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Abstract
Nowadays, condition-based maintenance (CBM) and fault diagnosis (FD) of rotating machinery (RM) has a vital role in
the modern industrial world. However, the remaining useful life (RUL) of machinery is crucial for continuous monitoring
and timely maintenance. Moreover, reduced maintenance costs, enhanced safety, efficiency, reliability, and availability are
the main important industrial issues to maintain valuable and high-cost machinery. Undoubtedly, induction motor (IM) is
considered to be a pivotal component in industrial machines. Recently, acoustic emission (AE) becomes a very accurate
and efficient method for fault, leaks and fatigue detection and monitoring techniques. Moreover, CM and FD based on
the AE of IM have been growing over recent years. The proposed research study aims to review condition monitoring
(CM) and fault diagnosis (FD) studies based on sound and AE for four types of faults: bearings, rotor, stator, and compound. The study also points out the advantages and limitations of using sound and AE analysis in CM and FD. Existing
public datasets for AE based analysis for CM and FD of IM are also mentioned. Finally, challenges facing AE based CM
and FD for RM, especially for IM, and possible future works are addressed in this study.
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Introduction
Nowadays, condition monitoring (CM) along with
early and continuous fault diagnosis (FD)1–11 is vital in
the modern life of industries.12–17 The importance of
CM and FD engineering processes comes from the serious need for continuous monitoring of the health of the
industrial components and systems through their life.18–
23
Moreover, the main goals are to improve the reliability,24–26 safety,27–29 availability,30,31 efficiency,32,33 and
to reduce the maintenance costs34,35 as well as to avoid
a breakdown or sudden failures.36,37 In modern industrial applications,38,39 rotating machinery (RM)40–42
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Figure 1. IM main parts and the percentage of their faults.

becomes the most important equipment. RM has been
widely used in many vital industrial areas,43,44 which
include blowers, expanders, engines, pumps, turbines,
motors, and generators.45–47
Induction motor (IM) is considered to be one of the
main components in industries. However, the importance of extensively using IM comes from some features
of it. IM is basic, cheap with high availability and reliability.48 IM consists of three main parts: bearing, stator,
and rotor. Figure 1 shows the main parts of IM and the
percentage of their faults.49,50
On the other hand, CM and FD of IM is widely used
to maintain the normal operating condition of the
equipment.51–54 However, the main purpose of CM and
FD is to diagnose and detect faults and failures.55–59
Hazardously, the impact of any failure may arrive to a
serious breakdown of the over whole system and heavy
losses, which leads to expensive maintenance cost.60–62
However, to avoid that loss, variety of methodologies
for CM and FD have been analyzed and developed.
Moreover, several data driven based methods have been
proposed such as, data fusion techniques,63–67 signal
and image processing based techniques,68–72 artificial
intelligent (AI) based techniques,73,74 data acquisition
and mining techniques,75–80 and expert system techniques.81–83 All previous techniques have used specific
analyses to develop the FD methodology to arrive to
the best efficient and accurate results.84–87 Three main
types of analysis are used in that studies including, electrical based analysis, oil and chemical based analysis,
and finally, mechanical analysis.88 In more details,
twelve analysis based on electrical, mechanical, and
chemical are found in the literature, including, vibration,89–92 noise,93,94 radio-frequency (RF),95–98 infrared,99–104 current and voltage,105,106 electromagnetic
field,107–109 oil,110–113 pressure,114–118 ultrasound,119–121
temperature,122–126 and sound and acoustic emission
(AE) analysis. Table 1 highlight main analysis used in
CM and FD for IM.127
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The proposed study aims to review the CM and FD
based on sound and AE for IM. The study also points
out the advantages and limitations of using sound and
AE analysis in CM and FD. Finally, challenges and
possible future works are also addressed in this study.
The rest of the paper has been organized as follows.
Firstly, a general background and introduction of AE
analysis is discussed in section 2. Secondly, CM and FD
of IM based on AE is discussed in section 3. Thirdly,
CM and FD for IM based on AE for four types of
faults: bearings, rotor, stator, and compound is presented in section 4. Fourthly, existing public datasets
are mentioned in section 5. Finally, challenges facing
AE based CM and FD for IM, and possible future
works are addressed in section 5.

General background of AE analysis
The acoustic emission (AE)128–130 is a passive powerful
non-destructive evaluation (NDE) technique that monitors the transient stress waves for the materials.131
Moreover, as a result of microstructural changes for
the materials or structures, acoustic emission shows the
acoustic stress waves that appear from the release of
the energy. Conventionally, sensors (typically piezoelectric types) applied directly on the surface to capture
these waves.132 However, analysis of the picked stress
waves can be used as a CM and FD.133–135
Nowadays, AE136 becomes a very accurate and efficient method for fault, leaks and fatigue detection and
monitoring techniques in materials137,138 and structural
analysis.139 That include, concrete,140,141 plastics,142–144
polymers,145–147 ceramics,148–150 pipelines,151–153 pressure vessels,154,155 storage tanks,156–159 bridges,160–162
aircraft,163,164 bucket trucks,165 wood,166–168 fiberglass,169–172 composites,173–175 welding,176–178, tubes,179
aerospace structures180–182 and finally for military
applications.183–185 Figure 2 illustrates AE instrumentation chain.

Introduction of CM and FD of IM based on
AE
Importantly, CM and FD based on the AE of RM have
been growing over recent years. AE is widely used in
rotating electric motors CM and FD186–188 for both
electrical and mechanical faults including, the shaft misalignment,189 the bearing,190–192 the rotor193,194 and the
stator.195 In addition, AE is extensively used in CM
and FD for the gearbox.196–199 The wind turbine CM
and FD using AE are also proposed and discussed.200–
203
Figure 3 shows the CM and FD process based on
AE.
Once the AE signals are caught, several signal processing techniques are applied in the pre-processing
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Table 1. Comparison between main types of CM and FD analysis for IM.
The technique

Fault’s type

Advantages

Drawbacks

Vibration analysis
Temperature analysis

Mechanical
Mechanical and
electrical
Mechanical

Reliable for early FD
Simple to implement

Expensive
Expensive

Reliable for remote and
continuous monitoring
Cheap

Used for large machines

Chemical analysis
Electrical analysis
(current and voltage)
AE analysis

Electrical
Mechanical

Sensitive to the background noise

Fault localization and severity capabilities
Reliable for early FD
High signal to noise ratio

Sensitive to the background noise

Figure 4. Test rig schematic diagram for CM and FD of IM
based on AE.

Figure 2. AE instrumentation chain.

results as well as because the AE is non-stationary. In
this regard, how to choose the most functional AE feature extraction and classification algorithms to achieve
the most effective features is the target of all new CM
and FD based on AE studies.217–220 Figure 4 shows a
test rig schematic diagram for CM and FD of IM based
on AE.

Advantage and limitations of AE analysis in CM and
FD
The advantages of AE based analysis in CM and FD
for IM compared with the rest of CM and FD methods
(i.e. vibration) could be summarizes as:

Figure 3. CM and FD process based on AE.

stage and the feature extraction stage.204,205
Importantly, since AE signals are sensitive to the environmental noise, filtering, signal discrimination and
noise reduction are crucial in the pre-processing
stage.206–208 Feature extraction and classification stages
are the most important stages in the CM.209–211
Characteristic patterns (time and frequency as well
as time/frequency domains features) could be
extracted from AE signals for fault recognition and
classification.212–216
However, choosing acoustic feature extraction algorithms is a challenge. Thus, noise could prevent acoustic
feature extraction algorithms from achieving accurate







AE based analysis provides earlier and rapid
detection for mechanical and electrical faults.221
AE based analysis provides high sensitivity to
friction and energy level.222
AE based analysis provides accurate information
about several aspects of the fault.223
Fault localization capability.224
AE based analysis provides dynamic processes
capability.225
Non-invasive and cheap.

The Limitations of AE based analysis in CM and FD
for IM are:



Lack of size and shape fault detection.226
The effects of frequency-dependent energy
attenuation.227
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Figure 5. Faults types of of IM.




AE based analysis is more susceptible to the
background noise.228,229
AE based analysis showes better performance
for electrical faults than mechanical faults.

CM and FD for IM based on AE
Importantly, in order to enhance the reliability and
availability of the IM, there is a vital need for fault
detection and diagnosis. However, Four main types are
available in the litretue including, bearing, stator, rotor
and compund, as shown in Figure 5.

Bearings
Rolling bearings are one of the most important components of IM.230–232 In Glowacz et al.,233 an early FD
technique based on AE for single-phase IM is introduced. The proposed technique used a method called
the selection of amplitudes of frequency – multi
expanded in the feature extraction stage to create a feature vector. Gaussian mixture models (GMM), nearest
neighbor (NN), and nearest mean (NM) classifiers are
used in the classification stage. Non-invasive and inexpensive techniques are the main advantages of using
this technique. Sensitivity to environmental noises is
the main drawback of the proposed method.

In Van Hecke et al.,234 a low-speed rolling element
bearing FD using an AE signal is proposed. Firstly, to
sample AE signals, a heterodyne frequency reduction
approach is applied. After that, the sampled AE
resampled again according to shaft crossing times to
account for fluctuations. Secondly, to extract features,
an even number of data points (obtained from the
resampled process) are used to find the single spectral
average for all bearings fault types. Effective diagnosis
method for extracting condition indicators is the main
advantage of using this method. However, one singlefault detection that is, low shaft speeds bearing fault is
the main limitation for this method.
Stief et al.235 proposed a data fusion system to combine multiple features. An AE, vibration and electric
signals are all used and measured. Moreover, a twostage Bayesian inference approach is applied to combine information from multiple sources. The main
advantages of applying this method are, the proposed
approach can be operating under normal and noisy
working conditions, and it is reliable and efficient for
use on health assessment. The drawbacks of applying
this approach are, the approach is valid only for steadystate signals and it is not able to identify the severity of
faults as well as (similar to all data-driven approaches),
large quantities of comparable measurement data must
be available.
A bearing FD with several operating conditions
using AE was proposed in Kumar et al.236 A decision
tree is used to extract statistical features. Following
that, in order to classify faults, the Bayes classifier is
applied. Simple, low-cost, non-invasive and the ability
to word with different operating conditions are the
main strength points of this approach. However,
Sensitivity to the noise and one single-fault detection
are the main limitations of using this method. Similarly,
in He and He,237 an approach for bearing FD using AE
and deep learning (DL) is introduced. In this approach,
the Fourier transform (FT) is used to preprocess the
data. Then, in order to obtain a DL network (neural
network NN), a simple spectrum matrix is applied. The
main advantages of using this approach are, working
with different operating conditions, dealing with big
data, and extract features rapidly. However, single-fault
detection is the main disadvantage of applying this
approach.
In Martin-del-Campo and Sandin,238 an online CM
and FD approach based on unsupervised learning are
introduced. The signal fidelity approach along with dictionary learning-based heuristics for faults detection is
also described. Moreover, sparse approximation and
time-domain are both employed for vibration and AE
signals. Importantly, the results in terms of the adaptation rate, accuracy, and cost of computation are presented. However, once a fault occurs, the features
change very slowly in low operation conditions in
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comparison with a high-speed variation. Online feature
condition monitoring and working under different
operational conditions are the main strength points for
this approach. However, high computation cost and
single-fault detection are the main disadvantages of this
approach.
Kedadouche et al.239 proposed a comparative study
between empirical wavelet transforms (EWT) and
ensemble empirical mode decomposition (EEMD)
methods based on AE signal. Moreover, an index selection approach that is, Kurtosis is applied to automatic
selection of the Intrinsic Mode Functions (IMF). The
results showed that the computational time is better for
EWT compared with The EEMD. Furthermore, EWT
has the ability to seek the frequency and associated harmonics of the faulty bearing. However, a numerically
simulated signal is used in this study.
An early FD of online monitoring for rolling element bearings is developed in Hemmati et al.240 To
extract the features, kurtosis and Shannon entropy
methods are used in order to find the optimal bandpass
filter and wavelet packet transform (WPT) as well as
envelope detection. Furthermore, the spectrum of
squared Hilbert transform is also applied to add a new
layer of improvement. The main strength points of the
proposed technique that it has the ability to detect the
size and location of faults, operating speed capability,
and loading conditions capability. However, the very
high computation cost is the main disadvantage of this
approach. A range of data processing and analysis
methods are applied for AE data to extract faults in the
bearing according to Elforjani and Mba.241 Moreover,
these methods are; eigen-analysis, evelop analysis,
entropy, signal shape factor (SHF), Prony’s energy
method, regression and wavelet transform WT.
Furthermore, statistical analysis and tools are
employed. That includes kurtosis (KU), the root mean
square (RMS), shape factor (SHF), impulse factor (IF),
and crest factor (CF). Detecting the size of a natural
defect on bearings whilst in operation is the main
strong point for applying the proposed approach.
However, single-fault detection and very high computation cost are the main disadvantages of this approach.
In Ferrando et al.,242 an envelope analysis based
method for bearing FD is proposed. The method consists of the wavelet packet method and the Hilbert
transform (HT). Moreover, in the feature extraction
stage, the wavelet packet method is used as AE signal
denoising and HT is used as envelope extraction and
autocorrelation function. The main advantages of
applying this approach are that the ability to identify
localized defects in an incipient stage and dealing with
the background noise capability whereas the signal-tonoise ratio (SNR) is very low with reduced computation cost. However, single-fault detection is the main
disadvantage of applying this method.
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Liu et al.243 proposed a framework based on compressive sensing (CS) signal processing for the running
state of the rolling bearing. Moreover, compressive sensing is applied to extract compressive features from the
AE signal directly. As a result, simple, high efficiency,
small input data and reduced computation cost are the
main strength points of applying this approach.
However, single-fault detection and sensitivity to the
interferences are the main disadvantages of applying
this method. In Sharma and Parey,244 a mathematical
model is developed as a fault mechanism of rolling element bearing. Furthermore, Hertzian contact, statistical concepts and contact load distribution approaches
are all used in order to build the model. The ability to
deal with contact load distribution during the load zone
is the main advantage of this model. It has been noted
that there is no noise consideration with this model.
In Holguı́n-Londoño et al.245 vibration and AE analysis methodology based on filter bank similarity features is proposed. Moreover, as a feature extraction
stage, empirical mode decomposition (EMD), wavelet
packet transform (WPT) and Fourier-based filtering
methods are applied to decompose the signals into several narrowband spectral components. After that, a
similarity measure, that is, cumulative spectral density
index, is used to obtain a feature vector. Finally, different types of faults are classified using K-nearest neighbors algorithm. Working in noisy environments with
low SNR and the ability to diagnose multiple rotating
machine faults are the main advantages of this methodology. The main disadvantage of applying this methodology is the very high computation cost.
Zhong et al.246 introduced an intelligent FD of the
IM framework. In the feature extraction stage, EEMD
is used to decompose the signal into proper intrinsic
mode functions (IMF). The correlation coefficient (CC)
and singular value decomposition (SVD) are applied to
eliminate the redundant IMF and obtain fault features.
To add a new layer of improvement, five single classifiers based on probabilistic committee machine (PCM)
and pairwise-coupled sparse Bayesian extreme learning
machines (PCSBELM) are trained and used in the classification stage. The ability to diagnose both single and
simultaneous faults and solving the multi-signal problem are the main advantages of using the proposed
framework. Complex data calculations and sensitivity
to the environmental noises are the main disadvantages
of applying the proposed approach.
An automatic bearing FD and localization approach
using vibration and AE is introduced in Jena and
Panigrahi,247 where many signal processing methods
are applied. Moreover, WPT is applied first in order to
identify the denoised signal. Then, smooth envelope
signal (SES) and enhanced spectrogram coefficients
techniques are employed. Furthermore, in order to
localize faults in time domain, the corresponding
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enhanced time–frequency spectrogram is obtained
using complex Morlet wavelet transform (CMWT) and
a thresholding routine. Finally, a robust peak detection
technique is applied. Real-time monitoring, 100%
accuracy, multiple-fault detection and dealing with
noise by using multiple layers of filtering are the main
strength points for this approach. In the other side,
very high computation cost is the main drawback. In
Amarnath and Praveen Krishna,248 an empirical mode
decomposition (EMD) based approach of AE for diagnosis of faults in helical gears and rolling element bearings is proposed. By using the EMD approach, the AE
is decomposed into several intrinsic mode functions
(IMFs) based on the time domain analysis in order to
seek the embedded intrinsic oscillation modes of the
acoustic signal. As a feature extraction process, kurtosis and crest factor values are obtained and extracted
from IMFs. Early and multiple-fault detection capabilities as well as the ability to decompose the signals into
higher and lower frequency modes are the main advantages of this approach. However, poor classification
capabilities and poor noise consideration are the main
drawbacks of this approach. Table 2 summarizes AE
based studies for CM and FD for bearings of IM.

Rotor faults
Detection of rotor faults is vital.255 In DelgadoArredondo et al.,256 AE and vibration signals are used
together as a combined FD methodology. This proposed methodology uses the complete ensemble empirical mode decomposition (CEEMD) to seek the intrinsic
mode functions (IMF). Gabor representation and the
frequency marginal methods are applied to obtain the
spectral content. The main advantages of this method
are, a non-invasive method with good accuracy, and it
can be extended to diagnose and detect more types of
faults. Miss knowledge about the number of modes for
signal decomposition and motor speed dependencies
are the main disadvantages of applying this method.
Glowacz257 applied two feature extraction methods
based on the frequency selection of AE. In the classification stage, the NN classifier, backpropagation NN
(BNN), and word coding are applied as AE recognition. Very good results for real data, high accuracy,
non-invasive and low cost are the main advantages for
applying this method. The disadvantage of applying
this method is the sensitivity to the environmental
noises. In G1owacz and G1owacz,258 a technique of
early FD of rotor damages using AE is introduced. For
a feature extraction from AE, a method called shortened method of frequencies selection (SMoFS-15) and
linear discriminant analysis (LDA), are applied for
real-world data of the motor. The nearest neighbor
(NN) and nearest mean (NM) algorithms are employed
in the classification stage. Importantly, the proposed
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technique is very cheap. Hazardously, the proposed
technique can detect the faults, which have the same
size and type. Moreover, sensitivity to the noise and a
high computation cost are the main disadvantages of
this technique. Table 3 summarizes AE based studies
for CM and FD for rotor of IM.

Stator faults
Stator faults represent 38% of total IM faults. In
Glowacz and Glowacz,261 an early FD method of stator faults of the IM is introduced. In the feature extraction stage and to obtain the feature vector, a method
called the selection of amplitudes of frequency is
applied. Then, the linear perceptron, KNN, and KMeans clustering are all applied in the classification
stage. The proposed approach is inexpensive and noninvasive. However, single-fault detection is the main
disadvantage of applying this approach. In Glowacz,262
an AE recognition system for detecting shorted stator
coils faults in motors is proposed. In the feature extraction stage, the normalization method, Fast Fourier
Transform (FFT), frequency selection technique, and
neural network (i.e. BNN) are all applied. Moreover,
word coding and NN classifiers are applied in the classification stage. On one hand, the proposed approach
is simple, on the other hand, it has some limitations
such as the ability to detect a single failure only and
noise interference. Table 4 summarizes AE based studies for CM and FD for the stator of IM.

Compound faults
Compund faluts CM and FD of IM using AE is
recently discussed. In Glowacz,263 bearing, stator and
rotor FD methods of a single-phase IM using AE are
proposed. In the feature extraction stage, a method
called SMOFS-22-MULTIEXPANDED (Shortened
Method of Frequencies Selection Multiexpanded) is
implemented. NN classifier is applied in the classification stage. Early FD and compound fault detection
capabilities are the main advantages of applying this
approach. The main drawback of applying this
approach is that the AE may interfere and mix (e.g.
reflections, overlapping). Similarly, in Germen et al.,264
bearing (misalignment), bearing (ball defect), broken
rotor bars and short circuit in stator winding IM faults
are diagnosed and classified using AE data recorded by
using several microphones. In the feature extraction
stage depending on the recorded data, correlation and
wavelet-based analyses are applied. Moreover, the selforganizing maps (SOM) method is used as a classifier.
The proposed approach has given much attention to
the classification stage. Furthermore, it has an ability
not only to identify the possible differences between
faulty and healthy motors but also to provide the

Selection of amplitudes of
frequency – multiexpanded
Spectral analysis and
Shannon’s entropy
Two-stage Bayesian inference
Decision tree
FT
Feature learning
EWT and EEMD
WPT and envelope detection
Entropy, SHF, envelop
analysis, and WT
Envelope analysis
CS

Hertzian contact and
statistical analysis
Filter bank similarity,
EMD, and WPT

Glowacz et al.233

Van Hecke et al.234

Kumar et al.236

He and He237

Martin-del-Campo and Sandin238

Kedadouche et al.239

Hemmati et al.240

Elforjani and Mba241

Liu et al.243

Sharma and Parey244

EEMD

WPT and SES

Zhong et al.246

Jena and Panigrahi247

Holguı́n-Londoño et al.245

Ferrando et al.242

Stief et al.235

Feature extraction method

Reference

Table 2. AE based studies for CM and FD for bearings of IM.

CMWT

PCSBELM

NN

Statistical analysis

Advances signal processing
techniques

HT

Statistical analysis

Hilbert transform

Index selection approach

Dictionary propagation

DL

Bayes classifier

Unsupervised clustering

Condition indicators

GMM, NN, and NM

Classification technique

(continued)

Non-invasive and inexpensive technique
The proposed technique is sensitive to the enviromental
interferences
Effective diagnose method for extracting condition indicators
Single-fault detection
Operating under normal and noisy working conditions
Valid only for steady state signals
It is not able to identify the severity of faults
Simple, low-cost, non-invasive and different operating conditions
capabilities
The proposed technique is sensitive to the enviromental noise
Dealing with several operating conditions and big data
Rapid feature extraction
Single-fault detection
Online feature condition monitoring and working under different
operational conditions
High computation cost and single-fault detection
Computational time is better
It isable to identify the location and severity of faults
The proposed method has an ability to detect the size and location
of faults, operating speed capability, and loading conditions capability
High computation cost
Operating under normal and noisy working conditions
It is able to identify the location and severity of faults
The ability to identify localized defects in an incipient stage
Dealing with the background noise
Simple, high efficiency, effective for small input data and very low
computation cost
Single-fault detection
The proposed technique is sensitive to the enviromental noise
Dealing with contact load distribution with different loads
No noise consideration with this model
Working in noisy environments with low SNR
Ability to diagnose multiple faults
Very high computation cost
Ability to diagnose both single and simultaneous faults and solving
multi- signal problem
Complex data calculations and sensitivity to the environmental
noises
Real time monitoring, 100% accuracy, multiple-faul detection and
dealing with noise by using multiple layers of filtering
Very high computation cost

Highlight
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Early and multiple-fault detection capabilities
Poor classification capabilities and poor noise consideration
Variable operating conditions are diagnosed
Different operational speeds are analyzed
High classification accuracy is achieved (99.00%)
Multi-fault classification with high precision approach is proposed
Faults in low-speed bearings are analyzed
Variable operating conditions are diagnosed
Different operational speeds are analyzed
Single and multi fault classification are applied
Simulation data is used
Reliability and performance are improved
The proposed method shows high diagnostic and classification
accuracy
Overfitting is decreased
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definition of the fault type for all three groups (bearing,
rotor and stator). However, the main drawback of
applying this approach is the sensitivity to the environmental noises. Table 5 summarizes AE based studies
for CM and FD for compound IM faults.
Table 6 summarizes advantages and drawbacks for
AE based alogorithms for CM and FD of IM.

Public datasets
Based on our review for the existing public datasets for
AE-based CM and FD of IM including bearings, rotor,
and stator, we were able to find only one dataset for
bearing, which is Smart Health, Safety, Environment
(SHSE) Lab Acoustic Emission (AE) Bearing (multicrack bearing faults, including, inner, outer, and ball
faults).253,267 We were able to spot only one dataset of
bearing without any dataset for rotor and stator.
However, as a future direction, we aim to generate data
to provide such datasets.

Random forest

SVM

Convolutional neural
networks (CNN)
CNN
Adaptive deep CNN
SVM

Kurtosis and crest factor

Classification technique

Challenges and future trends
Intelligent CM and FD is considered as a key factor of
fault diagnosis development. This section summarizes
the challenges and the future trends of CM and FD
based on sounds and AE for IM268–271:





Entropy

Fuzzy logic

CNN
WPT
Genetic algorithms (GA)

Acoustic spectral imaging (ASI)

EMD

Feature extraction method





Tian et al.254


Piltan and Kim253

Kim and Kim250
Kim and Kim251
Omoregbee and Heyns252

Hasan et al.249

Amarnath and Praveen Krishna248

Reference

Continued







AE data for CM and FD of machines still in
infant stage. However, more contribution must
be done to evaluate the performance of it.
Recent advances such as internet of things (IoT)
and big data analytics must be used with AE to
build a remote, continuous, online, accurate, and
robust CM and FD techniques.272
Rotor and stator FD based on AE needs more
contributions and should be investigated
more.273
Fault localization and identification based on
AE should be more investigated.
Compound CM and FD based on several types
of data (vibration, current, image, etc.) along
with AE may lead to better diagnostic capability.
AE considers to be efficient FD technique for
low speed condition. However, more efforts
should be given to evaluate AE based FD technique for moderate and high speed cases.
FD based on AE for multi- motor system, complicated faults, and for several types of RM have
to be evaluated.
Building an FD system based on AE with taking
into consideration all advantages of each algorithm may lead to immune system.
Compound FD approaches for all faults of IM
still needs more contributions.
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Table 3. AE based studies for CM and FD for rotor of IM.
Reference

Feature extraction
method

Classification
technique

Highlight

Delgado-Arredondo
et al.256

Complete EEMD

Spectral analysis

Non-invasive method, good
accuracy, and it can be extended
to diagnose and detect more
types of faults

Shortened Method of
Frequencies Selection
Multiexpanded

NN and BNN

High accuracy, non-invasive and
low cost are the main
advantages for applying this
method

SMoFS and LDA

NN and NM

The proposed technique is very
cheap|

Miss knowledge about
number of modes for signal
decomposition and motor
speed dependencies
Glowacz257

The proposed technique is
sensitive to the enviromental
noise
G1owacz and
G1owacz258
Single-fault classification is
applied
Sensitivity to the noise and a
high computation cost are
the main disadvantages of
this technique
Barusu et al.259
No classification
consideration is discussed
Li et al.260

FFT and WPT

Teager–Kaiser energy operator
(TKEO) and spectral analysis

The poposed method is simple,
cheap, and non-invasive
Frequency-domain
energy operator
(FDEO)

Various operating load
conditions are checked

Table 4. AE based studies for CM and FD for stator of IM.
Reference

Feature extraction method

Classification technique

Highlight

Glowacz and Glowacz261

Selection of amplitudes of
frequency

Linear perceptron, KNN,
and K-Means clustering

The proposed approach is
inexpensive and non-invasive

FFT and frequency selection

BNN, words coding, and NN

The poposed method is
simple, cheap, and noninvasive

Single-fault detection is the
main disadvantage for
applying this approach
Glowacz262
Sensitivity to the noise is
main drawback of this
technique





Very recently, DL becomes the hero and it overcomes the drawbacks of traditional ML.
However, more efforts should be done to befit
from it in the field of CM and FD.
Generating public datasets for stator and rotor
CM and FD of IM are crucial.274

Conclusion
Importantly, enhance the reliability, availability, safety
and reducing maintenance cost of modern industrial
systems and applications is crucial. Thus, follow up the
health and the remaining useful life (RUL) in modern
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Table 5. AE based studies for CM and FD for compound IM faults.
Reference

Fault

Feature
extraction method

Classification
technique

Highlight

Glowacz263

SMOFS

NN

Germen et al.264

Bearing, stator
and rotor
Bearing, stator
and rotor

WT

SOM

Pan et al.265

Stator and rotor

Higher-order
statistics (HOS)

Stief et al.266

Bearing, stator
and rotor

Data fusion and
Bayesian inference
method

Accuracy of time
difference of
arrival (TDOA)
-

Early FD capability is the main advantage
Sensitivity to the noise is the mein dwawback
Fault identification and fault severity are provided
Sensitivity to the noise is main drawback of this
technique
Fault identification with rapid manner is provided
Data fusion FD system based on AE,
vibration, current data is proposed

Table 6. Advantages and drawbacks for AE based CM FD of IM.
The technique

Advantages

Drawbacks

AE without AI

Less diagnostic and classification accuracy

AE with SVM

Simple
Less computational time
Dealing with small data sets
Effective with big data
Automatic feature extraction
Giving high diagnostic and
classification accuracy
Effective with big data
Giving high classification accuracy

AE with K-NN

Simple

AE with RF

Computationally inexpensive
Simple
Simple
Effective with small data sets
Efficient with data clustering
less sensitivity to the noise
Giving good classification accuracy
Robust
Giving high diagnostic and
classification accuracy
Effective with big data
Computationally inexpensive
Simple
Simple
Effective with small data sets
Computationally inexpensive

AE with deep learning
AE with ANN

AE with DT
AE with GMM
AE with NM
AE with Fuzzy logic

AE with K-Means clustering
AE with logistic regression

industrial machinery (i.e. IM) is vital. However, finding
the best diagnostic method is challenging. Recently,
acoustic emission (AE) becomes a very accurate and
efficient FD and monitoring techniques for IM. Thus,
in this paper, a general descriptive review for

Computationally expensive
High time for training data
Black box hidden problem
Computationally expensive
Dealing with small data sets
Sensitive to the noise
Slow for classification
Giving less diagnostic and classification accuracy
Dealing with small data sets
Sensitive to the noise
Overfitting
Sensitive to the noise
Giving good diagnostic and classification
performance
Computationally expensive
Black box hidden problem

Dealing with small data sets
Giving poor diagnostic and classification
performance

diagnostics methods of IM based on AE is presented.
Moreover, FD methods for bearing faults, stator faults,
and rotor faults of IM are discussed. The advantages
and limitations of each method are also highlighted. As
a main conclusion for the proposed study, AE data for

AlShorman et al.
CM and FD of machines still in the infant stage.
However, more contribution must be done for intelligent FD based on AE to evaluate its performance.
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8. de Azevedo HDM, Araújo AM and Bouchonneau N. A
review of wind turbine bearing condition monitoring:
State of the art and challenges. Renew Sustain Energ Rev
2016; 56: 368–379.
9. Lei Y, Jia F, Lin J, et al. An intelligent fault diagnosis
method using unsupervised feature learning towards
mechanical big data. IEEE Trans Ind Electr 2016; 63:
3137–3147.
10. Jia F, Lei Y, Guo L, et al. A neural network constructed
by deep learning technique and its application to intelligent fault diagnosis of machines. Neurocomputing 2018;
272: 619–628.
11. AlShorman O, AlShorman B and Alkahtani F. A review
of wearable sensors based monitoring with daily physical

17.

18.

19.

20.

21.

22.

23.

24.

25.

activity to manage type 2 diabetes. Int J Electr Comput
Eng 2021; 11: 646–653.
Peeters C, Antoni J and Helsen J. Blind filters based on
envelope spectrum sparsity indicators for bearing and
gear vibration-based condition monitoring. Mech Syst
Signal Pr 2020; 138: 106556.
Yu G, Lin T, Wang, et al. Time-reassigned multisynchrosqueezing transform for bearing fault diagnosis of
rotating machinery. IEEE Trans Ind Electr 2020; 68:
1486–1496.
Rani M, Dhok S and Deshmukh R. A machine condition
monitoring framework using compressed signal processing. Sensors 2020; 20: 319.
Papaelias M and Márquez FPG. Wind turbine inspection
and condition monitoring. In: Papaelias M, Garcı́a Márquez FP, Karyotakis A (eds) Non-destructive testing and
condition monitoring techniques for renewable energy
industrial assets. Oxford, United Kingdom: Elsevier,
2020, pp. 19–29.
Samson A and Rajan A. Condition monitoring of
cavitation-induced centrifugal pump. In: Suryan A, Do
DH, MinoruYaga, Zhang G (eds) Recent Asian research
on thermal and fluid sciences. Singapore: Springer, 2020,
pp. 393–408.
Feng Z, Yu X, Zhang D, et al. Generalized adaptive
mode decomposition for nonstationary signal analysis of
rotating machinery: Principle and applications. Mech
Syst Signal Process 2020; 136: 106530.
Zhao X, Jia M and Lin M. Deep Laplacian Auto-encoder and its application into imbalanced fault diagnosis of
rotating machinery. Measurement 2020; 152: 107320.
Hu A, Bai Z, Lin J, et al. Intelligent condition assessment
of industry machinery using multiple type of signal from
monitoring system. Measurement 2020; 149: 107018.
Wang X, Lu G, Liu J, et al. A new method to realize cyclic time averaging for change detection in dynamical
machine status. Measurement 2020; 154: 107443.
Wang L and Shao Y. Fault feature extraction of rotating
machinery using a reweighted complete ensemble empirical mode decomposition with adaptive noise and demodulation analysis. Mech Syst Signal Process 2020; 138:
106545.
Ramesh P, Dutta SJ, Neog SS, et al. Implementation of
Predictive Maintenance Systems in Remotely Located
Process Plants under Industry 4.0 Scenario. In: Karanki
DR, Vinod G, Ajit S (eds) Advances in RAMS engineering. NJ, USA: Springer, 2020, pp. 293–326.
Jalali S, Ghandi H and Motamedi M. Intelligent condition monitoring of ball bearings faults by combination of
genetic algorithm and support vector machines. J Nondestruct Eval 2020; 39: 1–12.
Goyal D, Pabla B and Dhami S. Non-contact sensor placement strategy for condition monitoring of rotating
machine-elements. Eng Sci Technol Int J 2019; 22:
489–501.
Saucedo-Dorantes J, Delgado-Prieto M, Osornio-Rios
R, et al. Spectral analysis of nonlinear vibration effects
produced by worn gears and damaged bearing in electromechanical systems: a condition monitoring approach.
In: Jauregui JC (eds) Nonlinear structural dynamics and
damping. New York: Springer, 2019, pp. 293–320.

12
26. Pan H, Zheng J and Liu Q. A novel roller bearing condition monitoring method based on RHLCD and
FVPMCD. IEEE Access 2019; 7: 96753–96763.
27. Liu L, Zhi Z, Zhang H, et al. Related entropy theories
application in condition monitoring of rotating machineries. Entropy 2019; 21: 1061.
28. Li K, Xiong M, Li F, et al. A novel fault diagnosis algorithm for rotating machinery based on a sparsity and
neighborhood preserving deep extreme learning machine.
Neurocomputing 2019; 350: 261–270.
29. Lu Y, Ding E-J, Du J, et al. Safety detection approach in
industrial equipment based on RSSD with adaptive parameter optimization algorithm. Safety Sci 2020; 125:
104605.
30. Cattaneo L and Macchi M. A digital twin proof of concept to support machine prognostics with low availability
of run-to-failure data. IFAC-PapersOnLine 2019; 52:
37–42.
31. Jagtap HP, Bewoor A and Kumar R. Thermal power plant
condenser fault diagnosis using coordinated condition monitoring approach. J Homepage 2019; 18: 223–235.
32. Ong P, Tieh THC, Lai KH, et al. Efficient gear fault feature selection based on moth-flame optimisation in discrete wavelet packet analysis domain. J Braz Soc Mech
Sci Eng 2019; 41: 266.
33. Altaf M, Uzair M, Naeem M, et al. Automatic and efficient fault detection in rotating machinery using sound
signals. Acoust Aust 2019; 47: 125–139.
34. Choudhary A, Jamwal S, Goyal D, et al. Condition monitoring of induction motor using internet of things (IoT).
In: Kumar H, Jain PK (eds) Recent advances in mechanical engineering. Singapore: Springer, 2020, pp. 353–365.
35. Lee WJ, Wu H, Huang A, et al. Learning via acceleration
spectrograms of a DC motor system with application to
condition monitoring. Int J Adv Manuf Technol 2020;
106: 803–816.
36. Choudhary A, Goyal D, Shimi SL, et al. Condition monitoring and fault diagnosis of induction motors: a review.
Arch Comput Methods Eng 2018; 26: 1221–1238.
37. Choudhary AK and Khan DA. Introduction to conditioning monitoring of mechanical systems. In: Malik H, Iqbal
A, Yadav AK (eds) Soft computing in condition monitoring
and diagnostics of electrical and mechanical systems. Singapore: Springer, 2020, pp. 205–230.
38. Mazzei D, Baldi G, Fantoni G, et al. A Blockchain Tokenizer for Industrial IOT trustless applications. Future
Gener Comput Syst 2020; 105: 432–445.
39. Joshi P, Agrawal S, Yadav LK, et al. Soft computing
methods and its applications in condition monitoring of
dgs—a review. In: Hasmat Malik, Iqbal A, Yadav AK
(eds) Soft computing in condition monitoring and diagnostics of electrical and mechanical systems. Singapore:
Springer, 2020, pp. 189–204.
40. Ragab A, Yacout S, Ouali M-S, et al. Prognostics of multiple failure modes in rotating machinery using a patternbased classifier and cumulative incidence functions. J
Intell Manuf 2019; 30: 255–274.
41. Bai C, Ganeriwala SS and Sawalhi N. A rational basis for
determining vibration signature of shaft/coupling misalignment in rotating machinery. In Maio DI (ed) Rotating

Advances in Mechanical Engineering

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

machinery, vibro-acoustics & laser vibrometry, volume 7.
New York: Springer, 2019, pp. 207–217.
Wu C, Jiang P, Ding C, et al. Intelligent fault diagnosis
of rotating machinery based on one-dimensional convolutional neural network. Comput Ind 2019; 108: 53–61.
Zhao Z, Wang X and Zhang X. Fault diagnosis of broken rotor bars in squirrel-cage induction motor of hoister
based on duffing oscillator and multifractal dimension.
Adv Mech Eng 2014; 6: 849670.
Irfan M. A novel non-intrusive method to diagnose bearings surface roughness faults in induction motors. J Failure Anal Prev 2018; 18: 145–152.
Muthanandan S and Nor KAB. Condition monitoring
and assessment for rotating machinery. In: Sulaiman SA
(ed) Rotating machineries. Berlin, Germany: Springer,
2019, pp. 1–22.
Zheng H, Wang R, Yin J, et al. A new intelligent fault
identification method based on transfer locality preserving projection for actual diagnosis scenario of rotating
machinery. Mech Syst Signal Pr 2020; 135: 106344.
Wang X, Si S, Li Y, et al. An integrated method based on
refined composite multivariate hierarchical permutation
entropy and random forest and its application in rotating
machinery. J Vib Control 2020; 1077546319877711.
Lee J-H, Pack J-H and Lee I-S. Fault diagnosis of induction motor using convolutional neural network. Appl Sci
2019; 9: 2950.
Irfan M, Saad N, Ibrahim R, et al. Analysis of bearing
outer race defects in induction motors. In: 2014 5th international conference on intelligent and advanced systems
(ICIAS), Kuala Lumpur, Malaysia, 2014, pp. 1–6.
Irfan M, Saad N, Ibrahim R, et al. An online fault diagnosis system for induction motors via instantaneous
power analysis. Tribol Trans 2017; 60: 592–604.
Dinardo G, Fabbiano L and Vacca G. A smart and intuitive machine condition monitoring in the Industry 4.0 scenario. Measurement 2018; 126: 1–12.
Shao H, Jiang H, Zhao H, et al. A novel deep autoencoder feature learning method for rotating machinery fault
diagnosis. Mech Sys Signal Pr 2017; 95: 187–204.
Jia F, Lei Y, Lin J, et al. Deep neural networks: A promising tool for fault characteristic mining and intelligent
diagnosis of rotating machinery with massive data. Mech
Sys Signal Pr 2016; 72: 303–315.
Zhao M and Lin J. Health assessment of rotating machinery using a rotary encoder. IEEE Trans Ind Electr 2017;
65: 2548–2556.
Wang B, Lei Y, Yan T, et al. Recurrent convolutional
neural network: A new framework for remaining useful
life prediction of machinery. Neurocomput 2020; 379:
117–129.
Zhang W, Li X, Jia X-D, et al. Machinery fault diagnosis
with imbalanced data using deep generative adversarial
networks. Measurement 2020; 152: 107377.
Isavand J, Kasaei A, Peplow A, et al. Comparison of
vibration and acoustic responses in a rotary machine balancing process. Appl Acoust 2020; 164: 107258.
Alshorman AM, Alshorman O, Irfan M, et al. Fuzzybased fault-Tolerant control for omnidirectional mobile
robot. Machines 2020; 8: 55.

AlShorman et al.
59. Saad N, Irfan M and Ibrahim R. Condition monitoring
and faults diagnosis of induction motors: electrical signature analysis. New York: CRC Press, 2018.
60. Su Z, Tang B, Liu Z, et al. Multi-fault diagnosis for rotating machinery based on orthogonal supervised linear
local tangent space alignment and least square support
vector machine. Neurocomput 2015; 157: 208–222.
61. Chen L, Xu G, Zhang S, et al. Health indicator construction of machinery based on end-to-end trainable convolution recurrent neural networks. J Manuf Syst 2020; 54:
1–11.
62. Peng B, Xia H, Ma X, et al. A mixed intelligent condition
monitoring method for nuclear power plant. Ann Nucl
Energ 2020; 140: 107307.
63. Jiang L-I, Yin H-K, Li X-J, et al. Fault diagnosis of rotating machinery based on multisensor information fusion
using SVM and time-domain features. Shock and Vibration 2014; 2014: 1–8.
64. Ayaz E, Öztürk A, S
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