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Abstract: Generally speaking, vibration signals collected by sensors always contain complex fre-
quency components, which will bring great trouble to bearing condition monitoring and fault diag-
nosis. A reliable fault signal component extraction method is significant to detect the fault-induced
weak repetitive transients. Therefore, many signal decomposition or extraction methods have been
developed and are widely employed in fault diagnosis. Based on the recently proposed variational
mode extraction (VME) method, an adaptive optimal mode extraction method was designed with
a new strategy to extract the mode center frequency and a novel indicator to optimize the balance
parameter. The spectrum is first divided into several modes by enveloping curve fitting (ECF), and
the center frequencies of each mode are extracted, respectively. All potential fault modes are then
extracted sequentially utilizing the extracted center frequency and fixed balance parameter. For
the extracted modes, the kurtosis index is applied to select the target mode. Finally, the relative
amplitude ratio (RAR) index is used to adaptively adjust the balance parameter. The comparison
results reveal that the adaptive mode extraction method can extract the weak fault feature under
strong interference.

Keywords: rolling element bearings fault; variational mode decomposition; variational mode
extraction; envelope curve fitting; relative amplitude ratio

1. Introduction

In rotating machinery, rolling element bearings are essential components, and the
condition of bearings has a significant influence on the healthy operation of the system [1,2].
The occurrence of localized defects will generate successive quasi-periodic impulses, stimu-
lating resonance in the rotating machinery [3]. According to the structural characteristics
of rolling bearings, the pulse induced by defects in different positions also has different
periods. Therefore, the frequency of impulse repetition often gives a direct indication of the
fault location, and the diagnosis technique based on frequency analysis has received very
much attention [4]. For the above reasons, although there are many different signals, such
as acoustic emission signals [5], vibration signals are the most commonly used because
the accelerometer installed near the rolling element bearing can detect impulse excitation
resonance signals [6].

Many advanced signal processing techniques, including blind deconvolution [7–9],
optimal frequency band selection [10–12], adaptive signal decomposition [13–15], machine
learning [16], stochastic resonance [17–19], time-frequency analysis [20,21], and higher-
order statistics [22], have been developed for diagnosing the incipient fault of REBs. On
account of the vibration responses being a mixture of complex frequency components,
signal decomposition methods are especially suitable for analyzing them. Many researchers
have applied various signal decomposition methods to fault diagnosis analysis, such as
empirical mode decomposition [23,24], local mean decomposition [25,26], intrinsic time-
scale decomposition [27], and variational mode decomposition [28].
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In these methods, variational mode decomposition (VMD) is a new signal decom-
position method proposed by Dragomiretskiy and Zosso [29], which can decompose a
non-stationary signal into several distinct modes. The VMD method has been applied on
many occasions, such as short-term wind power forecasting [30], fault diagnosis [31,32],
etc., and it has a good effect on signal decomposition and signal-to-noise ratio enhancement.
However, in the VMD method, the number of the decomposed modes and the balance
parameter are two parameters that have important influence on the decomposition per-
formance and should be determined in advance. Although scholars have done a lot of
work in parameter optimization, the existing methods still have low accuracy and complex
operation problems to a certain extent.

In addition, in the decomposition process, VMD extracts all modes simultaneously, but
in fact, there is only one meaningful mode that contains fault feature information. Thus, the
process of selecting the target mode that contains the fault information may also introduce
interference. To address the above problems, Jiang et al. [33] proposed an initial center
frequency-guided method, which can directly extract the mode without caring about the
number of decomposed modes, thus significantly enhancing the effectiveness of the VMD
method. At the same time, it is pointed out in the above noted paper that the initial center
frequency arbitrarily set within a reasonable range will eventually converge to the target
center frequency. In [34], envelope negentropy spectrum (ENS) is used to locate the center
frequency, and then target mode can be extracted based on the guidance of the initial center
frequency, which further improves the performance of the VMD method. These theories
and methods provide a theoretical basis for direct extraction of fault mode and point out
the direction for proposing new ways.

Recently, Nazari et al. proposed a method called variational mode extraction (VME),
which can directly extract the specific mode of interest [35]. This method has a similar
theoretical basis as VMD, and the extracted target mode is more compact around the central
frequency. The VME method has been used in biological signal processing [35], but its
great application potential in bearing fault diagnosis has not been discovered.

In this paper, adaptive optimal mode extraction method based on the VME is utilized
to process the bearing fault vibration signal. First, the envelope curve fitting (ECF) method
is utilized to preliminarily divide the spectrum and extract all possible fault mode center
frequencies. The fault mode is then determined based on the kurtosis criterion, and the
relative amplitude ratio (RAR) index is used to optimize the balance parameter. Finally, the
VME method utilizes the determined center frequency and balance parameter to extract the
optimal fault mode and enhance the fault characteristics. In [36], Zhao et al. proposed an
envelope nesting method for preliminary segmentation of vibration signals, which proved
to be a practical preprocessing step of the VMD method. In this paper, we propose a mode
segmentation method called envelope curve fitting (ECF), which can determine the center
frequency from split mode. VME can then extract the modes that may contain fault feature
information and select the mode with the maximum kurtosis as the target mode. Aiming at
the insufficient stability of the kurtosis index, some new evaluation indexes are put forward.
Li et al. [37] constructs a weighted kurtosis index by combining kurtosis and correlation
coefficient. Yang et al. [38] proposed a SAF index to choose the optimal IMF decomposed
by the EEMD method. In this paper, during the process of target mode optimization, a
relative amplitude ratio (RAR) index is constructed to adaptively determine the balance
parameter, and the optimal mode can be extracted directly based on the proposed method.

The main contributions of this paper are summarized as follows:

(1) A novel adaptive mode extraction method is established based on variational mode
extraction (VME) method.

(2) A spectrum segmentation method called envelope curve fitting (ECF) is proposed to
determine the initial center frequency of the VME method, and relative amplitude
ratio (RAR) index is used to optimize the balance parameter.

(3) The proposed method has been verified on different test benches and compared with
other methods, which proves the effectiveness of the proposed method.
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The remainder of the paper is organized as follows. Section 2 describes the details
of adaptive optimal mode extraction based on VME. The method of center frequency
extraction and the new constructed evaluation index is also introduced in this section.
The flow chart of the proposed method is described in Section 3. The mode optimization
process and comparison experiment results are presented in Section 4. Finally, Section 5
concludes this work.

2. Underlying Theory
2.1. Basic Principle of VME

Variational mode extraction (VME) is built on the consistent basis of variational mode
decomposition (VMD), and it can directly extract specific modes under the guidance of
the initial central frequency, rather than all the modes, which is very attractive in fault
diagnosis.

The target mode ud(t) extracted from the raw signal f (t) by VME is the optimal
solution for the constrained optimization problem as follows:

min
ud ,wd , fr

{αJ1 + J2}

s.t. ud(t) + fr(t) = f (t)
(1)

where α is the balance parameter.
The expression J1 is the criterion to ensure the mode compact around its center frequency

wd as follows:

J1 =‖ ∂t

[(
δ(t) +

j
πt

)
∗ ud(t)

]
e−jwdt ‖2

2 . (2)

The expression J2 is the rule to ensure the minimum overlap between target mode
ud(t) and residual signal fr(t) as follows:

J2 =‖ β(t) ∗ fr(t) ‖2
2 (3)

where β(t) is the impulse response of the filter.
Like the VMD method, the augmented Lagrangian is introduced as follows:

L(ud, wd, λ) = α ‖ ∂t

[(
δ(t) + j

πt

)
∗ ud(t)

]
e−jwdt ‖2

2 +

‖ β(t) ∗ fr(t) ‖2
2 + ‖ f (t)− (ud(t) + fr(t)) ‖2

2 +
〈λ(t), f (t)− (ud(t) + fr(t))〉

(4)

Target mode ûn+1
d (w) is updated iteratively as follows:

ûn+1
d (w) =

f̂ (w) + α2
(

w− wn+1
d

)4
ûn

d(w) +
λ̂(w)

2[
1 + α2

(
w− wn+1

d

)4
][

1 + 2α
(
w− wn

d
)2
] (5)

Center frequency wn+1
d is updated iteratively as follows:

wn+1
d =

∫ ∞
0 w

∣∣∣ûn+1
d (w)

∣∣∣2dw∫ ∞
0

∣∣∣ûn+1
d (w)

∣∣∣2dw
(6)

The Lagrangian multiplier is updated iteratively as follows:

λ̂n+1 = λ̂n + τ

 f̂ (w)− ûn+1
d (w)

1 + α2
(

w− wn+1
d

)4

 (7)
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After the convergence condition Equation (8) is satisfied, the target mode with suffi-
cient accuracy can be obtained.

‖ ûn+1
d − ûn

d ‖
2
2

‖ ûn
d ‖

2
2

< ε (8)

The specific description can be referred to in [35].
As shown in [39], the Lagrange multiplier λ and update parameter τ have little

influence on the accuracy of the target mode. In contrast, the initial center frequency wd
and balance parameter α are the key factors to extract the target mode accurately, and
special attention should be paid to setting and optimization. A large balance parameter
may cause the roughly extracted mode to have large bandwidth and introduce a lot of noise.
In contrast, a small balance parameter may lead to incomplete information in the extracted
mode. The unreasonable initial center frequency will guide the extracted mode to converge
to the interference component in the process of iteration. Therefore, the following research
work mainly focuses on the reasonable selection and optimization of these two parameters.

2.2. Envelope Curve Fitting (ECF) and Relative Amplitude Ratio (RAR)

For the VME method, the initial center frequency of the mode needs to be determined
in advance, and then the target mode can be extracted under the guidance of the initial
center frequency. Inspired by the literature [36], this paper uses the envelope curve fitting
(ECF) method to estimate possible target mode center frequencies.

First, the raw vibration signal should be transformed to the spectrum by fast Fourier
transform. A sliding window with a suitable size is then created, and the size of the
overlap (or interval) of adjacent windows during sliding is determined based on signal
characteristics. The maximum value in each window is selected, and other values are
discarded. The window was slid from left to right along the horizontal axis to obtain a
series of peaks and was fitted to discard unnecessary details. Finally, the resulting curve
can extract the corresponding mode center frequencies.

We utilize an outer race fault vibration signal provided by Case Western Reserve
University (CWRU) to illustrate the process and results of the ECF method. Considering
that the resonance frequency excited by local fault is generally higher than 1500 Hz [6],
some modes can be discarded, and VME extracts only the mode with a higher central
frequency. In the ECF method, the sliding window size is 150 Hz, and the interval between
two adjacent windows is 0. As shown in Figure 1, after the vibration signal spectrum
is processed by the ECF method, it can be found that several main modes become more
evident, which is convenient to extract the center frequency.

As stated in Section 2.1, a large bandwidth may introduce additional interference,
whereas a small one will lose crucial diagnostic information. Therefore, the matched mode
bandwidth is also significant for selecting fault-related mode. In this paper, considering
the sensitivity of the kurtosis index to random pulse, the relative amplitude ratio (RAR)
index is used to optimize the balance parameter. In amplitude spectrum, RAR can be
represented as the relative value of the fault frequency band and the frequency with a
maximum amplitude outside the fault frequency band. The index is denoted as follows:

RAR =
∑

f f ault+∆
n= f f ault−∆

T(n)

T( fi)
(9)

where T(n) denotes Fourier transform amplitude spectrum, f f ault denotes the fault char-
acteristic frequency, ∆ is the boundary of the actual fault frequency deviated from the
theoretical fault frequency, and fi is the frequency with a maximum amplitude outside the
fault frequency band.
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Figure 1. The result of envelope curve fitting.

To illustrate the necessity of using the RAR index, we employ the kurtosis and RAR
index to optimize the balance parameter, and the results are shown in Figure 2. The ball fault
vibration signal is provided by Case Western Reserve University (CWRU). When kurtosis
is used as the evaluation index, as demonstrated in Figure 2a,b, the target mode reaches the
optimal state when the balance parameter is 300, and there are some noticeable interference
frequencies. However, as illustrated in Figure 2c,d, the optimization curve of RAR is
entirely different from the previous result, and the target frequency is very prominent in
the envelope spectrum. This evidence indicates that the constructed evaluation index can
effectively optimize the balance parameter, and with it, the VME method can detect the fault
feature from a contaminated signal. In addition, VME can avoid the problem that the mode
is segmented by mistake and retain all fault feature information to the maximum extent.
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Figure 2. Envelope spectrum results by different evaluation indexes: (a) curve of the optimization
procedure by kurtosis; (b) result optimized by kurtosis; (c) curve of the optimization procedure by
RAR; (d) result optimized by RAR.

3. The Flow Chart of the Proposed Method

The flow chart of the adaptive optimal mode extraction method is illustrated in
Figure 3, as described in the following concrete steps:

(1) Obtain the mode containing fault feature information. First, ECF is performed on
the collected vibration data to obtain the center frequencies of principal modes above
1500 Hz. Next, with a fixed balance parameter, VME is used to extract modes that may
contain fault feature information and choose the mode with the highest kurtosis value
as the target mode.

(2) Target mode optimization. The balance parameter is adjusted by maximizing the RAR
index to obtain the optimal mode.
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(3) Hilbert envelope demodulation. Demodulate the mode from the adaptive VME
method and identify the practical fault characteristic frequency.

(4) Fault diagnosis. The machine health state is judged by identifying the fault character-
istic frequency.

Vibration signal

Envelope curve 

fitting

Kurtosis of all 

modes

Obtain the modes that contain fault 

characteristic information

VME with fixed 

balance parameters

Modes with center 

frequency exceed 

1500Hz

Target mode

Center frequency

Maximum 

kurtosis

VME

Is RAR

maximum

Obtain the optimal 

mode

Hilbert envelop 

demodulation

Fault diagnosis

Target mode 

optimization

Center frequencies

of all modes

No

Yes

Figure 3. The flow chart of the proposed method.

4. Experimental Verification
4.1. The Rolling Element Bearings Data from CWRU

In this section, data from Case Western Reserve University (CWRU) Bearings Data
Center [40] were used to test the validity of the adaptive mode extraction method.

Figure 4 is the CWRU bearing test rig. The test rig is composed of a 2 hp motor, a
dynamometer, a torque transducer/encoder, and control electronics. The faulty bearings
tested were installed at the fan or drive end to support the motor shaft, and the bearings
type are SKF 6205-2RS JEM and SKF 6205-2RS JEM, respectively. The diameters of the outer
race fault and rolling element fault are 0.021′′ and 0.007′′, respectively. Vibration signal
was gathered by accelerometers, and the sampling rate was 12 kHz. The theoretical fault
characteristic frequency of bearing outer race fault (BPFO) was 105.9 Hz, and the ball spin
frequency (BSF) was 59.7 Hz.

First, the bearing outer race fault signal is used to confirm the effectiveness of the
adaptive mode extraction method. In this paper, data with a total length of 0.5 s were
selected for analysis.

Figure 5 shows the waveform and the frequency spectrum from which fault-related
information can barely be found. The proposed method is then performed to process the
defective signal, and the optimization procedure and results are illustrated in Figure 6a–c.
The third mode with the largest kurtosis value is chosen as the target mode.

Some comparative results are given in Figure 7 to demonstrate the effectiveness of the
adaptive optimal mode extraction method. The envelope spectrum of the original data is
provided in Figure 7a, and the SNR is −14.28 dB. The BPFO in the envelope spectrum can
be discovered, but the low-frequency noise interference is apparent. The band-pass filter
with bandwidth [2500–4000 Hz] is utilized to obtain the frequency band, which contains
fault feature information. The magnitude of the BPFO in Figure 7b is less than that in
Figure 7a, and the SNR also decreased from−14.28 dB to−15.42 dB. As shown in Figure 7c,
a mode with the largest kurtosis value is selected from the VMD decomposition results, but
the target frequency is barely detected. The proposed adaptive optimal mode extraction
method result is shown in Figure 7d. Although the rotating frequency is prominent, the
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BPFO can be easily identified. The SNR also confirms that the proposed method effectively
extracts weak fault features.

Electric motor

Drive end bearing

Torque transducer 

& encoder

Dynamometer

Fan end 

bearing

Figure 4. CWRU bearing test rig.

Figure 5. Vibration signal of outer race defective bearing: (a) time waveform; (b) Fourier spectrum.

The rolling element defective data were then analyzed. The noise components are so
strong that the fault-induced impulse responses cannot be identified in Figure 8. Three
modes that may contain weak repetitive transients information are extracted, and then
the second mode is further optimized by the RAR index. The results are provided in
Figure 9a–c and according to the analysis results, the optimal mode contains abundant
fault information.

In the envelope spectrum exhibited in Figure 10a, the target frequency can be pointed
out, but the SNR is low (−22.96 dB). The band-pass filter with bandwidth [2500–4000 Hz] and
the VMD method are both applied, and the results are shown in Figure 10b and Figure 10c,
respectively. It can be found that high-frequency interference components have been sup-
pressed, but some noise near the BSF is significant. The result processed by the adaptive
mode extraction method is illustrated in Figure 10d. It indicates that a fault-related feature
is prominent, and the interference frequency around them is significantly suppressed. It
should be noticed that the SNR increases from −22.96 dB to −11.66 dB, which is conducive
to fault diagnosis of rotating machines.
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Figure 6. Extraction result by the proposed method: (a) extracted modes; (b) the kurtosis of different
modes; (c) the optimal target mode.

Figure 7. Envelope spectrum analysis results: (a) original signal; (b) band-pass filter; (c) VMD; (d) the
proposed method.
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Figure 8. Vibration signal of rolling element defective bearing: (a) time waveform;
(b) Fourier spectrum.
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Figure 9. Extraction result by the proposed method: (a) extracted modes; (b) the kurtosis of different
modes; (c) the optimal target mode.
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Figure 10. Envelope spectrum analysis results: (a) original signal; (b) band-pass filter; (c) VMD;
(d) the proposed method.

4.2. Vibration Data Collected from TRDT Test Stand

The experimental data collected from the tail rotor drive train (TRDT) test stand were
adopted to further validate the practicability of the adaptive optimal mode extraction method.

The structure of the TRDT test stand is shown in Figure 11. As displayed in Figure 11,
the test stand consists of a AC motor, several couplings, rotation shaft, disks, etc. Single
point faults were introduced to the test bearings to simulate the pitting fault of bearings.
Vibration data were collected using accelerometers, which were attached to the housing.
The acceleration sensor is a uniaxial accelerometer, model PCB 352C33. The vibration
data acquisition equipment uses cDAQ 9188 and 9220 from National Instruments (NI) Inc.
The LabVIEW is used to record the raw data. The sampling rate of the vibration signal
was 12,800 Hz, and the shaft rotation speed was 1200 r/min. The fault bearings 6200 is a
deep-groove ball bearing, and the specific parameters are listed in Table 1.

Table 1. Rolling element bearings parameters.

Bearings Type Pitch Diameter
D/mm

Roller Diameter
d/mm

Number of
Roller Contact Angle

6200 20 5 8 0

Motor Coupling Disk Rotation shaft Magnetic powder brake

Fault bearing Torque-speed sensor

Figure 11. Tail rotor drive train test stand.

The waveform of the outer raceway fault data and its corresponding spectrum are
illustrated in Figure 12. There is no apparent periodic pulse and fault characteristic infor-
mation displayed in the spectrum. Several modes extracted by the VME method are shown
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in Figure 13. According to the analysis results, mode 1 is determined as the target mode,
and RAR is used for further optimization.

Some interference components around the BFPO and weak fault characteristic infor-
mation are hard to find in the original signal, as confirmed in Figure 14a. It is obvious
that reliable diagnosis results cannot be obtained. By employing the band-pass filter with
bandwidth [1500–3500 Hz], the envelope spectrum result is exhibited in Figure 14b, in
which the BPFO has been enhanced, and the SNR increases from −19.51 dB to −14.28 dB
as compared to Figure 14a. Because of fault information splitting or mode selection error,
no valid fault information was extracted by the VMD method, as confirmed in Figure 14c.
The result from the proposed method is exhibited in Figure 14d. The SNR is calculated as
−11.12 dB, which is higher than that of the band-pass filter. The BPFO and its harmonics
are distinct. With the analysis result, a reliable conclusion can be drawn that there is a local
defect on the outer raceway of the bearing.

Figure 12. Vibration signal of rolling element defective bearing: (a) time waveform; (b) Fourier spectrum.
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Figure 13. Extraction result by the proposed method: (a) extracted modes; (b) the kurtosis of different
modes; (c) the optimal target mode.
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Figure 14. Envelope spectrum analysis results: (a) original signal; (b) band-pass filter; (c) VMD;
(d) the proposed method.

Finally, the proposed method is used to analyze the signal of bearing inner race fault.
The practical vibration signal of inner race fault and corresponding Fourier spectrum are
shown in Figure 15, in which critical fault frequency components are buried in strong noise.

Time(s)

A
m

p
(V

)

(a)

Frequency(Hz)

A
m

p
(V

)

(b)

Figure 15. Vibration signal of inner raceway defective bearing: (a) time waveform; (b) Fourier spectrum.

According to the kurtosis value in Figure 16, mode 3 is selected as the target mode
among the four modes extracted from the VME method. The envelope spectrum result of the
raw signal is presented in Figure 17a, in which the magnitude of BPFI is so small that it is
difficult to be identified. As demonstrated in Figure 17b, the envelope analysis is applied to
the signal, which is filtered by the band-pass filter with bandwidth [1500–3500 Hz]. It should
be noted that the interference is significantly attenuated, and the fault-related characteristic
frequency is enhanced, which is also confirmed by the SNR. As declared in the introduction
above, improper parameters can seriously reduce the effectiveness of the VMD method, and
it may not even be able to extract any beneficial fault-related characteristics as performed
in Figure 17c. The proposed method is applied to the collected signal, and the result is
shown in Figure 17d. It can be found that although the rotational frequency can still be
observed, the fault characteristic frequency has been dramatically enhanced, and the SNR
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is increased to −13.85 dB. There is no doubt that the adaptive optimal mode extraction
method can effectively extract features for the inner raceway defective diagnosis.

Frequency(Hz)
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Original signal Mode 1 Mode 2 Mode 3 Mode 4
K

u
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o
si

s

Frequency(Hz)

A
m

p
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(c)

(b)

Original signal Optimal mode

Figure 16. Extraction result by the proposed method: (a) extracted modes; (b) the kurtosis of different
modes; (c) the optimal target mode.

Figure 17. Envelope spectrum analysis results: (a) original signal; (b) band-pass filter; (c) VMD;
(d) the proposed method.

5. Conclusions

In this paper, an adaptive mode extraction method is proposed for fault diagnosis
of REBs. In the proposed method, a new tool, i.e., the envelope curve fitting (ECF), is
developed to estimate the initial center frequencies of possible target modes. This tool
is then fused with VME for extracting discrete modes. For the target mode, the balance
parameter of VME is adaptively optimized by the relative amplitude ratio (RAR) index.
From the analysis results of experimental cases, it can be discovered that the kurtosis
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index is easily affected by random noise when optimizing the balance parameter, which
hinders the accuracy of fault mode extraction. In contrast, with the support of the RAR
index, the proposed adaptive mode extraction method can accurately identify the optimal
balance parameter. The comparative results prove that the proposed adaptive mode
extraction method is a reliable method to identify the fault of REBs, even in the presence of
strong noise.

In this paper, bearing fault diagnosis is only considered under constant speed, and its
applicability under variable speed has not been verified, so therefore needs to be further
discussed in future studies.
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