discrimination (RLD)
Inmost of the cases in pattern recognition and classification problems, two sets of data points
C1 and C2 in Rn are being provided, denoted as C1 : {x1, . . . ., xN}, C2 : {y1, . . . ., yN}, and
with N,M ∈ Z+, while the overall goal is to find a f : Rn −→ R, which is positive on the
first set and negative on the second [11], or:

f(xi) > 0; i = 1, · · · , N
f(yi) < 0; i = 1, · · · ,M (1)

In case that the inequalities in Equation (1) hold, f , or its 0-level set denoted as {x|f(x) = 0},
separates, classifies, or discriminates the two sets of data points. In linear discrimination, the
aim is to find an affine function f(x) = aTx− b, with a; b ∈ R2 that classifies the data points
as:

aTxi − b > 0 i = 1, · · · , N
aTxi − b < 0 i = 1, · · · ,M (2)

From an equivalent geometrical point of view, the solution to the previous problem in Equa-
tion (2) can be considered as the problem of finding a hyperplane, which separates these
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two sets of data points. Since the strict inequalities in Equation (2) are homogeneous in the
terms a and b, a feasible solution exists if and only if the set of the following non strict linear
inequalities are feasible in the normalized variables of a and b:

aTxi − b ≥ 1 i = 1, · · · , N
aTxi − b ≤ −1 i = 1, · · · ,M (3)

In Figure 1 a simple example of two data points sets are being depicted, with a linear discrim-
inating function straight line, where the points x1, · · · , xN and y1, · · · , yM are represented by
open and solid circles notations respectively. In case that the C1 and C2 sets can be linearly
discriminated, there is always a polyhedron, which contains affine functions that discrimi-
nate the same problem, while these functions can present some robustness to the discrimina-
tion problem. In this case, the affine function is being calculated as the function that provides
the maximum possible polyhedron widthH ∈ R+, between the positive values at the points
xi and the negative values at the points yi. The problem can be solved by convex optimization
by the following formulation with variables a, b and d as:

Max d

subjecttoaTxi − b ≥ 1 i = 1, · · · , N
aTxi − b ≤ −1 i = 1, · · · ,M

‖a‖2 ≤ 1 (4)

The optimal value d for this convex problem (with linear objective, linear inequalities, and
one quadratic inequality) is positive if and only if the two sets of points can be linearly dis-
criminated. In this case the inequality ‖ a ‖2≤ 1 is always tight at the optimum. From
a geometrically, point of view, the solution to this problem (4) is equivalent of finding the
thickest hyperplane that separates the two sets of points, while a graphical solution to this
robust linear discrimination problem in Equation (4) is being depicted in Figure 2. In this
Figure the largest gap in values between the two sets H = 2d is displayed, which is denoted
as double of the distance between the convex hulls of the two sets of data points, a property
that has been directly

derived from the duality of the robust linear discrimination problem described in Equa-
tion (1), while the mathematical solution to the described problem can be straight forward
implemented by the utilization of the CVX, a software package for specifying and solving
convex programs. In the following Section, the application of the robust linear discrimi-
nation technique, combined with the novel suggested feature generation technique will be
presented.

4 Data Generation
This section will provide an overview of the utilized models for simulating the healthy and
the faulty cases of the induction machine. The interested readers are suggested to refer to
the articles refereed herein for an extended analysis of the presented modeling approaches.
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Figure 1: Data classification by the utilization of linear discrimination

Figure 2: Data classification by the utilization of robust linear discrimination
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4.1 Model of Three Phase Induction Motor
In general an induction motor can be modeled as a three phase model or as an equivalent
quadrature phase model (Vas, 1992). For simulating the healthy case of the induction motor,
the following state space equations will be utilized [26, 27]:

⎡⎢⎢⎣
diqs
dt
dids
dt
diqr
dt
didr
dt

⎤⎥⎥⎦ = A

⎡⎢⎢⎣
iqs
ids
iqr
idr

⎤⎥⎥⎦+ B

⎡⎢⎢⎣
Vqs

Vds

0
0

⎤⎥⎥⎦ (5)

where iqs, iqs are the stator’s quadrature and direct currents, iqr, iqr are rotor’s quadrature
and direct currents and Vqs, Vqs are the stator’s quadrature and direct voltages, with the state
space matrices denoted as:

A =
1

δ

⎡⎢⎢⎣
−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs
Lm rr 0 −Ls rr wr δ
0 Lm rr −wr δ −Ls rr

⎤⎥⎥⎦ (6)

B =
1

δ

⎡⎢⎢⎣
Lr 0 −Lm 0
0 Lr 0 −Lm

−Lm 0 s 0
0 −Lm 0 Ls

⎤⎥⎥⎦ (7)

where δ = LsLr−L2
m, Lr, Ls and Lm are the rotor’s, stator’s, and mutual inductance (Henry).

The resulting equations for the torque will be provided by:

Te =
3

2
P Lm[iqs idr − iqr ids] (8)

with P the number of poles pairs and the equation of the mechanical angular speed can
become:

d2ωm

dt
=

1

J
(TeTL) dt (9)

where wm is the rotor’s speed (mechanical) (red/sec). J is the moment of inertia (Kg.m2), TL

is the load torque (Nm) and Te is the electromagnetic torque (Nm).

4.2 Broken Bar Model Of Three Phase Induction Motor
Themost important factors for the existence of broken bar faults aremainly the thermal, mag-
netic, residual, dynamic, and mechanical stresses [3]. The event of a broken rotor bar causes
symmetry in the resistance and inductance of the rotor’s phases, which results in asymmetry
of the rotating electromagnetic field in the air gap between stator and rotor. Consequently,
this will induce frequency harmonics in the stator current. The impact of broken rotor bars



C

144 Paper C

can be modeled by unbalancing the rotor resistance, while the inductance changes are being
neglected due to their insignificance influence compared to the resistance changes [28, 29].
The stator resistances and inductances stay unchanged and for simplicity purposes, for a
squirrel–cage rotor, the end–ring contribution is being also neglected. The modified rotor’s
resistance matrix, due to the fault existence, in the abc reference frame can be derived as [29]:

rrf =

⎡⎣ rr +Δrra 0 0
0 rr +Δrrb 0
0 0 rr +Δrrc

⎤⎦ (10)

where Δrra, Δrrb andΔrrc represent rotor resistance changes in phase a, b and c, respectively
due to broken bar faults. The resistance changes are being derived based on the assumption
that the broken bars are contiguous, neither the end ring resistance nor the magnetizing
current is taken into account. For the case of nbb broken rotor bars, the increment Δrra,b,c in
each phase is being obtained as [29, 30].

Δrra,b,c = rr
3nbb

Nb − 3nbb
(11)

To simulate broken rotor bar fault, the rotor resistance matrix needs to be replaced by the modified
rotor resistance matrix rrf and transformed to the q − d reference frame, by utilizing the stationary
reference frame. For the cased examined, the rotor resistance changes in the q − d reference frame as
presented in [29], while the state space matrices in broken bar will become A∗

b , B
∗
b and are defined

as [21]:

A∗ =
1

δ

⎡⎢⎢⎣
−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs
Lm rrq 0 −Ls rrq wr δ

0 Lm rrd −wr δ −Ls rrd

⎤⎥⎥⎦ (12)

B∗ = B (13)

where:

rrq = rr + rr11

rrd = rr + rr22 (14)

4.3 Stator Winding Short Circuit Modeling
In the examined case all the stator parameters are considered to be identical when short cir-
cuit happens in thewinding of the three phase inductionmotor, while both stator’s resistance
and inductance, as also the mutual inductances between stator and rotor will be directly af-
fected. In the case of such a fault, the corresponding modified (faulty) state space motor
realization should be utilized. In this case the q − d reference frame transformation needs to
be performed to these equations and by assuming that the short circuit occurs only in phase
a of the stator for simplification reasons and without losing generality, the resistance and
inductance matrix of stator are being defined with shorted turns in the q− d reference frame
as [29]:
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rqd0sf = rs

⎡⎣ rs11 0 rs13
0 rs22 0

rs31 0 rs33

⎤⎦ (15)

Let gsa be the percentage of the remaining unshorted stator windings in stator phase a and

the non–zero elements of the matrix rqdosf are being defined as [29]:

rs11 =
1

3
(2gas + 1) , rs13 =

2

3
(gas − 1) , rs22 = 1

rs31 =
1

3
(gas − 1) , rs33 =

1

3
(gas + 1) (16)

while the inductance matrix in the faulty case will become as [29]:

L∗
f =

⎡⎢⎢⎣
L11 0 L14 0
0 L22 0 L25

L41 0 44 0
0 L52 0 L55

⎤⎥⎥⎦ (17)

The elements of L∗
f are being defined as:

L11 =
1

3
(gas + 1)Ls +

1

9
(2gas + 1)2 Ls (18)

L14 = L41 =
1

3
(gas + 1)Lm , L22 = Ls + Lm (19)

L25 = L52 = Lm , L44 = L55 = Lr + Lm (20)

Rf
∗ =

⎡⎢⎢⎣
r∗ 0 0 0
0 rs 0 0
0 −ωr/ωs L

∗
m rr −ωs/ωs Lr

ωr/ωs L
∗
m 0 ωr/ωs Lr rr

⎤⎥⎥⎦ (21)

with:

r∗ = rs · rs11 (22)

L∗
m = Lm · L14 (23)

Therefore the matricesA∗ and B∗ in the faulty case will change and become:

A∗ = −R∗
f L

∗
f
−1 (24)

B∗ = L∗
f
−1 (25)
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Figure 3: Proposed modular scheme for fault classification

5 Data Feature Extraction
In all the model free fault classification methodologies, the feature extraction is one of the
most significant step. The overall aim is to create a new simplified data set, from raw mea-
surements, achieving a better minimization of the misclassification rate, denoted as the to-
tal number of incorrect classifications, divided by the total number of classifications. This
dimensionality reduction of the feature extraction step is important for increasing the suc-
cessful classification, especially during the evaluation of the suggested scheme with data
that do not belong to the initially utilized training sets. In the existing literature, as it has
beenmentioned in the introduction, various feature extraction techniques have been already
described. Themain novelty of this article, stems from the utilization of a new feature extrac-
tion technique that could lead in a straight forward linear classification problem, where light
computational methods, like the Robust Linear Discrimination technique could be directly
applied.

For generating the necessary data sets for the application of the suggested discrimination
based fault detection, simulated models of a three phase induction motor, under the healthy
and faulty cases (broken rotor bar and short circuit in stator winding), in the q-d framework,
have been adopted as it has been previously presented. In this simulation framework, which
is being depicted in Figure 3, the measured (noise corrupted) motor currents (Iqs, Ids) are
been fed to the proposed feature extraction mechanism and in the sequel to the fault diag-
nosis algorithm. The feature generation mechanism is based initially on the sampled three
phase motor currents Ia, Ib and Ic. In the sequel these currents are being transformed to the
Parks vector components Iqs and Iqs, by the utilization of the following transformations [31]:

ids(t) =

√
2

3
ia(t)−

√
1

6
ib(t)−

√
1

6
ic(t)

iqs(t) =

√
1

2
ib(t)−

√
1

2
ic(t) (26)

where Ia, Ib and Ic are the maximum value of the supply phase currents. By plotting
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the current Park’s vector pattern, (Iqs versus Ids), this relationship takes a form of multiple
overlapping circular pattern, centered at the origin of the coordinates as illustrated in Figure
4. The last step, in the proposed methodology for feature extraction, is the circular sampling
of circular shape and representing every point of the Iqs-Ids phase by its distance to the center
of the circular Di ∈ R+ and the angle θi ∈ [0; 2π] from the horizontal axis Ids, with:

Di =
√
I2ds(t) + I2qs(t) (27)

The resulting data set, which contains multiple measurements of distancesDi and angles θi,
is being utilized as the new feature database in the last step of the robust fault discrimination.
The proposed overall algorithm is also presented in the flowchart in Figure 5 and as it will
be demonstrated in the following section, the proposed feature extraction has the significant
benefit of simplicity and fast real time application, for all the examined faulty cases.

6 Simulation Results and Discussion
In this section, we presented various simulation results obtained using the squirrel cage in-
duction machine. The numerical simulations are performed for three different states: the
healthy state (full load) and the faulty states (one broken bar and short circuit in stator wind-
ing).
The proposed scheme for fault detection and diagnosis is being evaluated on a model of

Figure 4: Current parks vector pattern for feature extraction

three phase induction motor having the parameters depicted in Table 2. The cases that will
be examined in the sequel are: a) 1 broken rotor Bar, b) 1% short circuit, while all the sim-
ulation results are being carried with respect to the presented induction motor. The first
simulation results present the effect of 1% short circuit of stator winding or an one broken
rotor bar fault occurrence on the torque and angular speed at full load, as it is being pre-
sented in Figures 6 and 7 respectively, where the comparison has been made with respect to
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Figure 5: Proposed flowchart

the healthy case. In Figures 6 and 7, it is also depicted that the fault is affecting the steady
state values of the rotor’s torque and speed respectively. In the examined cases, the torque
oscillations are taking place in both types of fault, while the amplitude of these oscillations is
being increased with respect to the number of the faulty broken bars and percentage of short
circuit in stator winding. Moreover, the speed is also being decreased in the case of broken
rotor bar andwill be increased in the short circuit case, while oscillations are also evident. To
evaluate and examine the proposed algorithm, we suggested two cases studies are: broken
one rotor bar fault and short circuit in stator winding.

Table 2: Induction Motor Parameters

Parameters Values Parameters Values
Pole Numbers 4 rr 0.0753 per unit

Input Voltage 240 V J 0.00155 Kg.m2

Rated Power 1 kw Nb 28

Frequency 50 Hz Ls = Lr 0.019 per unit

rs 0.0616 per unit Lm 0.01833 per unit
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Figure 6: The torque of the motor in the normal and faulty cases
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7 Case Study 1: Broken 1 Rotor Bar Fault

In this case, the proposed methodology is being evaluated in fault diagnosis between the
one broken rotor bar fault and the healthy case. In Figure 8, the stator’s currents Ids and
Iqs are depicted for both cases. From the simulated fault, it is obvious that both currents
in the stator will increase in case of one broken rotor bar, while retaining the same periodic
characteristics. The important thing is one can notice is that the amplitude of stator current
fluctuationswith time compared to that in the healthy case. Figure 9 depicts the Park’s vector
pattern of the Ids and Iqs currents, both in the case of the healthy and the broken bar case. It
is shown the main novelty of this article, that stemmed from the utilization of a new feature
extraction technique that could lead in a straight forward linear classification problem. While
Figure 10 presents the extracted features based on the distances, Di calculated at different θi
The obtained data sets, due to the proposed feature extraction, can be easily separated by the
utilization of the robust linear discrimination algorithm, and thus a clear classification of the
healthy and the faulty case can be robustly performed, by having the optimal hyper plane of
aH = 0.068width. This hyper plane split between the healthy samples and faulty (broken 1
bar) samples. The separation is chosen to have the largest distance from the hyper plane to
the nearest of the healthy and faulty samples. For the presented results, the parameters of
the affine function have been calculated as:a = [0; 1], b = −1 : 178.
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Figure 8: The stator’s Ids and Iqs currents in the normal and 1 broken bar case
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8 Cases Study 2: 1% Short Circuit in Stator Winding

In the second simulated case study, the fault diagnosis between 1% short circuit in stator
winding fault and the healthy case has been considered. As in the previous case, the stator’s
currents Ids and Iqs, are being presented in Figure 11, From the simulated fault, it is obvious
that both currents in the stator will increase in case of short circuit in stator windings. In Fig-
ure 12, the corresponding Park’s vector pattern is being depicted, for both the examined test
cases, where as it can be observed the relation between Iqs and Ids and the gap between the
two circular has been bigger, when compared with the first examined case. By used these ex-
tracted features the data set became in a low dimensional subspace (in two dimension). This
figure also presented the required data set for robust linear discrimination algorithm. The
resulting data sets are presented in Figure 13. As previously, the proposed feature extrac-
tion algorithm had the merit to produce easily separated data sets, where the robust linear
discrimination algorithm can be directly applied, without the need of data pre-processing.
For the examined test case, the discriminating hyper plane, between the normal case and the
short circuit case, had a width H = 0 : 012, This hyper-plane split between the healthy sam-
ples and faulty (short circuit in stator winding) samples. The separation is chosen to have the
largest distance from the hyper-plane to the nearest of the healthy and faulty samples, while
the parameters of the affine function have been calculated as: a = [0;−1], b = −1 : 1894.
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Figure 11: The stator’s Ids and Iqs currents in the normal and short circuit in stator windings
case
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9 Conclusion
In this article, a fault diagnosis method for the case of squirrel-cage Three Phase Induction
motors based on robust linear discrimination has been presented. The suggested scheme
has the capability to classify different types of faults: a) normal case b) broken rotor bar and
c) short circuit in stator winding based on the proposed on-line fault condition monitoring
scheme. Our simulation showed that the broken bar and stator fault causes oscillations in
the torque and speed, the torque oscillations are greater in the case of broken bar. It also
shows that amplitudes of the stator current are greater in the case of stator fault. While in
the case of broken bar the important thing is one can notice is that the amplitude of stator
current fluctuations with time compared to that in the healthy case. The study showed the
convenience of facing diagnosis problems with more powerful classification tools that could
enable an increasing generalization power of diagnosis systems in induction machines, so
that we could have a more robust diagnosis system. The efficacy of the proposed scheme has
been evaluated based on multiple simulation results for different fault types.
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Detecting Broken Rotor Bars in Induction Motors
with Model-Based Support Vector Classifiers
Mohammed Obaid Mustafa, Damiano Varagnolo, George Nikolakopoulos, and

Thomas Gustafsson

We propose a methodology for testing the sanity of motors when both healthy and faulty
data are unavailable. More precisely, we consider a model-based Support Vector Classifica-
tion (SVC) method for the detection of broken bars in three phase asynchronous motors at
full load conditions, using features based on the spectral analysis of the stator’s steady state
current (more specifically, the amplitude of the lift sideband harmonic and the amplitude
at fundamental frequency). We diverge from the mainstream focus on using SVCs trained
from measured data, and instead derive a classifier that is constructed entirely using theo-
retical considerations. The advantage of this approach is that it does not need training steps
(an expensive, time consuming and often practically infeasible task), i.e., operators are not
required to have both healthy and faulty data from a system for checking it. We describe
what are the theoretical properties and fundamental limitations of using model based SVC
methodologies, provide conditions under which using SVC tests is statistically optimal, and
present some experimental results to prove the effectiveness of the suggested scheme.

1 Introduction
The interests in the on-line Fault Detection andDiagnosis (FDD) of faults in inductionmotors
is given by the fact that more than 80% of industrial electromechanical converters are Induc-
tion Motors (IMs) [1]. Despite being highly reliable, these electromechanical devices are also
subject to many types of faults. Early detection is then crucial to reduce maintenance costs,
prevent unscheduled downtimes for electrical drive systems, and prevent risks for humans.

Among the various possible faults in IMs, most of them occur in their rotor and/or sta-
tor. The most common faults are openings or shortings of one or more of the stator’s phase
windings [2], broken rotor bars or cracked rotor’s end-rings [3], static or dynamic air–gap
irregularities [4], and bearing failures [5].

Many faults appear gradually, and sometimes it can be very difficult to detect them be-
fore they induce faults in connected processes. To ease the detection of these faults, a variety
of sensors can be used to collect meaningful information. The most common sensors are
measurements of stator voltages and currents [4], external magnetic flux densities [6], rotor
position, speed, and output torque [7], internal and external temperatures [8], and vibra-
tions [9].

The main objective of on-line FDD schemes is to detect and isolate the fault in its early
stages. The aim of this manuscript is then to develop and analyze a model-based scheme for
the detection of broken bars in IMs.

Literature review: FDD schemes aim at distinguishing potential failure conditions from
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normal operating ones [10]. The main dichotomy separates the existing schemes in:

model-based methods: here one first determines analytically mathematical models from
first-principles, and then checks if the information obtained from measurements com-
plywith thesemodels or not [11]. The advantages of thesemethods are that they do not
need observations from both fault-free and faulty systems (that might not be available)
and can thus be implemented in already existing plants;

model-free methods: here one gets measurements from a fault-free, a faulty and a to-be
checkedmotors, and then decides whether the motor is healthy or faulty considering if
the to-be checked measurements are (statistically) closer to the fault-free or the faulty
ones. The advantages of these methods are that they potentially do not suffer of impre-
cisions in the theoretical models describing themotor (due, e.g., to simplifications, con-
struction tolerances and wear of the machine). Disadvantages of model-free methods
are in the difficulty of obtaining data and in the absence of generalization capabilities:
indeed training a method using a specific motor does not guarantee that that method
will work for other motors.

As stated more precisely in the statement of contributions, our method exploits a model-
based strategy that uses SVCs and evaluations of the sidebands of the harmonics of the stator
current (also known asMotor Current SignatureAnalysis (MCSA)). In the next bulleted para-
graphswe thus review literature onmodel-basedmethods, literature onmodel-freemethods
based on SVC strategies, and literature on model-free methods exploiting properties of the
stator current.

• Model-basedmethods: among the fewmanuscripts in this category, [12] performs fault
detection and localization of stator and rotor faults in IMs using model structures that
are derived from theoretical considerations as in this manuscript, but using parametric
estimation methods instead of SVC strategies. Also [13] develops an empirical model-
based fault diagnosis system, but using recurrent dynamicNeuralNetworks andmulti-
resolution signal processing methods, and lacks describing the theoretical properties
of the strategy. [14] exploits instead models obtained using finite-element methods,
and thus techniques and software tools not always available to practitioners.

• Model-free methods based on SVC strategies: Support Vector Classifications are based
on structural risk minimization concepts [15], and require selecting opportune features,
i.e., measurable and quantifiable characteristics to be exploited as benchmarks (see Sec-
tion 8 for more details). In literature one can find reviews on the generic usage of
SVC technologies for the monitoring of machine conditions and for the diagnosis of
faults [16]. Other works instead deal specifically with motors. E.g., [17] tests unbal-
ance, misalignment and mechanical looseness in three phase induction motors using
measurements of vibrations as features. [18] instead detects broken bars by using fea-
tures that are based on discrete wavelet transforms and wavelet packet transforms of
the motor current signatures (the benefit of using these transforms being to require
lower sampling rates). [19] also uses spectral information of the phase current and
phase voltage.

• Model-free methods based on properties of the stator current: broken bars introduce
distortions in the air-gap field that eventually modify the envelope and the spectrum of
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the current. Faulty spectra have indeed specific sideband components around themain
supply frequency; FDD schemes can then act by checking the presence of these specific
frequency components [20, 21, 22, 23, 24]. One can also exploit analysis of the envelope
of the current, since faults cause modulation effects in time that are not present in non-
faulty conditions. For example, [25] analyzes these envelopes using Gaussian mixture
models and reconstructed phase spaces to identify motor faults. On the other hand
MCSA is the optimal choice for electrical machines under steady-state conditions and
rated load [1], while frequency analysis is a generally exploited concept for checking
industrial equipment [26].

Statement of contributions: We propose a model-based SVC technique: more specifically, we
construct SVCs starting from features computed from models of fault-free and faulty mo-
tors. In this way we therefore do not need collecting training datasets, and thus address the
situation in which there is no possibility of collecting data from both fault-free and faulty
systems.

The selected features are the ones that are currently believed to be themost powerful ones
for motor fault classification purposes, i.e., features based on the analysis of the spectrum
of the stator current at full load conditions. Remarkably, even if we explicitly derive the
technique for these specific features, we also provide and discuss a general framework that
can be used also for other features. We are thus proposing amethodology rather than simply
a method.

We then also answer the question of why one should use a SVC strategy, motivate under
which assumptions it is statistically correct to use SVC approaches, and perform experimen-
tal evaluations on real case scenarios to prove the validity of the technique for practical pur-
poses. At the best of our knowledge, thus, our contributions w.r.t. to the existing literature
are: i) we propose for the first time and validate against real data a model-based SVC tech-
nique; ii) we propose a broad methodology that can be applied to generic features; iii) we
clarify under which assumptions it is statistically optimal to use SVC strategies.
Organization of the manuscript: Section 2 starts with describing the effects of broken bars in
IMs. Section 3 then introduces in general terms ourmethodology. Sections from 4 to 11 detail
the specific steps defined by our methodology. Section 11 reports also a statistical analysis of
the proposed classification rule. Section 12 describes some numerical results on artificially
broken IMs. Section 13 then concludes by summarizing some remarks on the findings and
by outlining future development lines.

2 Effects of broken bars on Induction Motors
Rotor bars break because of thermal, magnetic, residual, dynamic, andmechanical stresses [2,
20], and constitute a significant part of the problems in induction motors [27, 28].

According to the generalized rotating field theory [29], healthy motors have symmetrical
stator windings that produce a field that is rotating at the supply frequency fs; this induces
an Electro-Magnetic Field (EMF) in the rotor circuits rotating at frequency sfs, where s is the
slip.

Broken rotor bars cause asymmetries in the resistance and in the inductance of the ro-
tor’s phases, that then generate asymmetries in the rotating electromagnetic field in the air
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gap between stator and rotor. Consequently, broken rotor bars produce back-ward rotating
field and additional non-sinusoidal EMF components that induce frequency harmonics in
the stator current [21]. More specifically, changes are specially in the amplitude of the side-
bands [9, 20]

(1∓ 2ks)fs, k = 1, 2, . . . . (1)

Thus the spectrum of the stator currents contains information useful for detecting faults,
since the frequency spectra of faulty and healthy motors differentiate in the sidebands, with
a magnitude of these variations that is also dependent on the severity of the fault [21].

3 Model-Based Support Vector Classification: Methodology
Figure 1 summarizes the quantities involved in our methodology. More precisely:

• vms (t) is themeasured signal of the stator voltages, and represents the input of themotor.
It is a directly measured quantity returned by the measurement system;

• P is the real motor, i.e., the physical device;

• P h and P f are mathematical models of P under healthy (h) or faulty (f ) assumptions.
They are directly computed quantities derived from first principles. They thus do not
depend on any of the other quantities summarized in Figure 1 rather than the nominal
parameters of P ;

• ims (t) is the measured stator currents, and represents the output of the motor.

• ihs (t) and ifs (t) are the stator currents obtained driving the theoretical models P
h and

P f with the measured input vms (t). They are indirectly computed quantities, and depend
only on the measured signal vms (t) and the models P

h and P f ;

• Φ (·) maps stator currents (ims (t), ihs (t), or ifs (t)) into a point in the features space. For-
mally, thus,

φ∗ = Φ(i�s(t)) where � ∈ {m,h, f} . (2)

We propose the followingmodel-based SVCmethodology, where the execution of Step-1

to Step-5 are performed a priori, before receiving the measurements:

• Step-1: construct P h and P f from the specifics of the motor P ;

• Step-2: compute, by means of P h and P f , the currents ihs (t) and ifs (t);

• Step-3: define the currents-to-features map Φ;

• Step-4: compute, by means of the map Φ, the features φh and φf ;

• Step-5: build from φh and φf the corresponding SVC rule;

• Step-6: measure, by means of an opportune Data Acquisition (DAQ) system, the stator
voltages vms (t) and currents i

m
s (t);
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Figure 1: Summary of the quantities involved in our considerations

• Step-7: compute, by means of the map Φ, the features φm;

• Step-8: decide if the motor is in healthy or faulty conditions by classifying φm bymeans
of the constructed SVC.

Each of the following sections describes one of the previous steps. Section 11, in particu-
lar, motivates the focus on SVC paradigms, and provides theoretical considerations on the
robustness of the method against uncertainties in the measurement system.

4 Step-1: construct Ph and Pf

4.1 Construct P h

Assume that the system is healthy. As proposed in [30], a generic single phase of the induc-
tion motor can be represented with the equivalent circuit in Figure 2.

The parameters rs, xs, xr, xm, rr defining the circuit in Figure 2 are computed directly
starting from the nominal specifics of the motor. The slip s can instead be computed as

s =
Ns −Nr

Ns

(3)
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Figure 2: Equivalent representation of a single phase of a general induction motor under
healthy assumptions [30].

where Ns =
60fs
p
, p is the poles pair defining the motor model, and Nr is the rotational speed

of the induction motor.

4.2 Construct P f

We hypothesize that the faulty conditions are given because of broken bars in the rotor cage
so that, as described in Section 2, frequency harmonics appear in the stator currents. As
in [29, 31], we pose the following assumptions:

Assumption 1 The impact of broken rotor bars is modeled by:

• 1: unbalancing the rotor resistance;

• 2: neglecting changes in the rotor inductances;

• 3: neglecting effects from the end-ring;

• 4: neglecting magnetizing currents;

• 5: letting broken bars be contiguous;

• 6: letting the slip value be near the rated one, so that the rotor effective reactances are
small with respect to resistances.

Notice that Assumptions 1 to 4 can be safely posed since their influence is insignificant com-
pared to the changes in the rotor resistance, while Assumption 4.2 can be safely posed be-
cause it describes the typical breakage pattern.

As described in Section 2, broken rotor bars induce frequency harmonics in the stator
current in the sidebands of the supply frequencies described in 1. In a motor with N bars, n
broken bars will thus simply an increment of the phase a’s resistance Δrra equal to [32]

Δr = rr
3n

N − 3n
. (4)
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5 Step-2: compute ihs(t) and ifs (t)

5.1 Compute ihs(t)

Thanks to the representation of P h given in Figure 2, we can compute the stator current in
healthy conditions as

ihas(t) =
vas(t)

Zm

=
Vm sin (2πfst− ∠Zm)

|Zm| (5)

where Zm is the equivalent impedance of the circuit, given by

Zm = rs + jxs +

⎡⎣
(rr
s
+ jxr

)
(jxm)

rr
s
+ j(xr + xm)

⎤⎦ . (6)

5.2 Compute ifs (t)

Consider the faulty model P f analyzed in Section 4.2, and the simplificative assumption
(motivated by the discussion in Section 4.2 and borrowed from [30, 29]) for which the faulty
current signal is given by

ias(t) = Im sin((2πfst) + Il sin((2πflt− αl) + Ir sin((2πfrt− αr) (7)

ibs(t) = Im sin((2πfst− 2π/3) + Il sin((2πflt− αl − 2π/3) + Ir sin((2πfrt− αr − 2π/3)

ibs(t) = Im sin((2πfst+ 2π/3) + Il sin((2πflt− αl + 2π/3) + Ir sin(ωrt− αr + 2π/3)

{
fl = (1− 2s) fs
fr = (1 + 2s) fs.

(8)

Practically speaking, by considering 7 we obtain an approximated spectrum that matches
the faulty one around the frequencies of interest fl and fs (the unique ones considered in our
methodology).

Figure 3: Auxiliary circuit instrumental to compute the amplitude Il introduced in (7) [30].

Thanks to this approximation the amplitudes Il and Ir (that are assumed to be equal, as
in [20, 29]) can be computed as the maximal amplitude of the sinusoidal signal il(t) auxiliary
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and circuit in Figure 3. We thus remark that the circuit in Figure 3 is not representing the
motor: it is an ancillary circuit to compute the amplitudes Il and Ir. Notice that the angular
displacements αl and αr can be computed using similar circuits, omitted here for brevity, but
available in [29, 33].

6 Step-3: define Φ(·)
The currents-to-features map Φ(·) computes the main and left-side harmonics of the stator
current. More specifically, the features are computed starting from a generic stator current
i�as(t), with � ∈ {m,h, f}, and using the following procedure:
1. window the signal i�as(t) in t = [0, T ], i.e., compute

i
�

as(t) =

{
i�as(t) for t ∈ [0, T ]
0 otherwise;

(9)

2. compute the Fourier Transform (FT) of the windowed current i
�

ac(t), i.e., compute

î�as(f) =

∫
R

i
�

as(t) exp (−2πjft) dt; (10)

3. compute the features φ∗ as the amplitude of the FT evaluated at the supply frequency
fs and at the frequency fl defined in 8, i.e., compute

φ� = Φ(i�as) =

⎡⎢⎣
∣∣∣̂i�as (fs)∣∣∣∣∣∣̂i�as (fl)∣∣∣

⎤⎥⎦ . (11)

7 Step-4: compute φh, and φf

7.1 Compute φh

Consider ihas(t) computed in 5. Then the windowed stator current i
h

as(t), i.e.,

i
h

as(t) =

⎧⎨⎩
Vm sin (2πfst− ∠Zm)

|Zm| for t ∈ [0, T ]

0 otherwise.
(12)

is a windowed sinusoidal. This means that its FT îhas(f),

îhas(f) =

∫
R

i
h

as(t) exp (−2πjft) dt; (13)
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is a sinc function centered around the fundamental frequency fs, i.e.,

îhas(f) = ImT
sin

(
πT (f − fs)

)
πT (f − fs)

, Im =
Vm

|Zm| . (14)

This means that

φh =

⎡⎢⎢⎣ ImT
sin

(
Tπfs

)
Tπfs

ImT
sin

(
2Tπsfs

)
2Tπsfs

⎤⎥⎥⎦ . (15)

7.2 Compute φf

Consider ifas(t) computed in 7. Then again the windowed stator current i
f

as(t) is a sum of

windowed sinusoidals. This implies that its FT îfas(f) evaluated at the generic frequency f is
the sum of 3 sinc functions centered around the fundamental frequency fs, i.e.,

îfas(f) = ImT
sin

(
πT (f − fs)

)
πT (f − fs)

+IlT
sin

(
πT (f − fl)

)
πT (f − fl)

exp (−2πjfαl)

+IrT
sin

(
πT (f − fr)

)
πT (f − fr)

exp (−2πjfαr) .

(16)

This means that

φf =

⎡⎢⎢⎣ ImT + (IlT + IrT )
sin

(
2Tπsfs

)
2Tπsfs

ImT
sin

(
2πTsfs

)
2Tπsfs

+ IlT + IrT
sin

(
4Tπsfs

)
4Tπsfs

⎤⎥⎥⎦ . (17)

8 Step-5: build the SVC
Here we aim at building the separating hyperplane wTφ− b = 0 that is depicted in Figure 1
and that corresponds to our healthy / faulty classification rule. Let then the dataset D be
composed of just the two data points

(
φh,+1

)
and

(
φf ,−1

)
, where the subscript h denotes

“healthy” while f denotes “faulty”. To derive the equations of the linear hyperplane wTφ−
b = 0 separatingD, since the two data pointswill surely be Support Vectors (SVs)we consider
the equivalent SVC optimization problem

argw,b min 1
2
‖w‖2

s.t. wTφh − b = 1
wTφf − b = −1.

(18)

The associated Lagrangian is then

Λ
(
w, b, λh, λf

)
=

1

2
wTw + λh

(
wTφh − b− 1

)
+ λf

(
wTφf − b+ 1

)
(19)
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The optimal values for w and b are then derived from getting Λ’s critical points, i.e., from
setting [

∂Λ

∂w

∂Λ

∂b

∂Λ

∂λh

∂Λ

∂λf

]
= [0 0 0 0] , (20)

or, equivalently, ⎧⎪⎪⎨⎪⎪⎩
w + λhφh + λfφf = 0
λh + λf = 0
wTφh − b− 1 = 0
wTφf − b+ 1 = 0

(21)

that, expanded, leads to ⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

λh = −λf

λf =
2

‖φh − φf‖2

w =
2
(
φh − φf

)
‖φh − φf‖2

b =

(
φh − φf

)T (
φh + φf

)
‖φh − φf‖2

(22)

and a margin of, as expected,

m =
2

‖w‖ = ‖φh − φf‖. (23)

9 Step-6: measure vms (t) and ims (t)

As for the stator voltages, we assume that vmas(t), v
m
bs(t), and vmcs(t) are perfectly measured,

and that the rotor voltages vmar(t), v
m
br(t) and vmcr(t) are zero. The maximum voltage Vm and

the supply frequency fs are also assumed to be perfectly known. We thus assume that we do
not need to measure vms (t).

As for the stator currents, we assume that imas(t), i
m
bs(t), and imcs(t) aremeasured by the DAQ

system.

10 Step-7: compute φm

Once imas(t) is given by the measurement system, φ
m is computed numerically using the 3

steps (9), (10) and (11) given above.

11 Step-8: decide whether the motor is faulty or healthy
Recall that at this stage the SVC rule (w, b) has already been constructed from φh and φf . φm

is then directly mapped into a healthy/faulty decision by means of

g (imas) :=

{ H0 (healthy) if wTφm − b > 0
H1 (faulty) otherwise.

(24)
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11.1 Assess the quality of the decision rule g(·) - Intuitions
Let us postpone formal definitions to the following Section 11.2. We then intuitively consider
that our methodology suffers of 3 sources of uncertainty:

1. measurement noise, that is present on φm;

2. parameters uncertainties, that are present on φh and φf .

These uncertainties then make the decision rule g(·) prone to errors. But how much?
In the following section we analytically address the situation for which only φm is uncer-

tain. Due to space limitations, we postpone addressing uncertainties also on φh and φf in
future works, that will focus entirely on robustness and sensitivity issues.

11.2 Assess the quality of the decision rule g(·) – Formal derivations
Assume that, independently of healthy or faulty conditions, the measured current ihas(t) is
corrupted by a white noise δi(t), i.e., that

ihas(t) =

{
ihas(t) + δi(t) ifH0

ifas(t) + δi(t) ifH1
(25)

where δi(t) is a (potentially non-Gaussian) white noise with finite variance σ2. Since the
operations in steps 1, 2 and 3 are linear, it follows that

φm =

{
φh + δφ ifH0

φf + δφ ifH1.
(26)

To describe then the probability density of δφ, consider that δi(t) is assumed to be a white
noise, i.e., to have a distribution with spherical symmetry. Since FTs are orthogonal transfor-
mations, the FT of δi(t) will be again white1 with the same variance σ2.

Assume then for simplicity that δi(t) is zero-mean Gaussian, so that

φm ∼
{ N (φhσ2I2) ifH0

N (φfσ2I2) ifH1
(27)

with I2 the 2× 2 identity matrix. The probability of type I errors (i.e., choosingH1 whenH0

is true) is then
P[g (imas) = H1 under H0].

Due to symmetry reasons, the probability of type II errors (i.e., choosingH0 whenH1 is true)
is equal to the probability of type I errors.

proposition 2 Letting ξ ∼ N(0, 1), and under the assumptions above,

P[g (imas) = H1 under H0] = P[ξ >
m

2σ
]. (28)

1We recall that it is the power spectrum of white noise that is flat.
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proof Consider that

P[g (imas) = H1 under H0] = P[wT
(
φh + δφ

)− b < 0].

Since φm is a support vector for problem 18, i.e., wTφh − b = 1, the faulty condition reduces
to wT δφ < −1. Define then and notice that u2

1 + u2
2 = 1.

u =

[
u1

u2

]
φh − φf

‖φh − φf‖ (29)

Exploiting then the definition of the margin m in 23, the faulty condition reduces to u1δ1 +
u2δ2 < −m

w
, where δ1 and δ2 are the two components of δφ. The proposition follows then from

the fact that δ1 and δ2 are independent, and thus that and the fact that P[ξ < −m
2σ
] = P[ξ > m

2σ
].

ξ :=
u1δ1 + u2δ2

σ
∼ N(0, 1) (30)

Summarizing, 28 can be seen as a map from the quality of the DAQmeasurement system (σ)
and the difference between theoretical healthy and faulty operations (m) to the probability
of committing type I or II errors. Graphically, this map is given in Figure 4.

Figure 4: Dependency of 28, i.e., the probability of committing errors of type I or II, on the
measurements quality index σ2 and on the difference between the theoretical healthy and
faulty operations indexm.

11.3 Interpreting (24) as a test between two simple hypotheses
It is immediate to interpret 24 using classical statistical hypothesis testing frameworks. More
specifically, the test is to check hypotheses on the unknown mean of a Gaussian with given
variance (cf. (27)), where the hypotheses are simple (i.e., not sets of values but rather two
simple vectors, namely φh and φf ).

Rewriting then the statistical test 24 as

g (imas) =

{
H0 if

∥∥φm − φh
∥∥2

>
∥∥φm − φf

∥∥2
,

H1 otherwise,
(31)
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one recognizes that the condition for selectingH0 is

exp
(
σ−2

∥∥φm − φh
∥∥2
)

exp
(
σ−2

∥∥φm − φf
∥∥2
) > 1 (32)

i.e., a likelihood ratio. Thus, thanks to the Neyman-Pearson Lemma [34, Thm. 4.2.1], the test
g(·) is MP given the level of errors of type I (i.e., given the size) 28.

This thus motivates why detecting broken bars frommotor current signatures using SVC
concepts is, under these assumptions on the measurement noise, statistically optimal.

12 Experimental Results
In this section we evaluate the proposed methodology in a particular real case by means of
an experimental test bed that is designed for detecting broken bars in squirrel cage induction
motors.

The experimental setup, depicted in Figure 5, consists of a three phase induction motor, a
DC generator that works as a load for the motor, and a DAQ instrumentation that measures
and collects (with a 5-kHz sampling frequency) the stator currents imas(t), i

m
bs(t), and imcs(t),

and the stator voltages vmas(t), v
m
bs(t), and vmcs(t). Our fault detection procedure starts with

Figure 5: Photo of the experimental setup used for evaluating our broken bar fault detection
methodology. The inductionmotor used in our experiments is on the right; the DC generator
used as a load is on the left.

constructing the SVC test by using the nominal parameters of the considered IM available in
Table 1. This information is used to build the circuits represented in Figures 2 and 3 in Sec-
tion 4. After building the circuits, one computes the currents ihas(t) and ifas(t) (Section 5), then
their spectra (shown for our experiments in Figure 6), and eventually the features φh and φf

through 15 and 11 (Section 7). This leads to obtain a classifier of the form 24 without having
exploited at all measured signals. To test the classifier 24 we then collect data corresponding
to the following two situations:
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Figure 6: Amplitude of the Fourier Transforms (FTs) of the theoretical windowed stator cur-
rents under faulty (top panel) and healthy (bottom panel) conditions. It can be noticed that
the two spectra markedly differ around the lower and upper sidebands.

Figure 7: Detail of the motor used in our experiments: the broken rotor bar fault has been
artificially produced by drilling a hole in the squirrel cage.

Table 1: Nominal characteristics of the three-phase inductionmotor used in our experiments.
parameter description nominal value

p Pole Numbers 4
Vm Rated Voltage 537 V
fs Frequency 50 Hz

Rated Power 1.1 kW
Im Rated current, Y Connection 3.5 A
rs Stator resistance 4.8 Ohm
rr Rotor resistance 5 Ohm
xs Stator inductance 48 mH
xr Rotor inductance 48 mH
xm Mutual inductance 0.636 H
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1. a healthy andproperlyworkingmotor under full load conditionswith the specifications
given in Table 1. We denote the corresponding stator current signal with imh

as (t);

2. the same motor under full load and faulty conditions created by deliberately drilling
a rotor’s bar (see Figure 7). We denote the corresponding stator current signal with
imf
as (t);

The spectra of the measured signals imh
as (t) and imf

as (t) are then represented in Figure 8. The
measured features to be used in the SVC classifiers are then the fundamental harmonic, lo-
cated at fs, and its left sideband, located at fl. As it can be observed from Figure 9, the pro-
posed model based SVC test accurately discriminates the broken and healthy motors used in
our experimental results.

Figure 8: Amplitude of the Fourier Transforms (FTs) of the measured windowed stator cur-
rents under faulty (top panel) and healthy (bottom panel) conditions. Again, the two spectra
markedly differ around the lower and upper sidebands. Themeasured spectra, moreover, re-
produce the theoretical ones plotted in Figure 6, and this is an indication that the theoretical
models reproduce sufficiently accurately the measured reality.
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Figure 9: Overall assessment of the SVC procedure: the squares represent the theoretically
derived features, from which one computes the separating hyperplane wTφ − b = 0. The
triangles instead represent the measured features, obtained from testing the real device de-
scribed above. The features with white interior represent healthy motors, while the ones
with black interior represent faulty motors.

13 Conclusions

We presented a model based SVC method for detecting broken rotor bars in three phase
asynchronous motors. We consider features that are extracted from the spectral analysis of
the stator currents (more specifically the amplitude of the fundamental and the left sideband
harmonics) at full load conditions.

We investigated what are the capabilities of using theoretically derived SVC rules, driven
by our interests in the practical cases where one needs to construct faults detectors in the
situation where measurements from both healthy and faulty systems are simultaneously not
available.

The main messages brought by this manuscript are that: a) using theoretically derived
SVCs can be meaningful in practical cases: the method has indeed been experimentally eval-
uated, and has been able to detect the fault occurrence in the examined case; b) SVC is a
statistically meaningful approach when considering MCSA. Indeed we proved how, under
mild conditions on the measurement noise, using SVCmethods is statistically optimal under
classical hypothesis testing frameworks.

The methodology is nonetheless still in its infancy: future works need to address spe-
cially the robustness to load variations, changing operating conditions (indeed thermal ef-
fects make the parameters such as resistances and inductances vary), and in general the ef-
fects of model uncertainties.
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A Fault Diagnosis Scheme for Three Phase
Induction Motors based on Uncertainty Bounds

Mohammed Obaid Mustafa, George Nikolakopoulos, and Thomas Gustafsson

Abstract

The aim of this article is to present a fault diagnosis scheme for the case of squirrel–cage
Three Phase Induction Motors based on uncertainty bounds violation conditions. The sug-
gested scheme has the capability to diagnose two types of faults: a) broken rotor bar and b)
short circuit in stator winding. The fault diagnosis is being performed through a two steps
procedure. In the first step the parameters of the healthy induction motor are being identi-
fied byutilizing a SetMembership Identification approach, where correspondinguncertainty
bounds are also being provided. In the second step, specific proposed bound violation condi-
tions for the fault detection and fault diagnosis are being on–line evaluated during a sliding
time window. Multiple simulation results are being presented that prove the efficacy of the
proposed scheme towards fault detection and fault diagnosis.

Nomenclature
Vsa, Vsb, Vsc : Stator’s three phase voltages (V )
Vra, Vrb, Vrc : Rotor’s three phase voltages (V )
ira, irb, irc : Rotor’s three phase currents (A)
isa, isb, isc : Stator’s three phase currents (A)
rs, rr : Resistance of stator’s and rotor’s winding (Ohm)
mj Lss, Lrr : Stator’s and rotor’s self–inductances (Henry)
Ls, Lr : Stator’s and rotor’s self inductance (Henry)
Lm : Mutual inductance (Henry)
ωr : Rotor’s angular speed (rad/sec)
ωm : Rotor’s speed (mechanical) (rad/sec)
ωs: Supply angular frequency (rad/sec)
P : No. of poles pairs
J : Moment of inertia (Kg ·m2)
TL : Load torque (Nm)
Te : Electromagnetic torque (Nm)
q : Quadrature axis frame
d : Direct axis frame
s : Stator quantities
r : Stator quantities



E

182 Paper E

ψs, ψr : Stator’s and Rotor’s fluxes (Weber)
θ : Angular position in the frame of motor (Deg)
θr : Angle between rotor’s phase axis and stator’s phase axis
β : Angle between rotor’s phase axis and stator’s phase axis
Nb : Numbers of machine rotor bars

1 Introduction
Inductionmotors are essential components in the vast majority of industrial processes, while
due to the fact that these motors are operating in difficult working environments, there are
numerous degrading factors such as: dust, temperature variations, humidity, continuous
operation, and heavy loads, that effect the motor performance and are capable of creating
internal faults. Different types of motor faults may result in different types of motor break
down and sometimes in a significant impact on the uninterrupted industrial process opera-
tion [1].

Among the most common faults that can be found in the area of induction motors are:
a) opening or shorting of one or more of a stator’s phase winding [2], b) broken rotor bar or
cracked rotor’s end-rings [3], c) static or dynamic air–gap irregularities [1], and d) bearing
failures [4].

For detecting themechanical or electrical faults in a three phase inductionmotor, multiple
methods have beenutilized in the relative literature such as: 1)ArtificialNeuralNetworks [5],
2) Fast Fourier Transforms [6], 3) Time Step Coupled Finite Element–State Space [5], 4) Mo-
tor Current Signature Analysis [7], 5) Wavelet, and Complex Park Vectors [5], while all of
these methods base their operation on spectral analysis of stator currents [8], stator voltages,
and electromagnetic torque [9]. Recently, identification or prediction techniques have been
utilized to perform diagnosis procedure for the occurred faults [6].

In parallel to these fault diagnosis schemes, Set Membership Identification (SMI) [10, 11]
has received a growing attention in the past years as a quite important technique for system
identification with uncertainty bounds [12, 13, 14, 15].

The rest of the article is being structured as it follows. In Section 2 the model derivation
and simplification, for the healthy and the faulty cases is being derived. In Section 3 the
Set Membership Identification scheme is being presented, followed by the proposed fault
detection conditioning framework in Section 4. Section 5 containsmultiple simulation results
that prove the efficacy of the proposed methodology in fault detection and fault diagnosis,
while the conclusions are drawn in the last Section 6.

2 Induction Motor Modeling

2.1 Healthy Case
In general an induction motor can be modeled as a three phase model or as an equivalent
quadrature phase model [16, 17, 18], while the three phase model can be further simplified
by the utilization of the equivalent two phase model, which has been converted to the q − d
coordination frame [19]. Based on this approach, the original abc variables Fabc should be
transformed into the corresponding d− q variables Fqdo and this is being carried out through



E

2. Induction Motor Modeling 183

the utilization of Park’s transform [20]. In the case that the saturation and the fraction effects
are being neglected, the state space equations of the three phase induction motor are:⎡⎢⎢⎢⎣

diqs
dt
dids
dt
diqr
dt
didr
dt

⎤⎥⎥⎥⎦ = A

⎡⎢⎢⎣
iqs
ids
iqr
idr

⎤⎥⎥⎦+ B

⎡⎢⎢⎣
Vqs

Vds

0
0

⎤⎥⎥⎦
where:

A =
1

δ

⎡⎢⎢⎣
−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs
Lm rr 0 −Ls rr wr δ

0 Lm rr −wr δ −Ls rr

⎤⎥⎥⎦

B =
1

δ

⎡⎢⎢⎣
Lr 0 −Lm 0
0 Lr 0 −Lm

−Lm 0 s 0
0 −Lm 0 Ls

⎤⎥⎥⎦
and δ = Ls Lr − Lm2.

2.2 Broken Bar Model of Three Phase Induction Motor
The event of a broken rotor bar causes asymmetry in the resistance and inductance of the ro-
tor’s phases, which results in asymmetry of the rotating electromagnetic field in the air gap
between stator and rotor. Consequently, this will induce frequency harmonics in the stator
current. The impact of broken rotor bars can be modeled by unbalancing the rotor resis-
tance, while the inductance changes are being neglected due to their insignificance influence
compared to the resistance changes [21, 22]. The stator resistances and inductances stay un-
changed [22] and for simplicity purposes, for a squirrel–cage rotor, the end-ring contribution
is being also neglected.

In the case of such a fault, the modified (faulty) version of matrix A∗
b should be utilized.

The resistance changes are being derived based on the assumption that the broken bars are
contiguous, neither the end ring resistance nor themagnetizing current is taken into account.
For the case of nbb broken rotor bars, the increment Δrra,b,c in each phase is being obtained
as [22, 23]:

Δrra,b,c = rr
3nbb

Nb − 3nbb

For representing mathematically the broken bar fault fault, the rotor resistance matrix needs
to be replaced by the modified rotor resistance matrix rrf and transformed to the q − d ref-
erence frame, by utilizing the stationary reference frame. For the cased examined, the rotor
resistance is being transformed in the q − d reference frame as in [22].

Therefore the state space matrices in the faulty case will become A∗
b, B

∗
b and are being

defined as:

A∗
b = −R∗

br L
−1
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with

A∗
b =

1

δ

⎡⎢⎢⎣
−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs
Lm rrq 0 −Ls rrq wr δ

0 Lm rrd −wr δ −Ls rrd

⎤⎥⎥⎦

B∗
b = B

2.3 Stator Winding Short Circuit Modeling
In the examined case all the stator parameters are considered to be identical when short cir-
cuit happens in thewinding of the three phase inductionmotor, while both stator’s resistance
and inductance, as also the mutual inductances between stator and rotor will be directly af-
fected. In the case of such a fault, the corresponding modified (faulty) state space motor
realization should be utilized. In the examined case, the q − d reference frame transforma-
tion needs to be performed to these equations and by assuming that the short circuit occurs
only in phase a of the stator, for simplification reasons and without loosing generality, the
resistance and inductance matrix of the stator, with shorted turns, are being defined in the
q − d reference framed as in [22].

2.4 ARMA Model Transformatiokn
The q− dmodel of the induction motor is being transformed to a MIMO ARMA system that
can be provided by:

⎡⎢⎢⎣
i̇qs(t)

i̇ds(t)

i̇qr(t)

i̇dr(t)

⎤⎥⎥⎦ =

⎡⎢⎢⎣
θqs(t)
θds(t)
θqr(t)
θdr(t)

⎤⎥⎥⎦
T

·

⎡⎢⎢⎣
Φqs(t)
Φds(t)
Φqr(t)
Φdr(t)

⎤⎥⎥⎦
T

+

⎡⎢⎢⎣
eqs(t)
eds(t)
eqr(t)
edr(t)

⎤⎥⎥⎦
where θj(t) is the parameter vector sets and the subindex j represents the current set that
can be selected as one from: [qs, ds, qr, dr]. Moreover θj(t) contains the corresponding
coefficients of the selected ARMAmodel and can be defined in the general case as:

θTj (t) = [Fj,1(t) . . . Fn,1(t), Tj,1(t), . . . , Tm,1(t)]
T (1)

Where n andm are the orders of the numerator and denominator for each considered transfer
function respectively. The regression vector Φj(t) is being formulated as:

ϕj(t)
T = [−yj(t− 1), . . . ,−yj(t− n), . . . , uj(t+m− n− 1), . . . , uj(t− n)]

In equation (11) corrupting noise effecting the measurements is also taken under considera-
tion, while it is assumed that this noise sequence is bounded by γj ∈ �+ as:

γj||ej(t)||2 ≤ 1, ∀ t
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In this MIMO ARMA modeling approach, the parameters in equation (11) for the healthy
case of j = qs are being defined as:

Tqs,1 =
Lr

δ
Tqs,2 = b1(a1 + 2a4 + a2b2)

Tqs,3 = b1(a
2
4 − 2a1a4 − a25 + a2a3 − a2b2(a1 + a4))

Tqs,4 = −b1(a1a
2
4 − a2 ∗ a3 ∗ a4 + a1 ∗ a25 +

a2b2(a1a4 − a2a3)]

Fqs,1 = −(2a1 + 2a4)

Fqs,2 = a21 + 4a1a4 − 2a2a3 + a24 + a25

Fqs,3 = −2a21a4 + 2a1a2a3 − 2a1a
2
4

−2a1a
2
5 + 2a2a3a4

Fqs,4 = a21a
2
4 + a21a

2
5 − 2a1a2a3a4 + a22a

2
3

with:

a1 = −(Lr rs)/δ a5 = ωr

a2 = (Lm rs)/δ b1 = Lr/δ
a3 = (Lm rr)/δ b2 = −Lm/δa4 = −(Ls rr)/δ

(2)

The adopted realization can be straight forward applied for all the examined faulty cases,
while due to its simple derivation and space limitations it has been omitted in this article.

3 Set Membership Fault Identification
The objective of the SMI technique is the determination of the feasible parameter set that con-
tains the nominal parameter vector and is consistent with a linearly parameterizable model,
the measurement data and the a priori known bounded noise–error. Due to the complexity
in computing the feasible parameter set, the majority of the SMI methods aims at the deter-
mination of a more conveniently computable parametric set that outer bounds the feasible
parameter set [24, 10].

The SMI technique is based on the Weighted Recursive Least Squares (WRLS) with a

forgetting factor for identifying the θ̂j motor’s parameters and can be formulated by the fol-
lowing double recursions [25] in the sample instance t and for the MIMO case j as:

θ̂j(t) = θ̂j(t− 1) +Kj(t)(yj(t)− ΦT
j (t)θj(t− 1))

Kj(t) = Pj(t)Φj(t) = Pj(t− 1)Φj(t)(λ+ΦT
j (t)Pj(t− 1)φj(t))

−1

Pj(t) = (I −Kj(t) Φ
T
j (t))Pj(t− 1)/λ

ej(t) = yj(t)− ΦT
j (t)θj(t− 1)

Gj(t) = ΦT
j (t)Pj(t− 1)Φ(t)

In the SMI approach the initial bounds γ for the corrupting noise εj(t) are being re–calculated
in every iteration. This optimization in the uncertainty description is evolving with the time,
as the better the knowledge of the parameters is, the smaller these bounds are. For achieving
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convergence, the maximum positive root of the following equation should be extracted in
each iteration:

Fj(λj) = α2,jλ
2
j + α1,jλj + α0,j

α2,j = (	+ n− 1)G2
j

α1,j = ((2	+ 2n− 1 + γj e
2
j )− ξj γj Gj)Gj

α0,j = (	+ n)(1− γj e
2
j )− ξj Gj γj

ξj(t) = ξj(t− 1) +
λj

γj
− λj ej

1− λj Gj

with � = m+ 1. For calculating the upper and lower boundary of the identified parameters,
the uncertainty bounds σj(t), should be computed in every iteration. These bounds are being
definedby an ellipsoid that bounds the uncertainty and it is orientedparallel to the parameter
coordinate axes, defined as:

σj(t) =
√

diag(Pj(t))

while the corresponding equation for the ellipsoids Ωe
j(t) can be calculated as [10, 26]:

Ωe
j(t) = {θj : (θj(t)− θ̂j(t))

T Cj(t)

ξj(t)
)(θj(t)− θ̂j(t)) ≤ 1, j = 1, ...., n+m}

The covariance matrix is denoted as Cj(t) = Pj(t)
−1. The matrixW (t) =

Cj(t)

ξj(t)
will represent

how far the ellipsoid extends in each direction from the center of the ellipsoid θ̂j(t), while
the volume ratio of the j ellipsoid is being calculated by:

Bj(t) = det−1(W (t))

4 Fault Detection and Diagnosis Conditioning
In both cases of a fault occurrence due to short circuit in stator winding or rotor broken
bar, the values of the identified parameters will be characterized by a jump and a constant
drift from the converged nominal values of the healthy motor. This jump has a direct effect
on the updated parameter’s bounds, as after the event of the fault the following calculated
uncertainty bounds will exceed the previous calculated bounds in the healthy case, while
this situation is a direct indication of a fault occurrence. Based on the proposed SMI scheme,
the following rules for the fault detection and diagnosis will be established as it is being
depicted in Figure 1. In the presented approach it has been assumed that the SMI scheme is
providing smooth value updates for the identified parameters.

If a t1 time window is being defined, then after the convergence of the parameters, small
changes in the identified values should be allowed, while a significant changemight indicate
the occurrence of a fault. For the ad-hoc defined boundsB1,B2 the fault diagnosis conditions
are being formulated as:

[Condition 1] B1 ≤ θoj (k)− ˆθbr,j(k − t1 : k)| < B2

[Condition 2] θoj (k)− ˆθsh,j(k − t1 : k)| ≥ B2
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Figure 1: Conditions for fault Diagnosis

where θoj (k)denotes the j–converged identified parameter, the notation · represents amoving
average time window of length t1, while θbr,j and θsh,j represent the j–identified parameter
for the cases of a broken bar and a short circuit fault respectively. Additional rules can be
defined, that are related with the volume of the bounding ellipsoids Ωe

j . The aim is to track
the corresponding volume of the bounding ellipsoid and allow only small changes, as in
the opposite case, this should generate a fault. By defining the ad-hoc boundaries B3 and B4

over a timewindow t2, the following additional fault diagnosis conditions can be formulated:

[Condition 3] B3 ≤ |Ωe,o
j (k)− Ωe

br,j(k − t2) : k| < B4

[Condition 4] Ωe,o
j (k)− Ωe

sh,j(k − t2) : k| ≥ B4

where Ωe,o is the converged value of the ellipsoid in the healthy case. In the case that condi-
tions (1) and (3) are valid the motor operates under a broken bar fault, while if conditions (2)
and (4) are valid then the motor is under a short circuit fault occurrence. Also it should be
highlighted that due to this model based fault diagnosis, in the case of a short circuit fault,
the fault diagnosis scheme will indicate initially a broken bar fault and while the conditions
will continue to be monitored, the fault diagnosis will converge to the correct broken bar
diagnosis.

5 Simulation Results
The suggested scheme for fault detection and diagnosis is being evaluated on a model of
three phase induction motor having the parameters depicted in Table 1.

The first simulation results present the effect of 2% short circuit of stator winding or a one
broken rotor bar fault occurrence on the rotor’s current, stator’s current, torque and angular
speed, as it is being presented in Figures 2 - 4 respectively, where the comparison should be
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Table 1: Induction Motor Parameters

Parameters Values

Pole Numbers 4

Input Voltage 240V

Frequency 50Hz

rs 0.0616 per unit

rr 0.0753 per unit

J 0.00155 Kg.m2

Nb 28

Ls = Lr 0.019 per unit

Lm 0.01833 per unit

made with the healthy case.
As it can be observed from Figure (2), in the event of a fault small increases in the values of
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Figure 2: The rotor’s Iqr and stator’s Iqs currents in the normal and faulty cases

the currents Iqr and Iqs will be induced in both cases. In Figures (3) and (4), it is also depicted
that the fault is affecting the steady state values of the rotor’s torque and speed respectively.
In the case of the motor’s torque oscillations are taking place in both types of fault, while the
amplitude of these oscillations is being increased with respect to the number of the faulty
broken bars and percentage of short circuit in stator winding. Moreover, the speed is also
being decreased in the case of broken rotor bar and will be increased in the short circuit case,
while oscillations are also evident.

The convergence of the SMI identification for the motor’s parameters in the healthy case,
from Vqs to iqs is being presented in Figures 5 and 6, while similar results have been obtained
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Figure 3: The motor’s torques in the normal and faulty cases
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Figure 4: The rotor’s angular speeds in the normal and faulty cases

for the rest of the motor’s parameters, but due to space limitations, those graphs have been
omitted. As it can be observed from these figures the uncertainty bounds are starting from a
large value and in the sequence, as the identification procedure is evolving and the identified
parameters are close to the nominal values, those bounds are being decreased, until reach
their steady state value. Due to the scale of the presented results, it should be noted that
all the parameters have been converged to their nominal values, as it is also being indicated
from the convergence of the ellipsoid volume in Figure 7, for the healthy, broken rotor bar,
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and short circuit cases. After the event of the fault, the volume is kept decreasing as the ex-
amined types of faults are causing a model drift to smaller ARMA parameters than in the
healthy case.
In Figure 9, the cases of a broken bar or a shot circuit fault occurred at 105 samples (sampling
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Figure 5: SMI based identified parameters for Fiqs and corresponding uncertainty bounds
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Figure 6: SMI based identified parameters for Tiqs and corresponding uncertainty bounds

time Ts = 0.01) are being presented. Due to this fault a jump in the value of the identified
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parameter is taking place that affects the proposed conditions for fault diagnosis. The un-
certainty intervals and the corresponding volumes of ellipsoids are also changing from the
nominal converged value (due to the drift in the identified model) and this leads also in dif-
ferent type of bounds violation events, which indicates the existence of a broken bar or short
circuit fault. Similar graphs can also be extracted for all the identified parameters of the mo-
tor and without loosing generality, in Figures 8, 9, only the results for Tqs,1, Fqs,4 are being
presented, while in these figures the examinedmoving timewindow is also being presented.
In Figures 10 and 11 the time evolution of the proposed fault conditions are being depicted
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Figure 8: Convergence of the Tqs,1 parameter and corresponding bounds before and after the
occurrence of the faults

in combination with the final fault diagnosis selection, where a fault of type 1 indicates the
broken bar fault and a fault of type 2 indicates the short circuit fault. In these figures, the
values of the utilized boundaries (B1 − B2) are also depicted.
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Figure 9: Convergence of the Fqs,4 parameter and corresponding bounds before and after the
occurrence of the faults
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Figure 11: Short circuit fault diagnosis

6 Conclusions

In this article a fault diagnosis scheme for the case of squirrel–cage Three Phase Induction
Motors based on uncertainty bounds violation conditions have been presented. The sug-
gested scheme has the capability to diagnose two types of faults: a) broken rotor bar and
b) short circuit in stator winding based on a proposed on–line fault condition monitoring
scheme. Multiple simulation results have been presented that prove the efficacy of the pro-
posed scheme towards fault detection and fault diagnosis.
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Experimental Evaluation of a Broken Rotor Bar
Fault Detection Scheme Based on Uncertainty

Bounds Violation
Mohammed Obaid Mustafa1, George Nikolakopoulos, and Thomas Gustafsson

This paper proposed a new technique for an experimental evaluation of a broken rotor bar
fault detection based on Uncertainty Bounds violation. The novelty of this article stems from
the establishment and the experimental evaluation of fault detection scheme being able to
detect faults at the beginning of its occurrence, based on Set Membership Identifgureication
and novel proposed boundary violation rules for the identified motor’s parameters. By the
utilization of the SMI technique, the simplified equivalent model of the induction motor is
being identified during the steady state operation (non–fault case), while at the same time
safety bounds for the identified variables are being provided, based on an a priori defined
corrupting additive noise. On the event of a fault, specific fault detection conditions are
being proposed that can capture the fault of a broken bar. Detailed analysis of the proposed
approach as also extended experimental results are being presented that prove the efficiency
of the proposed scheme.

1 Introduction
The inductionmachines ones is themost widely utilizedmachines in industrial applications,
while safety, reliability, efficiency, and performance are major concerns that direct the re-
search activities in the field of industrial systems [1, 2, 3]. A late detection of a fault might
be catastrophic as it could lead to unscheduled downtimes for electrical drive systems and
an significant increase of maintenance’s cost therefor fault detection and diagnosis is very
important in industrial systems [4].

Themost common faults that can be found in the area of inductionmotors are: a) opening
or shorting of one or more of a stator’s phase winding [4], b) broken rotor bar or cracked ro-
tor’s end-rings [5], c) static or dynamic air–gap irregularities [6], and d) bearing failures [7].
From these types of faults, the case of broken rotor bars is one of the most commonly en-
countered fault that may cause serious motor damage to the motor if not detected timely [8].

During the event of this fault type, the rotor bars can be partially or completely broken
during the operation of the squirrel cage inductionmotor, mainly due tomechanical stresses.
Once a bar breaks, the condition of the neighboring bars also deteriorates progressively due
to the increased stresses. To prevent such accumulative destructive process, the problem
should be detected early, that is, when the bars are beginning to break [9].

Several methods and techniques have been used to detect broken bar faults, such as the
Fast Fourier Transform (FFT) [10], neural networks [11], model based method [12], and the
motor current signature analysis (MCSA) which is a well-known approach for the detection
and identification of broken rotor bar in induction motors [13]. These methods are rather ef-
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fective when the motor is supplied by the electricity network [2]. Moreover, various attempts
have beenmade for proposing diagnosismethods based on a currentmeasurements and pat-
tern recognition (PR) analysis, for detecting and localizing failures in induction motors [2].
On the other hand thermal and vibration monitoring have been used for decades [14]. Tran-
sient approaches based on the acquisition of start–up currents and voltages have been also
utilized as means to detect stator, rotor bar and end ring faults [15, 16]. Recently, system
identification based or prediction techniques have been utilized to perform fault detection
and diagnosis and more specifically the theory of Set Membership Identification (SMI) has
been efficiently applied in simulated studies in order to detect and diagnose faults in the
cases stator windings and broker rotor bar faults [17, 18].

The main novelty of this article stems from the extended experimental evaluation of the
SMI based fault detection techniques in the case of a broken rotor bar fault. Based to the
author’s best knowledge, this is the first time that an SMI broken bar fault detection scheme
has been experimentally verified and analyzed. As it will be presented the proposed scheme
is able to identify the fault in due time after the fault occurrence, while the method is being
applied on–line and it is tuned based on the characteristics of the motor under study.

This article is structured as it follows. In Section 2 the SMI scheme is being presented,
followed by the proposed fault detection conditioning framework in Section 3. Section 4
contains multiple experimental results that prove the efficacy of the proposed SMI based
fault detection scheme, while the conclusions are drawn in the last Section 5.

2 Set Membership Identification
Set membership identification (SMI) refers to a class of techniques for estimating param-
eters of linear and non linear systems [19, 20]. The objective of the SMI technique is the
determination of the feasible parameter set that contains the nominal parameter vector, the
measurement data and the a priori known bounded noise–error. Due to the complexity in
computing the feasible parameter set, the majority of the SMI methods uses a more conve-
niently computable parametric set that is the outer uncertainty bound of the feasible param-
eter set [21, 20]. For clarity in the presentation, the basic principles of the SMI identificaiton
scheme will be established in this Section, adapted for the case of identifying an induction
motor.

The presented SMI technique is based on the Weighted Recursive Least Squares (WRLS)

with a forgetting factor for identifying the θ̂j motor’s parameters [22]. The induction motor
is being described as an ARMA system, which can be mathematically denoted in a generic
form as [23]:

yj(t) = Φj(t)
T θ̂j(t) + ej(t) (1)

Φj(t)
T = [ϕ1(t)

T , . . . , ϕm+n(t)
T ] (2)

where yj(t) is the stator currents, θ̂j(t) is the identified parameter vector set and the subindex
j represents the stator current set that can be selected as one from: [qs, ds]. The regression
vector ϕj(t) is formulated as:

ϕj(t)
T = [−yj(t− 1), . . . ,−yj(t− n), . . . ,

uj(t+m− n− 1), . . . , uj(t− n)] (3)
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Where uj(t) is stator voltage (vqs, or vds) The three phase motor currents ia(t), ib(t), ic(t) are
being transformed to the Parks vector components iqs(t) and iqs(t), by the utilization of the
following transformations [24, 25]:

ids(t) =

√
2

3
ia(t)−

√
1

6
ib(t)−

√
1

6
ic(t)

iqs(t) =

√
1

2
ib(t)−

√
1

2
ic(t) (4)

The model of the induction motor, in a state space form, can be represented as [25]:⎡⎢⎢⎣
diqs
dt
dids
dt
diqr
dt
didr
dt

⎤⎥⎥⎦ = A

⎡⎢⎢⎣
iqs
ids
iqr
idr

⎤⎥⎥⎦+ B

⎡⎢⎢⎣
vqs
vds
0
0

⎤⎥⎥⎦
where: iqr, idr are rotor’s quadrature and direct currents and vqs, vds are stator’s quadrature
and direct voltages, with the state space matrices denoted as:

A =
1

δ

⎡⎢⎢⎣
−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs
Lm rr 0 −Ls rr wr δ
0 Lm rr −wr δ −Ls rr

⎤⎥⎥⎦

B =
1

δ

⎡⎢⎢⎣
Lr 0 −Lm 0
0 Lr 0 −Lm

−Lm 0 s 0
0 −Lm 0 Ls

⎤⎥⎥⎦
where Lr, Ls, Lm are the rotor’s, stator’s, andmutual inductance (Henry), rr, rs are the rotor’s
and stator’s resistance in (Ohm), wr is rotor’s angular speed (rad/sec), and δ = Ls Lr −Lm2.

As a last step the adopted ARMAmodel representation of the induction motor’s transfer
function, from the input Vj to the output ij can be denoted as:

ij
Vj

=
Tj,1z

m−1 + Tj,2z
m−2 + .......+ Tj,m

zn + Fj,1zn−1 + .......+ Fj,n

The identified parameters’ vector θ̂j(t) contains the corresponding coefficients of the selected
ARMAmodel and can be defined in the general case as:

θ̂j(t)
T = [Fj,1(t), . . . , Fn,1(t), Tj,1(t), . . . , Tm,1(t)] (5)

where n, m ∈ Z+ are the orders of the numerator and denominator for the considered trans-
fer function.

The mathematical relationship between the identified parameters, presented in equa-
tion (5), and the motor parameters (resistance and inductance of the stator and rotor) in the
healthy case of j = qs are defined by:

Tqs,1 =
Lr

δ
, Fqs,1 = −(2a1 + 2a4)
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Tqs,2 = b1(a1 + 2a4 + a2b2)

Tqs,3 = b1(a
2
4 − 2a1a4 − a25 + a2a3 − a2b2(a1 + a4))

Tqs,4 = −b1(a1a
2
4 − a2 ∗ a3 ∗ a4 + a1 ∗ a25 + a2b2(a1a4 − a2a3)]

Fqs,2 = a21 + 4a1a4 − 2a2a3 + a24 + a25

Fqs,3 = −2a21a4 + 2a1a2a3 − 2a1a
2
4 − 2a1a

2
5 + 2a2a3a4

Fqs,4 = a21a
2
4 + a21a

2
5 − 2a1a2a3a4 + a22a

2
3

with:

a1 = −(Lr rs)/δ a2 = (Lm rs)/δ a3 = (Lm rr)/δ

a4 = −(Ls rr)/δ a5 = ωr

b1 = Lr/δ b2 = −Lm/δ

In equation (1) the additive measurement noise is assumed to be bounded by γj ∈ �+ as:

γj||ej(t)||2 ≤ 1, ∀ t

The overall recursions for the implemented SMI algorithm can be summarized in Table 1,
where the covariance matrix is denoted as Cj(t) = Pj(t)

−1, P is positive definite and P (o) =
diag(Po) [20, 26]. In the SMI approach the uncertainty description is evolving with the time,

Table 1: SMI– Algorithm
Step 1: Calculate Φj(t)
Step 2: Calculate the optimal value of λ∗

j(t) by
calculating the maximum positive root of the
following equation:
Fj(λj(t)) = α2,jλj(t)

2 + α1,jλj(t) + α0,j

where:
α2,j = (�+ n− 1)G2

j

α1,j = ((2�+ 2n− 1 + γj e
2
j)− ξj γj Gj)Gj

α0,j = (�+ n)(1− γj e
2
j)− ξj Gj γj

ξj(t) = ξj(t− 1) +
λj(t)

γj
− λj(t) ej

1−λj(t) Gj

Step 3: Perform the following recursions:
Pj(t) = (I −Kj(t) ϕ

T
j (t))Pj(t− 1)/λj(t)

Kj(t) = Pj(t− 1)pj(t)(λj(t) + ϕT
j (t)Pj(t− 1)ϕj(t))

−1

Step 4: Update the identified parameters:

θ̂j(t) = θ̂j(t− 1) +Kj(t)(yj(t)− ϕT
j (t)θj(t− 1))

Step 5: Update the upper and lower uncertainty bounds:

σj(t) =
√
diag(Pj(t))

Step 6: Calculate:
ej(t) = yj(t)− ϕT

j (t)θj(t− 1)
Gj(t) = ϕT

j (t)Pj(t− 1)ϕj(t)

as a better the knowledge of the parameters is acquired, the smaller these bounds are, while
as a fundamental property in SMI [20], these bounds cannot be less than the assumed or
computed range of noise corrupting the measurements.
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3 Fault Detection Conditioning
The proposed bound violation conditions for the broken bar fault detection are evaluated on–
line as presented in Figure 1, which presents the flowchart for utilizing the SMI generated
uncertainty intervals for detecting the event of a broken rotor bar. The identified parame-

ters, in case of broken bar, are the θ̂br,j(t) and the uncertainty bounds in the healthy case are
denoted as σj

o(t).
After the convergence of the Set Membership Identification process, if the identified pa-

rameters θbr,j(t) remain within the healthy uncertainty bounds σj
o(t) the motor operates in a

healthy condition. In the case of a fault occurrence, due to rotor bar breakage, the resulting
model of the motor is drifting and thus the values of the identified parameters will be char-
acterized by a jump and a corresponding constant drift from the converged nominal values
of the healthy motor. This change in the parameter’s value has a direct effect on the updated
parameter’s bounds, while this situation is a direct indication of a fault occurrence. Based on
the proposed SMI scheme, in case that one or multiple parameters produce an uncertainty
bound violation, a direct fault indication is being produced. Therefore the proposed fault
detection conditions are being formulated as:

[Condition 1] | ˆθbr,j(t)| ≥ |σo
j,upper(t)|

or
[Condition 2] | ˆθbr,j(t)| ≤ |σo

j,lower(t)|

Figure 1: On line fault detection conditions

It should be highlighted that, the motor is continually monitored and the fault detection



F

204 Paper F

scheme will indicate a partially broken bar based on the proposed conditions, while in order
to detect a faulty operation, it is sufficient to get triggered only one condition. A switching
triggering might also produced, when the identified drifting parameter is changing on the
boundary of the uncertainty bounds. In this case, as before, this is a non healthy operation
and a direct indication of a fault and thus proper care should be considered for the motor.

4 Experimental Results
For evaluating the performance of the proposed scheme, a dedicated experimental test bend
has been designed for a squirrel cage induction motor. Tow operations of the motor have
been considered, the healthy case, considered as the reference after the convergence of the
SM–Identification and the faulty one. For the second case, the motor has been damaged
deliberately by drilling a part of a rotor’s bar. This case corresponds to a faulty case with a
partially broken rotor bar, caused by drilling 8mm out of 17mm in the rotor bar as presented
in Figure 3. The drilling has not been performed completely, from one side to the other
(17mm), since the aim was to evaluate the proposed scheme in a more difficult identified
fault of broken bar.

The experimental setup consist of a three phase induction motor and a DC generator as
a load for induction motor and Data Acquisition (DAQ) instrumentation. The Portable DAQ
devices from National Instruments has been used to measure and collect the three phase
stator currents and three phase stator voltages under full load current conditions. It has
been connected directly to the motor without any additional tools such as current transform
(CT) or voltage transform (VT). The rated values of DAQ are 5A r.m.s current and 400V r.m.s.
voltage. The data acquisition routines we developed using LabView.

The motor has 4 poles, 1.1 Kw, 380V, 50 Hz, rated power, 1410 rated speed, and 2.75A
rated current , while for evaluating the performance of the proposed fault detection scheme,
several experimental studies have been performed with the considered squirrel cage induc-
tion motor. Stator currents and stator voltage were sampled every 1600Hz under a full load
current.

The overall experimental setup as also a detailed view of the broken rotor bar are depicted
in Figures 2 and 3 respectively. As it can be observed fromFigure 4, in the event of a fault very

Figure 2: Experimental setup for evaluating the broken bar fault detection
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Figure 3: Broken Rotor Bar

small differences in the values of the steady state stator currents iqs and ids will be induced
in the faulty case. The important thing that should be noted is the fact that the amplitude of
stator current fluctuate with time compared to that in the healthy case.
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Figure 4: Stator currents iqs, iqs in healthy and faulty case

The convergence of the SMI scheme for themotor’s parametersFqs,i and Tqs,i in the healthy
case, from vqs to iqs, is being presented in Figures 5 and 6 respectively. As it can be observed
from the experimentally obtained results, the uncertainty bounds are starting from a large
value and as the identification procedure is evolving and the identified parameters are close
to the nominal values θj

o(t), those bounds are being decreased, until they reach their steady
state value σj

o(t).
In the sequel, a fault occurring at the time 1.1e6 sample instant will be considered. In the

examined cases, the proposed conditions will be applied after the convergence of the SMI
scheme. Due to a fault, the values of the identified parameters will drift, which affects the
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Figure 6: Identified parameters for Tqs,i and corresponding uncertainty bounds in healthy
case

proposed conditions for fault detection. This situation leads to different types of bounds vi-
olation events at different time instances, while the response of the fault detection conditions
have been presented in Figures 7–10. Regarding the responses of the fault detection condi-
tions, it should be mentioned that in the presented results, a faulty case is equal to a true
value (1), while a healthy case corresponds to a false value (0).

As an example, for the case that the Fqs,1 identified parameter is being considered in Fig-
ure 7, the violation of the lower uncertainty bound occurs at 1.205e6 samples, while for the
Fqs,2 identified parameter, the bound violation takes place at the upper uncertainty bounds
at the 1.235e6 sample instance. At the same examined test case and as it has been depicted in
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Figure 8 for the case of Fqs,3 the bound violation condition is not generating a fault (remains
constantly zero), while the Fqs,4 identified parameter provides with a fault indication after a
longer time period.
The same situation can be observed by the inspection of Tqs,1-Tqs,4 identified parameters,
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corresponding time responses of the proposed SMI based fault detection conditions
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where the bound violation is not constant and thus a fault indication is switching between
true and false state. Even in this case a convergence for the fault conditions might never
happen, the obtained switching is still a clear indication that the motor is not operating in
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a healthy condition and proper inspection should be provided. In the case of the Tqs,i pa-
rameters, the broken bar fault does not effect significantly their values. The resulting faulty
drift is still evident but not significant and thus this behavior leads to a switching and not
converged response for the proposed SMI based fault conditions.
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corresponding time responses of the proposed SMI based fault detection conditions
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5 Conclusions
In this article an experimental evaluation of a broken rotor bar fault detection scheme based
on uncertainty bounds violation has been presented. The proposed schemewas based on Set
Membership Identification and novel proposed boundary violation rules for the identified
motor’s parameters. By the utilization of the SMI technique, the simplified equivalent model
of the inductionmotor has been identified during the steady state operation (non–fault case),
while at the same time safety bounds for the identified variables have been provided, based
on an a priori defined corrupting additive noise. Detailed analysis of the proposed approach
as also extended experimental results have been presented that proved the efficiency of the
proposed scheme for detecting the broken bar fault occurrence.
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Principal Component Analysis Anomaly
Detector for Rotor Broken Bars

Mohammed Obaid Mustafa, George Georgoulas, and George Nikolakopoulos

In this article a method for the detection of broken rotor bars in asynchronous machines
operating under full load is presented. UnlikemostMotorCurrent SignatureAnalysis (MCSA)
approaches, which operate in the frequency domain, our method operates in the time do-
main. The scheme is based on the use of a Principal ComponentAnalysis (PCA) fault/anomaly
detector. PCA is applied on the three stator currents to subsequently calculate the Q statis-
tic which is employed for detecting the presence/absence of a fault. The efficiency of the
proposed scheme was experimentally evaluated using different fault severity levels, ranging
from 1/4 of a broken bar to three broken bars. The obtained results indicate that the method
can detect the caused asymmetry with a very restricted amount of data.

1 Introduction
The main goal of fault detection and isolation is to effectively detect faults and accurately
identify the failed component in the shortest time possible. Fault detection leads to reduc-
tion inmaintenance costs andprevents unscheduled downtime, which results in an increased
system availability. Realising that many faults can be detected in an early stage led to a grad-
ual shift from the traditional Time Based Maintenance (TBM) and Corrective Maintenance
(CV) to Condition Based Maintenance (CBM). CBM was embraced by the engineering com-
munity since it gives engineers the ability to perform more effective maintenance and many
approaches have been proposed especially for the monitoring of electric drives.

Among the various machines engaged in electric drives, asynchronous machines play a
prominent role in industrial settings due to their advanced safety, efficiency, reliability, and
performance [1, 2]. As all elecro–mechanical systems, asynchronousmachines can also break
down following the occurrence of a fault that eventually culminates to a failure. These faults
are mainly categorized as stator, rotor and bearings faults. This work focuses on rotor faults
and more specifically on the detecion of broken rotor bars.

One of the reasons for broken rotor bar failures is that large starting currents in an induc-
tion motor occur when cooling is at a minimum and this results in thermal and mechanical
stresses being at a maximum [3]. Other factors that can cause the breakage of a rotor bar are
thermal, magnetic, residual, dynamic, environmental, and stresses [4, 5].

Rotor faults are not the most frequent faults occurring in induction machines [5] but have
received the most attention in the literature regarding the proposed techniques for their de-
tection. One of the reasons is that rotor cage faults can lead to shaft vibration and thus bearing
failures and air gap eccentricity faults, etc. [6].

The rotor bars can be partially or completely broken during the operation of a squirrel
cage induction motor. Once a bar breaks the condition of the neighbouring bars also deteri-
orates progressively due to the increased stresses. To prevent such accumulative destructive
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process, the problem should be detected as early as possible, that is, when the bars are be-
ginning to break [3].

In the related scientific literature, various methods have been proposed for the detection
of broken rotor bars, relying on a variety of monitored quantities such as flux [7], torque [8],
vibrations [9, 10], voltages [11] and power [12, 13]. However the most popular methods are
those relying on monitoring of the current, usually referred to as Motor Current Signature
Analysis (MCSA) methods. MCSA methods usually operate in the frequency domain try-
ing to isolate characteristic components that are generated by the asymmetry caused by the
broken bars.

One of the potential limitations of these methods is that they require the collection of
quite long data segments for accurate detection of the faulty components. Moreover they
are not able to to work under no-load conditiona [8]. Lately another set of methods, which
operates during start–up (TransientMCSA) have been proposed as a supplement to themore
conventional MCSA [14, 15, 16].

On the other hand a fault detection and diagnosis based on uncertainty bounds violation
has been efficiently utilized for broken rotor bar of induction motor [17, 18, 19].

The novelty of this article stems from the establishment of a method based on the appli-
cation of Principal Component Analysis (PCA) for the detection of broken bars. Although
the majority of the current MCSA methods operate in the frequency domain, the proposed
method operates in time domain and it is capable of detecting rotor asymmetries using only a
small sample of data. The results from the experimental verification of the proposed scheme
are very promising, indicating the potential use of themethod for real time implementations.

The rest of the paper is structured as follows. Section 2 presents a general introduction to
anomaly detection and more specific guidelines for the use of PCA within the anomaly de-
tection framework of induction machines. In Section 3 the experimental set–up is described,
while the results of the proposed method are analysed in Section 4. Finally, Section 5 con-
cludes the paper also offering some insight for future work and future extensions of the
method.

2 Fault/Anomaly Detection Using PCA

Fault/anomaly detection is the simplest but usually the first, fundamental step, in a condition
monitoring system. In other words, if an error occurs, first it should be detected if there is
something wrong (faulty) and then try to identify which fault has occurred [14].

In general, anomaly detectors try to detect a deviation from normality and exploit the
available information coming from normal operating conditions. These detectors are also
called novelty detectors [20, 21], while the term anomaly detector is reserved for the case
that the new data deviate from a well-defined notion of normal behaviour and the process
is referred to as anomaly detection [22].

There are a number of different methods that can be applied on the anomaly detection
problem (boundary methods, density methods, reconstruction methods etc.). In this work
we employ probably the simplest of the reconstruction methods, the PCA anomaly detector
method.
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2.1 PCA
PCA is themostwidely usedmethod for dimensionality reduction [23, 24]. It was introduced
over a hundred years ago by Karl Peterson and up to now it has found many applications in
multivariate data analysis [25].

PCA extracts a set of orthogonal vectors called principal components (also called loading
vectors)which are usually sorted in such away such as the first principal component accounts
formost of the variance in the data, the secondprincipal component formost of the remaining
variance and etc. PCA is summarised in the following table (Note: It is interesting that the
same algorithm for PCA can be derived following different paths, e.g. themaximumvariance
formulation or the minimum error formulation):

Table 1: Principal Components Extraction Algorithm

STEP 1 Compute the mean value for each original variable:

xj =
1

N

N∑
i=1

xij

STEP 2 Subtract this mean from the original variable:

x́ij = xij − xj , i = 1, . . . , N and j = 1, . . . , d

STEP 3 Calculate the covariance matrix of the zero
mean data matrix whose elements are given by:

Snm = x́ij ýij , n, m = 1, . . . , d

STEP 4 Calculate the eigenvalues and its corresponding
eigenvectors of the covariance matrix S

2.2 PCA for anomaly Detection
The utilization of PCA for anomaly detection is based on the assumption that PCA can sepa-
rate the observedN -dimensional space (input) into two subspaces: a) a subspace spanned by
the firstM principal components, which captures the systematic trends of the process/system
and b) a subspace spanned by the remainingN -M principal components that capture essen-
tially the noise component [26]. The latter is usually called the residual space. In case of a
fault it is assumed that a deviation will take place, which will be manifested in the residual
space.

Therefore the residual space can bemonitoredusing theQ statistic (which point-wise is an
indication of the distance of the specific data point from the principal component plane [27])
given by:

Q = rT r, (1)

with

r = (I − V V T )x, (2)
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where x is the input vector and r is the residual vector, which is being derived by projecting
the input vector x onto the residual space. Moreover, V is an N ×M matrix whose columns
correspond to the principal components associated with theM largest eigenvalues. By util-
ising a threshold for Q, deviations from the normal operation can be detected.

able

2.3 PCA for Detection of broken bars in asynchronous machines

In the case of asynchronous machines, the multiple inputs correspond to the three stator
currents. In the healthy case as it can be easily observed in Figure 1, for a perfect machine
and also by assuming that we have a perfect power supply, two principal components cap-
ture the systematic trends (rotation) of the system leaving a one dimensional residual space.
Therefore it comes natural to select the number of retaining principal components equal to
two.

Figure 1: Ideal normal operation. The three currents depicted separately and as part of the
multivariate input.

In our implementation we therefore used the first two principal components to model the
normal operation and we used the averaged Q value over a predefined window for robust-
ness as it will be shown in Section 4, even though the on-line version could also be applied.
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3 Experimental Setup
The experimental setup consisted of a three phase induction motor, a DC generator acting as
load and aDataAcquisition (DAQ) instrumentation. The overall setup is depicted in Figure 2.

The PortableDAQdevice fromNational Instruments (NI)was used tomeasure and collect
the three phase stator currents under full load current conditions. The rated values of DAQ
are 5A r.m.s current and 400V r.m.s. voltage. The data acquisition routines were developed
using LabView. The characteristics of the motor under study were: 4 poles, 1.1Kw, 380V, 50
Hz, rated power, 1410 rated speed, and 2.75A rated current.

Figure 2: Experimental setup for evaluating the broken bar fault detection

For the broken rotor bar cases, the motor had been artificially damaged by drilling a part
of a rotor’s bar. Partially broken rotor bar cases were produced by drilling 4 mm and then 8
mm out of 17 mm in the same rotor bar as presented in Figure 3 in a side view. The drilling
has not been performed completely, from one side to the other (17mm), since the aim was
to evaluate the proposed scheme in a more difficult to identify situation (partially damaged
broken bar).

Additional to these partially broken bar conditions, three more cases have been consid-
ered: a one fully broken rotor bar, two broken rotor bars, and three broken rotor bars. The
case with the three broken bars is presented in Figure 4 whith the "complete" three drillings.

4 Experimental Results
For the evaluation of the proposed fault detection scheme, several experimental runs have
been performed with the considered squirrel cage induction motor and for the aforemen-
tioned six different conditions. Stator currents were sampled under full load at a sampling
frequency of 1600Hz. In all cases the data coming from the normal operating condition were
used to build the "normal" operating model.

We experimented with various signal lengths for the detection phase (from just one pe-
riod to 5 periods). The following figures 5-7 we show the boxplot of the Q value averaged
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Figure 3: Partial broken rotor bars cases for three phase asynchronous motor

Figure 4: Fully broken rotor bar cases for three phase asynchronous motor
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over three different window sizes (32, 96 and 160 samples, corresponding to 1 3 and 5 peri-
ods of the stator current respectively) and for 30 replications (30 different signal segments for
each one of the six different conditions and at full load). In order to have a detection alarmwe
need to set a detection threshold. The standard implementation involves the calculation of
a threshold based on the required confidence level as it was proposed in [28]. However this
threshold in our preliminary experiments appeared too conservative. Therefore we resorted
to the three-sigma rule [29], i.e. we ran an extra set of 30 replications for the normal case
and we estimated the standard deviation of theQ statistic; then a fault was detected once the
corresponding (mean) Q value exceeded the (estimated) mean Q value for the normal cases
augmented by three times the estimated standard deviation.

With this threshold, some false alarms have been also indicated. By further increasing
the threshold to six (instead of three) standard deviations (six-sigma), perfect detection per-
formance has been achieved. At this point it should be noted that by a simple eye inspection
it is almost obvious that the adoption of a higher threshold could also be used. A zoomed
version of Figure 7with the "six sigma" threshold is presented in Figure 8. The overall results
are presented in Tables 2 and 3 while the overal procedure is summarised as follows:

A) Model building phase:
1) Acquire k segments of the three currents each one of
them of size N

2) For each segment i (i = 1..k)estimate the principal
components and the corresponding mean Qi

3) Estimate the mean value Qmean and the standard
deviation Qstd of the mean Qi

4) Select a threshold value equal to Qmean + 6Qstd

B) Detection phase
1) Acquire a new segment of the three currents
2) Use the estimated principal components to estimate
the corresponding mean Q value

3) Compare the estimated mean Q value with the
threshold. If the value exceeds the threshold then
declare a fault, otherwise no fault has occurred

Table 2: Detection results for the three sigma threshold
32s 96s 160s

Time(s) healthy faulty healthy faulty healthy faulty

Correctly Assigned 27 150 22 150 30 150

False Alarms 3 0 8 0 0 0

As it can be seen the anomaly is easily identified. Moreover, by the utilization of a larger
set of samples (more periods), the value becomes more consistent. On the other hand it
is obvious that with the current setting no severity assessment can be performed since the
feature is not monotonically increasing.

Furthermore the pure on-line version, using each individual sample instead of the mean
Q value over predefined segments, as it can be seen in Figure 9 could also be applied (the sub-
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Figure 5: Q values estimated using 32 samples (1 period)
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Figure 6: Q values estimated using 96 samples (3 periods)

Table 3: Detection results for the six sigma threshold
Time(s) 32s 96s 160s

healthy faulty healthy faulty healthy faulty

Correctly Assigned 30 150 30 150 30 150

False Alarms 0 0 0 0 0 0
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Figure 7: Q values estimated using 160 samples (5 periods)
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Figure 8: Detection results for the six sigma threshold
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Figure 9: The Q statistic monitored on-line

plots of Figure 9were created by artificially concatenating healthywith faulty data). However
the fluctuation could cause some problems to the detection scheme.

For comparison reasons we also present the results of applying the periodogram spec-
trum estimation method for the case of 50 periods (1600 samples) Figure 10. As it can be
directly observed even for such a long window size the less pronounced faults are difficult
to be detected.
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Figure 10: Periodogram Power Spectral Density Estimate for healthy and faulty cases
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5 Conclusions
In this work we presented a PCA approach to the detection of rotor broken bars under full
load conditions. The method was experimentally tested and the results are promising since
deviation from normality even for incipient faults can be quite easily spotted. The method
in its current form cannot be used for severity assessment since the Q statistic is decreasing
at some point. In order to alleviate that we will check the potential use of the T 2 statistic.
A potential barrier for its acceptance from the industry, despite the very promising results,
is the requirement of three current sensors. To eliminate the need for three current sensors
we are currently investigating the use of other variants of PCA, the dynamic PCA approach
(using in other words embedding to reconstruct the state space) which does not require the
use of three sensors. Moreover since the results come from a laboratory experiment, furhter
investigation is needed using data coming from an industrial setting in order to assess the
robustness of the method under a real life environment.
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Stator Winding Short Circuit Fault Detection
Based on Set Membership Identification for

Three Phase Induction Motors
Mohammed Obaid Mustafa, George Nikolakopoulos, and Thomas Gustafsson

In this article a fault detection scheme for stator winding short circuit fault detection in
the case of a three phase induction motor is being presented. The three phase motor is being
modeled in the equivalent two phase motor (q − d) space, while the modeling of the faulty
case is being also formulated. The motor is being identified by the utilization of Set Member-
ship Identification (SMI) that has themerit of identifying both the parameters of themotor as
also providing uncertainty safety bounds by calculating orthotopes which bounds the sys-
tems parameter vector. Based on the volume and the trend of these orthotopes, rules for
identifying the existence of a fault are being presented. If the current values of the identified
parameters do not lie inside the safety bounds in the healthy case, but lie in an area that is
being defined by the model of the short circuit case, then a fault is being triggered. Detailed
analysis of the proposed approach as also extended simulation results are being presented
that prove the efficiency of the suggested scheme.

Nomenclature
Vsa, Vsb, Vsc : Stator’s three phase voltages (V )
Vra, Vrb, Vrc : Rotor’s three phase voltages (V )
ira, irb, irc : Rotor’s three phase currents (A)
isa, isb, isc : Stator’s three phase currents (A)
rs, rr : Resistance of stator’s and rotor’s winding (Ohm)
Lss, Lrr : Stator’s and rotor’s self–inductances (Henry)
Ls, Lr : Stator’s and rotor’s self inductance (Henry)
Lm : Mutual inductance (Henry)
ωr : Rotor’s angular speed (rad/sec)
ωm : Rotor’s speed (mechanical) (rad/sec)
ωs: Supply angular frequency (rad/sec)
P : No. of poles pairs
J : Moment of inertia (Kg ·m2)
TL : Load torque (Nm)
Te : Electromagnetic torque (Nm)
q : Quadrature axis frame
d : Direct axis frame
s : Stator quantities
r : Stator quantities
ψs, ψr : Stator’s and Rotor’s fluxes (Weber)
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θ : Angular position in the frame of motor (Deg)
θr : Angle between rotor’s phase axis and stator’s phase axis
β : Angle between rotor’s phase axis and stator’s phase axis

1 Introduction
Induction motors are critical components in many industrial processes, while at the same
time these motors pose significant advantages when compared to the DC and synchronous
motors in aspects, such as size, efficiency, cost, life span and maintainability [1]. Moreover
induction motors, which represent one of the enabling technologies, in the modern com-
mercial and industrial processes, are sometimes referred to as the “workhorses of modern
industry" [2], while in the recent years, the detailed study of their dynamic behavior, has
received a significant consideration [3].

Themost common faults that could be appeared in the rotor and the stator of an induction
motor are: a) short circuit stator winding, b) broken rotor bars [4], and c) bearing failures and
dynamic or static air gab irregularities [5]. From all these types of faults, the stator winding
short–circuit faults comprise around 40% of all the reported motor faults. It is necessary
to detect this type of fault, as soon as possible, since it has the potential to develop into a
catastrophic system failure with an eventual significant damage to the motor’s core [6, 7].

In the relative scientific literature there have been proposed multiple fault detection tech-
niques that based their operation on: a) spectral analysis of stator currents [8] and b) stator
voltage and electromagnetic torque [9]. These methods base their operation on the detection
of spectrum lines at certain frequencies using classical methods like Fourier analysis [10]
and are quite simple to be implemented, while these methods have been applied widely for
fixed speed applications. In industrial applications under varying speed and with a direct
power supply, these methods are not well adapted because electrical signals are not station-
ary. Recently, continuous time identification has been used to perform diagnosis procedure,
the objective of these methods was the detection of faults occurring in induction machines,
these techniques study the deviation of parameters to detect and localize faults [9, 10].

In parallel to these fault detection schemes, Set Membership Identification (SMI) [11, 12]
has received a growing attention in the past years suggesting a quite important technique
for system identification with bounds of uncertainty. In the SMI scheme a priori assump-
tions about the corrupting noise in the system are being taken under consideration in or-
der to constrain the identified parameters to certain sets. The adaptation capabilities of the
recursive implementation of the SMI–algorithms suggest their usage in robust identifica-
tion schemes, while several versions of SMI–algorithms have recently appeared in the liter-
ature [13, 14, 15, 16], including different methodologies for bounding the uncertainty and
with the capability of being calculated recursively and on-line.

The main novelty of this article stems from the adaptation of the SMI approach to the
problem of fault detection and more specifically to the problem of detection stator winding
short circuit detection. To the author’s best knowledge this is the first time that such an
approach is being reported in the scientific literature. The extension of this scheme to other
types of fault can support a general fault detection framework, where fault diagnosis could
be also performed in parallel with the fault detection scheme. The simplified modeling (two
phase models) for the healthy and the faulty cases, and the safety intervals for the on-line
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SMI for the parameters, are establishing a robust fault detection scheme that could be directly
transferred to real–life implementations.

The rest of the article is being structured as it follows. In Section 2 the model derivation
and simplification, for the healthy and the faulty cases are being derived. In Section 3 the
SMI scheme is being presented coupledwith the reasoning rules for detecting the occurrence
of a fault. In Section 4 multiple simulation results that prove the efficacy of the proposed
methodology are being presented, while the conclusions are drawn in the last Section 5.

2 Induction Motor Modeling

2.1 Healthy Case
In general an induction motor can be modeled as a three phase model or as an equivalent
quadrature phasemodel [17], while the voltage balance equations for the case of three phases
can be formulated as [18]:

Vsa = p ψsa + rsa isa

Vsb = p ψsb + rsb isb

Vsc = p ψsc + rsc isc (1)

Vra = p ψra + rra ira

Vrb = p ψrb + rrb irb

Vrc = p ψrc + rrc irc

where rsa = rsb = rsc and rra = rrb = rrc in the balance case of motor, the operator p is equal
to d/dt and the equations of three phase input voltages are:

Vsa = Vmsin(ωst)

Vsb = Vmsin(ωst− 2π/3) (2)

Vsc = Vmsin(ωst− 4π/3)

For having a simplified and equivalent representation of the three phase motor, usually it is
convenient to rearrange the equations in (1) in a matrix notation as it follows [19]:

p ψ = V −R i (3)

where

ψ = [ψsa ψsb ψsc ψra ψrb ψrc]
T (4)

i = [isa isb isc ira irb irc]
T (5)

and the relation between the phase linkages and the phase currents is provided by: [19]

ψ = L i (6)

then

L pi = V −R i
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Figure 1: q-d model of induction motor

with the following matrix notations:

V = [Vsa Vsb Vsc Vra Vrb Vrc]
T (7)

i = [isa isb isc ira irb irc]
T (8)

R = diag
[
rs rs rs rr rr rr

]
(9)

In this formulation the values of the inductance matrix L depend on the rotor’s electrical
angle and the type of the utilized model [7]. For simplifying the three phase model, the
equivalent twophasemodelwill be extracted that has been converted to the q−d coordination
frame, as it has been presented in Figure 1 [20].

In this figure the schematic diagram of the 3–phase induction motor with the d − q axes
superimposed is being presented, where the q–axis lags the d–axis by 90o. A voltage Vas is
applied to stator phase and the corresponding current flow is ias. The phases b and c have
not been presented on this scheme in an attempt to maintain clarity. In the d− q model, the
coils DS and QS replace the stator phase coils as, bs and cs, while coils DR and QR replace
the rotor phase coils ar, br and cr. Figure 1 depicts only the four coils DS, QS, DR and QR
for illustrating the simplification from the 3–phase induction motor with six coils to the case
of an equivalent 2–phase induction motor with four coils. For predicting the mechanical and
electrical behavior of the original machine correctly, the original abc variables Fabc should be
transformed into the corresponding d− q variables Fqdo and this is being carried out through
Park’s transform as it follows [21]:

Fdqo = Tqdo · Fabc (10)

Vdqo = Tqdo ·Vabc (11)

idqo = Tqdo · iabc (12)

where

Tdqo =
2

3

⎡⎣ cos θ cos θ1 cos θ2
sin θ sin θ1 sin θ2
1/2 1/2 1/2

⎤⎦ (13)
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and

Vdqo = [vq vd v0]
T (14)

idqo = [iq id i0]
T (15)

with θ1 = θ − 2π/3, θ2 = θ − 4π/3. In the case that the saturation and the fraction effects
are being neglected, the balance voltage equation of the three phase induction motor in q−d
model are provided by:

Lqd pisrqd = Vsr
qd −Rqdi

sr
qd (16)

and the pisrqd can be calculated as:

pisrqd = −L−1
qdRqdi

sr
qd + L−1

qdV
sr
qd (17)

where

Vsr
qd = [vqs vds vqr vdr]

T (18)

isrqd = [iqs ids iqr idr]
T (19)

Lqd =

⎡⎢⎢⎣
Ls 0 Lm 0
0 Ls 0 Lm

Lm 0 Lr 0
0 Lm 0 Lr

⎤⎥⎥⎦ (20)

and

Rqd =

⎡⎢⎢⎣
rs 0 0 0
0 rs 0 0
0 −ωr/ωs Lm rr −ωs/ωs Lr

ωr/ωs Lm 0 ωr/ωs Lr rr

⎤⎥⎥⎦ (21)

After these formulations, equation (18) can be re–written in a state space form as:⎡⎢⎢⎣
diqs
dt
dids
dt
diqr
dt
didr
dt

⎤⎥⎥⎦ = A

⎡⎢⎢⎣
iqs
ids
iqr
idr

⎤⎥⎥⎦+ B

⎡⎢⎢⎣
Vqs

Vds

0
0

⎤⎥⎥⎦ (22)

where:

A = −RqdLqd
−1 (23)

B = Lqd
−1 (24)

and with the A and B matrices defined as:

A =
1

δ

⎡⎢⎢⎣
−Lr rs 0 Lm rs 0

0 −Lr rs 0 Lm rs
Lm rr 0 −Ls rr wr δ

0 Lm rr −wr δ −Ls rr

⎤⎥⎥⎦ (25)

B =
1

δ

⎡⎢⎢⎣
Lr 0 −Lm 0
0 Lr 0 −Lm

−Lm 0 s 0
0 −Lm 0 Ls

⎤⎥⎥⎦ (26)
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while δ is given as:

δ = Ls Lr − Lm2 (27)

Finally, the resulting equations for the torque and the motor’s accelerations for the three
phase induction motor are:

Te =
3

2
P Lm[iqs idr − iqr ids] (28)

Te = J
d2θm
dt

+ f
dθm
dt

+ TL (29)

d2θm
dt

= ωm (30)

In the presented formulation the fraction effect (f ) has been neglected and thus the equation
of the mechanical angular speed will become:

dωm =
1

J
[Te − TL]dt (31)

2.2 Stator Winding Short Circuit Modeling
Although induction motors are reliable electric machines, they are susceptible to many elec-
trical and mechanical types of faults [5]. Electrical faults include stator faults resulting in the
opening or shorting of one or more of a stator phase winding, broken rotor bars, and broken
end rings, while mechanical faults include bearing failures and rotor eccentricities[1]. The
focus of this research effort is on the stator faults during short circuit between stator winding,
which happen in one phase of the motor. In the examined case all the stator parameters are
considered to be identical when short circuit happens in the winding of the three phase in-
duction motor, while both stator’s resistance and inductance, as also the mutual inductances
between stator and rotor will be directly affected.

In the case of such a fault, the modified (faulty) versions of matrices A∗ and B∗ should
be utilized. In this case the q − d reference frame transformation needs to be performed to
these equations and by assuming that the short circuit occurs only in phase a of the stator
for simplicity reasons and without loosing generality, the resistance matrix of stator with
shorted turns in the q − d reference frame can be derived as [7]:

rqd0sf = rs

⎡⎣ rs11 0 rs13
0 rs22 0

rs31 0 rs33

⎤⎦ (32)

where rqd0sf is the stator winding resistancematrix in the faulty case. Let gsa be the percentage
of the remaining un–shorted stator windings in stator phase a and the non–zero elements of

the matrix rqd0sf are being defined as [7]:

rs11 =
1

3
(2gas + 1) , rs13 =

2

3
(gas − 1) , rs22 = 1

rs31 =
1

3
(gas − 1) , rs33 =

1

3
(gas + 1) (33)
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while the inductance matrix in the faulty case will become as [7]:

L∗
f =

⎡⎢⎢⎣
L11 0 L14 0
0 L22 0 L25

L41 0 44 0
0 L52 0 L55

⎤⎥⎥⎦ (34)

where the elements of L∗
f are being defined as [7]:

L11 =
1

3
(gas + 1)Ls +

1

9
(2gas + 1)2 Ls (35)

L14 = L41 =
1

3
(gas + 1)Lm , L22 = Ls + Lm (36)

L25 = L52 = Lm , L44 = L55 = Lr + Lm (37)

and

Rf
∗ =

⎡⎢⎢⎣
r∗ 0 0 0
0 rs 0 0
0 −ωr/ωs L

∗
m rr −ωs/ωs Lr

ωr/ωs L
∗
m 0 ωr/ωs Lr rr

⎤⎥⎥⎦ (38)

with:

r∗ = rs · rs11 (39)

L∗
m = Lm · L14 (40)

Therefore the matricesA∗ and B∗ in the faulty case will change and become:

A∗ = −R∗
f L

∗
f
−1 (41)

B∗ = L∗
f
−1 (42)

For applying the suggested fault detection scheme the 2–phase model of the induction
motor is being transformed to a MIMO ARMA system:⎡⎢⎢⎣

i̇qs(t)

i̇ds(t)

i̇qr(t)

i̇dr(t)

⎤⎥⎥⎦ =

⎡⎢⎢⎣
θqs(t)
θds(t)
θqr(t)
θdr(t)

⎤⎥⎥⎦
T

·

⎡⎢⎢⎣
Φqs(t)
Φds(t)
Φqr(t)
Φdr(t)

⎤⎥⎥⎦
T

+

⎡⎢⎢⎣
eqs(t)
eds(t)
eqr(t)
edr(t)

⎤⎥⎥⎦
T

(43)

where the parameter vector θj(t), with j taking values from [qs, ds, qr, dr] is being defined
as:

θTj (t) = [Fj,1(t) . . . Fn,1(t), Tj,1(t), . . . , Tm,1(t)]
T (44)

with n, m the order of the denominator’s and numerator’s polynomials respectively. The
regression vector Φj(t) is formulated as:

ΦT
j (t) = (−yj(t− 1).....− yj(t− n), . . . ,

uj(t+m− n− 1), . . . , uj(t− n)) (45)
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In equation (39) the disturbances corrupting the measurements have been also taken un-
der consideration, with the assumption that the model dynamics are being affected by an
additive error, being bounded by a priori bounds defined as:

γj||ej(t)||2 ≤ 1, ∀ t (46)

Finally, in this MIMO ARMA modeling approach, the parameters in equation (40) for the
case of j = qs in healthy case are being defined as it follows:

Tqs,1 =
Lr

δ
Tqs,2 = b1(a1 + 2a4 + a2b2)

Tqs,3 = b1(a
2
4 − 2a1a4 − a25 + a2a3 − a2b2(a1 + a4))

Tqs,4 = −b1(a1a
2
4 − a2 ∗ a3 ∗ a4 + a1 ∗ a25 +

a2b2(a1a4 − a2a3)]

Fqs,1 = −(2a1 + 2a4)

Fqs,2 = a21 + 4a1a4 − 2a2a3 + a24 + a25

Fqs,3 = −2a21a4 + 2a1a2a3 − 2a1a
2
4

−2a1a
2
5 + 2a2a3a4

Fqs,4 = a21a
2
4 + a21a

2
5 − 2a1a2a3a4 + a22a

2
3

with:

a1 = −(Lr rs)/δ , a2 = (Lm rs)/δ

a3 = (Lm rr)/δ

a4 = −(Lr rr)/δ

a5 = ωr

b1 = Lr/δ

b2 = −Lm/δ

while by following the same formulation, the rest of the dependencies between the Fj and
Tj and the ARMA formulation could be extracted.

3 Set Membership Fault Identification
Set membership identification (SMI) refers to a class of techniques for estimating parameters
of linear systems or signal models under a priori information that constrains the solutions
to certain sets. The objective of the SMI techniques is the determination of the feasible pa-
rameter set that contains the nominal parameter vector and is consistent with a linearly pa-
rameterizable model, the measurement data and the a priori known bounded noise–error.
Due to the complexity in computing the feasible parameter set, themajority of the SMImeth-
ods aims at the determination of a more conveniently computable parametric set that outer
bounds the feasible parameter set [22, 11].

The SMI technique is based on the Weighted Recursive Least Squares (WRLS) with a for-

getting factor for identifying the θ̂motor’s parameters and can be formulated by the following
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double recursions [23] in the sample instance t and the MIMO case j as:

θ̂j(t) = θ̂j(t− 1) +Kj(t)(yj(t)− ΦT
j (t)θ̂j(t− 1))

Kj(t) = Pj(t)Φj(t) = Pj(t− 1)Φj(t)(λ+ΦT
j (t)Pj(t− 1)φj(t))

−1

Pj(t) = (I −Kj(t) Φ
T
j (t))Pj(t− 1)/λ

ej(t) = yj(t)− ΦT
j (t)θj(t− 1)

Gj(t) = ΦT
j (t)Pj(t− 1)Φ(t)

where Pj(t)
−1 is the covariance matrix. In the SMI approach the initial bounds γ for the

corrupting noise εj(t) are being re–calculated in every iteration. This optimization in the un-
certainty description is evolvingwith the time, as the better the knowledge of the parameters
is, the smaller these bounds are. For finding the fine tune the SMI algorithm and achieve con-
vergence, the maximum positive root of the following equation should be calculated in each
iteration:

Fj(λj) = α2,jλ
2
j + α1,jλj + α0,j

α2,j = (	+ n− 1)G2
j

α1,j = ((2	+ 2n− 1 + γj e
2
j )− ξj γj Gj)Gj

α0,j = (	+ n) ∗ (1− γj e
2
j )− ξj Gj γj

ξj(t) = ξj(t− 1) +
λj

γj
− λj ej

1− λj Gj

with � = m + 1. For finding the upper and lower boundary for the identified parameters,
the uncertainty bound σj(t), should be computed in every iteration. For delivering these
bounds, the smallest orthotope that bounds the ellipsoidal uncertainty of the parameter and
it is oriented parallel to the parameter coordinate axes and centered on the centroid of the
ellipsoid is being calculated as:

σj(t) =
√

diag(Pj(t)) (47)

while the corresponding ellipsoid and the equation of the orthotope can be calculated from [11,
24]:

Ωj(t) = {θj : (
1

|σj,k(t)|)(θj, k − θ̂j, k(t)) ≤ 1, k = 1, ...., n+m}

Assuming the binary representation index o, with o ∈ 0, . . . , 2n+m,

o = αn+m+12
n+m+1 − 1 + . . .+ α22

1 + α12
0, (48)

the orthotope’s vertices V n+m+1
j, o (k), o = 0, . . . , 2n+m+1 − 1 are related to the σj parameters as:

V p
j, o(k) = θj(t) + [α∗

j, n+m+1σj, n+m+1(t), . . . , αj, 1σj, 1(t)]
T

where α∗
j,(·) =

{
+ when aj, (·) = 1

− when aj, (·) = 0
, and the volume ratio of the ellipsoid is being calculated

by:

Bj(t) = det−1 Cj(t)

ξj(t)
(49)
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where Cj(t) = Pj(t)
−1.

During the established fault detection scheme, the parameters of the induction motor are
being constantly tracked, while the corresponding confidence interval bounds are being up-
dated. In the case of a stator short winding fault, the values of the identified parameters will
be characterized by a jump and a constant drift from the converged nominal values of the
motor, as also the new parameters’s bounds (faulty case) will exceed the previous calculated
bounds (healthy case), which is a direct indication of a fault occurrence. Based on the pro-
posed SMI scheme for fault detection, the following rules are being established. It is assumed
that the SMI scheme is providing smooth value updates for the identified parameters. If a
timewindow t1 is being defined, then after the convergence of the parameters, small changes
in the identified values should be allowed. For the ad–hoc defined bound B1 the following
rule is being formulated:

θoj (t)− θ̂j(t− t1 : t)| ≥ B2 (50)

Where θoj (k) denotes the j–converged identified parameter ,the notation · denotes a moving
average time window of length Tp1. Another two rules can be defined, that are related with
the volumes of the bounding ellipsoids and orthotopes. The aim is to track the correspond-
ing volumes of the bounding ellipsoid/orthotope and allow only small changes, as in the
opposite case, this should generate an event of a fault. By defining two ad–hoc boundaries
as B2 and B3 the following rules can be formulated:

Ωe,o
j (k)− Ωe

j(t− t2) : t| ≥ B2 (51)

V o
ort(t)− Vort(t− t3) ≥ B3 (52)

where Ωe,o, V o
ort are the converged value of the ellipsoid in healthy case.

4 Simulation Results
For evaluating the performance of the proposed SMI scheme for fault detection, a model
of an induction machine has been considered with characteristics depicted in Table 1. The

Table 1: Induction Motor Parameters
Pole Numbers 4 rs 0.0616 per unit

Input Voltage 240V rr 0.0753 per unit

Frequency 50Hz J 0.00155 Kg.m

Lr 0.019 per unit Ls 0.019 per unit

Lm 0.01833 per unit

first simulation results, will focus in presenting the difference between themotor’s health and
faulty casewhere 2%of short circuit in statorwinding in phase ’a’ has been considered. Those
differences in terms of stator currents, rotor angular speeds and torques are being presented
in Figures 2, 3, and 4 respectively. In Figure 2 the difference between the healthy and the
faulty cause is being presented, where it is obvious that the currents, both in the stator and
in the rotor are being significantly increased in the case of a fault in the stator windings. In
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Figure 2: The stator’s and rotor’s currents in the healthy and faulty case
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Figure 3: The rotor angular speed of the motor in the healthy and faulty case

Figures 3 and 4 it is depicted that the fault is also affecting the steady values of the rotor’s
speed, which results also in a corresponding increase of the motor’s temperature that might
lead in additional faults, as also the steady state torque, where as it was depicted in the lower
part of Figure 4, more oscillations are being appeared. In the sequel, results from applying
the proposed SMI scheme for fault detection are going to be presented. In Figures 5 and 6,
the results from applying the SMI scheme on the healthy motor are being depicted, only for
the case of having as input Vqs and output iqs, while similar results have been obtained for
the rest of the motor’s parameters. As it can be observed from these figures the uncertainty
bounds are starting from a large value and in the sequence, as the identification procedure
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Figure 4: The torque of the motor in the healthy and faulty case

is evolving and the identified parameters are close to the nominal values, those bounds are
being decreased, until they reach their steady state value. It should be noted that due to the
size of the bounds the exact values of the converged parameters is not clearly displayed in
this Figure. Figure 7, the case of a fault occurred at 4800 samples (Sampling time Ts = 0.01)
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Figure 5: SMI based identified parameters for Fiqs and corresponding uncertainty bounds

is being presented. Due to this fault, a jump in the identified parameters is taking place.
Also it should be noted that in this case, the uncertainty intervals are changing (due to the
drift in the identified model) and this leads in a bounds violation event, which indicates the
existence of the fault. Similar graphs can also be extracted for all the identified parameters
of the motor and without loosing generality, in Figure 7, only the results for Tds,1 are being
displayed. The effectiveness of the identification scheme can also be examined by inspecting
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Figure 6: SMI based identified parameters for Tiqs and corresponding uncertainty bounds
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Figure 7: Convergence of the Tds,1 parameter and corresponding bounds before and after the
occurrence of the fault

the volume of the bounding ellipsoid. As it is being displayed in Figure 8 the volume is being
minimized and it is taking very small values as the identified model matches the real one. In
the event of a fault, the identified values are being drifted to small values (resulting from the
faulty model representation) and thus is why the bounds are being kept on monotonically
being decreased. In general in a case of an extreme fault, these boundswould be significantly
bigger and the event of the fault could be produced straight forward by simple monitoring
the volume of the ellipsoids. In the case of the fault being produced by stator’s shortwinding,
the operation of the motor is still unaffected, and the result due to the fault is a parametric
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drift and thus the simple inspection of the volume should not be the only factor that should
be monitored for fault identification. In this case, the occurrence of the fault has caused a
jump on the ellipsoid volume, which was bigger than the a priori defined bound (100) and
thus the algorithm is able to trigger a fault event.

Finally, the effectiveness of the SMI scheme could also be examined by measuring the
volume of the bounding orthotope. In Figure 9, the volumes of the polytopes generated for
the Fqs,1 and Fqs,2 parameters are being displayed in accordance with the sample index. As in
the previous case, again the fault has generated an abnormal jump in the orthotopes volume.
By simple tracking the distance among the centers of the polytopes and by applying the third
rule in fault identification, again the event of the fault could also be triggered.
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5 Conclusions
In this article a fault detection scheme for stator winding short circuit fault detection in the
case of a three phase induction motor has been presented. The three phase motor has been
modeled in the equivalent two phase motor (q − d) space, while the modeling of the faulty
case has been also formulated. The motor has been identified by the utilization of the SMI
algorithm that has themerit of identifying both the parameters of themotor as also providing
uncertainty safety bounds by calculating orthotopes which bounds the system’s parameter
vector. Based on the volume and the trend of these orthotopes, rules for identifying the
existence of a fault have been presented as also extended simulation results that proved the
efficiency of the suggested scheme.
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Bearing Fault Classification Based on Minimum
Volume Ellipsoid Feature Extraction

Mohammed Obaid Mustafa, George Georgoulas, and George Nikolakopoulos

This article presents a novel fault classification anddiagnosis technique for bearings based
on a Minimum Volume Ellipsoid (MVE) method for feature extraction. Data from two ac-
celerometers located at two different sites of the test bed are combined to create a two dimen-
sional representation and the feature extraction stage condenses that information using an
ellipsoid description. The proposed features feed a simple non-linear classifier which sepa-
rates almost perfectly between normal and faulty conditions, with also very high diagnostic
accuracy between the faulty classes. The obtained results suggest that this novel representa-
tion can be used within a condition monitoring system.

1 Introduction
Fault detection and diagnosis are very important operations, especially in the case of indus-
trial environments, mainly due to the need for increasing the reliability of the infrastructure
and decreasing possible loss of production. In such industrial environments, it is very com-
mon, faults to be induced in processes with rotating elements, since the mechanical fatigue
is one of the most important degradation factors. In case where only the field of rotating ele-
ments are considered, one of the most common type of faults occurs in bearings [1, 2]. More
specifically, bearing faults may account for 41%− 44% of all motor failures, as it is indicated
in the survey produced by IEEE–Industry Applications Society (IAS), which surveyed 1141
motors, and the Electrical Power Research Institute (EPRI), which surveyed 6312 motors [3].

The bearing is a machine element that consists of two rings called the inner and the outer
ring, while a set of ball or rolling elements placed in raceways rotate inside these rings [4].
Standard shapes of rolling elements include the ball, cylindrical roller, tapered roller, needle
roller, etc [5]. Bearing faults may lead to excessive audible noise, reduced working accuracy,
and development of mechanical vibrations, which result in increasedwear [6]. From another
point of view, ball–bearing related defects can be categorized based on their location as outer
bearing race, inner bearing race, and ball defects as it is depicted in Figure 1. Until now, mul-
tiple classificationmethods have been utilized for detecting bearing faults or categorizing the
fault, after the fault occurrence. Characteristic examples of such approaches include the use
of Neural Networks (NN) [7, 8, 9], Hidden Markov modeling (HMM) using auto–regressive
coefficients [10], and combination of ANN and Support Vectro Machines (SVMs) [4]. All the
aforementioned techniques use vibration–based signal analysis for the extraction of useful
information. The time–frequency domain has been a major source of information for bear-
ing fault diagnosis, while several statistical parameters in the time domain and the frequency
domain, such as the root mean square, kurtosis, and skewness, have also been examined as
features for performing fault detection [11, 12]. Alternative approaches include the use of
features based on Wavelets and Hilbert transformation [13, 14]. The common denominator
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Figure 1: Bearing contraction

in all these approaches is the transformation of the problem in another domain with a much
smaller dimensionality through a feature extraction stage, where the classification and the
distinction among the healthy and the faulty cases can be performed with greater accuracy
and robustness.

The main novelty of this article stems from the proposal of a new approach for feature
extraction for the case of bearing fault diagnosis, combining the data coming from two ac-
celerometers and using a bounding approach based on the theory of Minimum Volume El-
lipsoid (MVE) to condense the relevant information. As it will be presented, the adopted
feature generation procedure produces a very small and very effective set of features such
that a simple nearest neighbor classifier can be used for performing fault classification.

The rest of the article is structured as follows. In Section 2 the MVE based feature extrac-
tion methodology is presented, while the segmentation and data reprocessing are presented
in Section 3 and 4 respectively. In Section 5 the data set and the respective experimental set–
up are presented. Section 6 presents the classification stage and the procedure followed to
asses the validity of our method. In Section 7 the obtained results are presented and conclu-
sions are drawn in Section 8.

2 Features Extraction
In order to achieve a good performance during fault diagnosis, appropriate features extrac-
tion and features selection techniques should be incorporated. Thus the selection of suitable
features from the machine or the application under study is a process of paramount im-
portance for increasing the effectiveness of the fault diagnosis process. Features extraction
techniques can be mainly categorized into three categories; time domain, frequency domain
and time–frequency domain. The most common time domain features extraction techniques
include statistical analysis, which in turn includes the calculation of: mean, standard devia-
tion, RMS, skewness, kurtosis, maximum, minimum, and crest factor [15].
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As it has been stated in the introduction themain contribution of this article is the proposal of
a novel feature extraction method based on fusion of the vibration data coming from two ac-
celerometers located at two different sites of a motor test–bed, as it will be presented in more
detail in the following section 4. Subsequently, the collected vibration data are combined to
create a 2–D point cloud, and then convex optimization is applied for extracting appropriate
features. The feature generation is based on the property of MVE that encapsulates a finite
set of vibration data and the corresponding geometrical characteristics of the bounding ellip-
soid. The vibration signals aremeasured by two accelerometers placed at the Drive End (DE)
and Fan End (FE) of the motor (see section 4). In the sequel the feature extractionmechanism
will be analytically presented.

The MVE that contains a set C is called the Löwner-John ellipsoid of the set C, and it is
denoted as εij . To characterize εij , it is convenient to parameterize a general ellipsoid as:

ε = {ν : ‖Aν + b‖2 ≤ 1} (1)

where v the data set, A is a positive definite matrix with its eigenvectors defining the prin-
cipal directions of the ellipsoid, and with an offset b. As it has been indicated in [16], the
problem of finding a minimum volume ellipsoid that covers the set C, can be formulated as
a convex programming problem, if the problem of finding the minimum volume ellipsoid
that contains the finite set C = x1, . . . , xm ⊆ Rn is being considered, as it is depicted in Fig-
ure 2. An ellipsoid covers C if and only if it covers its convex hull, so finding the minimum

Figure 2: The proposed feature extraction

volume ellipsoid that covers C is the same as finding the MVE containing the polyhedron
conv {x1, . . . , xm}, while the MVE problem can be formulated as:

Minimize log detA−1

Subject to ‖ Axi + b ‖2 ≤ 1, i = 1, . . . ,m

where the variables are A ∈ Sn and b ∈ Rn, with the implicit constraint A � 0. The norm
constraints ‖ Axi + b ‖2≤ 1, i = 1, . . . ,m is a set of convex inequalities in the variables A and
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b [16]. The proposed feature set, depends on the calculation of five variables that come from
the MVE that contains the data set C, namely: 1) the axes of ellipsoid (d1,d2), 2) the center
coordinates of the ellipsoid (x0,y0), and 3) the angle of orientation a, as depicted in Figure 2
and described by the following equations [17]:

d1 =
1

2
((x1 − x2)

2 + (y1 − y2)
2)

1
2 (2)

d2 =
1

2
((x3 − x4)

2 + (y3 − y4)
2)

1
2 (3)

α = arctan
(y1 − y2)

(x1 − x2)
(4)

x0 =
(x1 + x2)

2
(5)

y0 =
(y1 + y2)

2
(6)

3 Segmentation
As it was presented in the previous section, the classification/diagnosis process is based
on the analysis of vibration signals coming from two accelerometers that are combined to
create a state-space like representation as it is shown in Figures 3 and 4 for normal and for
a faulty condition respectively. Since the feature extraction stage does not involve any of the
conventional time or frequency (or time-frequency) representations, the selection of the time
window for the analysis is not so crucial. In this work we employed a fixed window size
containing 2000 samples. From each record we extracted more than one segment without
overlapping and the number of segments extracted is summarized in the following Table I.
Note: segments coming from the same malfunctioning part were put together irrespectively
of the fault dimension and the loading condition.

Table 1: Summarized of segments extracted numbers for bearing faults
Normal 846
Ball fault 725
Inner race fault 723
Outer race fault 1694

4 Experimental set-up
The data used in this research work comes from a set-up that consists of two bearings in-
stalled in a motor driven mechanical system [18], one at the drive end of the motor (DE) and
the other at the fan end (FE). In both bearings three types of faults (outer race, inner race
and ball faults) were introduced using electro-discharge machining with various fault diam-
eters. For the case of the outer race faults, experimentswere conducted for both fan and drive
end bearings with outer raceway faults located at 3 o’clock (directly in the load zone), at 6
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Figure 3: Cloud of data in the healthy case (no load)

−0.3 −0.2 −0.1 0 0.1 0.2 0.3 0.4
−0.8

−0.6

−0.4

−0.2

0

0.2

0.4

0.6

Accelerometer DE

A
cc

el
er

om
et

er
 F

E

Figure 4: Cloud of data in case of Ball fault (no load, fault size 0.014 inches)

o’clock (orthogonal to the load zone), and at 12 o’clock. Each bearing was tested under four
different loads, 0, 1, 2, and 3 hp. For each test, vibration data were collected using accelerom-
eters placed at the 12 o’clock position at both the DE and FE of the motor housing. In our
case we selected only data corresponding to DE faults and only those recordings where data
from two sensors were available. Vibration data was collected at a sampling frequency of
12000 samples/s. A more detailed description of the experimental set-up and the apparatus
involved can be found in the Case Western Reserve University’s website [18].
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5 Preprocessing
Our algorithm is based on describing the "cloud" of data coming from each one of the dif-
ferent conditions using MVEs covering a finite set of vibration data set, and their respective
parameter values. Therefore the presence of irregular/extreme values, usually termed as
outliers, can have a negative effect on the feature extraction process. The effect of the pres-
ence of outliers in the process of fitting an ellipse can be seen more clearly in Figures 5, 6
where we depict the result of the application of the algorithm for time series coming from
the same condition (ball fault with 2 hp load and a fault of size 0.014) - different segments
coming from the same recording.

As a result before trying to fit an ellipse on the available data we applied a preprocessing
step involving a Gaussian outliers detection in order to reduce a bit the interclass variability.
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Figure 5: Cloud of data in case of Ball fault (no load, fault size 0.014 inches)

A Gaussian outlier detector assumes that the data under consideration are normally dis-
tributed and uses the Gaussian density function to estimate the probability of a given data
point:

p(x;μ,
∑

) =
1

(2π)
d
2

EXP (−1

2
(x− μ)T

−∑
1(x− μ)) (7)

where d is the dimension of the input space, μ is the mean and
∑

is the covariance matrix
which are estimated using the training data. The method is very simple and it imposes a
strict unimodal and convex density model on the data and it is very appealing especially
due to its simplicity [19]. The threshold that was set to discriminate between normal data
and outliers was set empirically based on the training data and by requiring a rejection rate of
the normal data equal to 5% [19]. The threshold could have been set theoretically, however
due to the finite number of training examples the empirical approach was selected [20]. The
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Figure 6: Cloud of data in case of Ball fault (no load, fault size 0.014 inches) (different seg-
ment than figure 5)

results of the application of the Gaussian outlier detection step on the ellipse fitting process
are depicted in Figures 7, 8 where even though there is still some variability, as in any real
life process, it is much reduced compared to Figures 5,6.
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Figure 7: Cloud of data (no load, ball fault size 0.014 inches) after removing the outliers
depicted in figure 5
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Figure 8: Cloud of data (no load, ball fault size 0.014 inches) after removing the outliers
depicted in figure 6

6 Classification
In the initial designphase and sincewehadonly 5 features as inputs to the diagnostic/classification
module we realized by observing Figures 9-13 that none of them can perfectly discriminate
among the various fault categories.

Moreover in order to get a better understanding of the segregation of points correspond-
ing to different classes, we used Principal Component Analysis (PCA), probably the simplest
among the dimensionality reduction techniques, in order to get a visual representation of the
data in 3 dimensions Figure 14.
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Figure 9: Normalized histograms of d1
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Figure 10: Normalized histograms of d2
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Figure 11: Normalized histograms of α

6.1 Principal Component Analysis-PCA

PCA is mainly used to reduce the dimensionality of the inputs from p to d, where d < p,
keeping at the same time as much of the variation of the original data set as possible [21].
PCA, due to its simplicity, is one of the most popular techniques for dimensionality reduc-
tion, as well as data visualization [22]. Table II presents the steps taken by PCA algorithm:
STEP 1 - The mean value for each original variable is calculated:

xj =
1
N

∑N
i=1 xij

STEP 2 - The caclulated mean is subtracted from the original variable:
x́ij = xij − xj , i = 1, . . . , N and j = 1, . . . , d

STEP 3 - The covariance matrix is calculated of the zero-mean
data matrix whose elements are given by:

xj =
1

N−1

∑N
i=1(xin − xn)(xim − xm), n, m = 1, . . . , d
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Figure 12: Normalized histograms of x0
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Figure 13: Normalized histograms of y0

Table 2: Principal Components Extraction Algorithm

6.2 Classification Evaluation Scheme
From Figure 14 we observe that the different fault conditions are occupying different parts of the
feature space with not somuch overlap. On the other hand it is also obvious that due to their irregular
shapes and the lack of single culsters per class, dictates the use of a nonlinear classifier. Even though
there is a plethora of nonlinear classifiers that could be tested [23], since the motivation of this work
was to check the usability of the feature extraction technique, for the classification phase, we resorted
to a simple non-linear method, the nearest neighbor classifier. The nearest neighbor classifier assigns
a feature vector x to the class of its nearest neighbor (that is contained in the training set) [23].

In order to estimate the performance the 5 x2CV (cross-validation) approach has beenutilized [24].
In other words each time we randomly selected half of the data for training (keeping the relative
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occurrences of each type fault-stratified approach) and half for testing, then we swapped them (the
training set was becoming the testing set and vice versa) and the whole process was repeated 5 times.
PCA for dimensionality reduction was also applied within the training process. More specifically,
during each fold the training set was again divided into training and testing sets (70% for training
and 30% for testing) using a similar reshuffle scheme (random subsampling). This "inner" loop was
repeated 10 times and the best configuration (number of principal components (PCs)), in terms of
average classification performance was selected and the model was retrained using both the training
and testing sets of the inner loop and validated using the testing set of the outer loop. This method
decoupled the parameter selection stage from the estimation of the performance [25]. This way we
avoided reaching overly optimistic (overfitting) conclusions about the capabilities of our approach.

7 Results Analysis and discussion
The results are summarized in the aggregated confusion matrix of table III. From table III we can see
that using the new features proposed in this work we have almost perfect discrimination between
normal and faulty cases and very high individual classification rates (99.98, 94.68% 96.32% 99.66%
for normal, ball fault, inner race a fault and outer race fault respectively). As it can be seen from the
confusion matrix, only 7 out of the 15800 segments coming from faulty conditions were mistakenly
classified as normal and only 1 out of 4300 normal operating segments was erroneously classified as
faulty. Therefore we can see that the method can be used with almost 100% accuracy to discriminate
between faulty and normal operation, showing its potential use as an anomaly detector. Between the
three fault classes there seems to be some overlap between the ball fault and the inner fault caseswhile
the outer race faults seem to have quite a different signature. Regarding the number of PC in all cases
four or more PCs were retained indicating that features that in isolation may look quite "weak" as for
example the features describing the center of the ellipsoid (see Figure 12 and 13) may help the overall
detection when included to the feature set. Finally we should note that in a real life scenario where
we have continues monitoring of the machinery,isolated misclassification could be avoided with an
additional filtering scheme (median filtering or another similar technique).

Table 3: Discrimination between normal and faulty cases
Predicted

Normal Ball Inner Outer
Normal 4229 1 0 0

True Ball 7 3432 161 25
Inner 0 129 3482 4
Outer 0 19 10 8441
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Figure 14: Scatter plot of different conditions after projection to the first three PCs

8 Conclusions
In this research work an alternative procedure for feature extraction was proposed. The new method
uses an MVE approach to describe a set of measurements collected by two different accelerometers.
The occurance of a fault results in a change of the orientation, the shape and the volume of the MVE
that encapsulates the collected data in two dimensions, providing and effective way for character-
izing the condition of the system. The extracted set of features could be used as an extra source of
information for the development of more rubus condition monitoring systems.
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