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1 
Abstract— This paper presents a two-stage fault detection and 

classification scheme specifically designed for rotating electrical 
machines. The approach involves the use of new condition 
indicators that are specific to the frequency domain. The paper 
proposes two distinct features: one based on the extraction of 
peaks by using the prominence measure, a technique originating 
from the topology of mountains, and other based on the calculation 
of the occupied band power ratio for specific characteristic fault 
frequencies. A linear based feature reduction technique, the 
principal component analysis (PCA) has been employed to 
represent all the data. Afterwards, shallow neural networks have 
been used to detect and classify the three-phase current signals 
online. The effectiveness of the proposed scheme has been 
validated experimentally by using signals obtained with grid and 
inverter fed induction motors. 
 

Index Terms— artificial intelligence, electric machines, fault 
detection, feature extraction, induction motors, multilayer 
perceptrons, neural networks, principal component analysis, 
signal processing 

I. INTRODUCTION 

T is well known that one of the most challenging 
characteristics of real world systems is their vulnerability to 

faults, malfunctions or their tendency to pose unexpected 
modes of behavior. This is even truer for complex engineering 
systems requiring more careful design with increased attention 
to availability, reliability and safety. For that reason, fault 
diagnosis (FD) and condition monitoring (CM) play a vital role 
in process or manufacturing industry.  

Over the last few years there has been an ever increasing 
research in devising new CM schemes for electrical machines 
and drives. In particular, numerous approaches [1-4] have been 
developed to address the problem of non-linearity and other 
associated factors related to Induction Motors (IMs). The trends 
and advances in the FD and CM areas mostly focus on the 
application of artificial intelligence (AI) [3-7], which gives a 
clear indication that AI techniques along with motor circuit 
analysis (MCA), motor current signature analysis (MCSA) or 
motor vibration analysis (MVA), play a great role in electric 
motor diagnostic systems with resulting higher practicability, 
reliability and automation.  
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The development of AI based FD and CM strategies for IMs 
mostly rely on data-driven models. A generic procedure to 
establish an AI based FD and CM scheme is based primarily on 
the acquisition of relevant data from the hardware (in this case 
is the IM). This is followed by the extraction of important 
features by using either MCSA, MCA or MVA by using Digital 
Signal Processing Techniques (DSPTs). Thereafter, the most 
significant features are selected based on dimensionality 
reduction as well as other feature extraction techniques. Finally, 
the extracted features are used to develop a classifier, similar to 
an expert system, which performs fault identification and 
evaluation of the fault severity.  

An aspect that highly contributes to the robustness of a FD 
and CM scheme is the calculation of the appropriate features. 
Signal-based FD is one of the most noticeable techniques to 
analyze non-linear signals in an IM, since any sort of fault or 
malfunctioning would lead up to asymmetries in the 
electromagnetic field, and consequently the introduction of 
characteristic fault frequencies (CFFs) to the underlying sensor 
signal. Some of the most widely used  DSPTs are listed in [1].  

Once the features are calculated, a common practice is to use 
the maximum peak values of the relevant harmonics for a given 
window of signal, followed by the extraction of the appropriate 
frequencies and corresponding amplitudes [1, 8-10]. However, 
in some cases, this becomes difficult under the presence of 
noise and inverter harmonics [7, 8, 10], which conceal the 
harmonics of interest. Various methods have been used to 
optimize this process by employing either signal averaging, or 
filtering techniques or using parametric techniques [1, 9]. 
Nevertheless, the use of these approaches presents also 
drawbacks: e.g. the harmonic component of interest can be very 
close to the fundamental frequency component, or there may be 
a loss of some information due to filtering, or spurious peaks 
can occur because of wrong model order when using parametric 
techniques. While many researchers strive to generalize this 
procedure, this is still an open issue. 

On the other hand, using too many features to develop a 
classifier can result in overfitting problems. This would cause 
serious errors and the classification failure in fault 
identification. If a reduced set of features with high variability 
in the data were used, the generalization of the AI model would 
improve. In this case, a dimensionality reduction (DR) method 
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plays an essential role, as it employs various criteria and 
standard procedures to eliminate insignificant features in the 
data set. Some of the common methods for DR [11] are: 
principal component analysis (PCA), probabilistic PCA, 
neighborhood component analysis (NCA), multidimensional 
scaling, Sammon’s mapping and factor analysis (FA).  

Fault classification (FC) using a reduced set of features is a 
typical task in machine learning, which can be either supervised 
or unsupervised: classes are labelled in a supervised learning 
process, whereas they are unknown under unsupervised 
learning. The unsupervised algorithms have been used mostly 
for the detection of fault and tracking its progression. In 
particular, common unsupervised frameworks [12] have been 
used to study mostly the class-clusters and the progression of 
individual faults (meaning only one class i.e. healthy vs faulty). 
These methods are commonly used for detecting non-
stationarities in a continuous data-stream. However, their 
performance is only as good as the data fed to the algorithm, 
hence, if the data supplied is unreliable, the method fails. Under 
most circumstances, recent studies show that for the purpose of 
multi-fault diagnosis, these methods are used in a semi-
supervised [13, 14] fashion in order to carry out the 
classification task to denote the fault type. What is more, a 
major disadvantage of this type of approach is that it is very 
computationally expensive and requires high-end computing 
devices, and in some cases their time-complexity is very high 
due to the sophisticated system architecture. Due to these 
factors, their industrial penetration is quite low [15]. 

This paper presents a novel MCSA based online fault 
detection and classification scheme which not only improves 
fault identification, but also addresses the inverter harmonics 
interacting within the system [16]. The proposed approach 
involves a mixture of AI and DSP based techniques to perform 
the above task regardless of whether the IM is grid or inverter 
fed. Apart from the AI and DSP fusion, new condition 
indicators have been proposed: (a) retrieval of harmonics by 
means of the prominence measure of peaks, (b) calculation of 
occupied band power ratio (OBPR) that gives the percentage of 
the power concentration of the characteristic fault frequencies 
(CFFs) in a spectrum. Peaks extracted by utilizing the 
prominence measure corresponds to the CFFs as mentioned in 
the literature, but it is also able to pick out other peaks, which 
is an exclusive feature and enables the classifier to learn not 
only the faults of interest, but also other irregularities or 
characteristics of the investigated IM. As for OBPR, this 
method is really versatile since it can be applied to any kind of 
motor as long as their CFFs are well defined. It is employed 
mostly to seek any difference between healthy and faulty 
signatures. For robustness reasons, some statistical frequency 
domain features are also used.  

By employing these condition indicators, the geometry of the 
data is studied by means of principal component analysis (PCA) 
to determine the intrinsic dimensionality of the feature-set (FS). 
This type of study is very informative to visualize the data 
manifold; other papers do not present it before carrying out 
classification task. Using this procedure to study the geometry 
of data will rule out complexities in understanding the topology 
of the manifold and suggest a simple tool for classification. In 
this way, high classification accuracies have been achieved by 
the shallow neural networks and other various comparisons 

(feature and classification based) have been made to show the 
superiority of the proposed architecture. Fig. 1 shows a 
conceptual framework of the proposed system. This method has 
been applied to two different IMs having remarkably different 
power ratings, to assess its effectiveness and usefulness. 

 
The sections of the paper are organized as follows: Feature 

definition according to the proposed scheme is discussed in 
Section II, which also outlines the diagnostic features based on 
MCSA and the key ideas for peak extraction. Section III gives 
the specifications of the IMs under test. Section IV describes 
database and its geometry. Section V and Section VI discuss the 
classification scheme and the results. Section VII presents the 
conclusions. 

II. FEATURE DEFINITION 

A. Characteristic fault frequencies in IM – MCSA 

A healthy IM is designed to operate in symmetrical 
conditions, where equal resistances and inductances are present 
in each phase winding and in each rotor bar, along with uniform 
air gap. The introduction of a fault in the IM results in an 
asymmetry, which persists in every rotation. The effects of the 
fault appear as a characteristic frequency in the three-phase 
stator current, which can be detected via MCSA.  The EPVA 
[17] is one of most reliable approaches used in identifying faults 
in electrical drives. It is a power-invariant transformation, 
which transforms the three-phase currents (𝑖 , 𝑖 , 𝑖  into 
direct and quadrature axis components 𝑖 , 𝑖   and also finds 
the modulus of 𝑖 𝑗𝑖  𝑖  as follows: 

 𝑖  2/3 𝑖 1/6  𝑖 1/6 𝑖  
 𝑖  1/2 𝑖 1/2 𝑖   
 𝑖  𝑖 𝑗𝑖  

TABLE I 
CHARACTERISTIC FAULT FREQUENCIES (CFF) OF THE IM 

IM FAULT TYPE 𝒊𝒅, 𝒊𝒒 𝒊𝑷 
SITF [1, 5, 9] 𝑓

𝑚
𝑝

1 𝑠 𝑘 , 2𝑓  2𝑓  

BRBF [1, 5, 9] 𝑓 1 2𝑙𝑠  2𝑠𝑓  

COMBINED FAULT 2𝑓 , 𝑓 1 2𝑙𝑠  2𝑓 , 2𝑠𝑓
where 𝑓  is the supply frequency, 𝑠 is the slip in percent (%), 𝑝 = number of pair 
poles, 𝑚  1,2,3, … … 2𝑝 1 , 𝑘  0,1,3,5, …, and 𝑙 1,2,3, … 

Table I lists the characteristic frequencies for: stator inter-
turn fault (SITF), broken rotor bar fault (BRBF) and combined 
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Fig. 1. Conceptual framework of the proposed FD and classification scheme  
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SITF and BRBF. These kinds of fault will be explored in this 
paper. 

It is worth mentioning that EPVA current 𝑖  is very 
advantageous for this type of application, because, when it 
comes to peak extraction, the supply frequency component is 
automatically eliminated. This removes any ambiguity under 
low slip operation of the motor, since the CFFs under these 
circumstances are very near to the supply frequency [18, 19].  

B. Feature calculation  

Using non-parametric DSPTs, the following features can be 
calculated by using the three-phase stator current spectrum of 
the IM:  

1) Prominent peaks and corresponding frequencies from the 
estimated Periodogram of the signal. 

The peaks generated by the Periodogram estimate of the 
EPVA from the stator currents are used to obtain the CFFs listed 
in Table I. With this aim, the classical Periodogram is preferred 
to the others (Welch, Multi-taper methods etc.) for its 
robustness, insensitivity to the type of window function used 
and the SNR, as well as its lower time complexity. In this study, 
harmonics of interest are extracted by using the peak 
prominence measure after obtaining the frequency spectra of 
the signal. This part is crucial, because in many practical 
scenarios, the CFF is just extracted by inspecting the maximum 
peak values in the corresponding frequency plots. However, 
when automating this process, in some cases (noisy 
environment) inaccurate characteristic fault frequencies are 
extracted. This happens when the fundamental frequency is not 
always dominant, or when the peak values corresponding to 
CFFs are lower than the ones that are very close to the 
fundamental component. Hence, this leads to wrong selection 
of the peaks and may cause problems in proper fault 
identification. 

The underlying mathematical theory behind peak prominence 
measure originates from the concept of Surface Network 
Modelling (SNM) which is closely related to the Morse theory 
[20]. Both of these concepts are used for analyzing the 
differential topology of a manifold. The SNM and Morse 
theories have been extended by Andrew Kirmse to find the 
prominence of mountains in [21].  

The peak prominence measure not only identifies harmonics, 
whose frequencies are consistent with the CFFs in Table I, but 
also detects other peaks, which may explain different 
irregularities or characteristics of the monitored IM. For 
instance, some of these peaks and their frequencies may explain 
the level of phase unbalance, as well as other inherent 
asymmetries in the IM like wiring, magnetic anisotropy, cage 
porosity, placement of windings in the slots, differences in 
phase resistance, eccentricity and other characteristics typical 
of the investigated IM (mostly due to degradation of mechanical 
parts: like bearing, rotor bars). However, it should be stressed 
that these are secondary problems which are slightly present 
and inevitable in common IMs. In this way, the peaks and the 
corresponding frequencies obtained with this approach enable 
the classifier (which is basically a nonlinear model) to give 
more information about the operating conditions of the 
machine. 

Unlike retrieving harmonics by selecting peaks via 
maximum value, the method of prominence measure considers 
the intrinsic height of the peak, and the location and relative 
position of the nearby peaks. This is a consequence of the fact 
that no prior pre-processing nor filtering of the signal is 
required, which normally can eliminate some information about 
the operating condition of the motor and result in a delay in the 
signal.  

The extraction of the peaks using maximum values is mostly 
useful for parametric based frequency estimation techniques 
such as: Pisarenko, MUSIC, Eigenvector, Minimum Norm [22], 
since these methods extract only the harmonics, which 
dominate the whole spectrum of the signal. These parametric 
based methods require a lot of computational effort 
(approximately 𝑂 𝑛  as per [23, 24]), careful calibration and 
correct model order estimation to obtain good results. Although 
these methods are quite accurate, they require very high 
resolution of the signal and are very sensitive to noise. Under 
low SNRs, the parametric methods may fail to resolve closely 
spaced signals (as in the case of the MUSIC method), or can 
exhibit spurious peaks or even tend to merge the spectral peaks 
(as in the case of the Minimum Norm method) [22]. With time-
frequency based methods such as: bi-spectrum, Wigner-Ville 
distribution, Wavelet, Zhao-Atlas-Marks (ZAM) distribution, 
spectrograms generated using short time Fourier transform 
(STFT) and parametric based features, these methods 
remarkably work well, but they require more computation time 
and pre-processing, which eventually makes them suitable for 
offline applications. 

On the other hand, the method of prominence has a lower 
computational complexity (approximately 𝑂 𝑛 , does not 
require signals with high resolution and works for short data 
records. In addition, there is only one user-dependent 
parameter, which is based on a rough estimation of the model 
order, although this is not mandatory. Moreover, this method is 
able to pick out other peaks related to faults that are marginally 
present in IMs. This indeed permits a deeper understanding of 
the IM under consideration. As a drawback, it should be pointed 
out that, whenever the SNR is low and the value of 𝑝 (the model 
order/number of harmonics) is chosen inappropriately, some 
spurious peaks can be picked out. This may result in some false 
positives and false negatives during classification.  

As a conclusion, it can be stated that while parametric/high 
resolution based methods and peak selection via prominence 
measure have their pros and cons, the method of prominence 
appears to be superior in terms of speed, flexibility and capacity 
to not only select the harmonics for faults, but also slight 
irregularities present in IMs. In order to extract harmonics of 
interest, the algorithm outlined in Table II (algorithm 1) is used. 
The only requirements for the procedure is to supply the 
frequency spectra and indicate the number of peaks to extract. 
After deducing the local maxima (using the midpoint rule) for 
determining the available peaks, the prominence of each peak 
is measured using the prominence subroutine in Table II 
(algorithm 2). It must be noted that an isolated lower peak can 
have more prominence than a peak that has higher amplitude, 
regardless of the shape and location of the peaks. The 
calculation of prominence for each peak is described in 
algorithm 2 of Table II. Conversely, in cases where a considered 
peak is dominant (in this case, Peak A in Fig. 2), the same rule 
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applies for calculation of the prominence. The interval to locate 
the minima (step iii of algorithm 2), is bounded by the left and 
right endpoints taken from the investigated peak (see Fig. 2: the 
line situated on top of peak A). The algorithms in Table II 
perform the peak extraction via prominence measure for all the 
peaks in the spectrum and then these peaks are ranked according 
to their prominence value in the descending order. Finally, a 
specified number of peaks are extracted from the sorted array.  

 

 
2) Statistical frequency domain features 

The statistical frequency domain features listed in [25] are also 
used in this study to avoid misclassification due to noise coming 
from the inverter and other external factors during the operation 
of the machine. In particular, these features are used to give 
better interpretation of the operating conditions of the IM. 
According to some studies [18, 25], these features not only can 
be used as  condition indicators, but are also robust to noise and 
give better characteristic of the signal than statistical time  
domain features. The time complexity is approximately 𝑂 𝑛 , 
where 𝑛 is the number of samples used. 

3) Occupied band power ratio 

This paper also used the occupied band power ratio (BPR) of 
the estimated Periodogram of the signal. Table III defines BPR 
and describes an algorithm to compute it.  Unlike CFFs, the 
occupied BPR is calculated regardless of the class and type of 
the IM. It must be noted that values of 𝑎 (lower frequency 
bound) and 𝑏 (upper frequency bound) are determined on the 
basis of  the CFFs of the monitored IM (in this case, reference 
is made to Table I). The 𝑎, 𝑏  relates to the estimated values of 
the CFFs range for the fault being analyzed. Using this range, 
the concentration of that particular CFF band is determined with 
respect to the total power of the signal. For simplicity, the 
occupied BPR is given in percentage for all the cases. Since this 
feature is independent of the IM used and consistent with the 
specific CFFs, BPR can be used for other fault types not 
included in Table I.  

TABLE III 
ALGORITHM FOR OCCUPIED BPR 

*Algorithm: Occupied BPR 
Require: EPVA of the stator currents 
a) Calculate periodogram estimate of the signal, 𝑆 𝑛 . 
b) Find the total power of 𝑆 𝑛 :  

c)  𝑃 lim
→

∑ |𝑆 𝑛 | ∑ |𝑆 𝑛 | , which is a periodic 

signal. 
d) Find the occupied bandwidth frequency range for specific CFF ranges. 

The boundary is established by calculating 0.5% 𝑜𝑓 𝑃  (𝑎) and 
99.5% 𝑜𝑓 𝑃  (𝑏). 

e) Find the band power, 𝑃 ∑ |𝑆 𝑛 |  

f) Bandpower Ratio is given as 𝐵𝑃𝑅  

*Time Complexity: 𝑂 4𝑛 𝑂 𝑛  

III. EXPERIMENTAL TEST RIG 

 An experimental test-rig (Fig. 3) has been setup to acquire 
data for healthy and faulty conditions. Data has been acquired 
for an IM with high (37kW) and low (1.1kW) power rating, 
with different manufacturing characteristics, like cage/double 
cage rotors, and star/delta winding connections (Table IV) to 
verify the effectiveness of the proposed approach. The 
parameters of the IMs have been determined with the common 
standard procedure and some additional tests with different 
loads to discriminate inner and outer cage equivalent 
parameters for the double cage type.  For each IM data has been 
acquired for inverter fed and grid fed conditions at varying 
loads. Moreover, up to 3% assymmetricity has been observed 
for both the configurations under healthy and faulty conditions. 

TABLE IV 
IM PARAMETERS 

Parameters Motor 1 Motor 2 
No. poles 4 4 
Power Rating (𝑘𝑊) 1.1 37 
Connection Type Wye Delta 
No. Rotor Bars 28 40 
Supply Frequency (𝐻𝑧) 50 50 
Stator Resistance (Ω) 3.676 0.167 
Rotor Resistance  (Ω) 3.827 0.516 
Stator Leakage  Inductance (𝑚𝐻) 26.8 0.983 
Rotor Leakage Inductance (𝑚𝐻) 40 1.016 
Magnetizing Inductance (𝐻) 0.449 0.031 

TABLE II 
ALGORITHM FOR PEAK EXTRACTION VIA PROMINENCE MEASURE 

Algorithm 1: Peak Extraction 
Require: Periodogram Estimate of the signal 𝑀 𝑓 , corresponding 
frequencies 𝑓  and number of peaks to be extracted 𝑝  
𝑓𝑜𝑟 𝑖 1 𝑡𝑜 𝑙𝑒𝑛𝑔𝑡ℎ 𝑀  𝑑𝑜 
     𝑃 max

∈ ,
𝑀 𝑓                      // get peak values 

     𝑓 arg max
 ∈ ,

𝑀 𝑓                // get the corresponding frequency 

𝑒𝑛𝑑 𝑓𝑜𝑟 
𝐾, 𝑓 𝑝𝑟𝑜𝑚𝑖𝑛𝑒𝑛𝑐𝑒 𝑃, 𝑓                 // prominence measure routine* 
𝐾 , 𝑓 𝑠𝑜𝑟𝑡 𝐾, 𝑓    // sort 𝐾 w.r.t. 𝑓 in descending order 

 𝑓 𝑓 1 𝑡𝑜 𝑝                    //extract the p 𝑓 values 
 𝑀 𝑀 𝑓 1 𝑡𝑜 𝑝            // extract the first p corresponding  
                                                                  𝑀 peaks based on prominence 
𝑟𝑒𝑡𝑢𝑟𝑛 𝑀, 𝑓  

Algorithm 2: *Prominence Calculation K of a peak: 
i. Place a marker on the peak 
ii. Extend a horizontal line from the peak to the left and right until the 

line does one of the following: 
a. Crosses the signal because there is a higher peak. 
b. Reaches the left or right end of the signal. 

iii. Find the minimum of the signal in each of the two intervals defined 
in Step b. This point is either a valley or one of the signal endpoints. 

iv. The higher of the two interval minima specifies the reference level. 
The height of the peak above this level is its prominence (Fig. 2). 

Combined Time Complexity (Algorithm 1 and 2) (n = number samples):
3𝑛 8𝑃 1 𝑛 𝑛𝑙𝑜𝑔 𝑛 2 𝑃𝐾 𝑂 𝑛   
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Fig. 2. Finding Peak Prominence 
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In this study, the three-phase stator currents have been 

acquired for different conditions of the IM by using LEM (LA 
55-P) current transducers connected to a DS1104 card 
(dSPACE). The three -phase stator current signature has been 
obtained for the following conditions: Healthy, Stator Inter-
Turn Fault (SITF), Broken Rotor Bar Fault (BRBF) and 
combination of SITF and BRBF (mixed faults).  

The SITF has been obtained by using variable shunt power 
resistors in one of the IM phases. The level of severity for the 
inter-turn fault is defined by the number of windings shorted 
with respect to the total number of windings in a phase. The 
faults are created by connecting via a switch the shunt resistor 
with appropriate value of the resistance for each level of 
severity. The severity of the SITF ranges from 0% to 10%. The 
shunt resistor also ensures a safe level of circulating current to 
avoid permanent damage to the motor windings.  

For BRBF, a CNC machine has been used to drill holes on to 
the rotor bar. Data has been acquired for different levels of 
loading conditions (Note: 100% Load Torque for the 1.1kW IM 
is 7 Nm, and for the 37kW IM is 238.7 Nm). For the inverter-
fed configuration, the IM has been controlled by using a scalar 
control method. 

IV. DATABASE GENERATION 

The feature-set (FS) has been created by dividing the 3-phase 
current signal into equal segments with a rectangular window 
and an overlap of 25%. Then, the 𝑑𝑞 components of the stator 
currents have been obtained with the EPVA. For each signal 
segment, the features listed in Section II have been calculated. 
The FS was made up of 24,456 samples     (Healthy – 6,047 
samples, SITF – 7,779 samples, BRBF – 4,314 samples, 
combination of SITF and BRBF – 6,316 samples) with 90 
features, under healthy and faulty conditions for the grid and 
inverter-fed IMs at different loads, as explained in the previous 
Section. In order to generalize the FS and remove redundant 
features, a pre-processing step has been carried out to reduce 
the number of features. This feature reduction has been 
systematically done after identifying the correct intrinsic 
dimensionality (ID) through a comparative approach 
(observing the variability) of the FS. In this paper, the principal 
component analysis (PCA) has been used to reduce the 
dimension of the FS, because it can be easily implemented on-
line. 

A. Peak extraction using prominence measure 

Unlike retrieval of harmonics using maximum peak values, 
the method of prominence performs better [16, 26]. In 
particular, Fig. 4 shows its resiliency, since this method is able 
to pick out the prominent peaks even with noise from the 
inverter.  

The extraction of peaks from the frequency spectrum using 
prominence measure requires: (a) peaks, which are found by 
obtaining local maxima of the neighboring consecutive three 
peaks, with a single overlap of peaks. In other words, these local 
peaks are the data sample that is larger than its two neighboring 
samples (b) number of peaks, which is user dependent. In this 
paper, the number of peaks (together with its frequency values) 
is kept to 5. This value is chosen by estimating the model order 
using Minimum Description Length (MDL) [22], which is one 
of the popular methods for estimating the order of a system.  

If peaks were selected using only their maximum values, they 
would only consist of the dominant ones (mostly fundamental 
harmonics) and those which are close to the dominant peak in 
terms of the peak values. With the method of maximum value 
for peak extraction, besides fundamental harmonics, some other 
spurious peaks can be selected [16, 26]. Likewise, when peaks 
in the frequency spectrum lie on the right-hand side or left-hand 
side, the method of maximum value peak extraction fails and 
tends to select peaks that are not significant indicators of the IM 
operating conditions. 

As seen in Fig. 4, peak extraction using prominence measure 
provides a selection of the peaks meaningful as condition 
indicators. Each frequency spectrum consists of EPV currents 
and the frequencies of the selected prominent peaks not only 
correspond to the CFFs in Table I, but also to frequencies of 
other faulty conditions, like rotor slot harmonics [9], speed 
oscillations due to the mechanical shaft [27], oscillations in the 
load torque [27], or other types of  assymmetricity [18].  

In the spectrum obtained with healthy machines, effects like 
assymmetricity are present at a peak with frequency 2𝑓 ; 
however, with increasing SITF severity, the value of this peak 
at 2𝑓  also increases for the further unbalance in the phases. The 
component 𝑖  is very sensitive to this effect, since it gives rise 
to spikes in most cases (Fig. 4), while 𝑖  and 𝑖  only dominate 
under SITF. At low frequencies, peaks for 𝑖  and 𝑖  at 
𝑓 1 𝑠 𝑘  can be observed, which is a clear indication of 
SITF (Fig. 4d).  Likewise, at higher frequencies, peaks 
corresponding to the odd harmonics dominate for the case of 
SITF as per Fig. 4e. 

In terms of BRBF, a dominant peak is observed at 2𝑓  for the 
𝑖  component, indicating an assymmetricity. However, the 
presence of harmonics on the left-hand side of the spectrum 
(Fig. 4c) at around 2𝑠𝑓  clearly indicates a BRB fault as 
expected from Table I, since the DC offset is removed from the 
signal prior to its transformation into the frequency domain. 
The currents 𝑖  and 𝑖  also confirm this classification of BRBF 
because of the occurrence of 𝑓 1 2𝑙𝑠  harmonics around the 
fundamental harmonic component picked out by the 
prominence measure method (Fig. 4c). 

 
Fig. 3. Experimental Rig (IM with 37kW rating) 
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For the combination of BRBF and SITF faults (mixed fault), 
the aforementioned peaks (𝑓 1 𝑠 𝑘 for SITF, 2𝑓 for 
SITF, and 2𝑠𝑓 for BRBF) are all present (Fig. 4f) in 
consistence with the CFFs of Table I. Also, some other 
harmonics are present related to the mechanical characteristics 
of the IM under test. 

B. Dimensionality reduction using principal component 
analysis (PCA) 

Prior to selecting the classification algorithm to differentiate 
the class clusters, it is essential to study the geometry of the data 
and extract significant information from the FS to avoid 
redundancy. At this point, dimensionality reduction techniques 
play an important role in reducing the dimension of the data 
which helps generalize the FS and enhance the speed and 
accuracy of the classification. Without this, the performance of 
the classification techniques may degrade or perhaps, because 
of overfitting, may not be reliable during the test set. This 
phenomena is inevitable because of the “curse of 
dimensionality” as described in [12]. While it is desirable to 
include more features to learn the problem, having too many 
features would result in the increase of the volume of the data 
to such an extent, that it becomes sparse. The result of this is 
catastrophic, since the points in that space (data) would 
represent small and non-representative samples. This would 
adversely impact the performance of many machine learning 
strategies.  

Data is studied first by a linear and then by a non-linear 
technique, if the former fails to describe the data manifold. An 
insight into the data manifold can be obtained by the estimation 
of the intrinsic dimensionality (ID). With this aim, the FS is 
explored by using the PCA due to its linearity, speed and 
reliability. Because of its simplicity with respect to other DR 
methods, PCA is parameter-free and assists in taking care of the 
bias-variance trade-off (orthogonalizing the data) before 

training the classifier. In this study, this is essential, since the 
database consists of data from two different IMs with different 
manufacturing characteristics. Unlike the non-linear DR 
techniques, PCA is completely online and easy to implement, 
hence it is ideal for CM of IMs. What is more, upon DR the 
linear combinations of all attributes in the data are preserved by 
the first high energy principal components (PCs – are based on 
the chosen ID).  

The criteria used to select the best ID for the FS comes from 
the dimensionality reduction toolbox as mentioned in [11]. 
Before applying the ID estimators, the FS is normalized, so that 
values of each attribute have zero mean and unit variance.  
Thereafter, the  following ID estimators were applied on to the 
FS: Maximum Likelihood Estimator (MLE), EigenValue based 
Estimator (EVE) and Correlation Dimension estimators (CDE). 
The MLE and EVE gave 12 as ID, while CDE yielded 4. Based 
on these results for the ID, the Pareto chart was utilized to see 
how variability is impacted by certain numbers of PCs. After a 
careful examination, the  ID estimated by the CDE was ruled 
out because of its low dimensionality as it explained less than 
75% the FS. On the other hand, IDs estimated by MLE and EVE 
gave over 90% as the cumulative explained variability in the 
FS. Upon closer inspection, the first 12 PCs had their individual 
explained variability of at least 1% (ID given by MLE and 
EVE). Thereafter (from 13th PC onwards) the individual PCs 
had below 1% variability and were not used to avoid 
redundancy. Hence, the best ID was chosen to be 12 and using 
this value the FS’s dimension was reduced by using the PCA. 

Moreover, it is apparent from Fig. 5 that PCA is sufficient for 
understanding the geometry of the FS, since only the 12 largest 
PCs are able to linearly represent the entire data, which initially 
had 90 features. This also means that there is no need to perform 
any further non-linear manifold analysis or DR. This is actually 
confirmed by examining the feature-plots (Figs. 5b-c), which 

 
Fig. 4.  Frequency spectra of the inverter fed IM: healthy and faulty condition (25% Load, ~3% assymetricity): (a) Healthy spectrum of EPV currents (b) Healthy 
spectrum of EPV currents (~3% assymmetricity), (c) Rotor fault spectrum of EPV currents (d) Stator fault spectrum of EPV currents, (e) Stator fault spectrum of 
EPV currents (~3% assymmetricity), (f) Mixed fault spectrum of EPV currents (~3% assymmetricity)
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visualize the scores and loading of the PCA in the space of the 
first three principal components. The axes represent the PCs 
and the data cloud gives the score of how each of the 
observation is represented in terms of the first, second and third 
component. It is evident from these data clouds in Figs. 5b-c, 
that class clusters are well separated with minimal overlaps and 
that the nature of the data is almost quasi-linear, which needs a 
simple architecture for the classifiers to develop a decision 
boundary among the class clusters. 

V. CLASSIFICATION USING NEURAL NETWORKS 

In the previous section, the data manifold has been analyzed 
thoroughly to deduce the correct ID and then project the FS into 
a subspace spanned by the first 12 PCs making the classification 
easier. In addition to identifying the state of the machine, this 
classification should also quantify the probability of the 
occurrence of any operating condition. In this way, the 
classifier, by providing both the class and its associated 
probability, becomes an important tool for the diagnosis of 
incipient faults and their likelihood of evolving or a risk 
analysis. 

A major advantage of using NNs for classification is their 
capability to learn complex non-linear models by using only 
data. However, overfitting can result in little generalization 
capability and this can be avoided by choosing appropriate 
configuration settings and architecture for the NN model. For 
that reason, the dataset is partitioned into training, validation 
and test sets. The validation set controls periodically the 
training phase, by checking the quality of the classification. The 
test set is also used for checking the generalization properties 
of the classifier, but only when the network has been already 
trained.  

The proposed method presents a two-stage approach: fault 
detection and classification. At first, the features (a dimensional 
vector) are subject to a binary classifier that plays the part of 
fault detection (healthy or faulty). In the second stage, a three-
class classifier that distinguishes between SITF, BRBF and 
mixed faults is developed to classify the type of fault (Fig. 1).  

In both the detection and classification stages, shallow 
multilayer perceptron (MLP) NNs have been used. The FS is 
randomly divided into training, validation and test sets. For both 
stages, the input (feature vector), and the appropriate target 
vector (taking into account the number of classes) are supplied 
to the MLP NN. The objective is to reduce the error between 
response of the neuron and the target vector upon learning. The 
target vector is one-hot encoded for training under both stages. 

In this paper, for the MLP NN, the hidden units use sigmoidal 
function, and the output units use softmax activation functions. 
The output of the network consists of the class-membership 
probability of the inputs, because in the training process, the 
cross entropy (CE) error function is used. The gradient of CE is 
calculated by a powerful method known as error back-
propagation method. After the gradient has been computed, in 
order to minimize the CE error, the scaled conjugate gradient  
technique has been used for its speed and accuracy [12]. 

VI. CLASSIFICATION RESULTS 

As shown in Fig. 6, many shallow NNs with different number 
of neurons in the hidden layer have been trained. The selected 
best networks correspond to the number of hidden units with 68 
and 115 for the first and second stage classifiers, respectively. 
These values have been chosen by examining the network 
accuracy and performance (error given by CE) on the test and 
validation sets. Figs. 6a-b represent the performance of the 
MLP NN models trained for different numbers of neurons in the 
hidden layer for both the stages. It is evident that lower values 
of CE error give higher accuracies of the trained model. 

It should be noted that various configurations of training, 
validation and test sets were used to demonstrate the actual 
predictive power of the classifier. For comparison, several other 
types of classifiers were trained and tested in the same manner 
(Table V). Not only the classifiers, but also different FSs were 
used for comparison. In particular, together with Welch based 
features, parametric frequency estimation based methods were 
also used as features [22]. This because the retrieval of 
harmonics under this group of features are similar to the ones 
proposed in this paper. The parametric techniques used to 
derive those features are: MUSIC, Root-MUSIC, Eigenvector 
(EV), Root-EV, Minimum Norm (MN) and Pisarenko. Using 
the same pre-processing routine (normalization and DR using 
PCA), these features were used to train various classifiers 
subjected to the same test set.  

For the features proposed in this paper, Table V shows the 
best results obtained from the family of linear and nonlinear 
classifiers. Among the linear based classifiers, Support Vector 
Machines (SVM – linear, cubic and quadratic kernels) [28] 
performed well for both the stages. The non-linear based 
classifiers (ensembles [29]) performed equally comparable to 
the shallow NNs. The classifiers based on Discriminant analysis 
and Logistic Regression [12], were ranked the lowest under 
stage 1 classification, however their accuracies were above 
average.  

 
Fig. 5.  Principal component analysis: (a) Pareto chart, (b) 3D feature-plot for first three PCs, (c) 2D feature-plot for first two PCs 
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Using the Welch based features, under stage 1 classification, 
Welch’s method performed poorly in comparison to others 
except with the one using MLP NN classifier. As for the stage 
2 classification, its performance was ranked second. In both 
cases (stage 1 & stage 2), the MLP NN classifier provided 
superior results. The accuracies of the MLP NN classifiers 
using the proposed and Welch-based features are almost 
similar; however, it is worth mentioning that Welch-based 
features required more neurons in the hidden layer than the 
MLP NNs trained using the proposed features. A possible 
degradation in the performance for this feature would likely be 
due to the fact that, unlike the Periodogram estimate, the 
Welch’s method smoothens the spectrum, and loses a 
substantial amount of information (upon extraction of 
harmonics) that is necessary to determine the condition of the 
IMs [30, 31].   

In case of parametric based features, the results are also very 
good. In particular, classifiers whose features are derived from 
MUSIC and EV techniques, give superior results among the 
parametric based features. Their classification accuracy rivals 
the ones proposed in this paper. A reason why the accuracies 
are lower than the ones using the proposed features is that the 
test samples consist of the signals with high level of non-
stationarity due to varying load conditions, speed oscillations 
and harmonics introduced by the inverter. However, 
considering the consistency in terms of high accuracies, 
classifiers trained using the proposed features appear to be more 
robust and accurate than the ones derived using parametric 
techniques. Thus, according to the results for two-stage 

classification (Table V), features developed in this paper remain 
the best choice for the proposed scheme. This choice is made 
not only because of classification accuracy, but also the time 
complexities. This happens because the parametric based 
features and features proposed in this paper have time 
complexities of  𝑂 𝑛 𝑂 𝑛 𝑂 𝑛  and 𝑂 𝑛 𝑂 4𝑛
2𝑂 𝑛 𝑂 𝑛 , respectively, inclusive of the DR step via PCA.  

Narrowing down to the best classification approach for the 
proposed features, it would be advisable to choose the shallow 
NNs or a NN for both stages, since no other classifier is able to 
output directly the class membership probability as well as the 
state of the IM. Fig. 6c-d shows the confusion matrices after 
classification using the test set containing 50% of the data for 
both the stages. The target classes show the actual class and the 
output class gives the estimated class of the IM. The test 
accuracies for the first classifier (at fault detection stage) and 
the second classifier (fault classification stage) are 99.83% and 
100%, respectively.  

On this basis, for the purpose of comparison with shallow 
NNs, the proposed FS is trained using other supervised 
manifold learning techniques (using same seed and data 
division). Results in Table VI show relatively good results for 
both stages because of the manifold unwrapping nature of these 
non-linear methods. While their classification accuracies show 
similar trend with respect to both the first and second stages, it 
should be noted that these methods have much higher time 
complexities [32-36] than the ones proposed in this paper and 
are not able to output directly the class membership 
probabilities. With this regard, the shallow NNs (accuracies 

TABLE V 
CLASSIFICATION ACCURACIES (%) USING PROPOSED, WELCH AND PARAMETRIC FREQUENCY ESTIMATION [22] BASED FEATURES 

TWO CLASS: FAULT DETECTION - TEST ACCURACY (50% OF DATABASE) 
 Features 

Classifier Welch Estimate MUSIC Root-MUSIC  EV Root-EV Minimum Norm Pisarenko This Paper 
Cubic SVM  54.45 93.98 11.52 97.61 10.92 93.42 23.91 99.82 
Linear Discriminant 75.29 92.74 92.29 91.43 92.07 89.67 90.01 84.56 
Logistic Regression 87.57 92.89 92.41 91.51 92.11 89.82 91.58 92.21 
Linear SVM 91.94 93.08 92.63 92.37 92.29 89.86 91.36 92.89 
Quadratic SVM 77.69 91.66 20.28 93.19 23.57 54.92 86.53 94.43 
MLP NN  99.01 95.60 93.00 97.90 94.20 94.10 93.20 99.83 

THREE CLASS: FAULT CLASSIFICATION - TEST ACCURACY (50% OF DATABASE) 
 Features 

Classifier Welch Estimate MUSIC Root-MUSIC  EV Root-EV Minimum Norm Pisarenko This Paper 

Ensemble (Bagged Trees) 99.23 87.67 95.23 91.81 95.03 85.49 78.64 99.90 

Ensemble (Subspace kNN) 99.59 89.13 96.07 95.44 96.11 88.71 76.51 99.98 

Ensemble (Fine kNN) 99.52 87.12 95.78 92.93 95.19 87.17 75.17 99.97 
Linear SVM 90.35 78.72 81.10 89.26 80.77 68.52 76.96 99.97 
Quadratic SVM 98.51 88.50 73.37 96.20 85.83 77.80 78.34 99.98 
MLP NN  99.20 91.10 84.00 97.20 82.50 79.80 79.30 100.00 

 
Fig. 6. Performance using CE vs number of neurons in the hidden layer: (a) Stage 1 classifier, (b) Stage 2 classifier, Confusion matrices: (c) fault detection (stage 
1), (d) fault classification (stage 2) 

(a) (b) (c) (d) 
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shown in Table V) still remain the best choice as a classifier for 
both stages. 

TABLE VI 
CLASSIFICATION ACCURACIES (%) USING SUPERVISED MANIFOLD LEARNING 

TECHNIQUES (FOR COMPARISON) 
Supervised Manifold 
Learning Technique 

Classification 
Accuracy-stage 1 

Classification 
Accuracy-stage 2 

Supervised ISOMAP [32] 95.50 98.00 
Supervised LLE [33] 98.40 99.90 
t-SNE with Boosted Trees [34] 99.50 99.40 
Supervised ICA [35] 94.60 96.30 
Supervised Laplacian 
Eigenmaps [36] 

96.20 98.50 

Similarly, while the time constants of rotor and stator-based 
faults are very different, the responsiveness of the classification 
scheme with shallow NNs is remarkably high whether the fault 
occurs individually or simultaneously. The reason for that result 
is that the recall phase of the NN based classifier is utilized in 
the scheme. The time complexity for the recall phase (not 
trained) is approximately 𝑂 𝑛𝑚 , where 𝑛 represents the 
number of samples and 𝑚 is the dimension of the matrix. If 
merged with PCA, under this scheme the value of 𝑚 is 12, 
which reduces the time complexity to approximately 𝑂 𝑛 . It is 
advantageous, because lower time complexities are desirable 
for online fault detection and classification. Likewise, under the 
same recall phase, the individual classes, based only on three-
phase current signals, will always yield their probability of 
occurrence, which can help understand the operation of the IM. 
These individual probabilities, regardless of the fault type, also 
act as good condition indicators and are useful for the 
subsequent risk analysis. As for the mixed fault (SITF and 
BRBF), although appears to be slightly overlapping with either 
class (Fig. 5), shallow NNs at the second stage are able to 
classify correctly.  

VII. CONCLUSION 

A fault detection and classification scheme has been realized 
with accuracies above 99% by means of two-stage NNs. A 
major aspect in enhancing the system accuracy is the choice of 
features which generalize the data manifold and are able to 
separate classes in case of anomalies. Thus, the main 
contribution of this paper revolves around the following 
aspects: 

First, the use and refinement of the peak extraction method 
using prominence measure, which has not been proposed and 
applied in the area of FD and CM to date. The proposed method 
is tailored for fault analysis by the frequency spectrum 
elaboration. The prior information needed to successfully 
extract prominent peaks requires the knowledge of the model 
order, however this is not mandatory.  In comparison with 
classical and parametric based techniques for harmonic 
retrieval, the method of prominence is superior in terms of time 
complexity, works as well for short time intervals and requires 
no pre-processing. 

Second, the use of occupied BPR ratio with respect to the 
CFFs in the frequency spectrum. In accordance with the CFFs 
in Table I, this method calculates the occupied BPR for the 
different current signatures. By including these features, the 
statistical frequency features are also involved to counter 
exogenous noise induced by the inverter. 

Moreover, the geometry of the FS was studied carefully by 
means of the PCA, to determine the ID. Afterwards, the 
dimensionality of the FS was reduced and a classifier was 
developed by using shallow NNs. It should be stressed that two-
stage NNs were used by first isolating the faulty signatures 
(fault detection) and then identifying the class membership of 
the fault (classification).  

An advantage of using this scheme is that even if the first 
stage misdiagnoses, the second stage may identify classes with 
lower probability, which can be useful in ruling out any 
incorrect diagnosis. Shallow NNs for both stages appear to be 
superior than other linear and non-linear based classifiers 
(including some supervised manifold learning techniques), 
since in the recall phase it not only classifies the three-phase 
current signal, but also gives the probability for each class 
without any further calculation: this is useful for subsequent 
risk analysis. Therefore, the proposed solution confirms that 
this shallow configuration is sufficient and there is no need to 
consider using deep NNs.  

The proposed scheme has been validated based on IMs with 
different ratings and manufacturing characteristics, either grid 
or inverter fed. The overall worst-case time complexity for the 
scheme is approximately 𝑂 𝑛 , including data pre-processing 
step up to the classification stage, which is promising for an 
online application.  
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