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1 Introduction

EKBD-MK: Entropy-Kurtosis
Bilateral Discernment With
Maximum Kurtosis Blind
Deconvolution for Fault Diagnosis
in Wind Turbine Systems

Wind turbines, as critical components of renewable energy systems, face significant
challenges in maintaining operational reliability due to their bearing systems operating
under challenging mechanical and environmental conditions. These conditions are further
complicated by transient events generating sudden mechanical impulses and persistent
harmonic noise from mechanical resonance, which obscure early indicators of component
degradation and hinder fault detection. To address these challenges, this research proposes
entropy-kurtosis bilateral discernment with maximum kurtosis blind deconvolution (EKBD-
MK), a novel diagnostic framework that systematically suppresses nonstationary transient
disturbances and irrelevant harmonic components in vibration signals. By employing a
Shannon entropy-based noise quantification approach alongside physical interpretations of
center frequencies, the proposed method ensures robustness in complex noise environments.
Additionally, a signal decomposition strategy through variational mode decomposition
(VMD) is developed with an entropy-frequency dual-constraint system to optimize fault
information concentration, prevent feature loss, and maintain signal integrity. To further
enhance diagnostic accuracy, an adaptive blind deconvolution (BD) strategy incorporating
multicomponent preservation and spectral kurtosis (SK)-based enhancement of fault
features is implemented, ensuring parameter insensitivity and effective noise suppression.
Experimental validation through real case study demonstrates the efficacy of this
framework, significantly improving diagnostic precision compared to current methods.
[DOI: 10.1115/1.4069528]
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transient events that generate sudden mechanical impulses, coupled

Wind turbines, as sophisticated electromechanical systems that
play a critical role in renewable energy generation, present unique
operational challenges that demand constant monitoring and
maintenance. Their dependable performance relies heavily on the
structural and functional integrity of critical components within
their transmission chain, with particular emphasis on the bearing
systems that facilitate mechanical movement [ 1-4]. Moreover, these
essential bearing components are subjected to extraordinarily
demanding operational conditions, encompassing not only severe
environmental stressors such as temperature fluctuations and
moisture exposure but also constantly varying rotational speeds
and mechanical loads. These challenging circumstances create a
complex diagnostic landscape where fault identification becomes
increasingly intricate. Furthermore, the situation is exacerbated by
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with persistent harmonic noise emanating from mechanical
resonance phenomena, which effectively mask subtle early
indicators of component degradation. Although the reported
diagnostic methodologies have been widely implemented across
the industry, they frequently demonstrate significant limitations
when confronted with complex noise patterns and dynamic opera-
tional environments. These traditional approaches often prove
inadequate in extracting and identifying crucial fault features amidst
the challenging conditions inherent to wind turbine operations.
Consequently, there exists a pressing need for the development and
implementation of more sophisticated, robust, and adaptive
diagnostic frameworks that can ensure precise fault detection and
classification across a broad spectrum of variable operating
conditions [5].

In the field of bearing fault diagnosis, the identification of
damage-related signals—such as those caused by fatigue, cracking,
and wear—is of critical importance. These signals typically
manifest as recurring impulse features in the time domain and as
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characteristic frequency components in the frequency domain,
which are directly related to the specific geometrical and structural
properties of the bearing elements [5-7]. Traditional diagnostic
approaches have relied heavily on time-domain analysis, employing
various statistical indicators [8—10] such as waveform factor, margin
factor, impulse factor, and kurtosis. These metrics serve as valuable
tools for detecting impulsive or nonstationary vibration features that
often indicate fault conditions. However, a significant limitation of
these time-domain indicators lies in their susceptibility to opera-
tional variations, particularly changes in load and speed conditions,
which can compromise their diagnostic reliability. To overcome
these limitations, modern diagnostic methodologies have expanded
into more sophisticated analytical domains, specifically the
frequency and time—frequency domains, which offer enhanced
diagnostic capabilities. A particularly noteworthy advancement in
this field has been the development and implementation of spectral
kurtosis (SK) [11]. This second-order statistical tool [12], designed
specifically for nonstationary signal analysis, has gained consid-
erable traction in the diagnostic community. Unlike conventional
kurtosis calculations, SK’s distinctive approach maps impulsiveness
into the frequency domain, providing a more nuanced mechanism
for highlighting fault-related frequency components and enabling
earlier fault detection.

The inherent constraints of the Kurtogram regarding computa-
tional performance and resolution precision have prompted the
development of several enhanced methodologies. A notable
advancement emerged with the Fast Kurtogram [13], which
implements finite impulse response (FIR) filters, achieving
substantial reduction in computational demands while maintaining
signal integrity. This approach demonstrates computational com-
plexity on par with the fast Fourier transform, facilitating its
adoption in industrial contexts. Subsequent innovations by Lei et al.
[14] advanced the field by substituting the short-time Fourier
transform with wavelet packet transform, thereby achieving
superior transient feature detection in noise-contaminated signals
through enhanced time—frequency localization and multiresolution
analytical capabilities. This foundation was further expanded by Li
et al. [15], who synthesized time-domain and frequency-domain
spectral negentropy with multiscale decomposition and hierarchical
clustering techniques. Their integrated approach enables both
efficient detection of recurring transient elements and optimized
bandwidth determination.

More recent advances include Autogram [16], which exploits
second-order cyclostationarity in bearing signals. Instead of
analyzing raw time-domain kurtosis, it computes the kurtosis of
the unbiased autocorrelation of the squared envelope, improving
upon the traditional Kurtogram. Additionally, entropy-based band
selection methods have shown promise. Zhou et al. [17] proposed a
hyperbolic tangent fuzzy entropy approach, where wavelet packet
energy across bands is normalized, converted into fuzzy sets, and
used to identify the most informative frequency components. Yan
et al. [18] introduced an entropy maximization-based convex
optimization method that automatically locates fault characteristic
frequencies in the normalized square envelope spectrum, high-
lighting the effectiveness of entropy-driven optimization in fault
diagnosis.

Although these methods offer notable advantages, nonetheless,
they encounter considerable limitations when dealing with transient
noise and harmonic noise. Specifically, methods based on the SK
[11] demonstrate heightened sensitivity to transient noise, thereby
often misclassifying nonfault-related disturbances as fault signa-
tures. Furthermore, their reliance on fixed-scale spectral analysis
frameworks hampers their ability to differentiate high-kurtosis
harmonics from genuine fault characteristic frequencies in the
presence of harmonic noise, thus elevating the likelihood of false
alarms or missed detections. On the other hand, information
entropy-based methods, while improving robustness to complex
signals via uncertainty modeling, nevertheless exhibit vulnerability
to anomalous entropy value fluctuations under transient noise,
which subsequently can result in inaccurate band selection. In
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addition, these methods face challenges in effectively identifying
highly regular harmonic noise.

Fundamentally, blind deconvolution (BD) methods provide a
powerful approach for mechanical fault diagnosis by systematically
separating the source signal—generated by transient fault impacts—
from background noise and transmission path interference.
Specifically, through inverse modeling of the signal propagation
process, BD effectively recovers weak fault features, particularly
under non-Gaussian noise conditions [19]. Initially, McDonald et al.
introduced the maximum correlated kurtosis deconvolution, which
subsequently enhances periodic transient components by max-
imizing correlated kurtosis, thereby significantly improving early
fault detection [20]. Furthermore, Li et al. [21] proposed cyclosta-
tionary blind deconvolution, which not only denoises the signal but
also estimates cyclic frequency via envelope autocorrelation, while
adaptively optimizing filter length using an improved
success—failure search strategy based on the residual autocorrelation
energy ratio. Building upon these foundations, Wang et al. [22]
developed autocorrelation-based cyclostationary blind deconvolu-
tion, which consequently estimates cyclic frequencies using
morphological envelope autocorrelation and additionally introduces
the performance efficiency ratio to balance deconvolution perform-
ance and computational cost through an equal-step search strategy.
Concurrently, frequency-domain BD methods have also advanced
substantially. In this context, Yi et al. [23] proposed an adaptive
generalized morphological filter-based BD method, coupled with
block-based blind source separation and frequency-domain sparse
component analysis, thus demonstrating robustness in extracting
compound faults. Moreover, to address noise sensitivity in vibration
and acoustic testing, He et al. [24] introduced maximum Fourier
spectral cyclostationarity blind deconvolution. Notably, inspired by
cyclostationarity indicators in rotating machinery, this method
constructs a Fourier spectral cyclostationarity index specifically
tailored for transformer fault detection, hence showing strong
engineering applicability.

Nevertheless, both categories of blind deconvolution methods
face distinct challenges. On one hand, time-domain BD methods
enhance impact features by maximizing metrics like kurtosis;
however, they are prone to misidentifying transient noise as fault
signals, consequently leading to erroneous filter parameter adjust-
ments. On the other hand, frequency-domain BD methods, while
theoretically possessing frequency selectivity, nonetheless encoun-
ter significant difficulties because the broadband energy spread
caused by transient events can substantially disrupt the spectral
structure. Additionally, strong harmonics may dominate the energy
distribution, thereby causing the objective function to deviate from
the fault frequency. Furthermore, without robust transient detection
and spectral weighting mechanisms, frequency-domain methods
struggle to accurately locate the fault band, particularly in scenarios
with dense multiple harmonics.

The current reported fault diagnosis techniques suffer from
inherent complexity and limitations, as they are particularly
sensitive to operational parameters and demonstrate insufficient
robustness against transient and harmonic noise. To this end, this
research proposes a new method that systematically suppresses both
irrelevant periodic harmonic components and nonstationary tran-
sient disturbances directly associated with vibration signals.
Specifically, this research proposed a novel noise suppression
framework that quantifies harmonic noise impact through Shannon
entropy while integrating physical interpretation of center frequen-
cies, thereby establishing a robust methodology for complex noise
environments that fundamentally overcomes the limitations of
traditional approaches. Additionally, this research developed an
advanced variational mode decomposition (VMD) control mecha-
nism implementing an entropy-frequency dual-constraint system,
where the proposed approach initially employs VMD of the signal;
subsequently, guided by prior knowledge of the fault characteristic
frequency, this mechanism optimizes fault information concen-
tration, prevents feature loss through insufficient decomposition,
and maintains signal integrity via adaptive threshold control of

Transactions of the ASME



decomposition levels. Furthermore, modes whose energy is not
concentrated around this frequency are systematically eliminated,
and Shannon entropy is utilized to refine the remaining modes
effectively since the disruptive effect of harmonic noise on the
energy structure within certain frequency bands—manifested as
significant fluctuations in Shannon entropy—serves as a reliable
indicator for identifying and eliminating noisy modes. Moreover,
this research established an enhanced blind deconvolution strategy
incorporating multicomponent preservation that eliminates param-
eter sensitivity and ensures reliable performance independent of
harmonic frequency identification; consequently, for the retained
modes, a frequency-domain blind deconvolution method based on
maximum spectral kurtosis is introduced to enhance fault features in
the amplitude spectrum, thus significantly improving diagnostic
accuracy compared to conventional methods and ensuring that only
those modes containing the most fault-relevant information and
minimal noise are retained.

The principal contributions of this work are summarized as
follows:

(1) This research proposed a novel noise suppression framework
that quantifies harmonic noise impact through Shannon
entropy while integrating physical interpretation of center
frequencies, thereby establishing a robust methodology for
complex noise environments that fundamentally overcomes
the limitations of traditional approaches.

(2) This research developed an advanced VMD control mech-
anism implementing an entropy-frequency dual-constraint
system that optimizes fault information concentration,
prevents feature loss through insufficient decomposition,
and maintains signal integrity via adaptive threshold control
of decomposition levels.

(3) This research established an enhanced blind deconvolution
strategy incorporating multicomponent preservation that
eliminates parameter sensitivity and ensures reliable per-
formance independent of harmonic frequency identification,
thus significantly improving diagnostic accuracy compared
to conventional methods.

The remainder of this article is systematically organized to
present a comprehensive exploration of our proposed methodology
and its practical applications. Initially, Sec. 2 establishes the
fundamental groundwork by thoroughly describing the basic
framework and theoretical foundations of VMD and blind
deconvolution, which serve as essential building blocks for our
proposed method. Subsequently, Sec. 3 delves into the theoretical
underpinnings and methodological innovations of our proposed
entropy-kurtosis bilateral discernment with maximum kurtosis blind
deconvolution (EKBD-MK) method, where each component and its
operational mechanisms are meticulously explained and analyti-
cally justified. Furthermore, Sec. 4 presents comprehensive case
study that effectively demonstrates the practical implementation
and superior performance of our proposed method, particularly
focusing on the challenging task of diagnosing bearing faults under
complex operating conditions where both transient noise and
harmonic noise interferences significantly complicate the measure-
ment data. Additionally, the case study provides valuable insights
into the method’s robustness and effectiveness in real-world
applications. Finally, Sec. 5 synthesizes the key findings, highlights
the significant contributions of this research, and presents conclud-
ing remarks along with potential future research directions in this
domain.

2 Preliminaries

2.1 Blind Deconvolution in Signal Processing and System
Identification. Blind deconvolution [8] represents a fundamental
yet challenging problem in signal processing and system identi-
fication, where the primary objective is to simultaneously recover
both the original input signal and the system impulse response when
neither is known a priori, utilizing only the observed output signal.

ASCE-ASME Journal of Risk and Uncertainty in Engineering Systems,

Part B: Mechanical Engineering

This inverse problem finds widespread applications in various fields,
including image restoration, communications, and acoustic signal
processing [7].

In the mathematical framework, the observed signal y is modeled
as the result of a convolution between the input signal x and &
denoting the effect of the transfer paths, with the addition of
inevitable measurement noise n, which can be expressed as

y=xxh+n (@))]

where * denotes the convolution operation. The fundamental
challenge of blind deconvolution lies in simultaneously estimating
both x and / from the degraded observation y.

To address this inherently ill-posed inverse problem, researchers
[25] have developed various approaches that incorporate reasonable
assumptions and prior knowledge about the signal and system
characteristics. These assumptions typically include but are not
limited to sparsity constraints, statistical independence between the
input and the impulse response, smoothness properties, or specific
parametric models. By carefully integrating these constraints, the
ill-posed problem can be transformed into a well-posed optimization
framework that yields meaningful solutions.

2.2 Variational Mode Decomposition. Variational mode
decomposition [26] represents an advanced signal processing
technique that reformulates the traditional signal decomposition
task as a sophisticated variational optimization problem. This
method systematically decomposes a complex signal f(¢) into a
predetermined number of intrinsic mode functions (IMFs) through
an iterative optimization process, while simultaneously estimating
their respective center frequencies and bandwidths. The mathemat-
ical formulation of VMD can be expressed as a constrained
variational optimization problem

K K

T
min O,[0(t) * up (1)e7™]|| ,subjectto  f(£) = wu(t
{“A},{(Uk}; t[ ( ) I‘( ) } ‘2 ] f( ) Z k( )

1 =1
(2)

where {u;} represents the kth mode component, {@;} denotes the
center frequencies of the kth mode component, and K indicates the
total number of modes. The partial derivative with respect to time is
represented by 0y, while || - ||, denotes the L,-norm.

The optimization problem is transformed into an unconstrained
form through the introduction of a Lagrange multiplier and a quadratic
penalty term. The solution is then obtained iteratively in the frequency
domain using the alternating direction method of multipliers, which
ensures robust convergence and computational efficiency.

During the iterative optimization process, each mode component
adaptively updates its center frequency and corresponding band-
width within the permissible frequency range. This results in a set of
IMFs, each precisely localized within a specific frequency band and
characterized by a distinct center frequency, thereby providing a
comprehensive and physically meaningful decomposition of the
original signal.

3 The Proposed Entropy-Kurtosis Bilateral
Discernment With Maximum Kurtosis Blind
Deconvolution Method

This research proposes an entropy-kurtosis bilateral discernment
with maximum kurtosis blind deconvolution method diagnostic
methodology that synergistically combines two sophisticated
analytical components: a comprehensive frequency band screening
mechanism that leverages both center frequency analysis and
Shannon entropy metrics, alongside a blind deconvolution filter
optimized through spectral kurtosis maximization. The multistage
screening process systematically evaluates and isolates frequency
bands that carry crucial diagnostic information while efficiently
eliminating redundant spectral content, thereby substantially
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enhancing both computational efficiency and diagnostic precision.
Furthermore, the optimized blind deconvolution filter employs
adaptive processing techniques to capture subtle yet diagnostically
significant fault signatures without requiring a priori knowledge of
the signal characteristics, thus markedly improving fault detection
reliability. Through the strategic integration of these complemen-
tary analytical modules, the framework achieves superior noise
suppression capabilities and robust feature extraction, ultimately
leading to significantly enhanced sensitivity and reliability in
mechanical fault diagnosis applications. The comprehensive
architectural design of this proposed approach is illustrated in Fig. 1.

3.1 Frequency Band Analysis: Integration of Entropy-
Based Screening and Central Frequency Optimiza-
tion. Following the application of VMD, the signal is decomposed
into multiple IMFs, each representing distinct frequency bands
within the original signal. However, the inherent complexity of
mechanical systems necessitates careful consideration of several
factors: Fault characteristic frequencies typically manifest selec-
tively across specific frequency bands, while various forms of noise
and signal complexity can potentially mask or distort fault-related
information, thereby complicating subsequent diagnostic analysis.
Consequently, it becomes imperative to implement a systematic
approach for identifying and isolating the most diagnostically
relevant IMFs. This section delineates a novel dual-stage modal
screening algorithm designed to distill the initial set of modes into an
optimized subset of x modes, where x < 7y, With ny,¢ representing
a user-defined hyperparameter that establishes the upper bound for
mode selection.

3.1.1 Spectral-Based Modal Discrimination Through Central
Frequency Analysis. In the context of mechanical fault diagnosis,
when an IMF’s center frequency f. exhibits proximity to a known
fault characteristic frequency fpu, the corresponding
time—frequency energy distribution manifests distinctive patterns
characterized by periodic impulses and fault-induced modulation
phenomena. Such modal components demonstrate enhanced
sensitivity to fault-related features, with their waveform envelopes
and transient characteristics serving as primary carriers of
diagnostic information.

The quantitative determination of an IMF’s center frequency f, is
accomplished through comprehensive spectral analysis. Given the
kth IMF denoted as u;(¢) and its corresponding Fourier transform
Ui (w), the center frequency f is mathematically expressed through
the normalized first moment of the power spectrum

JOO WU (w)|dw
Jok == 3)

| iopar

To mitigate information redundancy inherent in VMD decom-
position, we implement a selective filtering criterion whereby modes
are retained only if they satisfy the following proximity condition:

|ﬁrk _ffa\ull‘ S 6/‘ (4)

where ¢ represents a carefully calibrated threshold parameter.

[ Frequency band analysis: Integration of Entropy-based screening and central frequency optimization ]
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3.1.2  Information-Theoretic Modal Analysis Using Shannon
Entropy. The theoretical foundation of our approach leverages
Shannon entropy as a sophisticated measure of information
complexity, particularly in its capacity to detect and quantify
localized energy concentrations within the frequency domain.
Through systematic transformation of time-domain signals into
their frequency-domain representations via advanced signal proc-
essing techniques such as Fourier or wavelet transforms, we enable
comprehensive analysis of underlying frequency components and
their distributions. This mathematical framework facilitates precise
quantitative assessment of signal complexity through entropy-based
metrics, as elaborated in the following methodology.

The analytical process begins with the transformation of the time-
domain signal x(n) into its frequency-domain representation using
the discrete Fourier transform. By transforming x(n) into its
frequency-domain representation denoted as X(k), we enable a
comprehensive analysis of underlying frequency components and
their distributions.

Let the magnitude spectrum |X (k)| represent the amplitude ateach
frequency component. We partition the frequency domain into M
equal-width intervals and define the probability distribution across
these bins as

2
pli) = Zﬁl}rﬂﬂ
> XG)P
k=0

ensuring that Z?’ilp(i) =1.
The Shannon entropy is then computed as

. i=1,2,...M 5

M

H(X) = = p(i)log (p(i)) (©)

i=1

This formula measures the uncertainty of the frequency
distribution. A higher entropy value indicates a more uniform
frequency distribution, while a lower value suggests that certain
frequencies dominate. To facilitate comparisons between signals,
the Shannon entropy is often normalized. The normalized Shannon
entropy Hyom (X) is defined as

H(X)

Hnorm(X) = w

)

3.2 Blind Deconvolution for Noise Reduction and Feature
Enhancement. After modal screening, we identify the frequency
bands that merit focused analysis. However, at this stage, a major
limitation is the heavy dependence on the effectiveness of VMD
decomposition. To address this challenge, this paper proposes the
design of a blind deconvolution filter f for spectral filtering.

Before applying blind deconvolution in the frequency domain, the
reconstructed signal is processed through two time-domain
operations. The first operation is signal normalization, which is
implemented using Eq. (8). This process scales the signal amplitude
tothe range [—1, 1], thereby eliminating energy variations caused by
changes in operating conditions such as load or speed, and
suppressing random amplitude fluctuations due to transient noise.
The second operation involves the application of a sigmoid
activation function, as defined in Eq. (9). This step constructs a
nonlinear feature mapping space; its saturation characteristic
enhances the sparse representation of fault impact components
while effectively suppressing broadband noise interference

x—p
zZ =
g

®)

where x is the reconstructed signal, y is the mean of the signal, and ¢
is the standard deviation of the signal
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u= 1+ ea(—z+b) (9)
Here, z is the normalized vibration signal, a is the scaling coefficient,
and b is the shifting coefficient.

The method proposed in this paper uses activation functions to
preprocess the reconstructed time-domain signals. The aim is to
balance feature domain energy and enhance fault sparsity, thereby
constructing an optimized feature space that significantly improves
the ability to distinguish fault features from background noise.
Consequently, the amplitude spectrum input into the blind
deconvolution filter exhibits more pronounced fault-related char-
acteristics. By maximizing the spectral kurtosis objective function,
the energy can be more effectively concentrated on the fault
frequency, as the preprocessing process suppresses noise that could
distort the spectral structure.

Furthermore, existing similar studies [27,28] indicate that the
sigmoid activation function, through its nonlinear mapping,
enhances the gradient of small-amplitude fault signals. During the
iterative optimization process, this significantly increases sensitivity
to early weak impact features or vibration impacts that are drowned
out by noise, accelerating the convergence of subsequent iterative
algorithms and enhancing stability.

After data preprocessing, we aim to use the principle of
deconvolution in the spectral distribution to assist in bearing fault
detection through spectral analysis. The primary goal is to optimize
the filter f so that the filtered spectral amplitude spectrum Y exhibits
significant pulse characteristics while effectively suppressing noise
components, thereby achieving noise reduction and feature
enhancement. Inspired by the minimum entropy deconvolution
method [29], this study employs SK as a measure of sparsity in the
blind deconvolution algorithm. The calculation method for spectral
kurtosis is as follows:

3

SK = subjectto  U(n) >0 (10)

S 4
> (Um)
=1
N 2’
(D)
where U is the frequency domain amplitude spectrum of u in Eq. (9).

—
U(n) is the spectral amplitude at index n. N is the length of U.
Therefore, the objective function is as follows:

> (Um)!

max— =1 subjectto U[n] >0

f N 2’
(Z(U("))2>

n=1

an

Assuming that L is the length of filter coefficients f, the process of
obtaining the filtered spectrum Y can be expressed by the following
formula:

Y(n) =f() «Um) SY(n) =Y f(OU(n—1)
=1
~0Y(n) 3
S 70 = Uln—1) (12)

Since we want to maximize the spectral kurtosis of Y, the
mathematical relationship between SK and the filter coefficients f
can be expressed by the following formula:

OSK (F(1))

— =0 13
7 0) ()
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The final expression is as follows:

(14)

For simplification, the expression of Eq. (14) can be rewritten in
matrix form

=B=fA, =f=A"'B

A =U,U;
N
> Yy
B="0——Uo[Y(1)'Y(2) .. Y(N)'T"
> ¥
u(l) v u®) U(N)
0 U(l) U(Z) U(N _ 1)
vy = 0 o u@) U(N -2)
00 0 U(N ) +1)

(15)

Therefore, the calculation of filter coefficients can be intuitively
expressed as follows:

N
> ¥y

= )y v vay]

> Y
n=1

Equations (12) and (14) provide a comprehensive representa-
tion of the convolution operation, wherein each component is
systematically processed through elementwise multiplication
followed by an aggregative summation. While this theoretical
formulation is mathematically elegant, it is pertinent to note that
in practical computational implementations and modern software
frameworks, convolution operations are predominantly executed
through efficient matrix multiplication techniques. Consequently,
the equation referenced in Eq. (14) can be methodically
decomposed into three fundamental constituent matrices, each
serving a distinct mathematical purpose: the filter coefficient
matrix f, which encapsulates the convolution kernel parameters;
the Toeplitz autocorrelation matrix A, which captures the inherent
signal structure and temporal relationships; and the iterative
output matrix B, which accumulates the transformed results.
Equations (15) and (16) provide a comprehensive explanation of
the details of these matrices.

Eventually, as the kurtosis of the filtered amplitude spectrum Y
converges during the iteration, we also design a filter to filter out the
noise-free amplitude spectrum, where e is a hyperparameter

I (16)

ISK(Yi+1) — SK(Yi)] < ex 17)

4 Experimental Validation

This section presents and analyzes a thoroughly investigated case
study, as detailed in Secs. 4.1 and 4.2, to demonstrate the

041102-6 / Vol. 12, DECEMBER 2026

Table 1 Summary of parameters employed in the proposed

algorithm

Symbol Description Value
o Penalty factor in VMD 6360
k Total number of IMFs 10
Nimf Number of retained IMFs after selection 3

€ Threshold for frequency deviation tolerance 30Hz
€sk Convergence criterion threshold 1.2
a Scaling coefficient of the activation function 182
b Translation coefficient of the activation function 0

effectiveness and practical applicability of the proposed diagnostic
method. The study addresses the challenging task of identifying and
characterizing bearing faults in a wind turbine system under
complex operational conditions, including transient interference
and harmonic noise components. Insights from this real-world
application highlight the method’s ability to provide reliable fault
diagnosis in engineering practice. To ensure transparency and
enable replication by the research community, all critical parameters
and operational variables necessary for implementing the proposed
algorithm are documented and summarized in Table 1.

4.1 Test Rig and Data Overview. The proposed fault diagno-
sis methodology for wind turbine systems, particularly focusing on
generator bearing diagnostics, has been validated using real-world
vibration data collected from a wind farm located in Lunan, China.
The subject of investigation is a 1.5 MW doubly fed induction
generator wind turbine system, with its configuration illustrated in
Fig. 2.

For condition monitoring purposes, 12 accelerometers were
installed at various locations along the drivetrain. This study focuses
on data acquired from channel 05, which is positioned at the
generator input shaft as shown in Fig. 3(a), ensuring the shortest
signal transmission path to the monitored bearing. Figures 3(b) and
3(c) show physical evidence of inner race defects on the rolling
bearings.

Wind turbines operate under variable-speed conditions due to
fluctuating wind speeds and dynamic loads, presenting significant
challenges for reliable fault diagnosis. In this study, special attention
is given to data collected at a nominal rotational speed of 1080 rpm,
which is considered a critical operating point.

The data acquisition protocol was conducted under the following
conditions:

(1) Data were collected semimonthly at a sampling frequency of
20,000 Hz. Fifteen independent datasets were randomly
sampled within each 24-h period to ensure comprehensive
analysis.

(2) Due to varying meteorological conditions, maintaining an
exact rotational speed of 1080rpm was challenging.
Consequently, deviations in data acquisition timing occa-
sionally occurred; these were accounted for during data
processing to preserve the integrity of the health monitoring
results.

A meticulous examination of the acquired vibration signals, as
presented in Fig. 4, reveals two distinct and significant categories of
noise interference, each manifesting unique characteristics across
both temporal and spectral domains. Within the temporal domain, as
evidenced in Fig. 4(a), the presence of substantial transient noise is
particularly noteworthy, characterized by sudden, ephemeral, pulse-
like disturbances. These transient phenomena, predominantly
originating from external mechanical impacts or nonperiodic
environmental perturbations, present considerable challenges to
maintaining the integrity and reliability of subsequent signal
analysis procedures.

The frequency domain analysis, as shown in Fig. 4(b), presents
new challenges and features. In the high-frequency region, the
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Fig.2 Structure schematic of the wind turbine system

(c)

Fig.3 (a) Vibration accelerometer installation locations on the wind turbine generator shown in horizontal
and vertical orientations, (b) inner race electrical corrosion failure observed in the bearing, and (c) worn

inner surface of the bearing’s inner race

spectrum is clearly divided into distinct bands with characteristic
frequencies, but it remains unclear whether these frequencies are
related to fault characteristics; conversely, the low-frequency
spectrum is primarily composed of harmonic noise. These
harmonics typically appear as spectral elements at the fundamental
frequency and its integer multiples, often resulting from mechanical
defects such as rotational asymmetry, component aging, or inherent
system nonlinearity. These harmonics not only degrade the integrity
of the original signal but also lead to incorrect condition assess-
ments, as they can mask or mimic true fault characteristics. These
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characteristics have necessitated configuring the VMD with ten
layers to effectively capture the signal’s frequency content.
However, this parametric configuration introduces certain analytical
challenges.

The effectiveness of this decomposition process depends on
selecting an appropriate number of layers. Too few layers cause
spectral aliasing, mixing fault frequencies with unrelated compo-
nents and reducing fault detection accuracy. Conversely, too many
layers produce unnecessary components and create excessively fine
frequency partitions, which obscure signal features. When signal
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Fig. 4 (a) Time domain of the original signal and (b) frequency
domain of the original signal

information density is low, this results in spurious modes,
particularly in high-frequency, low-energy regions unrelated to
the actual signal. These artifacts increase computational load and
reduce diagnostic precision, highlighting the need to optimize layer
selection. Entropy-based analysis methods help assess decomposed
frequency structures for optimal layer selection. Selecting IMFs
based on entropy reduction principle is essential for accurate fault
diagnosis. This approach extracts meaningful signal components,
reduces noise and frequency overlap, and improves diagnostic
reliability.

4.2 Comparison and Validation of Analysis Results. After
VMD decomposition which is shown in Fig. 5(a), we filtered out the
IMFs that do not concentrate around the fault characteristic
frequency, particularly focusing on components in the low-
frequency range. As a result, IMF7, IMF§, IMF9, and IMF10 were
retained as shown in Fig. 5(b), with their center frequencies being
615.082 Hz, 1238.54Hz, 1888.19Hz, and 2211.11 Hz, approxi-
mately 2 times, 4 times, 6 times, and 7 times the ball pass frequency
of the inner ring (BPFI) (319.769 Hz), respectively. The deviation of
these center frequencies is within a reasonable range of ¢, = 30 Hz.
From the retained IMFs, it is evident that some adjacent IMFs have
center frequencies differing by about 2 times the BPFI, indicating
the limitations of our decomposition levels. In certain frequency
bands, VMD performed more detailed segmentation, reflecting the
high requirements for precise parameter settings in VMD. There-
fore, using the physical prior knowledge of the fault characteristic
frequency to screen specific frequency bands for analysis can help
avoid information redundancy and feature extraction difficulties.

From the remaining IMFs, it is necessary to extract the fault
characteristic frequencies while addressing the challenge that
harmonic noise can hinder their identification. In practice, harmonic
components represent periodic or repeating patterns that concentrate
energy at specific frequencies. In mechanical vibration analysis,
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such harmonics, often arising from normal machinery rotation,
cause pronounced energy concentrations at fixed frequencies and
reduce Shannon entropy. When faults occur, they introduce new or
altered frequency components, increasing the signal’s disorder and
complexity, which raises Shannon entropy and indicates fault-
related disturbances.

For fault diagnosis, converting signals to the frequency domain
and calculating Shannon entropy based on magnitude distributions
offers a robust approach to quantifying spectral features and
complexity. Calculating entropy in the frequency domain is
preferred because of its higher sensitivity to signal-to-noise ratio
changes, making it a reliable metric for identifying subtle shifts in
energy distribution. Previous studies, such as those on energy
detection methods [30], have shown that frequency-domain entropy
spectra outperform traditional approaches.

When harmonic noise is present, such as periodic interference or
high-amplitude, narrow-band signals, it creates energy peaks in the
frequency domain. These peaks can mask important vibration
information and significantly lower Shannon entropy, highlighting
entropy’s value in assessing signal organization. High-energy
impacts reduce entropy, as they make the signal more predictable
and less complex. For example, an idealized geophysical signal with
a few strong, and many weak, reflections shows lower entropy and
greater order—a phenomenon confirmed in earlier work [31]. Thus,
reducing harmonic noise and evaluating entropy are critical to
improving diagnostic accuracy.

Among the four selected IMFs, the normalized Shannon entropy
of IMF7, IMF8, IMF9, and IMF10is 0.576, 0.784, 0.685, and 0.797,
respectively. These values reflect the complexity and energy
distribution of each IMF. In Table 1, the value of the hyperparameter
nime 18 set to 3, indicating that we ultimately retain a maximum of
three IMFs. IMF7 has the lowest entropy value, suggesting a more
ordered structure and less assistance in fault diagnosis. Therefore,
IMF7 is excluded as retaining it could hinder the identification of
important diagnostic features. After removing IMF7, the fault
diagnosis process becomes more robust, as the remaining IMFs
better preserve key fault-related features and reduce the impact of
harmonic noise.

In the analysis of signal processing outcomes, the time-domain
waveform and corresponding frequency spectrum of the recon-
structed signal, which was obtained through the superposition of the
remaining IMFs, are presented in Figs. 6(a) and 6(b), respectively.
Despite the implementation of selective mode screening procedures,
it is noteworthy that substantial noise interference continues to
manifest in the signal, necessitating further processing steps. To
address this persistent noise issue, the preprocessed amplitude
spectrum was subsequently subjected to blind deconvolution
analysis.

In the implementation stage, the frequency-domain blind
deconvolution framework was executed using an FIR filter with a
carefully selected length of 25 samples. This specific parameter
selection was strategically chosen to mitigate potential overfitting
phenomena, which could otherwise arise from excessive filter
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Fig.5 (a) The decomposed IMFs by VMD and (b) residual IMFs after center frequency filtering
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lengths. Such overfitting scenarios might inadvertently distort the
amplitude spectrum’s structural integrity and render the deconvo-
lution process particularly susceptible to noise interference. More-
over, this controlled filter length helps prevent the erroneous
interpretation of harmonic noise peaks as legitimate impulsive
components, thereby enhancing the overall robustness of the
methodology.

The iterative optimization process exhibited a distinctive pattern
wherein the spectral kurtosis demonstrated a clear and consistent
upward trajectory, as evidenced in Fig. 7(a). The culmination of this
iterative process yielded a set of optimized filter coefficients, which
are thoroughly documented in Fig. 7(b). After obtaining the filter
coefficients through an iterative process, we apply a causal FIR
filter. This method ensures that the output sequence length matches
the input sequence length. We focus exclusively on frequency-
domain amplitude characteristics and do not consider phase
distortion. Because the filter has linear phase with a constant group
delay of (L — 1)/2 samples, the amplitude Y (k) at frequency index k
equals the amplitude U(k) of the original spectrum at the same
index, scaled by the filter’s impulse response. As a result, the index
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positions of fault characteristic frequencies remain aligned before
and after filtering. Boundary effects only influence the absolute
amplitude values and do not alter the frequency indices.

The final stage of the analysis involved the application of the
trained filter to the original signal, resulting in a filtered amplitude
spectrum that reveals several significant findings. As illustrated in
Fig. 7(c), the analysis demonstrates a pronounced concentration of
energy at the rolling bearing fault characteristic frequency
(BPFI=319.769 Hz). The clear identification of both the funda-
mental frequency and its associated harmonic components provides
compelling evidence for the method’s effectiveness in extracting
periodic impulsive features. Furthermore, this enhanced filtering
strategy significantly improves the detectability of weak fault
signatures within the frequency domain, thereby establishing a
robust foundation for accurate fault classification and diagnosis in
practical applications.

To further underscore the robustness and efficacy of the method
proposed in this study, we conduct a comparative analysis of its
performance against three established algorithms: the Kurtogram
[32], the Beta-Kurtogram [5], and the Autogram [8]. The results of
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Fig.10 (a)Demodulation band selection through Autogram, (b) squared envelope spectrum,

and (c) logarithmic envelope spectrum
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the signal processing conducted using these algorithms, alongside
their respective limitations, are summarized and deliberated upon as
follows.

The Kurtogram, as shown in Fig. 8(a), selects a filtering frequency
band in the range of (6666.666 Hz, 9999.999 Hz) for analyzing the
vibration signal. However, the output generated is suboptimal, as
demonstrated by the squared envelope spectrum and the logarithmic
squared envelope spectrum results depicted in Figs. 8(b) and 8(c),
respectively. Neither spectrum exhibits prominent peaks corre-
sponding to the characteristic fault frequencies of the bearing’s inner
ring or their harmonics. This lack of distinct spectral features
highlights the inability of the Kurtogram method to adequately
characterize the inner ring fault patterns, thus limiting its
effectiveness in accurately diagnosing faults under the conditions
tested.

Similarly, the Beta-Kurtogram also fails to provide a reliable
characterization of the fault features. As illustrated in Fig. 9(a), the
selected filtering frequency band lies between (2187.5Hz,
2500 Hz). However, the analysis of the squared envelope spectrum
and the logarithmic squared envelope spectrum, depicted in Figs.
9(b) and 9(c), respectively, reveals no discernable peaks at the
bearing fault characteristic frequencies or their harmonics. The
absence of such critical features in the processed signals indicates
that the Beta-Kurtogram exhibits only limited effectiveness in
detecting the fault characteristics of the system. In the case of the
Autogram, the selected filtering frequency band is narrower,
falling within the range of (7500 Hz, 8333.333 Hz), as shown in
Fig. 10(a). Although the squared envelope spectrum of the filtered
signal does not reveal any pronounced peaks at the characteristic
fault frequencies or their harmonics, as observed in Fig. 10(b), the
logarithmic squared envelope spectrum does exhibit a peak
corresponding to the fundamental frequency of the BPFI, as
shown in Fig. 10(c). Despite this minor indication of fault
information, the Autogram largely fails to offer a comprehensive
characterization of the fault features.

In contrast to the above results, the distinctive fault characteristics
and their associated harmonics can be clearly and unambiguously
identified in Fig. 8(c), which substantiates that our proposed
methodological framework demonstrates remarkably robust per-
formance. Furthermore, the approach successfully facilitates the
precise identification of characteristic frequencies and their
corresponding harmonics, as comprehensively illustrated in the
aforementioned figure, thereby validating the method’s enhanced
diagnostic capabilities in fault detection scenarios.

5 Conclusion and Outlook

This research has successfully developed and validated EKBD-
MK, an innovative diagnostic framework for wind turbine fault
detection that addresses critical challenges in maintaining opera-
tional reliability. The framework’s effectiveness is demonstrated
through several key achievements. First, the integration of Shannon
entropy-based noise quantification with center frequency interpre-
tation has proven robust in complex noise environments, effectively
handling the challenging mechanical and environmental conditions
typical in wind turbine operations. Second, the implementation of
VMD with an entropy-frequency dual-constraint system has shown
superior capability in preserving fault information while maintain-
ing signal integrity. Third, the adaptive blind deconvolution
strategy, enhanced by spectral kurtosis and multicomponent
preservation, has demonstrated significant improvements in fault
feature extraction and noise suppression without parameter
sensitivity issues. The experimental validation through case study
confirms that EKBD-MK substantially outperforms existing
methods in diagnostic precision, making it a valuable tool for
wind turbine maintenance and reliability engineering. Furthermore,
the EKBD-MK framework serves as a comprehensive diagnostic
tool for rotating machinery impact failures, particularly excelling in
complex industrial settings with mixed noise types through its dual-
constraint filtering and collaborative noise suppression features.
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While successfully implemented in wind turbine bearing diagnos-
tics with strong performance against speed variations and poor
signal-to-noise ratios, the framework has limitations: it is restricted
to rotating systems with periodic impact characteristics, requires
high-precision sensors for ultralow-speed conditions, depends on
prior fault frequency knowledge, involves complex computation,
and has been validated only for specific bearing faults. The method
shows potential for broader applications in rolling bearings,
gearboxes, and high-speed rotors, though future development
should focus on adaptive frequency estimation and expanded
validation across diverse fault types and noise scenarios.
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