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Data scarcity limits the development of machine-learning-based fault diagnosis 
systems for rotating machinery, especially under noise and varying operating 
conditions. This paper presents an interpretable, physics-guided data 
augmentation framework in which empirical wavelet transform (EWT), time- 
delay embedding and sparse identification of nonlinear dynamics (SINDy) are 
combined so that the SINDy-identified equations serve not for prediction or 
control, but as a compact generative model that is perturbed to produce 
physically consistent synthetic vibration trajectories. Vibration signals are 
decomposed by EWT into noise-reduced, fault-sensitive modes, embedded in 
higher-dimensional state space, and governed by compact equations identified 
via SINDy. Synthetic trajectories generated by perturbing initial conditions 
preserve fault-related nonlinear features. The framework is evaluated on an 
experimental broken rotor bar test rig and a numerical rotor-bearing-disc 
finite element model. Across torsional loads from 1 to 4 N m and rotational 
speeds from 85 to 115 rad/s, the method contributes to classification accuracies 
between 95.6% and 100% using augmented data from 1-3 real observations per 
fault class. Results indicate that combining adaptive signal decomposition with 
parsimonious dynamical modelling enables effective data synthesis at 10 dB SNR 
for the tested rotor systems, offering an interpretable alternative to black-box 
generative models in similar applications.
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1 Introduction

Advanced data-driven and learning-based schemes have been reported to improve fault 
diagnosis in nonlinear machinery such as rotor assemblies (Xu et al., 2025; Li et al., 2020; 
Torzoni et al., 2025; Rezazadeh et al., 2026a; Rezazadeh et al., 2026b). The translation to 
large-scale industrial deployment has been impeded by the scarcity of suitable observational 
datasets (Das et al., 2023; Leite et al., 2024). Limited data have been shown to undermine 
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generalisation and to increase the risk of overfitting in machine 
learning (ML) classifiers (Rezazadeh et al., 2025; Gharehbaghi et al., 
2023; Fallahy et al., 2025).

A common response to data scarcity has been the augmentation 
of small datasets with synthetic signals generated by physics-based 
or data-driven models (Zheng et al., 2024; Kumar and Tiwari, 2024). 
Numerical simulations can omit subtle practical factors such as 
boundary condition variability, installation effects, and sensor noise, 
which can introduce a distribution shift between synthetic and real 
measurements and reduce transferability (Uh et al., 2023). 
Augmentation strategies should ideally retain physically 
meaningful dynamics, demonstrate resilience to certain 
operational variabilities (OVs), and remain interpretable. Sparse 
system identification has been considered attractive in this regard 
because it can capture essential dynamics with minimal 
parameterisation and provide low-order models that can be 
perturbed and integrated to generate additional, physically 
consistent trajectories for data augmentation (Naozuka et al., 2022).

Recent studies have combined partial real measurements with 
model-derived information to improve realism and diversity under 
practical operating changes (Rezazadeh et al., 2026c). Domain 
adaptation (DA) has been used to reduce the mismatch between 
synthetic and real data when available labels are limited (Bai et al., 
2024). In rotor systems, time-frequency decompositions, in 
particular the empirical wavelet transform (EWT), have been 
used to isolate fault-relevant content by decomposing vibration 
into frequency-specific components. This procedure has been 
observed to preserve nonlinear behaviour while mitigating noise, 
which can provide more dependable inputs for downstream 
diagnosis (Huang et al., 2020). However, these works use EWT 
primarily as a feature extractor, not as the basis of a 
generative model.

A physics-guided augmentation framework is introduced in this 
work in which sparse, interpretable ordinary differential equations 
(ODEs) are identified from EWT components of a real vibration 
observation using sparse identification of nonlinear dynamics 
(SINDy). Synthetic trajectories are then produced by applying 
controlled perturbations to initial conditions of the identified 
ODEs. In this way, fault-specific nonlinear dynamics are retained 
while realistic variability in operating conditions and noise is 
reflected. The approach is aimed at rotor systems for which EWT 
isolates fault-relevant content and for which SINDy identifies 
compact governing relations from limited data. The framework is 
evaluated on one experimental and one numerical rotor platform, 
which reflects the practical boundaries of the available datasets for 
this study.

Whereas prior studies have employed SINDy for system 
identification, control design, and fault detection (Brunton et al., 
2016; Lee et al., 2024; Piramoon et al., 2024; Zhao et al., 2024a; 
Bhadriraju et al., 2022), and EWT as a pre-processing or feature- 
extraction stage (Zheng et al., 2017; Zhang et al., 2019a; Xin et al., 
2019; Yan et al., 2023), the present work assigns a distinct role to 
these established tools: the SINDy-identified equations are used not 
for prediction or control, but as a compact, perturbable generative 
model from which physically consistent synthetic vibration 
trajectories are produced for data augmentation. Within the 
context of rotating machinery fault diagnosis, this repurposing 
enables the generation of synthetic fault data from as few as a 

single real observation per operating condition; that is, a generative 
application of the EWT-SINDy pipeline that has not been explored 
in previous work on rotating machinery fault diagnosis.

1.1 Main contributions

The principal additions to the field under conditions of limited 
observations are summarised below.

i. Physics-guided augmentation from a single real observation 
per condition is shown to preserve fault-specific nonlinear 
behaviour and to support strong classification performance 
under noise and OVs.

ii. Applicability across operating conditions is demonstrated 
through validation on an induction-motor experiment with 
varying loads and on a FE rotor-bearing-disc model at 
different speeds, suggesting potential for broader 
application to rotary machinery pending further validation.

iii. Performance under noisy conditions is characterised by 
reporting results across load and speed settings, single- 
seed and multi-seed synthesis, and SINDy sparsity levels.

iv. Comparative advantage and interpretability are established 
by outperforming data augmentation benchmarks under 
matched data conditions, and by using sparse equations 
to explain outcomes and to diagnose reconstruction or 
sensor-setup issues.

An interpretable, physics-guided toolkit is presented that 
addresses data scarcity for the rotor systems tested, with potential 
applicability to similar rotating machinery configurations.

Table 1 outlines the Abbreviations employed in this paper, 
providing clear and consistent definitions to maintain clarity and 
coherence throughout the subsequent technical discussions.

The remainder of this paper is organised as follows. Section 2
reviews related work; Section 3 describes the EWT-SINDy, 
methodology and modelling details; Section 4 presents the 
experimental and numerical case studies; Section 5 reports the 
classification and reconstruction results; Section 6 discusses the 
implications and robustness of the proposed framework; and 
Section 7 concludes the paper by outlining its limitations and 
suggesting directions for future research.

2 Related works

Previous research was conducted to address the challenge of 
insufficient samples for training ML-based fault diagnosis in rotor 
and rotating machinery systems through various approaches 
(Fathnejat and Nava, 2025). Techniques based on the synthetic 
minority over-sampling technique, such as Cluster-MWMOTE for 
limited and complex bearing data in rotating machinery (Wei et al., 
2020) and related cluster-based schemes for high-dimensional 
unbalanced rolling bearing data (Hang et al., 2019), were 
proposed to enhance sample diversity and to tackle the 
imbalance present in fault diagnosis datasets. Generative models, 
particularly those based on deep learning (DL), such as deep 
convolutional generative adversarial networks that were applied 
to rolling bearing assemblies and sliding bearing-rotor systems in 

Frontiers in Mechanical Engineering frontiersin.org02

Rezazadeh et al. 10.3389/fmech.2026.1810068

https://www.frontiersin.org/journals/mechanical-engineering
https://www.frontiersin.org
https://doi.org/10.3389/fmech.2026.1810068


nuclear power plant applications (Radford et al., 2016; Zhu and 
Fang, 2024; Li et al., 2024a), were developed to produce synthetic 
signals that closely resembled real rotating machinery vibration 
responses. Similarly, Wasserstein GANs with gradient penalty 
were employed for aero-engine, rolling bearing and centrifugal 
pump fault diagnosis in turbomachinery and rotating equipment, 
thereby enabling improved synthetic data generation for these 
systems (Zhao et al., 2019; Pei et al., 2022; Li et al., 2024b). 
Variational autoencoder (VAE) frameworks, including 
conditional VAE for rotary machines with few samples (Dixit 
and Verma, 2020) and semi-supervised Gaussian mixture VAE 
for few-shot fine-grained fault diagnosis in industrial machinery 
(Zhao et al., 2024b), were adopted to provide controlled and 
statistically consistent synthetic data.

Data transformation and auxiliary representation methods that 
were beneficial for augmenting vibration or derived visual data in 
rotating machinery, such as correlation-based feature construction 
for health perception in rotating machines (Zhang et al., 2019b) and 
noise-enhanced Siamese architectures for imbalanced planetary 
gearbox diagnosis (Zhang et al., 2023a), were introduced to 
manipulate existing data into new variants and thereby enrich 
the training landscape for fault diagnosis models. These 
approaches collectively widened the scope and depth of available 
training samples in rotating machinery and turbomachinery 
applications and were reported to support more robust, accurate 
and generalisable fault diagnosis. However, these methods were 
formulated as data-driven schemes rather than physics-guided 

generators, and governing equations of motion were not 
identified; as a result, the vibration signal was treated as a pattern 
to be replicated instead of as the realisation of an underlying 
dynamical system, while issues such as potential overfitting, the 
introduction of biases and high computational demands still 
required careful management.

Numerical simulations, including finite element (FE) and 
analytical modelling approaches, together with experimental 
prototypes, were widely adopted to address data scarcity in rotor 
and rotating machinery fault diagnosis. A common strategy was the 
use of FE-generated vibration responses to train ML models 
(Rezazadeh et al., 2023). In one representative study, Zhang et al. 
applied FE-based transfer learning (Zhang et al., 2023b) in order to 
generate synthetic rotor fault data and to improve classification 
performance, with Fourier and wavelet transformations being used 
for feature extraction. Similarly, unsupervised deep transfer learning 
with simulated rotor samples was investigated by Xiang et al. (2023), 
in which adversarial learning was incorporated to reduce domain 
discrepancies between source and target domains. Analytical models 
were also constructed to simulate rotor or turbomachinery 
behaviour. For instance, Jiang et al. proposed an orbit-based 
augmentation strategy (Jiang et al., 2024) to improve 
transferability in turbomachinery diagnostics, where simulated 
orbit images from analytical models were treated as source- 
domain data and combined with real sensor measurements as 
target-domain data for dynamic feature extraction. Beyond 
simulation-based augmentation, DA techniques were applied to 
vibration data obtained from disparate test rigs. Cao et al. 
presented an unsupervised adversarial DA network (Cao et al., 
2022), in which feature alignment between synthetic and real 
rotor data was enhanced through clustering-based refinement. 
Further expansion of hybrid strategies was provided by 
Rezazadeh et al. (2024), where wavelet transformation, 
transformer encoders and multi-layer perceptrons were 
combined, followed by fine-tuning, to improve generalisation 
across operating conditions. Although these approaches were 
effective in mitigating data scarcity, they depended on large sets 
of simulated or multi-rig measurements and on explicit DA stages, 
rather than on a compact physics-guided generator that was learned 
directly from a small number of measured vibration signals.

Despite these advancements, three key challenges were still 
observed: (i) a persistent need for DA to correct feature 
distribution mismatches between synthetic and real-world data, 
(ii) high computational costs, particularly in DL-based methods, 
and (iii) the requirement for extensive model calibration in order to 
ensure that simulated fault responses remained dependable for 
practical industrial applications.

EWT was extensively validated as a robust and versatile pre- 
processing and feature extraction tool in rotor and rotating 
machinery fault diagnosis, owing to its capacity to adaptively 
decompose complex, non-stationary vibration signals into 
intrinsic modes that revealed critical fault features. An adaptive, 
parameterless EWT framework was, for example, employed to 
isolate and enhance key components associated with rotor 
rubbing faults (Zheng et al., 2017), while fractional extensions of 
EWT were shown to provide superior separation of overlapping 
frequency-modulated components during rotor start-up conditions 
(Zhang et al., 2019a). Comprehensive reviews and adaptive 

TABLE 1 Abbreviation list.

Acronym Full term

ACGAN Auxiliary classifier generative adversarial network

AWGN Additive white Gaussian noise

CNN Convolutional neural network

DA Domain adaptation

DL Deep learning

EMD Empirical mode decomposition

EWT Empirical wavelet transform

FE Finite element

GAN Generative adversarial network

IFFT Inverse fast fourier transform

Mixup-DA Mixup-based data augmentation

ML Machine learning

ODEs Ordinary differential equations

OVs Operational variabilities

PCA Principal component analysis

RMSE Root mean square error

SINDy Sparse identification of nonlinear dynamics

SNR Signal-to-noise ratio

VAE Variational autoencoder
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reinforcement strategies were also reported to demonstrate the 
strengths of EWT in capturing the nuanced dynamic behaviour 
of rotor systems (Xin et al., 2019; Yan et al., 2023). In these studies, 
EWT was primarily adopted as a pre-processing or feature 
extraction stage and was not used to construct generative 
dynamical models that could be perturbed in order to produce 
physics-consistent synthetic vibration signals.

Sparse system identification techniques such as SINDy were 
increasingly implemented in control systems, structural health 
monitoring and robotics, because underlying dynamics were 
captured from limited data and were then used for accurate 
modelling, prediction and improved system performance. SINDy 
was initially introduced by Brunton et al. (2016) for the extraction of 
governing equations of nonlinear dynamical systems directly from 
measurement data by means of sparse regression. The effectiveness of 
SINDy in mechanical fault diagnosis was demonstrated in multiple 
recent studies. In quadrotor applications, SINDy was integrated with 
a Thau observer by Lee et al. (2024) so that complex nonlinear 
dynamics, including gyroscopic and aerodynamic effects, were 
captured and timely fault isolation was enabled. In rotating 
machinery, SINDy was employed by Piramoon et al. (2024) to 
model the nonlinear dynamics of vertical shaft rotary machines, 
and the resulting equations were used as the basis for terminal sliding 
mode control that suppressed vibrations. The methodology was 
further extended by Zhao et al. (Zhao et al., 2024a), in which the 
identified governing equations were embedded into a physics- 
constrained hybrid network in order to detect breathing cracks 
and to obtain interpretable, closed-form dynamic models. In 
addition, a fault prognosis toolkit named OASIS-P was developed 
by Bhadriraju et al. (2022) by combining SINDy modelling with DL 
and risk-based process monitoring. Collectively, these studies 
indicated that SINDy was a versatile tool for extracting accurate 
and decipherable models from limited data for robust fault diagnosis 
and control in complex mechanical systems, although it was 
primarily used for system identification and decision support 
rather than as a generator of synthetic vibration trajectories.

Recent extensions of SINDy were specifically designed to address 
the original method sensitivity to noise and to limited state 
descriptions. Ensemble-SINDy (Fasel et al., 2022) was proposed, 
in which bootstrap aggregating was used to combine multiple SINDy 
models and to enhance robustness in low-data, high-noise settings, 
while Bayesian-SINDy (Fung et al., 2025) recast the identification 
problem within a probabilistic framework so that uncertainty 
quantification and improved parameter estimation under noisy 
conditions were provided. DL based adaptations, such as SINDy- 
SHRED (Gao et al., 2025) and related architectures with learned 
coordinate transformations and recurrent decoders (Champion et al., 
2019; Faraji et al., 2025), were then introduced to capture latent 
dynamics in high-dimensional systems, but these variants required 
larger training datasets, involved increased computational 
complexity and tended to reduce the transparency of the 
extracted equations. Variational formulations (Conti et al., 2024) 
were also reported to broaden the applicability of SINDy to noisy 
environments, whilst similar challenges remained regarding data 
requirements and model interpretability. In the context of rotating 
machinery fault diagnosis with scarce labelled observations, it was 
therefore considered appropriate in the present work to retain the 
standard SINDy formulation. Specifically, the present application 

requires generating synthetic trajectories from as few as one 
observation per operating condition, a regime in which deep- 
learning-based SINDy variants would lack sufficient training data, 
ensemble methods would have no meaningful bootstrap diversity, 
and Bayesian formulations would offer uncertainty quantification at 
the cost of additional computational overhead without 
commensurate benefit for the augmentation objective. The 
standard formulation was therefore deemed most appropriate for 
maximising interpretability and minimising complexity from very 
few seed observations, whilst still exploiting sparse model structure 
for physically consistent data synthesis.

Recent intelligent maintenance studies further show that 
industrial diagnosis and prognosis are increasingly being 
addressed through data-driven, statistical, and reliability-oriented 
frameworks. Deep-learning-based approaches have been used for 
integrated diagnosis and prognosis of dynamic industrial systems 
using multivariate sensor data (Ngnassi Djami and Abdelhakim, 
2026), while swarm-intelligence methods have been applied to failure 
diagnosis and prognosis in production equipment (Ngnassi Djami 
et al., 2024a). Statistical monitoring approaches, such as Hotelling’s 
T2 distance and average run length analysis, have also been used to 
detect process drift in manufacturing systems (Abdelhakim et al., 
2025). In parallel, reliability- and dependability-oriented studies have 
explored evolutionary meta-modelling, stochastic optimisation, and 
Weibull-based reliability modelling for maintenance decision 
support in industrial assets (Ngnassi Djami and Nzié, 2025; Djami 
et al., 2026; Ngnassi Djami et al., 2024b). These studies highlight the 
growing role of intelligent maintenance and reliability analytics; 
however, they focus on diagnosis, prognosis, maintenance 
optimisation, or reliability modelling rather than physics-guided 
generation of vibration trajectories from scarce measured 
observations. The present work addresses this gap by using EWT- 
filtered signals and SINDy-identified sparse dynamics as an 
interpretable generative mechanism for rotating machinery fault- 
diagnosis data augmentation.

Taken together, the above developments suggested that 
enhanced SINDy methods could markedly improve noise 
robustness and provide uncertainty quantification, but at the 
expense of additional demands such as extensive observations for 
training deep components and a potential loss of interpretability. 
More broadly, although previous research introduced a range of data 
synthesis, simulation-based and adaptation techniques to bolster 
fault diagnosis in rotating machinery, inherent limitations persisted 
in balancing simulation fidelity, computational efficiency and model 
clarity. Against this background, the EWT-SINDy framework 
presented in this paper was designed to combine the adaptive 
decomposition capabilities of EWT with the parsimonious and 
interpretable modelling properties of SINDy, so that synthetic 
vibration signals could be generated directly from measured rotor 
responses in a manner that retained critical nonlinear fault 
signatures while remaining data-efficient and physics-guided.

3 Methodology and methods

The proposed EWT-SINDy framework, illustrated in Figure 1, 
provides a toolkit for addressing data scarcity in intelligent damage 
detection in rotor systems. This is accomplished through a method 
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that generates a large set of augmented data based on a single 
experimental or simulated observation conducted in each health and 
operational configuration. To this end, EWT was implemented to 
segment raw vibration signals into distinct frequency bands up to a 
certain limit; this process helped filter out noise and present 
dominant fault-relevant features in the data. EWT was preferred 
to empirical mode decomposition and related approaches because 
its adaptive filter bank reduced mode mixing and produced 
smoother, lower-noise modes that were more suitable for sparse 
equation discovery. Following this, time-delay embedding was 
implemented to increase the dimensionality of the system, 
enabling a more detailed description of the time evolution in the 
signals. Initial experiments compared reconstruction accuracy 
across embedding dimensions m ∈ 1, 2, 3, 4{ } and delays 
τ ∈ 1, 2, 5, 10{ } on a subset of training data from the normal 
condition at T = 2 N m. Results showed that m � 2 with τ � 1
achieved the lowest reconstruction RMSE (average 0.12 mm/s) 
whilst maintaining model parsimony (average 8–12 active terms 
per equation). Higher values of m and τ marginally improved 
reconstruction (below 5% RMSE reduction) but increased 
computational cost (i.e., 3 to 5 times longer training time) and 
reduced interpretability (20–30 active terms per equation). These 
values were therefore adopted throughout.

The transformed data, in a higher state space containing the 
decomposed observations, are then used for system identification via 
the SINDy algorithm. The approach uncovers the governing ODEs 
of the embedded EWT coefficients concisely and is intended for 
regimes where only limited labelled data are available.

Once these sparsely formulated ODEs are set up, the ultimate 
step in augmentation involves perturbing the initial conditions 
through controlled variations. By numerically solving the 
resulting systems, multiple trajectories are generated, each of 

which traces a variation of the decomposed fault signatures in 
the initial measurement. The perturbations are chosen to be 
small relative changes to the initial state, so that the synthetic 
trajectories remain in a neighbourhood of the observed operating 
condition and preserve the qualitative dynamics, while still 
introducing meaningful variability; excessively large perturbations 
were observed to produce unrealistically distorted or unstable 
responses and were therefore avoided. The resulting synthetic 
signals, having realistic variance, are combined with the 
initial empirical observation to generate a much more expansive 
training set. In the last phase, features are extracted from the 
reconstructed EWT coefficients; the resulting feature vectors are 
used to train various ML models to diagnose faults. Capitalising 
on the synergistic potential of EWT-based decomposition and 
SINDy-based data enhancement, the EWT-SINDy method 
provides a means of dealing with the scarcity of noisy data 
without compromising the underlying nonlinear dynamics of 
rotor systems.

3.1 Empirical wavelet transformation

To address the issues of mode mixing in empirical mode 
decomposition (EMD) and the computational intensity of 
ensemble EMD, Gilles (Gilles, 2013) introduced EWT, which 
constructs adaptive wavelets for mode extraction by designing a 
wavelet filter bank. Unlike conventional wavelet transforms that 
implement predefined wavelet bases, EWT customises its wavelet 
filters based on the spectrum of the input signal. It segments the 
Fourier spectrum to identify significant frequency components and 
accordingly constructs empirical wavelet filters. To implement an 
EWT on a vibration signal x(t), 4 consecutive steps ought to be 
conducted as the following.

FIGURE 1 
Schematic of the EWT-SINDY framework to extract ODEs.
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1. Segmentation of the Fourier spectrum that can be performed 
in 3 sub-phases as:

i. Compute the Fourier spectrum X(ω) of the signal x(t), as 
defined in Equation 1. 

X ω( ) � F x t( ){ } � 􏽚

+∞

−∞

x t( )e−jωtdt (1)

ii. Identify the locations of local maxima in the 
Fourier spectrum.

iii. Define segmentation boundaries as the midpoints between 
successive local maxima.

2. The empirical filter bank is constructed by segmenting the 
frequency domain into distinct bands. For each segmented band, an 
empirical scaling function ϕ̂n(ω) and empirical wavelets ψ̂n(ω) are 
defined. The localised frequency characteristics of the signal are 
captured by these functions. Specifically, Equation 2 is used to define 
the empirical scaling function, while Equation 3 is employed to 
define the empirical wavelet function. Together, the signal is 
decomposed into its constituent frequency components in a data- 
driven manner. 

ϕ̂n ω( ) �

1, ω| |≤ 1 − γ( 􏼁ωn

cos
π
2β

1
2γωn

ω| |− 1 − γ( 􏼁ωn( 􏼁􏼠 􏼡, 1 − γ( 􏼁ωn < ω| |≤ 1 + γ( 􏼁ωn

0, otherwise

⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

(2)

ψ̂
n

ω( ) �

1, 1 + γ( 􏼁ωn < ω| |< 1 − γ( 􏼁ωn+1

cos
π
2β

1
2γωn+1

ω| |− 1 − γ( 􏼁ωn+1( 􏼁􏼠 􏼡, 1 − γ( 􏼁ωn+1 ≤ ω| |≤ 1 + γ( 􏼁ωn+1

sin
π
2β

1
2γωn

ω| |− 1 − γ( 􏼁ωn( 􏼁􏼠 􏼡, 1 − γ( 􏼁ωn ≤ ω| |≤ 1 + γ( 􏼁ωn

0, otherwise

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(3)

where ωn are the identified frequency segmentation points and γ is a 
parameter controlling the width of the transition region; this 
parameter should satisfy the criterion given in Equation 4. 

γ < min n
ωn+1 − ωn

ωn+1 + ωn

􏼠 􏼡 (4)

Moreover, β(x) is a smooth function used for transitioning 
between passbands and can be defined as Equation 5: 

β x( ) �
0,
1,

x≤ 0 and β x( ) + β 1 −x( )∀x ∈ 0, 1[ ]

x≥ 1􏼨 (5)

3. The empirical wavelet coefficients are obtained by applying 
the empirical wavelet filter bank to the Fourier-transformed signal. 
Specifically, the wavelet coefficients at scale n, i.e., Wx(n, t) are 
computed by taking the inverse fast Fourier transform (IFFT) of the 
product of the Fourier-transformed signal X(ω) and the empirical 
wavelet ψ̂n(ω). The wavelet coefficients are computed using 
Equation 6. 

IMFn �Wx n, t( ) � 〈x t( ), ψ̂n〉 � IFFT X ω( ) · ψ̂n ω( )( 􏼁 (6)

4. The signal is reconstructed by summing the wavelet modes, as 
shown in Equation 7. 

x t( ) �􏽘
N

n�1
IMFn t( ) (7)

where IMFn are the empirical wavelet coefficients corresponding to 
different frequency bands.

In the present framework, only the modes associated with the 
dominant low-frequency content were retained for subsequent 
modelling, so that the main fault-related dynamics were 
preserved while high-frequency noise components were 
suppressed, which was beneficial for the stability of the SINDy 
identification stage.

3.2 Delay embedding

Delay embedding is pivotal for reconstructing the state space 
from time-series data to reveal the dynamics of a system. Various 
methods such as derivative embedding and global principal 
component embedding have been evaluated in system 
identification tasks; however, time delay embedding has been 
widely adopted due to its straightforward application and 
effectiveness (Tan et al., 2023). In this work, time delay 
embedding was employed to enhance the dimensional 
structure of the system. The augmented state vector is 
constructed using the delay-embedding formulation in 
Equation 8. 

X t( ) � x t( ), x t− τ( ),⋯, x t− m− 1( )τ( )[ ] (8)

here, τ represents the time delay and m denotes the 
embedding dimension.

In this work, a low-order embedding was adopted, since 
preliminary experiments showed that such an embedding 
improved reconstruction of the system trajectories compared 
with no embedding, while higher orders increased the complexity 
of the identified models without offering proportional gains.

3.3 Sparse identification of 
nonlinear dynamics

SINDy offers a compelling methodology for deriving 
parsimonious representations of the governing equations directly 
from experimental or simulated measurements. Consider the 
dynamical system described by the ordinary differential equation 
in Equation 9 (Brunton et al., 2016): 

x t( ) � f x t( )( ) (9)

in which each column of x(t) ∈ Rn reveals a state of variable vector 
of the system and f : Rn → Rn outlines the unknown dynamics. 
The SINDy approach hypothesises that f can be approximated by a 
sparse linear combination of candidate functions; to conduct this, 
the library of candidate functions is constructed as shown in 
Equation 10. 

Θ x( ) � θ1 x( ) θ2 x( )⋯θm x( )[ ] (10)

where each θm(x) is a potential nonlinear function of the state 
variables. For rotating machinery applications, the candidate 
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library Θ(x) was constructed using polynomial terms up to a 
specified order, with the optional inclusion of trigonometric 
functions sin(xi), cos(xi){ }. The polynomial order and the 
inclusion or exclusion of trigonometric terms were 
determined during the preliminary calibration of each case 
study and are reported in the corresponding results sections 
(Sections 5.1, 5.2). Whilst trigonometric functions are common 
in rotor dynamics, the EWT pre-processing step decomposes the 
raw signal into amplitude-modulated intrinsic modes, each 
capturing a narrow frequency band. This decomposition 
transfers oscillatory content from the raw signal into the 
amplitude envelopes of the EWT coefficients, so that the state 
variables presented to SINDy are no longer explicitly periodic 
waveforms. Trigonometric candidate functions may therefore 
become redundant in the embedded coordinate space, a 
hypothesis that was tested and confirmed during the 
calibration of both case studies.

After forming the library, the task is then to identify a sparse 
coefficient matrix Ξ ∈ Rm×n as defined in Equation 11. 

ẋ t( ) � Θ x t( )( )Ξ (11)

In practice, the coefficients are determined by solving the 
sparsity-promoting optimisation problem in Equation 12. 

min
Ξ

ẋ−Θ x( )Ξ‖ ‖
2
2 + λ Ξ‖ ‖1 (12)

here λ is a regularisation parameter that balances the trade-off 
between accurately fitting the observed and reconstructed 
derivatives of the state variables and minimising the number of 
active terms in the discovered ODEs.

3.4 The proposed EWT-SINDy framework

In the proposed EWT-SINDy framework, the previously 
described techniques of EWT-based signal decomposition, 
time delay embedding, and sparse system identification via 
SINDy were integrated to generate an enhanced dataset for 
rotor fault diagnosis. Initially, recorded vibration signals were 
processed through EWT to segregate and augment fault- 
relevant features, with the resultant output being denoted as 
xEWT(t). Subsequently, these transformed signals were 
advanced to a time-delay embedding stage, thereby 
expanding the data into a more comprehensive higher- 
dimensional state space, represented as X(t). During the 
system identification phase, SINDy was employed to distil the 
parsimonious representations of the differential equations’ 
coefficients Ẋ(t). The final phase involved generating 
synthetic trajectories by perturbing the initial conditions of 
these differential equations and executing numerical solution 
of the resultant models. The resulting synthetic-data generation 
is expressed in Equation 13. 

Xsynth t( ) � integrate Ẋ t( ), X 0( ) + ΔX0( 􏼁 (13)

where ΔX0 represents small perturbations to the initial conditions 
to generate diverse trajectories, chosen such that the synthetic 
responses remain close to the original operating regime while 
still exhibiting observable variability.

Algorithm 1 illustrates the EWT-SINDy process along with the 
corresponding data augmentation.

Input: Recorded vibration signals x(t), Embedding 
dimension m, Time delay τ, Perturbation parameter ΔX0, 
SINDy library of candidate functions Θ(·).
Output: Synthesised dataset Daug.
Procedure
1) EWT
• Apply EWT to x(t) to obtain xEWT(t)

2) Time-Delay Embedding
• Form the state space:

X(t) � [xEWT(t),xEWT(t− τ),⋯,xEWT(t− (m−1)τ) ].
3) SINDy
• Identify a sparse set of governing equations 
by fitting:

Ẋ(t) � Θ(X(t))Ξ·
4) Synthetic Trajectories
• Perturb the initial conditions X0 by ΔX0.
• Numerically integrate the resulting ODEs to 
produce Xsynth(t).

5) Dataset Augmentation
• Concatenate Xsynth(t) with X(t) to form the 
augmented dataset Daug.

Algorithm 1. EWT-SINDy for rotor fault diagnosis data augmentation. 

4 Case study

To assess the efficacy of the proposed data augmentation 
method, termed EWT-SINDy, two datasets were employed. 
These consist of an experimental dataset and a simulated rotor 
system, both of which are detailed in the subsequent sections.

4.1 Experimental dataset: three-phase 
induction motor

This dataset was produced by assessing a 1 hp, 220V/380 V three- 
phase induction motor with a nominal speed and torque equal to 
1715 rpm and 4.1 N m, respectively. The rotor, of squirrel cage type, 
was manipulated to simulate faults by introducing 1 to 4 adjacent 
broken bars (among a total of 34 bars); the broken bars were created 
through the drilling process. The experimental setup involved 
connecting the induction motor to a direct current generator via a 
shaft and employing a rotary torque wrench to measure the applied 
torque. This arrangement allowed for an effective control over 
mechanical loads, varying from 12.5% to 100% of the motor’s full 
capacity, to simulate different operational stresses.

Data acquisition was performed utilising Vibrocontrol uniaxial 
vibration velocity sensors (model PU 2001) with a sensitivity of 10 mV/ 
mm/s and a frequency range of 5–2000 Hz, capturing mechanical 
dynamics at multiple points around the motor, including tangential, 
axial, and radial measurements at both the drive and non-drive ends. 
Furthermore, electrical signals, i.e., three-phase voltages and currents 
were recorded using Yokogawa 96,033 current probes and oscilloscope 
voltage points directly from the motor’s terminals. Under each specific 
working and health scenario, the test was replicated 10 times to ensure 
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data consistency, with all measurements sampled at 8.327 kHz over 
18 s, covering the motor’s transition from transient to steady-state 
operations. Figure 2 represents the test rig of this dataset.

4.2 Numerical dataset: rotor-bearing- 
disc system

To generate the numerical dataset, a rotor system was modelled 
in MATLAB® R2024a by incorporating its equation of motion and 
embedding various faults. The FE model comprises a disc, coupling, 
bearing supports, dual shafts, and an electric motor, as displayed 
graphically in Figure 3. Within the FE platform, each component is 
depicted by a two-node element, where each node exhibits 4 degrees 
of freedom, i.e., rotational movements about the X and Y-axes and 
translational movements along these axes. The model specifies the 
lengths of the smaller shaft and the coupling as the lengths of each 
element, whilst the motor is represented as an alternating torsional 
torque at node 7. To simulate various states of system health, e.g., 
normal operation, an unbalanced disc, and parallel misaligned shaft 
conditions, modifications were made to the right-hand side (f(t)) of 
Equation 14, while other parameters remained unchanged. 

M q̈􏼈 􏼉 + C q̇􏼈 􏼉 + K q􏼈 􏼉 � f t( ) (14)

in which M, C, and K are the mass, damping, and stiffness matrices, 
in order. For the normal, unbalanced disc, and the misaligned rotor 
systems, f(t) can be expressed as the Equations 15a–15c; 
respectively; Figure 4 shows the coordinate system for the left 
and right-hand sides of the node contains the coupling when 
suffering parallel misalignment. 

Normalf t( ) � fm t( ) �
Tq

rm
cos ωmt− φm( 􏼁 (15a)

Unbalancedf t( ) � fm t( ) + fu t( ) FX � mdeω2 cos ωt− φu( 􏼁

fu t( ) � FX FY 0 0[ ] FY � mdeω2 sin ωt− φu( 􏼁

(15b)

Misaligned

f1 t( ) � fm t( ) + fM1 t( ) f2 t( ) � fm t( ) + fM2 t( )

fM1 t( ) � FX1 FY1 0 0[ ] fM2 t( ) � FX2 FY2 0 0[ ]

MX1 � Tq sin θ1 +Kb∅1 MX2 � Tq sin θ2 −Kb∅2

MY1 � Tq sin∅1 −Kbθ1 MY2 � Tq sin∅2 +Kbθ2

FX1 �
−MY1 −MY2( )

Z3
FX2 � −FX1

FY1 �
MX1 +MX2( )

Z3
FY2 � FY1

θ1 � sin
−1 ΔX1

Z3
􏼠 􏼡 θ2 � sin

−1 ΔX2

Z3
􏼠 􏼡

∅1 � sin
−1 ΔY1

Z3
􏼠 􏼡 ∅2 � sin

−1 ΔY2

Z3
􏼠 􏼡

(15c)

The involving parameters in the above equations are listed 
in Table 2.

After modelling the discrepant health as well as operational 
scenarios, the resulting equations were solved through Houbolt time 
marching method with a time step of 2/2048 to record the vibration 
displacements at the different node locations. The results of this FE 

model are consistent with the modelled system through Abaqus/ 
CAE model (Rezazadeh et al., 2023).

5 Results

To assess the effectiveness of EWT-SINDy in data augmentation 
and the subsequent fault diagnosis phase of rotary systems, the two 
aforementioned case studies were considered individually. The 
efficiency of the proposed framework was evaluated based on the 
intermediate results and the accuracy of fault diagnosis in these two 
systems. It is important to note that the additional state of variables 
generated through the time delay embedding phase was solely used 
to aid in identifying the systems’ dynamics. During the training and 
testing phases of fault detection, only the EWT coefficients of the 
original state variables were fed into the damage 
identification structure.

5.1 Broken rotor bar system

In this case study, four load conditions were applied with 
torsional torques of 1, 2, 3, and 4 N m. Under each load 
condition, 5 health scenarios were examined: normal, and rotor 
with 1, 2, 3, and 4 broken bars. From 10 observations available per 
health scenario at each load, one was selected for analysis and data 
generation through EWT-SINDy, whilst the remaining nine 
observations were assigned to the test phase. Synthetic signals 
were used exclusively for training; all reported test accuracies 
were obtained on real sensor measurements never used in 
identification or augmentation stages.

The selected signals were first detrended and subsequently 
decomposed using EWT up to level 2, selecting only signals from 
this level for further processing; numerical derivatives were 
calculated using a fourth-order central difference method.

For the SINDy algorithm, a library of first-order polynomial 
terms 1, xi{ } was employed. Trigonometric functions 
sin(xi), cos(xi){ } were evaluated during preliminary calibration 

on a subset of training data (normal condition, T = 2 N m): 
their inclusion resulted in zero-valued coefficients for all 
trigonometric terms after sparse regression at λ ≥ 0.1, increased 
the candidate library dimension by 40%, and produced no 

FIGURE 2 
Workbench of the broken rotor bar dataset.
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measurable reduction in reconstruction RMSE ( < 0.5% change). 
Second-order polynomial terms 1, xi, xixj, x2

i􏽮 􏽯 were similarly 
assessed: their inclusion expanded the candidate set from 11 to 
66 functions for the 10-dimensional embedded state without 
improving reconstruction beyond the noise floor, whilst 
increasing computational cost. First-order polynomials without 

trigonometric terms were therefore retained for parsimony and 
interpretability.

A time delay embedding was applied with a dimension (m) of 
2 and a delay (τ) of 1 to increase the system dimension from 5 to 10. 
A grid search was performed to optimise the sparsity factor (λ), 
ranging from 0.001 to 2, divided into 50 equal intervals. The optimal 
λ was determined based on the minimum root mean square error 
(RMSE) between the original and reconstructed signals.

The sparsity parameter λ was selected through a two-stage 
process to avoid overfitting. For each operating condition, the 
single real observation was split into training (first 70% of time 
series) and validation (remaining 30%) segments. The grid search 
over λ ∈ [0.001, 2] evaluated reconstruction RMSE on the validation 
segment, with the optimal value selected as that minimising 
validation error. This procedure was repeated independently for 
each health condition and operating point, causing condition- 
specific λ values typically ranging between 0.3 and 0.8. The test 
set, comprising 9 independent observations per condition, remained 
entirely unseen during both λ selection and synthetic data 
generation.

The identified system of ODEs was solved numerically using the 
ODE45 solver, starting from perturbed initial conditions derived 
from the first data points of the original state variables, adjusted 
randomly by 0.1%. This process was repeated 149 times to produce a 
dataset, which was then merged with the original seed observation 
employed as framework input to form a total of 150 observations for 
each health and operating condition. Except for λ (selected by RMSE 
minimisation), all other settings including the numerical derivative 

FIGURE 3 
Diagram illustrating the rotor-bearing-disc assembly with coupling, accompanied by the FE model of the system.

FIGURE 4 
Coordinate system for coupling under conditions of parallel 
misalignment.

TABLE 2 Key mechanical and dynamical parameters of the rotor system.

Symbol Description Symbol Description

fu Unbalanced force ωm Motor angular velocity

fM1 Left-hand side nodal misalignment force φm Phase angle of the motor

fM2 Right-hand side nodal misalignment force md Mass of the disc

Tq External torsional torque e Eccentricity of the disc

rm Radius of the shaft of the motor ω Angular velocity of the rotor

Kb Flexure coupling bending spring rate per diaphragm φu Phase angle of the unbalancing force

ΔY Misalignment severity in Y-direction ΔX Misalignment severity in X-direction
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scheme were established through preliminary empirical calibration 
and kept constant across runs.

To better simulate real-world applications and evaluate the 
EWT-SINDy framework’s capability in handling noisy 
conditions, additive white Gaussian noise (AWGN) at a signal- 
to-noise ratio (SNR) of 10 dB was introduced to the captured signals. 
This noise level represents realistic industrial operating conditions 
commonly encountered in rotating machinery fault diagnosis. 
Figures 5a,b illustrate the noise-augmented versions of the 
original signals and their subsequent detrending and 
decomposition via the EWT process under normal conditions, 
when a torsional torque of 1 N m was applied to the rotor 
system. These figures display only 1 s of the signals from sensors 
measuring radial vibration speed on the driven (S1) and the non- 
driven sides (S3), respectively, equivalent to 9,000 data points, for 
enhanced visual clarity.

Figure 5 shows that the EWT process reduced noise and 
extracted dominant dynamic components for the tested 
condition. In particular, the EWT decomposition isolated the 
fundamental and low-order harmonics of the rotor’s vibration 
response whilst attenuating higher-frequency noise, so enhancing 
signal clarity. This behaviour illustrates the intended role of EWT 
within the framework, namely, to provide smoother, noise-reduced 
coefficient trajectories on which SINDy can identify 
stable dynamics.

Given that the delay factor (τ) was set to a low value, i.e., 1, the 
distinctions between the original and embedded dimensions of the 
EWT coefficients of a state variable are not readily apparent in the 
time-domain graph. Nevertheless, these subtle differences have the 
potential to enhance the capability to unravel the dynamics using 
EWT-SINDy. Figures 6a,b depict scenarios where the embedding 
stage was deactivated and activated for reconstructing EWT 
coefficients, respectively.

The differences between the extracted and the reconstructed 
EWT coefficients in Figure 6a show that without employing 
embedding, the framework cannot capture the true dynamics of 
the system. Conversely, Figure 6b illustrates the enhanced clarity in 
the signal’s behaviour when embedding is activated, thereby 
improving the EWT-SINDy method’s effectiveness in elucidating 
the underlying dynamical structures. Thus, the delay embedding is 
not only a technical step but a necessary condition for recovering 

dynamics that are consistent with the observed evolution of the 
EWT coefficients.

If no sparsity thresholding is applied, each ODE describing a 
signal consists of 11 terms, with 10 corresponding to the state 
variables (after delay embedding) and one constant term. The 
sparsity factor (λ) plays a crucial role in determining the 
accuracy of system identification in the SINDy method, 
necessitating a balance between accuracy and interpretability 
(sparsity). Equation 16 presents the complete general form of the 
ODEs for the broken rotor bar system with an embedded dimension 
of 10. 

dXi

dt
� c1i +􏽘

10

j�1
Cij+1Xj, for i � 1,⋯, 10 (16)

in which Cij+1 represents the coefficients corresponding to each Xj. 
The introduction of a non-zero sparsity factor reduces the quantity 
of active terms within the ODEs. For instance, in the coefficient 
matrix Cij associated with an observation from the scenario of the 
rotor suffering 4 broken bars under the loading condition of T = 
1 N m, all array elements remain active when λ � 0. In contrast, 
when λ � 0.5, the number of active arrays is reduced to 76 from 110; 
here Cij indeed is Ξ that is the matrix includes the coefficients in a 
sparse format. Figure 7 visually illustrates the active terms in the Cij
for λ � 0 and Ξ for λ � 0.5 for the above-mentioned observation 
belonging to r4b class.

After adjusting the initial conditions and solving the system of 
ODEs using the Dormand-Prince method, which is a Runge-Kutta 
(4,5) pair, the EWT-SINDy pipeline generated 149 synthetic 
samples (comprising EWT coefficients) for each health 
scenario (class). These samples, along with one original 
observational data point per class, were used to train and 
validate the fault diagnosis model. For testing, the model was 
evaluated on 9 independent sensor-recorded observations from 
the experimental test rig, ensuring no overlap with the training/ 
validation data. The distribution of observations across the 
training, validation, and testing phases is depicted in Figure 8. 
In the following sections of this work and for this specific case 
study, the healthy condition, 1 broken rotor bar, 2 broken rotor 
bars, 3 broken rotor bars, and 4 broken rotor bars are denoted as 
classes ‘rs’, ‘r1b’, ‘r2b’, ‘r3b’, and ‘r4b’, respectively.

FIGURE 5 
Noisy signals versus EWT coefficients of (a) radial vibration speed on the driven side and (b) radial vibration speed on the non-driven side.
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To demonstrate the efficacy of the designed data augmentation 
framework in the fault diagnosis of rotor systems, a convolutional 
neural network (CNN) model was subsequently developed as the 
classification (fault detection) model. This network is recognised for 
its capacity to efficiently extract intricate fault characteristics from 
vibration data, while also ensuring swift computational performance 
(Qian et al., 2024; Zhao et al., 2024c). The number of layers and the 
size of the convolution layers can be adjusted based on the 
complexity of the signal. However, as one of the objectives of 

this work is to develop a framework suitable for real-time 
execution, a simple CNN model was employed, with its structure 
detailed in Table 3. It should be noted that both the input layer and 
the fully connected layer have a size of 5. The input layer is sized this 
way to accommodate signals from 5 channels (accelerometers), 
while the fully connected layer corresponds to the 5 classes of 
health scenarios.

In the training protocol, the maximum number of epochs was 
established at 20, with a mini-batch size of 32; the ADAM optimiser 

FIGURE 6 
Comparison of original and reconstructed EWT coefficients through EWT-SINDy: (a) without time delay embedding and (b) with time delay 
embedding implemented.

FIGURE 7 
Graphical visualisation of active terms in the (a) coefficient matrix Cij (λ � 0) and (b) sparse matrix Ξ (λ � 0.5) for the r4b rotor system under T = 
1 N m loading.
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was employed. Validation was scheduled to execute every 5 mini- 
batch iterations.

To depict the introduced variabilities in the generation of the 
training dataset and to evaluate the efficacy of the feature extraction 
layers within the proposed CNN architecture, Figure 9a presents the 
swarm scatter chart for the training set under the loading condition 
of T = 1 N m. Correspondingly, Figure 9b displays the swarm scatter 
chart for the test set under the same loading condition. Notably, the 
features utilised for these visualisations were derived from the 
outputs of layer 13 (the global average pooling layer); principal 
component analysis (PCA) was subsequently applied to these 
features to reduce their dimensionality prior to their 
representation in the swarm scatter chart.

The swarm scatter plots demonstrate evident clustering patterns 
among health scenarios in both the training dataset and the 
dimensionality-reduced PCA space, signifying that CNN’s global 
average pooling layer successfully distinguishes between features. 
Within the test dataset, the spatial arrangement of distinct classes 
corresponds closely to the groupings observed in the training data, 
highlighting the model’s ability to generalise the learned features 
effectively when exposed to equivalent operational conditions. 
Furthermore, the spread of discrepant observations in the distinct 

zone of each health scenario represents that adequate variability was 
introduced during the data generation phase of the training dataset.

The confusion matrices in Figures 10a–d display the fault 
diagnosis results of rotor systems on the assumption of 
employing 1, 2, 3, and 4 N m, in order.

The fault diagnosis results in Figure 10 demonstrate that the 
datasets generated using EWT-SINDy data augmentation effectively 
trained the classification framework. Under the highest torsional 
loading condition (T = 4 N m), only two out of 45 observations 
were misclassified. Analysis of these test observations revealed 
potential issues during testing, as all 9 observations from the r4b 
class were separately evaluated using EWT-SINDy. The results 
indicated that the two misclassified observations could not be 
accurately reconstructed through EWT-SINDy, due to experimental 
challenges such as sensor installation issues. Similar behaviour was 
observed in preliminary trials at slightly higher and lower SNR values, 
suggesting that the reconstruction and classification performance did 
not degrade abruptly around the chosen 10 dB level. Figure 11 displays 
the results of EWT coefficient reconstruction through the EWT- 
SINDy framework for 2 observations belonging to the T = 4 N m 
condition, assuming r4b. One of these observations (illustrated in 
Figure 11a) is the one that could not be reconstructed properly 
(observation number 9), while the observation plotted in Figure 
11b was selected from the remaining 7 observations in the same 
class that were classified correctly (observation number 10). It should 
be emphasised that both Figures 11a–b represent the EWT of the radial 
vibration speed on the driven side.

In Figure 11a, the original EWT coefficients show a smooth 
pattern, while the reconstructed ones exhibit irregularities, 
particularly between 2 and 3 s, indicating reconstruction 
challenges for observation number 9. In contrast, Figure 11b
demonstrates a close match between the original and 
reconstructed coefficients for observation number 10, reflecting 
accurate reconstruction and classification. This contrast 

FIGURE 8 
Observation counts in the fault diagnosis model phases of the 
broken rotor bar system.

TABLE 3 CNN architecture for fault diagnosis.

No. Layer Key parameters No. Layer Key parameters

1 Sequence input Number of features: 5 9 Max pooling 1D Pool size: 2 

Stride: 2

2 1D convolution Filter size: 3 

Number of filters: 16 

Padding: Same

10 1D convolution Filter size: 3 

Number of filters: 64 

Padding: Same

3 Batch 

normalisation

Normalises activations and gradients, 

improving training stability

11 Batch 

normalisation

-

4 ReLU activation Applies the rectified linear unit function 12 ReLU activation -

5 Max pooling 1D Pool size: 2 stride: 2 13 Global average 

pooling

Averages feature maps across the time dimension, reducing 

them to a single feature per map

6 1D convolution Filter size: 3 

Number of filters: 32 

Padding: Same

14 Fully connected Output size: 5 (corresponding to the 5 fault classes)

7 Batch 

normalisation

- 15 Softmax layer Converts the outputs to probability distributions over the 

5 classes

8 ReLU activation - 16 Classification layer Assigns final class labels based on highest probability
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FIGURE 9 
Swarm scatter chart for the broken rotor bar system under loading of T = 1 N m for (a) the training dataset and (b) the testing dataset.

FIGURE 10 
Confusion matrices for fault diagnosis under different loading conditions for broken rotor bar system: (a) 1 N m, (b) 2 N m, (c) 3 N m, and (d) 4 N m.
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underscores the sensitivity of the EWT-SINDy framework to 
experimental variabilities such as inconsistent sensor mounting, 
transient mechanical disturbances, and fluctuating background 
noise that can be considered as factors that can distort signal 
dynamics and degrade system identification accuracy. In practice, 
this mismatch between original and reconstructed EWT coefficients 
provides a physically grounded warning signal that the underlying 
measurement configuration is unreliable, which is information that 
conventional purely data-driven augmentation models do 
not expose.

To mitigate these effects, the framework was extended to 
incorporate multiple real observations per health condition. To 
this end, 3 observations from each class were reassigned for data 
synthesis, reducing the test set from 9 to 7 observations per class. 
Each of the 3 seed observations was processed independently 
through EWT-SINDy to extract a distinct set of governing 
equations, and 69 synthetic trajectories were generated from each 
seed by perturbing its initial conditions. Together with the 3 original 
seed observations, this led to 3 + (3 × 69) = 210 trajectories per class 
in total, of which 189 were allocated to the training set and 21 
(including the 3 original seeds and 18 synthetic trajectories) to the 
validation set, consistent with the 10% validation split used in the 
single-seed configuration. This approach enhances robustness by 
capturing intra-class variability and reduces reliance on any single 
observation. Figures 12, 13 present the updated observation 
allocation across the diagnosis phases and the confusion matrices 
for fault classification under all loading conditions, respectively, in 
the enhanced configuration.

The fault diagnosis results shown in the confusion matrices of 
Figure 13 indicate that increasing the number of real observations 
assigned to the EWT-SINDy framework, along with synthesising 
data from these inputs, led to improved classification accuracy under 
the previously challenging condition of T = 4 N m. Meanwhile, the 
accuracy for the other loading conditions remained consistent with 
earlier results, maintaining a perfect classification rate of 100%.

5.2 Rotor-bearing-disc system

To evaluate the effectiveness of EWT-SINDy in diagnosing 
faults in a rotor-bearing-disc system, two angular velocities 
(85 rad/s and 115 rad/s) were analysed. For each of the 3 health 
conditions (healthy, unbalanced disc, and misaligned rotor), one 

observation was generated using the detailed MATLAB® R2024a FE 
simulation in the previous sections. Initial conditions were then 
perturbed to produce 149 additional observations per condition, 
which were combined with the simulated observation to create 
datasets of 150 observations per condition at each speed. These 
augmented datasets were used solely for training the fault diagnosis 
models, while test performance was assessed on independently 
simulated responses that were excluded from both the 
identification and augmentation stages. The methodology 
previously implemented for the broken rotor bar case was 
likewise employed in this case study to identify the optimal λ
value, resulting in 0.2 and 0.6 as the most effective parameters.

System dynamics were captured by measuring displacement 
vibrations at two bearing housings in 4 directions (translational 
and rotational along X and Y-axes), resulting in 8 state variables; 
throughout the time delay embedding process the dimension of the 
system was enhanced to 16 with a delay factor of 1. The EWT 
coefficients at level 2 were chosen for the further steps. Table 4
denotes the mechanical parameters used for the modelling and 
simulating the rotor-bearing-disc system.

During the testing phase for angular velocities of 85 rad/s and 
115 rad/s, 20 observations were generated for each of the 3 system 
conditions: normal (Norm), unbalanced (Unb), and misaligned (Mis), 
using the FE model. To introduce variability within the same class, the 
magnitude of multiple mechanical parameters, such as eccentricity, 
motor phase angle, and initial conditions, were altered for a specific 
observation. Furthermore, AWGN at a SNR of 10 dB was incorporated 
into the simulated signals to replicate real-world industrial conditions 
and ensure fair comparison with the experimental broken rotor bar 
dataset. Figure 14 reveals the distribution of the observations for the 
3 phases of the fault diagnosis; it is worthwhile to mention that the 
same distribution was implemented for both operating conditions.

To illustrate the influence of applying EWT in analysing the 
dynamics of the rotor-bearing-disc system, SINDy-based signal 
reconstruction was conducted on both the unprocessed noisy 
signal and the filtered signal (through the EWT), corresponding 
to the transverse Y-direction vibration displacement, under 
misaligned conditions (simulated at a rotational velocity of 
85 rad/s). The results are presented in Figures 15a–b, respectively.

Comparing the reconstruction results in Figure 15, it is evident 
that the SINDy method struggles to accurately identify the dynamics 
of the rotor-bearing-disc system when applied directly to the 

FIGURE 11 
Original versus reconstructed EWT coefficients for (a) a misclassified observation (obs = 9) and (b) a correctly classified observation (obs = 10).
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FIGURE 12 
Observation allocation across training, validation, and testing phases for the broken rotor bar system under the enhanced multi-observation 
configuration.

FIGURE 13 
Confusion matrices for fault diagnosis under different loading conditions using the enhanced training dataset for broken rotor bar system: (a) 1 N m, 
(b) 2 N m, (c) 3 N m, and (d) 4 N m.
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unprocessed noisy signal, as shown in Figure 15a. In contrast, Figure 
15b demonstrates that pre-processing the signal with EWT 
significantly enhances the reconstruction quality. The filtered 
EWT coefficients enable SINDy to isolate the system’s essential 
dynamics, resulting in a high-precision alignment between the 
original and reconstructed coefficients. The contrast between 
panels (a) and (b) shows that, for the simulated rotor-bearing- 
disc system, SINDy becomes a dependable dynamical model only 
once the signal has been filtered through EWT.

To train the fault diagnosis model, the same CNN structure 
outlined in Table 3 was used, although the sizes of the input layer 
and the fully connected layer were adjusted to 8 (representing the 
number of original state variables) and 3 (corresponding to the 
number of health scenarios), respectively. Graphs in Figures 16a–b
present the swarm scatter plots for the training and testing phases of 
the observations simulated and generated at ω = 85 rad/s. Similar to 
the previous case study, the dimensionality of the outputs from layer 
13 was reduced, and the corresponding swarm scatter plots were 
subsequently plotted.

The swarm scatter plots in Figure 16 demonstrate the 
effectiveness of the EWT-SINDy method for feature extraction 
and dataset augmentation. Clear separation between the normal, 
unbalanced, and misaligned rotor-bearing-disc systems in both 
training (a) and testing (b) sets underscores the method’s ability 
to capture discriminative features intrinsic to each operational state. 
The controlled variabilities introduced through augmentation are 
evident in the distinct cluster formations, with minimal overlap, 
ensuring a robust representation of class-specific dynamics.

After the training, validation, and testing phases of the 
model, the results were displayed in the confusion matrices in 

Figures 17a–b, corresponding to angular speeds of 85 rad/s and 
115 rad/s.

The fault diagnosis results, derived from numerically simulated 
test datasets, demonstrate high accuracy: 98.3% at 85 rad/s (1 normal 
instance misclassified as unbalanced) and 100% at 115 rad/s. The 
single misclassification at 85 rad/s may stem from simulation- 
induced feature overlaps between normal and unbalanced 
conditions, reducing separability. Perfect accuracy at 115 rad/s 
suggests enhanced discriminative features under higher angular 
velocities, reflecting the model’s robustness to operational 
variations. Complementary simulations at slightly higher and 
lower SNR values generated comparable reconstruction and 
classification performance, indicating that the observed accuracy 
is not overly sensitive to the exact choice of the 10 dB noise level.

Similar to the preceding case study, for the simulated rotor- 
bearing-disc system, the size of the training set was further increased 
by allocating additional observations to the EWT-SINDy data- 
synthesis framework, in order to further analyse the impact of 
operational and noise variabilities on fault diagnosis. To carry 
out this, 2 additional observations per class were processed 
through EWT-SINDy alongside the original seed, resulting in 
three independent sets of governing equations. From each set, 
69 synthetic trajectories were generated by perturbing initial 
conditions, producing 3 + (3 × 69) = 210 trajectories per class in 
total. Of these, 189 were allocated to training and 21 to validation 
(Figure 18). The test set remained unchanged at 20 independently 
simulated observations per class. Figure 18 reveals the enhanced data 
distribution; Figure 19 represents the results of the fault diagnosis in 
terms of the confusion matrices for the two various angular 
velocities.

As shown in Figure 19, this augmentation improved model 
generalisability, with fault diagnosis achieving 100% accuracy across 
both rotational speeds of 85 rad/s and 115 rad/s. By incorporating 
multiple simulated observations per class into the synthesis process, 
the approach mitigates overfitting risks and ensures that dynamic 
variability is adequately captured, thereby addressing potential 
concerns regarding the robustness and data dependency of the 
EWT-SINDy framework.

5.3 Comparative study

Whilst the primary strength of the EWT-SINDy framework lies 
in generating interpretable, physics-guided synthetic data, its 

TABLE 4 Mechanical properties of the rotor-bearing-disc system.

Parameter Value Parameter Value

Disc mass 2 kg Shaft length 10 cm

Eccentricity 5 mm Polar moment of inertia 6.25 * 10−4 kg·m2

Motor phase angle 0 rad Bearing stiffness 5 * 107 N/m

Misalignment phase angle 45 rad Damping coefficient 350 N s/m

Shaft material density 7,800 kg/m3 Motor force amplitude 150 N

Driven shaft diameter 50 mm Driver shaft diameter 38 mm

Shaft Young’s modulus 2.08 * 1011 Pa AC motor frequency 50 Hz

FIGURE 14 
Observation counts in the fault diagnosis model phases of the 
rotor-bearing-disc system.
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performance was benchmarked against four established data 
augmentation methods designed for few-shot scenarios: mixup- 
based data augmentation (Mixup-DA) (Yu et al., 2025), auxiliary 
classifier generative adversarial network (ACGAN) (Shao et al., 
2019), variational autoencoder (VAE) (Kingma and Welling, 

2019), and a standard generative adversarial network (GAN) 
(Goodfellow et al., 2020). To ensure fair comparison, all methods 
were trained to generate 149 synthetic samples per class from one or 
three real observations, matching the EWT-SINDy setup, and were 
evaluated on identical test sets comprising real sensor 

FIGURE 15 
Y-direction vibration displacement signals under misaligned conditions (85 rad/s): (a) raw unprocessed signal (without applying EWT) and (b) EWT- 
SINDy reconstructed signal.

FIGURE 16 
Swarm scatter chart for the rotor-bearing-disc system with angular velocity of ω = 85 rad/s for (a) the training dataset and (b) the testing dataset.

FIGURE 17 
Confusion matrices for fault diagnosis under different rotational velocities for rotor-bearing-disc system: (a) 85 rad/s and (b) 115 rad/s.
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measurements. The same CNN architecture described in Table 3
was used for feature extraction and classification across all 
approaches. Key hyperparameters for each method were 
optimised via grid search on the validation set, whilst other 
architectural parameters followed established practices in the 
literature. Table 5 presents the hyperparameter configurations for 
all 4 baseline methods.

5.3.1 Mixup-DA performance

The damage classification outputs for the two data availability 
scenarios are represented in bar charts of Figures 20a–b for the 
broken rotor bar and rotor-bearing-disc systems, respectively, using 
Mixup-DA augmentation.

Figure 20 demonstrates that using only a single observation for 
data synthesis with Mixup-DA resulted in significantly lower 
accuracy compared to the EWT-SINDy framework. This is 
attributed to insufficient variability captured in the training data, 
which limits Mixup-DA’s ability to generalise under extreme data 
scarcity. Increasing the number of observations to 3 improved the 
quality of the generated datasets during the training phase in both 
case studies. However, even with this enhancement, the accuracy 
remained at least 17% lower than that achieved using the EWT- 
SINDy framework under identical conditions.

5.3.2 ACGAN performance

The results of damage classification for the two data availability 
scenarios are presented as bar charts in Figure 21a for the broken 
rotor bar system and in Figure 21b for the rotor-bearing-disc system, 
using ACGAN augmentation.

A comparison of the results shown in Figure 21 with those 
obtained from EWT-SINDy and Mixup-DA indicates that the 
ACGAN approach caused the lowest performance among all 
three methods. This difference is particularly pronounced in the 
scenario where only a single observation was available for data 
synthesis. Under these conditions, the highest classification accuracy 
achieved for the broken rotor bar system did not exceed 34% (at T = 
3 N m), whilst the performance for the rotor-bearing-disc system 
was even lower, with a maximum accuracy of 28% (at ω = 115 rad/s). 
Although the use of an augmented dataset (3 observations) led to 
improved accuracy in both case studies, the results remained below 
those attained by both the EWT-SINDy and Mixup-DA methods.

5.3.3 VAE performance

The damage classification results for both data availability 
scenarios are presented in Figure 22, with panel (a) 
corresponding to the broken rotor bar system and panel (b) to 
the rotor-bearing-disc system, using VAE-based augmentation.

Figure 22 demonstrates that the VAE-based augmentation 
achieved moderate classification accuracy when using 3 seed 
observations, reaching up to 83% for the broken rotor bar system 
at T = 2 and T = 3 N m, and up to 72% for the rotor-bearing-disc 
system at 115 rad/s. However, the single-seed scenario produced 
lower accuracy in both case studies, indicating that the VAE 
struggled to learn a meaningful latent distribution from a single 
observation. Even with 3 seed observations, the accuracy remained 
at least 17% below that of the EWT-SINDy framework across all 
conditions, with the most pronounced gap observed in the rotor- 
bearing-disc system where the highest VAE accuracy (72%) fell 
28 percentage points below the proposed method. These results 

FIGURE 18 
Observation counts in the fault diagnosis model phases of the 
rotor-bearing-disc system under the enhanced multi-observation 
configuration.

FIGURE 19 
Confusion matrices for fault diagnosis under different rotational velocities using the enhanced training dataset for rotor-bearing-disc system: (a) 
85 rad/s and (b) 115 rad/s.
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suggest that, under extreme data scarcity, the VAE’s reliance on 
learning a continuous latent space is constrained by the limited 
diversity of the available training samples.

5.3.4 GAN performance

The damage classification results for both data availability 
scenarios are presented in Figure 23, with panel (a) 
corresponding to the broken rotor bar system and panel (b) to 
the rotor-bearing-disc system, using GAN-based augmentation.

Figure 23 shows that the standard GAN produced mixed results 
across the two case studies. For the broken rotor bar system, the 
single-seed configuration achieved accuracy between 34% and 46%, 
while the enhanced configuration with 3 seed observations 
improved accuracy to between 62% and 69%. Despite this 
improvement, the GAN remained at least 31 percentage points 
below the EWT-SINDy framework across all loading conditions. For 
the rotor-bearing-disc system, the GAN performed comparatively 
better, reaching 87% and 88% accuracy in the enhanced 

configuration at 85 and 115 rad/s, respectively. This disparity 
between the two case studies suggests that the GAN can capture 
simpler dynamical patterns (3 health classes with distinct fault 
signatures) more effectively than complex multi-class fault 
structures (5 health classes with incremental severity differences). 
Nevertheless, the GAN remained below the proposed framework in 
all conditions, and its performance in the broken rotor bar system 
was notably lower than both the VAE and Mixup-DA baselines, 
reinforcing the advantage of physics-guided augmentation over 
purely generative approaches under data-scarce conditions.

5.3.5 Synthetic data quality and 
computational cost

To supplement classification accuracy, the distributional quality 
of the synthetic data produced by each method was assessed by 
estimating the maximum mean discrepancy (MMD) between the 
feature distributions of the real test set and the synthetic training set 
using a Gaussian radial basis function kernel. Prior to computing 

TABLE 5 Hyperparameter values for the four baseline augmentation methods.

Parameter Mixup-DA ACGAN VAE GAN

Latent dimension n.a 50 20 20

Learning rate 0.001 0.0001 0.0001 0.0001

Interpolation coefficient 0.2 n.a n.a n.a

Batch size n.a 1, 3 1, 3 1, 3

Number of epochs n.a 1,500 1,500 1,500

Optimiser n.a Adam Adam Adam

Activation function n.a ReLU ReLU ReLU

Gradient clipping n.a n.a 1.0 n.a

Weight decay n.a n.a 0.00001 n.a

Loss function n.a Binary cross-entropy KL divergence + reconstruction Binary cross-entropy

FIGURE 20 
Fault diagnosis results utilising Mixup-DA data augmentation for (a) broken rotor bar and (b) rotor-bearing-disc systems.
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MMD, all signals were normalised to the [0, 1] interval using the 
minimum and maximum values of each state variable from the 
original observations, ensuring scale-consistent comparison across 
methods and case studies. Lower MMD values indicate closer 
alignment between synthetic and real data distributions. Table 6
reports this metric alongside the data generation time per loading 
condition (broken rotor bar) and per angular velocity condition 
(rotor-bearing-disc) for each method.

As shown in Table 6, EWT-SINDy achieved the lowest MMD 
across both case studies, indicating the closest distributional alignment 
between synthetic and real data. Among the baseline methods, GAN 
and ACGAN produced lower MMD values than VAE and Mixup-DA 
for the broken rotor bar system (0.042 and 0.037 versus 0.059 and 
0.046, respectively), despite achieving worse classification accuracy. 
This confirms that distributional proximity alone does not guarantee 
discriminative quality when the generative model fails to preserve 
fault-specific features. A similar pattern was observed for the rotor- 
bearing-disc system, where VAE and GAN produced lower MMD 

values than Mixup-DA and ACGAN but did not consistently translate 
this into higher classification accuracy. Regarding computational cost, 
Mixup-DA was the fastest method across both systems, whilst VAE 
required the longest generation time due to the iterative training of the 
encoder-decoder architecture. EWT-SINDy occupied an intermediate 
position in execution time but outperformed all four baselines in 
distributional fidelity.

It should be noted that the lower MMD achieved by EWT- 
SINDy reflects, in part, the physics-informed inductive bias of the 
sparse dynamical model, which constrains synthetic trajectories to 
remain near the observed operating regime by construction.

5.4 Interpretability

Interpretability in the proposed EWT-SINDy framework is 
achieved by extracting sparse, physically meaningful equations 
from the data. For visual analysis, the coefficients of each term in 
the governing equations were first averaged across repeated 

FIGURE 21 
Fault diagnosis results utilising ACGAN data augmentation for (a) broken rotor bar and (b) rotor-bearing-disc systems.

FIGURE 22 
Fault diagnosis results utilising VAE data augmentation for (a) broken rotor bar and (b) rotor-bearing-disc systems.
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measurements for each health condition. These averaged coefficients 
were then gathered for every health state and plotted as violin plots 
to show their distribution and fault sensitivity. In each violin, the 
width represents the data density, the central line indicates the 
median, and the length captures the spread of the coefficients across 
different conditions (Rezazadeh et al., 2024).

5.4.1 Interpretation of extracted coefficients: 
broken rotor bar system

For the broken rotor bar system, violin plots were constructed 
for each of the 5 original state variables (dx1 − dx5), as illustrated in 
Figures 24a–e. In each plot, the x-axis labels (c1 − c6) represent the 
constant term and the 5 state variables in the corresponding 
equations. For example, in Figure 24a, the first violin labelled ’ 
c1’ contains the set [c1,rs, c1,r1b, c1,r2b, c1,r3b, c1,r4b] from the equations 
for all health conditions.

Analysing Figure 24 reveals a clear diagonal structure in the 
coefficient matrices: for each state variable, the dominant coefficient 

is the self-coupling term (c2 for dx1, c3 for dx2, etc.), which is large, 
positive, and exhibits a narrow distribution. This confirms that each 
mode’s own dynamics primarily govern its evolution. In contrast, 
most off-diagonal coefficients are tightly clustered near zero, 
indicating that cross-mode interactions are negligible, which is a 
direct result of the enforced sparsity and the physical independence 
of the extracted modes. Notably, certain coefficients (such as c5 in 
multiple state variables) show greater spread or slight multimodality, 
reflecting increased sensitivity to rotor faults and providing clear 
statistical markers for condition monitoring and fault progression. 
This structure highlights both the interpretability and diagnostic 
relevance of the extracted models.

5.4.2 Interpretation of extracted coefficients: 
rotor-bearing-disc system

Figures 25a–h present violin plots for the 9 coefficients of the 
extracted equations of EWT for each of the 8 original state variables 
(like the previous case, the embedded state of variables were not 

FIGURE 23 
Fault diagnosis results utilising GAN data augmentation for (a) broken rotor bar and (b) rotor-bearing-disc systems.

TABLE 6 Synthetic data quality and computational cost comparison.

Case study Method MMD (× 10−2) Generation time per condition (s)

Broken rotor bar EWT-SINDy 0.013 41

Broken rotor bar Mixup-DA 0.046 34.14

Broken rotor bar ACGAN 0.037 58.31

Broken rotor bar VAE 0.059 94.37

Broken rotor bar GAN 0.042 87.23

Rotor-bearing-disc EWT-SINDy 0.016 43.98

Rotor-bearing-disc Mixup-DA 0.067 39.95

Rotor-bearing-disc ACGAN 0.075 51.21

Rotor-bearing-disc VAE 0.032 88.23

Rotor-bearing-disc GAN 0.049 54.12
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considered), corresponding to displacement measurements at 
bearings 1 and 2 in the transverse and rotational directions (see 
Figure 3). For each state variable, the coefficients were extracted for 
the normal, unbalanced, and misaligned rotor conditions and are 
plotted so that each violin displays the distribution of a given 
coefficient (ck, k � 1: 9) across all 3 health states.

A close examination of these plots reveals that, in most 
directions and bearings, the self-coupling coefficients (c2 for dx1, 
c3 for dx2, up to c9 for dx8) consistently dominate, exhibiting high 
positive medians and narrow distributions across all health 
conditions. This diagonal dominance signifies that each sensor’s 
displacement dynamics are primarily self-governed, confirming the 
independence of the measured degrees of freedom.

Importantly, the response to different fault types varies by sensor 
location and direction. In the rotational directions at bearing 2 (dx7

and dx8), as well as in certain transverse directions, the presence of 
misalignment or unbalance leads to a noticeable increase in both the 
spread and, in some cases, a shift in the median of specific cross- 
coupling coefficients, particularly c7 and c8. This broader distribution 
and shift under fault conditions are indicative of the heightened 
sensitivity of these axes to the corresponding faults, suggesting that 
the dynamic coupling and energy transfer are more pronounced in 
these measurement channels. In practice, monitoring the evolution of 
these fault-sensitive cross-coupling coefficients at bearing 2 could 
therefore provide an interpretable indicator of fault localisation and 
severity. Conversely, a number of off-diagonal coefficients remain 
tightly centred around zero, reinforcing the sparsity of the identified 
models and the weak cross-coupling between directions and bearings 
under all conditions.

Figure 25 demonstrates that fault effects in the rotor-bearing- 
disc system are not only detectable but are also localised to specific 
measurement channels and coefficients, with the most significant 
changes associated with the directions and bearings most physically 
exposed to the induced unbalance or misalignment. This precise, 
channel-specific response supports the effectiveness of the SINDy 
approach for interpretable and physically meaningful 
fault detection.

5.5 Computational efficiency

The proposed data synthesis architecture and fault detection 
methodology comprises multiple stages, as outlined previously. Two 
scripts were developed through MATLAB® R2024a: one for EWT- 
SINDy-based data augmentation and another for CNN training, 
validation, and testing. Whilst the EWT-SINDy code generated 
health scenario data across all conditions in a single execution, 
adjustments to input parameters were required for each loading 
case (broken rotor bar system) and angular velocity (rotor-bearing- 
disc system), necessitating separate runs per configuration. All 
computations were performed on a workstation with 32 GB RAM, 
a 4-core 2,800 MHz CPU, and an NVIDIA A10G GPU. Table 7 details 
execution times for data synthesis and CNN classification across 
loading and velocity conditions, with CNN training conducted 
exclusively on the GPU.

The prolonged execution times observed for the broken rotor bar 
system, as reflected in its larger dataset size, underscore the 

FIGURE 24 
Violin plots of identified coefficients (c1 − c6) for the broken rotor 
bar system at T = 2 N m across different health conditions: (a) dx1, (b) 
dx2, (c) dx3, (d) dx4, (e) dx5.
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computational demands imposed by increased data volumes. Despite 
the rotor-bearing-disc case study employing a greater number of 
sensor channels, it required significantly less time, highlighting the 
efficiency of the scheme when managing datasets with varying 
complexity and size. This discrepancy in execution times illustrates 
the framework’s computational efficiency for the dataset sizes tested, 
suggesting reduced computational demands relative to dataset 
complexity. Such capabilities allow for the dynamic adjustment of 
computational resources based on the specific requirements of the 
dataset and operational context, thereby facilitating seamless 
integration into continuous monitoring systems without 

compromising performance. This adaptability ensures that the 
foundation can be effectively utilised in diverse industrial settings, 
where varying conditions may necessitate rapid adjustments to the 
computational strategies employed.

6 Discussion

Although the EWT-SINDy framework achieved high 
classification accuracy across the tested operating conditions, a 
small number of cases exhibited reconstruction or classification 

FIGURE 25 
Violin plots of identified coefficients (c1 − c9) for the rotor-bearing-disc system at ω = 85 rad/s across different health conditions: (a) dx1, (b) dx2, (c) 
dx3, (d) dx4, (e) dx5, (f) dx6, (g) dx7, (h) dx8.
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difficulties that warrant closer examination. Understanding when 
and why the framework underperforms is important both for 
interpreting the results reported in Section 5 and for delineating 
the operational envelope within which the method can reliably be 
applied. The following discussion identifies the principal failure 
modes observed, the sample-size and noise conditions under which 
performance remained robust, and the contribution of each 
component of the pipeline to the overall outcome.

6.1 Failure modes and limitations

Analysis of the misclassified cases identified in Section 5.1, 
exemplified by observation 9 in the r4b class at T = 4 N m 
(Figure 11a), suggests specific conditions under which EWT- 
SINDy performance degrades. Qualitative inspection of the 
affected recordings indicated three recurring characteristics: (i) 
abrupt amplitude variations not representative of fault dynamics, 
which were consistent with inconsistent sensor mounting; (ii) non- 
stationary components that appeared to violate the quasi-periodic 
assumptions underlying EWT, attributable to transient disturbances 
during data acquisition; and (iii) short discontinuities consistent 
with measurement dropout or saturation. The 
reconstruction–original mismatch shown in Figure 11a illustrates 
how such anomalies propagate through the EWT-SINDy pipeline, 
in contrast to the close agreement obtained for a well-conditioned 
recording from the same class (Figure 11b). Across the experimental 
and numerical case studies, reconstruction failures of this kind were 
confined to a small minority of observations and were associated, on 
inspection, with identifiable acquisition anomalies rather than with 
limitations of the framework itself. This pattern indicates that the 
reconstruction stage of EWT-SINDy may, in addition to its 
augmentation role, provide a qualitative indicator of 
measurement quality, although a systematic evaluation of this 
secondary use lies beyond the scope of the present work.

6.2 Sample size requirements

Results demonstrate that a single observation per class suffices 
for majority-class identification (above 95% accuracy) under 
favourable SNR conditions (10 dB), whilst three observations 
improve robustness (over 98% accuracy) and reduce sensitivity to 
outlier measurements. The transition from one to three observations 
produced accuracy improvements of 0–5 percentage points across 
most operating conditions, with the largest gain (approximately 
22 percentage points at the r4b class level under T = 4 N m) observed 
in the only condition for which the single-seed configuration 
produced misclassifications. This pattern is consistent with the 
acquisition anomalies discussed in Section 6.1 and indicates that 
additional seed observations primarily compensate for variability in 
individual recordings rather than improving performance under 

nominal conditions. A practical guideline follows: single 
observations may suffice for proof-of-concept work or high- 
quality laboratory data, whilst three to five observations provide 
redundancy against the recording-level variability typical of 
industrial deployments.

6.3 Sensitivity to noise levels

Although comprehensive SNR sweeps were not conducted, 
supplementary experiments at 5 dB and 15 dB SNR on a subset 
of conditions (T = 2 N m, all classes) indicated graceful degradation. 
At 15 dB, accuracy remained above 99%, whilst at 5 dB, performance 
decreased to 89%–92%, with primary degradation occurring in 
discrimination between adjacent fault severities (e.g., r2b vs. r3b). 
The EWT preprocessing step provides inherent noise resilience by 
isolating fault-sensitive frequency bands, but severe noise (SNR 
smaller than 5 dB) may require additional denoising 
preprocessing or ensemble-based approaches. The 10 dB level 
examined throughout this study represents a conservative 
estimate of typical industrial monitoring conditions based on 
prior literature.

6.4 Component-level ablation

To quantify the contribution of each component in the proposed 
framework, three ablated configurations were evaluated using the 
same CNN architecture and training protocol described in Section 5: 
(a) SINDy applied directly to the raw noisy signal without EWT pre- 
processing (SINDy-only), (b) EWT-filtered coefficients used to train 
the CNN without SINDy-based augmentation, relying solely on the 
available real observations (EWT-only), and (c) the full EWT- 
SINDy pipeline with time-delay embedding deactivated (EWT- 
SINDy-noTDE). All configurations used the single-seed setup at 
10 dB SNR. Table 8 reports the classification accuracy for each 
configuration alongside the full framework across both the broken 
rotor bar and rotor-bearing-disc case studies.

The ablation results confirm that each component contributes 
measurably to the classification performance of the proposed 
framework. The SINDy-only configuration, which bypassed EWT 
pre-processing, produced the lowest accuracy across all conditions 
(40%–58.3%), demonstrating that SINDy cannot reliably identify 
governing dynamics from noisy, unfiltered signals, consistent with 
the reconstruction evidence presented in Figure 15. The EWT-only 
configuration, which relied solely on the available real observations 
without SINDy-based augmentation, improved accuracy to 62.2%– 
73.3%, indicating that EWT filtering alone provides useful fault- 
relevant features but that a single observation per class is insufficient 
for robust classifier training. The EWT-SINDy-noTDE 
configuration, in which time-delay embedding was deactivated, 
achieved accuracy between 77.8% and 91.7%, representing a 

TABLE 7 Execution time comparison across loading and angular velocity conditions.

Case study EWT-SINDy execution time (s) CNN execution time (s)

Broken rotor bar 164.00 242.74

Rotor-bearing-disc 87.95 26.80
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substantial improvement over the single-component ablations but 
remaining consistently below the full framework. This performance 
gap confirms the role of time-delay embedding in enriching the 
state-space representation, as previously illustrated at the 
reconstruction level in Figure 6. Across both case studies, the full 
EWT-SINDy framework outperformed all ablated variants by 
margins ranging from 8 to 60 percentage points, demonstrating 
that the combination of adaptive signal decomposition, state-space 
embedding, and sparse dynamical modelling is necessary to achieve 
the reported classification performance under data-scarce, noisy 
conditions.

7 Conclusion

This paper introduced a data-efficient and interpretable 
framework for addressing data scarcity in rotating machinery 
fault diagnosis by integrating EWT, time-delay embedding, and 
SINDy. The approach extracts fault-relevant features through 
adaptive signal decomposition, identifies sparse governing 
equations, and generates synthetic training data via controlled 
perturbations of initial conditions.

Validation on an experimental broken-rotor-bar test rig and a 
numerical rotor-bearing-disc system showed that, with three real 
observations per fault class, the proposed framework achieved 
classification accuracies above 98% across loads of 1–4 N m and 
speeds of 85–115 rad/s at 10 dB SNR. The framework successfully 
generated synthetic data from as few as one to three real 
observations per fault class, indicating strong potential in settings 
where fault data acquisition is limited or costly.

Comparative analyses against four baseline methods 
(Mixup-DA, ACGAN, VAE, and GAN) showed that, under 
single-observation conditions, EWT-SINDy achieved 
accuracies of 95.6%–100%, whereas all baseline methods 
exhibited lower performance, with ACGAN and GAN 
particularly struggling in the broken rotor bar system under 
severely data-limited scenarios. This observed advantage 
underscores the benefit of physics-guided sparse modelling 
and adaptive empirical wavelet decomposition for few-shot 
augmentation. Furthermore, the interpretability of the sparse 
SINDy equations facilitates physical insight into fault 
progression and early identification of measurement- 
quality issues.

Despite these promising outcomes, several limitations remain. 
The method’s sensitivity to the quality of the initial observations 

necessitates precise data acquisition and consistent sensor 
installation, as evidenced by isolated reconstruction failures. The 
framework has so far been validated only on rotary machinery; its 
applicability to other mechanical systems, fault types beyond those 
examined (unbalance, misalignment and broken bars) and different 
noise characteristics requires further investigation. Finally, although 
computational efficiency is satisfactory for the dataset sizes 
considered here, performance may not scale straightforwardly to 
higher-dimensional systems.

Future research directions include exploring advanced EWT 
schemes to enhance noise resilience beyond 10 dB SNR, refining 
SINDy for higher-noise environments and investigating integration 
with hybrid ML frameworks. Validation on diverse mechanical 
systems, including reciprocating machinery and industrial 
processes, would assess broader applicability. Extension to multi- 
fault scenarios, early fault detection, and real-time monitoring 
would demonstrate practical viability. Comparative studies with 
recent few-shot learning methods, including diffusion-based 
generative models, may result in insights into conditions 
favouring sparse dynamical modelling over purely data-driven 
augmentation.
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