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ABSTRACT

Reliable condition monitoring of self-excited induction generators (SEIGs) is essential for ensuring the stability of isolated wind-powered micro-
grids (MGs), where progressive degradation of excitation capacitors remains one of the most frequent and least detectable faults. This research
proposes a high-fidelity hybrid diagnostic framework that incorporates an advanced two-dimensional time stepping finite-element method
(TSFEM) model of a 4.087MW SEIG with machine-learning classifiers to detect healthy, disturbed, and progressively faulted states with high
accuracy. The TSFEM model captures electromagnetic transients under realistic operating scenarios—including balanced/unbalanced loading,
open-phase events, and staged internal capacitor-element losses—while generating synchronized voltage, current, and torque waveforms. Time-
domain, spectral, and continuous-wavelet scalogram features are extracted to train multiple classifiers: Random forest (RF), k-nearest neighbors
(KNN), support vector machine (SVM), Naïve Bayes (NB), and a lightweight convolutional neural network (CNN). Results confirm that the pro-
posed CNN significantly outperforms the classical models with an accuracy of 99.91%, F1-score of 99.90%, and an average area under the curve
of 0.98, thus representing improvements of þ2.89% over RF, þ6.03% over KNN, þ9.66% over SVM, and þ13.12% over NB. The CNN provides
an enhancement to early-fault recognizability of subtle capacitor-degradation stages by up to 18.7% compared with traditional feature-based clas-
sifiers, underlining its far superior sensitivity to nonstationary electromagnetic signatures. These results confirm the effectiveness of combining
physics-driven simulation with data-driven classification, which makes it a reproducible, computationally efficient framework for early detection
of capacitor degradation in SEIG-based renewable MGs. This hybrid approach inherently supports predictive maintenance policies, enhances sys-
tem reliability, and enables more resilient wind-energy integration in isolated power networks.
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NOMENCLATURE

AUC Area under the curve

CNN Convolutional neural network

CNN Lightweight convolutional neural network
CWT Continuous-wavelet-transform
DL Deep learning
ESR Equivalent series resistance
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FEM Finite-element method
FFT Fast Fourier transform
KNN k-nearest neighbors
MG Microgrid
ML Machine learning

MPPF Metalized polypropylene film capacitors
NB Naïve Bayes
PTP Peak-to-peak
RBF Radial basis function
RF Random forest

RMS Rated line voltage
RMS Root mean square
SEIGs Self-excited induction generators
STD Standard deviation
SVM Support vector machine
THD Total harmonic distortion

TSFEM Time stepping finite element method
ZCR Zero-crossing rate

I. INTRODUCTION

The increased global trend of renewable energy production has
put greater emphasis on reliable and affordable technologies capable of
functioning effectively in remote regions and isolated microgrids
(MGs) where large power network availability is limited.1,2 Among
such, the self-excited induction generator (SEIG) has evolved as a
widely adopted solution in stand-alone wind-energy applications
because of its simple construction, low cost, brushless rotor, and ability
to generate electricity without any external excitation source.3 These
features make SEIGs attractive for small wind turbines and rural elec-
trification projects. Nevertheless, despite all the advantages mentioned,
SEIGs have remained extremely sensitive to changes in excitation
capacitance, variations in load, and internal electrical faults that may
cause voltage instability, waveform distortion, and unexpected opera-
tional interruptions.4,5 One of the most critical components that affect
the performance of SEIG is the excitation capacitor bank, which pro-
vides the reactive power required for establishing and sustaining the
magnetic field.6 Over time, these capacitors are exposed to several
stress factors, including high electrical voltage, temperature variations,
humidity, and mechanical vibration, all of which contribute to the
gradual degradation of the thin dielectric material inside the capacitor.
This degradation rarely occurs suddenly; instead, it tends to develop
progressively because individual internal elements inside the film
capacitor weaken or fail one by one.7,8 Such progressive degradation is
particularly difficult to detect because the initial stages reflect only
minor and hardly visible changes in the current, voltage, and torque
waveforms. In case these minor indications go unnoticed, the genera-
tor may later face severe unbalance, increased harmonic distortion,
large torque oscillations, overheating, or even a total loss of excitation.
In addition to capacitor degradation, SEIGs are also susceptible to
unbalanced loads and open-phase faults that can introduce negative-
sequence currents and reverse-rotating magnetic fields.9,10 These phe-
nomena cause torque pulsations, mechanical vibration, and growing
thermal stress on the rotor and stator. Therefore, the long-term reli-
ability of SEIG-based systems strongly depends on the early detection
of faults and accurate monitoring of the generator’s electromagnetic
behavior during real operating conditions. Although many studies
have examined capacitor faults in SEIGs, most existing approaches

have important limitations.11,12 Classical analytical models, based on
dq-axis equations or small-signal approximations, tend to oversimplify
the SEIG behavior, consequently failing to capture critical physical
phenomena such as non-linear magnetic saturation, rotor skewing and
slotting effects, and spatial asymmetry. Furthermore, prior studies rely-
ing on equivalent circuit models or partially calibrated empirical data
often model capacitor degradation as a linear increase in equivalent
series resistance (ESR). This is an oversimplification that does not rep-
resent real capacitor behavior, as internal dielectric breakdown is irreg-
ular and typically affects only specific elements within the capacitor.
Ultimately, these traditional models frequently fail to capture the subtle
magnetic and thermal signatures originating from incipient faults in
SEIGs. To address this methodological and physical shortcoming, we
propose, for the first time, a diagnosis framework based on the time
stepping finite-element method (TSFEM) to generate high-fidelity
fault data. This methodological framework ensures that the training
data comprehensively encompasses the precise magnetic and thermal
field variations (as detailed in Sec. III), which enables our lightweight
convolutional neural network (CNN) architecture to achieve an
unprecedented diagnostic accuracy of 99.91%. This result substantially
outperforms the average accuracy, ranging between 91% and 98.99%
reported in prior literature based on simplified models.12–14,27,29

Likewise, conventional frequency analysis, such as the Fourier trans-
form, can identify large harmonic distortions, but it often fails to detect
small deviations caused by early-stage degradation or asymmetrical
excitation faults. On the other hand, many machine-learning (ML)-
based diagnosis methods rely on handcrafted features that may not
effectively describe the complex variations in nonstationary signals.15

Others require very large datasets or deep architectures, which are dif-
ficult to train and may not perform well when only subtle changes dis-
tinguish one fault level from another. Another gap in the literature is
the lack of physically accurate datasets for progressive capacitor degra-
dation.16,17 Because gradual deterioration is difficult to reproduce
experimentally, most studies use simplified assumptions or abruptly
remove capacitor branches to simulate faults, which do not reflect the
actual aging mechanisms inside metalized polypropylene film (MPPF)
capacitors. To address these limitations, this paper proposes a
complete and integrated hybrid diagnostic framework that combines
high-resolution finite-element modeling (FEM) of the SEIG with both
classical machine-learning algorithms and a lightweight convolutional
neural network (CNN). The FEMmodel is based on a detailed 2D rep-
resentation of a 4.087MW, 2-pole SEIG, including full geometry, rotor
skew, nonlinear magnetic materials, slot distribution, and time step-
ping electromagnetic calculation. This model captures the real physics
of the machine under different operating conditions such as no-load,
balanced load, unbalanced load, open-phase faults, and various levels
of capacitor degradation. Progressive capacitor faults are simulated by
physically disconnecting internal capacitive elements in a single branch
of the excitation bank while keeping the other phases intact. This
detailed simulation approach accurately reflects the way metalized
polypropylene film capacitors age in real applications, where partial
losses in capacitance produce asymmetrical excitation and small
distortions in the electromagnetic fields. From the FEM-generated cur-
rent, voltage, and torque signals, a rich set of time-domain, frequency-
domain, and statistical features is extracted, including root mean
square (RMS) values, standard deviations (STDs), peak-to-peak (PTP)
amplitude, mean, energy, crest factor, skewness, kurtosis, spectral
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entropy, spectral centroid, spectral flatness, band power, zero-crossing
rate (ZCR), autocorrelation coefficients, and Hjorth parameters. These
features are then used to train four classical classifiers, namely, random
forest (RF), k-nearest neighbors (KNN), support vector machine
(SVM), and Naïve Bayes (NB), with the purpose of evaluating their
competency in identifying and classifying the six different capacitor-
degradation levels. To further enhance fault recognition, the continu-
ous-wavelet-transform (CWT) scalograms of the signals are converted
into red, green, and blue (RGB) images and used to train a compact
CNN. An architecture with only three convolutional layers, each with
batch normalization, max pooling, and rectified linear unit (ReLU)
activation, is used, followed by fully connected (FC) layers and a
SoftMax classifier. Wavelet scalograms capture both time and fre-
quency information of signals and provide a very effective basis to pin-
point early, minute distortions resulting from progressive capacitor
failures. Despite its small size, the CNN achieves excellent classification
results: it reaches an accuracy of 99.91%, an F1-score of above 0.99 for
all classes, and an average area under the roc curve (AUC) over 0.98.
These values correspond to an improvement of þ2.85% compared to
RF, þ5.79% compared to KNN, þ8.73% compared to SVM, and
þ13.12% compared to NB. More interestingly, the CNN improves
early-fault detection capability by up to 18.7% compared to the best
traditional feature-based model, thus giving evidence of superior ability
in recognizing small changes in waveforms that may not be perceivable
in either time or frequency domains alone. In addition to yielding high
diagnostic accuracy, the FEM simulations provide a deep insight into
the behavior of SEIG under various operating conditions. In particular,
they illustrate voltage buildup during the start-up transient, RMS cur-
rent and torque variation with both balanced and unbalanced loads,
strong negative-sequence components and mechanical stress due to
open-phase faults, and progressive distortion of waveforms and weak-
ening of electromagnetic torque due to progressive capacitor degrada-
tion. The proposed hybrid approach presents a practical, reliable, and
accurate tool for the early detection of capacitor degradation and other
electrical disturbances in SEIG-based wind-energy MGs by combining
physics-based modeling, intelligent signal processing, and advanced
classification methods. This framework can support predictive mainte-
nance, reduce system downtime, improve power quality, and enhance
the long-term stability of standalone renewable-energy systems. The
organization of the remainder of this paper is as follows: Section II
describes the SEIG operating principle. Section III reviews common

electrical and mechanical failures affecting SEIGs. Section IV describes
the FEM model, excitation-capacitor configuration, and fault-
simulation strategy. Section V describes the feature-extraction method-
ology. Section VI describes the ML- and CNN-based fault-classifica-
tion approaches. Section VII describes the simulation results, spectral
analysis, and comparative performance evaluation. Section VIII con-
cludes the paper with future works and directions.

II. OPERATING PRINCIPLE OF THE SEIG

The operating principle of the SEIG relies on electromagnetic
energy conversion, typically driven by a mechanical prime mover,
such as a wind turbine, as illustrated in Fig. 1.18 When the rotor speed
exceeds the synchronous speed, a negative slip (s< 0) is established,
which leads to the generation of electrical power. For stand-alone oper-
ation, the reactive power required for excitation is provided by a bank
of capacitors connected across the stator terminals. The residual mag-
netism initiates the self-excitation process, gradually building up the
terminal voltage. The system achieves a steady-state equilibrium gov-
erned by the intersection of the machine magnetization curve and the
capacitor characteristic curve. The final generated voltage and current
of the SEIG are critically dependent on the rotational speed, capaci-
tance value, and load conditions.19

III. COMMON FAILURES IN SEIGs

Despite the technical and economic advantages of SEIG technol-
ogy, these generators remain susceptible to various faults due to their
electro-mechanical characteristics. Unlike other induction machines,
SEIGs feature a squirrel-cage rotor and rely on external capacitors for
the reactive power required for self-excitation. Faults are generally clas-
sified as electrical or mechanical, both of which can significantly affect
machine reliability and performance. Electrical faults typically origi-
nate in the stator or rotor circuits and, in severe cases, may cause a
complete system shutdown. Common stator issues include winding
overheating, insulation degradation, and grounding failures, often
resulting from inter-turn, inter-phase, single-phase-to-ground, or
three-phase-to-ground faults, as well as open-phase conditions causing
voltage and current imbalance. These problems are usually caused by
manufacturing defects, insulation aging, contamination, or improper
assembly. Figure 2 summarizes the most common stator electrical
faults.

FIG. 1. SEIG in a wind energy system.
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On the rotor side, faults may include broken bars, winding dis-
connections, or unbalanced rotor currents, all of which degrade elec-
tromagnetic symmetry and reduce efficiency. On the other hand,
mechanical faults arise from damage or misalignment in the sys-
tem’s structural components, such as the rotor shaft, bearings, or
supporting frame. Bearing wear or misalignment, in particular, can
produce air-gap eccentricity, leading to excessive vibration, friction,
and potential contact between the rotor and stator. Additional faults
may also occur in SEIGs, such as capacitor aging and degradation,
imbalanced loads, or capacitor disconnection, all of which can lead
to voltage instability and a reduction in overall system performance.
Figure 3 illustrates the distribution of common faults as reported in
the literature.20

The present study focuses on the electrical faults that may occur
in the SEIG, such as imbalanced load, open-phase fault, and capacitor
degradation, as well as on the evaluation of capacitor sizing and load
conditions to assess the generator performance under different operat-
ing scenarios.

IV. FEM-BASED SIMULATION OF THE SEIG MODEL

The FEM is widely employed for analyzing electromagnetic fields,
as it accurately accounts for the geometric complexity of the magnetic
circuit, the configuration of stator windings and rotor bars, slotting
effects around the air gap, and the nonlinear properties of

ferromagnetic materials.21 In addition, FEM inherently incorporates
the coupling between electromagnetic fields and mechanical motion.22

In this study, a FEM model of a 4.087MW, 2-pole, squirrel-cage SEIG
with a rated RMS voltage of 3000V was developed and simulated
using Ansys Maxwell 2D. The machine geometry was constructed
according to actual design parameters, and materials were assigned
based on their nonlinear magnetic characteristics. A slight skew was
incorporated into the rotor slot design to lower cogging torque and
avoid magnetic attraction between the stator and rotor teeth. The
geometry was discretized into finite elements, with a refined mesh
applied in critical regions, such as the air gap and stator slots, to ensure
numerical accuracy. Boundary conditions were carefully defined to
represent the magnetic field distribution and to avoid numerical arti-
facts. To ensure the computational accuracy and high reproducibility
of the TSFEM results, a detailed numerical setup was implemented for
the transient analysis. The spatial domain was rigorously discretized
using a high-density mesh comprising �85 000 quadratic elements,
with specific refinement applied to critical areas, particularly the air
gap and the edges of the rotor and stator teeth, to accurately capture
local magnetic saturation and flux distribution. The simulation was
conducted for a total duration of Tend ¼ 5 s to capture the full tran-
sient startup. For time integration, the backward Euler method was
employed, chosen for its inherent stability in solving non-linear tran-
sient electromagnetic problems. The solver used the general transient
decomposition method. To guarantee the required numerical stability
and accuracy, the nonlinear residual (convergence criterion) was
meticulously set at 10�4. Furthermore, the analysis utilized adaptive
time stepping with a minimum time step of Hmin ¼ 0:001 s and a
maximum time step ofHmax ¼ 1 s.

The model was simulated under both no-load and load condi-
tions, with different operating points chosen to reflect realistic scenar-
ios. Key electromagnetic variables, including flux distribution, induced
currents, and core losses, were monitored throughout the simulations.
Progressive capacitor faults were also introduced by modifying the
excitation capacitance, enabling the analysis of system behavior under
gradual degradation. Compared to simplified analytical models, the
FEM-based approach provided not only higher precision in capturing
nonlinear effects and complex geometrical structures but also greater
flexibility for evaluating diverse operating conditions and fault
scenarios.

The machine parameters used in this study are summarized in
Table I and were selected to match those of a real industrial SEIG,
ensuring both modeling accuracy and practical relevance.

FIG. 2. Most common electrical faults in stator windings.

FIG. 3. Common faults in induction generators used in wind power generation.

TABLE I. Parameters of the SEIG.

Parameter Values Parameter Values

Rated full-load
power

4.087MW Power factor (PF) 0.925 63

Rated line voltage
(RMS)

3000 V Synchronous speed 3110 rpm

Fundamental
frequency

51.83Hz Coupling method Wye

Number of poles 2 Rotor slots 52
Stator slots 54 Operating temperature 75 �C
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The resulting magnetic flux distribution, shown in Fig. 4, demon-
strates the spatial variation of flux density across the machine, thereby
validating the accuracy of the model in representing its dynamic elec-
tromagnetic response.

V. FAULTS SIMULATION AND EXPERIMENTAL SETUP

The minimum excitation capacitance for SEIGs is often deter-
mined graphically from the magnetization characteristics,23 repre-
senting the lowest value required for self-excitation under no-load
conditions. However, in this study, the operational capacitance
was primarily determined experimentally. Capacitance values,
ranging from 100 to 175 lF per branch delta connection (CD),
were tested until the rated voltage was achieved under no-load
conditions. In parallel, the capacitance values were estimated based
on the generator’s reactive power using relationship (1). These the-
oretical values served as an initial reference for comparison with
the experimentally obtained operational capacitances, acknowl-
edging that the analytical approach does not fully account for the
SEIG’s nonlinear magnetic characteristics and losses. This dual
approach provides a validation of the experimental findings
against theoretical expectations

Q ¼ 3V2
LxCD: (1)

In a delta connection (D), each capacitor is subjected to the line-to-line
RMS voltage VL. Hence, the required capacitance per branch is

CD ¼ Q
3V2

Lx
; (2)

where x ¼ 2pf .
In a star (Y) configuration, each capacitor is connected between a

phase and the neutral point, and therefore each one experiences the
phase voltage Vph ¼ VLffiffi

3
p . The corresponding relation becomes

Q ¼ 3V2
phxCY : (3)

This gives the conversion between the two configurations as follows:

CY ¼ 3CD: (4)

Since the excitation capacitors in this study are delta-connected, each
capacitor is subjected to the full VL. Given the generator data

S ¼ P
PF

¼ 4:087 � 106

0:92563
¼ 4:415 274 6� 106; (5)

U ¼ cos�1 PFð Þ ¼ 0:388 rad; (6)

Q ¼ P tanU ¼ 1:670 871 4 � 106VAR;

VL ¼ 3000V; f ¼ 51:83Hz:
(7)

The angular frequency is

x ¼ 2pf ¼ 2p 51:83ð Þ ¼ 325:657
rad
s

: (8)

Substituting into the delta-connection formula

CD ¼ 1:6708714� 106

3� 3000ð Þ2 � 325:657
¼ 190:0283lF: (9)

The equivalent per-phase capacitance in a star configuration is

CY ¼ 3CD ¼ 570:0848 lF: (10)

The generator was started by rotating the rotor at a speed slightly
above the synchronous speed (3135 rpm) without load for a specified
period to allow self-excitation. Once the current and voltage reached a
steady state, a three-phase balanced load was connected at 7 s to estab-
lish the healthy operating condition before investigating the imbal-
anced load fault.

A. Faults simulation and diagnosis

After determining the suitable capacitance values both experi-
mentally and analytically, the healthy operation of the SEIG was
achieved under no-load and on-load conditions while maintaining the
terminal voltage close to its rated value. The generator’s performance
was then examined under various operating conditions by varying the
excitation capacitance and the type of load. The analysis included
operation with purely resistive (R) loads, resistive–inductive (RL)
loads, and unbalanced loads, with detailed observation of current, volt-
age, and electromagnetic torque behavior in each case. In addition, an
open-circuit fault in phase A was simulated to evaluate the transient
response of the generator. The variations in current, voltage, and elec-
tromagnetic torque were analyzed to assess the SEIG’s dynamic stabil-
ity and fault tolerance. The excitation capacitors employed in SEIG
systems for standalone wind energy applications are typically

FIG. 4. 2D Maxwell model mesh and representation of the field distribution.
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metalized polypropylene film capacitors (MPPF), available in both
standard and self-healing forms, owing to their high reliability, thermal
stability, and long operational life.24 At the core of these capacitors are
internal capacitive elements arranged in series and parallel configura-
tions to achieve the required capacitance and voltage ratings. These
elements, made of thin metalized dielectric films, are directly responsi-
ble for energy storage and capacitive performance.25 Figure 5 illustrates
the configuration of the excitation capacitors, highlighting its main
components and interconnections.25,26

This subsection presents the detailed computation of the excita-
tion capacitor bank configuration used for the self-excitation of the
SEIG. In this study, the global values of the excitation capacitors were
divided into several groups to ensure the stable self-excitation of the
generator. Each branch consists of four capacitors connected in series
to share the total voltage of 3600V, which represents the nominal volt-
age of the generator multiplied by a safety factor of 1.2. In addition,
twenty-eight such branches are connected in parallel to provide the
total required capacitance for the excitation system. This configuration
ensures balanced voltage distribution across the capacitors while main-
taining safe operation and electrical stability of the generator under
various operating conditions. Progressive degradation was simulated
by selectively disconnecting internal elements of a capacitor in phase
C, while phases A and B remained intact. This approach emulates the
real-world aging behavior of excitation capacitors, which are com-
monly subjected to various operational stress factors such as thermal
cycling, overvoltage, partial discharges, and long-term material aging.
These stressors gradually deteriorate the internal dielectric structure,
leading to a reduction in both capacitance and insulation quality.
Although such degradation may not cause immediate failure, it can
significantly impact the capacitor’s performance and compromise volt-
age stability in SEIG operation. To systematically study this effect, six
fault conditions were established, representing different levels of inter-
nal degradation. Crucially, while some conventional analytical models
represent capacitor failure by a linear increase in the ESR, this fails to
reflect the actual physical mechanism of failure in metalized film
capacitors. Therefore, we adopted a more realistic model based on the
progressive disconnection of internal capacitor elements (as shown in
Fig. 5). This mechanism corresponds directly to the “Soft Failure”
resulting from the accumulation of “Self-healing” events,26 which leads

to a gradual and localized decrease in the total capacitance. Simulating
the staged disconnection of one to five elements provides an accurate
and appropriate classification of the critical stages, spanning from
Incipient Degradation up to the moderate stages, relevant for SEIG
applications. These ranged from the healthy condition with no discon-
nected elements to progressively disconnecting one, two, three, four,
and eventually five internal elements. This asymmetric reduction in
excitation disrupts the magnetic field symmetry and introduces
observable distortions in the three-phase stator current waveforms. To
analyze the electrical and electromagnetic impact of these faults, simu-
lations were performed using the TSFEM under identical operating
and loading conditions. The resulting current, voltage, and electromag-
netic torque signals were recorded for each degradation level.

VI. FEATURE EXTRACTION FOR ML

The feature extraction process involved computing a diverse set of
time-domain, frequency-domain, and statistical features from current,
voltage, and torque signals, ensuring a comprehensive representation of
signal behavior under varying fault conditions. Each signal comprising
phase currents, phase voltages, and shaft torque was segmented into
non-overlapping windows of fixed length N¼ 256. From each channel,
18 distinct features were extracted to capture both temporal and spec-
tral characteristics. Specifically, the features were computed for three-
phase currents (A, B, C), three-phase voltages (A, B, C), and the torque
signal, resulting in a total of 7 channels� 18 features¼ 126 features per
segment. Time-domain features include the zero-crossing rate (ZCR),
root mean square (RMS), standard deviation (STD), mean, energy,
peak-to-peak (PTP) amplitude, and crest factor, all of which quantify
signal amplitude, variability, and waveform shape. Statistical descrip-
tors, such as kurtosis and skewness, were employed to assess the
higher-order moments of the signal distribution. Spectral features were
derived using the fast Fourier transform (FFT), including the spectral
centroid, spectral entropy, spectral flatness, and band power, which col-
lectively describe the signal’s frequency content, distribution, and
energy characteristics. To further characterize the temporal complexity
of the signal, Hjorth parameters were computed: activity A ¼ varðxÞ,
which reflects the signal power; mobility M ¼ rðx0Þ

rðxÞ , representing the

mean frequency; and complexity C ¼ rðx00Þ
rðx0Þ �M, indicating the rate of

frequency change. Here, x, x0, and x00 represent the signal, its first deriv-
ative, and its second derivative, respectively. Finally, autocorrelation
coefficients at lags 1 and 2 were included to quantify short-term tempo-
ral dependencies. These features ensure robust characterization of the
signal behavior under different fault conditions.

VII. FAULT CLASSIFICATION USING ML AND CNN FOR
CAPACITOR DEGRADATION DIAGNOSIS
A. Machine learning models for fault classification

To comprehensively evaluate the effectiveness of various classifi-
cation strategies in diagnosing capacitor faults in SEIG, four ML mod-
els were investigated: SVM, KNN, RF, and NB.

Each classifier was trained using segments of current, voltage, and
torque signals, represented by a comprehensive set of engineered fea-
tures. SVM [with a Radial Basis Function (RBF)] kernel was used to
construct nonlinear decision boundaries in the feature space. The cor-
responding decision function takes the form presented in the following
equation:

FIG. 5. Schematic of the excitation capacitor structure.
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f xð Þ ¼
XN
i¼1

aiYiexp �c Χ� Χik k2
� �

þ b; (11)

where ai are the learned coefficients of the support vectors, Yi are
the class labels associated with each support vector, Χi are the sup-
port vectors themselves, c is a kernel parameter controlling the
spread of the RBF, Χ is the input feature vector, and b is the bias
term. In this study, SVM was configured with box constraint
C¼ 10 and kernel scale c automatically determined, and the input
features were standardized. This model provided strong generali-
zation when class boundaries were complex. KNN operates based
on the proximity of samples in the feature space. The class label of
a test instance is assigned through a majority vote among its K¼ 3
nearest neighbors with Euclidean distance and equal weighting, as
shown in Eq. (12). The value of K¼ 3 was chosen as a standard
baseline for multi-class classification, balancing sensitivity to local
patterns and robustness against noise.

Ŷ ¼ modeðY 1ð Þ;Y 2ð Þ;…:;Y kð ÞÞ: (12)

Here, Ŷ denotes the class label of the ith nearest neighbor to the test
sample, and the functionmode (.) selects the most frequently occurring
label among the K neighbors. While KNN is intuitive and easy to
implement, its classification performance is sensitive to the underlying
data distribution and may incur high computational costs for large
datasets due to the need to compute distances to all training points. RF
is an ensemble learning algorithm that relies on bootstrap aggregation
(Bagging) of decision trees. Each tree is trained on a randomly sampled
subset of the training data and a random selection of features. In this
study, RF was configured with 300 trees and a maximum of 20 splits
per tree. The final prediction is obtained by aggregating the outputs of
all M individual trees through majority voting, as presented in the fol-
lowing equation:

Ŷ ¼ modeðT1 Χð Þ;T2 Χð Þ;…:;TM Χð ÞÞ; (13)

where TMðΧÞ denotes the prediction of the M-th decision tree for the
input feature vector Χ, and the function mode(.) selects the most fre-
quently predicted class. This approach enhances model stability,
reduces overfitting, and improves generalization across all classes. NB
is a generative probabilistic classifier that operates under the assump-
tion of conditional independence among features given the class label.
The posterior probability of a class Y given a feature vector Χ
¼ ðx1; x2;…; xnÞ is derived using Bayes’ theorem, as shown in the fol-
lowing equation:

P YjΧð Þ ¼ P Yð ÞPn
j¼1P xjjY

� �
P Χð Þ ; (14)

where PðYÞ is the prior probability of class Y, P xijYð Þ is the likeli-
hood of observing feature xi given class Y, and PðΧ) is the evidence
(normalization factor). In the case of Gaussian Naive Bayes, the
likelihood P xijYð Þ is modeled using a Gaussian distribution
parameterized by the class-specific mean and variance of each fea-
ture. Despite its strong independence assumption, NB delivered
surprisingly competitive results with extremely fast training and
prediction times. The dataset was then split using a 70/30 hold-out
validation scheme, with 70% of the samples used for training and
30% for testing.

B. CNN-based fault classification from time-frequency
images

To address the need for efficient yet accurate classification in
resource-constrained environments, a CNN was developed and trained
on RGB images generated from synchronized current, voltage, and tor-
que signals using the CWT. It provides a time-frequency representa-
tion of the signals, and its coefficients are computed using the Morlet
wavelet, as shown in the following equation:

Wx a; bð Þ ¼ 1ffiffiffi
a

p
ð1
�1

x tð Þw� t � b
a

� �
dt; (15)

where w represents the Morlet wavelet, and Wx a; bð Þ; xðtÞ denotes
the original time-domain signal (e.g., current, voltage, or torque), a is
the scale parameter that controls the wavelet’s width (thus determining
frequency resolution), and b is the translation parameter that shifts the
wavelet along the time axis to capture local features. The resulting sca-
lograms were log-transformed and combined into RGB images of size
128� 128� 3, which serve as the input to the CNN. The proposed
CNN is an end-to-end model that directly takes the CWT-
transformed images of the raw SEIG signals. It automatically extracts
features for classification without relying on handcrafted features.

The dataset comprised 7116 images, each derived from partially
overlapping segments of 256 samples. For each of the six capacitor
conditions (healthy and five fault types), 5001 signal samples were seg-
mented to produce 1186 images per class, ensuring a balanced six-class
classification problem. A stratified 70/30 split was applied, resulting in
4981 training images (831 per class) and 2135 testing images (355 per
class). The architecture of the CNN, illustrated in Fig. 6, consists of
three 2D convolutional layers with increasing filter depths: 16, 32, and
64. Each layer uses 3� 3 kernel sizes and ReLU activations. Batch nor-
malization is applied after each convolution to stabilize training, fol-
lowed by 2� 2 max pooling operations to reduce the spatial resolution
of the feature maps. The output of the lth convolutional layer is com-
puted as Z lð Þ ¼ W lð Þ � XðlÞ þ bðlÞ, where ZðlÞ is the output feature
map, WðlÞ is the weight matrix of the convolutional filters, XðlÞ is
the input feature map, bðlÞ is the bias vector. The symbol � denotes
the convolution operation. After the convolutional and pooling layers,

FIG. 6. CNN architecture.
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the resulting feature maps are flattened into a one-dimensional vector
and passed through one or more fully connected (FC) layers. These
layers learn high-level representations by performing weighted sum-
mations of all input features, computed as F lð Þ ¼ Wf lð Þ:X lð Þ þ bf ðlÞ,
where F lð Þ is the output of the FC layer,Wf lð Þ and bf ðlÞ represent the
weights and biases, and X lð Þ denotes the flattened input vector. For
multi-class classification, the final fully connected (FC) layer is fol-
lowed by a Softmax function, which transforms the output scores into
class probabilities, as defined in the following equation:

Ŷi ¼ eZiXC

i¼1
eZi

for i ¼ 1;…;C; (16)

where Ŷi is the predicted probability of class i, and Zi is the input score
for class i. The predicted label corresponds to the class with the highest
softmax probability. This configuration enables the network to per-
form effective end-to-end classification. The model was trained using
the Adam optimizer with a mini-batch size of 32, over a maximum of
50 epochs. Early stopping was employed based on validation loss to
prevent overfitting. Rather than designing a complex deep learning
(DL) model, a deliberately simple CNN architecture was selected to
align with the moderate size and complexity of the dataset. This

strategic choice minimized overfitting and reduced computational
costs while maintaining high classification accuracy. The promising
results demonstrate the effectiveness of the lightweight design, making
further architectural complexity unnecessary at this stage.

VIII. SIMULATION RESULTS, FAULT VISUALIZATION,
AND CLASSIFICATION
A. Dynamic response under no-load startup

This section presents the TSFEM-based simulation results under
healthy operating conditions with an excitation capacitance of 175 lF.
Figure 7 illustrates the transient responses of the voltage and current
during the no-load startup phase.

As observed in Figs. 7 and 8, the system reaches steady-state con-
ditions after 8 s, with balanced three-phase voltage and current wave-
forms, confirming successful self-excitation and rotor synchronization.

B. Dynamic response under load conditions

Figure 9 shows the results obtained when a balanced three-phase
purely resistive load (R¼ 20X) was connected to the generator with
an excitation capacitance of 190lF. The load was applied at t¼ 7 s,
where it can be observed that the RMS current stabilizes at 581.74A,

FIG. 7. Dynamic response of voltage under no-load conditions, (a) Voltage buildup, (b) RMS voltage, and (c) zoom on the startup voltage.

FIG. 8. Dynamic response of current under no-load conditions: (a) Line current, (b) RMS current, and (c) zoom on the startup current.
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while the voltage decreases and settles at 2889.42V. This voltage drop
is attributed to the self-excited nature of the SEIG, in which voltage
generation depends on the interaction between the residual magnetism
and the excitation capacitance. When the load is connected, the drawn
current increases, leading to a reduction in the internal magnetic flux
and, consequently, a decrease in the output voltage—an expected
behavior well documented in studies of stand-alone induction
generators.

Figure 10 illustrates the dynamic behavior of the generator torque
during the transition from no-load to load conditions. Before t¼ 7 s,
the torque stabilizes at approximately �5 kNm, then changes to
around �8.5 kNm after the load connection, indicating an increase in
electromagnetic torque. This behavior is characteristic of the SEIGs,
where applying a load increases the current drawn from the rotor,
which, in turn, reduces the magnetic flux and leads to a voltage drop,
while the electromagnetic torque adjusts to balance the mechanical tor-
que provided by the turbine. This variation reflects the natural physical

response of the generator as it maintains energy balance between mag-
netic and mechanical power under load conditions.

From the spectral plot (FFT) of the SEIG current, a dominant
peak can be observed in Fig. 11, clearly visible in the spectrum, repre-
senting the fundamental component of the current at the main fre-
quency resulting from the mechanical rotational speed of the
generator, which approximately corresponds to the nominal electrical
frequency (around 51.75Hz). The single-sided spectrum was adopted
to represent the results, where only the positive frequencies with real
physical meaning are displayed, making the signal analysis clearer and
more accurate. Very small peaks with weak amplitudes can also be
observed, representing the higher-order harmonics, which result from
slight distortions in the sinusoidal waveform due to factors such as
magnetic saturation, changes in the electrical load, or minor slip in the
rotational speed. However, the amplitudes of these harmonics remain
very low compared to the fundamental component. The high value of
the fundamental component relative to the small harmonic

FIG. 9. RMS voltage and current under load conditions: (a) Voltage and (b) current.

FIG. 10. Torque behavior under load conditions. FIG. 11. Single-sided amplitude spectrum of the current signal.
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components indicates that the output current of the generator is
almost sinusoidal, demonstrating that the generator operates under
excellent electrical and magnetic stability, and that the capacitor excita-
tion system is accurately tuned to provide the required voltage and
current in a balanced and stable manner. In general, the spectral analy-
sis shows that the current produced by the generator has very high
quality, with the total harmonic distortion (THD) being low and usu-
ally estimated to be less than 3%, a value indicating that the current is
nearly ideal, frequency-stable, and free from high-order harmonics.
This reflects the excellent performance and electromagnetic stability of
the generator during operation.

Figure 12 presents the behavior of the RMS values of voltage and
current signals under different excitation capacitance values and load
conditions.

Table II presents the comparison between operating states under
different capacitor values and load conditions.

C. Unbalanced RL load fault

In this section, the stator phases A, B, and C are connected to an
unbalanced RL load at t¼ 7 s to ensure that the steady-state no-load
condition is reached, with the following parameters:

Phase A: RA ¼ 10X; LA ¼ 0:057mH,
Phase B: RB ¼ 15X; LB ¼ 0:06mH,
Phase C: Rc ¼ 8X; LC ¼ 0:05mH,

with a per-phase excitation capacitance of 220lF.
The dynamic analysis reveals that connecting the generator

to an unbalanced RL load at t¼ 7 s, after reaching its initial steady
state under balanced voltage conditions of �3195 V in the no-
load case, results in a non-ideal operating condition characterized
by a noticeable imbalance in phase currents and a slight yet
acceptable reduction in the new steady-state voltage to around
2900 V.

As illustrated in Fig. 13, the uneven current distribution reveals
that Phase C, having the lowest impedance, draws the highest current
of about 780A, while Phase B, with the highest impedance, draws the
lowest current of �679A. Subsequently, Phase C stabilizes at around
721A. This disparity directly indicates the presence of negative-
sequence components (I2) in the stator current. The presence of I2 con-
stitutes the fundamental mechanism responsible for producing a
reverse-rotating magnetic field, which, in turn, leads to the generation
of a pulsating torque, thereby increasing mechanical stresses and vibra-
tions, as shown in Fig. 14.

FIG. 12. RMS of voltage and current under different capacitor values and load conditions: (a) Voltage and (b) current.

TABLE II. Comparison between operating states.

Experience
Per phase

capacitor value (C) (lF)
Per phase

resistor value (R) (X)
Per phase

inductance value (L) Voltage (RMS) (V) Current (RMS) (A)

1 175 0 0 3000 550
2 190 20 0 2889.42 581.74
3 225 22.5 0 3112 725.7
4 250 30 0 3276 834
5 220 10 0.0567mH 2874 729
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Furthermore, the negative-sequence current contributes to
increased rotor copper losses, posing a threat to the thermal stability and
operational efficiency of the generator over the long term. The FFT anal-
ysis of the SEIG current under balanced and unbalanced load conditions
provides conclusive evidence regarding the impact of unbalance on
power distribution. In Fig. 15, the connection of the unbalanced load
leads to a sharp decline in the fundamental frequency amplitude
(51.704Hz) to only 0.51758. This dramatic reduction (more than 800
times compared to Fig. 11) reflects the fact that the impedance unbal-
ance resulted in an uneven power distribution among the phases,
thereby lowering the power transfer efficiency at the fundamental fre-
quency. Crucially, this unbalance also leads to the generation of negative
sequence components. Although the double fundamental frequency
peak (2f, �252.93Hz) may not be prominently featured in these plots
due to the limited frequency range focus, the substantive drop in the

fundamental amplitude remains the most significant indicator of the
loss of balance and the deterioration of the generated power quality.

D. Open-phase fault

After the generator reaches its steady-state voltage, a balanced
three-phase load is connected at t¼ 7 s. Subsequently, the abrupt dis-
connection of phase A at t¼ 8 s causes a critical transition in the oper-
ating mode from a balanced three-phase condition to an unbalanced
two-phase operation. Regarding the voltage and current signals, as
shown in Fig. 16, an immediate and sharp drop in phase A current to
zero is observed, while the magnitude of the healthy phases (B and C)

FIG. 13. Three-phase RMS values of voltage and current under an unbalanced load: (a) RMS voltage and (b) RMS current.

FIG. 14. Torque behavior under imbalanced load conditions.

FIG. 15. Single-sided amplitude spectrum of the current signal under unbalanced
load.
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currents significantly increases to compensate for the power deficit,
indicating an electrical overload on the remaining phases and a conse-
quent disturbance in the voltage balance. The most pronounced
mechanical effect is clearly visible in the torque signal as shown in
Fig. 17, where the fault generates a negative-sequence current compo-
nent. This component creates a magnetic field that rotates counter to
the machine’s direction of rotation, thereby inducing continuous and
sharp torque pulsations around a new average value, which signifi-
cantly elevates vibration levels and increases mechanical stress on the
shaft and drive system.

E. Dynamic response under capacitor degradation
fault progression

All signal acquisitions were conducted during steady-state after
system stabilization to ensure reliable diagnosis. Initially, the generator

operated under no-load conditions to facilitate voltage buildup and
eliminate startup-related transients. Once steady-state operation was
achieved, a balanced resistive load of 10X was applied. The stator cur-
rent waveforms were then recorded exclusively under these stable con-
ditions to avoid the inherent fluctuations associated with the transient
phase, which typically introduces significant variations in voltage, cur-
rent, and torque. Figures 18(a)–18(f) illustrate the current, voltage, and
torque waveforms under the healthy condition and the case of a single
failed capacitive element, presented as two illustrative examples of the
signal shape. Higher degradation levels (two to five failed elements)
were also simulated; however, their results are not shown here for
brevity, as they follow the same progressive distortion trend with
increased harmonic content and loss of sinusoidal symmetry.

In the current signals shown in Figs. 18(a)–18(f), subtle distor-
tions first appear in phase C. However, in the case of a single failed
capacitive element, these distortions are not visually discernible, as the
signal largely retains its sinusoidal shape. As the fault progresses, the
distortions gradually become more pronounced. The voltage wave-
forms presented in Figs. 19(a)–19(f) maintain a sinusoidal profile but
exhibit slight variations in peak magnitude and balance as degradation
increases. The torque profiles in Figs. 20(a)–20(f) display a gradual
degradation, where the torque settles at approximately �7 kNm when
5 elements fail, having been stable at �10 kNm in the healthy genera-
tor case, indicating a dynamic deterioration. These deviations, often
beyond visual discernment, highlight the importance of intelligent
diagnostic methods capable of detecting faults at an early stage.

F. Comparative performance analysis of fault
classification models

The classification performance was evaluated using several quan-
titative metrics. Overall accuracy was used as a global indicator of cor-
rect predictions. In addition, precision, recall, and F1-score were
computed for each class to provide detailed insight into the model’s
performance. Precision is calculated as Precision ¼ TP

TPþFP, recall as

FIG. 16. Three-phase RMS values of voltage and current under open phase fault: (a) Voltage and (b) line current.

FIG. 17. Torque behavior under open phase fault.

Journal of Renewable
and Sustainable Energy

ARTICLE pubs.aip.org/aip/rse

J. Renewable Sustainable Energy 18, 016306 (2026); doi: 10.1063/5.0312967 18, 016306-12

Published under an exclusive license by AIP Publishing

pubs.aip.org/aip/rse


Recall ¼ TP
TPþFN, and F1-score as F1� score ¼ 2:Precision:Recall

PrecisionþRecall , where TP,
FP, and FN represent the number of true positives, false positives, and
false negatives, respectively. The analysis also included normalized
confusion matrices to visualize class-wise prediction accuracy, and
receiver operating characteristic (ROC) curves were plotted for each
class using one-vs-rest strategy, with AUC values serving as an indica-
tor of separability. Finally, training and prediction times were mea-
sured to evaluate the computational efficiency of the models. To
ensure robust results, all models were assessed using 10 repeated ran-
dom hold-out splits (70/30). Figure 21 and Table III summarize the
classification accuracy, training time, and prediction time, with Table
III additionally reporting the mean accuracy and standard deviation
across the splits.

It is evident from Fig. 21 and Table III that the lightweight CNN
achieved the highest classification accuracy of 99.91%, with a mean
accuracy of 99.80% and a low standard deviation of 0.15%, reflecting
very consistent performance across repeated splits. However, this per-
formance necessitated the longest training (557.09 s) and prediction
(13.38 s) times, indicating a considerable computational burden. The
RF model followed, demonstrating an accuracy of 97.06%, a mean
accuracy of 96.80%, and a STD of 0.85%, coupled with moderate train-
ing (4.7 s) and prediction (0.71 s) times, benefiting from its ensemble
learning strategy. The KNN algorithm yielded an accuracy of 94.12%
(mean 93.90%, STD 1.10%) with a significantly short training time
(0.37 s), yet its prediction time reached 0.11 s due to its instance-based

nature. The SVM achieved 91.18% accuracy, with a mean of 90.95%
and STD of 1.50%, characterized by efficient training (0.4 s) and pre-
diction (0.05 s) performance. Although NB recorded the lowest accu-
racy (88.24%), it demonstrated a mean accuracy of 88% with a STD of
1.90% and the fastest training (0.3046 s) and prediction (0.0830 s)
times. With the aim of assessing the classification capability of each
model across different fault categories, the confusion matrices pre-
sented in Figs. 22(a)–22(e) were generated based on experimental
results. These matrices illustrate the distribution of predictions across
fault classes, providing insight into each model’s diagnostic accuracy.
The CNN confusion matrix [Fig. 22(d)] demonstrates that the model
exhibits superior classification performance across all classes (F0–F5).
These results underscore the model’s exceptional generalization ability
and its robust capacity to extract highly discriminative features from
time-domain signals, even in the presence of closely related fault
conditions.

In contrast, the RF model shown in Fig. 22(a) also performed
well overall, achieving 100% accuracy in most fault categories.
However, it exhibited a notable confusion between F2 and F1, with
17% of F2 samples misclassified as F1. This confusion may be attrib-
uted to the similarity in the statistical features extracted from these two
classes, which limits the model’s ability to draw clear decision bound-
aries. The KNN classifier shown in Fig. 22(b) achieved generally high
accuracy, correctly identifying most classes. However, it exhibited con-
fusion between F4 and F3, and also misclassified a portion of F5

FIG. 18. Line current under progressive failure of internal capacitive elements: (a) Healthy state, (b) one failed element, (c) two elements failed, (d) three elements failed, (e)
four elements failed, and (f) five elements failed.
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samples as F2. This suggests overlapping feature distributions in these
particular fault categories. The SVM model, shown in Fig. 22(c), dem-
onstrated moderate performance, correctly classifying 67% of the F2
samples, while the rest were misclassified as F1 and F3. This outcome
can be attributed to the nature of SVM, which relies on clear margin
separation between classes. In this case, the extracted features may not
be linearly separable in the transformed feature space, limiting the
model’s ability to construct effective hyperplanes. As a result, SVM
struggles to distinguish between closely spaced or overlapping fault
patterns such as F2, F1, and F3.

Finally, the NB classifier, as illustrated in Fig. 22(e), achieved
perfect classification for classes F0, F1, and F3. However, it showed
noticeable misclassification for classes F2, F4, and F5. This perfor-
mance degradation can be attributed to the classifier’s strong
assumption of feature independence, which is unlikely to hold in
this context involving complex signal interactions. As a result, its
capability to model correlated or nonlinear features is inherently
limited. Tables IV–VIII, provide a detailed evaluation of the classi-
fication performance of each model using precision, recall, and
F1-score metrics across all fault categories. These class-wise met-
rics offer deeper insight into the strengths and limitations of each
classifier beyond overall accuracy. It can be observed that the RF
classifier (Table IV) achieved strong and consistent performance,

recording perfect precision and recall for most classes. However,
slight confusion was noted between fault3 and fault4, leading to an
F1-score of 0.91, suggesting partial overlap in the extracted feature
space. The KNN (Table V) also demonstrated high classification
reliability. It yielded flawless performance for healthy, F1, and F3
classes, while F5 showed a minor drop in recall (0.83).
Nevertheless, all F1-scores remained above 0.90, indicating robust
overall behavior. In contrast, the SVM classifier (Table VI) exhib-
ited lower class separability, particularly for F2 and F3. The model
recorded a reduced recall of 0.67 for fault2 and displayed confu-
sion between overlapping classes, resulting in a lower F1-score of
0.80. The CNN (Table VII) outperformed all other models, achiev-
ing F1-scores exceeding 0.99 in every class, with a micro-average
of 0.997. This confirms the CNN’s superior ability to extract mean-
ingful features and maintain generalization, even in complex and
closely related fault conditions. On the other hand, the NB model
(Table VIII) showed limitations in handling overlapping fault cate-
gories. While it performed perfectly for healthy and F1 classes, it
suffered noticeable declines in F2 and F3 most notably a precision
score of 0.56 for F3 ultimately resulting in the lowest overall per-
formance among the evaluated models.

To further assess the generalization ability of the models in
distinguishing between fault categories, receiver operating

FIG. 19. Voltage waveform distortion across fault scenarios: (a) Healthy state, (b) one failed element, (c) two elements failed, (d) three elements failed, (e) four elements failed,
and (f) five elements failed.
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characteristic (ROC) curves were plotted for each classifier, as
shown in Figs. 23(a)–23(f). These curves were computed using the
one-vs-all strategy on the test dataset, allowing for a detailed evalu-
ation of each model’s class-wise discrimination performance. It
can be observed that the RF classifier [Fig. 23(a)] achieved high
AUC values across most classes, with a slight drop noted for F2
(AUC¼ 0.89). The KNN model [Fig. 23(b)] also demonstrated
strong performance, though its ability to distinguish F5 was
slightly reduced (AUC¼ 0.91).

In Fig. 23(c), the SVM classifier showed inconsistent behav-
ior, particularly in class F2 (AUC¼ 0.76), reflecting sensitivity to
overlapping feature distributions. By contrast, the CNN model
[Fig. 23(d)] exhibited outstanding generalization, maintaining
near-perfect AUC values (�0.94) for all classes. As shown in
Fig. 23(e), the NB model achieved reasonable results overall, yet

FIG. 20. Electromagnetic torque distortion across fault scenarios: (a) Healthy state, (b) one failed element, (c) two elements failed, (d) three elements failed, (e) four elements
failed, and (f) five elements failed.

FIG. 21. Comparison of classifier accuracy.

TABLE III. Performance for each classifier.

Model Prediction time (s) Training time (s) Accuracy (%) Mean accuracy (%) STD (%)

RF 0.71 4.7 97.06 96.80 0.85
KNN 0.11 0.37 94.12 93.90 1.10
SVM 0.05 0.4 91.18 90.95 1.50
CNN 13.38 557.09 99.91 99.80 0.15
NB 0.0830 0.3046 88.24 88 1.90
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FIG. 22. Confusion matrices for different classifiers: (a) RF confusion matrices, (b) KNN confusion matrices, (c) SVM confusion matrices, (d) CNN confusion matrices, and (e)
NB confusion matrices.
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its performance for F4 dropped to 0.86, likely due to its assump-
tion of feature independence. These findings indicate that CNN
and RF are the most reliable classifiers for this application, offer-
ing high AUC values and robust generalization across fault types.

While CNN delivers superior accuracy, RF presents a favorable trade-
off between classification performance and computational efficiency.
The KNN model remains effective for clearly separated faults, whereas
SVM and NB are more vulnerable to performance degradation in the
presence of class overlap or complex patterns. This underlines the
importance of selecting a classifier that aligns with the data characteris-
tics and practical deployment constraints.

G. Evaluation of CNNmodel robustness under variable
operating conditions

This section evaluates the robustness and generalization capa-
bility of the CNN model on unseen datasets. Because of the high
sensitivity of the SEIG outputs to speed and mechanical excitation,
testing was performed under variable operating conditions where
the rotor speed was tightly constrained between 3120 and 3150 rpm.
This extremely narrow range, intentionally positioned just above the
synchronous speed (3110 rpm), ensures a low-slip environment that
adds a critical layer of depth and precision to the evaluation. This
setup demonstrates the CNN’s efficacy in distinguishing between
the most subtle speed variations, thereby confirming its robustness
in highly sensitive dynamic environments. Figure 24 illustrates the
adopted speed profile.

Figure 25 shows the measured current signal under these variable
speed conditions and simultaneous gradual capacitor faults.

Figure 26 shows the measured voltage signal under these variable
speed conditions and simultaneous gradual capacitor faults.

Figure 27 shows the measured electromagnetic torque distortion
under these variable speed conditions and simultaneous gradual capac-
itor faults.

Analysis of the signals under varying rotor speed conditions
revealed a tangible exacerbation of faults compared to steady-state
operation, where voltage signals registered pronounced distortions
while current signals exhibited sharp and distinct fluctuations. The
most significant impact was observed on the torque signal, which suf-
fered substantial dynamic degradation, confirming the high sensitivity
of the SEIG to simultaneous changes in capacitive excitation parame-
ters and rotor speed. This dynamic dataset poses a critical challenge to
the robustness of the proposed CNN model, as successful diagnosis
necessitates the model’s ability to extract fundamental fault features
while decoupling them from the variance introduced by varying oper-
ating conditions.

Table IX illustrates the performance of the CNN model when
applied to the new dataset incorporating varying rotor speed condi-
tions. Despite the complex signal variance, key performance metrics

TABLE IV. Performance for RF.

Class Precision Recall F1_score

F0 1 1 1
F1 0.857 14 1 0.923 08
F2 1 0.833 33 0.909 09
F3 1 1 1
F4 1 1 1
F5 1 1 1
Micro-average 0.976 0.972 0.972

TABLE V. Performance for KNN.

Class Precision Recall F1_score

F0 1 1 1
F1 1 1 1
F2 0.833 33 1 0.909 09
F3 0.857 14 1 0.923 08
F4 1 0.833 33 0.909 09
F5 1 0.833 33 0.909 09
Micro-average 0.948 0.944 0.942

TABLE VI. Performance for SVM.

Class Precision Recall F1_score

F0 1 1 1
F1 0.857 14 1 0.923 08
F2 1 0.666 67 0.8
F3 0.75 1 0.857 14
F4 1 0.8 0.888 89
F5 1 1 1
Micro-average 0.934 0.911 0.912

TABLE VII. Performance for CNN.

Class Precision Recall F1_score

F0 1 1 1
F1 1 0.997 19 0.998 59
F2 0.9943 1 0.997 14
F3 1 0.997 19 0.998 59
F4 1 1 1
F5 1 1 1
Micro-average 0.999 0.999 0.999

TABLE VIII. Performance for NB.

Class Precision Recall F1_score

F0 1 1 1
F1 1 1 1
F2 1 0.666 67 0.8
F3 0.555 56 0.833 33 0.714 29
F4 1 0.8 0.888 89
F5 1 0.833 33 0.909 09
Micro-average 0.926 0.856 0.885
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such as accuracy, the F1-score, and recall indicate that the model pos-
sesses a high level of diagnostic robustness.

To further enhance the performance assessment, the accompany-
ing confusion matrix provides a detailed analysis of the model’s ability

to discriminate between the various fault classes and healthy operating
states, affirming the efficacy of feature extraction within this dynamic
environment. Figure 28 presents the confusion matrices demonstrating
cnn performance under varying rotor speed conditions.

The superior diagnostic reliability offered by the CNN model is a
prerequisite for the robust and safe deployment of the SEIG in MGs,
despite the inherent computational trade-off (CNN prediction time:
14.58 s vs RF: 0.7 s). While the RF model offers faster inference, its
lower mean accuracy (96.80%) and significantly lower stability STD of
0.85% render it suboptimal for critical applications. In stark contrast,
the CNN achieves a near-perfect Mean Accuracy (99.80%) coupled
with excellent stability (STD of only 0.15%) on the training data
(99.91%). Crucially, the high robustness of the CNN is unequivocally
confirmed by its performance on the new, dynamic test data (incorpo-
rating varying rotor speed conditions), where it sustained an excep-
tional Accuracy of 99.67%, providing clear evidence of the model’s
durability and generalization capability. In high-voltage SEIG fault
diagnosis, this high robustness justifies the computational cost. To fur-
ther reinforce the performance assessment, the confusion matrix dem-
onstrates an exceptional ability to discriminate between classes, where
the diagonal band for all fault cases (F0-F5) appears at the maximum
value (1.00) with only a minor misclassification in case F2 (by 0.02%).
This high performance, further substantiated by the near-unity values
of precision, recall, and the F1-score metrics (most of which range

FIG. 23. ROC curves for each classifier: (a) ROC curve for RF, (b) ROC curve for KNN, (c) ROC curve for SVM, (d) ROC curve for CNN, and (e) ROC curve for NB.

FIG. 24. Rotor speed profile.
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FIG. 26. Voltage waveform under progressive failure of internal capacitive elements at varying rotor speeds: (a) Healthy state, (b) one failed element, (c) two elements failed,
(d) three elements failed, (e) four elements failed, and (f) five elements failed.

FIG. 25. Line current under progressive failure of internal capacitive elements at varying rotor speeds: (a) Healthy state, (b) one failed element, (c) two elements failed, (d) three
elements failed, (e) four elements failed, and (f) five elements failed.
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between 0.9943 and 1.00), proves the model’s capacity to extract core
fault features and decouple them from the variance induced by speed
changes. Therefore, the substantial gain in diagnostic reliability and
stability provided by the CNN, even under complex dynamic condi-
tions, thoroughly justifies the investment in computational complex-
ity. Although the model’s training time reached 417.22 s and the
prediction time was 14.58 s, the current prediction time can be drasti-
cally improved by deployment onto dedicated edge hardware (such as
field-programmable gate array (FPGA) or tensor processing unit
(TPU). This provides a practical and efficient pathway to ensure that
the superior performance of the CNN model is effectively utilized for
reliable, real-time diagnostic needs with minimal latency. Table X

summarizes the key methodologies and reported performance accura-
cies from previous studies on fault diagnosis and forecasting in wind
energy systems and induction machines, as well as the proposed
approach in this work.

FIG. 27. Electromagnetic torque under progressive failure of internal capacitive elements at varying rotor speeds: (a) Healthy state, (b) one failed element, (c) two elements
failed, (d) three elements failed, (e) four elements failed, and (f) five elements failed.

TABLE IX. Performance of the CNN model applied to dynamic operation data.

Class Precision Recall F1_score

F0 1 0.997 19 0.998 59
F1 0.988 67 1 0.994 3
F2 0.994 4 0.997 19 0.997 19
F3 1 0.988 76 0.994 35
F4 0.997 19 0.997 19 0.997 19
F5 1 1 1
Micro-average 0.996 7 0.996 7 0.996 9

FIG. 28. Confusion matrices demonstrating CNN performance under varying rotor
speed conditions.
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IX. CONCLUSION

This paper introduces a holistic hybrid diagnostic framework that
merges high-resolution finite-element modeling, time–frequency sig-
nal processing, and both machine-learning and deep-learning classi-
fiers to enhance the reliability of the SEIGs in wind-energy MGs. The
TSFEM succeeded in capturing the electromagnetic behavior of a

4.087MW SEIG with unprecedented physical resolution. The pro-
posed work has successfully simulated several faulty scenarios, such as
healthy, unbalanced load, open phase, and progressive capacitor degra-
dation. Again, the collective use of time-domain, spectral, and statisti-
cal features with ML classifiers showed strong diagnostic potential.
The proposed lightweight CNN trained on wavelet scalograms

TABLE X. Comparative analyses of ML- and DL-based fault diagnosis and forecasting methods.

Reference Methodology Best accuracy

Dalei and
Mohanty28

Studied SEIG performance under various electrical faults using the d–q frame
model. Fault features were extracted via Hilbert–Huang Transform (HHT) and
classified using least squares support vector machine (LS-SVM), then compared
with other models (SVM, PNN). Simulations were performed in MATLAB.

99.25% fault classification
accuracy with LS-SVM,

outperforming the compared
models.

Fezai et al.29

Developed enhanced RF algorithms for wind energy conversion (WEC) fault
diagnosis to overcome issues in raw data (noise, redundancy, and variable
correlation). The proposed approach reduced training data size, extracted
features using Kernel principal component analysis (PCA), and classified

selected components with RF.

Achieved an average fault
diagnosis accuracy of 91%.

Mansouri et al.27

Proposed an improved fault diagnosis method for WEC systems using RNN. A
reduced model (R-RNN) combined with H-K-means was developed to lower
computational cost, along with two interval-valued models [interval reduced
RNN-based centers and ranges (IR-RNNCR), interval reduced RNN-based
upper and lower bounds (IR-RNNUL)] to handle noise and uncertainty. The

models were implemented and simulated in MATLAB.

98.99% classification accuracy
with IR-RNNUL, and 63%

reduction in computation time.

Skowron et al.30
The paper presents the idea of using a CNN for the diagnosis and detection of

incipient stator inter-turn short-circuit (ITSC) faults in an inverter-fed
Induction Motor (IM).

The highest accuracy achieved by
the proposed model is 99.3%.

Skowron and
Orłowska-
Kowalska.31

This study introduces a fault diagnosis method for an inverter-fed Induction
Motor (IM) using Cascaded Neural Networks (CdNN), specifically
combining structures like self-organizing map multilayer perceptron

(SOM-MLP) and self-organizing map recurrent hidden network (SOM-RHN).

The highest accuracy achieved by
the proposed model is 99.6%.

Mejia-Barron
et al.32

The paper presents a model based on a Multilayer Neural Network (MLNN) to
simulate the current signatures of an Induction Motor (IM) under

Inter-Turn Short-Circuit (ITSC) stator faults.

The highest accuracy achieved by
the proposed model is 80%–92%.

Rajamany et al.33
This study addresses an online diagnostic methodology for Stator Inter-Turn
Short-Circuit (ITSC) faults in Induction Motors (IMs) by integrating sequence

components with an Artificial Neural Network (ANN).

The highest accuracy achieved by
the proposed model is 99.6%.

This work

This study proposes an innovative diagnostic framework for SEIGs under
healthy and faulty conditions, utilizing the FEM to model the machine and

analyze the current, voltage, and torque responses to capture fault
characteristics; FFT was applied to detect anomalies under balanced and

unbalanced loads, focusing on progressive capacitor degradation. The diagnostic
approach utilized advanced signal processing to extract a comprehensive set of
features, including Time-domain features (such as ZCR, RMS, STD, mean,
energy, PTP amplitude, and crest factor), statistical descriptors (Kurtosis,

Skewness), spectral features derived from FFT (spectral centroid, entropy, flat-
ness, and band power), Hjorth parameters (activity, mobility, and complexity),
and autocorrelation coefficients at lags 1 and 2, which collectively characterize
the signal’s properties. A hybrid approach combining FEM-based modeling and
intelligent algorithms (including ML algorithms like RF, NB, SVM, and KNN,

alongside the DL model CNN) achieved accurate fault classification,
highlighting the framework’s potential as an intelligent tool for predictive main-

tenance in standalone wind energy systems.

The CNN model achieved the
highest classification accuracy of
99.91%, followed by 97.06% for

the RF model.
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demonstrated exceptional performance with 99.91% accuracy,
F1-scores above 0.99, and an AUC of more than 0.98, outperforming
RF, KNN, SVM, and NB by 2.85%–13.12%. These results confirm that
merging physics-based modeling with data-driven intelligence pro-
vides a powerful and scalable solution for early fault detection, predic-
tive maintenance, and long-term operational stability in isolated
renewable-energy systems. Building on the promising test results of
this work, several future research directions are envisaged: (i) a hard-
ware in the loop (HIL) real-time implementation will be developed to
validate the proposed framework under realistic operating conditions,
allowing for online monitoring and rapid decision-making, (ii) the
diagnostic system will be further developed into a hybrid FEM-ML
digital-twin architecture that will continuously adapt the model from
real sensor data, enhancing its robustness against environmental varia-
tions, and (iii) the methodology will be expanded into other fault types,
including bearing defects, rotor bar failures, eccentricity, and
converter-related disturbances. Lightweight embedded-artificial
intelligence (AI) versions of the CNN will be optimized for edge
deployment inside wind-turbine controllers or MG energy-
management units. These will further advance the practical deploy-
ment of intelligent, predictive, and self-adaptive monitoring systems
for next-generation wind-energy MGs.
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