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Abstract: Rotating machinery is widely applied in various types of industrial applications. As a
promising field for reliability of modern industrial systems, early fault diagnosis (EFD) techniques
have attracted increasing attention from both academia and industry. EFD is critical to provide
appropriate information for taking necessary maintenance actions and thereby prevent severe failures
and reduce financial losses. A massive amounts of research work has been conducted in last two
decades to develop EFD techniques. This paper reviews and summarizes the research works on EFD
of gears, rotors, and bearings. The main purpose of this paper is to serve as a guidemap for researchers
in the field of early fault diagnosis. After a brief introduction of early fault diagnosis techniques, the
applications of EFD of rotating machine are reviewed in two aspects: fault frequency-based methods
and artificial intelligence-based methods. Finally, a summary and some new research prospects
are discussed.
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1. Introduction

Rotating machinery is the most commonly used type of machine in modern industry, civilian and
military applications, such as compressors, steam turbines, automobiles, industrial fans, and aircraft
engines [1–7]. Due to the high service load, harsh operating conditions or inevitable fatigue, faults may
develop in rotating machinery [8–10]. If the fault cannot be diagnosed in a timely way, it may cause a
shutdown of the whole system and even catastrophic failure. Therefore, it is significant to detect faults
early and assess the fault level as early as possible to avoid catastrophic accidents and ensure the safe
operation of the machinery [11–16].

Many researchers are committed to developing early fault diagnosis (EFD) techniques to
monitor the health conditions of rotating machinery [17–21]. At present, many EFD techniques
have been successfully applied in the modern industries, such as the vibration-based EFD method [22],
current-based EFD method [23], acoustic emission-based EFD method [24], sound-based EFD
method [25], torque-based EFD method [26], and rotating encoder-based EFD method [27], etc.
Among these sensor signals, vibration-based diagnostic method is the most commonly researched one
because vibration signals can directly represent the dynamic behavior of rotating machinery [28–30].
However, the early fault signal is often too low due to the fact that small localized damage may generate
small periodical impulses. Meanwhile, the measured vibration signals at the early stage are interfered
by strong noises [31]. For example, Figure 1 shows a real whole life bearing run-to-failure process. As
seen in the figure, there are three stages in the whole life including the normal operation stage (I), early
fault stage (II), and failure stage (III).
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Figure 1. Amplitude of the anomaly measure versus the time point for a real bearing of whole life 

Two vibration signals taken from the severe fault stage (phase III) and early fault stage (phase 
II) are shown in Figure 2a and Figure 2c, respectively. Meanwhile, their corresponding Hilbert 
transform (HT) spectra are illustrated in Figure 2b and Figure 2d, respectively. It can be found that 
the serve fault vibration signal has obvious periodical impulses (as shown in Figure 2a) and the 
fault frequency and its harmonics can be clearly detected in the frequency domain (as shown in 
Figure 2b). However, the sign of the periodic impulse is totally marked by the noise in the early 
fault vibration signal (as shown in Figure 2c). Meanwhile, its corresponding fault frequency, which 
is totally embedded in the background noises, cannot be detected (as shown in Figure 2d). 
Therefore, the measured vibration signals of weak fault damage are often interfered by strong 
background noise and it is difficult to detect the localized damage at the early stage. 

 

 
Figure 2. Two vibration signals under serve and early fault conditions and their corresponding 
Hilbert transform spectra: (a) the waveforms of vibration signal under serve fault condition, (b) the 
envelope spectrum of serve fault signal, (c) the waveform of vibration signal under early fault 
condition, (d) the envelope spectrum of early fault signal. 

To diagnose early faults as soon as possible, the feature extraction of vibration signals is very 
important in real engineering applications. Recently, the advanced signal processing-based weak 
feature extraction method has been becoming a hot research topic. However, the measured 
vibration signals of rotating machinery often present nonlinear and non-stationary characteristics. 
Moreover, the vibration signals contain strong background noises during the early fault stage, 

Figure 1. Amplitude of the anomaly measure versus the time point for a real bearing of whole life.

Two vibration signals taken from the severe fault stage (phase III) and early fault stage (phase
II) are shown in Figures 2a and 2c, respectively. Meanwhile, their corresponding Hilbert transform
(HT) spectra are illustrated in Figures 2b and 2d, respectively. It can be found that the serve fault
vibration signal has obvious periodical impulses (as shown in Figure 2a) and the fault frequency and
its harmonics can be clearly detected in the frequency domain (as shown in Figure 2b). However,
the sign of the periodic impulse is totally marked by the noise in the early fault vibration signal (as
shown in Figure 2c). Meanwhile, its corresponding fault frequency, which is totally embedded in the
background noises, cannot be detected (as shown in Figure 2d). Therefore, the measured vibration
signals of weak fault damage are often interfered by strong background noise and it is difficult to
detect the localized damage at the early stage.
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Figure 2. Two vibration signals under serve and early fault conditions and their corresponding Hilbert
transform spectra: (a) the waveforms of vibration signal under serve fault condition, (b) the envelope
spectrum of serve fault signal, (c) the waveform of vibration signal under early fault condition, (d) the
envelope spectrum of early fault signal.

To diagnose early faults as soon as possible, the feature extraction of vibration signals is very
important in real engineering applications. Recently, the advanced signal processing-based weak
feature extraction method has been becoming a hot research topic. However, the measured vibration
signals of rotating machinery often present nonlinear and non-stationary characteristics. Moreover, the
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vibration signals contain strong background noises during the early fault stage, making it difficult to
extract fault information. In order to effectively analyze the non-stationary vibration signals, massive
research efforts have been made in last two decades to develop various signal processing technologies,
including wavelet transformation (WT), empirical mode decomposition (EMD), ensemble empirical
mode decomposition (EEMD), local mean decomposition (LMD), empirical wavelet transform (EWT),
variational mode decomposition (VMD), stochastic resonance, sparse decomposition, etc. In addition,
artificial intelligence-based methods are also attracting increasing attention. This paper intends
to review the existing EFD-based methods and their applications in rotating machinery. For each
EFD-based technique, we will review the applications to gears, rotors, bearings and others, respectively.

This paper was written with the objective to serve as a guidemap for those who study EFD of
rotating machinery. There are three reasons for such a review. First, a massive research effort has
been made in last two decades to develop EFD techniques However, a comprehensive review on EFD
techniques does not exist. Therefore, it is necessary to provide a thorough review on EFD methods
and their applications in fault diagnosis of rotating machinery in this paper. The literature review will
help other researchers, especially researchers new to the topic, to properly select appropriate EFD
methods to diagnose early faults. Second, a full literature review is conducted for gears, bearings,
rotors and other rotating machinery, respectively. Researchers who work on EFD of rotating machinery,
can thus easily determine the research state-of-art in the use of advanced EFD methods. Our work will
help them find proper methods for their specific applications and save them time. Third, although
many techniques have been developed, there are still some issues that should be studied in-depth. The
insights and experiences shared in this paper will benefit other researchers to further develop new
EFD methods.

The organization of the rest of this paper is as follows: Section 2 reviews early fault diagnosis
approaches. Section 3 gives the applications of fault frequency detection (FFD) in early fault diagnosis
of rotating machinery. Section 4 describes the applications of artificial intelligence (AI) in early fault
diagnosis of rotating machinery. The conclusions are drawn in Section 5.

2. Review of Early Fault Diagnosis Approaches

The EFD of rotating machinery has attracted substantial attention from both academia and
industry. According to the difference of the implementation way for EFD of rotating machinery, we
can divide it into two main categories: FFD methods and AI methods. We will briefly introduce the
principles of the most commonly used FFD methods, including WT, EMD, EEMD, LMD, EWT, VMD,
and sparse decomposition. Then, a framework of AI methods is introduced and the most commonly
used classifiers are described in detail.

2.1. FFD-Based Early Fault Diagnosis

The FFD-based early fault diagnosis system often consists of three steps, including data acquisition,
signal denoising and demodulation analysis. Figure 3 shows the flowchart of the FFD-based early fault
diagnosis. Among these steps, signal denosing plays a vitally important role in extracting the weak
fault characteristics. Many researchers are committed to developing denosing approaches to complete
the early fault diagnosis, such as WT, adaptive decomposition methods, and sparse decomposition.

2.1.1. Adaptive Decomposition Methods

Unlike traditional signal processing methods, the adaptive decomposition methods can
automatically decompose a signal without skilled human intervention. Meanwhile, the adaptive
decomposition methods do not require much prior knowledge of the signals. They are effective in
transient representation of signals, which can be used to highlight the local characteristics of a signal
caused by faults. Until now, several adaptive mode decomposition methods have been developed,
such as empirical mode composition (EMD), ensemble empirical mode composition (EEMD), and
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local mean decomposition (LMD), empirical wavelet transform (EWT) [32], and variational mode
decomposition (VMD) [33].
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Empirical Mode Composition

EMD, proposed by Huang et al [34], can adaptively decompose a complicated multi-component
signal into a series of intrinsic mode functions (IMFs), whose instantaneous frequencies have physical
meaning. To ensure each IMF is a mono-component, two conditions are given as follows: (I) In the
whole time span, the number of extrema and the number of zero crossings must either equal or differ
at most by one; (II) At any time, the instantaneous mean of the upper and lower envelopes is zero. A
complicated signal x(t) can be reconstructed using IMFs through the EMD decomposition process as
expressed in Equation (1):

x(t) =
n∑

i=1

IMFi(t) + un(t) (1)

where un(t) is the residual.
EMD can self-adaptively decompose a complicated signal into a series of IMFs, which shows

remarkable effectiveness in the rotating machinery fault diagnosis. However, several problems
exist in the EMD method, such as boundary effects [35], mode mixing [36] and over- and undershoot
problems [37]. In order to overcome these drawbacks of EMD, ensemble empirical mode decomposition
(EEMD) is proposed with the help of white noises [38]. The details of EEMD will be given in the
following subsection.

Ensemble Empirical Mode Composition

EEMD, proposed by Huang, is inspired by the dyadic filter bank nature of the EMD when applied
to white noise [38]. White noise of finite amplitude is added to the signal to provide a uniform reference
frame in the time–frequency space, perturb the signal in the neighborhood of its true solutions, and
thereby force the ensemble to exhaust all possible solutions in the EMD sifting process, and enable the
signal components of different scales to collate in proper IMFs. In the ensemble mean of sufficient trials,
the noise will be averaged out since it is different in separate trials. Note that two parameters should
be set before using EEMD method, including noise amplitude and running trails. Here, it is suggested
to set amplitude as 0.2 × std (signal), and the number of trials should be set to a few hundred [38].
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Local Mean Decomposition

LMD is another widely used adaptive decomposition method, which was proposed by Smith in
2005 [39]. LMD can decompose a complicated signal into a series of product functions (PFs) and each
PF is in essence the product of an envelope signal a(t) and a frequency modulated signal s(t). The LMD
of a signal is accomplished by progressively smoothing the signal using moving averaging. It is a
self-adaptive decomposition method. Compared with EMD and EEMD, LMD has one main advantage
that LMD can directly calculate the instantaneous frequency (IF) of each PF without using the Hilbert
transform (HT). With the help of LMD, a signal x(t) can also be reconstructed using Equation (2):

x(t) =
k∑

p=1

PFk(t) + uk(t) (2)

where uk(t) is the residual signal and k is the number of PFs.
Although LMD shows excellent performance in demodulating amplitude and frequency

modulated signals, it still suffers from some drawbacks, including end effects, mode mixing, and
difficulty in the determination of iteration stop criterion and sliding step size.

Empirical Wavelet Transform

Empirical wavelet transform (EWT) is a novel adaptive decomposition method proposed by
Gilles [40] in 2013. EWT not only has the merits of wavelet transform and EMD but also overcomes
the drawbacks of the wavelet and EMD. The EWT algorithm adopts adaptive wavelets, which are
able to extract the AM-FM components of a signal. The key idea of EWT is that such constituent
amplitude-modulated and frequency-modulated (AM-FM) components have a compact supporting
Fourier spectrum.

The signal can be reconstructed by inverse empirical wavelet transform as follows:

x(t) = W(0, t) ∗φ1(t) +
N∑

n=1

W(n, t) ∗ψn(t) (3)

where ∗ denotes the convolution operator. The empirical modes are expressed in Equations (4) and (5):

x0(t) = W(0, t) ∗φ1(t) (4)

xk(t) = W(k, t) ∗ψk(t) (5)

The detailed coefficients of the inner products with the empirical wavelets and approximation
coefficients by the inner product with the scaling function respectively are written in Equations (6)
and (7):

W(n, t) =
∫

x(τ)ψn(τ− t)dτ (6)

W(0, t) =
∫

x(τ)φ1(τ− t)dτ (7)

Like WT, EWT separates the empirical mode from low frequency to high frequency, however, the
bandwidth is not dyadic.

Variational Mode Decomposition

Recently, Dragomiretskiy et al. [33] proposed a novel variational method, called variational mode
decomposition (VMD), to decompose a multi-component signal into an ensemble of band-limited
intrinsic mode functions (IMFs). It was demonstrated that the VMD performed well in tone detection,
tone separation, and noise removal. Therefore, much attention has been focused on VMD applications.
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VMD is a non-recursive decomposition method, and it extracts the constituent AM-FM components of
a complicated multi-component signal adaptively and concurrently. It defines IMFs as explicit AM-FM
models, and relates the parameters of AM-FM models to the bandwidth of IMFs. According to the
narrow-band property of IMFs, the AM-FM parameters can be found by minimizing the bandwidth,
thus obtaining IMFs. This algorithm has good merits over other available mode decomposition
methods, such as theoretical rationale and robustness to noise and sampling.

In essence, IMFs are AM-FM signals, and they have a limited bandwidth. VMD decomposes a
signal x(t) into an ensemble of IMFs ck(t) that are band-limited about their respective center frequency
wk, while reconstructing the signal optimally. It iteratively updates each IMF ck(t) in the frequency
domain, and then estimates the center frequency wk as the center of gravity of the IMF power spectrum.

2.1.2. Wavelet Transform

The wavelet transform (WT), which employs the wavelet basis function, was proposed by Morlet
in 1974 [41]. WT uses the basis function to match a specific fault symptom. Meanwhile, WT is a
kind of inner product transform that analyzes the non-stationary contents of the signal through a
pre-determined wavelet basis. WT is suitable to analyze the transient signal from the measured
vibration signal [42–45]. WT is categorized as continuous wavelet transform (CWT), discrete wavelet
transform (DWT) and wavelet packet transform (WPT). The detail decerebrations are provided
as follows.

The CWT of any signal x(t) can be computed by integrating the signal with a family of wavelet.
CWT can be defined in Equation (8):

CWTx(τ, a) =
1
√

a

+∞∫
−∞

x(t)ϕ(
t− τ

a
)dt (8)

where wavelet ϕ[(t− τ)/a] is derived by dilating and translating the wavelet basis ϕ(t), a is the scale
parameter (a > 0), and t is the time shift.

DWT is the discretization of the scale and translation variables in the CWT. DWT can be described
as follows:

DWTx(r, c) =
1
√

2r

∫
x(t)ϕ(

t− c2r

2r )dt (9)

where 2r is the scale parameter, and c2r is the shift parameter. WPT is a substitute for CWT. DWT
decomposes one signal in the low region, while WPT decomposes one signal in the high region.

2.1.3. Sparse Decomposition

As a new branch of the signal processing methods, sparse representation has received considerable
attention, and has been widely used in the field of EFD of rotating machinery [46–52].

The main goal of sparse representation is to seek a signal representation that is as concise as
possible. In the mathematical sense, a sparse signal representation is desired, i.e. to represent a signal
accurately via a few atoms, so the number of nonzero representation coefficients is as small as possible.
It is essentially an optimization problem, in which an objective function is denoted by the norm of
vectors. Here, the definition of the sparsest or nearly sparsest representation over a dictionary is called
sparse representation. Its mathematical model can be formulated as:

min
B,αi

m∑
i=1

|xi − Bαi|
2 + λ

m∑
i=1

|αi| (10)

where xi denotes the i-th sample, B denotes the dictionary matrix, and αi represents the sparse
representation of xi and λ represents a positive parameter.
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2.2. AI-Based Early Fault Diagnosis

As an emerging field in industrial applications and an effective solution for fault recognition,
AI-based early fault diagnosis method has been receiving increasing attention from academia and
industry [3]. It is known that the abovemenioned FFD-based early fault diagnosis methods require rich
expertise of the investigators, which makes them inappropriate for common users. The AI-based early
fault diagnosis methods can overcome this limitation effectively by using machine learning techniques.

The AI-based early fault diagnosis methods often consist of data acquisition, fault feature extraction
and fault pattern identification steps, as shown in Figure 4. The key step is to extract the fault features
for further classification. In most AI methods, feature selection before the fault identification is also
indispensable. With the help of feature extraction, features with more important information will
be selected to construct the new feature set, aiming to improve the final classification accuracy. In
AI-based early fault diagnosis schemes, the most commonly used classifiers are K nearest neighbor
(KNN), neural network (NN), and support vector machine (SVM).
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2.2.1. KNN

KNN is one of the simplest data mining classification methods. In KNN classification methods,
each training sample is described as an S-dimensional space according to the value of each of its S
features [53]. The testing sample is then represented in the same space, and its K nearest neighbors can
be obtained. The class of each of K nearest neighbors is counted, and the class with the largest number
of “votes” is chosen as the classification of the testing sample. The K nearest neighbors are usually
determined by computing the Euclidean distance between the testing sample and each of the training
samples [54]. The Euclidean distance between the testing sample Tests and the m-th training sample
Trainm,s is defined in Equation (11):

D =

 S∑
s=1

(Tests − Trainm,s)
2


1/2

s = 1, 2, · · · , S, m = 1, 2, · · · , M (11)

where S and M represent the number of features and training samples, respectively
In order to show the KNN algorithm schematic clearly, a diagram of the KNN method is illustrated

in Figure 5. The simplicity of the KNN method makes it easy and widely applicable in fault classification
of rotating machinery.
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2.2.2. SVM

SVM, proposed by Vapnik, is one of the most widely used and effective classification algorithms.
SVM is a machine leaning algorithm based on statistical learning theory (SLT). The initial idea of SVM
is to use a linear separating hyperplane to divide the training samples into two classes. Generally,
there are two kinds of suitable methods to complete this target [5]. The first one is to find the optimal
decision hyperplane which halves the two closest samples into two convex hulls. Figure 6 shows an
example of maximum margin. The second one is to discover the optimal decision hyperplane making
the margin between two parallel supporting planes. Both these two methods can produce the optimal
decision hyperplane and the support vectors. In practical applications, the problems based on multiple
classes instead of two classes are needed to solve. The widely used methods of SVM are such as: one
against (OAA) all proposed by Vapnik [55], one against one (OAO) proposed by Knerr [56], decision
directed acyclic graph proposed by Platt (DDAG) [57] and binary tree (BT) proposed by Vural and
Dy [58].
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2.2.3. Neural network

Neural network is an operational model consisted of a large number of nodes or neurons,
connected to each other. The BP neural network proposed by Rumelhart and McClelland in 1986 is a
widely used neural network. A BP neural network is trained by an error propagation algorithm, and is
a kind of multilayer feed-forward network.

The BP neural network consists of an input layer, hidden layer and output layer. The structure is
shown in Figure 7. The input signals are moved from the input layer nodes to hidden layer nodes,
and then to the output nodes. The input layer nodes are equal to the number of fault feature vectors
X = (x1, x2, · · · , xn), the number of the output layer nodes is equal to the number of failure mode
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vectors Y = (y1, y2, · · · , yn). The number of hidden layers is usually a layer. Through the training, the
various states of the training sample can be stored in the network in the form of weight values. The
weights and threshold value of the network are constantly adjusted by back propagation, and they
help make the network error sum of squares minimum [59].
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The advantage of the BP neural network is that the output of each layer node only influences the
output of the next layer node, and as long as there enough of the hidden layer and the hidden nodes, a BP
neural network can approach arbitrary nonlinear hint relations, and it has great generalization ability.

3. Applications of FFD in Early Fault Diagnosis of Rotating Machinery

3.1. Adaptive Decomposition Methods

3.1.1. EMD

EMD can self-adaptively decompose a complicated signal into a series of IMFs, which represent
the natural oscillations embedded in the vibration signal. Analyzing the IMFs, the health state of
rotating machinery can be reflected. Dybała et al. [60] used EMD to decompose the signal into IMFs,
then spectral analysis was used to get the IMFs for bearing damage detection at an earlier stage. Zhu
et al. [61] applied correlation coefficients to select sensitive IMFs. Then envelope analysis was used
to demodulate the selected sensitive IMFs for the EFD of rolling bearings. Dybała et al. [62] applied
statistical parameters of IMFs for early gearbox diagnostics. Li et al. [63] utilized bandwidth EMD
to decompose the signal into IMFs, then adaptive multiscale morphological analysis was used to
demodulate the IMFs for EFD of rolling bearings. Zhao et al. [64] used approximate entropy and EMD
to quantitative the spall-like fault of the rolling element bearing in early stage. Lv et al. [65] extended
the EMD into MEMD to simultaneously analyze the multivariate signal during the period of early
failure. Parey et al. [66] applied EMD to decompose signal into IMFs, then variable cosine window
was used for IMFs to minimize boundary distortion problem and statistical parameters of IMFs were
used for gearbox diagnosis. Above mentioned method has been summarized in Table 1.

Table 1. Applications of empirical mode decomposition (EMD) method in early fault diagnosis of
rotating machinery.

Authors Methodologies

Dybała et al. [60] EMD
Zhu et al. [61] EMD + correlation coefficient

Dybała et al. [62] EMD
Li et al. [63] Bandwidth EMD + adaptive multiscale morphological analysis

Zhao et al. [64] Approximate entropy + EMD
Lv et al. [65] Multivariate EMD

Parey et al. [66] EMD + variable cosine window
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3.1.2. EEMD

EEMD is an improved EMD method designed to overcome the problem of mode mixing. The
EEMD-based EFD is similar as in the EMD-based method. Chen et al. [67] used EEMD to decompose
signal into IMFs, then Hilbert square demodulation was used to demodulate the selected IMFs for
wind turbine gearbox fault diagnosis. Wang et al. [68] utilized a tunable Q-factor wavelet transform to
select IMFs, then envelope demodulation was used to detect rolling bearing early weak faults. Žvokelj
et al. [69] used ICA to select IMFs, and envelope analysis was used to detect and locate the early-stage
rolling–sliding contact fatigue failure of bearings. Chen et al. [70] put the IMFs into adaptive stochastic
resonance system for early feature extraction of planetary gears.

Several improved EEMD methods have been proposed to enhance the performance of EEMD in
EFD of rotating machinery. Guo et al. [71] proposed an enhanced EEMD, which used the similarity
criterion to generate the monocomponent for accurate fault diagnosis of rolling bearings. References [72]
and [73] introduced a noise-improved method called complementary EEMD (CEEMD) to detect faults
at the early stage of degradation. In this method, a cross-correlation coefficient was used to reduce
noise and select effective IMFs. Tabrizi et al. [74] proposed an adaptive method to select the optimal
amplitude and ensemble trial number of EEMD for roller bearing damage detection. Jiang et al. [75]
used multiwavelet packet as the pre-filter to improve EEMD decomposition results, then the sensitive
IMFs were used for multi-fault diagnosis identification of rotating machinery. The abovementioned
method are summarized in Table 2.

Table 2. Applications of ensemble empirical mode decomposition (EEMD) algorithm in early fault
diagnosis of rotating machinery.

Authors Methodologies

Guo et al. [71] EEMD + similarity criterion
Imaouchen et al. [72] Complementary EEMD

Li et al. [73] Complementary EEMD
Tabrizi et al. [74] Performance improved EEMD
Wang et al. [68] EEMD + tunable Q-factor wavelet transform

Žvokelj et al. [69] Independent component analysis multivariate monitoring + EEMD
Chen et al. [67] EEMD + Hilbert Square Demodulation
Chen et al. [70] EEMD + adaptive stochastic resonance
Jiang et al. [75] EEMD + multiwavelet packet

3.1.3. LMD

LMD decomposes a signal into a series of product functions (PFs). Each PF is the product of
an envelope signal and a frequency modulated signal, which can be used to detect early faults. Liu
et al. [76] introduced LMD to decompose a signal and the instantaneous frequency was calculated from
the frequency modulated signal for fault diagnosis of gearbox in wind turbines. Feng et al. [77] utilized
LMD to decompose a signal and the amplitude and frequency demodulation method was applied for
fault diagnosis of planetary gearboxes. Wang et al. [78] used LMD and instantaneous time-frequency
spectrum for the early detection of gear local faults in a finishing rolling mill. Li et al. [79] utilized
differential rational spline-based LMD to decompose the signal into a series of PFs, and then the
selected main PF components were used to detect early faults in gears and rolling bearings. The
abovementioned methods have been summarized in Table 3.

Table 3. Applications of local mean decomposition (LMD) method in early fault diagnosis of
rotating machinery.

Authors Methodologies

Li et al. [79] Differential rational spline-based LMD
Liu et al. [76] LMD

Feng et al. [77] LMD
Wang et al. [78] LMD
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3.1.4. EWT

The EWT algorithm adopts adaptive wavelets to extract the AM-FM components of a signal.
Zhang et al. [80] used EWT to decompose the signal into a set of sub-components. Then, the sensitive
component was further input into a bistable stochastic resonance system to enhance the fault features.
Finally, the weak fault features were identified from the FFT spectrum of the bistable stochastic
resonance output. Chen et al. [81] utilized wavelet spatial neighboring coefficient denoising with
a data-driven threshold to increase the SNR. Then EWT was used to extract inherent modulation
information by decomposing signals into mono-components under an orthogonal basis. Finally, this
method had been applied to identify weak faults and compound fault diagnosis. Boualem et al. [82]
proposed a EWT methid which applied an appropriate wavelet filter bank with Hilbert transform in
the early detection and condition monitoring of tooth crack fault signals. Lu et al. [83] utilized the
kurtogram to locate the fault frequency band and filter out the system noise. Then, the preprocessed
signal was filtered using the EWT. The l(q)-regularized sparse regression was implemented to obtain a
sparse solution of the defect signal in the frequency domain. These method are summarized in Table 4.

Table 4. Applications of empirical wavelet transform (EWT) method in early fault diagnosis of
rotating machinery.

Authors Methodologies

Chen et al. [81] Wavelet spatial neighboring coefficient + EWT
Boualem et al. [82] EWT + Hilbert Transform

Zhang et al. [80] Bistable stochastic resonance + EWT
Lu et al. [83] Kurtogram + EWT + sparse regression

3.1.5. VMD

VMD decomposes a multi-component signal into an ensemble of band-limited intrinsic mode
functions (IMFs). These IMFs can then be used to diagnose early rotating machinery faults. Ma
et al. [84] used VMD to decompose the signal into IMFs, and the number of IMFs was determined
by adaptive scale space spectrum segmentation. Finally, the Teager energy operator of the effective
IMF components was applied to realize the early fault identification. Li et al. [85] used improved
autoregressive-minimum entropy deconvolution and VMD to extract the periodic transient impulses
of single-fault or multiple-faults in rotating machinery. Yang et al. [86] developed an early online
chatter identification method for milling processes. In this method, an optimized VMD was used to
decompose the signal, and the sub-components containing chatter information were extracted using a
simulated annealing algorithm. Finally, the approximate entropy and the sample entropy were used to
detect five types of operating conditions. Guo et al. [87] proposed a parameter optimization algorithm
to select the crucial VMD parameters. Then, the weak features were extracted by using the VMD with
the optimized parameters. In [88], rescaling subsampling compression is used to preprocess the signal,
and analytical mode decomposition was used to enhance and select signal components. Then the
processed signal was decomposed into IMF by VMD to analyze weak multi-frequency signals. In [89],
EMD was used to decompose the signal into IMFs selected by relatedness and kurtosis. Then VMD
was used to decompose the reconstructed signal using the selected IMFs. Finally, envelope analysis
was used for incipient fault diagnosis of rolling bearing. The methods mentioned above method have
been summarized in Table 5.
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Table 5. Applications of variational mode decomposition (VMD) method in early fault diagnosis of
rotating machinery.

Authors Methodologies

Ma et al. [84] Adaptive scale space spectrum segmentation + VMD + Teager energy operator
Li et al. [85] Improved autoregressive-Minimum entropy deconvolution + VMD

Yang et al. [86] Optimized VMD + simulated annealing
Guo et al. [87] VMD + parameter optimization
Han et al. [88] Rescaling subsampling compression + analytical mode decomposition + VMD
Jiang et al. [89] EMD + VMD

3.1.6. Other Adaptive Methods

Elasha et al. [90] utilized two adaptive filters least mean squares (LMS) and fast block LMS
(FBLMS)) to identify early bearing defects in gearboxes. Zhao et al. [91] proposed a reweighted SVD
strategy to denoise the signals and enhance weak features for fault diagnosis of rotating machinery.
Ibrahim et al. [92] used a least mean squares algorithm to reduce the noise, and then the meshing
frequency sidebands was found to successfully identify gear faults. Mei et al. [93] used linear multi-scale
segmentation to divide the signal into segments with nearly linear frequency, then the multi-order
fractional Fourier transform filter was used to filter each segment. Finally, the filtered signal was
demodulated for gear failure diagnosis at an early stage. Romero et al. [94] used a machine learning
algorithm to generate a baseline for identification of the normal operation conditions. Then the ICD
method was used for gear fault type recognition in wind turbines. The abovementioned methods are
summarized in Table 6.

Table 6. Applications of other adaptive method in early fault diagnosis of rotating machinery.

Authors Methodologies

Elasha et al. [90] Least mean squares (LMS)+fast block LMS
Zhao et al. [91] Reweighted singular value decomposition

Ibrahim et al. [92] Least mean squares algorithm
Mei et al. [93] Multi-order self-adaptive filter

Romero et al. [94] Machine learning + intrinsic characteristic-scale decomposition

3.2. Wavelet Transform Methods

A WT employs wavelets as the basis to extract the transient signals from the measured vibration
signals. Fan et al. [95] proposed a wavelet-based statistical signal detection approach for monitoring
and diagnosing the bearing compound faults at an early stage. He et al. [96] introduced a fuzzy rule
to maximize the amplitudes of bearing characteristic frequencies (BCFs), then the sum of the BCFs
amplitude and their harmonics were used for early fault detection in bearings. Cui et al. [97] utilized
the wavelet transform, time–frequency analysis and blind source separation theory to determine the
shared frequencies for early bearing fault diagnosis. Cui et al. [98] used WT to de-noise the signals,
and then extracted the fault characteristics in both the time domain and the time-frequency domain.
Finally, the fault location was identified using the grey correlation method. Wang et al. [99] proposed
an adaptive wavelet stripping algorithm to extract fault information for early bearing fault detection.
Combet et al. [100] used the instantaneous wavelet bicoherence as fault features for local damage
detection in gears. Moumene et al. [101] used wavelets multiresolution analysis and the high-frequency
resonance technique to demodulate signals for gear or bearing defects detection. Chen et al. [102] used
the relative energy ratio to select the sensitive frequency bands of multiwavelet packet coefficients for
compound faults detection of rotating machinery. He et al. [103] proposed maximal-overlap adaptive
multiwavelet to extract the fault symptom for mechanical fault detection at an early stage. Li et al. [104]
applied intrinsic characteristic-scale decomposition (ICD) to decompose the measured vibration signals
into a set of PC components. Then the tunable Q-factor wavelet transform is used to generate the high
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and low Q-factor components. Finally, the envelope analysis is implemented to obtain the low Q-factor
component for the EFD.

Discrete wavelet transform discretizes the scale and translation of basic wavelets. With other
wavelet transforms, a key advantage over Fourier transform is temporal resolution: it captures both
frequency and location information. Fan et al. [105] used discrete wavelet transform to reduce the
noise and decompose the signal into several decomposition levels, and then statistical parameters
were applied for detecting the gear damage. Rahman et al. [106] used a discrete wavelet transform to
extract fault information, and then envelope detection was used for online condition monitoring of
unbalanced rotor induction motor. Rangel-Magdaleno et al. [107] used a discrete wavelet transform
to extract fault information for fault diagnosis of partially damaged rotor bars in induction motors
under different load conditions. In [108], the wavelet coefficients which have been extracted over a
wide range of signals and the analysis could be percolated on the frequency domain by HAAR wavelet
and finally fault diagnosis of induction machines was realized.

The wavelet packet decomposition (WPD) is a wavelet transform, in which the signal is passed
through more filters. Tse et al. [109] utilized envelope analysis to demodulate the wavelet packet
coefficients which extracted from the selected wavelet packet node for the weak bearing fault signal
detection. Yang et al. [110] developed a noise suppression method through combining EMD and WPD
for weak feature extraction of wind turbine bearings.

The Morlet wavelet is a wavelet composed of a complex exponential Gaussian window (envelope).
Morsy et al. [111] apply the optimal Morlet wavelet filter to preprocess the signal, and envelope
detection was used to identify bearing failures at early stage. Yiakopoulos [112] proposed a feature
extraction method combining the morphological analysis and complex shifted Morlet wavelets for
bearing fault diagnosis. In [113], the signal was filtered using a band-pass filter determined by a Morlet
wavelet which parameters were optimized based on maximum kurtosis. Then the envelope detection
and the energy operator were used for gear fault diagnosis. Wang et al. [114] utilized a complex Morlet
wavelet filter which is determined by a simplex-simulated annealing algorithm to extract the weak
bearing fault features. The abovementioned methods are summarized in Table 7.

Table 7. Applications of wavelet transform method in early fault diagnosis of rotating machinery.

Authors Methodologies

Fan et al. [95] Wavelet transform
He et al. [96] Wavelet transform
Cui et al. [97] Wavelet transform + time–frequency analysis + blind source Separation theory

Morsy et al. [111] Morlet wavelet Filter + envelope detection
Yiakopoulos [112] Morphological + Complex Shifted Morlet Wavelets.

Cui et al. [98] High-frequency characteristics + self-adaptive wavelet de-noising
Wang et al. [114] Complex Morlet wavelet coefficients + sparsity measurement

Tse et al. [109] Wavelet transform + envelope analysis
Wang et al. [99] Adaptive wavelet stripping algorithm

Morsy et al. [113] Maximum Kurtosis + Morlet wavelet
Combet et al. [100] Wavelet bicoherence

Moumene et al. [101] Wavelets multiresolution analysis + the high-frequency resonance
Fan et al. [105] Discrete wavelet transform

Karuppaiah et al. [108] HAAR wavelet
Rahman et al. [106] Discrete wavelet transform

Rangel-Magdaleno et al. [107] Discrete wavelet transform + motor current signature analysis
Chen et al. [102] Adaptive redundant multiwavelet packet

He et al. [103] Adaptive multiwavelet
Yang et al. [110] EMD + autocorrelation de-noising + wavelet package decomposition

Li et al. [104] Intrinsic character-scale decomposition + tunable Q-factor wavelet transform.

3.3. Sparse Representation Methods

Sparse representation aims to represent a signal accurately via a limited number of linear
combinations of basic signals. Tang et al. [115] utilized sparse representation-based latent components
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decomposition to extract incomplete or seriously overwhelmed fault components for the EFD of
bearings and gears. Lv et al. [116] used improved linear frequency-modulated function as an atom
in atomic sparse decomposition for early weak fault detection. Mo et al. [117] proposed a delayed
correlation envelope technique based on sparse signal decomposition method to extract early weak
fault information. Cui et al. [118] used the sparse decomposition to analyze the early-stage bearing
fault via adaptive impulse dictionary construction. Tang et al. [119] used the compressive sensing
technique for dimensionality reduction, and then the sparse representation classification algorithm
was applied for rotating machinery fault recognition. Li et al. [120] used resonance-based sparse signal
decomposition (RSSD) to decompose the signal into high resonance component and low resonance
component. Finally PCA was used to extract the principal components and transform the signals into
frequency domain to locate the early fault of rolling bearing in motor. These methods are summarized
in Table 8.

Table 8. Applications of sparse decomposition method in early fault diagnosis of rotating machinery.

Authors Methodologies

Lv et al. [116] Atomic sparse decomposition + genetic algorithm
Li et al [120] Resonance-based sparse signal decomposition + principal component analysis

Tang et al. [115] Shift-invariant sparse coding
Mo et al. [117] Delayed correlation envelope+ sparse decomposition
Cui et al. [118] Sparse decomposition + adaptive impulse dictionary

Tang et al. [119] Sparse representation + compressive sensing

3.4. Other Fault Frequency Based Methods

Chaotic-based methods such as morphological operators, entropy, etc. have attracted increasing
attention in early fault diagnosis. Aijun et al. [121] used morphological operators to extract impulsive
signal for early fault diagnosis of rolling element bearings. Raj et al. [122] utilized a kurtosis-based
algorithm to select structuring elements of morphological operators for early bearing fault detection.
Dong et al. [123] combined the minimum entropy deconvolution and K-singular value decomposition
for incipient bearing fault detection. Kedadouche et al. [124] used nonlinear parameters including
approximate entropy, sample entropy, and Lempel-Ziv complexity as the extracted fault features for
early detection of gear faults. Wang et al. [125] combined the minimum entropy de-convolution and
fast kurtogram to extract early rolling bearing fault features.

Spectral kurtosis is very effective at processing the transient components embedded in weak fault
signals. Many researchers have applied spectral kurtosis in the EFD of rotating machinery. Antoni [126]
redefined the theory of spectral kurtosis in detail, its complete algorithm and its applications, and it is
now widely used in the field of mechanical performance degradation. Based on the study of spectral
kurtosis theory, Antoni [127] defined a new meaning of spectral kurtosis and applied it to detect early
mechanical performance degradation. Meanwhile, a fast algorithm was proposed for computing the
spectral correlation by Antoni et al. [128] for the early fault diagnosis of rolling element bearings.
Cong et al. [129] combined spectral kurtosis with an autoregressive model to detect incipient fault of
bearings. Jeong et al. [130] used spectral kurtosis to find the most informative sub-band signals for
representing abnormal symptoms in bearing failures. Jia et al. [131] used maximum correlated kurtosis
deconvolution (MCKD) to highlight the periodic impulse components, then the spectral kurtosis is
applied to select the resonant frequency band of the signal filtered by MCKD and generate the envelop
spectrum for diagnosing the bearing faults.

Li et al. [132] utilized the particle filter to reduce the noise. Then, the optimal band is chosen by
using fast kurtogram. In the end, the fault character frequency can be obtained by using spectrum
analysis. Chen et al. [133] used mean envelope kurtosis to determine the optimum frequency band,
and envelope analysis was used to detect the bearing faults. Masmoudi et al. [134] proposed a reduced
frequency model to provide an accurate estimation of the fault frequency. Dong et al. [135] proposed
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the frequency-shifted bispectrum to analyze amplitude modulated and frequency modulated signals
for qualitative and quantitative diagnosis of bearing faults. Zhou et al. [136] proposed the cyclic
bispectrum for early rolling element bearing fault diagnosis via bispectrum and cyclostationarity
analysis. Based on cyclic spectral density, Dong et al. [137] proposed a Wigner–Ville spectrum which is
a noise resistant time frequency analysis technique for extracting bearing fault patterns. Yuan et al. [138]
used multi-fractal analysis in the time-frequency domain to identify fault types at an early stage.
Siegel et al. [139] proposed a tachometer-less synchronously averaged envelope feature extraction
technique for rolling element bearing health assessment. Park et al. [140] proposed the minimum
variance cepstrum for early fault detection of bearings by filtering a logarithmic power spectrum.

Fu et al. [141] put statistic features into adaptive fuzzy-means clustering to recognize different
fault types of rolling bearings. Li et al. [142] proposed a fuzzy technique to select the informative
frequency band for weak fault detection. Liu et al. [143] proposed adaptive SR to detect bearing
faults based on the quantum particle swarm algorithm. Liao et al. [144] present an automatic filtering
method based on improved genetic algorithm to extract fault signals and reduce the noise for fault
type identification of rolling bearings.

Javorskyj et al. [145] proposed the covariance and spectral characteristics of periodically correlated
random processes to describe the state of rotary mechanical systems. Igba et al. [146] used RMS and
peak values of vibration signals for condition monitoring of wind turbine gearboxes. Shao et al. [147]
defined a new concept of RMS value calculation using angle domain signals within small angular
ranges. Using the time pulses of an encoder, this new RMS could be used to diagnose helical gears
fault at low rotational speeds. Sharma et al. [148] proposed modified time synchronous averaging
to increase SNR, and statistical features were used to detect gear crack at different fluctuating speed.
Jin et al. [149] developed Mahalanobis distance to indicate the health condition of cooling fan and
induction motor. All the abovementioned methods are summarized in Table 9.

Table 9. Applications of other fault frequency based method in early fault diagnosis of
rotating machinery.

Authors Methodologies

Aijun et al. [121] Morphological operators
Raj et al. [122] Morphological operators + fuzzy system

Dong et al. [123] Minimum entropy deconvolution + K-singular value decomposition
Antoni J. [126] Short-time Fourier-transform-based estimator of the spectral kurtosis
Antoni J. [127] Fast computation of the kurtogram
Li et al. [132] Particle Filter + Kurtogram

Wang et al. [125] Minimum entropy de-convolution + Fast Kurtogram
Cong et al. [129] Spectral kurtosis + autoregressive model
Jeong et al. [130] Spectral kurtosis
Chen et al. [133] Mean envelope Kurtosis + envelope analysis

Jia et al. [131] Maximum correlated kurtosis deconvolution
Masmoudi et al. [134] Time synchronous averaging

Dong et al. [135] Frequency-shifted bispectrum
Zhou et al. [136] Cyclic bispectrum
Dong et al. [137] Wigner–Ville spectrum
Yuan et al. [138] Multi-fractal analysis
Siegel et al. [139] Tachometer-less synchronously averaged envelope
Park et al. [140] Minimum variance cepstrum
Fu et al. [141] Adaptive fuzzy-means clustering
Li et al. [142] Informative frequency band

Liu et al. [143] Adaptive SR + quantum particle swarm
Liao et al. [144] Improved genetic algorithm

Kedadouche et al. [124] Approximate entropy + sample entropy + Lempel-Ziv Complexity.
Javorskyj et al. [145] Periodically correlated random processes

Igba et al. [146] Root mean square (RMS) + peak values
Shao et al. [147] RMS in angle domain

Sharma et al. [148] Modified time synchronous averaging
Jin et al. [149] Mahalanobis distance
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4. Applications of AI in Early Fault Diagnosis of Rotating Machinery

4.1. KNN

In a KNN-based fault diagnosis algorithm, the signal is first processed by other techniques to
extract the fault features, aiming to constructing the fault feature vector. Then the fault feature vector
is taken as the input of KNN to identify early fault of rotating machinery. Georgoulas et al. [150]
transformed the raw signal into a discrete component, which was represented by a histogram form
summarizing the occurrence of the chosen symbols. The histogram was taken as the input of KNN for
fault location and severity identification of rolling bearing. Gao et al. [151] combined S transform with
morphological pattern spectrum for feature extraction, and then KNN was used to identify bearing
faults. Rajeswari et al. [152] used EEMD to extract features. Then a hybrid binary bat algorithm
combined with a machine learning algorithm was used to reduce the dimensionality and select the
predominant features. Finally, KNN was used to identify gear faults at an early stage. Geramifard
et al. [153] proposed a squeezing and stretching method to preprocess the signal, and then a hidden
Markov model was built. The parameters of this model were used as input of KNN for fault detection
and diagnosis in synchronous motors. Holguín-Londoño [154] proposed filter bank methods to
decompose bandwidth-limited signals into a set of narrow-band components. The similarity between
the input signal and each extracted narrow-band component was used as fault features and KNN was
used to identify different types of faults. The above mentioned methods are summarized in Table 10.

Table 10. Applications of k nearest neighbor (KNN) method in early fault diagnosis of rotating machinery.

Authors Methodologies

Georgoulas et al. [150] Symbolic Aggregate approximation + KNN
Gao et al. [151] Stransform + morphological pattern spectrum + KNN

Rajeswari et al. [152] EEMD + hybrid binary bat + KNN
Geramifard et al. [153] Hidden Markov model + KNN
Holguín-Londoño [154] Filter bank + KNN

4.2. SVM

The SVM-based fault diagnosis is very similar to KNN-based methods. Fan et al. [155] used
statistical parameters and characteristic amplitude ratios of frequency bands as fault features, then the
PCA was used to reduce the fault feature dimensions. The selected features were put into SVM for gear
fault type identification. Liu et al. [156] used the impact time frequency dictionary as fault features, and
then SVM was trained for fault recognition. Fernández-Francos et al. [157] used band-pass filters and
Hilbert transform to extract fault features and one-class SVM was used to discriminate between normal
and faulty conditions. Shen et al. [158] used statistical feature as input, and a two-layer structure
consisted of support vector regression machine was used to recognize bearing fault patterns and track
the fault sizes. Saidi et al. [159] proposed a method for wind turbine high-speed shaft bearings which
used spectral kurtosis as fault features, and support vector regression for fault classification.

Many researchers have applied SVM with adaptive decomposition techniques for bearing fault
diagnosis in recent years. Zhao et al. [160] used EEMD to decompose the signal into IMFs, and
multi-scale fuzzy entropy value of selected IMF was used to form the fault features. The SVM was
used to diagnose the fault types and fault severities for motor bearing. Fan et al. [161] used EMD
to decompose the signal into IMFs, then the characteristic energy ratios of IMFs and other statistical
parameters were used as input of SVM for gear tooth surface damage diagnosis. Tabrizi et al. [162]
used WPD to denoise the signal, the fault features extracted by EEMD were put into SVM to detect
small defects on roller bearings under different operating conditions. Wu et al. [163] used CWT to
decompose the signal, then put wavelet coefficients into a tree kernel-based SVM to identify bearing
faults. Konar et al. [164] used CWT and Hilbert transforms to extract fault information, then rough set
theory (RST) and a genetic algorithm (GA) were used to refine the fault features. Finally, SVM was used
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to detect six types of induction motor faults. Kang et al. [165] applied a singular value decomposition
(SVD) algorithm for feature extraction, and a multi-layer support vector machine was used for fault
classification of induction motors. The above mentioned methods are summarized in Table 11.

Table 11. Applications of support vector machine (SVM) method in early fault diagnosis of
rotating machinery.

Authors Methodologies

Shen et al. [158] Statistical feature + SVM
Liu et al. [156] Impact time frequency dictionary + SVM

Fernández-Francos et al. [157] Band-pass filters and Hilbert Transform + ν-SVM
Zhao et al. [160] EEMD + multi-scale fuzzy entropy + SVM

Tabrizi et al. [162] WPD + EEMD + SVM
Wu et al. [163] Continuous wavelet transform+ SVM
Fan et al. [155] Statistical parameters + PCA + SVM

Kang et al. [165] Singular value decomposition+ SVM
Konar et al. [164] CWT + GA + SVM
Saidi et al. [159] Spectral kurtosis + SVM

4.3. Neural Network

Neural networks can be used as classifiers in fault diagnosis, which is similar as the KNN and
SVM methods. Jedlinski et al. [166] used CWT to extract fault features and a multilayer perceptron
network was used for gear fault recognition. Bin et al. [167] extracted fault features by WPT and EMD,
and then a BP neural network was used to identify early cracks of rotors. Soleimani et al. [168] used
chaotic behavior features as fault features including the largest Lyapunov exponent, approximate
entropy and correlation dimension, and then a neural network was used to identify different faults in
rotating machinery.

Several researchers have proposed improved neural networks methods, which can use the raw
signals as the input without preprocessing. Eren et al. [169] put the raw vibration signals into a 1D
convolutional neural network for a fast and accurate bearing fault detection. Chen et al. [170] used the
raw vibration signals as the input of a multi-layer neural network for gearbox fault diagnosis. The
above mentioned methods are summarized in Table 12.

Table 12. Applications of neural network method in early fault diagnosis of rotating machinery.

Authors Methodologies

Eren et al. [169] 1D convolutional neural networks
Jedlinski et al. [166] CWT + multilayer perceptron network

Chen et al. [170] Multi-layer neural networks
Bin et al. [167] Wavelet packet transform+ EMD + BP neural network

Soleimani et al. [168] Chaotic behavior features + neural network

4.4. Other Methods

This section describes other AI-based early fault diagnosis methods. Martin-del-Campo et al. [171]
used dictionary learning to automatically derive signal features for characterizing different operational
conditions and faults of rolling bearings. Almeida et al. [172] used time-domain features as input of
generic multi-layer perceptron for bearing fault identification. Li et al. [173] used the non-dimensional
symptom parameters after wavelet transformation to extract fault features, and then colony optimization
was used to classify fault types at an early stage. Brkovic et al. [174] used the wavelet transform to
decompose the vibration signals, then the standard deviation of average energy and the logarithmic
energy entropy were used as the fault features. Finally, the quadratic classifier was used for early fault
detection and diagnosis in bearings. Li et al. [175] used statistical parameters in both the time domain
and the frequency domain to extract the fault features. Then the features are put into fuzzy lattice
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neurocomputing classification model to detect gear faults in an early stage. Cruz-Vega et al. [176] used
discrete wavelet analysis to extract features, and then binary classification tree was used to identify
different damage levels of rotor bars under different load conditions. Martínez-Rego et al. [177] put
time domain features into one-class classifier for the early fault detection of rotating machinery. The
above mentioned methods are summarized in Table 13.

Table 13. Applications of other AI-based method in early fault diagnosis of rotating machinery.

Authors Methodologies

Martin-del-Campo et al. [171] Dictionary learning
Almeida et al. [172] Time-domain features + generic multi-layer perceptron

Li et al. [173] Wavelet transformation + ant colony optimization
Brkovic et al. [174] Wavelet transformation + quadratic classifier

Li et al. [175] Fuzzy lattice neurocomputing
Cruz-Vega et al. [176] Discrete wavelet + binary classification tree

Martínez-Rego et al. [177] Time domain features + one-class classifier

5. Discussion and Conclusions

Based on the above descriptions, we can find that early fault diagnosis (EFD) of rotating machinery
has achieved a large number of successful applications. Since the literature on this subject is huge and
diverse, a review of all of the literature is impossible, and omission of some papers would be inevitable.
From the previous section, some issues that should be studied in-depth for the real EFD applications
are pointed out as follows:

(1) Research on EFD based on multi-information fusion should be developed. In real applications,
usually, multiple channel signals are measured simultaneously, such as vibration signals, current
signals, torque signals, and rotating encoder signals. The extension of EFD techniques to
multivariate versions can extract more characteristic fault information, which is vital for detection
of weak fault symptoms at an early fault stage.

(2) The calculation efficiency of EFD techniques deserves further research. Many EFD methods are
proposed to improve the early fault detection ability at the cost of time consumption, which
cannot meet the requirements of online condition monitoring. Therefore, how to improve the
calculation efficiency of EFD is another research topic for early fault detection.

(3) Most EFD methods are tested to be powerful on one test rig and the reliability test results on other
machines are unknown. In real applications, the robustness of EFD methods should be studied,
aiming to be effective for multiple machines.

6. Summary

Early fault diagnosis (EFD) of rotating machinery is essential to reduce the incidence of catastrophic
failures and heavy economic losses. A review on the EFD of rotating machinery is presented in this
paper. In this review, a number of EFD techniques for rotating machinery are surveyed in terms
of the FFD-based early fault diagnosis and AI-based early fault diagnosis. In the end, some new
research prospects are pointed out. It is believed that this review has synthesized the state-of-art
references on EFD of rotating machinery for readers interested in this research area. Meanwhile, with
the development of signal processing techniques, research on EFD of rotating machinery is expected
to continue.
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16. Stępień, K.; Makieła, W. An analysis of deviations of cylindrical surfaces with the use of wavelet transform.
Metrol. Meas. Syst. 2013, 20, 139–150. [CrossRef]

17. Gupta, P.; Pradhan, M.K. Fault detection analysis in rolling element bearing: A review. Mater. Today Proc.
2017, 4, 2085–2094. [CrossRef]

18. Liu, Z.; Jia, Z.; Vong, C.; Han, J. A patent analysis of prognostics and health management (PHM) innovations
for electrical systems. IEEE Access 2018, 6, 18088–18107. [CrossRef]

19. Li, Y.; Li, G.; Yang, Y.; Liang, X.; Xu, M. A fault diagnosis scheme for planetary gearboxes using adaptive
multi-scale morphology filter and modified hierarchical permutation entropy. Mech. Syst. Signal Process.
2018, 105, 319–337. [CrossRef]

20. Li, Y.; Wang, X.; Si, S.; Huang, S. Entropy based fault classification using the Case Western Reserve University
data: A benchmark study. IEEE Trans. Reliab. 2019, 1–14. [CrossRef]

21. Zhou, S.; Wang, J. Dual serial vortex-induced energy harvesting system for enhanced energy harvesting.
AIP Adv. 2018, 8, 075221. [CrossRef]

http://dx.doi.org/10.1109/ACCESS.2018.2873782
http://dx.doi.org/10.1016/j.measurement.2014.12.032
http://dx.doi.org/10.1016/j.ymssp.2018.02.016
http://dx.doi.org/10.1177/0954406212460628
http://dx.doi.org/10.1109/TIE.2017.2698359
http://dx.doi.org/10.1016/j.ymssp.2018.09.043
http://dx.doi.org/10.1016/j.ymssp.2019.01.018
http://dx.doi.org/10.1016/j.jsv.2018.04.036
http://dx.doi.org/10.1016/j.ymssp.2016.12.040
http://dx.doi.org/10.1063/1.4803445
http://dx.doi.org/10.1016/j.jsv.2018.09.054
http://dx.doi.org/10.1016/j.ymssp.2016.06.024
http://dx.doi.org/10.1109/TIM.2017.2751878
http://dx.doi.org/10.3390/e20110873
http://dx.doi.org/10.1016/j.apacoust.2015.11.003
http://dx.doi.org/10.2478/mms-2013-0013
http://dx.doi.org/10.1016/j.matpr.2017.02.054
http://dx.doi.org/10.1109/ACCESS.2018.2818114
http://dx.doi.org/10.1016/j.ymssp.2017.12.008
http://dx.doi.org/10.1109/TR.2019.2896240
http://dx.doi.org/10.1063/1.5038884


Entropy 2019, 21, 409 20 of 26

22. Liang, X.; Zuo, M.J.; Feng, Z. Dynamic modeling of gearbox faults: A review. Mech. Syst. Signal Process.
2018, 98, 852–876. [CrossRef]

23. Naha, A.; Samanta, A.K.; Routray, A.; Deb, A.K. Low complexity motor current signature analysis using
sub-nyquist strategy with reduced data length. IEEE Trans. Instrum. Meas. 2017, 66, 3249–3259. [CrossRef]

24. Wang, Y.; Xue, C.; Jia, X.; Peng, X. Fault diagnosis of reciprocating compressor valve with the method
integrating acoustic emission signal and simulated valve motion. Mech. Syst. Signal Process. 2015, 56,
197–212. [CrossRef]

25. Shibata, K.; Takahashi, A.; Shirai, T. Fault diagnosis of rotating machinery through visualization of sound
signals. Mech. Syst. Signal Process. 2000, 14, 229–241. [CrossRef]

26. Han, C.F.; He, H.Q.; Wei, C.C.; Horng, J.H.; Chiu, Y.L.; Hwang, Y.C.; Lin, J.F. Techniques developed for fault
diagnosis of long-range running ball screw drive machine to evaluate lubrication condition. Measurement
2018, 126, 274–288. [CrossRef]

27. Zhao, M.; Lin, J. Health assessment of rotating machinery using a rotary encoder. IEEE Trans. Ind. Electron.
2018, 65, 2548–2556. [CrossRef]

28. Ciabattoni, L.; Ferracuti, F.; Freddi, A.; Monteriù, A. Statistical spectral analysis for fault diagnosis of rotating
machines. IEEE Trans. Ind. Electron. 2018, 65, 4301–4310. [CrossRef]

29. Samuel, P.D.; Pines, D.J. A review of vibration-based techniques for helicopter transmission diagnostics.
J. Sound Vib. 2005, 282, 475–508. [CrossRef]

30. Dalvand, F.; Dalvand, S.; Sharafi, F.; Pecht, M. Current noise cancellation for bearing fault diagnosis using
time shifting. IEEE Trans. Ind. Electron. 2017, 64, 8138–8147. [CrossRef]

31. Li, Y.; Xu, M.; Wei, Y.; Huang, W. Health condition monitoring and early fault diagnosis of bearings using SDF
and intrinsic characteristic-scale decomposition. IEEE Trans. Instrum. Meas. 2016, 9, 2174–2189. [CrossRef]

32. Kedadouche, M.; Thomas, M.; Tahan, A. A comparative study between Empirical Wavelet Transforms and
Empirical Mode Decomposition Methods: Application to bearing defect diagnosis. Mech. Syst. Signal Process.
2016, 81, 88–107. [CrossRef]

33. Dragomiretskiy, K.; Zosso, D. Variational mode decomposition. IEEE Trans. Signal Process. 2014, 62, 531–544.
[CrossRef]

34. Huang, N.E.; Shen, Z.; Long, S.R.; Wu, M.C.; Shih, H.H.; Zheng, Q.; Yen, N.C.; Tung, C.C.; Liu, H.H. The
empirical mode decomposition and the Hilbert spectrum for nonlinear and non-stationary time series
analysis. Proc. R. Soc. Lond. Ser. Math. Phys. Eng. Sci. 1998, 454, 903–995. [CrossRef]

35. Cheng, J.; Yu, D.; Yang, Y. Application of support vector regression machines to the processing of end effects
of Hilbert–Huang transform. Mech. Syst. Signal Process. 2007, 21, 1197–1211. [CrossRef]

36. Huang, N.E.; Wu, M.L.; Long, S.R.; Shen, S.S.; Qu, W.; Gloersen, P.; Fan, K.L. A confidence limit for the
empirical mode decomposition and Hilbert spectral analysis. Proc. R. Soc. Math. Phys. Eng. Sci. 2003, 459,
2317–2345. [CrossRef]

37. Lei, Y.; Lin, J.; He, Z.; Zuo, M.J. A review on empirical mode decomposition in fault diagnosis of rotating
machinery. Mech. Syst. Signal Process. 2013, 35, 108–126. [CrossRef]

38. Huang, N.E.; Wu, Z. Ensemble empirical mode decomposition: A noise-assisted data analysis method.
Adv. Adapt. Data Anal. 2009, 1, 1–41.

39. Smith, J. The local mean decomposition and its application to EEG perception data. J. R. Soc. Interface 2005,
23, 443–454. [CrossRef]

40. Gilles, J. Empirical wavelet transform. IEEE Trans. Signal Process 2013, 61, 3999–4010. [CrossRef]
41. Feng, Z.; Liang, M.; Chu, F. Recent advances in time–frequency analysis methods for machinery fault

diagnosis: A review with application examples. Mech. Syst. Signal Process. 2013, 38, 165–205. [CrossRef]
42. Hess-Nielsen, N.; Wickerhauser, M.V. Wavelets and time-frequency analysis. Proc. IEEE 1996, 84, 523–540.

[CrossRef]
43. Mallat, S.G. A wavelet Tour of Signal Processing: The Sparse Way, 3rd ed.; Elsevier Press: Amsterdam,

The Netherlands; Boston, MA, USA, 2008.
44. Daubechies, I. The wavelet transform, time-frequency localization and signal analysis. IEEE Trans. Inf. Theory

1990, 36, 961–1005. [CrossRef]
45. Coifman, R.R.; Wickerhauser, M.V. Entropy-based algorithms for best basis selection. IEEE Trans. Inf. Theory

1992, 38, 713–718. [CrossRef]

http://dx.doi.org/10.1016/j.ymssp.2017.05.024
http://dx.doi.org/10.1109/TIM.2017.2737879
http://dx.doi.org/10.1016/j.ymssp.2014.11.002
http://dx.doi.org/10.1006/mssp.1999.1255
http://dx.doi.org/10.1016/j.measurement.2018.05.059
http://dx.doi.org/10.1109/TIE.2017.2739689
http://dx.doi.org/10.1109/TIE.2017.2762623
http://dx.doi.org/10.1016/j.jsv.2004.02.058
http://dx.doi.org/10.1109/TIE.2017.2694397
http://dx.doi.org/10.1109/TIM.2016.2564078
http://dx.doi.org/10.1016/j.ymssp.2016.02.049
http://dx.doi.org/10.1109/TSP.2013.2288675
http://dx.doi.org/10.1098/rspa.1998.0193
http://dx.doi.org/10.1016/j.ymssp.2005.09.005
http://dx.doi.org/10.1098/rspa.2003.1123
http://dx.doi.org/10.1016/j.ymssp.2012.09.015
http://dx.doi.org/10.1098/rsif.2005.0058
http://dx.doi.org/10.1109/TSP.2013.2265222
http://dx.doi.org/10.1016/j.ymssp.2013.01.017
http://dx.doi.org/10.1109/5.488698
http://dx.doi.org/10.1109/18.57199
http://dx.doi.org/10.1109/18.119732


Entropy 2019, 21, 409 21 of 26

46. Cui, L.; Wu, N.; Ma, C.; Wang, H. Quantitative fault analysis of roller bearings based on a novel matching
pursuit method with a new step-impulse dictionary. Mech. Syst. Signal Process. 2016, 68, 34–43. [CrossRef]

47. Liang, X.; Zuo, M.J.; Liu, L. A windowing and mapping strategy for gear tooth fault detection of a planetary
gearbox. Mech. Syst. Signal Process. 2016, 80, 445–459. [CrossRef]

48. Ding, Y.; He, W.; Chen, B.; Zi, Y.; Selesnick, I.W. Detection of faults in rotating machinery using periodic
time-frequency sparsity. J. Sound Vib. 2016, 382, 357–378. [CrossRef]

49. Du, Z.; Chen, X.; Zhang, H.; Yan, R. Sparse feature identification based on union of redundant dictionary for
wind turbine gearbox fault diagnosis. IEEE Trans. Ind. Electron. 2015, 62, 6594–6605. [CrossRef]

50. He, G.; Ding, K.; Lin, H. Fault feature extraction of rolling element bearings using sparse representation.
J. Sound Vib. 2016, 366, 514–527. [CrossRef]

51. Wang, L.; Cai, G.; You, W.; Huang, W.; Zhou, Z. Transients extraction based on averaged random orthogonal
matching pursuit algorithm for machinery fault diagnosis. IEEE Trans. Instrum. Meas. 2017, 66, 3237–3248.
[CrossRef]

52. Feng, Z.; Zhou, Y.; Zuo, M.J.; Chu, F.; Chen, X. Atomic decomposition and sparse representation for complex
signal analysis in machinery fault diagnosis: A review with examples. Measurement 2017, 103, 106–132.
[CrossRef]

53. Cover, T.; Hart, P. Nearest neighbor pattern classification. IEEE Trans. Inf. Theory 1967, 13, 21–27. [CrossRef]
54. Wang, J.; Neskovic, P.; Cooper, L.N. Neighborhood size selection in the k-nearest-neighbor rule using

statistical confidence. Pattern Recognit. 2006, 39, 417–423. [CrossRef]
55. Sain, S.R. The nature of statistical learning theory. Technometrics 1996, 38, 409. [CrossRef]
56. Knerr, S.; Personnaz, L.; Dreyfus, G. Single-layer learning revisited: A stepwise procedure for building and

training a neural network. In Neurocomputing; Springer: Berlin/Heidelberg, Germany, 1990; pp. 41–50.
57. Platt, J.C.; Cristianini, N.; Shawe-Taylor, J.S.; Wang, H. Large margin DAGs for multiclass classification.

Adv. Neural Inf. Process. Syst. 2000, 547–553.
58. Vural, V.; Dy, J.G. A hierarchical method for multi-class support vector machines. In Proceedings of the

Twenty-First International Conference on Machine Learning-ICML, Banff, AB, Canada, 4–8 July 2004; p. 105.
59. Dreiseitl, S.; Ohno-Machado, L. Logistic regression and artificial neural network classification models:

A methodology review. J. Biomed. Inform. 2002, 35, 352–359. [CrossRef]
60. Dybala, J.; Zimroz, R. Rolling bearing diagnosing method based on empirical mode decomposition of

machine vibration signal. Appl. Acoust. 2014, 77, 195–203. [CrossRef]
61. Zhu, K.; Song, X.; Xue, D. Incipient fault diagnosis of roller bearings using empirical mode decomposition

and correlation coefficient. J. Vibroeng. 2013, 15, 597–603.
62. Dybala, J.; Galezia, A. A novel method of gearbox health vibration monitoring using empirical mode

decomposition. In Advances in Condition Monitoring of Machinery in Non-Stationary Operations; Springer:
Berlin/Heidelberg, Germany, 2014; Volume 333, pp. 225–234.

63. Li, Y.; Xu, M.; Liang, X.; Huang, W. Application of bandwidth EMD and adaptive multiscale morphology
analysis for incipient fault diagnosis of rolling bearings. IEEE Trans. Ind. Electron. 2017, 64, 6506–6517.
[CrossRef]

64. Zhao, S.; Liang, L.; Xu, G.; Wang, J. Quantitative diagnosis of a spall-like fault of a rolling element bearing by
empirical mode decomposition and the approximate entropy method. Mech. Syst. Signal Process. 2013, 40,
154–177. [CrossRef]

65. Lv, Y.; Yuan, R.; Song, G. Multivariate empirical mode decomposition and its application to fault diagnosis of
rolling bearing. Mech. Syst. Signal Process. 2016, 81, 219–234. [CrossRef]

66. Parey, A.; Pachori, R.B. Variable cosine windowing of intrinsic mode functions: Application to gear fault
diagnosis. Measurement 2012, 45, 415–426. [CrossRef]

67. Chen, H.; Chen, P.; Chen, W.; Wu, C. Wind turbine gearbox fault diagnosis based on improved EEMD and
Hilbert square demodulation. Appl. Sci. 2017, 7, 128. [CrossRef]

68. Wang, H.; Chen, J.; Dong, G. Feature extraction of rolling bearing’s early weak fault based on EEMD and
tunable Q-factor wavelet transform. Mech. Syst. Signal Process. 2014, 48, 103–119. [CrossRef]

69. Zvokelj, M.; Zupan, S.; Prebil, I. EEMD-based multiscale ICA method for slewing bearing fault detection and
diagnosis. J. Sound Vib. 2016, 370, 394–423. [CrossRef]

http://dx.doi.org/10.1016/j.ymssp.2015.05.032
http://dx.doi.org/10.1016/j.ymssp.2016.04.034
http://dx.doi.org/10.1016/j.jsv.2016.07.004
http://dx.doi.org/10.1109/TIE.2015.2464297
http://dx.doi.org/10.1016/j.jsv.2015.12.020
http://dx.doi.org/10.1109/TIM.2017.2734198
http://dx.doi.org/10.1016/j.measurement.2017.02.031
http://dx.doi.org/10.1109/TIT.1967.1053964
http://dx.doi.org/10.1016/j.patcog.2005.08.009
http://dx.doi.org/10.1080/00401706.1996.10484565
http://dx.doi.org/10.1016/S1532-0464(03)00034-0
http://dx.doi.org/10.1016/j.apacoust.2013.09.001
http://dx.doi.org/10.1109/TIE.2017.2650873
http://dx.doi.org/10.1016/j.ymssp.2013.04.006
http://dx.doi.org/10.1016/j.ymssp.2016.03.010
http://dx.doi.org/10.1016/j.measurement.2011.11.001
http://dx.doi.org/10.3390/app7020128
http://dx.doi.org/10.1016/j.ymssp.2014.04.006
http://dx.doi.org/10.1016/j.jsv.2016.01.046


Entropy 2019, 21, 409 22 of 26

70. Chen, X.; Cheng, G.; Shan, X.; Hu, X. Research of weak fault feature information extraction of planetary gear
based on ensemble empirical mode decomposition and adaptive stochastic resonance. Measurement 2015, 73,
55–67. [CrossRef]

71. Guo, W. An Enhanced Extraction Method Based on EEMD for Processing a Bearing Vibration Signal with Multiple
Vibration Sources; American Society of Mechanical Engineers: New York, NY, USA, 2015.

72. Imaouchen, Y.; Kedadouche, M.; Alkama, R.; Thomas, M. A frequency-weighted energy operator and
complementary ensemble empirical mode decomposition for bearing fault detection. Mech. Syst. Signal
Process. 2017, 82, 103–116. [CrossRef]

73. Li, M.; Wang, H.; Tang, G.; Yuan, H. An improved method based on CEEMD for fault diagnosis of rolling
bearing. Adv. Mech. Eng. 2014, 6, 676205. [CrossRef]

74. Tabrizi, A.; Garibaldi, L.; Fasana, A.; Marchesiello, S. Performance improvement of ensemble empirical mode
decomposition for roller bearings damage detection. Shock Vib. 2015, 2015, 964805. [CrossRef]

75. Jiang, H.; Li, C.; Li, H. An improved EEMD with multiwavelet packet for rotating machinery multi-fault
diagnosis. Mech. Syst. Signal Process. 2013, 36, 225–239. [CrossRef]

76. Liu, W.Y.; Zhang, W.H.; Han, J.G.; Wang, G.F. A new wind turbine fault diagnosis method based on the local
mean decomposition. Renew. Energy 2012, 48, 411–415. [CrossRef]

77. Feng, Z.; Zuo, M.J.; Qu, J.; Tian, T. Joint amplitude and frequency demodulation analysis based on local
mean decomposition for fault diagnosis of planetary gearboxes. Mech. Syst. Signal Process. 2013, 40, 56–75.
[CrossRef]

78. Wang, Y.; He, Z.; Xiang, J.; Zi, Y. Application of local mean decomposition to the surveillance and diagnostics
of low-speed helical gearbox. Mech. Mach. Theory 2012, 47, 62–73. [CrossRef]

79. Li, Y.; Liang, X.; Yang, Y.; Xu, M. Earlyfault diagnosis of rotating machinery by combining differential rational
spline-based LMD and K-L divergence. IEEE Trans. Instrum. Meas. 2017, 66, 3077–3090. [CrossRef]

80. Zhang, X.; Wang, J.; Wang, Z.; Wang, J. Weak feature enhancement in machinery fault diagnosis using
empirical wavelet transform and an improved adaptive bistable stochastic resonance. ISA Trans. 2019, 84,
283–295. [CrossRef]

81. Chen, J.; Pan, J.; Li, Z.; Zi, Y. Generator bearing fault diagnosis for wind turbine via empirical wavelet
transform using measured vibration signals. Renew. Energy 2016, 89, 80–92. [CrossRef]

82. Merainani, B.; Benazzouz, D.; Rahmoune, C. Early detection of tooth crack damage in gearbox using empirical
wavelet transform combined by Hilbert transform. J. Vib. Control 2017, 23, 1623–1634. [CrossRef]

83. Lu, Y.; Xie, R.; Liang, S.Y. Detection of weak fault using sparse empirical wavelet transform for cyclic fault.
Int. J. Adv. Manuf. Technol. 2018, 99, 1195–1201. [CrossRef]

84. Ma, J.; Wu, J.; Wang, X. Incipient fault feature extraction of rolling bearings based on the MVMD and Teager
energy operator. ISA Trans. 2018, 80, 297–311. [CrossRef]

85. Li, Q.; Ji, X.; Liang, S.Y. Incipient fault feature extraction for rotating machinery based on improved
AR-minimum entropy deconvolution combined with variational mode decomposition approach. Entropy
2017, 19, 317. [CrossRef]

86. Yang, K.; Wang, G.; Dong, Y.; Zhang, Q. Early chatter identification based on an optimized variational mode
decomposition. Mech. Syst. Signal Process. 2019, 115, 238–254. [CrossRef]

87. Guo, Y.; Zhang, Z.; Cao, J.; Gong, T. An optimized variational mode decomposition for extracting weak
feature of viscoelastic sandwich cylindrical structures. Meas. Sci. Technol. 2018, 29, 035006. [CrossRef]

88. Han, D.; Su, X.; Shi, P. Weak fault signal detection of rotating machinery based on multistable stochastic
resonance and VMD-AMD. Shock Vib. 2018, 2018, 4252438. [CrossRef]

89. Jiang, F.; Zhu, Z.; Li, W. An improved VMD with empirical mode decomposition and its application in
incipient fault detection of rolling bearing. IEEE Access 2018, 6, 44483–44493. [CrossRef]

90. Elasha, F.; Mba, D.; Ruiz-Carcel, C. Effectiveness of adaptive filter algorithms and spectral kurtosis in bearing
faults detection in a gearbox. Vib. Eng. Technol. Mach. 2015, 219–229.

91. Zhao, M.; Jia, X. A novel strategy for signal denoising using reweighted SVD and its applications to weak
fault feature enhancement of rotating machinery. Mech. Syst. Signal Process. 2017, 94, 129–147. [CrossRef]

92. Ibrahim, G.; Albarbar, A.; Abouhnik, A.; Shnibha, R. Adaptive filtering based system for extracting gearbox
condition feature from the measured vibrations. Measurement 2013, 46, 2029–2034. [CrossRef]

93. Mei, J.; Jia, J.; Zeng, R.; Zhou, B. A multi-order FRFT self-adaptive filter based on segmental frequency fitting
and early fault diagnosis in gears. Measurement 2016, 91, 532–540. [CrossRef]

http://dx.doi.org/10.1016/j.measurement.2015.05.007
http://dx.doi.org/10.1016/j.ymssp.2016.05.009
http://dx.doi.org/10.1155/2014/676205
http://dx.doi.org/10.1155/2015/964805
http://dx.doi.org/10.1016/j.ymssp.2012.12.010
http://dx.doi.org/10.1016/j.renene.2012.05.018
http://dx.doi.org/10.1016/j.ymssp.2013.05.016
http://dx.doi.org/10.1016/j.mechmachtheory.2011.08.007
http://dx.doi.org/10.1109/TIM.2017.2664599
http://dx.doi.org/10.1016/j.isatra.2018.09.022
http://dx.doi.org/10.1016/j.renene.2015.12.010
http://dx.doi.org/10.1177/1077546315597820
http://dx.doi.org/10.1007/s00170-018-2553-1
http://dx.doi.org/10.1016/j.isatra.2018.05.017
http://dx.doi.org/10.3390/e19070317
http://dx.doi.org/10.1016/j.ymssp.2018.05.052
http://dx.doi.org/10.1088/1361-6501/aa9ef0
http://dx.doi.org/10.1155/2018/4252438
http://dx.doi.org/10.1109/ACCESS.2018.2851374
http://dx.doi.org/10.1016/j.ymssp.2017.02.036
http://dx.doi.org/10.1016/j.measurement.2013.02.019
http://dx.doi.org/10.1016/j.measurement.2016.05.092


Entropy 2019, 21, 409 23 of 26

94. Romero, A.; Lage, Y.; Soua, S.; Wang, B. Vestas V90-3MW wind turbine gearbox health assessment using a
vibration-based condition monitoring system. Shock Vib. 2016, 2016, 6423587. [CrossRef]

95. Fan, W.; Zhou, Q.; Li, J.; Zhu, Z. A wavelet-based statistical approach for monitoring and diagnosis of
compound faults with application to rolling bearings. IEEE Trans. Autom. Sci. Eng. 2018, 15, 1563–1572.
[CrossRef]

96. He, W.; Miao, Q.; Azarian, M.; Pecht, M. Health monitoring of cooling fan bearings based on wavelet filter.
Mech. Syst. Signal Process. 2015, 64, 149–161. [CrossRef]

97. Cui, H.; Qiao, Y.; Yin, Y.; Hong, M. An investigation on early bearing fault diagnosis based on wavelet
transform and sparse component analysis. Struct. Health Monit. Int. J. 2017, 16, 39–49. [CrossRef]

98. Cui, H.; Qiao, Y.; Yin, Y.; Hong, M. An investigation of rolling bearing early diagnosis based on high-frequency
characteristics and self-adaptive wavelet de-noising. Neurocomputing 2016, 216, 649–656. [CrossRef]

99. Wang, D.; Shen, C.; Tse, P.W. A novel adaptive wavelet stripping algorithm for extracting the transients
caused by bearing localized faults. J. Sound Vib. 2013, 332, 6871–6890. [CrossRef]

100. Combet, F.; Gelman, L.; LaPayne, G. Novel detection of local tooth damage in gears by the wavelet bicoherence.
Mech. Syst. Signal Process. 2012, 26, 218–228. [CrossRef]

101. Moumene, I.; Ouelaa, N. Application of the wavelets multiresolution analysis and the high-frequency
resonance technique for gears and bearings faults diagnosis. Int. J. Adv. Manuf. Technol. 2016, 83, 1315–1339.
[CrossRef]

102. Chen, J.L.; Zi, Y.Y.; He, Z.J. Construction of adaptive redundant multiwavelet packet and its application to
compound faults detection of rotating machinery. Sci. China Technol. Sci. 2012, 55, 2083–2090. [CrossRef]

103. He, S.L.; Zi, Y.Y.; Zhao, C.L. Maximal-overlap adaptive multiwavelet for detecting transient vibration
responses from dynastic signal of rotating machineries. Sci. China Technol. Sci. 2014, 57, 136–150. [CrossRef]

104. Li, Y.; Liang, X.; Xu, M.; Huang, W. Early fault feature extraction of rolling bearing based on ICD and tunable
Q-factor wavelet transform. Mech. Syst. Signal Process. 2017, 86, 204–223. [CrossRef]

105. Fan, Q.; Ikejo, K.; Nagamura, K.; Kawada, M. Application of statistical parameters and discrete wavelet
transform to gear damage diagnosis. J. Adv. Mech. Des. Syst. Manuf. 2014, 8. [CrossRef]

106. Rahman, M.M.; Uddin, M.N. Online unbalanced rotor fault detection of an IM drive based on both time and
frequency domain analyses. IEEE Trans. Ind. Appl. 2017, 53, 4087–4096. [CrossRef]

107. Rangel-Magdaleno, J.; Peregrina-Barreto, H.; Ramirez-Cortes, J.; Morales-Caporal, R. Vibration analysis of
partially damaged rotor bar in induction motor under different load condition using DWT. Shock Vib. 2016,
2016, 3530464. [CrossRef]

108. Jayakumar, K.; Thangavel, S. Industrial drive fault diagnosis through vibration analysis using wavelet
transform. J. Vib. Control 2017, 23, 2003–2013. [CrossRef]

109. Fan, Q.; Ikejo, K.; Nagamura, K.; Kawada, M. The design of a new sparsogram for fast bearing fault diagnosis:
Parts 1 and 2. Mech. Syst. Signal Process. 2013, 40, 499–519.

110. Yang, D.; Li, H.; Hu, Y.; Zhao, H. Vibration condition monitoring system for wind turbine bearings based on
noise suppression with multi-point data fusion. Renew. Energy 2016, 92, 104–116. [CrossRef]

111. Elmorsy, M.; Achtenova, G. Application of optimal morlet wavelet filter for bearing fault diagnosis. SAE Int.
J. Passeng. Cars Mech. Syst. 2015, 8, 817–824. [CrossRef]

112. Yiakopoulos, C.; Koutsoudaki, M.; Gryllias, K.; Antoniadis, I. Improving the performance of univariate
control charts for abnormal detection and classification. Mech. Syst. Signal Process. 2017, 86, 122–150.
[CrossRef]

113. Elmorsy, M.; Achtenova, G. Value of optimal wavelet function in gear fault diagnosis. SAE Int. J. Veh. Dyn.
Stab. NVH 2017, 1, 390–399. [CrossRef]

114. Wang, D.; Guo, W.; Wang, X. A joint sparse wavelet coefficient extraction and adaptive noise reduction
method in recovery of weak bearing fault features from a multi-component signal mixture. Appl. Soft Comput.
2013, 13, 4097–4104. [CrossRef]

115. Tang, H.; Chen, J.; Dong, G. Sparse representation based latent components analysis for machinery weak
fault detection. Mech. Syst. Signal Process. 2014, 46, 373–388. [CrossRef]

116. Lv, Y.; Luo, J.; Yi, C. Enhanced orthogonal matching pursuit algorithm and its application in mechanical
equipment fault diagnosis. Shock Vib. 2017, 2017, 4896056. [CrossRef]

http://dx.doi.org/10.1155/2016/6423587
http://dx.doi.org/10.1109/TASE.2017.2720177
http://dx.doi.org/10.1016/j.ymssp.2015.04.002
http://dx.doi.org/10.1177/1475921716661310
http://dx.doi.org/10.1016/j.neucom.2016.08.021
http://dx.doi.org/10.1016/j.jsv.2013.07.021
http://dx.doi.org/10.1016/j.ymssp.2011.07.002
http://dx.doi.org/10.1007/s00170-015-7436-0
http://dx.doi.org/10.1007/s11431-012-4846-1
http://dx.doi.org/10.1007/s11431-013-5382-3
http://dx.doi.org/10.1016/j.ymssp.2016.10.013
http://dx.doi.org/10.1299/jamdsm.2014jamdsm0013
http://dx.doi.org/10.1109/TIA.2017.2691736
http://dx.doi.org/10.1155/2016/3530464
http://dx.doi.org/10.1177/1077546315606602
http://dx.doi.org/10.1016/j.renene.2016.01.099
http://dx.doi.org/10.4271/2015-01-2178
http://dx.doi.org/10.1016/j.ymssp.2016.09.036
http://dx.doi.org/10.4271/2017-01-1771
http://dx.doi.org/10.1016/j.asoc.2013.05.015
http://dx.doi.org/10.1016/j.ymssp.2014.01.011
http://dx.doi.org/10.1155/2017/4896056


Entropy 2019, 21, 409 24 of 26

117. Mo, D.; Cui, L.; Wang, J.; Xu, Y. The delayed correlation envelope analysis technique based on sparse signal
decomposition method and its application to bearing early fault diagnosis. Contemp. Des. Manuf. Technol.
2013, 819, 292–296. [CrossRef]

118. Cui, L.; Wang, J.; Lee, S.; Kawada, M. Matching pursuit of an adaptive impulse dictionary for bearing fault
diagnosis. J. Sound Vib. 2014, 333, 2840–2862. [CrossRef]

119. Tang, G.; Yang, Q.; Wang, H.Q.; Luo, G. Sparse classification of rotating machinery faults based on compressive
sensing strategy. Mechatronics 2015, 31, 60–67. [CrossRef]

120. Li, X.; Deng, W.; Zhao, H.; Zheng, G. Study on a novel fault diagnosis method of rolling bearing in motor.
Recent Pat. Mech. Eng. 2016, 9, 144–152. [CrossRef]

121. Hu, A.J.; Lin, J.F.; Sun, S.F. A novel approach of impulsive signal extraction for early fault detection of rolling
element bearing. Shock Vib. 2017, 2017, 9375491.

122. Raj, A.S.; Murali, N. Early classification of bearing faults using morphological operators and fuzzy inference.
IEEE Trans. Ind. Electron. 2013, 60, 567–574. [CrossRef]

123. Dong, G.; Chen, J.; Zhao, F. Incipient bearing fault feature extraction based on minimum entropy deconvolution
and K-singular value decomposition. J. Manuf. Sci. Eng. Trans. ASME 2017, 139, 101006. [CrossRef]

124. Kedadouche, M.; Thomas, M.; Tahan, A.; Guilbault, R. Nonlinear parameters for monitoring gear: Comparison
between Lempel-Ziv, approximate entropy, and sample entropy complexity. Shock Vib. 2015, 2015, 959380.
[CrossRef]

125. Wang, H.; Chen, J.; Dong, G. Fault diagnosis of rolling bearing’s early weak fault based on minimum entropy
de-convolution and fast Kurtogram algorithm. Proc. Inst. Mech. Eng. Part C J. Mech. Eng. Sci. 2015, 229,
2890–2907. [CrossRef]

126. Antoni, J. The spectral kurtosis: An useful tool for characterizing non-stationary signals. Mech. Syst.
Signal Process. 2006, 20, 282–307. [CrossRef]

127. Antoni, J. Fast computation of kurtogram for the detection of transient faults. Mech. Syst. Signal Process.
2007, 21, 108–124. [CrossRef]

128. Antoni, J.; Xin, G.; Hamzaoui, N. Fast computation of the spectral correlation. Mech. Syst. Signal Process.
2017, 92, 248–277. [CrossRef]

129. Cong, F.; Chen, J.; Dong, G. Spectral kurtosis based on AR model for fault diagnosis and condition monitoring
of rolling bearing. J. Mech. Sci. Technol. 2012, 26, 301–306. [CrossRef]

130. Jeong, I.K.; Kang, M.; Kim, J.; Kim, J.M. Enhanced DET-based fault signature analysis for reliable diagnosis
of single and multiple-combined bearing defects. Shock Vib. 2015, 2015, 814650. [CrossRef]

131. Jia, F.; Lei, Y.; Shan, H.; Lin, J. Early fault diagnosis of bearings using an improved spectral kurtosis by
maximum correlated kurtosis deconvolution. Sensors 2015, 15, 29363–29377. [CrossRef]

132. Li, H.K.; Ren, Y.J.; Yang, R. Incipient feature extraction for rolling element bearing based on particle
filter preprocessing and kurtogram. In Proceedings of the 2016 IEEE International Instrumentation and
Measurement Technology Conference Proceedings, Taipei, Taiwan, 23–26 May 2016.

133. Chen, X.; Xiao, L.; Zhang, X.; Liu, Z. A heterogeneous fault diagnosis method for bearings in gearbox.
Proc. Inst. Mech. Eng. Part C J. Mech. Eng. Sci. 2015, 229, 1491–1499. [CrossRef]

134. Masmoudi, M.L.; Etien, E.; Moreau, S.; Sakout, A. Single point bearing fault diagnosis using simplified
frequency model. Electr. Eng. 2017, 99, 455–465. [CrossRef]

135. Dong, G.; Chen, J.; Zhao, F. A frequency-shifted bispectrum for rolling element bearing diagnosis. J. Sound
Vib. 2015, 339, 396–418. [CrossRef]

136. Zhou, Y.; Chen, J.; Dong, J.M.; Xiao, W.B. Application of the horizontal slice of cyclic bispectrum in rolling
element bearings diagnosis. Mech. Syst. Signal Process. 2012, 26, 229–243. [CrossRef]

137. Dong, G.; Chen, J. Noise resistant time frequency analysis and application in fault diagnosis of rolling
element bearings. Mech. Syst. Signal Process. 2012, 33, 212–236. [CrossRef]

138. Yuan, Y.; Zhao, X.; Fei, J.; Zhao, Y. Study on fault diagnosis of rolling bearing based on time-frequency
generalized dimension. Shock Vib. 2015, 2015, 808457. [CrossRef]

139. Siegel, D.; Al-Atat, H.; Shauche, V.; Liao, L. Novel method for rolling element bearing health assessment-A
tachometer-less synchronously averaged envelope feature extraction technique. Mech. Syst. Signal Process.
2012, 29, 362–376. [CrossRef]

140. Park, C.S.; Choi, Y.C.; Kim, Y.H. Early fault detection in automotive ball bearings using the minimum
variance cepstrum. Mech. Syst. Signal Process. 2013, 38, 534–548. [CrossRef]

http://dx.doi.org/10.4028/www.scientific.net/AMR.819.292
http://dx.doi.org/10.1016/j.jsv.2013.12.029
http://dx.doi.org/10.1016/j.mechatronics.2015.04.006
http://dx.doi.org/10.2174/2212797609666160408154213
http://dx.doi.org/10.1109/TIE.2012.2188259
http://dx.doi.org/10.1115/1.4037419
http://dx.doi.org/10.1155/2015/959380
http://dx.doi.org/10.1177/0954406214564692
http://dx.doi.org/10.1016/j.ymssp.2004.09.001
http://dx.doi.org/10.1016/j.ymssp.2005.12.002
http://dx.doi.org/10.1016/j.ymssp.2017.01.011
http://dx.doi.org/10.1007/s12206-011-1029-0
http://dx.doi.org/10.1155/2015/814650
http://dx.doi.org/10.3390/s151129363
http://dx.doi.org/10.1177/0954406214544727
http://dx.doi.org/10.1007/s00202-016-0441-y
http://dx.doi.org/10.1016/j.jsv.2014.11.015
http://dx.doi.org/10.1016/j.ymssp.2011.07.006
http://dx.doi.org/10.1016/j.ymssp.2012.06.008
http://dx.doi.org/10.1155/2015/808457
http://dx.doi.org/10.1016/j.ymssp.2012.01.003
http://dx.doi.org/10.1016/j.ymssp.2013.02.017


Entropy 2019, 21, 409 25 of 26

141. Fu, S.; Liu, K.; Xu, Y.; Liu, Y. Rolling bearing diagnosing method based on time domain analysis and adaptive
fuzzy C-means clustering. Shock Vib. 2016, 2016, 9412787.

142. Li, C.; Valente, J.; Sanchez, R.V.; Cerrada, M. Fuzzy determination of informative frequency band for bearing
fault detection. J. Intell. Fuzzy Syst. 2016, 30, 3513–3525. [CrossRef]

143. Liu, H.; Han, S.; Yang, J.; Liu, S. Improving the weak feature extraction by adaptive stochastic resonance
in cascaded piecewise-linear system and its application in bearing fault detection. J. Vibroeng. 2017, 19,
2506–2520.

144. Liao, Z.; Song, L.; Chen, P.; Zuo, S. An automatic filtering method based on an improved genetic algorithm-with
application to rolling bearing fault signal extraction. IEEE Sens. J. 2017, 17, 6340–6349. [CrossRef]

145. Javorskyj, I.; Kravets, I.; Matsko, I.; Yuzefovych, R. Periodically correlated random processes: Application in
early diagnostics of mechanical systems. Mech. Syst. Signal Process. 2017, 83, 406–438. [CrossRef]

146. Igba, J.; Alemzadeh, K.; Durugbo, C.; Eiriksson, E.T. Analysing RMS and peak values of vibration signals for
condition monitoring of wind turbine gearboxes. Renew. Energy 2016, 91, 90–106. [CrossRef]

147. Shao, Y.; Su, D.; Al-Habaibeh, A.; Yu, W. A new fault diagnosis algorithm for helical gears rotating at low
speed using an optical encoder. Measurement 2016, 93, 449–459. [CrossRef]

148. Sharma, V.; Parey, A. Gear crack detection using modified TSA and proposed fault indicators for fluctuating
speed conditions. Measurement 2016, 90, 560–575. [CrossRef]

149. Jin, X.; Chow, T.W. Anomaly detection of cooling fan and fault classification of induction motor using
Mahalanobis-Taguchi system. Expert Syst. Appl. 2013, 40, 5787–5795. [CrossRef]

150. Georgoulas, G.; Karvelis, P.; Loutas, T.; Stylios, C.D. Rolling element bearings diagnostics using the symbolic
aggregate approximation. Mech. Syst. Signal Process. 2015, 60, 229–242. [CrossRef]

151. Gao, J.; Wang, R.; Zhang, R.; Li, Y. A novel fault diagnosis method for rotating machinery based on S
transform and morphological pattern spectrum. J. Braz. Soc. Mech. Sci. Eng. 2016, 38, 1575–1584. [CrossRef]

152. Rajeswari, C.; Sathiyabhama, B.; Devendiran, S.; Manivannan, K. Diagnostics of gear faults using ensemble
empirical mode decomposition, hybrid binary bat algorithm and machine learning algorithms. J. Vibroeng.
2015, 17, 1169–1187.

153. Geramifard, O.; Xu, J.X.; Panda, S.K. Fault detection and diagnosis in synchronous motors using hidden
Markov model-based semi-nonparametric approach. Eng. Appl. Artif. Intell. 2013, 26, 1919–1929. [CrossRef]

154. Holguin-Londono, M.; Cardona-Morales, O.; Sierra-Alonso, E.F.; Mejia-Henao, J.D. Machine fault detection
based on filter bank similarity features using acoustic and vibration analysis. Math. Probl. Eng. 2016,
2016, 7906834. [CrossRef]

155. Fan, Q.; Ikejo, K.; Nagamura, K.; Kawada, M. Gear damage diagnosis and classification based on support
vector machines. J. Adv. Mech. Des. Syst. Manuf. 2014, 8, 21–24. [CrossRef]

156. Liu, R.; Yang, B.; Zhang, X.; Wang, S. Time-frequency atoms-driven support vector machine method for
bearings incipient fault diagnosis. Mech. Syst. Signal Process. 2016, 75, 345–370. [CrossRef]

157. Fernandez-Francos, D.; Martinez-Rego, D.; Fontenla-Romero, O.; Alonso-Betanzos, A. Automatic bearing
fault diagnosis based on one-class v-SVM. Comput. Ind. Eng. 2013, 64, 357–365. [CrossRef]

158. Shen, C.; Wang, D.; Liu, Y.; Kong, F. Recognition of rolling bearing fault patterns and sizes based on two-layer
support vector regression machines. Smart Struct. Syst. 2014, 13, 453–471. [CrossRef]

159. Saidi, L.; Ali, J.; Bechhoefer, E.; Benbouzid, M. Wind turbine high-speed shaft bearings health prognosis
through a spectral Kurtosis-derived indices and SVR. Appl. Acoust. 2017, 120, 1–8. [CrossRef]

160. Zhao, H.; Sun, M.; Deng, W.; Yang, X. A new feature extraction method based on EEMD and multi-scale
fuzzy entropy for motor bearing. Entropy 2016, 19, 14. [CrossRef]

161. Fan, Q.; Ikejo, K.; Nagamura, K.; Kawada, M. Diagnosis for gear tooth surface damage by empirical mode
decomposition in cyclic fatigue test. J. Adv. Mech. Des. Syst. Manuf. 2014, 8. [CrossRef]

162. Tabrizi, A.; Garibald, L.; Fasana, A.; Marchesiello, S. Early damage detection of roller bearings using wavelet
packet decomposition, ensemble empirical mode decomposition and support vector machine. Meccanica
2015, 50, 865–874. [CrossRef]

163. Wu, C.; Chen, T.; Jiang, R.; Ning, L. A novel approach to wavelet selection and tree kernel construction for
diagnosis of rolling element bearing fault. J. Intell. Manuf. 2017, 28, 1847–1858. [CrossRef]

164. Konar, P.; Sil, J.; Chattopadhyay, P. Knowledge extraction using data mining for multi-class fault diagnosis of
induction motor. Neurocomputing 2015, 166, 14–25. [CrossRef]

http://dx.doi.org/10.3233/IFS-162097
http://dx.doi.org/10.1109/JSEN.2017.2738152
http://dx.doi.org/10.1016/j.ymssp.2016.06.022
http://dx.doi.org/10.1016/j.renene.2016.01.006
http://dx.doi.org/10.1016/j.measurement.2016.07.013
http://dx.doi.org/10.1016/j.measurement.2016.04.076
http://dx.doi.org/10.1016/j.eswa.2013.04.024
http://dx.doi.org/10.1016/j.ymssp.2015.01.033
http://dx.doi.org/10.1007/s40430-015-0474-6
http://dx.doi.org/10.1016/j.engappai.2013.06.005
http://dx.doi.org/10.1155/2016/7906834
http://dx.doi.org/10.1299/jamdsm.2014jamdsm0021
http://dx.doi.org/10.1016/j.ymssp.2015.12.020
http://dx.doi.org/10.1016/j.cie.2012.10.013
http://dx.doi.org/10.12989/sss.2014.13.3.453
http://dx.doi.org/10.1016/j.apacoust.2017.01.005
http://dx.doi.org/10.3390/e19010014
http://dx.doi.org/10.1299/jamdsm.2014jamdsm0039
http://dx.doi.org/10.1007/s11012-014-9968-z
http://dx.doi.org/10.1007/s10845-015-1070-4
http://dx.doi.org/10.1016/j.neucom.2015.04.040


Entropy 2019, 21, 409 26 of 26

165. Kang, M.; Kim, J.M. Singular value decomposition based feature extraction approaches for classifying faults
of induction motors. Mech. Syst. Signal Process. 2013, 41, 348–356. [CrossRef]

166. Jedlinski, L.; Jonak, J. Early fault detection in gearboxes based on support vector machines and multilayer
perceptron with a continuous wavelet transform. Appl. Soft Comput. 2015, 30, 636–641. [CrossRef]

167. Bin, G.F.; Gao, J.J.; Li, X.J.; Dhillon, B.S. Early fault diagnosis of rotating machinery based on wavelet
packets-Empirical mode decomposition feature extraction and neural network. Mech. Syst. Signal Process.
2012, 27, 696–711. [CrossRef]

168. Soleimani, A.; Khadem, S.E. Early fault detection of rotating machinery through chaotic vibration feature
extraction of experimental data sets. Chaos Solitons Fractals 2015, 78, 61–75. [CrossRef]

169. Eren, L. Bearing fault detection by one-dimensional convolutional neural networks. Math. Probl. Eng. 2017,
2017, 8617315. [CrossRef]

170. Chen, Z.; Li, C.; Sanchez, R.V. Multi-layer neural network with deep belief network for gearbox fault
diagnosis. J. Vibroeng. 2015, 17, 2379–2392.

171. Martin-del-Campo, S.; Sandin, F. Online feature learning for condition monitoring of rotating machinery.
Eng. Appl. Artif. Intell. 2017, 64, 187–196. [CrossRef]

172. Almeida, L.F.; Bizarria, J.W.; Bizarria, F.C.; Mathias, M.H. Condition-based monitoring system for rolling
element bearing using a generic multi-layer perceptron. J. Vib. Control 2015, 21, 3456–3464. [CrossRef]

173. Li, K.; Chen, P.; Wang, H. Intelligent diagnosis method for rotating machinery using wavelet transform and
ant colony optimization. IEEE Sens. J. 2012, 12, 2474–2484. [CrossRef]

174. Brkovic, A.; Gajic, D.; Savic-Gajic, J.; Gligorijevic, I.; Georgieva, O. Early fault detection and diagnosis in
bearings for more efficient operation of rotating machinery. Energy 2017, 136, 63–71. [CrossRef]

175. Li, B.; Zhang, P.; Mi, S.; Liu, P.; Liu, D. Applying the fuzzy lattice neurocomputing (FLN) classifier model to
gear fault diagnosis. Neural Comput. Appl. 2013, 22, 627–636. [CrossRef]

176. Cruz-Vega, I.; Rangel-Magdaleno, J.; Ramirez-Cortes, J.; Peregrina-Barreto, H. Automatic progressive damage
detection of rotor bar in induction motor using vibration analysis and multiple classifiers. J. Mech. Sci. Technol.
2017, 31, 2651–2662. [CrossRef]

177. Martinez-Rego, D.; Fontenla-Romero, O.; Alonso-Betanzos, A.; Principe, J.C. Fault detection via recurrence
time statistics and one-class classification. Pattern Recognit. Lett. 2016, 84, 8–14. [CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1016/j.ymssp.2013.08.002
http://dx.doi.org/10.1016/j.asoc.2015.02.015
http://dx.doi.org/10.1016/j.ymssp.2011.08.002
http://dx.doi.org/10.1016/j.chaos.2015.06.018
http://dx.doi.org/10.1155/2017/8617315
http://dx.doi.org/10.1016/j.engappai.2017.06.012
http://dx.doi.org/10.1177/1077546314524260
http://dx.doi.org/10.1109/JSEN.2012.2191402
http://dx.doi.org/10.1016/j.energy.2016.08.039
http://dx.doi.org/10.1007/s00521-011-0719-y
http://dx.doi.org/10.1007/s12206-017-0508-3
http://dx.doi.org/10.1016/j.patrec.2016.07.019
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Review of Early Fault Diagnosis Approaches 
	FFD-Based Early Fault Diagnosis 
	Adaptive Decomposition Methods 
	Wavelet Transform 
	Sparse Decomposition 

	AI-Based Early Fault Diagnosis 
	KNN 
	SVM 
	Neural network 


	Applications of FFD in Early Fault Diagnosis of Rotating Machinery 
	Adaptive Decomposition Methods 
	EMD 
	EEMD 
	LMD 
	EWT 
	VMD 
	Other Adaptive Methods 

	Wavelet Transform Methods 
	Sparse Representation Methods 
	Other Fault Frequency Based Methods 

	Applications of AI in Early Fault Diagnosis of Rotating Machinery 
	KNN 
	SVM 
	Neural Network 
	Other Methods 

	Discussion and Conclusions 
	Summary 
	References

