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ABSTRACT

Vibration is one of the major parameters to consider in condition monitoring of rotating systems. If an
undetected fault is noticed in the rotating system, then, at best, the issue will not be too significant and can be
remedied cheaply and quickly; at worst case, it may result in down-time, expensive damage, injury, or even
life loss, therefore early fault identification is a critical factor in ensuring and extending the working life of
the rotating systems. By measurement and analysis of the vibration of rotating machinery, it is possible to
detect and locate important faults such as mass unbalance, misalignment, bearing failure, gear faults and rotor
cracks. This article is aimed to guide the researchers to implement identification, diagnosis and remedy
techniques of common fault types using vibration analysis and outlines many important techniques used for
condition monitoring of rotating systems such as fast Fourier transform, frequency domain decomposition
method, wavelet transform, stochastic subspace identification and deep learning.
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1. Introduction

The necessity of using small and large rotating
machinery in industrial systems imposes monitoring,
maintenance, and reparation. The main function of
condition monitoring of rotating machines is to
provide knowledge about machines condition at each
moment without stopping the line of production.
Vibration monitoring is one of the most common
techniques of condition monitoring and this is for its
ability to detect, locate and distinguish different types
of faults since its inception before they become
critical and dangerous, these faults which may be
distributed or localized. The bearings are the most
essential mechanical elements of rotating machinery.
They are employed to support the rotating shafts in
rotating machinery. On the other hand, several
studies showed that the main source of most
mechanical faults in rotating machinery is the bearing
fault. Therefore, any bearings fault may influence the
level of production and equipment working life as
well as having an unsafe environment for workers.
For these reasons, condition monitoring, early fault
detection and fault diagnosis of these bearings is one
of the major fundamental axes of development and
industrial research.

There are many techniques that can be used to detect
and diagnosis the bearing faults such as Fast Fourier
Transform (FFT), Short Time Fourier Transform
(STFT), Envelope analysis (EA), Empirical Mode

Decomposition  (EMD),  Frequency = Domain
Decomposition method (FDD), Enhanced Frequency
Domain Decomposition method (EFDD), Frequency-
Spatial Domain Decomposition method (FSDD),
Wavelet Transform (WT), Stochastic Subspace
Identification  (SSI), Artificial Neural-Network
approach for fault detection (ANN), Adaptive Neuro-
Fuzzy Inference System (ANFIS) and Deep Learning
for Fault Diagnosis. The purpose of this article is to
review these techniques and explore their
capabilities, advantages, and drawbacks in
monitoring bearings.

2. Fault in Rotating Machines

Turbomachinery, or generally speaking rotating
systems, are used in almost all industry sectors and
plays a major role .

Rotating machines can create propulsion (propellers),
extract energy (turbines), convoy fluids (fans and
pumps) and convert the state of working fluids
(compressors or pumps). In such cases, performance,
reliability, efficiency, and rapid delivery are
important factors that must be achieved.

Each rotating system type has one or more key design
challenges. In gas turbines, high temperatures is a
problematic, so cooling is a challenge. In aeroengine
fans, there are space limitations in designing
automotive fans, so noise is a challenge. In pumps,
non-ideal gas attitude in refrigerant compressors and
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steam turbines must be considered, so cavitation is a
challenge.

A fault is an irregularity in the functioning of the
equipment which results in component damage,
energy losses and reduced efficiency of the machine .
Common types of machine faults are mass unbalance,
misalignment, bearing failure, gear faults, rotor
cracks and bent shafts. The relation of the
predominant vibration frequencies with the forcing
frequency (input force frequency) gives us an idea
about the source of the fault. The increased amplitude
of the predominant frequencies indicates the severity
of the fault. Standard relations between common
faults and corresponding fault signatures are
available [1, 2].

2.1 Rotor Unbalance

Unbalance always appears in the form of noticeable
vibrations which endangers people, machines, and
the environment when it exceeds permissible
tolerances [3]. It shortens the service life of
machinery and reduces their utility value. In
practice, there’s no perfectly balanced rotors because
of manufacturing errors, tolerances and rotor
geometric changes during operation in the field [4].
This requires the rotor to be balanced usually by
adding or removing correction masses at certain
positions.

Edwards et al. [5] detected unbalance experimentally
from data obtained from just a single run-up or run-
down of the rotor rig and attempted to balance the
rotor. Janik and Irretier [6] proposed a method for the
unbalance identification of elastic rotors based on the
rotor dynamic theory mutual with experimental
modal analysis. Park et al. [7] used an on-line
weighted-incremental least square method and
conducted experiments to detect mass unbalance and
high order sensor runout in a turbo molecular pump
having active magnetic bearings. Tiwari and
Chakravarthy  [8] used impulse  response
measurements  for calculating residual mass
unbalances and bearing dynamic characteristics and
validated the developed method experimentally in a
flexible rotor-bearing test-rig. DE Queiroz [9]
simulated identification of rotor unbalance
parameters using the resulting  disturbance
calculations.

Various balancing techniques includes influence
coefficient methods [10, 11], modal balancing [12,
13], unified balancing approach [14], balancing using
amplitude only [15-17], balancing using phase only
[18], automatic balancing of rigid rotors [19, 20] and
virtual Balancing [21, 22].

2.2 Misalignment

Misalignment can be the second most common fault
after unbalance. Misalignment can cause over 70% of
the vibration issues of rotating machinery [23].
Misalignment exists because of improper machine
assembly, thermal distortion, and asymmetry in the
applied load. Misalignment in rotating machinery
results reaction forces and moments acting on the
coupling which cases vibration in the rotating system.
Practically we cannot achieve perfectly balanced
aligned rotor system. However, it can be within an
acceptable level. [24, 25].

Sinha et al. [26] studied misalignment from a single
run of flexible rotating system, while Taradai and
Don [27] developed a combined experimental and
computational method to estimate the shaft alignment
without couplings disassembly. Bachschmid and
Pennacchi [28], Sekhar [29, 30] has successfully
identified coupling misalignment by using model-
based methods. Pennacchi and Vania [31] identified
misalignment through orbit shape analysis and
subsequently used model-based method for the fault
identification. Some recent works include failure of
the misaligned flexible rotor was studied by Hili et al.
[32], and while on-line prediction of motor shaft
misalignment was investigated by Omitaomu et al.
[33] using FFT generated spectra data and support
vector regression. Patel and Darpe [34] proposed a
method for using the full spectra to identify
misalignment fault in rotor systems. And later, in
[35] they made experimental investigations in a
laboratory test rig and found that the misalignment
causes coupling phenomenon in the axial, bending,
and torsional vibrations.

They identified coupling misalignment fault using
full spectra and orbit plots of the vibration response.
The study of shaft misalignment is still inadequate.
Few researchers have given attention to shaft
misalignment due to complexity in modeling. Also,
most of the past studies on misalignment were
theoretical [36-38]. experimental investigations were
relatively limited. Furthermore, the theoretical studies
often attempted with several assumptions and
simplifications [39-41].

2.3 Bearing Failure

Bearings are the most critical components of any
rotating system. They are used to support the rotating
shafts in rotating machinery. Thus, any fault or
malfunction in the bearings can result losses on the
production level and equipment as well as having
unsafe working environment for humans [42].
Therefore, the fault diagnosis of bearings has got
large attention from the researchers in the recent
years [43-45]. Time domain analysis [46], frequency
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domain analysis [47] and spike energy analysis [48]
are applied to detect different bearing faults.

2.4 Damaged Gears

Gear vibrations are mainly produced by the shock
between the teeth of the two meshed gears. The
vibration monitored on a faulty gear generally
exhibits a significant level of vibration at the tooth
meshing frequency [49-53].

Gear faults can be generally classified into two major
categories: distributed faults and local faults [54].
Distributed faults are those faults that results from
poor gear mounting, or manufacturing inaccuracies
such as eccentricities, varying gear tooth spacing, etc.
Meanwhile, local faults are those resulting from
localizing defects that may occur in gear teeth such as
tooth surface wear, cracks in gear teeth, and loss of
part of the tooth due to breakage or loss of the whole
teeth.

2.5 Cracked Rotor

Undetected cracks in a shaft can lead to catastrophic
failure in the rotating system. This problem may be
monitored by observing the vibration signature and
behavior of cracked rotor systems [55].

Generally, there are two different methods are
employed to detect and locate cracks in rotating
systems. The first approach is depends on the
exitance of a cracked shaft in a rotating system which
results in decreasing the structure stiffness [56, 57].
Therefore, decreasing the natural frequencies of the
original uncracked shaft. The second approach
considers the effectiveness of a transverse active
crack on the response of a rotor system [58, 59].

2.6 Bent Shafts

Bends in shafts may be caused in several ways, for
example due to creep, thermal distortion, or a large
residual unbalance force. The forcing caused by a
bend is similar, though slightly different to that
caused by conventional mass unbalance. The
response of shaft bow is a function of shaft rotating
speed and results different phase angle and amplitude
relationships than is measured with mass unbalance,
which is a function of the square of the rotating
speed. It is important to be able to diagnose shaft bow
from vibration measurements and Thus, distinguish
between it and mass unbalance.

Parkinson et al. [60] described the differences in
whirl resulting from a rotating shaft subjected to shaft
bow and mass unbalance. After shaft balancing, it’s
found that the net whirl showed conventional
resonance behavior considering amplitude and phase
angle. Experimental results were included, which
confirmed the above findings and showed the

balancing of net whirl to be an extremely effective
method of balancing a bent shaft.

3. Vibration Analysis Techniques for Fault
Detection

3.1 Fast Fourier Transform (FFT)

Frequency analysis is considered to be the most
traditional method which can be employed for
analyzing the vibration signals [61-63]. Fourier
analysis transforms a signal from its original domain
(usually space or time) into frequency domain and
vice versa. Results showed that it is difficult to detect
and identify the fault at bearings using FFT [64],
because of limitations of the spectral analysis found
in the non-stationary signal analysis.

3.2 Short Time Fourier Transform (STFT)
Short-Time Fourier Transform (STFT) is the most
widely used technique for time frequency (TF)
analysis of non-stationary signals. The aim of STFT
is to analyze the signal into segment by segment (or
window by window) [65]. It uses a window function
to slide on the signal studied and then divide it into
several equal length segments (or window). The
inside signal of the segments is supposed to be
stationary. After that Fourier transform is applied in
each segment to find out the frequencies contained in
that segment. Hence, the signal will be represented
by two elements of time and frequency [66, 67].

3.3 Envelope Analysis (EA)

The envelope analysis is an important signal
processing technique which is applied to extract the
defect features from modulation signals.

The envelope analysis can be divided into three
procedures: signal filtering, applying Hilbert
transform (HT) [68] to envelope extraction of the
filtered signal, and at last, the spectrum estimation
of the envelope by the applying the Fast Fourier
transform (FFT) [69-71]. The identification of the
bearing faults is possible by using envelope analysis.
However, a critical limitation of this approach is that
it needs a pre-knowledge of the filtering band and
frequency at resonance.

3.4 Empirical Mode Decomposition (EMD)

Empirical Mode Decomposition (EMD) is an
adaptive time-frequency technique for analyzing non-
stationary and nonlinear signals, which applies time
domain signals and divides it into a group of
oscillatory functions, called intrinsic mode functions
(IMF) [72]. EMD is a superb technique used for
bearing fault diagnosis [73-75]. Unfortunately, there
are two problems in EMD, which are the selection of
the suitable decomposition level and its intrinsic
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mode functions (IMF) which contains the necessary
information for faults diagnosis.

3.5 Frequency Domain Decomposition Method
(FDD)
Frequency Domain Decomposition (FDD) is a non-
Bayesian approach for operational modal analysis of
rotating systems [76]. Applying FDD in the
frequency domain, it gives the natural frequencies,
the associated mode shapes and damping coefficients
as output, given a sufficient number of measurement
channels as input [77-79]. The most important
requirements of the method are the following:
The equations of motion of the structure are linear.
The structure is lightly damped, e.g., modal damping
coefficients do not exceed 10%—15%.
The external load on the structure, though unknown,
can be regarded as a white noise over the frequency
range of interest.

3.6 Enhanced Frequency Domain Decomposition
method (EFDD)

Enhanced Frequency Domain Decomposition method
(EFDD) approach is an expansion of FDD approach
described earlier. In this approach, modes are simply
selected locating the peaks in singular value
decomposition plots calculated from the spectral
density spectra of the responses [80]. As FDD
approach is based on using a single frequency line
from the Fast Fourier Transform (FFT) analysis, the
accuracy of the evaluated natural frequency depends
on the FFT resolution, and no modal damping is
determined. However, EFDD gives an improved
calculation of both the mode shapes and the natural
frequencies including damping calculation [81].

3.7 Frequency-Spatial Domain Decomposition
Method (FSDD)

The spatial and frequency domain decomposition
(FSDD) method was introduced in 2005, in which the
damping ratios and modal frequencies are calculated
from the enhanced power spectrum density (PSD)
[82] directly, without the necessity to perform inverse
fast Fourier transform (IFFT). FSDD greatly
improves the performance of FDD type algorithms
and has been widely applied in various engineering
fields [83-85]. However, problems like being unable
to differentiate between repeated modes, presence of
computational modes, and even less capacity of
calculating damping ratios are still big obstacles
encountered in many applications of these kind of
methods.

3.8 Wavelet Transform (WT)

A wavelet is defined as a small wave (the sinusoids
used in Fourier analysis are big waves) and in brief, a
wavelet is an oscillation that decays quickly [86-88].

The wavelet analysis is done like the short-time
Fourier transform analysis. In STFT, the signal is
multiplied with a window function; and wavelet
transform follows a similar process to study the
signal but with multiplying with a wavelet function,
and then the signal is estimated for each result
segment. However, unlike STFT, in Wavelet
transform, with each spectral component results in
changing the wavelet function width [89-91].
Advantages of Wavelet Theory can be summarized
as:

Wavelets offer localization in frequency and time
domain simultaneously.

A wavelet transform can be used to decompose a
signal into multiple wavelets.

Wavelets can often compress or de-noise a signal
without appreciable degradation.

3.9 Stochastic Subspace Identification (SSI)
SSI technique works directly with time data, without
needing to convert them to correlations or spectra;
also, SSI is an output-only time domain technique.
This technique is applied especially in operational
modal parameter identification [82], but it is a
difficult technique to clarify in detail for civil
engineers. The model of vibration structures can be
defined by a set of linear, constant coefficient and
second-order differential equation (1):

M{UO} + [GHU@} + KHU@} ()

={(r®)}

Where [M], [C,], [K] are the mass, damping and
stiffness matrices, {(F(¢))} is the excitation force
vector, and {U(t)} is the displacement vector
depending on time t. Solution of Equation (1) is
given in detail in the literature [92-95].

3.10 Intelligent Fault Diagnosis Techniques Based
on Vibration

Traditionally, the framework of intelligent fault
diagnosis includes four main steps: signal acquisition,
feature selection, feature extraction, and fault sorting
[96-98]. This method needs to obtain the signals in
normal and various abnormal states for learning prior
to performing diagnosis. Besides, in order to improve
its universality, for example, further tests on a larger
sample size should be conducted.

3.11 Artificial Neural-Network Approach for
Fault Detection (ANN)
An artificial neural network (ANN) is a pattern of
information processing similar to the way processing
information for humans [99, 100]. Due to the ability
of ANNSs in generalizing and studying nonlinear
relationships between output data and input data, they
provide a flexible mechanism for learning and
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recognizing system faults. They have been
established as a powerful intelligence technique in
the fault diagnosis of rotating machinery. Fault
diagnosis using ANN classifiers may largely increase
the reliability of fault diagnosis methods.

3.12 Adaptive Neuro-Fuzzy Inference System
(ANFIS)

Adaptive Neuro-Fuzzy Inference System (ANFIS) is
an integration technique in which neural networks are
applied to make the best or most effective use of the
fuzzy inference system. ANFIS forms a series of
fuzzy if-then rules with appropriate membership
functions to make the stipulated input—output pairs.
The initial fuzzy rules and membership functions are
first set by using experienced humans about the
outputs to be modeled. Then, ANFIS can modulate
these fuzzy if-then rules and membership functions
to minimize the error percentage in output functions,
measure or explain the input—output relationship of a
complex system [101, 102].

3.13 Deep Learning for Fault Diagnosis

Deep learning can be applied for fault diagnosis
[103]. Deep learning is a real time online plan or
scheme that can improve the accuracy of
identification, classification, prediction, and efficient
for initial faults that cannot be identified by
traditional statistic techniques. In machine learning,
we can choose features manually and a classifier to
arrange and investigate images while in deep
learning, modeling steps and feature extraction are
done automatically. Deep learning had formed a hot
topic mostly in image application and object
recognition. It is also suitable for large system with
multiple variables and fault diagnosis [104-107].

4. Conclusion

Vibration experts and developers have done great
efforts to create functions that solve the few
limitations of vibration analysis, however, there are
still some issues that we are unable to see through
vibration analysis such as;

e Very High frequency: Common sensors have a
maximum frequency of 10 to 15 kHz. If one does
not invest in special sensors, higher frequencies
will be invisible to the equipment.

e Ultra-low frequencies: Although it is possible to
measure very low frequencies, they are often
ignored because they require long samples which
are not done in a normal route.

e Lubricant condition: This is one of the biggest
limitations of vibration analysis. The condition of
the lubricant cannot be evaluated by this
technique, you can only suspect the lack of it.

Many vibration analysis techniques are presented to
explore  their  capabilities, advantages, and
disadvantage in diagnosing and monitoring rotating
systems. The following points can be concluded:

1. The identification of the bearing faults by using
frequency analysis is difficult because, it is not
suitable for non-stationary signal analysis.

2. The identification of the bearing faults is possible
by using envelope analysis.  However, the
envelope analysis has a major drawback
consisting of the requirement of a preliminary
research of the resonance frequencies.

3. The identification of the bearing faults is possible
by using Short Time Fourier Transform (STFT).
However, the problem with STFT is that it
provides constant resolution for all frequencies
since it uses the same window for the entire
signal. Therefore, once the window function is
chosen, the time and frequency resolution are
fixed. So, there is a trade-off to choose a proper
window function between the time resolution and
the frequency resolution: a longer window will
lead to a higher frequency resolution with a lower
time frequency and vice versa.

4. The identification of the bearing faults is possible
by using Empirical Mode Decomposition (EMD).
Unfortunately, there are two problems in EMD,
which are the selection of the suitable
decomposition level and its intrinsic mode
functions (IMF) which contains the necessary
information for faults diagnosis.

5. Deep learning for fault diagnosis had been paid
less attention. Because of these difficulties:(1) for
images, the characteristics of recognition objects
are relatively fixed, but faults are changeable,
such as patterns variability and shape
variability;(2) as fault has no fixed pattern,
whether deep learning can capture a useful
"hierarchical grouping™ or" part-whole
decomposition” of the fault data is unknown; (3)
the detection mechanism and ability based on
deep learning is not yet well explored, especially
for the incipient faults not any observable
changes, which is a bottle neck that traditional
methods suffering.

ERJ, Menoufia University, Vol. 44, No. 3, July 2021 289



Mohamed B. Abd-Elbary, Ahmed G. Embaby, and Fawkia R. Gomaa "'Fault Diagnosis in Rotating
System Based on Vibration Analysis"

5. References

[1]

[2]

[3]

[4]

[5]

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

290

R. K. Mobley, Vibration fundamentals.
Elsevier, 1999.

W. Thomson, Theory of vibration with
applications. CRC Press, 2018.

Mechanical vibration-balance quality
requirements for rotors in a constant (rigid)
state-part 1: Specification and verification of
balance tolerances Brandt, I. Standard, 2003.
R. Eshleman and R. Eubanks, "On the critical
speeds of a continuous rotor," 1969.

S. Edwards, A. Lees, and M. Friswell,
"Experimental identification of excitation and
support parameters of a flexible rotor-
bearings-foundation system from a single run-
down," Journal of sound and vibration, vol.
232, no. 5, pp. 963-992, 2000.

T. Kreuzinger-Janik and H. Irretier,
"Experimental modal analysis—a tool for
unbalance identification of rotating machines,"
International Journal of Rotating Machinery,
vol. 6, 2000.

T.-J. Park, Y. Kanemitsu, S. Kijimoto, K.
Matsuda, and Y. Koba, "ldentification of
unbalance and high order sensor runout on
rigid rotor supported by magnetic bearings," in
Proc. 8th Symp. Magn. Bearing, 2002, pp.
355-360.

R. Tiwari and V. Chakravarthy, "Simultaneous
identification of residual unbalances and
bearing dynamic parameters from impulse
responses  of  rotor-bearing  systems,"
Mechanical systems and signal processing,
vol. 20, no. 7, pp. 1590-1614, 2006.

M. De Queiroz, "An active identification
method of rotor unbalance parameters,"”
Journal of Vibration and Control, vol. 15, no.
9, pp. 1365-1374, 2009.

K. Hopkirk, "Notes on methods of balancing,"
The engineer, vol. 170, pp. 38-39, 1940.

T. P. Goodman, "A least-squares method for
computing balance corrections," 1964.

M. Deepthikumar, A. Sekhar, and M.
Srikanthan, "Modal balancing of flexible
rotors with bow and distributed unbalance,"”
Journal of Sound and Vibration, vol. 332, no.
24, pp. 6216-6233, 2013.

S. Tresser, A. Dolev, and I. Bucher, "Dynamic
balancing of super-critical rotating structures
using slow-speed data via parametric
excitation," Journal of Sound and Vibration,
vol. 415, pp. 59-77, 2018.

M. S. Darlow, Balancing of high-speed
machinery. Springer Science & Business

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

Media, 2012.

G. IH AL-Sarraj, M. TS Al-Taee, and M. J.
Ali, "Analytical and experimental study of
three test-run balancing method," AL-Rafdain
Engineering Journal (AREJ), vol. 17, no. 2,
pp. 77-85, 2009.

M. T. A. A. Al-Taee, "A novel experimental
study of single—plane balancing method of
crankshaft without phase angles data (ENG),"
AL Rafdain Engineering Journal, vol. 21, no.
3, pp. 66-77, 2013.

M. T. S. Al Abbood, "A new mathematical
analysis of two—plane balancing for long rotors
without phase data," Association of Arab
Universities Journal of Engineering Sciences,
vol. 26, no. 1, pp. 44-48, 20109.

W. Foiles and D. Bently, "Balancing with
phase only (single-plane and multiplane),”
1988.

D. J. Rodrigues, A. Champneys, M. Friswell,
and R. Wilson, "Experimental investigation of
a single-plane automatic balancing mechanism
for a rigid rotor,” Journal of Sound and
Vibration, vol. 330, no. 3, pp. 385-403, 2011.
T. Majewski, D. Szwedowicz, and M. A. M.
Melo, "Self-balancing system of the disk on an
elastic shaft,” Journal of Sound and Vibration,
vol. 359, pp. 2-20, 2015.

R. P. Sampaio and T. A. Silva, "Unbalance
and field balancing virtual labs,"” in 11th
International ~ Conference  on  Remote
Engineering and Virtual Instrumentation
(REV), 2014, pp. 75-76.

R. Dinov, G. Nikolov, and B. Nikolova, "Two-
plane balancing using portable data acquisition
card and labview," 2009.

S. Bognatz, "Alignment of critical and non
critical machines," Orbit, vol. 4, pp. 23-25,
1995.

A. Sekhar, "Crack identification in a rotor
system: a model-based approach," Journal of
sound and vibration, vol. 270, no. 4-5, pp.
887-902, 2004.

J. Piotrowski, Shaft alignment handbook. Crc
Press, 2006.

J. K. Sinha, A. Lees, and M. Friswell,
"Estimating unbalance and misalignment of a
flexible rotating machine from a single run-
down," Journal of Sound and Vibration, vol.
272, no. 3-5, pp. 967-989, 2004.

D. Taradai and E. Don, "A combined
computational and experimental method to
determine shaft line alignment without the
disassembling  of  couplings,”  Thermal

ERJ, Menoufia University, Vol. 44, No. 3, July 2021



Mohamed B. Abd-Elbary, Ahmed G. Embaby, and Fawkia R. Gomaa "'Fault Diagnosis in Rotating
System Based on Vibration Analysis™

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

engineering, vol. 52, no. 6, pp. 508-512, 2005.
N. Bachschmid and P. Pennacchi, "Accuracy
of fault detection in real rotating machinery
using model based diagnostic techniques,"”
JSME International Journal Series C
Mechanical Systems, Machine Elements and
Manufacturing, vol. 46, no. 3, pp. 1026-1034,
2003.

A. Sekhar, "ldentification of coupling
misalignment in a rotor-coupling-bearing
system," in Proceedings of 4th International
Workshop on Structural Health Monitoring,
Standford, USA, 2003, pp. 1374-1383.

A.  Sekhar, "On-Line Rotor Fault
Identification,” Noise & Vibration Worldwide,
vol. 35, no. 7, pp. 16-30, 2004.

P. Pennacchi and A. Vania, "Diagnosis and
model based identification of a coupling
misalignment," Shock and Vibration, vol. 12,
no. 4, pp. 293-308, 2005.

M. A. Hili, T. Fakhfakh, and M. Haddar,
"Failure analysis of a misaligned and
unbalanced flexible rotor,” Journal of Failure
Analysis and Prevention, vol. 6, no. 4, pp. 73-
82, 2006.

0. A. Omitaomu, M. K. Jeong, A. B. Badiru,
and J. W. Hines, "On-line prediction of motor
shaft misalignment using fast fourier transform
generated spectra data and support vector
regression," 2006.

T. H. Patel and A. K. Darpe, "Experimental
investigations on vibration response of
misaligned rotors,” Mechanical Systems and
Signal Processing, vol. 23, no. 7, pp. 2236-
2252, 2009.

T. H. Patel and A. K. Darpe, "Vibration
response of misaligned rotors,"” Journal of
sound and vibration, vol. 325, no. 3, pp. 609-
628, 2009.

W. Fengqgi and G. Meng, "Compound rub
malfunctions feature extraction based on full-
spectrum cascade analysis and SVM,"
Mechanical systems and signal processing,
vol. 20, no. 8, pp. 2007-2021, 2006.

A. Lees, "Misalignment in rigidly coupled
rotors," Journal of Sound and Vibration, vol.
305, no. 1-2, pp. 261-271, 2007.

A. Sekhar, "Multiple cracks effects and
identification," Mechanical Systems and Signal
Processing, vol. 22, no. 4, pp. 845-878, 2008.

T. H. Patel and A. K. Darpe, "Vibration
response of a cracked rotor in presence of
rotor—stator rub,” Journal of Sound and
Vibration, vol. 317, no. 3-5, pp. 841-865,

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

2008.

A. K. Jalan and A. Mohanty, "Model based
fault diagnosis of a rotor—bearing system for
misalignment and unbalance under steady-state
condition,” Journal of sound and vibration,
vol. 327, no. 3-5, pp. 604-622, 2009.

V. Hariharan and P. Srinivasan, "Vibrational
analysis of flexible coupling by considering
unbalance,"” World applied sciences journal,
vol. 8, no. 8, pp. 1022-1031, 2010.

C. T. Walters, "The dynamics of ball
bearings," 1971.

M. Amarnath, R. Shrinidhi, A. Ramachandra,
and S. Kandagal, "Prediction of defects in
antifriction bearings using vibration signal
analysis," Journal of the Institution of
Engineers(India), Part MC, Mechanical
Engineering Division, vol. 85, p. 88, 2004.

T. Doguer and J. Strackeljan, "Vibration
analysis using time domain methods for the
detection of small roller bearing defects,”
Mechanik, no. February, pp. 23-25, 2009.

S. Patidar and P. K. Soni, "An overview on
vibration analysis techniques for the diagnosis
of rolling element bearing faults,”
International Journal of Engineering Trends
and Technology (IJETT), vol. 4, no. 5, pp.
1804-1809, 2013.

R. Alfredson and J. Mathew, "Time domain
methods for monitoring the condition of
rolling element bearings," STIA, vol. 86, pp.
102-107, 1985.

B. Li, G. Goddu, and M.-Y. Chow, "Detection
of common motor bearing faults using
frequency-domain vibration signals and a
neural network based approach,” in
Proceedings of the American Control
Conference. ACC, 1998, vol. 4, pp. 2032-2036.
J. Shea and J. Taylor, "Spike energy in fault
analysis/machine  condition  monitoring,"
NOISE VIBRAT. WORLDWIDE., vol. 23, no.
2, pp. 22-26, 1992.

V. Sharma and A. Parey, "A review of gear
fault diagnosis using various condition
indicators," Procedia Engineering, vol. 144,
pp. 253-263, 2016.

B. Li, X. Zhang, and J. Wu, "New procedure
for gear fault detection and diagnosis using
instantaneous angular speed,” Mechanical
Systems and Signal Processing, vol. 85, pp.
415-428, 2017.

P. Cao, S. Zhang, and J. Tang, "Preprocessing-
free gear fault diagnosis using small datasets
with deep convolutional neural network-based

ERJ, Menoufia University, Vol. 44, No. 3, July 2021 291



Mohamed B. Abd-Elbary, Ahmed G. Embaby, and Fawkia R. Gomaa "'Fault Diagnosis in Rotating
System Based on Vibration Analysis"

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

292

transfer learning," leee Access, vol. 6, pp.
26241-26253, 2018.

R. Sun, Z. Yang, X. Chen, S. Tian, and Y. Xie,
"Gear fault diagnosis based on the structured
sparsity time-frequency analysis," Mechanical
systems and signal processing, vol. 102, pp.
346-363, 2018.

Y. Li, G. Cheng, C. Liu, and X. Chen, "Study
on planetary gear fault diagnosis based on
variational mode decomposition and deep
neural networks,” Measurement, vol. 130, pp.
94-104, 2018.

J. Antoni and R. Randall, "Differential
diagnosis of gear and bearing faults," J. Vib.
Acoust., vol. 124, no. 2, pp. 165-171, 2002.
J.-J. Sinou and A. Lees, "A non-linear study of
a cracked rotor," European Journal of
Mechanics-A/Solids, vol. 26, no. 1, pp. 152-
170, 2007.

C. H. Oppenheimer and K. A. Loparo,
"Physically based diagnosis and prognosis of
cracked rotor shafts,” in Component and
Systems Diagnostics, Prognostics, and Health
Management 11, 2002, vol. 4733: International
Society for Optics and Photonics, pp. 122-132.
A. Darpe, K. Gupta, and A. Chawla, "Coupled
bending, longitudinal and torsional vibrations
of a cracked rotor,"” Journal of sound and
vibration, vol. 269, no. 1-2, pp. 33-60, 2004.
D. Guo and Z. Peng, "Vibration analysis of a
cracked rotor using Hilbert-Huang transform,"
Mechanical Systems and Signal Processing,
vol. 21, no. 8, pp. 3030-3041, 2007.

T. H. Patel and A. K. Darpe, "Influence of
crack breathing model on nonlinear dynamics
of a cracked rotor,” Journal of Sound and
Vibration, vol. 311, no. 3-5, pp. 953-972,
2008.

A. Parkinson, M. Darlow, and A. Smalley,
"Balancing flexible rotating shafts with an
initial bend," AlIAA journal, vol. 22, no. 5, pp.
683-689, 1984.

A. Aherwar and M. S. Khalid, "Vibration
analysis techniques for gearbox diagnostic: a
review," International Journal of Advanced
Engineering Technology, vol. 3, no. 2, pp. 04-
12, 2012.

S. Farokhzad, "Vibration based fault detection
of centrifugal pump by fast fourier transform
and adaptive neuro-fuzzy inference system,"
Journal of mechanical engineering and
technology, vol. 1, no. 3, pp. 82-87, 2013.

V. Saxena, N. Chowdhury, and S. Devendiran,
"Assessment of gearbox fault detection using

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

vibration signal analysis and acoustic emission
technique," Journal of Mechanical and Civil
Engineering, vol. 7, no. 4, pp. 52-60, 2013.

M. Patil, J. Mathew, P. Rajendrakumar, and S.
Karade, "Experimental studies using response
surface methodology for condition monitoring
of ball bearings,” Journal of tribology, vol.
132, no. 4, 2010.

N. Mehala and R. Dahiya, "A comparative
study of FFT, STFT and wavelet techniques
for induction machine fault diagnostic
analysis,” in Proceedings of the 7th WSEAS
international conference on computational
intelligence, man-machine  systems and
cybernetics, Cairo, Egypt, 2008, vol. 2931.

K. C. Gryllias and I. A. Antoniadis, "A
Support Vector Machine approach based on
physical model training for rolling element
bearing  fault detection in industrial
environments," Engineering Applications of
Artificial Intelligence, vol. 25, no. 2, pp. 326-
344, 2012.

S. Dass, M. S. Holi, and K. S. Rajan, "A
Comparative Study on FFT STFT and WT for
the Analysis of Auditory Evoked Potentials,"
1JERT, vol. 2, no. 11, pp. 636-641, 2013.

A. Djebala, N. Ouelaa, C. Benchaabane, and
D. F. Laefer, "Application of the Wavelet
Multi-resolution ~ Analysis and  Hilbert
transform for the prediction of gear tooth
defects," Meccanica, vol. 47, no. 7, pp. 1601-
1612, 2012.

M. Feldman, "Hilbert transform in vibration
analysis," Mechanical systems and signal
processing, vol. 25, no. 3, pp. 735-802, 2011.
J. Slavi¢, A. Brkovi¢, and M. Boltezar,
"Typical bearing-fault rating using force
measurements: application to real data,"
Journal of Vibration and Control, vol. 17, no.
14, pp. 2164-2174, 2011.

A. Boudiaf, A. Moussaoui, A. Dahane, and I.
Atoui, "A comparative study of various
methods of bearing faults diagnosis using the
case Western Reserve University data,"
Journal of Failure Analysis and Prevention,
vol. 16, no. 2, pp. 271-284, 2016.

R. C. Sharpley and V. Vatchev, "Analysis of
the intrinsic mode functions," Constructive
Approximation, vol. 24, no. 1, pp. 17-47, 2006.
Q. Gao, C. Duan, H. Fan, and Q. Meng,
"Rotating machine fault diagnosis using
empirical mode decomposition,” Mechanical
Systems and Signal Processing, vol. 22, no. 5,
pp. 1072-1081, 2008.

ERJ, Menoufia University, Vol. 44, No. 3, July 2021



Mohamed B. Abd-Elbary, Ahmed G. Embaby, and Fawkia R. Gomaa "'Fault Diagnosis in Rotating
System Based on Vibration Analysis™

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

J. A. Rosero, L. Romeral, J. A. Ortega, and E.
Rosero, "Short-circuit detection by means of
empirical mode decomposition and Wigner—
Ville distribution for PMSM running under
dynamic condition,” IEEE Transactions on
Industrial Electronics, vol. 56, no. 11, pp.
4534-4547, 20009.

M.-C. Pan and W.-C. Tsao, "Using appropriate
IMFs for envelope analysis in multiple fault
diagnosis of ball bearings,” International
Journal of Mechanical Sciences, vol. 69, pp.
114-124, 2013.

R. Brincker, L. Zhang, and P. Andersen,
"Modal identification of output-only systems
using frequency domain decomposition,"”
Smart materials and structures, vol. 10, no. 3,
p. 441, 2001.

Y. Qu, Y. Chen, X. Long, H. Hua, and G.
Meng, "Free and forced vibration analysis of
uniform and stepped circular cylindrical shells
using a domain decomposition method,"
Applied Acoustics, vol. 74, no. 3, pp. 425-439,
2013.

Y. Qu, H. Hua, and G. Meng, "A domain
decomposition approach for vibration analysis
of isotropic and composite cylindrical shells
with  arbitrary  boundaries,”  Composite
Structures, vol. 95, pp. 307-321, 2013.

T.-P. Le and P. Argoul, "Distinction between
harmonic and structural components in
ambient excitation tests using the time—
frequency domain decomposition technique,"
Mechanical Systems and Signal Processing,
vol. 52, pp. 29-45, 2015.

N.-J. Jacobsen, P. Andersen, and R. Brincker,
"Using  enhanced  frequency  domain
decomposition as a robust technique to
harmonic excitation in operational modal
analysis,” in  Proceedings of ISMA:
International Conference on Noise &
Vibration  Engineering, 2006: Belgium
Leuven, pp. 18-20.

M. D. A Hasan, Z. Ahmad, M. Salman Leong,
and L. Hee, "Enhanced frequency domain
decomposition algorithm: a review of a recent
development for unbiased damping ratio
estimates," Journal of Vibroengineering, vol.
20, no. 5, pp. 1919-1936, 2018.

W. J. Yan and W. X. Ren, "Operational modal
parameter identification from power spectrum
density  transmissibility,"  Computer-Aided
Civil and Infrastructure Engineering, vol. 27,
no. 3, pp. 202-217, 2012.

D.-y. Ding, W.-n. Liu, S. Gupta, G. Lombaert,

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

[93]

and G. Degrande, "Prediction of vibrations
from underground trains on Beijing metro line
15," Journal of Central South University of
Technology, vol. 17, no. 5, pp. 1109-1118,
2010.

L. Zhang, T. Wang, and Y. Tamura, "A

frequency—spatial  domain  decomposition
(FSDD) method for operational modal
analysis,” Mechanical systems and signal

processing, vol. 24, no. 5, pp. 1227-1239,
2010.

X.-y. LI, X.-q. KONG, and X.-h. HOU, "High
frequency noise suppression by Empirical
Mode Decomposition in the frequency-spatial
domain based on high-pass filter," Progress in
Geophysics, no. 3, p. 31, 2012.

F. Al-Badour, M. Sunar, and L. Cheded,
"Vibration analysis of rotating machinery
using time—frequency analysis and wavelet
techniques,” Mechanical Systems and Signal
Processing, vol. 25, no. 6, pp. 2083-2101,
2011.

M. Rucka, "Damage detection in beams using
wavelet transform on higher vibration modes,"
Journal of theoretical and applied mechanics,
vol. 49, no. 2, pp. 399-417, 2011.

R. Kumar and M. Singh, "Outer race defect
width measurement in taper roller bearing
using discrete wavelet transform of vibration
signal," Measurement, vol. 46, no. 1, pp. 537-
545, 2013.

S. Khanam, N. Tandon, and J. Dutt, "Fault size
estimation in the outer race of ball bearing
using discrete wavelet transform of the
vibration signal," Procedia Technology, vol.
14, no. 12-19, p. 2nd, 2014.

J. Chen, J. Pan, Z. Li, Y. Zi, and X. Chen,
"Generator bearing fault diagnosis for wind
turbine via empirical wavelet transform using
measured  vibration signals,” Renewable
Energy, vol. 89, pp. 80-92, 2016.

Z. Huo, Y. Zhang, P. Francg, L. Shu, and J.
Huang, "Incipient fault diagnosis of roller
bearing using optimized wavelet transform
based multi-speed vibration signatures,” IEEE
Access, vol. 5, pp. 19442-19456, 2017.

Y. C. Liu, C. H. Loh, and Y. Q. Ni, "Stochastic
subspace identification for output-only modal
analysis: application to super high-rise tower
under abnormal loading condition,"
Earthquake  Engineering &  Structural
Dynamics, vol. 42, no. 4, pp. 477-498, 2013.

R. Tarinejad and M. Pourgholi, "Processing of
Ambient Vibration Results using Stochastic

ERJ, Menoufia University, Vol. 44, No. 3, July 2021 293



Mohamed B. Abd-Elbary, Ahmed G. Embaby, and Fawkia R. Gomaa "'Fault Diagnosis in Rotating
System Based on Vibration Analysis"

[94]

[95]

[96]

[97]

[98]

[99]

294

Subspace ldentification based on Canonical
Correlation Analysis,” Modares Mechanical
Engineering, vol. 15, no. 7, 2015.

A. Bajri¢ and J. Hegsberg, "Estimation of
hysteretic damping of structures by stochastic
subspace identification,” Mechanical Systems
and Signal Processing, vol. 105, pp. 36-50,
2018.

A. Cancelli, S. Laflamme, A. Alipour, S.
Sritharan, and F. Ubertini, "Vibration-based
damage localization and quantification in a
pretensioned concrete girder using stochastic
subspace identification and particle swarm
model updating," Structural Health
Monitoring, vol. 19, no. 2, pp. 587-605, 2020.

L. Song, H. Wang, and P. Chen, "Vibration-
based intelligent fault diagnosis for roller
bearings in low-speed rotating machinery,"
IEEE Transactions on Instrumentation and
Measurement, vol. 67, no. 8, pp. 1887-1899,
2018.

Z. Wang et al., "A novel method for intelligent
fault diagnosis of bearing based on capsule
neural network," Complexity, vol. 2019, 2019.

B. Yang, Y. Lei, F. Jia, and S. Xing, "An
intelligent fault diagnosis approach based on
transfer learning from laboratory bearings to
locomotive bearings," Mechanical Systems and
Signal Processing, vol. 122, pp. 692-706,
2019.

X. Xu, D. Cao, Y. Zhou, and J. Gao,
"Application of neural network algorithm in
fault diagnosis of mechanical intelligence,"
Mechanical Systems and Signal Processing, p.
106625, 2020.

[100] A. A. A. M. Amiruddin, H. Zabiri, S. A. A.
Taqvi, and L. D. Tufa, "Neural network
applications in fault diagnosis and detection:
an overview of implementations in
engineering-related systems," Neural
Computing and Applications, pp. 1-26, 2020.

[101] R. Perez et al., "Fault diagnosis on electrical
distribution systems based on fuzzy logic," in
International Conference on Sensing and
Imaging, 2018: Springer, pp. 174-185.

[102] A. R. Ramos et al., "An approach to multiple
fault diagnosis using fuzzy logic," Journal of
Intelligent Manufacturing, vol. 30, no. 1, pp.
429-439, 2019.

[103] F. Lv, C. Wen, Z. Bao, and M. Liu, "Fault
diagnosis based on deep learning,” in
American Control Conference (ACC), 2016:
IEEE, pp. 6851-6856.

[104] D.-T. Hoang and H.-J. Kang, "A survey on
deep learning based bearing fault diagnosis,"”
Neurocomputing, vol. 335, pp. 327-335, 2019.

[105] J. Wang, Z. Mo, H. Zhang, and Q. Miao, "A
deep learning method for bearing fault
diagnosis based on time-frequency image,"
IEEE Access, vol. 7, pp. 42373-42383, 2019.

[106] S. Ma and F. Chu, "Ensemble deep learning-
based fault diagnosis of rotor bearing
systems," Computers in Industry, vol. 105, pp.
143-152, 2019.

[107] X. Zhao and M. Jia, "A novel unsupervised
deep learning network for intelligent fault
diagnosis of rotating machinery," Structural
Health Monitoring, vol. 19, no. 6, pp. 1745-
1763, 2020.

ERJ, Menoufia University, Vol. 44, No. 3, July 2021



