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for fault diagnosis of rotating
machinery
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Abstract
In industrial scenarios, decomposition methods play a pivotal role in extracting fault information from intense back-
ground noise, which is essential for mitigating operational downtime risks. However, the performance of such decompo-
sition methods is highly dependent on critical parameters, and inappropriate parameter tuning can significantly degrade
diagnostic accuracy in practical applications. Feature mode decomposition (FMD) is widely used in fault diagnosis due to
its adaptive decomposition capability; nevertheless, the unreasonable parameters setting in FMD method, lead to a
wrong decomposition result. This article introduces an innovative adaptive FMD fault diagnosis approach, designed to
eliminate the need for manual parameter tuning. By leveraging spectral difference preprocessing and precise parameter
estimation, the method effectively achieves fault feature extraction. Simulation and experimental validation results
demonstrate that the method outperforms up-to-date decomposition methods in terms of noise suppression and fault
feature extraction. This adaptive FMD approach provides a robust solution for mechanical health monitoring in complex
industrial environments, contributing to improved operational reliability and reduced maintenance costs.
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Introduction

Rolling bearings play a critical role in the operation of
rotating machinery, often enduring harsh working con-
ditions such as high temperatures and substantial
loads.1 The operational status of these bearings is inte-
gral to the overall performance and reliability of rotat-
ing machinery.2 Furthermore, rolling bearings are
susceptible to defects caused by operational stresses
and manufacturing imperfections, leading to increase
vibration, noise, and even catastrophic system failures.
Hence, efficient fault diagnosis methods could avert
catastrophic accidents and ensure the continuous and
efficient operation of rotating machinery.3–5

Nonstationary signal has the statistical characteris-
tics with time and dynamic changes of instantaneous
frequency and amplitude. In addition, these signals are
often interfered with by strong noise, which compli-
cates the fault feature extractions. This makes it signifi-
cantly more difficult to effectively analyze and process
nonstationary signals, requiring advanced signal pro-
cessing techniques.6–8 Common techniques for signal
mode decomposition include wavelet transform (WT),
wavelet packet transform (WPT), singular value

decomposition (SVD), empirical mode decomposition
(EMD), and variational mode decomposition
(VMD).9–12 WT and WPT are applied as band-pass fil-
ter banks, where mixed signals are decomposed into
several narrow frequency bands, while SVD is used to
separate signals into multiple modes with properties
comparable to WT.13–16 VMD is formulated as a varia-
tional optimization problem, and Wiener filters are
employed to isolate modes with distinct center frequen-
cies. Although VMD is considered effective for many
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applications, its performance is affected by the sensitiv-
ity of parameter selection, such as mode number and
balance factors. Recently, more adaptive approaches
have been introduced.17–20 The symplectic geometric
mode decomposition (SGMD) shows excellent perfor-
mance in suppressing mode mixing and enabling adap-
tive decomposition but may introduce signal
redundancy, which can limit its efficiency.21,22 To
leverage the advantages of existing methods while over-
coming their limitations, Miao developed a novel sig-
nal processing approach known as feature mode
decomposition (FMD).23 FMD is leveraged adaptive
finite impulse response (FIR) filters, with the filter
coefficients adjusted to approximate the inverse convo-
lution objective function of the filtered signals. Using
correlation kurtosis (CK) as the target metric, the filter
array refines itself to estimate the fault cycle duration.
This approach ensures more thorough component
separation compared to VMD.

However, the relevant parameters of FMD (filter
length L, initial number of filter bands K, and final
number of modes n) need to be preset, which limits its
flexibility.23 Subsequently, the particle swarm optimi-
zation algorithm is applied by Yan and colleagues24,25

to determine the FMD parameters L and n for fault
diagnosis. The scale space method was employed by Li
and colleagues26,27 to scale-transform the signal,
enabling the determination of L and K for FMD, and
fault features are ultimately extracted based on empiri-
cal modes to diagnose faults in shipboard antenna
machinery. Combining the principle of WPT, Li
et al.28 propose a method of FMD packet (FMDP)
and FMDPgram, which simplifies hyperparameter
optimization into single-parameter optimization to
solve the problem of FMD being limited by predefined
parameters. The autoregressive model is introduced by
He et al.29 for preprocessing to reduce periodic harmo-
nic disturbances. In FMD, the parameter L is calcu-
lated using the weighted squared envelope harmonic-
to-noise ratio. An adaptive FIR filter bank is then
developed, employing a 50% overlapping frequency
band division method initiated with a Hanning win-
dow, to encompass the entire frequency spectrum of
the fault signal and support the decomposition process.
This method is demonstrated to have significant
advantages in multifault feature extraction. Notably,
the field of industrial fault diagnosis is currently wit-
nessing a paradigm shift driven by emerging technolo-
gies at the intersection of machine learning and signal
processing. For example, adaptive Kriging-assisted
multifidelity subset simulation has advanced reliability
analysis by efficiently balancing computational cost
and prediction accuracy in complex systems30; reusable
AI-enabled defect detection systems for railways, built
on ensembled convolutional neural networks, have

achieved robust cross-scenario generalization through
transfer learning31; and digital twin methodologies,
integrating vibration monitoring with gear wear pre-
diction, have enabled real-time, lifecycle-oriented
health management of rotating machinery.32 These
advancements collectively emphasize the growing
demand for adaptive, data-driven, and cross-modal
diagnostic frameworks capabilities that are yet to be
fully integrated into existing signal decomposition
methods like FMD. Nevertheless, the critical limitation
of FMD persists: the number of decomposition modes
still requires manual presetting, which limits flexibility
too many modes cause redundancy, while too few lead
to loss of critical fault information. This rigidity makes
it difficult for FMD to align with the adaptive, data-
driven trends highlighted above. In many practical
applications, acquired signals are affected by signifi-
cant noise,33–36 which obscures fault features and hin-
ders diagnosis.37–39 Notably, health signals are often
ignored in existing methods and can serve as a critical
reference to mitigate noise. For example, Guo et al.34

leveraged health signals in a convex optimization
model to extract optimal fault frequency bands.
However, current FMD-based methods rarely inte-
grate health signals into parameter optimization, limit-
ing their anti-interference capability in strong noise
environments.

Despite these efforts and explorations into FMD
parameter optimization and application scenarios, sig-
nificant research gaps remain. First, most existing
FMD parameter determination methods rely on
empirical presets or single optimization objectives, fail-
ing to fully incorporate equipment health status infor-
mation limiting adaptability in strong noise
environments. Next, current FMD improvement meth-
ods rarely integrate with emerging intelligent diagnos-
tic trends in industrial fields, resulting in insufficient
diagnostic accuracy under multifault concurrent and
dynamic working conditions. Furthermore, for the
adaptive adjustment of the number of FMD decompo-
sition modes, a universal strategy balancing informa-
tion integrity and nonredundancy has not yet been
formed, restricting its promotion in fault diagnosis of
complex rotating machinery. To address these limita-
tions, this article presents a novel adaptive FMD detec-
tion method aimed at enhancing FMD’s resistance to
signal interference and expanding its scope of applica-
tion. The main contribution of this article is

(1) Spectral subtraction is introduced. It can better
retain the fault information and weaken noise
interference. In comparison to traditional denois-
ing methods, stronger adaptability and robustness
are exhibited, significantly enhancing fault diag-
nosis accuracy.
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(2) A new parameter estimation method is proposed.
The relationship between health and fault signals
is fully utilized to select the component most rich
in fault information for fault diagnosis.

(3) The FMD parameters are determined adaptively,
eliminating the need for manual intervention and
greatly enhancing the method’s applicability.

(4) An innovative adaptive FMD method is devel-
oped to enhance both the interference resistance
and robustness of FMD.

The layout of this article is structured as follows:
Section ‘‘Method’’ provides a detailed explanation of
the algorithms involved. In section ‘‘Simulation analy-
sis,’’ simulated signals are employed to demonstrate the
validity and advantages of the proposed method. The
algorithms will be validated in section ‘‘Experimental
case study’’ using different experimental data and real
engineering cases. The conclusions drawn from this
study are presented in section ‘‘Conclusion.’’

Method

Feature mode decomposition

FMD is a nonrecursive decomposition technique whose
primary objective is to effectively classify the initial sig-
nal into separate fault modes through the development
of a flexible FIR filter bank.23,24

The core idea of FMD is to iteratively update the fil-
ter coefficients in such a way that the filtered signal can
infinitely approximate the so-called ‘‘inverse convolu-
tional objective function.’’ Consequently, the FMD
mode decomposition algorithm can be viewed as a
solution to the constrained optimization problem, rep-
resented as follows:

argmax
fi(l)f g

CKQ(ui) =

PR
r = 1 (

QQ
q = 0 ui(r � qTs))

2
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The CK is selected as the fitness function to evaluate
the signal’s impulsiveness and cyclic characteristics. In
this setting, ui(n) represents the ith fault mode decom-
position and fi(l) denotes the ith FIR filter of length L
that maximizes the CK. Here, the displacement index is
denoted by Q, whereas Ts represents the cycle duration
of the input signal.

To solve this problem, Equation (1) can be resolved
using the iterative eigenvalue decomposition algorithm.
First, the decomposition mode is reformulated into a
matrix representation:
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Following this, the CK for each mode can be deli-
neated as such:

CKQ(ui) =
u

Q
i WQui

uH
i ui

ð4Þ

where the Hermitian transpose operation is repre-
sented by H, and the weighted correlation matrix’s
interim variable is denoted by WQ, are delineated in
Equation (5):
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Combining Equations (3) and (4), we obtain the
final expression of the objective function:

CKQ(ui) =
f H
i X H WQXfi

f H
i X H Xf

=
f H
i PXWX fi

f H
i PXX fi

ð6Þ

The matrixes PXWX and PXX signify weighted corre-
lation matrixes and correlation matrixes in their respec-
tive roles. So far, according to the solution of Equation
(1), the revised method for the k th filter coefficient has
been derived, and the single-component mode can be
acquired through the utilization of the optimized FIR
filter bank. However, since there may be multiple modu-
lations of the signal, single-component modes extracted
from the signal may contain the same fault characteris-
tics, with some modes representing merely inconsequen-
tial noise components. To mitigate such redundancy and
streamline computational processes, FMD employs an
iterative procedure. During each iteration of the decom-
position process, the two modes exhibiting the highest
resemblance are initially identified, and the one with the
lower associated kurtosis is removed.

When calculating the similarity of the two modes, a
mode selection strategy that takes into account the
multidomain mode similarity is proposed. Two modes
xu(n) and xv(n) are assumed to be similar in the time
domain, which is quantified by the temporal correla-
tion coefficient (CC) as defined in the following
equation:
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CCuv =

PN
n = 1
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where the average value of the modes xu(n) and xv(n)
are denoted by �xu and �xv, respectively. Typically, CC
values exceeding 0.7 generally indicate high similarity
between the two compared modes, consistent with simi-
larity metrics in other domains. After that, the recon-
structed signal could be obtained by the decomposed
signals.

Spectral subtraction method

In the signal processing process of mechanical equip-
ment, the use of healthy signals is particularly impor-
tant in order to effectively remove noise and highlight
fault characteristics. A health signal is a signal acquired
under normal operating conditions and can character-
ize the typical state characteristics of the device, so it
can be used as a reference for noise reduction.34 The
spectral subtraction method removes noise compo-
nents by comparing the spectral differences between
the healthy and fault signals, resulting in a clearer fault
signal. The schematic of the principle of spectral sub-
traction is displayed in Figure 1. The steps and corre-
sponding formulas for spectral subtraction are
outlined below:

(1) Calculate the spectrum. The fault signal xF and
the health signal xH are processed with a fast
Fourier transform to get their spectral results:

XF0
( f ) = FFT (xF)

XH0
( f ) = FFT(xH )

ð8Þ

where XF0
( f ) and XH0

( f ) represent the spectrum of
fault signals and health signals, respectively.

(2) Spectrum normalization. The spectrum is normal-
ized so that its amplitude is limited to the range of
[0,1], which is convenient for comparison and less
impact of numerical differences. Normalized com-
putational research is expressed as follows:

XF0

norm( f ) =
XF0

( f )�min (XF0
( f ))

max (XF0
( f ))�min (XF0

( f ))
ð9Þ

XH0

norm( f ) =
XH0

( f )�min (XH0
( f ))

max (XH0
( f ))�min (XH0

( f ))
ð10Þ

Here, XF0

norm( f ) and XH0

norm( f ) denote the normal-
ized fault and health signal spectrum, respectively.

(3) Subtraction of spectrum. To obtain the desired
result, the normalized spectrum XF0

norm( f ) of the
healthy signal is deducted from the spectrum of
the fault signal, ensuring that any resulting nega-
tive values are set to zero to avoid invalid outputs,

D( f ) = max (0,XF0

norm( f )� XH0

norm( f )) ð11Þ

The D( f ) obtained in this manner eliminates the
healthy signal components in the differential spectrum
and highlights the fault information.

(4) Inverse transformation back to the time domain.
Finally, the inverse fast Fourier transform is per-
formed on the difference spectrum D( f ), and the
processed time-domain signal is as follows:

x̂(t) = IFFT (D( f )) ð12Þ

This healthy signal-based spectral subtraction method
significantly reduces the impact of noise and enhances
fault features, making mechanical fault diagnosis in
complex environments more reliable.

The proposed method

According to the theoretical basis of the previous
‘‘Feature mode decomposition’’ and ‘‘Spectral subtrac-
tion method,’’Figure 2 provides a comprehensive illus-
tration of the workflow for the introduced method.
First, the Optimal Weight Sensing Index (OWSI) is
used to evaluate the sensitivity of the modes to the
fault, and the nonstationarity of the quantified signal
of the impact feature is detected by the CK measure-
ments, so as to preliminarily screen out the number of
effective modes and obtain the parameters required for

Figure 1. Schematic of spectral subtraction.
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the FMD accordingly. The FMD is then used to
decompose the signal processed by spectral subtrac-
tion. Finally, the effective modes are selected according
to the kurtosis index, and the envelope demodulation
is carried out to complete the fault diagnosis. The
detailed workflow of the proposed method is outlined
below to illustrate its implementation:

Step 1: The fault signal xF and health signal xH are
sampled from the test bench.
Step 2: Input the parameters, including the filter size
L = 30 (According to reference Miao et al.,23 the filter
length L for FMD should ideally fall within the range
of [30–100]. Hence, the initial filter length L in this
study is chosen to be 30, frequency bands K = 5, and

the maximum iteration number Imax. Initialize the
iteration process by setting I = 1).
Step 3: Initialize the FIR filter bank using the Hanning
window, configured according to the provided input
parameters.
Step 4: Filter the fault signal xF through the FIR filter
bank to obtain the decomposed modes ui(t), where
i = 1, 2, ., i.
Step 5: Calculate CK and OWSI for the modes.

CK =

P�QQ
q = 0 x(r � qT)

�2

�P
x(r)2

�Q + 1
,

Figure 2. The proposed method flowchart.
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where Q represents the lag number, which is used to
define the number of product terms; T is the period:

OWSI =
X

j

wj � XF0
(j)� XH0

(j)j j,

where wj denotes the weight factor of the jth compo-
nent, calculated from the difference between the nor-
malized amplitude spectra of the xF and xH .

Step 6: Check CK and OWSI thresholds. Judge
whether the CK and OWSI values are greater than
thresholds (average value). If not, update the para-
meters L = L + 10; K = K + 1, set I = I + 1. If
yes, proceed to step 7.
Step 7: Calculate CC(K 3 K) matrix and remove redun-
dant modes. Lock the two modes that demonstrate the
highest CC values to preserve their significance. Then,
the mode with the lesser of both CK and OWSI is dis-
carded from the two modes. Highly correlated modes
are removed first to ensure the independence of the
modes.
Step 8: Output the final results. Output the final
decomposed modes n, the filter size L, and the fre-
quency bands K.
Step 9: Decompose the signal d(t) by FMD according
to the parameters to get n modes. The xF and xH are
processed by spectral subtraction to obtain d(t).
Step 10: Determine the final mode. Calculate n modes’
kurtosis and select the highest as the final mode.
Step 11: The final obtained mode components are
demodulated by envelope to extract fault features and
realize fault diagnosis.

Simulation analysis

To validate the effectiveness of the proposed method,
simulated signals are constructed. These signals com-
prise three key components: the bearing fault impulse
signal s(t), the rotational frequency signal c(t), and the
white noise n(t). The overall signal can be represented
in the following form:

x(t) = s(t + F) + c(t) + n(t) ð13Þ

where F = 0.01 s indicates the repetition interval of
the fault impacts, s(t) is modeled as a damped cosine
function with an exponential decay factor and fre-
quency component. The expression for s(t) is

s(t) = e�2pfntt � cos (2pfnt) ð14Þ

In this expression, fn = 5000 Hz, t = 0.02368,
rotational frequency signal c(t), representing normal

operating conditions, is constructed from the funda-
mental frequency and multiple harmonics, as follows:

c(t) = 0:3 sin (4pfrt) + 0:15 sin (6pfrt) + 1:5 sin (2pfrt)

ð15Þ

Here, fr = 30 Hz is the fundamental frequency, and
the higher-order harmonics (second and third harmo-
nics) represent the rotational frequency and its associ-
ated mechanical vibrations. Additionally, Gaussian
white noise n(t) is incorporated into the simulated sig-
nal, resulting in an signal-to-noise ratio at
217.4096 dB. Based on this structure, two types of sig-
nals are defined:

Fault Signal xF(t): This signal includes the fault
impulse, rotational frequency, and noise, defined as
follows:

xF(t) = s(t + F) + c(t) + n(t) ð16Þ

Healthy Signal xH (t): This signal consists only of the
rotational frequency and noise, defined as follows:

xH (t) = c(t) + n(t) ð17Þ

This study adopts a sampling frequency of
25.6 kHz, and the simulated signal is displayed in
Figure 3(a) for demonstration. Fourier transform and
Hilbert envelope spectrum analysis are widely applied
for fault feature extraction. When no prior information
is available, envelope demodulation is usually per-
formed over the entire frequency range. In such cases,
the spectral lines of interest are often masked by noise
spectral lines, as shown in Figure 3(b). The proposed
method fully decomposes the raw signal, highlighting
fault related information. Figure 4 displays the fault
components extracted by the proposed method, along
with the fault characteristic frequencies (FCFs) of
100 Hz and their harmonic frequencies (200 Hz,

Figure 3. Simulation signal: (a) Raw signal and (b) Envelope
spectrum.
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300 Hz, 400 Hz, etc.), which are distinctly visible in
Figure 4(b).

To verify the effectiveness of the proposed method,
a comparison is carried out with five alternative meth-
ods, as described below:

(1) FMD Method: The FMD method decomposes the
fault signal into multiple components, correspond-
ing to the number of modes specified in the FMD.
The parameter n in FMD is directly linked to the
determination of fault information extraction. To
ensure effective signal decomposition,23 the para-
meter n is set to 3 in this comparison experiment.

(2) Sparse Random Mode Decomposition (SRMD)
Method: The latest SRMD is mainly used to
decompose signals through sparse representation
and random feature generation.33 SRMD can
extract effective features in noisy environments
while ignoring irrelevant modes, thus realizing
efficient fault diagnosis of signals. Therefore, it is
one of the comparison methods in this article.

(3) SGMD Method: The signal can be decomposed
into multiple components using SGMD. The kur-
tosis values of all components are computed, and
the component with the highest kurtosis is identi-
fied and chosen as the fault component for subse-
quent analysis.

(4) VMD Method: A fault signal is divided into sev-
eral components through VMD, with the early
components generally containing the relevant fault
information. Due to space constraints, only the
initial three components are analyzed in this study.

(5) EMD Method: The fault signal is decomposed
using EMD to obtain multiple components.
Similar to VMD, only the initial three compo-
nents are analyzed in this study.

The FMD analysis results are shown in Figure 5.
The FMD decomposes a signal through frequency
band segmentation and iterative adaptive adjustment.
As the decomposition progresses, high-frequency oscil-
lations are gradually suppressed, leaving primarily low-
frequency, slowly varying components in the residual
signal. This process results in a progressively smoother
signal in the decomposition output. It is worth men-
tioning that FCF is observed only in mode #1 within
the envelope spectra of these three components, and its
intensity is barely noticeable.

The decomposition results of the SRMD for the
simulated signal are shown in Figure 6(a). Through
sparse representation and mode dictionary construction,
critical frequency features are effectively extracted from
the signal, and FCFs are precisely detected. The fault
component signal in the time domain is presented, with
sparse features extracted by SRMD. The envelope spec-
trum corresponding to Figure 6(a) in the frequency

Figure 4. Processing the simulated signal by the proposed
method: (a) Decomposed signal and (b) Envelope spectrum.

Figure 5. FMD decomposition result with n = 3 for the simulated signal.
FMD: Feature mode decomposition.
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domain is displayed, where a prominent peak at 400 Hz
is observed, though it is nearly obscured by noise.

SGMD can decompose a simulated signal into mul-
tiple components. Due to the impact of space, this arti-
cle selects the effective components according to the
principle of peak maximum. In general, the larger the
peak of the component, the richer the fault informa-
tion. The simulated signal’s analysis results obtained
through SGMD are presented in Figure 6(b). The fault
components are extracted in Figure 6(b), which main-
tain the geometry and dynamics of the signal, exhibit-
ing sparse fluctuations. Figure 6(b) shows the
corresponding envelope spectrum, which is not effec-
tively extracted so that the fault frequency is multiple.
Figure 7 presents the results derived from VMD based
on kurtosis analysis. The FCF is entirely absent in the
envelope spectrum. Because relevant parameters need
to be set in VMD, performance will deteriorate if para-
meters are not chosen appropriately.

The results of EMD are the same as those of VMD.
The fault signal is decomposed into nine components

by EMD, with the initial three are displayed in
Figure 8. The components are organized in order of
decreasing frequency and represent the original fault
signal processed through various bandpass filters.
Envelope demodulation is applied to isolate specific
FCFs. As shown in Figure 8, the FCF at 100 Hz,
along with its harmonics at 300 Hz and 500 Hz
(marked with red circles), is detected exclusively in the
envelope spectrum of the third component, where sig-
nificant noise interference is also evident.

From the simulated signal analysis above, the fol-
lowing conclusions can be drawn: (1) Fault features are
extractable by the proposed method, even under cer-
tain levels of noise interference; (2) Insufficient decom-
position is achieved by techniques like SRMD and
SGMD, making them incapable of extracting fault fea-
tures when noise interference is present; (3) The decom-
position effects of FMD, VMD, and EMD are highly
dependent on parameters, making them susceptible to
noise interference, which affects their stability and relia-
bility in practical applications; (4) Fault information is

Figure 6. SRMD and SGMD deal with simulation signal: (a) SRMD and (b) SGMD.
SGMD: Symplectic geometric mode decomposition; SRMD: Sparse random mode decomposition.

Figure 7. The initial three components from the VMD analysis of the simulation signal.
VMD: Variational mode decomposition.
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emphasized, and noise influence minimized by using the
decomposition strategy based on spectral subtraction.

Experimental case study

This section presents an evaluation performance of the
proposed method on experimental signals. For this
purpose, the method is applied to three type datasets:
experimentally collected bearing fault data, engineering
bearing fault data, and publicly�bearing fault data. By
analyzing these three datasets, the effectiveness and
applicability of the method is thoroughly assessed.

Self-built experimental dataset

(1) Experimental Equipment: The setup of the bearing
fault test bench is depicted in Figure 9, with
further details provided in Liu and Xiang40 and
Meng et al.41. Figure 10 illustrates the positions of
bearing faults, which include the inner race, outer
race, and rolling elements. Key bearing parameters
are listed in Table 1. Vibration signals are recorded
during the experiment using an acceleration sensor.
The recorded signal contains 8192 data points, with
the sampling frequency set to fs = 25.6 kHz. BPFI
presents the ball pass frequency on inner race, and
BSF presents the ball spin frequency, fshaft notes the
shaft speed. Furthermore, the theoretical FCF is
determined using the equation outlined in Table 2.

(2) Inner Race Fault Analysis: The inner race signal of
the bearing collected during the experiment is dis-
played in Figure 11. The rotational frequency for
this experiment is 39.84 Hz. Based on the values
in Table 2, the FCF of the inner race is calculated

to be 196.8 Hz. However, analysis of the signal’s
envelope spectrum reveals only the rotational fre-
quency, making it difficult to confirm the fault
exists.

To diagnose potential faults, the proposed approach is
employed to examine the collected signals, following a
similar process as previously described. In the bearing
fault experiment, both faulty and healthy signals are
acquired and processed with proposed method. The
decomposed signal derived and the final analysis
results are presented in Figure 12. The proposed
method accurately extracts the FCF of the bearing’s
inner race at 196 Hz, along with its harmonics at
393.8 Hz, 590.6 Hz, and 784.4 Hz. While the FCF
value shows a slight deviation from the theoretical
value, it remains within an acceptable range of error.

A comparative analysis using FMD, SRMD,
SGMD, VMD, and EMD is performed to highlight the
advantages of the proposed method. The results from
five methods are shown in Figures 13–16. For FMD,
multiple peaks are observed, suggesting potential mode
aliasing during decomposition, as well as possible mod-
ulation effects and noise interference in the analysis of
bearing faults. The SRMD decomposition results are
consistent with the findings from the previous section,
showing limited capability in extracting fault feature
components. While the FCF is extracted by the SGMD
algorithm, it is significantly affected by noise interfer-
ence. The Intrinsic Mode Functions 2 (IMF2) envelope
spectrum from VMD only captures the rotational fre-
quency, failing to extract the FCF. Similarly, the EMD
decomposition results in gradual signal smoothing
and can only capture the rotational frequency across
multiple components.

Figure 8. The initial three components from the EMD analysis of the simulation signal.
EMD: Empirical mode decomposition.
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Evidently, complete signal decomposition is not
achieved by the comparison methods, leaving the
decomposed components with substantial noise inter-
ference. In contrast, spectral subtraction is employed
in the decomposition strategy of the proposed method
to enhance fault information, providing continuous
guidance for signal decomposition. Ultimately, the
fault is successfully diagnosed only by the proposed
method.

(2) Compound Fault Analysis: In this section, the
compound fault signal analyzed is collected at a
rotational frequency of 49.80 Hz. This compound
fault primarily includes both outer race and inner
race faults. The corresponding FCF for both
can be calculated using the values provided
in Table 2, which are 151.9 Hz and 99.1 Hz,
respectively. The results of the Hilbert envelope
spectrum analysis directly on compound fault are

Table 1. Mechanical properties of the bearing.

Parameter Value Parameter Value

Bearing mean diameter (D) 33.47 mm Number of balls (n) 8
Ball diameter (d) 7.93 mm Contact angle (a) 0�

Table 2. Formulas for calculation.

Frequency BPFI BPFO BSF

Value 4.94 3 fshaft 3.05 3 fshaft 1.99 3 fshaft

BPFI: ball pass frequency on inner race; BPFO: ball pass frequency on outer race; BSF: ball spin frequency.

Figure 9. Test bench.

Figure 10. Fault in bearing.
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shown in Figure 17(b). It can be observed that
100 Hz and 200 Hz are the FCFs of the rolling
elements, and the FCFs of the outer ring faults
are not identified; therefore, further analysis and
processing of the signal is required.

The compound fault signal is processed by the pro-
posed method. The decomposed signal derived and the
final analysis results are presented in Figure 18. This
method is used to effectively determine the FCF of all
fault types. In Figure 18(b), the FCFs of the rolling ele-
ments at 100 Hz and its harmonic at 200 Hz, as well as
the FCF of the outer race at 150 Hz and its harmonic
at 300 Hz, are displayed, all corresponding to a rota-
tional frequency of 50 Hz. As a result, the presence of
a compound fault within the bearing can be confirmed.

To evaluate the advantages of the proposed method
in diagnosing compound fault, a performance compar-
ison is conducted using FMD, SRMD, SGMD, VMD,
and EMD. The results from five procedures are

displayed in Figures 19–22. When the signal is decom-
posed using FMD, three mode components are
obtained, similar to the previous case, and fault fea-
tures cannot be extracted effectively. In the envelope
spectrum obtained after SRMD decomposition of the
signal, some peaks are observed, but none correspond
to the FCFs. The SGMD component that is most
likely to contain fault information is selected according
to the kurtosis principle, and the resulting plot corre-
sponding to the fault component in Figure 20(b) only
finds a peak value of 100 Hz, so it is possible to detect
the FCF of the rolling element.

When using VMD to decompose signals, the initial
three components are used. In IMF1, 50 Hz and
100 Hz can be observed, which indicates that the rota-
tional frequency and its harmonics are extracted, and
of course, the FCF of the rolling element may also be
extracted. However, in IMF2, only a rotation frequency
of 50 Hz can be observed. In the results corresponding
to the IMF3 component, the rotational frequency and
rolling body FCF can be clearly seen, but the outer race
fault is only visible at 150 Hz, with no FCF observed at
300 Hz. Thus, the IMF3 component is more likely to
indicate that only the rotational frequency, rolling ele-
ment FCF, and its harmonics are extracted. When
using EMD to decompose the signal, a certain FCF
can be extracted in all three components. Although the
rolling body FCF and outer race FCF can be extracted
in IMF3, the corresponding harmonics cannot be
extracted. Additionally, the signal gradually tends to be
smoothed, making this method relatively ineffective
compared to the proposed method.

This section describes the diagnostic results of two
single fault signals (outer race fault and rolling element
fault) with a rotation frequency of 39.84 Hz in the self-
built dataset. From the formula in Table 2, the FCFs
are calculated as 121.5 Hz for the bearing’s outer race
and 79.3 Hz for the rolling elements. Due to the limita-
tion of space in this article, only the results of the pro-
posed method are given here, as shown in Figure 23. It
mainly includes the original signals of the two fault sig-
nals, the decomposition signal processed by the pro-
posed method, and the final result graph. In the results
of the outer race signal in Figure 23(c), the FCF of
118.8 Hz and its double frequency of 237.5 Hz of the
outer race can be identified, confirming the existence
of an outer ring fault in the bearing. Similarly, its FCF
of 81.2 Hz and doubling of 161.3 Hz can be found in
the rolling element diagnostic results in Figure 23(c). It
has been observed that the FCF values slightly deviate
from the theoretical values, but they are within the
error margin considered acceptable.

Figure 11. Inner race fault signal: (a) Raw signal and
(b) Envelope spectrum.

Figure 12. Processing the inner race fault signal by the
proposed method.: (a) Decomposed signal and (b) Envelope
spectrum.

Zhou et al. 11

Downloaded from https://papernode.online/

https://ballisticcomainvitation.com/t2e548yr3v?key=403e8f291d0b160c8210d10a973a50a9


Figure 13. FMD decomposition result with n = 3 for the inner race fault signal.
FMD: Feature mode decomposition.

Figure 14. SRMD and SGMD deal with the inner race fault signal: (a) SRMD and (b) SGMD.
SGMD: Symplectic geometric mode decomposition; SRMD: Sparse random mode decomposition.

Figure 15. The initial three components from the VMD analysis of the inner race fault signal.
VMD: Variational mode decomposition.
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Engineering data

To correspond with practical application contexts, this
part will focus on analyzing the operational monitoring

data of a company’s water pump. As a key experimen-
tal subject, this water pump mainly serves to deliver the
stable water flow needed by the system, thus guarantee-
ing the normal operation of various associated devices.
In industrial production and water treatment systems,
water pumps powered by motors transport water from
regions with lower pressure to those with higher pres-
sure. For this reason, the normal operation of the pump
is vital to maintaining the overall efficiency and stability
of the entire system. In the experiment, the monitoring
data gathered from the motor’s drive end will be uti-
lized to conduct a thorough analysis of the pump’s
operating status. It should be noted that due to confi-
dentiality regulations, a detailed account of the experi-
mental equipment cannot be provided here. Figure 24
illustrates the real time operational status during data
collection, highlighting the primary components, which
include the motor and pump. The experimental setup
for inducing an outer race fault in the SKF 6317/C3
rolling bearing is provided in Figure 25.

For this experimental data acquisition, sampling is
conducted at a frequency of 51.2 kHz, yielding a total
of 16384 data points. The bearing’s rotational frequency
is recorded at 46.8 Hz. The bearing’s specifications and
details are included in Table 3. By employing the
mechanical parameters provided in Table 3, the fault
frequency corresponding to the bearing’s outer race can
be determined. The computed FCFs are detailed in
Table 4. BPFO presents the ball pass frequency on outer
race. This analysis, based on real-world operational
data, underscores the practical relevance and applica-
tion of the theoretical framework discussed.

The raw signal of the engineering data along with
its corresponding envelope spectrum are illustrated in
Figure 26. No meaningful information can be

Figure 16. The initial three components from the EMD analysis of the inner race fault signal.
EMD: Empirical mode decomposition.

Figure 18. Processing the compound fault signal by the
proposed method: (a) Decomposed signal and (b) Envelope
spectrum.

Figure 17. Compound fault signal: (a) Raw signal and (b)
Envelope spectrum.
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Figure 19. FMD decomposition result with n = 3 for the compound fault.
FMD: Feature mode decomposition.

Figure 20. SRMD and SGMD deal with compound fault: (a) SRMD and (b) SGMD.
SGMD: Symplectic geometric mode decomposition; SRMD: Sparse random mode decomposition.

Figure 21. The initial three components from the VMD analysis of the compound fault signal.
VMD: Variational mode decomposition.
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extracted, as seen in Figure 26(b). It’s challenge to
expose the fault information in spectrum with prior
signal processing techniques.

The proposed method is utilized for fault diagnosis
of engineering data, and as shown in Figure 27(b), the
FCF of 146.9 Hz and its harmonics (295.3 Hz,

Figure 22. The initial three components from the EMD analysis of the compound fault signal.
EMD: Empirical mode decomposition.

Figure 23. The proposed method deals with outer race signal and rolling elements signal: (a) Raw signal and (b) Decomposed
signal and (c) Envelope spectrum.

Figure 24. Signal acquisition system page.
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442.2 Hz, 589.1 Hz) can be clearly observed. Further-
more, it is worth noting that a relatively high peak is
observed around 146.9 Hz, and the corresponding

frequency difference is exactly equal to 3/2 times the
rotational frequency. This phenomenon indicates that
during the operation of the bearing, when the fault

Figure 25. Related experimental setup.

Table 3. Mechanical properties of the bearing.

Parameter Value Parameter Value

Bearing mean diameter (D) 132.5 mm Number of balls (n) 8
Ball diameter (d) 30.16 mm Contact angle (a) 0�

Table 4. The outer race fault frequency as well as its harmonics.

Frequency BPFO BPFO 3 2 BPFO 3 3

Value 144.8 Hz 289.6 Hz 434.4 Hz

BPFO: ball pass frequency on outer race.

Figure 26. The engineering data signal: (a) Raw signal and (b)
Envelope spectrum.

Figure 27. Processing the engineering data by the proposed
method: (a) Decomposed signal and (b) Envelope spectrum.
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interacts with the rotational frequency of the rotating
components, sidebands centered at the FCF and spaced
at intervals of 3/2 fr will be generated. Although the
FCF values deviate slightly from the theoretical values,
they remain within the acceptable error range.

The engineering bearing data are processed using
five methods, following the same simulation analysis
and experimental data analysis approaches as before.
The processing results are shown in Figures 28–31. As
illustrated in Figure 28, although each component
shows a high amplitude, effective fault components are
not successfully extracted.

Due to the inherent characteristics of SRMD, it is
likely unsuitable for processing engineering data, as
almost no useful information is visible. In Figure 29(b),
the envelope spectrum indicates significant noise inter-
ference, and the fault frequency amplitude is not clearly
observable. Compared to the proposed method, the
performance is relatively poor. In VMD, only IMF2
extracts the FCF of 146.9 Hz, but its harmonics are

severely affected by noise. Additionally, in the initial
three components extracted using EMD, almost no
useful fault information is observed, making fault diag-
nosis unachievable.

Overall, the proposed method demonstrates signifi-
cantly better application performance in engineering
practice than the other five methods. The method exhi-
bits exceptional adaptability, capable of handling com-
plex and variable real-world engineering scenarios,
whereas other methods often show insufficient adapt-
ability under similar conditions.

Publicly dataset

The public dataset used for bearing fault analysis in
this section is the XJTU-SY dataset.4 Detailed infor-
mation regarding the test bench setup can be found in
Chen and Feng.41 In this study, the bearing outer race
fault signal (file 125 of ‘‘Bearing1-2’’) and the healthy
bearing signal (file 1 of ‘‘Bearing1-2’’) are utilized, with

Figure 28. FMD decomposition result with n = 3 for the engineering data.
FMD: Feature mode decomposition.

Figure 29. SRMD and SGMD deal with the engineering data: (a) SRMD and (b) SGMD.
SGMD: Symplectic geometric mode decomposition; SRMD: Sparse random mode decomposition.
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the rotational frequency set to 35 Hz and the FCF to
107.9 Hz.

The collected bearing outer race fault signal is pre-
sented in Figure 32(a). In the envelope spectrum of this
signal, only the first-order fault frequency is visible,
while higher harmonics are masked by other compo-
nents. To diagnose the outer race fault, the proposed
method is applied to analyze the signal. The fault com-
ponent is extracted and its corresponding envelope
spectrum is shown in Figure 33. The first-order to
seventh-order FCFs is successfully extracted by the
proposed method, with minimal interference from
noise spectral lines. Comparative analysis is performed
using FMD, SRMD, SGMD, VMD, and EMD. The

Figure 30. The initial three components from the VMD analysis of the engineering data.
VMD: Variational mode decomposition.

Figure 31. The initial three components from the EMD analysis of the engineering data.
EMD: Empirical mode decomposition.

Figure 32. Signal and the corresponding envelop spectrum
for the bearing with an outer race fault: (a) Raw signal and
(b) Envelope spectrum.
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results of these five methods are shown in Figures
34–37.

The third mode component of FMD extracts the
FCF of the outer race of the bearing, but the

amplitude is small and the multiplication of the rota-
tional frequency is more prominent. The FCF of the
outer ring is not extracted by SRMD, and the noise
effect is larger. Three components are presented in the
decomposition result of SGMD, none of which can be
extracted from its envelope spectrum, so the fault com-
ponent is selected according to the kurtosis principle.
There is signal (red ellipse marked) distortion near the
IMF1 and IMF3 FCFs of the VMD, and the FCF is
only extracted in IMF2. In signal processing using
EMD, the first-order FCF can be obviously extracted
in both IMF2 and IMF3, but the effect is poor com-
pared to the proposed method.

In this experimental analysis, FCFs are successfully
extracted from the component envelope spectra
obtained by SGMD and EMD decomposition.
However, when compared with the envelope spectra of
the proposed methods, it is clear that they suffer from a
certain degree of interference from noisy spectral lines.

Figure 34. Decomposition result of FMD with n = 3 for the bearing signal with an outer race fault.
FMD: Feature mode decomposition.

Figure 35. SRMD and SGMD deal with the bearing signal with an outer race fault: (a) SRMD and (b) SGMD.
SGMD: Symplectic geometric mode decomposition; SRMD: Sparse random mode decomposition.

Figure 33. Analysis results of the proposed method for the
bearing signal with an outer race fault: (a) Fault component and
(b) Envelope spectrum.
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Moreover, FMD, SRMD, and VMD are not found to
be powerful enough for bearing fault diagnosis.

Conclusion

In order to solve the problem of setting the optimal
FMD parameters, a new parameter estimation method
is proposed to realize the FMD adaptively by using the
relationship between faulty and healthy signals. It is
also combined with spectral subtraction to highlight
the fault characteristics within the signal. They are
then fully decomposed using the improved FMD to
select the effective fault components, which avoid the
redundancy of fault signals or the omission of crucial
fault information. Finally, the fault components are

identified from the decomposed signals through
Hilbert envelope spectral analysis. Through experimen-
tal analyses of single and compound faults in rotating
machinery bearings, along with simulation studies and
publicly dataset, the necessity and effectiveness of the
proposed method are thoroughly validated. The pro-
posed method’s application performance and stability
are further confirmed by processing engineering data.
The proposed method demonstrates greater effective-
ness in detecting faults in rotating machinery when
compared to the five current techniques.

Future research will focus on optimizing the adap-
tive FMD method to perform stably under variable
operating conditions (e.g. changing speeds and loads)
of rotating machinery, enhancing its adaptability in

Figure 37. First three components of the EMD result for the bearing signal with an outer race fault.
EMD: Empirical mode decomposition.

Figure 36. First three components of the VMD result for the bearing signal with an outer race fault.
VMD: Variational mode decomposition.
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practical industrial environments. Additionally, efforts
will be made to extend this method to fault diagnosis
of other key components (such as gears) and explore
its effectiveness in multifault coupling scenarios.
Furthermore, integrating it with lightweight intelligent
algorithms to achieve real-time fault detection will be a
priority, aiming to provide more efficient technical sup-
port for equipment health monitoring.
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