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Abssrran: The on-line fault diagnostics technology for induction
machines is fast emerging for the detection of incipient faults as to
avoid the unexpected failure. Approximately 3040% faults of
induction machines are stator fa ults. This paper presents a review
of recent developments in applications of artificial intelligence
techniques for induction machine stator fault diagnostics. Now a
days artificial intelligence (AI) techniques are being preferred
over traditional protective relays for fault diagnostics of induction
machines. The spplieation of expert system, fuzzy logic system,
artificial neural networks, genetic algorithm have been considered
for fault diagnostics. These systems and techniques can be
integrated into each other with more traditional techniques. A
brief description of various AI techniques highlighting the merits
and demerits of each other have been discussed. Fault diagnosis of
electric motor drive systems using AI techniques has been
considered. The futuristic trends are also indicated,

I . INTRODUCTION
The induction machines are known as work horse of
modem industries because of various technical and economical
reasons., These machines face various stresses during operating
conditions. These stresses might lead to some modes of
failures. Hence the condition monitoring becomes necessary in
order to avoid catastrophic failures. A lot of work has been
reported in the literature regarding the concept of induction
machine condition monitoring [I-371.
Approximately 30-40% of induction machine faults are
stator faults. Hence implementing the predictive maintenance
on induction machines requires diagnostic tests or monitors
sensitive to stator condition [I,4,17].
The Artificial Intelligence (AI) techniques have numerous
advantages over conventional fault diagnostic approaches [5].
Besides giving improved performance these techniques are
easy to extend and modify. These can be made adaptive by the
incolporation of new data or information.
In the present paper an effort has been made to present a
review of the recent developments in the area of stator fault
diagnostics of induction machines based on Al.
The
application of expert systems (ES), artificial neural networks
(ANN), fuzzy logic systems (FLS) and genetic algorithm (CA)
techniques has been covered. These systems can be integrated
into each other and also with other traditional techniques.

This paper aims at pre’senting a comprehensive survey on the
subjeci of applications of AI techniques for induction machine
stator fault diagnostics. A number of publications [I-1001 are
reviewed and classified in six categories. The first category of
publications [I-371 is on general texts, review papers,
standards, and patents, while second category [38-401 are on
classification of stator faults. Third category [41-521 includes
brief introduction of various AI techniques.
Next category
[53-901 is on AI based induction machine fault diagnostics.
The fifth categoty [91-971 includes A1 based fault diagnostics
of electric drives. The last and sixth category [98-IOO] of
reviewed publications is on futuristic trends of stator fault
diagnostics using AI techniques. However, some publications
belong to more than one category and have been classified
based on their dominant contribution.
This paper is presented into following eight parts. Starting
with an introduction, the subsequent sections cover the
classification of stator faults, the various AI techniques, AI
based stator fault diagnostics, comparison of various AI
techniques, AI Based fault diagnostics of electric drives,
futuristic trends and the concluding remarks.
II. CLASSIFICATION OF STATOR FAULTS
The stator is subjected to various stresses such as thermal,
electrical, mechanical and environmental [3840], which
severely affect the stator condition leading to faults [17]. The
stator defectdfaults can be broadly classified into following
two categories.
A. Stator Core Defects/Faults
The most common defectsifaults of core are related to either
laminations or frame as enumerated below:
Laminations (core hot spot, core slackening), frame (vibration,
circulating currents, loss of coolants, earth faults).
B. Stator Windings Defects/Faults
The most common defects/faults of stator windings are
related to either 'end winding portion' or 'slot portion' as given
below:
End winding portion (local damage to insulation, fretting of
insulation, contamination of insulation by moisture, oil or dirt,
damage to connectors, cracking of insulation, discharge erosion
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of insulation, displacement of conductors, tum-to-turn faults),
slot portion (fretting of insulation, displacement of conductors).
111. VARIOUS AI TECHNIQUES
Basically AI is the study of mental facilities through the use
of computational models [16]. It has produced a number of
tools since its emergence as a discipline in mid 1950s. The
tools are of great practical significance in engineering to solve
various complex problems normally requiring human
intelligence [73]. The powerful tools among these are expert
system (knowledge- based system) [46,51], FLS [41,46,51],
ANN [42,44-47,51-521, Neural-Fuzzy [43], GA [46,49], GA
assisted ANN [45] and Support Vector Machines (SVM)[59].
A. Expert System
The expert system (ES), also known as knowledge-based
systems (KBS), is basically computer programs embodying
knowledge about a narrow domain for the solution of prsblems
related to that domain. An ES mainly consists of a knowledge
base and an inference mechanism. The knowledge base
contains domain knowledge, which may be expressed as any
combinations of'IF-THEN' rules, factual'statements, frames,
objects, procedures and cases. While the inference mechanism
manipulates the stored knowledge to produce solutions.
B. Fuzzy Logic System
A demerit of ordinary, rule-based ES is that they cannot
handle new situations not covered explicitly in their knowledge
bases. These ESs cannot give any conclusions in these
situations. The FLSs are based on a set of rules. These rules
allow the input to be fuzzy, i.e. more like the natural way that
human express knowledge [XS]. The use of fuzzy logic can
enable ESs to be more practical. The knowledge in an ES
employing fuzzy logic can be expressed as fuzzy rules (or
qualitative statements). A reasoning procedure, the
compositional rule of inference, enable’ conclusions to be
drawn by extrapolation or interpolation from. the qualitative
information stored in the knowledge base.
C. Arti/icial Neural Nehvork
ANN can capture domain knowledge from examples [46].
They can readily handle both continuous and discrete data and
have good generalization capability as with fuzzy expert
systems. An ANN is a computational model of the brain.
ANNs assume that computation is distributed over several
simple units called neurons, which are interconnected and
operate in parallel thus known as parallel distributed
processing systems or connectionist systems. Implicit
knowledge is built into a neural network by training it. Some
ANNs can be trained by typical input patterns and the
corresponding expected output patterns. The error between the
actual and expected outputs is used to strengthen the weights of
the connections between the neurons. This type of training is
knowti as supervised training. Some of ANNs are trained in an
unsupervised mode, where only the input pattems. are provided
during training and the network leams automatically to cluster
them in groups with similar features.
D. Geietic Algorithm
GA is a stochastic optimization procedure inspired by
natural evolution. It can yield the global optimum solution in a

complex multi-model search space without requiring specific
knowledge about the problem to be solved. A genetic or
evolutionary algorithm operates on a group or population of
chromosomes at a time, iteratively applying genetically based
operators such as crossover and mutation to produce fitter
populations containing better solution chromosomes [46].
E. Support Vector Machine
SVMs are the methods for creating functions from a set of
labeled training data. The function can be a classification
function (the output is binary: is the input in a category) or the
function can be a general regression function. For
classification, SVMs operate by finding a hyper surface in the
space of possible inputs, which will attempt to split the positive
examples from the negative examples.
IV. AI BASED STATOR FAULT DIAGNOSTICS
Recently AI techniques are being preferred over traditional
protective relays for fault diagnostics to manage data
acquisition and processing in order to increase the diagnostic
effectiveness [SO]. The main steps of an AI based diagnostic
procedure are 'signature extraction', 'fault identification' and
'fault severity evaluation'
The faults of an induction machine supplied by sinusoidal
voltages are linked with the harmonic content of the stator
current, i.e. each fault is associated with the presence of
specific harmonic components.
The various AI techniques for the fault diagnostics of stator
faults, which have been reported in literature, are ESs, ANNs,
FLSs, and Neural-Fuzzy systems.
A. Expert Systems for Stator Fault Diagnostics
A computer program for performing a suitable data
acquisition and a Fast Fourier transform (FFT) is to be
activated for stating the stationary condition of the machine.
Some of the current spectrum components depend on the
machine speed or slip. In such cases the task architecture of the
machine diagnostic expert system should be like Fig.1.
The expert system inference engine filters the harmonic
components and to perform the reduction of the large amount
of spectral information to a suitable level. The knowledge of a
component trend makes the ES a robust threshold handler,
which decides to consider or ignore a particular failure
component [54-55]. The system can determine a fault situation
by doing the signature extraction and fault identification from
the combined derived information from the trends of the
various harmonic components and the machine operating
conditions.
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Fig. I. Expen fragment scheme

B. A ilif&al Neural Network for Stator Fault Diagnostics
The fault seventy evaluation can be done by the supervised
neural network, which can synthesize the relationship between
the different variables constituting input vectors and the output

30

diagnostic indexes, which, indicate the fault severity, starting
from examples utilized in the leaming procedure. [56-58, 6061, 63-64, 67-72, 74-75, 77, 80, 84, 1001.
ANN architecture to quantify a stator short-circuit has been
shown in Fig. 2 [801. Here In, I,, s, sr are respectively the
negative and positive sequence stator currents, the slip and
rated slip. 1. is independent of the operating conditions and it
constitutes a refeience variable for inter-tum failure
diagnostics. While ^ is dependent both on the short circuit
percentage and slip value.

The knowledge is provided by the fuzzy parameters of
membership functions and fuzzy rules. This neural-fuzzy fault
detector is constructed, as shown in Fig.4, using two modules:
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Fig. 2. ANN architecrure for rhon circuit diagnosis

A continual on-line training (COT) algorithm with low data
memory and computational requirements has been developed
given for ANN based stator winding tum fault detection which
does not require training prior to commissioning [84].
C. Fuzzy Logic Sysfem for Stnfor Fault Dingnoslies
For induction machine fault diagnostics, the machine
condition is described by linguistic variables [58,62,66,79,85].
Fuzzy subsets and the corresponding membership functions
describe stator current amplitude. A knowledge base consisting
of rule and databases is built to support the fuzzy inference.
The block diagram of FLS for fault diagnostics of induction
machines is shown in Fig. 3 [85]. Fuzzy rules and membership
functions are constructed by observing the data set.
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D. Neural-Fuzzy System for Sfutor Fouk Dingnostics
By merging hzzy logic and ANN techniques, a neural-fuzq
fault detected is obtained which leams the stator faults and the
condition under which they occur through an inexperienced
and noninvasive procedure [59,65,80,86-871. The neural-fuzzy
system is an ANN structured upon fuzzy.logic principles,
which enables this system to provide qualitative description
about the machine condition and the fault detection process.

(a) The fuzzy membership function module (Module 1)
(b) The fuzzy rule module (Module 2).
The guideline for the training of neural-fuzzy machine fault
detector is given as flowchaFt in Fig.5. Multiple Adaptive
Neuro-Fuzzy System (ANFIS) units have been suggested for
multiple fault detection [84].
V. COMPARISON OF VARIOUS AI TECHNIQUES
ANN modeling techniques for fault diagnosis sometimes
does not give satisfying results. The noise present in the signals
and usage of feature set that do not describe the signals
accurately and local convergence of gradient based learning are
some of the most probable reasons for the 'not so good' results.
The concept of feature selection and genetic training are used
to improve the classification accuracy and to reduce the
computational time. A simple GA is used to select best set of
feature set from the available set of features. A multi layer feed
forward ANN can be trained with GA as a global search
technique to overcome the local convergence problem.
A drawback of CA is that it has no concept of an "optimal
solution," or any way to test whether a solution is optimal.
Both the ANNs and SVMs leam from experimental data, and
are universal approximators in the sense that they can
approximate any function to any desired degree of accuracy.
After leaming ANNs and SVMs, these are given with the
same mathematical model and they can be presented
graphically with the same so-called ANN'S graph. They differ
by the leaminy- methods. SVMs and ANNs are the 'black box'
modeling with no previous knowledge required but there are
measurements, observations, records and data while FLSs the
'white box' modeling using structured knowledge of
experience, expertise or heuristics, The ANN stands to the idea
of learning from the data while FLS stands to the idea of
embedding the human knowledge into workable algorithms.
VI. AI BASED FAULT DIAGNOSTICS OF ELECTRIC .
DRIVES
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The machine diagnostic systems of the induction machines
supplied by a frequency convener have to be combined with
the fault possibilities of the convener [SO]. The literature is rich
regarding the classification and analysis of true fault operations
of single components of electric systems. The predictive
diagnostic approach has been developed by researchers
regarding subsystem<.
In the case of closed loop drives the impact of control loops
on the machine fault effects has been reported in literature
recently [96-971. A sophisticated procedure is to be adopted for
the machine condition because of the fact that the control itself
modifies the behaviour of supply variables. The typical
spectrum lines due to faults in the machine input currents are
present in the voltage spectrum also. The manipulated variables
can be sensed beyond the motor terminal. Because the
regulators in presence of faults will force the controlled
variables to the reference values, the controller outputs change,
reflecting fault entity and type. New indices can be retrieved
for manipulated variables also.
AI techniques are being applied for designing and
realization of the control of fault-tolerant systems. The concept
of CA-based self-repairing drives was first discussed in
publication [24]. AI based self-repairing and self-constructive
controllers and estimators have been implemented. The
automated diagnostics is also, possible using the automated
self-repairing feature.
VII. FUTURISTIC TRENDS
AI techniques are slowing replacing the human interface for
the monitoring of stator faults giving rise to the concepts of
automated diagnosis.
• There is a significant opportunity to add intelligence to
motors, providing a level of communications and
diagnostic capability. The intelligence can be built into the
motor's terminal box so that the overall package requires
no more space [98].
• Till date the research has been concerned with the use of
ANNs and fuzzy logic in conjunction with various
different statistical preprocessing techniques; including
higher
order
statistics,
bispectrum,
trispectrum,
cyclostationary statistics and wavelets GAS have also

been utilized to carry out feature selection for the ANN,
choosing the optimal set of input features for the ANN to
give an accurate performance [99].
•
SVM techniques can be explored for the development of
induction machine intelligent diagnostic systems.
•
A assisted neural and fuzzy-neural systems based selfrepairing electric drives will have tremendous scope in
future [80,9O].
• The new developments in AI e.g. data mining, or the
extraction of information and knowledge from large
databases, and multi-agent systems, or distributed self
organizing systems will have a great impact in stator fault
diagnostics of induction machines 1461.
• Neural-Fuzzy systems to be extensively used for the
detection of multiple faults at the same moment.
•
The design of controllers and estimators for different types
of drive systems to be greatly influenced by self-repaiting
and self-constructing systems.
VIII. CONCLUSION
AI has produced a number of powerful tools over the years,
which are being used extensively for various engineering
applications including fault diagnostics. This paper has
reviewed the applications of four of these tools, namely,
knowledge based systems, fuzzy logic, artificial neural network
and genetic algorithm for stator fault diagnostics of induction
machines. The relative comparison of these tools has also been
discussed. These techniques promise to have greater role in
electric drive diagnostic systems in future.
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