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Abstract: Reliable fault diagnosis in rotating machinery is challenging due to the nonlinear and non-stationary nature of vibration
signals. Although time—frequency analysis is widely used, it cannot capture the cross-scale coupling between amplitude-modulated (AM)
and frequency-modulated (FM) components that carry essential diagnostic information. This study applies Holo-Hilbert Spectrum
Analysis (HHSA) to extract amplitude—frequency modulation features and integrates them with six machine learning classifiers to
identify four fault conditions. Random Forest, K-Nearest Neighbors, and Logistic Regression achieve accuracies of up to 99.95%,
yielding higher accuracy than Fast Fourier Transform-based features. The proposed framework employs an HHSA-based feature
extraction pipeline that effectively captures AM-FM coupling in nonlinear vibration signals. It also provides higher discriminative
capability than traditional spectral approaches and maintains robustness across multiple classifiers. This method offers high diagnostic
accuracy and strong potential for industrial predictive maintenance. Future work will focus on improving computational efficiency and

evaluating the framework under more diverse and realistic operating conditions.

Keywords: rotating machinery, fault diagnosis, Holo-Hilbert Spectrum Analysis, machine learning, feature extraction

1. Introduction

Rotating machinery, including bearings, gears, motors, tur-
bines, and shafts, is an essential element in many industries,
encompassing manufacturing, transportation, energy, aerospace,
wind power, and automotive systems [1, 2]. These machines are
indispensable for the transformation of energy into mechanical
motion, as they facilitate the effective functioning of production
lines, vehicles, and power generation facilities. Given their critical
role, unexpected failures may result in significant consequences,
such as costly operational delays, safety hazards, and consider-
able damage to equipment. For example, a bearing failure in a
high-speed turbine may halt power production and cause exten-
sive operational disruptions. For this reason, reliable operation
requires effective fault diagnosis capable of identifying early-stage
degradation before it evolves into critical failure.

Early detection facilitates prompt maintenance actions,
thereby minimizing expenses, improving equipment uptime,
extending component lifespan, and enhancing industrial safety.
The growing implementation of smart manufacturing and
condition-based monitoring underscores the significance of pre-
cise fault diagnosis within contemporary predictive maintenance
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frameworks, as it underpins data-informed decision-making and
mitigates dependence on predetermined maintenance schedules.

Consequently, fault diagnosis and predictive maintenance
have emerged as essential methodologies for assessing machinery
health, preventing operational failures, and refining maintenance
planning. These approaches are congruent with the tenets of
Industry 4.0 and smart manufacturing, capitalizing on data-
driven methodologies to improve operational effectiveness and
reduce unplanned downtime [3]. Fault diagnosis typically involves
the detection, identification, and localization of faults based
on physical signal measurements [4], while predictive main-
tenance extends this by forecasting the remaining useful life
and enabling condition-based maintenance actions that reduce
costs and improve reliability [5]. However, accurate fault diag-
nosis is still difficult, particularly due to the nonlinear and
non-stationary nature of vibration signals from rotating machin-
ery. These signals are affected by changes in operating speed,
loads, and environmental conditions, and they typically contain
complex interactions between impulsive components, harmonics,
sidebands, and transient features that change over time [6-8].
Traditional fault diagnosis methods, which assume linearity and
stationarity, struggle to capture these dynamic characteristics,
often leading to misdiagnosis or missed faults.

To address these challenges, many signal processing algo-
rithms have been proposed, each designed to extract distinct
attributes from vibration signals. The Fast Fourier Transform
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(FFT) is frequently utilized to examine vibration signals within
the frequency domain, allowing the detection of characteristic fre-
quencies related to mechanical faults [6]. Nevertheless, the FFT’s
inherent assumption of signal stationarity constrains its utility
when analyzing transient and time-varying fault characteristics
that are typical of actual operational environments [7]. Wavelet
transform (WT) methodologies offer an enhancement by enabling
joint time—frequency analysis (TFA), thereby improving the detec-
tion of transient occurrences and non-stationary features within
vibration signals [9]. Envelope analysis is another technique com-
monly used for bearing fault diagnosis, focusing on demodulating
high-frequency resonance to reveal low-frequency fault impacts.
Nonetheless, these methods depend on the appropriate selection
of wavelets or filters and require high signal-to-noise ratios, which
are frequently challenging to ensure in industrial settings [10].

Adaptive data-driven methodologies, including Empirical
Mode Decomposition (EMD) and Hilbert-Huang Transform
(HHT), have gained attention for their ability to handle nonlin-
ear and non-stationary signals. EMD decomposes signals into a
set of intrinsic mode functions (IMFs) without predefined bases,
while HHT further analyzes these IMFs to extract instantaneous
frequencies and their amplitude information that are crucial for
fault diagnosis [11, 12]. However, EMD and HHT face issues
like mode mixing, end effects, and noise sensitivity, which affect
robustness [13, 14]. Variational Mode Decomposition (VMD)
improves on these by extracting band-limited modes with opti-
mized center frequencies, producing more stable and noise-robust
decompositions. VMD has been effectively utilized for diagnos-
ing bearing and gear faults [15, 16]. However, these methods still
struggle to effectively capture the cross-scale internal modulation
relationships between amplitude modulation (AM) and frequency
modulation (FM), which are essential for defect diagnosis in
rotating machinery [17, 18].

Despite their broad use in fault diagnosis, these methods are
constrained in their capacity to fully capture the dynamic and
intricate behaviors of rotating machinery problems. To address
these limitations, the Holo-Hilbert Spectral Analysis (HHSA)
method was introduced by Huang et al. in 2016, extending the
traditional TFA methods to a higher-order representation [19].
HHSA uses a double-layer nested EMD decomposition struc-
ture to create a three-dimensional Holo-Hilbert Spectrum (HHS),
which captures both AM and FM components in nonlinear
and non-stationary signals. This method has shown significant
potential in handling nonlinear, non-stationary data without
requiring predefined basis functions, making it highly adaptable
for practical fault diagnosis applications. The cross-scale cou-
pling relationship between the AM and FM characteristics of
vibration signals is explicated by the HHSA method, improv-
ing fault diagnosis accuracy in rotating machinery systems [20].
In comparison with traditional time-frequency and decompo-
sition methods, HHSA offers several substantial improvements
by directly addressing their known limitations. Methods such
as FFT, Short-Time Fourier Transform (STFT), and WT are
constrained by fixed-resolution windows or predefined basis func-
tions, which restrict their ability to characterize multicomponent
and time-varying modulation behaviors. EMD- and HHT-based
approaches, while adaptive, often suffer from mode mixing,
end effects, noise sensitivity, and ambiguity in instantaneous
frequency estimation. VMD improves decomposition robust-
ness but requires a predefined number of modes and still falls
short in representing cross-scale AM—FM interactions that are
essential for fault identification. HHSA alleviates these confound-
ing issues through its nested decomposition structure, which
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separates slow-varying AM from fast-varying frequency oscil-
lations. This enables clearer isolation of intrinsic components,
preserves hierarchical AM-FM coupling, and reduces mode
ambiguity. The resulting three-dimensional HHS provides a richer
and more interpretable representation of nonlinear and non-
stationary vibration responses, overcoming the limitations that
hinder conventional methods [20, 21].

Building upon these advanced signal representation capa-
bilities, effective feature extraction is essential for reducing data
complexity, suppressing irrelevant noise, and preserving discrim-
inative information for classification. However, accurate fault
identification also depends on robust machine learning meth-
ods that can learn representative patterns from extracted features
and generalize effectively to unseen data. Common classifiers
include Logistic Regression, Decision Trees, Random Forests [22],
Support Vector Machines (SVMs) [23], K-Nearest Neighbors
(KNNs) [24], and Neural Networks [25]. Each method has its
strengths and weaknesses. Logistic Regression is easy to under-
stand, but it struggles with nonlinear data. Decision Trees are
good at creating clear rules but can easily overfit the data. Ran-
dom Forests help reduce the problem of variance by averaging
the results of many trees [26]. SVMs are effective with data that
are both nonlinear and have many dimensions [27]. KNN is sim-
ple to use, but it requires a lot of computing power. Deep Neural
Networks (DNNs) are effective at finding complex patterns, but
they need substantial datasets and considerable computational
resources [28].

Prior comparative research has integrated advanced signal
techniques with machine learning for defect diagnosis [29-31]. For
instance, Niu et al. [29] suggested a hybrid framework combin-
ing structural vibration characteristics with lightweight models to
improve diagnostic efficiency while maintaining accuracy. Xu and
Li [30] introduced an optimized deep belief network enhanced
by a sparrow search strategy, demonstrating improved feature
learning capability for bearing fault diagnosis. Similarly, Yang
et al. [31] developed a hybrid framework integrating improved
VMD and convolutional neural network (CNN)-based models,
achieving strong performance in complex vibration environments.
Beyond these approaches, VMD combined with SVM has demon-
strated high accuracy for bearing faults under controlled settings
[32]. Discrete WTs with multilayer perceptron neural networks
have been employed for the identification and localization of gear
failures [33]. Improved CNNs with discrete wavelet decomposition
have efficiently identified faults from limited data [34]. Addi-
tionally, HHT combined with self-organizing feature mapping
neural networks has demonstrated potential in failure diagnos-
tics because of its capacity to extract and discriminate nonlinear,
non-stationary features [35].

To mitigate the issue of limited data availability, a few-
shot fault diagnosis method for machinery that incorporates
multi-scale perception and multi-level feature fusion with image
quadrant entropy has demonstrated strong performance in identi-
fying fault patterns from limited samples by effectively integrating
spatial-frequency information [36]. This is evidenced by recent
investigations that examine entropy-based feature extraction tech-
niques to effectively characterize the dynamic properties of
non-stationary signals. As an illustration, a detailed defect
diagnosis framework, which employs phase entropy, captures
the dynamic features of non-stationary signals, demonstrating
enhanced adaptability across diverse operational environments
[37]. Furthermore, a multi-modal, multi-scale, and multi-level
fusion approach, utilizing quadrant entropy, has been for-
mulated to leverage complementary information derived from
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various sensing modalities, thereby improving the robustness
and accuracy of mechanical failure detection [38]. Consequently,
Wang et al. [39] proposed a parameter-optimized permutation
entropy method for diagnosing faults in rotating machinery; this
approach improves sensitivity to minor fault characteristics and
simultaneously increases resistance to noise interference.

Beyond these advancements, recent research across diverse
engineering fields has showcased the rapid evolution of advanced
modeling and time-series learning methodologies that are also
relevant to machinery fault diagnosis. For example, Long Short-
Term Memory (LSTM)-attention neural networks have been
employed to improve fault diagnosis performance in induction
motors by capturing long-term temporal dependencies in vibra-
tion and current signals [40]. In addition, fault diagnosis in soft
robotic systems has been explored through motion dynamics
modeling, further demonstrating the applicability of nonlin-
ear system analysis to flexible and deformable structures [41].
From a methodological perspective, recent reviews of time-series
embedding methods provide in-depth insights into modern fea-
ture representation strategies for classification tasks [42], while
structure-preserving approaches grounded in normal form the-
ory have also been proposed for analyzing complex nonlinear
dynamics in power systems [43]. Collectively, these studies reflect
a broader shift toward data-driven and nonlinear-dynamics-
informed analysis, further reinforcing the relevance of advanced
signal representations for vibration-based fault diagnosis.

Despite the substantial progress achieved by existing signal
processing and machine learning approaches, several limitations
remain. Most current methods focus either on feature extrac-
tion or classification independently, lacking a unified framework
that effectively combines advanced signal representation with
robust and generalizable learning models. In particular, the use
of HHSA-derived features in conjunction with multiple machine
learning classifiers for rotating machinery fault diagnosis remains
insufficiently explored. Although recent studies have demon-
strated the potential of HHSA for revealing AM—FM coupling
characteristics, its integration into a comparative machine learn-
ing framework for automated fault classification has not yet been
fully established.

To overcome this gap, this study provides a comprehensive
fault diagnosis framework that combines HHSA with multiple
machine learning classifiers. By leveraging the ability of HHSA to
extract intrinsic amplitude—frequency modulation characteristics
from nonlinear and non-stationary vibration signals, the proposed
framework attempts to provide a more informative and discrim-
inative feature representation for fault diagnosis. These features
are subsequently evaluated using a diverse set of classifiers, includ-
ing Logistic Regression, Decision Tree, Random Forest, SVM,

KNNs, and DNN, in order to assess the robustness and gen-
eralizability of the proposed method across different operating
conditions.

The main contributions of this study are as follows:

1) An HHSA-based feature extraction pipeline is utilized to
effectively capture AM-FM coupling within nonlinear and
non-stationary vibration signals.

2) The enhanced discriminative capability of HHSA-derived fea-
tures is demonstrated through comparison with conventional
FFT-based features.

3) The robustness of the proposed framework is proven by six
machine learning classifiers using a laboratory-scale dataset
covering four operating conditions.

The remainder of this paper is structured as follows.
Section 2 describes the dataset, HHSA methodology, feature
extraction process, and machine learning classifiers. Section 3
delineates the experimental findings and discussion. Section 4
concludes the study and outlines future research directions.

2. Materials and Methods

Figure 1 presents an overview of the proposed HHSA-based
fault diagnosis framework, including vibration data acquisition,
signal processing, feature extraction, and classification.

2.1. Dataset description

The experimental vibration dataset utilized in the present
research is derived from the publicly available VBL-VA001 lab-
scale benchmark, which was specifically designed to emulate
typical fault mechanisms encountered in rotating machinery sys-
tems. The testbed consists of five electric motors configured
to reproduce four representative machine conditions, namely,
normal operation, unbalance, misalignment, and bearing fault
[44]. These fault conditions were selected to cover the most
commonly observed mechanical degradation modes in rotat-
ing equipment and to ensure clear physical interpretability of
vibration signatures.

The unbalance faults were generated by attaching eccentric
masses of 4 g and 18 g at a radius of 1.5 cm on the motor impeller,
producing two distinct unbalance severities of 6 g-cm and
27 g-cm, respectively. This configuration enables modeling vibra-
tion responses under different rotational mass—eccentricity levels,
reflecting practical unbalance conditions occurring in rotating
components.

The misalignment condition was created by coupling the
motor shaft with an additional metal cylinder offset by 3 mm,

Figure 1
Workflow of the proposed HHSA-based fault diagnosis framework
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simulating shaft angular and parallel misalignment that
commonly arises from improper installation or mechanical wear.

The bearing fault state was initiated through controlled
mechanical impacts applied to the outer bearing ring, generating
crack-like damage that manifests spectral features detectable on
both the inner and outer bearing raceways. This approach allows
reproduction of generalized bearing defect patterns rather than
isolating single fault types.

Vibration signals were measured using a LOG-0002-100G-
DC-8GB-PC tri-axial sensor mounted on a rigid section of the
motor casing to minimize structural resonance and signal dis-
tortion. Measurements were recorded simultaneously along three
orthogonal axes (X, y, z) at a sampling rate of 20 kHz. For
each operating condition, vibration data were collected in 5-s seg-
ments, with each segment regarded as an independent sample.
Prior to analysis, the recorded signals were checked for missing or
corrupted values, which were removed. To ensure comparability
across different operating conditions, all signals were normalized
using a min—max scaling procedure before applying the HHSA.
Table 1 summarizes the dataset composition. The dataset is bal-
anced, with 1000 samples collected for each of the four machine
conditions. Figure 2 illustrates time-domain vibration signals for
the four operating conditions.

Table 1
Description of VBL-VA001 dataset with four machine
conditions
Condition type Class label Sample number
Normal 1 1000
Unbalance 2 1000
Bearing 3 1000
Misalignment 4 1000

2.2. Holo-Hilbert Spectrum Analysis

Traditional spectral analysis techniques, such as FFT and
WT, primarily rely on additive signal decomposition and often
require prior assumptions regarding signal stationarity or fre-
quency bands. In contrast, real-world vibration signals from
rotating machinery exhibit nonlinear, non-stationary behavior
with complex AM and FM coupling. Methods like VMD and
HHT, while adaptive, may still overlook cross-scale interactions.
This study uses HHSA to address these limitations, enabling
simultaneous analysis of AM and FM properties without requir-
ing predefined bases or prior signal assumptions. HHSA utilizes
a double-layer nested decomposition structure, which enables
comprehensive analysis of cross-scale couplings in vibration
signals [19].

This approach allows both intra-mode nonlinear interac-
tions and inter-mode modulations to be analyzed more effec-
tively. Unlike conventional frequency-domain analysis, HHSA
offers a multidimensional perspective that simultaneously reveals
both frequency and amplitude modulation variations in signals
originating from nonlinear and non-stationary systems [45].

To address common issues in EMD, such as mode mixing
and endpoint effects, a Masking-EMD scheme is employed within
the HHSA framework to improve decomposition robustness
[46, 47]. The approach is particularly effective in uncovering
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complex coupling mechanisms present in nonlinear vibration
signals.

A comprehensive overview of the HHSA procedure is
presented as follows. The raw vibration signal v(¢) is first
decomposed into IMFs using the Masking-EMD approach. The
decomposition is expressed as:

1) = 2 a0+ () o

- Z_::n:l a; (1) cos6; (1) + r(z)

where ¢;(f) represents the i-th IMF, which is written
as a;(t)cos6; (1), a;(t) denoting the amplitude function and
0; (¢) the instantaneous phase of the i-th IMF. The residual r (#)
denotes the non-oscillatory component of the signal and is dis-
carded before statistical feature extraction. The instantaneous
frequency (IF) and amplitude function of each IMF are deter-
mined using the Direct Quadrature method [48], with the IF
defined as the time derivative of the phase 6; (¢). This frequency
is referred to as the “carrier frequency” and is represented on the
x-axis of the HHS.

To compute the amplitude function «; (¢) of each IMF, the
absolute value of the IMF is first calculated. The local maxima of
this absolute value are then identified [19]. A natural cubic spline
interpolation is applied to construct a smooth envelope passing
through these maxima, defining the amplitude function «, (#) and
capturing the instantaneous variations in the amplitude of the
signal.

The amplitude function of each IMF is then further decom-
posed to extract detailed AM features. The amplitude function
a; (1) is decomposed into second-layer IMFs as:

n
a; (1) = ijl a;j (1) cosBij (1) + ri(2) (2)
Thus, v(¢) can be noted as Eq. 3:

0= (7, @0 coshy (0 + i) costs (0 + 1) (3)

where a;;(¢) denotes the second-layer amplitude function, §;; ()
represents the second-layer phase function, and r;;(7) signifies the
second-layer trend associated with the second-layer IMF. The cor-
responding instantaneous “AM frequency” is expressed as the
time derivative of the second-layer phase function, §;;(#). This
step is referred to as “AM expansion,” which involves broaden-
ing each first-layer amplitude function into AMs across diverse
temporal scales.

Finally, the HHS is constructed by integrating the modula-
tion energy over all time points for both the carrier frequency and
the AM frequency. This integration results in the two-dimensional
power distribution across both the carrier and AM frequencies.
The HHS is obtained, where the x-axis represents the carrier fre-
quency, the y-axis represents the modulation frequency, and the
color map indicates the distribution of modulation energy across
the frequency dimensions.

Figure 3 illustrates the HHSA workflow utilized for a vibra-
tion signal from the normal operating condition. As illustrated in
Figure 3(a), the vibration signal is initially decomposed employ-
ing the Masking-EMD, which extracts a set of IMFs that capture
the dominant FM components of the signal, as presented in
Figure 3(b). Among these, IMF3 is selected for further analysis.
The instantaneous frequency of IMF3, obtained via the Hilbert
transform, is depicted in Figure 3(c), while its amplitude envelope
is shown in Figure 3(d). To analyze AM characteristics, the
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Figure 2
Example vibration signals in three axes for four machine conditions (normal, unbalance, bearing fault, and misalignment)
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Figure 3
HHSA-based vibration signal analysis process
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envelope of IMF3 is subjected to a second-layer Masking-EMD,
resulting in multiple second-layer IMFs that reveal various AM
modes, as illustrated in Figure 3(e). Subsequently, each second-
layer IMF is processed using the Hilbert transform to extract
its instantaneous AM frequency. The final HHS, shown in
Figure 3(f), is constructed by integrating the modulation energy
across time for all combinations of carrier and AM frequen-
cies. The HHS exhibits concentrated energy at 512-1024 Hz
carrier frequencies with AM components (90-512 Hz). This
two-dimensional representation enables the joint characteriza-
tion of AM and FM components, providing a comprehensive
view of the underlying nonlinear and non-stationary dynamics.
The diagonal energy pattern observed in the HHS highlights
the presence of strong coupling between carrier and modulation
frequencies.

This analysis pipeline is applied consistently to all fault
categories in the dataset. The resulting HHSA spectra for
misalignment, bearing fault, and unbalance are displayed in
Figure 4 for direct visual comparison of their AM-FM cou-
pling characteristics. Misalignment is characterized by dominant
energy at lower carrier frequencies (64-256 Hz) with AM compo-
nents in the 50-128 Hz range. Bearing faults produce broadband
energy extending up to 2000 Hz with AM components span-
ning 16-1024 Hz, while unbalance is dominated by energy at
128-1024 Hz carrier frequencies with AM components in the
40-512 Hz range. These distinct AM-FM distributions reflect
unique vibration signatures for each fault condition.

2.3. Extracted features
In the current study, statistical features were retrieved from

the HHS to characterize the vibration signals. The HHS provides
a two-dimensional representation of signal energy distribution
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over carrier and modulation frequencies, enabling comprehensive
analysis of both time-varying and frequency-varying behaviors.

Feature extraction was performed over the entire HHS
rather than selected frequency bands. This full-spectrum approach
ensures that both low- and high-frequency components are cap-
tured, preserving critical information that may be distributed
across different frequency regions. As a result, it avoids poten-
tial information loss associated with band-limited analysis and
provides a more holistic representation of signal characteristics.

To reduce data dimensionality while retaining essential infor-
mation, a set of statistical descriptors was computed from the
HHS, including mean, standard deviation, Root Mean Square
(RMS), peak-to-peak, impulse factor, skewness, kurtosis, crest
factor, and shape factor [49, 50]. These features form a com-
pact representation of the signal and serve as inputs for machine
learning classification. Additionally, this approach eliminates the
need for manual frequency band selection, thereby simplifying the
analysis procedure and improving robustness.

Table 2 presents the mean normalized feature values for the
four operating conditions: normal, unbalance, bearing fault, and
misalignment. All features were standardized using z-score nor-
malization prior to classification; therefore, the reported values
represent normalized quantities rather than physical measure-
ments. The results indicate that the unbalance condition exhibits
the highest impulse factor, reflecting stronger high-amplitude
transient components, whereas the normal condition shows rel-
atively low skewness and kurtosis, suggesting a more stable and
symmetric energy distribution. These differences confirm the
strong discriminative capability of the HHSA-derived features.

1) Feature visualization using t-SNE

To further assess the effectiveness of the collected features,
t-SNE (t-distributed Stochastic Neighbor Embedding) was uti-
lized for visualization. This dimensionality reduction technique
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Figure 4
Holo-Hilbert spectra of misalignment, bearing fault, and unbalance
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Table 2
Statistical features extracted from the HHS for each machine condition
Standard Peak Impulse Crest Shape
Conditions Mean deviation RMS to peak factor Skewness Kurtosis factor factor
Normal -1.180 -0.868 -0.953 -1.125 -0.812 -0.967 -0.820 -0.491 -1.109
Unbalance 1.336 1.503 1.133 1.459 1.586 1.285 0.891 1.042 1.062
Bearing fault -0.096 -0.029 0.280 -0.117 -0.088 0.354 0.151 0.103 0.606
Misalignment -0.061 -0.606 -0.460 -0.217 -0.687 -0.672 -0.222 -0.654  -0.559

is intended to depict high-dimensional data in two- or three-
dimensional space. Applying t-SNE to the feature vectors derived
from the full HHS made it possible to examine how distinctly the
fault conditions were separated in feature space.

The t-SNE visualization revealed that the features extracted
from the HHS resulted in clear separability between the various
fault types, such as normal, unbalance, bearing, and misalign-
ment. The minimal overlap between the clusters indicates the
strong discriminative power of the HHS features. This visu-
alization provides additional confirmation of the capacity of
the extracted features to effectively distinguish across different
machine conditions.

2.4. Machine learning classifiers

In the current study, six widely used machine learning
classifiers were utilized to assess the efficacy of the features
extracted using HHSA. These classifiers span different model-
ing approaches, from linear models to nonlinear and ensemble
techniques, providing an extensive assessment of the proposed
fault diagnosis framework. Each classifier was fine-tuned through
hyperparameter optimization to achieve the best classification
performance.

1) Logistic Regression

Logistic Regression is a highly effective and widely recognized
method for supervised classification [51]. It estimates class prob-
abilities by learning linear decision boundaries and offers strong
interpretability. The probability of class membership is expressed
as:

1
P(J’—”ﬂ—m “4)

where x is the input feature vector, w is the weight vector,
and b is the bias term. In this study, Logistic Regression was
extended to the four-class fault diagnosis problem using an
error-correcting output codes (ECOC) multiclass strategy. The
regularization strength (1) was optimized via Bayesian search to
mitigate overfitting and enhance generalization.

2) Support Vector Machine

SVM seeks to determine an optimal hyperplane that maxi-
mizes the separation between data points of disparate classes in
a high-dimensional feature space [52]. The decision function can
be written as:

X N
[ =2, Ko, x) +b ©)
where K(x;, x) is the kernel function. The Radial Basis Function

kernel was adopted to capture nonlinear relationships inherent
in HHSA-derived features. In this study, SVM was extended to
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the four-class fault diagnosis problem using an ECOC multiclass
strategy. Hyperparameters, such as the box constraint C and ker-
nel scale, were optimized using Bayesian methods to enhance
boundary flexibility and classification performance.

3) Decision Tree classifier

The Decision Tree is a fundamental and widely utilized
machine learning technique, particularly effective for classification
tasks [53]. It recursively partitions the feature space by minimizing
node impurity, commonly measured by the Gini index:

K
Gini=1- Zkzlp,{ (6)

where pj is the proportion of samples belonging to class k in a
given node. Although prone to overfitting, its performance can be
significantly improved with proper hyperparameter tuning. This
study improved the maximum number of splits and the mini-
mum leaf size to achieve a balance between model complexity and
generalization.

4) Random Forest

Random Forest is an ensemble learning technique that gen-
erates many decision trees from bootstrapped data samples and
aggregates their predictions through majority voting [51]. The
final prediction is given by:

P =mode{h| (x),hy (x),...,hr(x)} 7)

where /1, (x) denotes the prediction of the t-th tree. This approach
reduces variance and improves robustness, making it effective
for high-dimensional HHSA features. The quantity of trees and
number of predictors sampled per split were optimized using a
Bayesian search to achieve superior performance.

5) K-Nearest Neighbors

KNN is a non-parametric, instance-based learning method
commonly utilized for classification purposes. KNN classifies a
new data point by determining the predominant class of its k
nearest neighbors in the feature space [51].

¥ = mode{yi|x; € Ni(x)} ®)

where N (x) denotes the set of the K nearest neighbors of sample
x. Its efficacy is contingent upon the selection of distance metric
and neighborhood size. Hence, Bayesian optimization was used to
ascertain the ideal number of neighbors and distance function.

6) Deep Neural Network

A DNN comprises several layers of neurons, with each layer
processing the incoming data using learning weights and activation
functions [54]. The transformation at layer 1 can be expressed as:

a®D = g(WDal=1 4 p()y )



Journal of Computational and Cognitive Engineering

Vol. 00 Iss. 00 2026

where Wand b() are the weight matrix and bias vector of layer
1, respectively, and o is the activation function. The Adam opti-
mizer and early stopping were employed to improve convergence
and mitigate overfitting. Although not tuned via Bayesian opti-
mization, key architectural hyperparameters (number of neurons,
dropout ratios, learning rate, and batch size) were selected through
systematic experimentation to ensure stable performance.

2.5. Hyperparameter optimization

To ensure fair and consistent comparison across classifiers,
Bayesian optimization was used for Logistic Regression, SVM,
Decision Tree, Random Forest, and KNN, combined with 5-
fold cross-validation. Bayesian optimization efficiently explores
the hyperparameter search space and avoids overfitting by leverag-
ing probabilistic surrogate models. For each classifier, the optimal
configuration was determined based on validation accuracy and
then retrained on the complete training data of each fold. The
resulting optimal hyperparameters are listed in Table 3.

2.6. Evaluation metrics

To assess the classifiers’ performance in this work, several
evaluation metrics were employed to quantify how well each
model performed in diagnosing faults in rotating machinery.
These metrics are based on the model’s predictions and provide a
comprehensive understanding of their classification capabilities.
The following metrics were calculated for each classifier:

1) Accuracy

Accuracy represents the proportion of successfully classified
samples over the total number of predictions. It provides the
overall performance of the model and is defined as:

TP+ TN
TP+ TN + FP+ FN

(10)

Accuracy =

2) Precision

Precision measures the proportion of predicted positive
samples that are truly positive. This metric becomes particu-
larly important when false alarms must be minimized. In fault

diagnosis, a high precision value indicates that the model is
reliable when identifying fault conditions. Precision is computed
as:

TP

Precision = TP+ EP

(11)

3) Recall

Recall assesses the model’s ability to correctly identify actual
positive cases. It is especially important when missing a fault (false
negative) is costly. A high recall value indicates that most fault
instances are successfully detected. Recall is given by:

TP

Recall = m

(12)

4) FI1-Score

The Fl1-score offers a balanced evaluation by integrating pre-
cision and recall into a single metric through their harmonic mean.
It is especially useful for imbalanced datasets, where both false
positives and false negatives need to be considered. The F1-score
is computed as:

Fl — score = 2Preczszon X Recall

(13)

Precision + Recall

3. Results and Discussion

The experimental results of this study demonstrate that com-
bining HHSA with various machine learning classifiers yields
excellent performance in fault diagnosis for rotating machin-
ery. Table 4 summarizes the classification efficacy of six distinct
classifiers, assessed through 5-fold cross-validation with Bayesian
hyperparameter optimization. All reported results correspond to
the mean values obtained from five-fold cross-validation, which
is adopted to reduce performance variance and enhance the
statistical reliability of the evaluation. Logistic Regression, Ran-
dom Forest, and KNN achieved near-perfect performance across
all evaluation metrics—accuracy, precision, recall, and F1-score.
These results highlight the robustness of HHSA-derived fea-
tures, indicating that even relatively simple models can achieve
near-perfect classification performance. This also demonstrates

Table 3
Optimized hyperparameters for machine learning classifiers

Classifier Key hyperparameters Optimized values
Logistic Regression Regularization type; L2 (ridge);
Lambda 6.6745 % 1073
Decision Tree MaxNumSplits; 164;
MinLeafSize 6
Random Forest NumLearningCycles; NumVariablesToSample 104;
3
K-Nearest Neighbors NumNeighbors; 1;
Distance metric Standardized
Euclidean
Support Vector Machine BoxConstraint (C); 933.57;
KernelScale 57.674
Deep Neural Network NumHiddenUnits1; Dropoutl; NumHiddenUnits2; Dropout2; 64; 0.196;
LearnRate; BatchSize 17;0.331;
0.0045; 62
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Table 4
Classification performance of six machine learning models using HHSA-based features

Classifier Accuracy (%) Precision (%) Recall (%) Fl-score (%)
Logistic Regression 99.95 99.95 99.95 99.95
Decision Tree 99.83 99.83 99.83 99.82
Random Forest 99.95 99.95 99.95 99.95
Support Vector Machine 99.92 99.93 99.92 99.92
K-Nearest Neighbors 99.95 99.95 99.95 99.95
Deep Neural Network 99.92 99.93 99.92 99.92

the versatility of the proposed method across different machine
learning classifiers.

In terms of precision, Logistic Regression, KNN, and Ran-
dom Forest achieved 99.95%, indicating minimal false positives
and suggesting that the models are highly reliable for fault diag-
nosis. Similarly, recall values also reached 99.95%, indicating the
classifiers’ effectiveness in detecting almost all fault instances,
thereby minimizing false negatives. The F1-score, which balances
precision and recall, also achieved 99.95% across these classi-
fiers, further validating their ability to accurately identify fault
conditions.

While Decision Trees showed a slight drop in performance
with 99.83% accuracy, the model still achieved impressive results
with 99.83% precision, 99.83% recall, and 99.82% F1-score, rein-
forcing the effectiveness of the HHSA-based framework. Decision
Trees are prone to overfitting, especially with deep trees, but the
results indicate that HHSA features help maintain a good balance
between precision and recall, preventing significant overfitting.

The SVM and DNN classifiers both achieved 99.92% accu-
racy and similarly high values for precision (99.93%), recall
(99.92%), and Fl-score (99.92%), demonstrating their effective-
ness in handling complex fault conditions. These results indicate
that HHSA features are not only suitable for simpler models but
also enhance the performance of models requiring higher com-
plexity in learning and decision-making. For comparison, Table 5
reports the classification results using FFT-based features under
identical experimental conditions. While both methods achieved
high accuracy, HHSA consistently outperformed FFT across all
classifiers. For example, Decision Tree improved from 99.72%
with FFT to 99.83% with HHSA, while Random Forest increased
from 99.90% to 99.95%. Although the absolute differences appear
small, such improvements are critical in practical fault diagnosis,
where even minor reductions in false alarms or missed detections
can translate into substantial operational benefits. These results

confirm that HHSA provides a more discriminative and noise-
resilient feature set than FFT, owing to its ability to capture
the joint time—frequency modulation characteristics of vibration
signals.

Figure 5 presents the confusion matrices of the six
classifiers—Logistic Regression, SVM, Decision Tree, Random
Forest, KNN, and DNN—based on HHSA-extracted features.
These results correspond to the final fold of the 5-fold cross-
validation process and serve as a representative example of
model performance. All classifiers achieved excellent classification
accuracy on this test fold, with most models providing perfect
classification across the four operating conditions: normal, unbal-
ance, bearing fault, and misalignment. Minor misclassifications
were observed in the SVM and DNN models, each showing a
0.5% error rate due to a single misclassified sample. Importantly,
these errors were isolated and did not consistently occur between
the same fault types, suggesting that they are random rather than
systematic (e.g., not repeated confusion between misalignment
and unbalance). This further supports the robustness of HHSA
features in avoiding bias toward specific fault categories.

The fact that both simple classifiers like Logistic Regression
and KNN, as well as more sophisticated models like SVM and
DNN, achieved comparable high performance highlights the ver-
satility of HHSA features. This indicates that HHSA is adaptable
across many machine learning algorithms, providing a solid fea-
ture set to improve classification performance regardless of model
complexity. This versatility makes HHSA a compelling option for
fault diagnosis in industrial environments, where computational
resources, real-time performance, and interpretability are often
key considerations.

Compared to FFT, which primarily analyzes signals in the
frequency domain under assumptions of stationarity, HHSA
offers a significant advantage in managing non-stationary and
nonlinear vibration signals. In our experiments, FFT-based

Table 5
Classification performance of six machine learning models using FFT-based features

Classifier Accuracy (%) Precision (%) Recall (%) Fl-score (%)
Logistic Regression 99.95 99.95 99.95 99.95
Decision Tree 99.72 99.73 99.72 99.72
Random Forest 99.90 99.90 99.90 99.90
SVM 99.92 99.93 99.92 99.92
KNN 99.90 99.90 99.90 99.90
DNN 99.83 99.83 99.83 99.82
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Figure 5
Confusion matrices of classification results using HHSA-based features for four fault conditions (normal, unbalance, bearing fault,
and misalignment) across different classifiers
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features (Table 5) also achieved very high accuracy, with the
best result reaching 99.95% for Logistic Regression, surpassing
the 99.75% accuracy reported in previous FFT-based studies
[44]. However, FFT performance varied more across classifiers,
with Decision Trees and DNN showing slightly lower accu-
racy (99.72-99.83%). In contrast, HHSA-based features (Table 4)
provided consistently near-perfect results across all classifiers,
indicating stronger robustness and generalizability. This consis-
tency highlights HHSA's ability to capture the dynamic AM-FM
characteristics of vibration signals, rendering it a more reliable
feature extraction method for various machine learning methods.

To further evaluate the discriminative power of HHSA-
derived features, t-SNE was applied for feature visualization.
Figure 6 presents the clustering of the test set in two dimensions,
showing four distinct groups corresponding to normal, unbal-
ance, bearing, and misalignment. The clusters are well-separated,
indicating that HHSA features provide a highly discriminative
representation of the vibration data.

Notably, the few misclassified samples observed in SVM
and DNN—each corresponding to a single sample in Table 4—
appear near the boundaries of their respective clusters in the
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Figure 6
t-SNE visualization of HHSA-extracted features
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t-SNE plot. This observation suggests that these minor errors are
primarily due to ambiguous feature representations where dif-
ferent fault types exhibit partial overlap, rather than deficiencies
in the HHSA feature extraction itself. In other words, HHSA
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successfully captures the amplitude—frequency modulation char-
acteristics of the signals, and classification errors arise in regions
where the underlying feature distributions are intrinsically less
separable.

The overall strong separation of clusters, coupled with the
minimal number of boundary samples, supports the robustness
and efficacy of HHSA features for defect detection. These visual
insights align with the high classification accuracies reported
across all models, confirming that HHSA provides a reliable fea-
ture set for distinguishing between different fault conditions, even
when minor ambiguities exist in the data.

Beyond FFT, various advanced signal decomposition and
TFA techniques have been explored for rotating machinery fault
diagnosis, and a qualitative comparison with these approaches
provides important context for evaluating the proposed HHSA-
based framework, including the STFT, WT, HHT, and VMD
integrated with machine learning or deep learning classifiers [55,
56]. While these approaches have achieved considerable success,
each has limitations when applied to nonlinear and non-stationary
vibration signals, particularly under high noise levels and vari-
able operating conditions. STFT and WT, constrained by the
Heisenberg—Gabor limit, provide fixed or semi-fixed resolution,
resulting in coarse spectral representations for rapidly varying
features. HHT improves adaptivity but cannot fully capture cross-
scale AM—FM coupling [57]. VMD offers better mode separation
and noise resistance than EMD but requires sensitive parameter
tuning [48]. Similarly, WT-based methods depend heavily on the
careful selection of wavelet type and decomposition levels [58].

In the context of bearing defect diagnosis, Ying et al.
[18] performed a comprehensive comparison of HHSA with
HHT, Continuous Wavelet Transform (CWT), and Short-
Time Fourier Transform (STFT) using both simulated and
experimental data under strong noise conditions. Their results
demonstrated that HHSA could distinctly reveal the cou-
pling between carrier frequencies and modulation frequencies—
including fundamental fault frequencies and harmonics—while
other TFA methods either failed to detect sidebands or pro-
duced blurred time—frequency representations. Moreover, HHSA
maintained robust feature extraction in Gaussian white noise
environments and outperformed envelope spectrum analysis and
first-order Masking-EMD in preserving fault-related AM-FM
characteristics.

The performance of HHSA stems from its double-layer
EMD framework, which inherently separates AM and FM
components without requiring predefined bases or extensive
parameter tuning. This enables the generation of a full infor-
mational spectrum—HHS—that clearly represents the internal
modulation relationship between frequency scales. In our study,
these advantages translated into stable and accurate fault feature
extraction across varying operating conditions. This is consistent
with the signal-level observations reported by Ying et al. [18], who
validated the effectiveness of HHSA in producing discriminative
spectral representations. However, unlike Ying et al., who focused
only on spectrum analysis without integrating Al classifiers, our
work extends HHSA into a machine learning framework, thereby
achieving more robust and automated fault diagnosis suitable for
industrial applications

3.1. Limitations and future work
Despite the promising performance of the proposed HHSA-

based fault diagnosis framework, several limitations remain that
warrant further investigation. First, the dataset employed in the
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present research was gathered under controlled laboratory con-
ditions and includes only four operating conditions—normal,
unbalance, bearing fault, and misalignment. Although these rep-
resent common fault types, they do not fully capture the diversity,
severity levels, and operational variability encountered in real
industrial machinery, where factors such as fluctuating load,
speed changes, and environmental disturbances may significantly
influence vibration responses. Expanding the dataset to include
additional fault modes, varying fault severities, and measurements
from real-world operating conditions is therefore essential for
enhancing the framework’s generalizability.

Second, while the results demonstrate that HHSA-derived
features provide higher or comparable accuracy relative to FFT-
based features, systematic benchmarking against a broader set
of feature extraction methodologies—such as VMD, STFT, WT,
and HHT—remains limited. A comprehensive comparison under
identical testing conditions, including robustness to noise and
environmental interference, would allow a more rigorous assess-
ment of the diagnostic advantages of the HHSA representation
in industrial settings.

Third, the current study includes a shallow DNN as one
of the classifiers; however, this architecture is relatively simple
when compared with cutting-edge deep learning models. Future
study should investigate the use of more advanced architectures
like CNNs, Recurrent Neural Networks, or transformer-based
models, which may better capture spatial-frequency patterns,
long-term temporal dependencies, or contextual modulation
structures present in HHSA-derived representations. Such mod-
els may further enhance diagnostic accuracy, particularly for
large-scale or complex datasets.

Fourth, although HHSA provides a rich characterization of
nonlinear AM-FM modulation, its nested EMD structure incurs
significant computing complexity, potentially limiting real-time
implementation. Future work should explore strategies to acceler-
ate HHSA—such as fast or approximate EMD variants, parallel
implementations, or hardware-assisted computation on embed-
ded platforms (e.g., Field-Programmable Gate Array (FPGA),
Graphics Processing Unit (GPU), or edge Al processors). Eval-
uating the end-to-end latency of the diagnostic pipeline will also
be necessary to determine suitability for high-frequency, real-time
monitoring applications.

Finally, integrating the proposed framework into industrial
predictive maintenance systems will require additional validation
under diverse operational conditions, including variable speeds,
fluctuating loads, and noisy environments. Future research should
also investigate sliding-window or streaming implementations of
HHSA, online model updating, and the incorporation of explain-
able Al techniques to improve interpretability and user acceptance
in industrial environments.

4. Conclusion

This study proposes a practical and accurate fault diag-
nosis framework for rotating machinery by combining HHSA
with six widely used machine learning classifiers. Experimental
results show that HHSA-derived features are highly discrimina-
tive, enabling precise classification of multiple fault conditions
and attaining near-perfect accuracy, precision, recall, and F1-
scores across all models. Interestingly, simpler classifiers such as
Logistic Regression and KNN performed comparably to more
complex models like SVM and DNN, highlighting the versatility
and efficiency of the suggested feature extraction method.
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Under the evaluated conditions, HHSA achieved slightly
higher or comparable performance than FFT-based features
across all classifiers. This result indicates that while HHSA is
particularly effective in capturing the amplitude—frequency mod-
ulation characteristics of non-stationary vibration signals, FFT
can still provide competitive performance under certain condi-
tions. Therefore, HHSA offers a reliable and robust alternative for
fault feature extraction, with advantages in noise resilience and
interpretability for complex or non-stationary signals.

Overall, the proposed HHSA-based framework provides a
robust and scalable foundation for fault diagnosis in rotating
machinery. Its adaptability to both simple and complex clas-
sifiers, combined with reliable performance on non-stationary
vibration data, makes it suitable for industrial condition monitor-
ing and predictive maintenance. Future endeavors will concentrate
on augmenting the dataset to cover more diverse fault types
and operating conditions, benchmarking against alternative fea-
ture extraction methods, and optimizing the HHSA pipeline for
real-time deployment and improved interpretability.
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