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1. Introduction

This technical note summarizes the research trends in the area of anomaly (fault)
detection and classification within electrical power conversion systems with special
emphasis on motor drive inverters. To begin, an example of Army interest and a
brief overview of the basic concepts and terminology used in this field are given.
Next, a general description of fault detection and classification methods is
presented with details provided about the methods most frequently used in power
conversion. The third section summarizes selected published works to provide the
reader with a sense of the state of these methods as applied to power electronics.

2. Background

Based on a detected fault or anomalous condition, we would like a future military
system to inform the commander or operator, as well as provide operational
recommendations. For example, we may predict that a future, hybrid-electric
fighting vehicle has multiple motor-drive inverters powering the main traction drive
sprocket, fuel pump, environmental conditioning unit, and so on. A simplified
schematic of one of these inverters is shown in Fig. 1. Here a DC power source
(battery, Vin) feeds the power inverter, composed of semiconductor switches S1-S6,
which drive an AC motor. Each switch pair (S1-S4, S3-S6, and S2-S5) are operated
in coordination to produce the three phase currents (ia, ib, and ic). If, for example, a
fault is detected in S1, we would like the machine learning (ML)-based control
system to inform the commander of how long the present operational tempo may
be maintained or how this fault could impact mission success. These results would
be based on accurately classifying the fault and assessing the fault’s functional
impact based on historical data from fleet usage or simulation studies. Additionally,
and with more difficulty, we would like the ML system to provide a justification
for the recommendation given.
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Fig.1  Simplified schematic of DC-AC motor drive inverter
3. Anomaly Types

Anomalies (the terms anomaly and fault will be used interchangeably) may be
classified into three categories: point, contextual, or collective. Point anomalies can
occur in any data set and may be evaluated at each data instance. Collective
anomalies can occur only in those data sets in which multiple data instances are
related. Identifying contextual anomalies requires an evaluation of the data instance
in the light of other determining attributes. Note that a point or collective anomaly
can also be a contextual anomaly if analyzed with respect to a context. As shown
in Fig. 2a, point anomaly (point P) lies well outside the two other data clusters. In
this data, no relationships or context are assumed among the data points. Fig. 2b is
a representation of the average high temperature over the course of several years.
We note the data instance, which is contextually anomalous with respect to the
nature of the data set. The observed temperature is very low for that expected in a
typical summer. Therefore, that temperature instance is not anomalous because of
its value per se, but because of the context of that value. Finally, in Fig. 2c, a
collective anomaly is observed because a collection of related data instances is
anomalous with respect to the entire data set. Here, there is a period of time over
which the signal is three times its nominal frequency. Again, note that the values
of specific data instances in a collective anomaly may not be anomalies when
considered individually, but their occurrence as a collection may be anomalous.
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Fig.2  Anomaly class examples: a) point, b) contextual, and c) collective

With knowledge of the system and operating conditions, one is able to label each
data instance as normal or abnormal. Obtaining a labeled set of data, covering all
possible type of anomalous behavior, is more difficult than obtaining labels for
normal behavior. In either case, the process by which data is labeled is often
performed by a human expert and therefore requires substantial effort to obtain.
Based on the availability of labeled (or training) data, detection algorithms operate
in one of four modes: supervised, semi-supervised, unsupervised, or reinforced.
Algorithms trained in the supervised mode require the availability of a training data
set that has labeled instances for normal and anomalous classes by which the



classifier is trained. Algorithms that operate in a semi-supervised mode assume that
the training data has labeled instances for only the normal class and from which a
normal model is derived. Based on this model, a discrimination of the unknown
data set may be performed. Algorithms that operate in unsupervised mode do not
require training data and make the implicit assumption that normal instances are far
more frequent than anomalies in the test data. Anomalies, therefore, are those data
instances that do not conform to the population centers (clusters). Reinforcement
algorithms do not use training data per se. Labels are assigned based on past success
(exploitation) and also by “guesses” (exploration). Here, the labeling process uses
trial and error guided by a success-oriented reward policy.

4. Fault Detection and Classification Techniques

There are many anomaly detection techniques discussed in the literature, which are
focused, primarily, on detecting point anomalies. Included, by category, are the
following:

1) Classification

Neural networks
Bayesian networks
Support vector machines
Rule-based

2) Nearest neighbor
e Distance to kth nearest neighbor
e Relative density

3) Clustering
4) Statistical
5) Spectral

6) Contextual

It is beyond the scope of this technical note to fully describe all of these techniques;
however, several will be described to give background information to support the
discussion of cited works.

In comparison to the rich literature on point anomaly detection techniques, research
on contextual anomaly detection has been limited. Contextual anomalies require
that the data has a set of contextual attributes (context), and a set of behavioral
attributes through which anomalies may be identified. Broadly, these techniques
fall into two categories: those that reduce the contextual anomaly detection problem



to a point anomaly detection problem, and those that model the structure within the
data and use this model to detect anomalies.

Collective anomaly detection is more challenging than point and contextual
anomaly detection because it involves exploring structures within the data for
anomalous regions. A primary requirement for collective anomaly detection is the
existence of a relationship between data instances. Three types of relations that are
frequently exploited are sequential, spatial, and graph.

As we consider fault detection or performance degradation in power conversion
systems, anomalies may occur within a specific context. For example, a
commanded voltage or expected efficiency might not be attained. Or, it might occur
as an anomalous sequence of observations (collective anomalies), such as
abnormalities in switching waveforms. The trend has been to reduce both scenarios
to point-anomaly detection problems.

The fault detection and classification process may be described, generally, by four
steps:

1) Modeling/characterization/data collection
2) Preprocessing
3) Feature creation, selection, and extraction
4) Classification

In the first step, a model describing the behavior of the system is developed. This
model may be analytical (i.e., based on physical laws), linguistic (i.e., based on
linguistic description), or empirical (i.e., based on data collected from the system).
The model should be capable of generating all relevant behavior, including all
expected conditions such as steady-state operating, transient loading, noise, and
fault conditions. As this step is focused, primarily, on system modeling, and not
fault detection and classification, no further details will be provided here.

4.1 Data Preprocessing

In the data preprocessing step, the operational data set is enhanced and/or converted
to the appropriate processing domain with the goal of making the anomalies of
interest easily recognizable by the detection algorithm. Some examples include the
following:

« OQutlier removal, offset removal, data clipping, and value normalization.

« Noise reduction by filtering or smoothing.



« Transformations within or between time and frequency domains.

« Advanced, time-frequency signal processing such as Fourier and wavelet
transformations.

Consider, for example, processing time-based phase current data from an induction
motor drive system. Time-frequency based approaches, such as the Fourier
transform, are suitable if the speed of the drive remains constant for significant
periods of time. That is, the statistical properties of the phase current do not change
over time (stationary process'). In many situations where variable-speed drives are
employed or where speed and/or loading vary considerably with time,
nonstationary approaches, such as the short-time Fourier transform (STFT) and
wavelet transform (WT), are used. The STFT uses the standard Fourier transform
over a small subset of the data (window) and can provide some information about
both time and frequency. The primary shortcoming of the STFT is its limited time-
frequency resolution, which is subject to the uncertainty principle. Simply stated,
low frequencies cannot be resolved using short-time windows and short pulses
cannot be accurately localized in time with long-time windows. This limitation was
a strong motivation for the development of wavelet theory.

Just as the Fourier transform decomposes the input signal by using sinusoidal
waveforms of many frequencies, the WT decomposes the input signal using a basis
waveform called the mother wavelet and is given by:

WY (z,5) = ﬁ [x@y* (<) at, (1)

where x is the time-dependent input function, vy is the mother wavelet function, s is
the scaling parameter, and 7 is the translation parameter. In this equation, the
transform is simply the inner-product of the input function and amplitude-scaled,
time-translated version of the mother wavelet. Although Eq. 1 is the continuous
wavelet transform (CWT), in this note any reference to the WTs implies a practical
implementation using the discrete wavelet transform (DWT), which is the dominant
form used in digital signal processing applications. The WT uses a variable-size
windowing technique to analyze regions of the data set. Long-time windows are
used where precise, low-frequency information is needed. In this case, one may still
obtain information about high frequency components; however, the position (in
time) cannot be accurately determined. By using short-time intervals, the time
position of high-frequency information can be precisely determined. Localized
analysis in the time-frequency or time-scale domains is one of the significant
advantages of the WT and make it an effective approach for condition monitoring
and fault detection of both stationary and nonstationary signals.?



A depiction of a 3-level DWT is shown in Fig. 3. The input signal (x), contains n
sample points that are passed through a high pass filter (HPF) and a low pass filter
(LPF). The filters’ outputs are then down-sampled by a factor of 2. The output of
the LPF path is referred to as the approximation coefficients (Ai) and the output of
the HPF path is referred to as the detail coefficients (Di). This decomposition
process may then be repeated on the detail coefficients to obtain the next-level
transform. As the frequency content is reduced by a factor of 2 per level,
decomposition is usually performed until the frequency of interest is obtained. To
effectively use the DWT, it is critical that proper mother and scaling functions and
decomposition level be chosen such that the original signal can be accurately
reproduced.
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Fig.3  Wavelet coefficient generation algorithm

4.2 Feature Creation, Selection, and Extraction

The goal of the third step is to select, from the processed data, a feature vector that
has the highest probability of indicating, and perhaps classifying, an anomaly. Here,
the feature vector is a set of parameters used to detect and classify anomalies. These
parameters may include Fourier or wavelet coefficients, phase current values, or
any other parameter relevant to anomaly detection. It is very important to note that
classification performance using a large number of features is, however, not optimal
from both the perspective of computational cost and classification accuracy.

Many methods for dimensionality reduction, based in the time or frequency
domains, have been proposed during recent decades and a survey of 25 of these is
presented in Phinyomark et al.> As an example, “energy” is a common feature
derived from the DWT coefficients and is defined as:

E = al;m)|”, ®)

where there are n, DWT coefficients (c) at decomposition level j.



More frequently, statistical calculations are performed on the preprocessed data to
obtain features. Most notably used are the first four statistical moments:

mean (u) representing the average value,
p=Xix; p(xy), 3)
where p(x;) is the probability of the occurrence of the ith value (x;),

variance (o2) represents how closely values under consideration are spread about
the mean,

0% = E[(X — w)?] = ZiCx — )? p(x), (4)

skewness (y;) that reflects the dissymmetry of the distribution of values,
_.\3
n=£|(<%) ©

and kurtosis (k) that reflects the degree of flatness of the distribution of values,

K=E [(’%")4] (6)

Although statistical features are often used in the detection algorithms, it has
generally been observed they are not sufficient to detect with high confidence
levels. Moreover, fault classification is nearly impossible without the consideration
of additional features.

As previously indicated, it is possible to generate an overwhelming number of
features from the preprocessed data. In order to interpret such data sets, methods
are required to drastically reduce the dimensionality, while preserving relevant
information contained in the data. Most of the references cited in this note did not
explicitly discuss the formal process by which features were selected. That is to
say, features were selected until an acceptable result was achieved. However, it is
unknown if the selected set is the optimal set. Feature selection is a field of study
unto itself and introductory information on this topic may be found in the work of
Kuhn and Johnson.*

Principal component analysis (PCA) is one of the oldest and most widely used
selection methods. Its goal is simple—to reduce the dimensionality of the feature
vector, while preserving as much “variability” (i.e., statistical information) as
possible. This translates into finding new features that are linear combinations of
those in the original vector, that maximize variance, and that are uncorrelated with
each other. The PCA linear transformation maps features to a new coordinate



system such that the greatest variance lies on the first coordinate (called the first
principal component), the second greatest variance on the second coordinate, and
so on. PCA can be thought of as fitting an m-dimensional ellipsoid to the feature
vector, where each axis of the ellipsoid represents a principal component. If an axis
of the ellipsoid is small, then the variance along that axis is also small, and an
equally small amount of information is lost by omitting this axis and corresponding
principal component from the representation of the data set. An assumption in this
discussion is that the most important features are those with the highest variance.

4.3 Classification

The fourth step is classification, in which the selected features are analyzed to
detect and classify faults. A classification model must be developed through which
unlabeled data objects are assigned to one of several predefined categories or
classes. Nearly all of the common classification methods have been applied to
power conversion applications. These include the following:

1) Decision tree (DT)

2) Fuzzy inference system (FIS)

3) Support vector machine (SVM)

4) kth nearest neighbor (k-NN)

5) Atrtificial neural network (ANN)

6) Adaptive neuro-fuzzy inference system (ANFIS)

The decision tree (DT) classifier is a supervised learning algorithm. Recall that, in
supervised learning, the existing data is already labeled and, therefore, one knows
which features and rules will allow the unknown data set to be classified with little
or no error. The classification model is constructed by building a DT based on
training data that includes all possible features and their values. Each node in the
tree specifies a test on a feature, each branch descending from that node
corresponds to one of the possible values of that feature. Each leaf represents class
labels associated with the instance. Instances in the training set are classified by
navigating them from the root of the tree to a leaf, according to the outcome of the
tests along the path. Starting from the root node of the tree, each node splits the
instance space into two or more subspaces according to the feature test condition.
Then moving along the tree branch corresponding to the value of the feature, a new
node is created. This process is then repeated for the subtree rooted at the new node,
until all records of the training set have been classified. There are two types of DTs:
classification and regression. Classification trees sort based on qualitative sorting,



whereas regression trees are based on quantitative sorting. In power conversion
fault classification, regression tress are often used because features are based on
specific parameter values.

Fuzzy inference systems (FISs), based on fuzzy logic, are similar to DTs in that
both are supervised algorithms in which a fixed (static) set of rules are obtained
from training data. Unlike the “crisp” data used in the regression trees, the FIS uses
fuzzy rules and, therefore, fuzzification and defuzzification processes are needed
in a practical classifier system. To illustrate the fuzzification—defuzzification
process, consider a simple cooling system. In addition to the fuzzy controller, this
system has a temperature sensor, motor controller, and fan. When the digital
temperature sensor reports a “crisp” value of 97.4 °F to the fuzzification process, a
membership function maps a fuzzy value to the crisp input value—in this case, 97.4
is converted to a value that indicates the degree to which this temperature should
be considered “HOT”. Membership functions usually have an output range of [0,1]
and, therefore, let us say that we map a value of 0.87 to the input value of 97.4.
Selection of the membership function type (e.g., triangle, trapezoid, Gaussian) is
based on the expert knowledge of the system designer. Figure 4 compares
membership functions for crisp and fuzzy systems. In the present example, assume
that Fig. 4 is the membership function for the set of “WARM?” temperatures and
that point “a” is 70 °F and point “b” is 80 °F. In a crisp controller, only temperatures
between 70 °F and 80 °F could be labeled warm. Furthermore, an input temperature
of 72 °F will have the same label as an input of 79 °F. The fuzzy controller considers
the entire range of input values to be “WARM?” and applies a strength value based
on the membership function. We can assume that there is also an overlapping
“COLD” membership function (not shown) and that point “a” will also be
considered to be a member of this class, but to a lesser strength. Having assigned
membership strengths to the input value, the fuzzy “classification” rules in the
controller are applied to obtain a fuzzy speed value for the cooling fan. Finally, a
defuzzification process is used to obtain a crisp value that can be used by the fan
motor controller, say 103 rpm. When compared to a crisp controller that uses
precise thresholds, the imprecise nature of the FIS allows more flexibility in
defining the classification rules and optimizing their effectiveness.

10
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Fig.4  Comparison of crisp and fuzzy membership functions

A very common algorithm used to distinguish two classes is the support vector
machine (SVM). The objective of the SVM algorithm is to identify the hyperplane
that delineates the maximum margin (distance) between the data points of the two
classes. Hyperplanes are decision boundaries that are used to classify the data points
while the support vectors are those data points that have the greatest influence on
the position and orientation of the hyperplane. By definition, the dimension of the
hyperplane is one less than the feature vector dimension. So, as shown in Fig. 5, if
the number of input features is 2, then the hyperplane is just a line. Although any
separating hyperplane could be chosen, the one maximizing margin within the
training data provides some assurance that classification algorithm will be
successful when applied to unknown data sets.

(b)
N e
- R N
1-dimensional hyperplane 2-dimensional hyperplane

Fig.5  Examples of hyperplane in a) 2-D and b) 3-D space

The k-nearest neighbor (k-NN) algorithm is based on majority voting and uses
locally stored, labeled training data to classify unknown data points based on how
their neighbors are labeled. Of course, in this scheme, we must define how

11



neighbors are selected. Figure 6 shows an example of a k-NN system with an
unlabeled data point (green circle) being classified using a value of k being 3 and
5. When k is equal to 3, the new data point is classified as a red triangle, whereas it
is classified as a blue square when k equals 5. The nearest neighbors are usually
selected by a distance measure such as Euclidean, Manhattan, and Hamming. The
value of k is often determined by using a validation process. Here, a subset of the
test data is selected and classified using a range of k values. The value of k selected
is that which minimizes the classification error. Alternatively, k may be set to v/n,
where n is the number of samples in the training data set. Additionally, k should be
odd to assure that a majority vote is guaranteed in a two-class system. The two
obvious drawbacks of the k-NN classifier are that the training set must be locally
stored and that distance must be computed for each training point.

A A
m - A
=]
k=3
BN | /

Fig.6  Classifying a new data point (green circle) in a two-class data set using k-NN

Acrtificial neural networks (ANNS) are algorithms, modeled loosely after the human
brain, which are designed to recognize patterns. After being trained with a labeled
data set, an ANN can group unlabeled data based on similarities of the input
features. Figure 7 shows a common depiction of an ANN. The network is formed
of interconnected layers containing nodes. Each node performs a relatively
primitive computation and, similar to a human neuron, fires when it encounters
sufficient stimuli. The input layer (first layer) is normally considered a passive layer
through which the input stimuli values are distributed to the hidden layer (second
layer). Within the hidden layer, the starting input values are multiplied by
coefficients (weights), either amplifying or dampening each value through the
transformation function (f), which assigns significance to that input. These input-
weight products are summed and then the sum is passed to the output layer. The
output node performs an addition computation—the nonlinear, activation function
(g). Here, the outputs of the hidden layer are multiplied by another set of weighting
coefficients and summed; giving the final output value. In order for the ANN to be
accurate, all of the weights must be optimized through a “training process” referred

12



to as back-propagation. This is an iterative process that compares the output of the
network with the expected output, and using the difference, modifies the weight
values to minimize error. The effectiveness of the ANN is determined, in part, by
the sample size and quality of the training data set. As a side note, deep-learning
networks are distinguished from the single-hidden-layer ANN by their depth, that
is, the number of hidden layers. If a network has more than one hidden layer, it
qualifies as a “deep” learning network. As the resultants of the input features
propagate through the deep neural network, the nodes can “recognize” more
complex features because they aggregate and recombine node firings of the
previous layer. Training of deep-learning networks is not trivial and requires orders
of magnitude more training data compared to a simple ANN.

Input Layer Hidden Layer Output Layer

a; = f(3 o wiyx +by) o, = .‘J[Zjil Wikt + by

Fig.7  Diagram of ANN

In Fig. 5, we saw how linear hyperplanes are used to classify data in its native space.
Some data sets, however, are best separated by a nonlinear decision boundary.
Because the ANN can perform nonlinear transformations, it has the added benefit
of being able to project input features to a new vector space, as depicted in Fig. 8.
By transforming the nonlinear (green curve) decision boundary of the input space
into a linear boundary, previously discussed classification methods are more easily
implemented.

13
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Fig. 8  Nonlinear transformation used to identify a linear hyperplane

The final method to be discussed in this review is the hybrid adaptive neuro-fuzzy
inference system (ANFIS), which was introduced in the early 1990s.® This
approach combines the ability of the FIS to model complex problems while taking
into consideration inherent uncertainties of human knowledge and exploiting the
ability of ANNs to “learn” relationships and make generalized decisions from
historical data. A notional diagram of the ANFIS structure is given in Fig. 9.
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Fig.9  Diagram of a hybrid adaptive neuro-fuzzy inference algorithm

Layer 1 is the fuzzification stage in which the feature data (x and y) from the
preprocessing stage are converted to fuzzy values using membership functions with
the premise parameters (aj, bj, ¢j). In Layer 2, or the rule layer, pairs of outputs
from Layer 1 are multiplied to generate terms that correspond to the “firing”

14



strengths of each rule. Layer 3, then, generates a set of normalized firing strengths
(W) wherein, the ith output is the ratio of the ith input to the sum of all the firing
rules’ strengths. Each node in Layer 4 (equivalent to the ANN hidden-layer) has
the function W, (p;x + q;y +1;), where {p;,q;,7;} are referred to as the
consequence parameters. The consequence and premise parameters are
optimized/trained with back-propagation techniques. Layer 5 includes the
activation (defuzzification) functions and provides the final, crisp output value.

5. Recent Work

Fault diagnosis in motor drive inverters has been an active area of research since
the mid-1990s. In the early years, fault detection was based on the analyses of time-
series data with collective classification: relatively little signal processing was
performed in this process. Drive faults have been divided into three classes:

1) Abrupt faults that occur suddenly and produce significant changes in system
behavior.

2) Degradation faults that produce changes in system behavior over a given
interval of time.

3) Intermittent faults that produce short-term perturbations but, no perceivable
degradation over time.

Due to its time-invariant nature, abrupt fault detection in electrical machines and
drives has been widely studied through experimentation and simulation. Detection
methods for degradation faults is becoming a hot topic in academic research. Here,
it is crucial to detect the fault at the earliest possible stage (lowest detectable level)
when the fault is still considered to be incipient. The intermittent fault is the most
difficult to detect because it occurs randomly and with differing durations,
furthermore, its severity can vary from incipient to severe.®

Along with the dynamic differences, there are numerous fault sources within an
inverter drive system; included are the following:

« DC bus to earth short

« DC link capacitor short

. Transistor base/gate open
« Transistor short/open

. Diode short/open

« Line-to-line short

15



« Line-to-ground short

In addition, electric machine faults such as insulation failure and broken rotor bars
also impact fault diagnosis. It is estimated that among all faults types in variable-
speed AC drives, about 38% are due to failures of the power semiconductor devices.
Most of these inverters are based on insulated-gate bipolar transistors (IGBTS)
because of their high-voltage and -current ratings and ability to handle short-circuit
currents. Nevertheless, they often suffer failures due to excess electrical and
thermal stress that are experienced in this application. IGBT failures can be broadly
classified as open-circuit, short-circuit, and misfiring faults.”

Although thermal and acoustic sensors have been used as diagnostic tools for
electric motor failures, the most common method to assess the health of a motor
(and its drive) is to monitor the input phase currents. Moreover, most motor current
signature analysis (MCSA) is performed in the frequency domain due to its
simplicity and accuracy. Table 1 presents a summary of selected articles on inverter
fault detection and classification. Though not an exhaustive list, it does indicate the
trends (or lack thereof) and methods used. In the following several paragraphs,
details on other relevant works are given.

Tablel  Summary of selected power inverter fault detection and classification works

Year Reference Input Preprocessing Feature_ Primary Classification
generation feature
2001 11 Phase currents  None DWT D, FIS
(Daubenchies 1)
2004 12 Phase currents  Clarke-Park Mean current Mean ANFIS
transform current
2008 13 Phase currents  Normalization DWT DI SVM
(Daubenchies 2)
2010 14 Phase currents ~ None DWT (Symlet2) Mean DT
energy
2013 15 Phase currents, None DWT (Haar) D13 ANN
torque, speed
2015 16 Phase currents  None DWT D14 FIS
(Daubenchies 2)
2016 7 Phase currents ~ None THD THD DT
2016 17 Phase currents  Clarke transform  DWT Mean, ANN

(Daubenchies 6)  Total
energy

In 2001, one of the first articles proposing the use of a wavelet transform (and fuzzy
logic) in inverter fault detection was published.® The authors consider a three-phase
induction motor drive in which only a single transistor open-circuit fault could
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occur. Failure features were extracted from the phase currents using DWT with the
Daubenchies-1 mother wavelet. At each time step, data in a sliding window was
used to compute DWT coefficients. A “significant” change in the stator current
waveforms was flagged if any wavelet coefficient exceeded or fell below an
empirically determined range of values. On detecting a change, the system
determined the DC-offset in the sliding window of stator currents. Then, the system
waited for four cycles of the drive current before checking the DC-offset for a
second time. A transistor open-circuit fault was considered to have occurred if the
DC-offset persisted. If the DC-offset disappeared in the second reading, however,
an intermittent misfiring was considered to have occurred. Experimental
verification of this technique was performed at a constant speed and supply voltage.
Although not implemented, the authors suggest that an FIS may be used as a fault
classifier based on the polarity of each of the offset levels of the three phases.
Again, only long-term, severe faults were addressed in this note.

In 2016, Kumar,’ performed a circuit simulation study on a 3-phase induction motor
drive. Here, the total harmonic distortion of the phase currents was calculated as
the simulated fault was introduced. These faults were severe and long-term in
nature as the steady-state fault condition was reached. Several fault scenarios were
simulated: open- and shorted-diode, open- and shorted-switch, open- and shorted-
gate. Although there was a clear distinction between the total harmonic distortion
(THD) in normal and fault states, the specific fault type could not be determined.

In 2017, Mousavi® investigated electro-mechanical fault detection of an induction
motor. Here, phase current data were obtained from finite element analysis and
experimentation for three fault modes: broken rotor bars, bearing failure, and rotor
eccentricity. DWT analysis, using the Daubenchies-4 mother-wavelet with five
levels of decomposition, was performed on the data and a feature vector was
extracted from the wavelet coefficients, which included minimum, maximum,
standard deviation, and energy of the signals. The final step in fault detection was
to calculate the Euclidian distance between the known good and unknown feature
vectors. This value was compared with an empirically determined threshold to
detect a fault. Unfortunately, the authors did not include the same operational-fault
conditions of both the simulated and experimental data presentation. There is a clear
relationship between features and the number of broken rotor bars in the
experimental results. However, the reader is unable to ascertain if those results are
predictable by simulation. In this work, no attempt was made to develop a
classification algorithm to identify specific fault types.

In 2019, Baghli*® investigated the detection of short-lived (100-us to 1-ms) fault
conditions using statistical detection techniques. It was found that although the
skewness and kurtosis were able to discriminate current faults, they were not
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sufficient, especially in the case of the incipient faults. Therefore, the authors
incorporated the Kullback—Leibler divergence (KLD) technique, which utilizes the
fault- and normal-state probability density functions, to derive a fifth detection
criterion—the KLD “distance”. Feature analysis used PCA to study the amount of
variation of the five criteria under different operational and fault conditions. The
application of PCA allowed the classification of incipient, open-switch faults using
only the first and second principal components at higher shaft speeds. Faults were
properly classified according to their duration and operating condition (speed, load,
and noise level).

In the research cited, motor phase current data was used as the basis for fault
detection and classification. In the majority of cases, the DWT components were
used in the formation of a feature vector. None of these works suggested that other
signals, within the power electronics, were considered as part of the feature
selection process.

6. Summary

The analytical framework for anomaly detection and classification have been under
development since the early years of the 20th century, and all of the algorithms
discussed in this review have been implemented in most computational software
products and libraries. Although the pace of research in the area of fault detection
and classification for electric motor drives is increasing, the author has been unable
to find examples of fielded products. Perhaps a significant oversight, or
underappreciation, is our ability to produce an optimized feature vector that is
statistically significant to the available training data. At one extreme, high variance,
a model has too many features in relation to the amount of training data. Here the
system is overdefined. In the opposite case, high bias, there are too few features
and too simple a model. In order to successfully apply ML to a given problem, an
optimally selected feature vector and statistically significant training data are
required.

In 2019, as a possible indicator of future trends, Renesas Electronics Corp.
introduced a design suite for embedded artificial intelligence. This development
system is intended for home appliance applications and allows for the detection of
electric motor failures using MCSA and rotational information. Of particular note,
the algorithm learns “normal” behavior of the system in real-time; therefore,
training data are not required.
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List of Symbols, Abbreviations, and Acronyms

2-D
3-D
AC
ANFIS
ANN
ARL
CWT
DC
DEVCOM
DT
DWT
FIS
HPF
IGBT
KLD
k-NN
LPF
MCSA
ML
PCA
THD
STFT
SVM
WT

2-dimensional

3-dimensional

alternating current

adaptive neuro-fuzzy inference system
artificial neural network

Army Research Laboratory
continuous wavelet transform
direct current

US Army Combat Capabilities Development Command
decision tree

discrete wavelet transform
fuzzy inference system
high-pass filter

insulated-gate bipolar transistor
Kullback—Leibler divergence
kth-nearest neighbor

low-pass filter

motor current signature analysis
machine learning

principal component analysis
total harmonic distortion
short-time Fourier transform
support vector machine

wavelet transform
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