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Abstract

This paper presents a reproducible MATLAB R2025b benchmark for evaluating uniform,
adaptive, and event-triggered sampling under a compound power-quality disturbance
in a nonlinear three-phase system. The benchmark combines voltage swell, harmonic
distortion, a damped transient, low-frequency oscillation, and phase unbalance within
a finite interval. Performance is assessed using phase-specific and aggregated three-phase
indicators, including RMSE, maximum error, detection delay, reconstruction percentage,
spectral deviation, critical-time error, symmetrical components, and voltage unbalance
factor. To ensure methodological fairness, the strategies are compared using a common
linear reconstruction method and an additional experiment with an equal sample budget.
Robustness is evaluated for different disturbance severities and durations, as well as under
40 dB and 30 dB noise, using 30 Monte Carlo realizations. The Fault Detection Sensitiv-
ity Index (FDSI) is introduced as a benchmark-specific composite metric and examined
through 1000 weight perturbations of £20%. Under the natural acquisition configuration,
event-triggered sampling achieved the lowest three-phase RMSE (0.0302 p.u.), the highest
reconstruction percentage (96.149%), and the shortest detection delay (7.75 ms). Under
equal-budget conditions, uniform sampling provided the lowest RMSE, whereas event-
triggered sampling retained the fastest temporal response. The complete FDSI ranking
remained stable in 100% of the sensitivity trials. The proposed framework provides a trace-
able pre-validation tool for sampling-based monitoring in industrial networks, microgrids,
and converter-dominated electrical systems.

Keywords: power quality; disturbance; harmonics; sampling; monitoring; detection;
signal reconstruction

1. Introduction

The increasing penetration of power electronic converters, renewable energy sources,
nonlinear loads, and dynamic operating schemes has intensified power-quality challenges
in modern electrical systems [1,2]. Non-stationary disturbances such as voltage swells,
harmonic distortion, switching transients, low-frequency oscillations, and three-phase un-
balance can reduce equipment efficiency, accelerate thermal and insulation stress, and affect
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protection and control performance [3,4]. These effects are especially relevant in converter-
dominated networks, where conventional steady-state indicators are often insufficient to
describe the temporal and spectral evolution of a disturbance [5,6].

Total Harmonic Distortion (THD) remains one of the most widely used indicators for
assessing waveform degradation in systems containing nonlinear loads, converters, invert-
ers, and fast-switching devices. IEEE 519-2022 [7] establishes harmonic-control criteria at
the Point of Common Coupling to limit additional losses, overheating, measurement errors,
insulation deterioration, and unintended protection operation [8-10].

Nevertheless, practical power-quality disturbances rarely occur as isolated phenomena.
Amplitude variations, harmonic injection, transient responses, oscillatory components, and
phase asymmetry may coexist within the same finite interval [11-13]. Their evaluation,
therefore, requires a framework capable of representing the disturbed waveform as a time-
localized, multi-component event rather than as a stationary deviation from nominal
operation [14-16].

Power-quality monitoring has consequently evolved towards digital acquisition, time-
frequency analysis, event detection, intelligent supervision, and data-assisted decision
support. In this process, the sampling strategy directly affects the amount, location, and
diagnostic value of the information acquired. Uniform sampling provides regular acquisi-
tion and simple implementation, but its fixed interval cannot redistribute samples towards
rapidly changing regions.

Adaptive sampling varies the acquisition interval based on local signal dynamics and
may increase temporal resolution around transients, although its performance depends on
tuning parameters and the available sample budget. Event-triggered sampling stores new
information when a predefined variation criterion is satisfied, making it suitable for rapid
detection and selective data acquisition. However, comparisons among these strategies
are often performed using different disturbance models, sample counts, reconstruction
methods, or evaluation indicators, which limits the traceability of the conclusions.

Recent developments in smart grids, microgrids, digital twins, and digital shadows
have further increased the need for reproducible test environments before monitoring
algorithms are transferred to real-time platforms. Digital-twin- and digital-shadow-based
approaches provide close interaction with physical assets, field measurements, and opera-
tional models [17-19]. Their implementation, however, generally requires validated plant
models, high-quality measurements, communication infrastructure, or hardware-in-the-
loop facilities. A controlled analytical benchmark provides a complementary pre-validation
stage in which acquisition, reconstruction, and detection procedures can be examined
under known ground-truth conditions before experimental deployment.

A methodological gap remains in studies comparing sampling-based monitoring
approaches without simultaneously controlling for the disturbance model, temporal evolu-
tion, spectral content, reconstruction rule, and acquisition effort. Under such conditions,
it is difficult to determine whether the observed performance differences arise from the
sampling logic itself, the number of samples, the reconstruction method, or the selected
indicators [20,21]. This limitation becomes particularly relevant in fault-detection and
power-quality monitoring studies, where the absence of a common reference signal weak-
ens repeatability and interpretation [22-25]. A controlled benchmark should therefore
distinguish the contribution of sampling placement, reconstruction procedure, acquisition
density, and disturbance variability within the same evaluation framework.

This study develops a MATLAB-based benchmark for sampling-based monitoring of
a mathematically defined compound power-quality disturbance in a nonlinear three-phase
system. The input signals combine a voltage swell, background, and additional harmonics;
a damped transient; a low-frequency oscillation; and controlled phase unbalance, all within
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a finite interval governed by a smooth temporal envelope. Uniform, adaptive, and event-
triggered strategies are evaluated using phase-specific and aggregated three-phase metrics,
including RMSE, maximum error, detection delay, reconstruction percentage, spectral
deviation, and critical-time error. The electrical characterization also includes THD, STFT,
symmetrical components, and the voltage unbalance factor.

The comparison is organized into complementary experiments. First, each strat-
egy is evaluated under its natural acquisition configuration. Second, the same linear-
reconstruction method is applied to the three sample sets to separate the effect of sampling
placement from that of the reconstruction rule. Third, an equal-sample-budget experi-
ment constrains the final sample counts within 1% of the uniform reference. Robustness
is assessed under different disturbance severities and durations, as well as under 40 dB
and 30 dB measurement noise using repeated Monte Carlo realizations. Event-triggered
sampling is additionally reconstructed using a zero-order hold to represent its practical
digital implementation.

The study also introduces the Fault Detection Sensitivity Index (FDSI) as an origi-
nal benchmark-specific composite evaluation metric. The index integrates reconstruction
fidelity, detection and temporal localization, and signal information preservation. Its
weighting structure is not treated as normative; instead, its stability is tested by applying
1000 independent perturbations to the component weights. The FDSI is therefore inter-
preted together with its constituent metrics and is not used as a substitute for established
power-quality indicators.

Table 1 positions the proposed benchmark with respect to the evaluated sampling
strategies and digital monitoring approaches. The contribution does not lie in proposing
anew sampling algorithm, but in providing a reproducible comparison framework in which
the disturbance model, reconstruction conditions, acquisition effort, three-phase response,
robustness tests, and evaluation metrics are explicitly controlled. This structure supports
the pre-validation of monitoring procedures for industrial electrical networks, microgrids,
and converter-dominated systems before field- or hardware-based implementation.

Table 1. Methodological positioning of the proposed benchmark with respect to related monitor-
ing approaches.

Approach

Purpose Main Advantage Main Limitation Role in This Study

Reference and

Uniform sampling Baseline acquisition =~ Regular and simple Fixed temporal resolution equal-budget baseline
. . Variable-rate Higher density in Parameter-dependent Natural and
Adaptive sampling s . . .
acquisition dynamic regions sample count equal-budget evaluation
Event-triggered Selective Rapid response and Threshold- and Linear and ZOH
sampling acquisition selective storage reconstruction-dependent ~ reconstruction
Digital twin/shadow  Online supervision Interéctlon with Requires Yahdated models DePloyment and
physical assets and real-time data validation framework
Controlled Common reference and  Requires subsequent Algorithmic
Proposed benchmark . . . . I
comparison reproducible metrics experimental assessment pre-validation

The contribution of this work is not a new sampling algorithm, but a controlled and
reproducible benchmark for comparing uniform, adaptive, and event-triggered strategies
under the same compound disturbance and reference signals. The revised framework
controls the reconstruction method, sample budget, three-phase response, and evaluation
metrics, thereby separating the effects of sampling logic, acquisition density, and signal
reconstruction. It also incorporates robustness tests under disturbance variation and
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measurement noise, providing a traceable pre-validation stage before experimental or
field deployment.

The benchmark is formulated for nonlinear three-phase systems and allows the tem-
poral, spectral, and asymmetrical characteristics of the disturbance to be independently
parameterized. For each phase k € {a,b, c}, the disturbed voltage is represented as:

Ok(t) = ag(t)[ox1 () + v (B)] + v (t) + 08 (£) + Opp(£) + ux(t), 1)

where vy (t) is the instantaneous disturbed voltage of phase k; vy 1(t) = V; sin(wot + ¢)
is the balanced fundamental component, with ¢, = 0, ¢, = —27/3, and ¢, = 271/3; and
vy (t) represents the pre-disturbance harmonic background associated with nonlinear
loads and power-electronic interfaces. The time-dependent factor ay(t) introduces the
voltage swell, whereas v;¢ (), vy, k(t), and vy x (t) represent the low-frequency oscillation,
damped transient, and additional harmonic content activated during the disturbance,
respectively. The term uy(t) introduces a controlled phase-dependent amplitude variation
to reproduce mild three-phase unbalance.

The individual components are activated through the same smooth temporal envelope,
thereby preserving continuity at disturbance inception and clearance and avoiding artificial
numerical discontinuities [23,26-29].

The harmonic background and the additional harmonic content are represented by
finite sums of sinusoidal components at integer multiples of the fundamental frequency.
Their magnitudes are selected to reproduce the pre-disturbance and during-disturbance
harmonic levels reported in Table 2. Harmonic deterioration is quantified independently
for each phase using the conventional total harmonic distortion definition.

From a spectral perspective, the model enables the redistribution of energy among
harmonic components during the disturbance to be quantified using the standard

THD definition:
VI Vi
THD(%) = 100 - Y2 1

, 2
Vix (2)

where V}, ; is the RMS magnitude of the si-th harmonic component of phase k, V; i is the RMS
magnitude of its fundamental component, and H is the maximum harmonic order included
in the analysis. The same frequency resolution, observation interval, and harmonic order
are used for the pre-disturbance and disturbed periods to ensure a consistent comparison.
The resulting THD values are interpreted as characteristics of the controlled benchmark
and not as universal compliance limits, since the applicable limits depend on the voltage
level, measurement point, harmonic order, and assessment conditions established in the
relevant power-quality standards.

Because the proposed disturbance evolves over a finite time interval, a station-
ary Fourier spectrum alone does not fully capture its temporal evolution. The time-
frequency content of each phase is therefore evaluated using the discrete Short-Time
Fourier Transform:

Nyp—1

Xy [Wl, E] = Z X [1’[ + ER] w[n] e_jZHm”/NFFT, 3)
n=0

where xi[n] is the discrete phase voltage, w(n] is the analysis window, N, is the window
length, R is the frame shift, and Ngpr is the FFT length. The same STFT configuration is
applied to all strategies to ensure a consistent spectral comparison [30-32].

Uniform, adaptive, and event-triggered sampling are assessed under the same
three-phase benchmark. Their performance is quantified using RMSE, maximum error,
detection delay, reconstruction percentage, spectral deviation, and critical-time error. These
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indicators are integrated into the Fault Detection Sensitivity Index (FDSI), introduced here

as a benchmark-specific composite metric for jointly assessing reconstruction, detection,

spectral preservation, and temporal localization [33-35].

Table 2. Parameters of the controlled benchmark and sampling configuration.

Parameter Symbol Value Unit
Fundamental frequency fo 60 Hz
Simulation frequency fs 8000 Hz
Simulation period T 1/8000 s
Total simulation duration T 15.0 s
Disturbance inception time ts 5.00 S
Disturbance clearance time te 10.00 S
Envelope rise/fall duration ty 0.05 S
Nominal peak amplitude Vi 1.00 pu
Phase-A swell increment Sq 0.30 pu
Phase-B swell increment Sp 0.27 p-u
Phase-C swell increment Sc 0.31 p-u
Pre-disturbance harmonic orders Hbg 3,5,7,11,13 —
Background harmonic amplitudes Abg 0.012,0.048,0.032,0.018,0.010 p-u.
Additional harmonic orders Hq 9,15,21 —
Additional harmonic amplitudes Ay 0.045,0.030,0.018 p-u.
Phase-A pre-disturbance THD THDy pre 6.24 %
Phase-A disturbance THD THD,, gist 7.63 Y%
Damped-transient amplitude Ay 0.15 p-u.
Damped-transient frequency fir 120 Hz
Exponential decay coefficient Yir 2.0 st
Low-frequency oscillation amplitude Ay 0.05 p-u
Low-frequency oscillation frequency fir 5.0 Hz
Phase-dependent unbalance terms Ug, Up, Ue +0.020, —0.015, +0.010 p-u.
Uniform sampling frequency fu 600 Hz
Uniform sampling period Ty 1/600 s
Adaptive minimum interval Atr(r‘:i)n 1/1800 s
Adaptive maximum interval Atr(g;x 1/150 S
Adaptive lower slope threshold Glow 6 pu s1
Adaptive upper slope threshold Ghigh 35 pu s !
Event-trigger threshold ) 0.020 p-u.
Event-trigger guard interval Atguard 1/1200 s
Event-trigger maximum hold interval Athold,max 1/180 S
STFT window length Nw 1024 samples
STFT overlap Nov 870 samples
FFT length NEggr 2048 samples
Maximum harmonic order H 25 —

The objective of this study is to compare the three sampling strategies under natural

and equal-sample-budget conditions, using a common reconstruction method and phase-

specific as well as aggregated three-phase indicators. The analysis also evaluates robustness

under disturbance variation and measurement noise. The aim is to identify the operational

trade-offs among acquisition effort, reconstruction fidelity, detection speed, and signal

preservation rather than to establish a universal ranking [36,37].

The main contributions are: (i) a reproducible three-phase compound-disturbance

benchmark; (ii) a fair comparison using common reconstruction and equal sample bud-

gets; (iii) phase-specific, symmetrical-component, and robustness analyses; and (iv) the

formulation and sensitivity assessment of the FDSI as an original evaluation metric.

https://doi.org/10.3390/en19153578


https://doi.org/10.3390/en19153578

Energies 2026, 19, 3578

6 of 29

o Disturbance Model o Sampling

Section 2 describes the benchmark, sampling strategies, reconstruction criteria, and
evaluation metrics. Section 3 presents the electrical characterization and comparative
results. Section 4 discusses the methodological and practical implications, and Section 5
summarizes the main conclusions.

2. Materials and Methods
2.1. Methodological Approach of the Study

This study presents a controlled MATLAB benchmark to compare uniform, adaptive,
and event-triggered sampling under the same three-phase compound disturbance. The
methodology comprises five stages: signal generation, disturbance modeling, electrical-
feature extraction, sampling and reconstruction, and quantitative performance assessment,

o Evaluation

as summarized in Figure 1.

" Equal-sample-budget
> Three-phase power-electronic RMS (per-phase) RMSE
Three-phase voitage system with composite fault , 7(common for ?” methods) 3 Reconstruction
Z + i e | Nonlinear = =S : 7 . D;Iayf
o—AIA— e e oo <
= J_ —| | | Load THD (per-phase) e SF0ue U.qurm Detection / response
b e o o o Fixed-interval delay
T S —$ e o o o sampling
ce—— 1 [ -> i, ||ln |||I = -» FDSI
I .' e Adaptive FDSI-based
" STFT / Time-Fi L) Information-driven disturbance index
Grid / PCC l l /iTimeZFrequency) ° ®  (variable interval)
" L pcc pesbistemasesing ’,,,,,,,,,,,,,,,,,1‘ Equal-budget
s s ! H @ - T m comparison
: i e [ war o W ! = Common reconstruction
i ﬂﬂm ||° | ‘/T\‘ i =t e m i nggerediby & sample budget
| | disturbance
' | A features Robustness
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= | Sag ' & Three-phase Metrics Reconstruct signals using Across SNR levels,
————————————————————————————————————— i fault types & loads
| e
pagy Quantify trade-offs
e S S o N
e " Fa" e O
NS S N S S
Acquire Model Extract Sample Compare

Figure 1. Five-stage methodology for sampling-based power-quality monitoring. Colors are used
only for visual differentiation, while arrows and connecting lines indicate the sequential workflow
from signal acquisition to performance evaluation.

A high-resolution three-phase voltage is generated from a grid-connected power-
electronic system and modified by a compound disturbance comprising voltage swell,
harmonics, a damped transient, low-frequency oscillation, and phase unbalance. RMS,
THD, STFT, and symmetrical-component indicators are extracted before applying uniform,
adaptive, and event-triggered sampling. The reconstructed signals are then compared
using a common reconstruction rule, equal sample budgets, robustness tests, and temporal,
spectral, three-phase, and FDSI-based metrics [38—40].

2.2. Benchmark Parameterization

Table 2 reports the electrical, disturbance, sampling, and signal-processing parameters
used in the MATLAB implementation. The values define the discrete-time benchmark
and ensure that all sampling strategies are evaluated using the same three-phase reference
signals and compound-disturbance conditions.

The parameters represent a controlled industrial power-quality event rather than
a specific field record. The voltage swell, harmonic components, damped transient, low-
frequency oscillation, and phase-dependent terms reproduce electrical effects associated
with switching operations, nonlinear loads, power electronic converters, and non-ideal
three-phase conditions. This parameterization provides known temporal and spectral
ground truth for evaluating sampling, reconstruction, and detection performance.

https://doi.org/10.3390/en19153578
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The temporal envelope is discretized as e[n] = e(nT;), where T; = 1/ f;. A Hann-type
transition of duration ¢, activates and clears the disturbance between t; and ¢,, preventing
abrupt numerical discontinuities:

0, t< ts,
0.5[1—(:05(71%)}, ts <t <ts+t,
e(t) = 1, ts+t <t <te—t, (4)
O.5{1+cos(n@)}, te—t, <t<t,
0, t> t,

The envelope gradually activates and deactivates the voltage swell, additional har-
monics, damped transient, low-frequency oscillation, and phase-unbalance terms. In the
present implementation, t, = 0.05 s, while t; = 5.00 s and t, = 10.00 s. Consequently, the
complete disturbance remains confined to the prescribed interval and the mathematical
model does not introduce abrupt switching artifacts at its boundaries.

The reference waveforms are generated at a simulation frequency f;, with Ty = 1/ f.
The discrete three-phase reference signal is expressed as:

Xa[n] va(nTs)
x[n] = |xy[n]| = |vp(nTs)|, n=0,1,..., N—1. (5)
xc[n] v (nTs)

This high-resolution sequence serves as the numerical ground truth for the controlled
benchmark. The sampling strategies select different subsets of x[n], which are subsequently
reconstructed on the complete simulation grid. Therefore, the comparison quantifies the
performance of each acquisition-reconstruction chain with respect to the same reference
waveform and disturbance parameters [41-43].

2.3. Qualitative Description of the Composite Disturbance

The benchmark combines five power-quality phenomena within the interval f; = 5.0 s
to t, = 10.0s: voltage swell, harmonic distortion, a damped transient, low-frequency
oscillation, and three-phase unbalance. The phase-dependent swell factors increase the
voltage magnitude, while the background and additional harmonic components raise the
Phase-A THD from 6.24% to 7.63%. A 120 Hz damped transient with a decay coefficient of
2.0 s~ ! is activated at disturbance inception, and a 5 Hz oscillatory component modifies the
voltage envelope. The asymmetric terms u, = +0.020, u, = —0.015, and u, = 4-0.010 p.u.
produce a measurable negative- and zero-sequence response [44—46].

This combination represents a controlled industrial disturbance rather than a spe-
cific field event. Its purpose is to provide a traceable reference in which temporal, spec-
tral, and asymmetrical effects coexist under known conditions. These characteristics are
subsequently evaluated through the three-phase waveform, moving RMS, symmetrical
components, THD, and STFT [47].

2.4. Sampling and Reconstruction Criteria

The three sampling strategies are first evaluated using linear interpolation as a com-
mon reconstruction method. This controlled comparison isolates the influence of the sam-
pling instants from that of the reconstruction rule. Event-triggered sampling is additionally
reconstructed using a zero-order hold to represent its practical digital implementation.
Two acquisition conditions are considered. The natural configuration preserves the sample
count generated by each strategy, whereas the equal-sample-budget experiment adjusts
the adaptive and event-triggered parameters until their final sample counts remain within

https://doi.org/10.3390/en19153578


https://doi.org/10.3390/en19153578

Energies 2026, 19, 3578

8 of 29

1% of the uniform reference. The resulting comparisons therefore distinguish the effects of
sampling logic, acquisition density, and reconstruction method.

2.5. Uniform Sampling

Uniform sampling is used as the baseline acquisition strategy. Its sampling instants

are defined by:
£ — Ty, n=0,1,..., Ny —1, (6)
where T, = 1ms, corresponding to a nominal acquisition rate of 1000 samples per

second, and N, is the resulting number of acquired samples. The sampled values
are x,(c”)[n} = X (t,(q”)). Because the interval remains constant throughout the observa-
tion period, uniform sampling provides regular data acquisition and straightforward
implementation, although it does not increase its temporal resolution during rapid
waveform variations.

For the common-reconstruction comparison, the uniformly sampled signal is recon-
structed by linear interpolation between consecutive samples. This reconstruction rule
is also applied to the adaptive and event-triggered sample sets when evaluating the iso-
lated effect of the sampling instants. In the practical acquisition-chain comparison, the

reconstruction method for each implementation is also reported.

2.6. Adaptive Sampling

Adaptive sampling modifies the acquisition interval according to the local temporal
variation in the monitored waveform. To obtain a bounded and dimensionally consistent
interval, the local variation is normalized with respect to a reference derivative G, and
the adaptive sampling interval is defined as:

(a)

@ _ 3o | Atmax (@) 4,0 _
A= P | T gl At Mt - 1 =

| x[n] —x[n —1] |
TsGref + €

/ )

where g[n] is the normalized local rate of variation, A controls the sensitivity of the adaptive
response, and ¢ prevents numerical division by zero. The operator clip(-) constrains the
interval between the prescribed minimum and maximum values. In the implemented
benchmark, the lower limit prevents excessive oversampling around steep transient vari-
ations, whereas the upper limit prevents prolonged intervals without acquisition during
slowly varying conditions. The adaptive sampling instants are recursively updated accord-
ing to:

(= 0 Al ®)

Accordingly, the sampling density increases as the waveform derivative increases and
decreases as the signal returns to a slowly varying regime. The adaptive parameters are kept
constant throughout each simulation scenario. When an equal-sample-budget comparison
is performed, A and the admissible interval limits are adjusted before the simulation so that
the resulting sample count remains within the predefined tolerance relative to the uniform-
sampling budget. The reconstructed adaptive signal is obtained by linear interpolation,
thereby preserving consistency with the common-reconstruction experiment.

2.7. Event-Triggered Sampling

Event-triggered sampling acquires a new value when either the signal variation
exceeds a prescribed magnitude threshold or the maximum admissible time without
acquisition is reached. The triggering condition is written as:

g[m] = (| X[Wl] - x[nlast] |2 5) v [(m - nlast)TS > Atmax]/ (9)
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where 11,4 is the index of the most recently acquired sample, § = 0.02 p.u. is the magnitude-
change threshold, and Atnax = 0.01 s is the maximum interval permitted between consecu-
tive acquisitions. When &£ [m] is satisfied, the current point is stored and 7y, is updated.
The temporal constraint prevents information loss during intervals in which the signal
variation remains below the amplitude threshold.

For the methodologically controlled comparison, the event-triggered samples are
reconstructed using the same linear interpolation applied to uniform and adaptive sampling.
A second result is obtained using zero-order hold, which represents the conventional
implementation of event-based digital monitoring and control systems. Under zero-order
hold, each acquired value is maintained until the next event is generated. Reporting both
reconstruction conditions separates the influence of the sampling logic from the influence
of the reconstruction method [39,44,48].

2.8. Performance Evaluation Metrics

The reconstructed signals are evaluated on the complete simulation grid and compared
with the high-resolution reference signal. The root mean square error quantifies the average
reconstruction deviation and is calculated for each phase and sampling strategy as:

1 N=t 2
RMSE;; = N Y [x[n] — £ik[n]]%, (10)
n=0

where i € {u,4, e} identifies the uniform, adaptive, or event-triggered strategy, k € {a,b,c}
identifies the phase, and %; x[n] is the reconstructed waveform. In addition to the phase-
specific values, the three-phase RMSE is obtained by aggregating the squared errors of
phases A, B, and C over the same observation interval. The maximum absolute error
identifies the largest local reconstruction discrepancy:

Emax,i,k = ogfgz\ka[n] - Jei,k[n]' (11)

This metric complements the RMSE because a strategy may achieve a low average

reconstruction error while still failing to reproduce an isolated transient peak. The reported

three-phase maximum error is the largest value across all phases and simulation instants.

The detection time is defined as the first reconstructed-signal instant, after the pre-

scribed disturbance inception, at which the selected detection criterion is satisfied. The
corresponding detection delay is

Dyix = max|[0, tgetif — ts]. (12)

The non-negative constraint avoids interpreting pre-event threshold crossings as
negative delays. A common threshold of 1.10 p.u. is applied to all reconstructed signals as
a benchmark detection criterion rather than as a universal protection setting [49-51].

Spectral preservation is evaluated through the normalized Euclidean difference be-
tween the magnitude spectra of the reference and reconstructed signals. Lower spectral-
deviation values indicate better retention of the harmonic content.

The reconstruction percentage represents the proportion of the reference waveform
retained after reconstruction, bounded between 0% and 100%. The same definition is
applied to all strategies and phases. The critical-time error is the absolute difference between
the reference instant of maximum distortion and the corresponding instant identified in the
reconstructed signal. It therefore measures the temporal accuracy with which each strategy
preserves the most severe waveform alteration.

https://doi.org/10.3390/en19153578
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FDSI; = WrMSES; RMSE + WE .S

2.9. Metric Normalization

Because the performance indicators have different units and ranges, they are normal-
ized before calculating the composite index. For cost-type metrics, where lower values
indicate better performance, the score is

L min
_ M;j— M

st =1-
1,] max __ min 4
M]. Mj + ¢

(13)

where M, ; is the value of metric j for strategy i, and M]r-’rlin and M]r-nax are the minimum
and maximum values within the same experiment. This expression is applied to RMSE,
maximum error, detection delay, spectral deviation, and critical-time error. For benefit-type
metrics, where higher values are preferable, the score is

oy Mij M
Si/]' = M]max _ M]gr1in+€‘

(14)

This expression is used for the reconstruction percentage. The normalization limits
are calculated separately for each experiment and remain fixed during the FDSI weight-
sensitivity analysis.

2.10. Fault Detection Sensitivity Index
The normalized metrics are integrated through the Fault Detection Sensitivity Index,

introduced in this study as a benchmark-specific multi-criteria indicator:

+ thsi,Dt + wRSi,R + wSDSi,SD + wECS,-,EC, Zw] =1. (15)
j

The assigned weights are 0.22 for RMSE, 0.14 for maximum error, 0.22 for detection

i,Emax

delay, 0.16 for reconstruction percentage, 0.14 for spectral deviation, and 0.12 for critical-
time error. At the performance-dimension level, reconstruction fidelity, detection and
temporal localization, and signal-information preservation receive total weights of 0.36,
0.34, and 0.30, respectively.

The base weights were assigned according to three monitoring functions represented
with comparable overall importance. Reconstruction fidelity combines RMSE and maxi-
mum error and receives a total weight of 0.36; detection and temporal localization combine
detection delay and critical-time error and receive 0.34; and signal-information preservation
combines reconstruction percentage and spectral deviation and receives 0.30. Within each
function, the larger weight is assigned to the metric that characterizes its global response,
namely RMSE, detection delay, and reconstruction percentage, while the complementary
metric captures local or domain-specific deviations. This structure prevents any single
performance dimension from dominating the index. The subsequent £20% perturbation
analysis tests whether the reported ordering depends on these nominal coefficients.

The FDSI supports the joint interpretation of the individual metrics and does not
replace established power-quality indices. Its robustness is evaluated through weight
perturbation and renormalization, while the constituent metrics, sample count, and recon-
struction method are reported alongside the composite score.

Table 3 summarizes seven representative scenarios used to assess the influence of
disturbance severity, duration, and measurement noise. Deterministic cases are evaluated
once, while the 40 dB and 30 dB noise conditions use 30 independent Monte Carlo realiza-
tions. This compact set captures the principal sources of variability without requiring a full
factorial simulation campaign.
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Table 3. Configuration of the robustness assessment scenarios.

Scenario  Severity Factor Disturbance Duration [s] = SNR[dB] = Number of Runs Evaluated Condition
1 1.0 5.0 Noiseless 1 Nominal benchmark
2 0.8 5.0 Noiseless 1 Reduced disturbance severity
3 1.2 5.0 Noiseless 1 Increased disturbance severity
4 1.0 2.5 Noiseless 1 Short-duration disturbance
5 1.0 75 Noiseless 1 Extended-duration disturbance
6 1.0 5.0 40 30 Moderate measurement noise
7 1.0 5.0 30 30 Higher measurement noise

2.11. Specific Configuration of the Simulation Scenario

The benchmark was implemented using the parameters in Table 2. Three-phase
voltages were generated at 8 kHz, with the compound disturbance applied from ts = 5.00 s
to t. = 10.00 s. The resulting high-resolution signals served as the common numerical
reference for temporal, spectral, asymmetry, sampling, and reconstruction analyses.

The evaluation combined phase-specific and aggregated three-phase indicators. RMS,
THD, and STFT were used to characterize power-quality degradation, while positive-,
negative-, and zero-sequence components and the voltage unbalance factor quantified the
asymmetric response [52-54].

Two sampling conditions were analyzed. The natural configuration preserved the
sample counts produced by each strategy, whereas the equal-sample-budget experiment ad-
justed the adaptive and event-triggered parameters to keep them within 1% of the uniform
reference. Linear interpolation was used for all three strategies in the controlled comparison,
and event-triggered sampling was additionally evaluated with zero-order hold.

Performance was evaluated using Equations (10)—(15). Robustness was assessed for
different disturbance severities and durations, as well as under 40 dB and 30 dB noise
using 30 Monte Carlo realizations per noise level. FDSI sensitivity was examined through
1000 independent weight perturbations of £20%, from which the score range and ranking
stability were obtained. Figure 1 summarizes the complete workflow.

2.12. Pseudocode for Reproducibility

Algorithm 1 summarizes the MATLAB implementation used to reproduce the bench-
mark. The procedure generates the high-resolution three-phase reference signals, applies
the three sampling strategies, reconstructs the sampled waveforms, and computes the
phase-specific and aggregated performance indicators. The same disturbance model and
reference grid are used throughout the analysis to ensure that the observed differences
arise from the sampling, reconstruction, and acquisition conditions.

Algorithm 1. Controlled benchmark for sampling-based monitoring.

Input:

- Simulation parameters: fg, fo, T, t;, te, t:

- Disturbance parameters: swell, harmonics, transient, oscillation, unbalance

- Sampling parameters: T, Atl(si)n, Atggx, Giows Ghighs 8, Atguard, Athold,max

- Robustness parameters: severity, duration, SNR, number of Monte Carlo runs
- FDSI parameters: base weights and perturbation range

Output:

- Reconstructed three-phase signals, phase-specific and aggregated metrics,

equal-budget verification, robustness statistics, and FDSI sensitivity results
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Algorithm 1. Cont.

Generate the time vector and the Hann-type disturbance envelope e(t).
Construct the nominal and disturbed voltages v,(t), v}, (t), and vc(t).
Compute RMS, THD, STFT, symmetrical components, and VUFE.
Apply uniform, adaptive, and event-triggered sampling to the same
reference signals.

L

5L

Reconstruct all sampled signals using linear interpolation.

*

Reconstruct the event-triggered signal additionally using zero-order hold.

7. Compute, for each phase and strategy, RMSE, maximum error, detection
delay, reconstruction percentage, spectral deviation, and critical-time error.

8.  Aggregate the phase-specific results into three-phase indicators.

9.  Evaluate the natural acquisition configuration and record the resulting
sample count.

10.  Adjust the adaptive and event-triggered parameters until their sample
counts remain within 1% of the uniform reference.

11. Repeat the analysis for the defined severity, duration, and noise scenarios;
use 30 Monte Carlo realizations for the 40 dB and 30 dB cases.

12.  Normalize the metrics using Equations (13) and (14) and calculate the FDSI
using Equation (15).

13.  Perturb the FDSI weights 1000 times within =+ 20%, renormalise them, and
calculate the minimum, maximum, mean, standard deviation, first-rank
probability, and complete-ranking stability.

14. Report the results for the natural, common-reconstruction, equal-budget,

robustness, and FDSI-sensitivity experiments.

Algorithm 1 provides a direct link between the mathematical formulation and the
reported results. Reconstruction and monitoring performance is quantified through the
metrics defined in Equations (10)-(15), while the equal-budget verification controls the effect
of acquisition density. The robustness scenarios assess the influence of disturbance severity,
event duration, and measurement noise, and the weight-sensitivity analysis determines
whether the FDSI ranking remains stable under moderate changes in metric importance.

3. Results

The results are organized to evaluate the benchmark from electrical characterization
to sampling performance. First, the temporal, spectral, and asymmetric features of the
three-phase disturbance are quantified. The sampling strategies are then compared under
common reconstruction, natural acquisition, and equal-sample-budget conditions. Finally,
robustness to disturbance variation and measurement noise is assessed together with the
sensitivity of the proposed FDSL

All results are obtained from the same high-resolution three-phase reference signals,
with the compound disturbance applied from ¢; = 5.00 s to t, = 10.00 s. Phase-specific and
aggregated three-phase indicators are reported to account for the unbalance included in
the benchmark. Graphical and quantitative results are presented throughout this section
according to the corresponding analysis.

To improve the traceability of the results, Table 4 summarizes the principal quantitative
indicators obtained from the temporal, spectral, and monitoring analyses. It provides
a concise overview of the relationships among the model variables, disturbance behavior,
and sampling-performance metrics.
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Table 4. Summary of the principal quantitative results obtained from the controlled benchmark.

Analysis Dimension Main Indicator Value Interpretation
Disturbance definition Disturbance interval 5.00-10.00 s Finite compound-disturbance window
Voltage excursion Phase-A maximum 1.514 p.u. at 5.3874 s Maximum instantaneous voltage during
the event

Harmonic distortion Phase-A THD 6.24% t0 7.63% Increase of 1.39 percentage points
Relative harmonic variation =~ Relative THD increase 22.3% Measurable spectral degradation
Three-phase asymmetry VUF 0% to 0.929% Mild but measurable voltage unbalance
Natural acquisition effort Sample count U:9001; A: 23,524; Data V'olume produced by each

E: 16,328 sampling rule

Best natural reconstruction

Event-triggered:

Three-phase RMSE Lowest aggregate reconstruction error

0.03020 p.u.
Highest nat.ural Reconstruction Event—trlg§ered: Highest retained waveform fidelity
reconstruction percentage 96.149%

Fastest natural detection

Event-triggered:

Detection delay Shortest disturbance-localization delay

0.007750 s
Natural composite U: 0.60574; A: 0.21741;  Composite result under common linear
FDSI .
performance E: 0.99989 reconstruction
Equal-budget outcome Sample count U:9001; A: 9000; E: 8981 Maximum deviation of 0.2222% from
the target
Equal-budget trade-off FDSI U:0.77818; A: 0.19748;  Uniform and event-triggered provide

E: 0.77189 comparable composite performance

Abbreviations: U, uniform; A, adaptive; E, event-triggered.

3.1. Temporal Characterization of the Three-Phase Disturbance

Figures 2—4 characterize the temporal input signals at global, local, and cycle-averaged
levels. Figure 2 shows that the three-phase waveform remains within its nominal amplitude
range before t = 5 s and returns to this condition after t = 10 s.

Three-Phase Response under the Controlled Compound Disturbance

1.5 - 5

1 I8 L2

05 12 12

— U | 12

=} |g 2
= I I
D : I I
I I
g-05 I I
= I I
5 | |
I {
-1.5 I |
I I
29 1 |

0 5 10 15
Time [s]
[——Phase A disturbed —— Phase B disturbed Phase C disturbed|

Figure 2. Three-phase response under the controlled compound disturbance.

Within the prescribed disturbance interval, the voltage envelope increases from ap-
proximately 1 p.u. to peak values close to 1.4 — 1.5 p.u. The transition remains confined to
the analytical disturbance window, confirming that the temporal envelope activates and
clears the compound event without extending its effect into the nominal intervals.

The complete 15 s representation intentionally shows the sustained modification of
the voltage envelope; however, the individual cycles are resolved more clearly in Figure 3.
The Phase-A detail around the disturbance inception shows that the nominal and disturbed
signals coincide before t = 5 s, after which the smooth ramp introduces the voltage swell
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1

Moving RMS [p.u

and the superimposed oscillatory components. The maximum distortion instant occurs
shortly after inception, during the interval in which the damped transient, harmonic
injection, and amplitude transition coexist. This local condition defines a demanding
reconstruction interval because the signal combines a rapid envelope variation with non-
sinusoidal content.

Phase-A Detail with Critical Distortion Instant
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Figure 3. Phase-A detail at disturbance inception and critical distortion instant.
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Figure 4. Moving RMS of the three phase voltages.

The moving-RMS values in Figure 4 provide a cycle-based representation of the
three-phase amplitude change. Before the event, the RMS remains close to 1/+/2, approxi-
mately 0.707 p.u., as expected for a unit-peak sinusoidal voltage. During the disturbance,
the phase RMS values increase to approximately 0.90-0.93 p.u., with Phase B exhibiting the
lowest value and Phase C the highest. The separation between the phase RMS trajectories
confirms that the disturbance modifies both the common voltage magnitude and the rela-
tive three-phase balance. The RMS values remain below the 1.15 p.u. monitoring threshold;
therefore, the benchmark cannot be fully characterized through a single amplitude criterion
and requires the complementary spectral and asymmetry indicators presented below.

Taken together, Figures 2—4 establish the temporal ground truth used by the sampling
experiments. The global waveform identifies the finite disturbance interval, the local
view resolves the transition and the critical distortion point, and the RMS trajectories
quantify the sustained phase-dependent amplitude change. These signal characteristics
reproduce conditions relevant to converter-fed industrial networks, variable-speed drives,
UPS systems, and microgrids, where a disturbance may combine a persistent voltage
variation with short-duration components that require different acquisition resolutions.
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3.2. Three-Phase Asymmetry and Time-Frequency Content

Figures 5 and 6 extend the assessment from time-domain amplitude to sequence
components, harmonic distortion, and time-frequency localization. The symmetrical-
component results in Figure 5 show that the pre-disturbance voltage is dominated by the
positive sequence, with negligible negative- and zero-sequence components. During the
compound event, the positive-sequence magnitude increases to approximately 1.29 p.u.,
while measurable negative- and zero-sequence components appear. The resulting voltage
unbalance factor increases from approximately 0% to 0.929%.

Three-Phase THD before and during the Disturbance

Symmetrical Components and Voltage Unbalance Factor (VUF: 0.000% to 0.929%)
1 1

] |
During disturbance Pre-fault

I Positive sequence [ Negative sequence [T JZero sequence|

Figure 5. Symmetrical components and voltage unbalance factor before and during the disturbance.
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Figure 6. Three-phase THD and Phase-A time-frequency representation before and during the
compound disturbance.

The sequence-component result verifies that the phase-dependent terms of the an-
alytical model produce an electrically interpretable asymmetric condition rather than
three independently distorted waveforms. A VUF of 0.929% represents a mild but clearly
measurable imbalance, allowing the benchmark to assess whether the reconstruction pro-
cedures retain information associated with the negative sequence. This characteristic is
relevant to monitoring systems for three-phase converters, induction motors, distributed
generation interfaces, and industrial loads, where low levels of voltage asymmetry may
affect current balance, thermal stress, and control performance.

Figure 6 combines the three-phase THD results with the Phase-A STFT. The THD
increases in all phases during the disturbance. For Phase A, it rises from approximately
6.24% to 7.63%, equivalent to an increase of 1.39 percentage points or about 22.3% relative
to the pre-disturbance value. Phases B and C exhibit a comparable increase, demonstrating
that the additional harmonic content affects the complete three-phase system rather than
a single selected signal.
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The STFT localizes this spectral modification between 5 and 10 s. In addition to
the persistent 60 Hz component, the map exhibits reinforced frequency bands during
the disturbance, including components associated with the added harmonics and the
120 Hz transient. The simultaneous changes in THD, time-frequency energy, and sequence
components indicate that the generated event contains temporal, spectral, and asymmetric
information. Consequently, the subsequent sampling comparison evaluates the ability to
preserve a compound diagnostic signature, not merely the amplitude of a voltage swell.

The principal electrical indicators derived from the input signals are summarized
in Table 5. The results confirm that the disturbance simultaneously modifies the voltage
magnitude, harmonic content, and phase symmetry. The positive-sequence component
increases from 1.0000 to 1.2933 p.u., while the negative- and zero-sequence components
reach approximately 0.012 p.u., producing a VUF of 0.929%. These values provide the
three-phase electrical basis for the subsequent sampling analysis.

Table 5. Quantitative characterization of the three-phase compound disturbance.

Indicator Pre-Disturbance During Disturbance Variation
Positive-sequence magnitude [p.u.] 1.0000 1.2933 +29.33%
Negative-sequence magnitude [p.u.] 5.14 x 1071 0.012018 +0.012018 p.u.

Zero-sequence magnitude [p.u.] 7.57 x 10715 0.012041 +0.012041 p.u.
Voltage unbalance factor [%] ~0 0.92925 +0.92925 percentage points
Phase-A THD [%] 6.24 7.63 +1.39 percentage points
Phase-A relative THD increase [%] — — 22.3
Moving RMS [p.u.] ~ 0.707 0.90-0.93 approximately +27-32%
The sequence components confirm that the pre-disturbance system is practically
balanced, whereas the compound event introduces measurable negative- and zero-sequence
voltages and increases the VUF to 0.929%. In parallel, Phase-A THD rises by 1.39 percentage
points, corresponding to a relative increase of 22.3%, while the moving RMS increases to
approximately 0.90-0.93 p.u. These results confirm the simultaneous amplitude, spectral,
and asymmetric degradation represented by the benchmark.
3.3. Common-Reconstruction Comparison of the Sampling Strategies
Figures 7-9 compare uniform, adaptive, and event-triggered sampling using the same
linear-interpolation method. Applying a common reconstruction rule removes a method-
ological source of bias and allows differences in the reconstructed signals to be associated
primarily with the distribution of the sampling instants.
2 Uniform Sampling with Linear Reconstruction
— T2 T | | T
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\ \AR_RANNAAAANAANAAANANANDNAAANAAAANAANANANAANNDAN
%o'f\/\ AATA /\j%\ WA I\I\ AV ANAYAYARAN AN ANAN AN AN AV AVAVANANAVANARANANARANAY
R RVAVAVAVAVAY VAV AVAVAVAVRVAVAYAVAVAVAVAVRVAVAVAVAVAVAVAVAVAVAVAVAVAVAVA
s (VY VV VYWV VYVYVVVYVVVVVVVVVVVYVVYVYVVVYVVY VYV VY
> | | | x
%0 5 5.1 5.2 5.3 5.4 5.5
Time [s]
|—Reference disturbed signal = — Reconstructed signal Acquired samples|

Figure 7. Uniform sampling with common linear reconstruction.

Uniform sampling in Figure 7 produces a regular representation of the disturbed
voltage because its acquisition instants remain equally spaced before and after the event.
The reconstructed curve consistently follows the reference signal over the displayed in-
terval, while the uniform temporal distribution yields predictable data throughput and
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a homogeneous reconstruction pattern. Its fixed acquisition rate, however, cannot reallocate
samples specifically towards the disturbance transition or local high-slope regions.

Adaptive Sampling with Linear Reconstruction
1
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Figure 8. Adaptive sampling with common linear reconstruction.
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Figure 9. Event-triggered sampling with common linear reconstruction.

Adaptive sampling in Figure 8 adjusts its local acquisition density based on the
temporal variation in the waveform. The acquired points become more concentrated in
regions with larger derivatives, particularly after the disturbance inception and around
local extrema. The reconstructed signal retains the main voltage envelope and oscillatory
structure, although the phase-specific results presented later show that the benefit depends
on the signal phase and the acquisition budget assigned to the method.

Event-triggered sampling in Figure 9 stores new data when the signal change ex-
ceeds the prescribed threshold or when the maximum admissible interval is reached.
Under linear interpolation, the reconstructed waveform closely follows the reference signal
throughout the displayed interval. This result demonstrates that the reduced reconstruction
performance previously associated with event-triggered acquisition cannot be attributed ex-
clusively to its sampling rule; part of that behavior was produced by the use of a zero-order
hold in the practical reconstruction chain.

The joint interpretation of Figures 7-9, therefore, separates two effects that were
combined in the original analysis. The common-reconstruction experiment evaluates how
the sampling instants represent the waveform, whereas the subsequent zero-order-hold
experiment evaluates the practical digital implementation of the event-triggered strategy.
This distinction strengthens the comparison because linear interpolation is not implicitly

favored across the two strategies, whereas a different reconstruction mechanism is imposed
on the third.

3.4. Natural Acquisition Effort, Equal-Sample-Budget Comparison, and
Phase-Specific Performance

Figures 10-15 provide complementary analyses that cannot be inferred from a single
performance table. They separately examine phase dependence, robustness to noise and
severity, FDSI weight sensitivity, reconstruction-rule effects, and the relationship between
acquisition effort and monitoring performance. The comparison is therefore representative
of how the strategies would operate when their internal parameters are not forced to
achieve identical data volumes. The equal-budget experiment controls the influence of
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acquisition density. Uniform, adaptive, and event-triggered sampling used 9001, 9000,
and 8981 samples, respectively, with a maximum deviation of 0.222%, well below the
1% tolerance. Under this condition, uniform sampling achieved the lowest RMSE and
highest reconstruction percentage, whereas event-triggered sampling retained the shortest
detection delay and lowest critical-time error.
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Figure 10. Natural-configuration and equal-sample-budget comparison using common linear recon-
struction.
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Figure 11. Phase-specific RMSE and reconstruction percentage for the three sampling strategies.A, B,
and C denote phases A, B, and C of the three-phase system, respectively.

Figure 10 shows that Phase B is the most demanding signal for the three strategies.
Event-triggered sampling reaches a Phase-B RMSE of approximately 0.16 p.u. and a recon-
struction percentage close to 79%, while Phase C remains near 96%. This phase-dependent
response confirms the need for aggregated three-phase indicators rather than a Phase-A-
only assessment.

Table 6 reports the natural-configuration results obtained with common linear recon-
struction. Event-triggered sampling yields the lowest RMSE, maximum error, detection
delay, and spectral deviation, and the highest reconstruction percentage. Uniform sam-
pling maintains an intermediate, regular profile, whereas adaptive sampling allocates the
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largest acquisition budget and exhibits greater sensitivity to the alignment between its
derivative-based sampling instants and the compound waveform.

Robustness of FDSI under Measurement Noise
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Figure 12. Robustness of the sampling strategies under measurement noise and disturbance-
severity variation.
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Figure 13. Base FDSI, min—max range under 1000 weight perturbations, and ranking stability.
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Figure 14. Event-triggered reconstruction using common linear interpolation and practical zero-order
hold.
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Figure 15. Constituent performance metrics and acquisition effort versus three-phase reconstruc-
tion error.

Table 6. Three-phase performance under the natural acquisition configuration.

Method Ns RMSE [p.u.] emax [p.u.] Dy [s] R) [%] Dsp Ect [s] FDSI
Uniform 9001 0.06330 0.26790  0.018375  91.929  0.071062 0.089625  0.60574
Adaptive 23,524 0.12444 1.10960  0.007875  84.647  0.184520 4.808500  0.21741
Event-triggered 16,328 0.03020 0.20706 ~ 0.007750  96.149  0.041599 0.094000  0.99989
Note: Ns, sample count; emax, maximum error; D;, detection delay; R, reconstruction percentage; Dgp, spectral
deviation; E, critical-time error.

Event-triggered sampling reduces the three-phase RMSE by 52.3% relative to uniform
sampling and by 75.7% relative to adaptive sampling. It also achieves the highest recon-
struction percentage, 96.149%, despite using fewer samples than the adaptive strategy.
These results show that sample placement is more influential than acquisition density alone
when all strategies use the same reconstruction method.

To control the effect of sample count, the adaptive and event-triggered parameters
were adjusted using the uniform configuration as the reference, as reported in Table 7. The
final counts were 9001, 9000, and 8981 samples, with a maximum deviation of 0.2222%,
thereby satisfying the predefined 1% tolerance.

Table 7. Equal-sample-budget verification and three-phase performance.
Method Target/]i’;ilr(liagleZN [%] Ifyff o] DelsT — RI% Dep Ealsl  FDSI
Uniform 9001/9001 (0.0000) 0.06330 0.26790 0.018375 91.929 0.071062  0.089625  0.77818
Adaptive 9001/9000 (0.0111) 0.21945 1.09530 0.004125 73.133 0.230490  4.833700  0.19748

Event-triggered

9001/8981 (0.2222) 0.13398 0.45961 0.002500 84.051 0.104120  0.016500  0.77189

Note: All final sample counts satisfy the predefined 1% tolerance. AN denotes the relative difference from the
target budget. The remaining abbreviations follow Table 6.

The equal-budget experiment modifies the balance observed under the natural con-
figuration. Uniform sampling achieves the lowest RMSE, 0.06330 p.u., and the highest
reconstruction percentage, 91.929%, whereas event-triggered sampling retains the shortest
detection delay, 0.0025 s, and the lowest critical-time error, 0.0165 s. Their FDSI values
are comparable, at 0.77818 and 0.77189, respectively, indicating that the preferred strategy
depends on whether the monitoring objective prioritizes global waveform reconstruction
or rapid temporal localization.
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Adaptive sampling is the most sensitive to the restricted acquisition budget. Its
reconstruction percentage decreases to 73.133%, while the RMSE increases to 0.21945 p.u.
The equal-budget configuration was obtained using an upper slope threshold of 235.7753
and an event-trigger threshold of 0.307116 p.u., which define the reproducible operating
conditions of this comparison.

Figure 11 resolves the aggregated sampling results by phase. The phase-dependent
differences in RMSE and reconstruction percentage confirm that the imposed unbalance
affects the three signals differently and that a Phase-A-only evaluation would not represent
the complete system response.

The phase-resolved results confirm that the aggregated indicators reflect distinct
three-phase behavior. Uniform sampling provides the most consistent reconstruction
across phases, whereas adaptive and event-triggered sampling are more sensitive to local
waveform variations. This response is consistent with the sequence-component results in
Figure 5.

3.5. Robustness to Measurement Noise and Disturbance Variation

Figure 12 evaluates robustness under measurement noise and disturbance-severity
variation. The Monte Carlo results at 40 dB, and 30 dB distinguish the influence of random
noise from the deterministic response, while the severity analysis shows how each sampling
rule reacts to changes in disturbance magnitude.

The 30 dB and 40 dB cases were evaluated using 30 independent Monte Carlo realiza-
tions. The preserved performance order across both noise levels indicates that the observed
behavior is not dependent on a particular noise sequence. The reduction in FDSI under
noisier conditions reflects the combined degradation of reconstruction accuracy, spectral
preservation, and event localization.

The lower panel of Figure 12 shows the mean three-phase RMSE for severity factors
of 0.8, 1.0, and 1.2. Uniform sampling varies only from approximately 0.06 to 0.067 p.u.,
while event-triggered sampling remains below 0.035 p.u. Adaptive sampling exhibits
the largest variation, reaching approximately 0.15 p.u. at the nominal severity. This
non-monotonic response is consistent with its slope-dependent acquisition rule, since
changes in disturbance severity modify the instants at which the sampling interval contracts
or expands.

Overall, event-triggered sampling provides the most stable composite performance
under the analyzed conditions, uniform sampling maintains the most regular response,
and adaptive sampling remains more sensitive to parameter tuning and acquisition density.
These differentiated behaviors support their use in complementary monitoring functions
rather than as interchangeable strategies.

3.6. FDSI Weight Sensitivity and Ranking Stability

Figure 13 examines whether the FDSI ranking depends on the selected weighting struc-
ture. The score ranges obtained from 1000 independent perturbations of £20% quantify
index variability and verify the stability of the resulting strategy order.

The second panel shows the mean and minimum-maximum FDSI ranges obtained
from 1000 independent weight perturbations of £20%. The ranges remain clearly separated,
indicating limited sensitivity to moderate changes in metric importance. Event-triggered
sampling retains the first position in 100% of the tested cases, and the complete base ranking
is also preserved in 100% of the perturbations.

The corresponding statistics are reported in Table 8. These results confirm that the
ranking is determined by the separation among the underlying performance metrics rather
than by a narrowly selected set of weights.
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Table 8. FDSI sensitivity under 1000 independent weight perturbations.
Method Base Mean SD Minimum Maximum Pirst [%]
Uniform 0.60574 0.60657 0.016989 0.56057 0.65032 0
Adaptive 0.21741 0.21645 0.021078 0.16597 0.27514 0
Event-triggered 0.99989 0.99989 (1.253\times x107) 0.99986 0.99991 100

Note: SD, standard deviation; Py, probability of obtaining the first-ranked FDSI.

The event-triggered FDSI shows the lowest variability, with a standard deviation of
1.253 x 10~° and a range of 5 x 10~°. Uniform and adaptive sampling exhibit wider ranges
of 0.08975 and 0.10917, respectively, while the ranking remains unchanged: Event-triggered
> Uniform > Adaptive. This result shows that the ranking is driven by the constituent
reconstruction, detection, spectral, and temporal metrics rather than by a specific weight
combination. The FDSI should therefore be interpreted as a benchmark-specific composite
metric and reported together with its individual indicators.

3.7. Influence of the Reconstruction Rule and Metrics for External Comparison

Figure 14 separates the influence of event-triggered acquisition from that of the recon-
struction rule. Comparing linear interpolation and zero-order hold using the same event
samples shows how reconstruction affects local waveform fidelity without changing the
underlying sampling instants.

The similarity between the two panels confirms that the event-triggered sampling
instants preserve the main disturbance structure. However, the reconstruction rule affects
the local waveform shape: zero-order hold introduces step-like deviations, whereas linear
interpolation provides a smoother approximation between consecutive events. Reporting
both cases, therefore, separates the effect of event-based acquisition from that of the recon-
struction method. Zero-order hold remains suitable for low-complexity alarm systems,
while linear interpolation offers higher fidelity for diagnostic analysis using the same
sample sequence.

Figure 15 relates acquisition effort to reconstruction and detection performance. Unlike
the metric tables, this representation directly shows the trade-off between sample count,
three-phase RMSE, spectral preservation, and temporal response, thereby supporting
strategy selection according to the monitoring objective.

The right panel relates acquisition effort to three-phase RMSE. Event-triggered sam-
pling achieves the lowest error with fewer samples than adaptive sampling, while uniform
sampling uses the smallest acquisition budget and maintains an intermediate RMSE. These
results show that sample count alone does not determine reconstruction quality; the tempo-
ral distribution of the acquired points and the reconstruction rule are equally decisive.

Figure 15 links acquisition effort with three-phase reconstruction performance. Uni-
form sampling uses approximately 9000 samples and yields an RMSE of 0.063 p.u. Event-
triggered sampling uses about 16,300 samples and reduces the RMSE to 0.030 p.u., whereas
adaptive sampling requires approximately 23,500 samples and reaches 0.124 p.u. under the
natural configuration.

These results show that acquisition density alone does not determine reconstruction
quality. Event-triggered sampling achieves the most efficient balance between sample
count, reconstruction error, and detection speed, while uniform sampling provides the
lowest data volume with stable intermediate performance.

Adaptive sampling remains more sensitive to parameter tuning and sample placement.
The constituent metrics, therefore, provide a suitable basis for comparison with previous
monitoring approaches, provided that the disturbance model, reconstruction method, and
metric definitions are reported consistently.
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3.8. Synthesis of Findings and Strategy Selection According to Operational Objective

The revised experiments show that sampling performance depends on the interaction
among acquisition logic, reconstruction method, sample budget, and monitoring objec-
tive. Under the natural configuration with common linear reconstruction, event-triggered
sampling achieves the lowest three-phase RMSE (0.0302 p.u.), the highest reconstruction
percentage (96.149%), and the shortest detection delay (7.75 ms). Uniform sampling yields
a stable intermediate response with 9001 samples and an RMSE of 0.0633 p.u., whereas
adaptive sampling requires 23,524 samples and exhibits greater sensitivity to parameter
tuning and phase-dependent waveform variation.

The equal-sample-budget experiment provides a complementary interpretation. With
final counts of 9001, 9000, and 8981 samples, uniform sampling achieves the lowest RMSE
and highest reconstruction percentage, while event-triggered sampling preserves the short-
est detection delay and the lowest critical-time error. Their FDSI values remain close, at
0.77818 and 0.77189, respectively. This result indicates that uniform sampling is preferable
when global waveform fidelity is prioritized under a fixed data budget, whereas event-
triggered sampling is more suitable when rapid localization of the disturbance is required.

The robustness analysis supports these differentiated roles. Event-triggered sampling
retains the highest composite performance under noiseless, 40 dB, and 30 dB conditions
and remains comparatively stable across the severity levels analyzed. Uniform sampling
exhibits the most regular behavior across phases and operating conditions. Adaptive sam-
pling responds more strongly to changes in severity, sample budget, and slope thresholds,
indicating that its effectiveness depends on careful parameter adjustment to the expected
disturbance dynamics.

These results support a layered monitoring architecture rather than the use of a single
strategy for all functions. Uniform sampling can provide continuous baseline supervision
with predictable data throughput. Event-triggered sampling can operate as a rapid detec-
tion and selective-acquisition layer, reducing unnecessary measurements during stationary
intervals. Adaptive sampling can be activated for detailed post-event analysis when its
parameters are tuned to the disturbance class and a larger acquisition budget is available.

Such an architecture is applicable to converter-fed industrial networks, renewable-
energy interfaces, UPS systems, variable-speed drives, microgrids, and digital shadow
or digital twin platforms. By separating baseline acquisition, rapid event localization,
and high-resolution diagnostic reconstruction, the proposed framework links sampling
performance with practical requirements for storage, communication, processing, and
decision support.

4. Discussion

The revised benchmark provides a controlled framework for evaluating sampling-
based monitoring under a compound three-phase power-quality disturbance. The simulta-
neous presence of voltage swell, harmonic distortion, a damped transient, low-frequency
oscillation, and phase unbalance enables assessment of the temporal, spectral, and asym-
metric response under known and reproducible conditions. The increase in Phase-A THD
from 6.24% to 7.63%, together with a VUF of 0.929%, confirms that the benchmark contains
measurable harmonic and three-phase degradation beyond a simple amplitude variation.

The sampling comparison shows that performance depends on acquisition logic, re-
construction method, and data budget. Under the natural configuration with common
linear reconstruction, event-triggered sampling achieved the lowest three-phase RMSE,
0.03020 p.u., the highest reconstruction percentage, 96.149%, and the shortest detection
delay, 7.75 ms. Uniform sampling required the fewest samples and maintained intermedi-
ate reconstruction performance, whereas adaptive sampling used the largest acquisition
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budget and showed greater sensitivity to parameter tuning and phase-dependent wave-
form variation.

The equal-sample-budget experiment provides a different operational interpretation.
With 9001, 9000, and 8981 samples, uniform sampling achieved the lowest RMSE and
highest reconstruction percentage, while event-triggered sampling retained the shortest
detection delay and lowest critical-time error. Their FDSI values were close, at 0.77818 and
0.77189, respectively. Thus, uniform sampling is preferable when global reconstruction
under a fixed data budget is prioritized, whereas event-triggered sampling is more suitable
for rapid event localization.

The robustness analysis supports these differentiated roles. Event-triggered sampling
retained the highest composite response under noiseless, 40 dB, and 30 dB conditions,
while uniform sampling exhibited the most regular behavior across phases and disturbance
severities. Adaptive sampling remained more dependent on the selected slope thresholds
and available sample budget. These results support a layered monitoring architecture in
which uniform sampling provides baseline supervision, event-triggered acquisition sup-
ports rapid detection, and adaptive sampling is activated for detailed post-event analysis
when its parameters can be tuned to the disturbance class.

From a technical perspective, the proposed benchmark and digital-twin-based moni-
toring address different stages of the validation process. The proposed framework operates
with mathematically defined ground-truth signals, controlled disturbance parameters, fixed
reconstruction rules, and explicitly constrained acquisition budgets. These characteristics al-
low the isolated evaluation of sampling placement, reconstruction accuracy, detection delay,
spectral preservation, and three-phase asymmetry without the influence of plant-model un-
certainty, communication latency, synchronization errors, or sensor dynamics. In contrast,
a digital twin continuously interacts with a physical asset through field measurements,
model updating, communication infrastructure, and real-time computational processes.
Therefore, digital-twin performance depends not only on the monitoring algorithm but
also on model fidelity, parameter identification, data quality, communication delays, and
synchronization between the physical and virtual systems. The novelty of the proposed
approach lies in its reproducible and low-complexity pre-validation environment. This
framework enables the intrinsic performance of the sampling strategies to be quantified be-
fore their integration into a digital twin, digital shadow, hardware-in-the-loop platform, or
field-monitoring architecture. The two approaches are therefore complementary rather than
interchangeable: the proposed benchmark supports controlled algorithmic pre-validation,
whereas digital-twin platforms provide the subsequent environment for online supervision,
model updating, prediction, and decision support.

A complete quantitative comparison with an operational digital twin, including com-
putational burden, communication latency, online model adaptation, synchronization
accuracy, and real-time implementation, is beyond the scope of the present simulation-
based benchmark and will be addressed in future research using hardware-in-the-loop and
field-measurement platforms.

The main limitation is the study’s simulation-based nature. Although the revised
analysis includes three-phase indicators, common reconstruction, equal sample budgets,
disturbance variation, measurement noise, Monte Carlo assessment, and FDSI sensitivity,
experimental validation with field or hardware-in-the-loop data remains necessary. In ad-
dition, the benchmark parameters represent a controlled disturbance rather than a specific
network event. The FDSI should therefore be interpreted as an original benchmark-specific
composite metric and always be considered together with its constituent indicators.
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Comparison with Existing Monitoring Approaches

Because the FDSI is introduced in this study, its absolute values cannot be compared
directly with previous publications. External comparison should instead use the con-
stituent metrics reported in Table 9, together with the disturbance model, signal scaling,
reconstruction method, sample count, and validation conditions.

Table 9. Constituent metrics available for comparison with previous studies.

Method Ns RMSE [p.u.] emax [p-u.] Dt [s] R [%] Dsp Ect [s]

Uniform 9001 0.06330 0.26790 0.018375 91.929 0.071062 0.089625

Adaptive 23,524 0.12444 1.10960 0.007875 84.647 0.184520 4.808500
Event-triggered 16,328 0.03020 0.20706 0.007750 96.149 0.041599 0.094000

Note: All results correspond to the controlled MATLAB benchmark under common linear reconstruction. Abbre-
viations follow Table 6.

Under common linear reconstruction, event-triggered sampling provides the lowest
RMSE, maximum error, detection delay, and spectral deviation, while uniform sampling
requires the lowest acquisition effort. Adaptive sampling detects the disturbance faster than
uniform sampling but uses the most samples and exhibits the highest reconstruction error
under the selected natural parameters. These constituent metrics provide the appropriate
basis for comparison with published monitoring methods, whereas the FDSI should remain
specific to the proposed benchmark.

5. Conclusions

This study developed a controlled and reproducible MATLAB benchmark for com-
paring uniform, adaptive, and event-triggered sampling under a compound three-phase
power-quality disturbance. The simulated event combined voltage swell, harmonic dis-
tortion, a damp transient, low-frequency oscillation, and phase unbalance within a finite
interval. The electrical characterization confirmed simultaneous temporal, spectral, and
asymmetric degradation, with Phase-A THD increasing from 6.24% to 7.63% and the
voltage unbalance factor reaching 0.929%.

To ensure a fair comparison, the three sampling strategies were first evaluated using
a common linear-reconstruction method. Under their natural acquisition configurations,
event-triggered sampling achieved the lowest three-phase RMSE (0.03020 p.u.), the highest
reconstruction percentage (96.149%), and the shortest detection delay (7.75 ms) using
16,328 samples. Uniform sampling required the lowest acquisition effort (9001 samples) and
maintained an RMSE of 0.06330 p.u. and a reconstruction percentage of 91.929%. Adaptive
sampling used 23,524 samples but remained more sensitive to its slope parameters and to
the phase-dependent waveform structure.

The equal-sample-budget experiment separated the influence of acquisition density
from that of the sampling logic. The final sample counts were 9001, 9000, and 8981 for
uniform, adaptive, and event-triggered sampling, respectively, with a maximum deviation
of 0.2222% from the common target. Under this constraint, uniform sampling yielded the
lowest RMSE and highest reconstruction percentage, whereas event-triggered sampling
maintained the shortest detection delay and the lowest critical-time error. Their FDSI values
were similar, 0.77818 and 0.77189, confirming that strategy selection depends on whether
the monitoring objective prioritizes global waveform reconstruction or rapid temporal
localization.

The three-phase analysis showed that the sampling performance was not uniform
across phases, with Phase B representing the most demanding reconstruction condition.
The inclusion of positive-, negative-, and zero-sequence components therefore provided
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a more complete assessment than a Phase-A-only comparison and directly quantified the
effect of the imposed voltage unbalance.

Robustness was evaluated under variations in disturbance severity and duration,
as well as under 40 dB and 30 dB measurement-noise conditions, using 30 Monte Carlo
realizations. Event-triggered sampling retained the highest composite performance across
the noise levels analyzed, while uniform sampling exhibited the most regular behavior
across phases and severity conditions. Adaptive sampling showed greater dependence on
parameter tuning and sample allocation.

The FDSI was introduced as an original benchmark-specific composite evaluation
metric rather than as a standard power-quality index. Its sensitivity analysis, based on
1000 independent weight perturbations of £20%, preserved the complete ranking in 100%
of the cases. This result indicates that the observed ordering was governed by the separation
among the constituent reconstruction, detection, spectral, and temporal metrics rather than
by a narrowly selected weighting configuration.

Overall, the results support a layered monitoring architecture in which uniform
sampling provides continuous baseline supervision, event-triggered acquisition supports
rapid event localization and selective data capture, and adaptive sampling is applied
when its parameters can be tuned to the expected disturbance dynamics. The benchmark
provides a traceable pre-validation stage for industrial networks, microgrids, converter-fed
systems, UPS installations, variable-speed drives, and renewable-energy interfaces.

Future research will focus on validating the benchmark using field measurements
and hardware-in-the-loop platforms under representative operating conditions. Further
work will also investigate real-time implementation constraints, including communication
latency, packet loss, sensor noise, time synchronization, computational burden, and embed-
ded processing requirements. Additional research directions include the automatic tuning
of adaptive and event-triggered sampling parameters, the evaluation of other compound
power-quality disturbances, and the extension of the benchmark to current signals, con-
verter variables, and multi-point monitoring architectures. Finally, the proposed framework
will be integrated into digital-shadow and digital-twin environments to assess online model
updating, predictive monitoring, and decision-support capabilities.
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Abbreviations

The principal abbreviations used in this study are: FDSI, Fault Detection Sensitivity Index; FFT,
Fast Fourier Transform; HIL, Hardware-in-the-Loop; PCC, Point of Common Coupling; PQ, Power
Quality; RMSE, Root Mean Square Error; RMS, Root Mean Square; SCADA, Supervisory Control
and Data Acquisition; SNR, Signal-to-Noise Ratio; STFT, Short-Time Fourier Transform; THD, Total
Harmonic Distortion; UPS, Uninterruptible Power Supply; VUE, Voltage Unbalance Factor; and ZOH,

Zero-Order Hold. Mathematical symbols are defined at their first occurrence in the text and equations.

https://doi.org/10.3390/en19153578


https://doi.org/10.3390/en19153578

Energies 2026, 19, 3578 27 of 29

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Cabezas, V.; Acuna, P,; Aguilera, R.P; Lezana, P; Garcia, C.; Watanabe, E.H. Selective Harmonic Mitigation Model Predictive
Control for Grid-Connected Converters Working with a Very Low Apparent Switching Frequency. IEEE Trans. Power Electron.
2026, 41, 12553-12565. [CrossRef]

Rojas, K.J.P,; Aliaga, ].B.T.; Camayo, ]. M.F. Multisectoral Evaluation of Electrical Energy Quality: Comparative Diagnosis and
Technical Recommendations for Critical Facilities in Peru. In Proceedings of the 2025 IEEE 3rd International Conference on Power
Science and Technology, Kunming, China, 16-18 May 2025; pp. 1913-1917. [CrossRef]

Sikorski, T.; Ziaja, E.; Herlender, K.; Bobrowicz, W. Power quality disturbances in power system with distributed generation. In
Proceedings of the 2010 9th Conference on Environment and Electrical Engineering, Prague, Czech Republic, 16-19 May 2010;
pp. 553-556. [CrossRef]

Thentral, TM.T.; Palanisamy, U.; Bajaj, M.; Zawbaa, H.M.; Kamel, S. Analysis of Power Quality issues of different types of
household applications. Energy Rep. 2022, 8, 5370-5386. [CrossRef]

Alawasa, K.M.; Al-Badi, A.H. Investigation and Analysis of the Power Quality in an Academic Institution’s Electrical Distribution
System. Energies 2024, 17, 3998. [CrossRef]

Kumar, A. Power Quality Issues and Harmonics Performance Analysis for Non-Linear Load in Power Distribution System. In
Proceedings of the 2022 19th International Conference on Electrical Engineering, Computing Science and Automatic Control,
Mexico City, Mexico, 9-11 November 2022. [CrossRef]

IEEE Std 519-2022; IEEE Standard for Harmonic Control in Electric Power Systems. IEEE: New York, NY, USA, 2022. [CrossRef]
Abdalla, O.H.; Elmasry, S.; El Korfolly, M.I1.; Htita, I. Harmonic Analysis of an Arc Furnace Load Based on the IEEE 519-2014
Standard. In Proceedings of the 2022 23rd International Middle East Power Systems Conference (MEPCON), Cairo, Egypt,
13-15 December 2022. [CrossRef]

Shami, U.T.; Kashif, S.A.R.; Aslam, M.A.; Gulzar, M.M.; Maaruf, M.; Alismail, F.; Khalid, M. Selective Harmonic Elimination Notch
Angle Calculation Using THD and ZHF Benchmarks for Cascaded Multilevel Inverters. IEEE Access 2023, 11, 116497-116510.
[CrossRef]

Golestan, S.; Guerrero, ] M.; Vasquez, ].C.; Abusorrah, A.M.; Al-Turki, Y. Harmonic Linearization and Investigation of Three-Phase
Parallel-Structured Signal Decomposition Algorithms in Grid-Connected Applications. IEEE Trans. Power Electron. 2021, 36,
4198-4213. [CrossRef]

Chen, M.; Cui, H.; Blaabjerg, E; Lorenz, L.; Hellinger, R.; Gray, T.; Fink, O.; Hermanns, K. Power for Al and Al for Power: The
Infinite Entanglement between Artificial Intelligence and Power Electronics Systems. IEEE Power Electron. Mag. 2025, 12, 37-43.
[CrossRef]

Ahsan, SM.; Khan, H.A.; Hussain, A.; Tariq, S.; Zaffar, N.A. Harmonic analysis of grid-connected solar PV systems with nonlinear
household loads in low-voltage distribution networks. Sustainability 2021, 13, 3709. [CrossRef]

Kumar, K.; Karthik, V.; Kumar, K.V. THD Reduction in Single-Phase Cascaded H-Bridge Multilevel Inverter using Fuzzy
Logic Controller. In Proceedings of the 2023 International Conference on Sustainable Computing and Smart Systems (ICSCSS),
Coimbatore, India, 14-16 June 2023; pp. 1321-1327. [CrossRef]

Gumilar, L.; Permana, I.]. Three Winding Transformer Evaluation of K-Factor Value and Harmonic Distortion. In Proceedings
of the 2023 International Seminar on Application for Technology of Information and Communication (iSemantic), Semarang,
Indonesia, 16-17 September 2023; pp. 29-34. [CrossRef]

Rincon, M.; Ramos, G.; Quintero, A. Diagnosis and recommendations for improved harmonic distortion on a 230kV overhead
line. In Proceedings of the 2023 IEEE Workshop on Power Electronics and Power Quality Applications (PEPQA), Cali, Colombia,
5-6 October 2023. [CrossRef]

Rahman, N.A.; Hairunizam, A.A. Correlation of High Harmonic Distortion to Shunt Active Power Filter Operation and
Performance. In Proceedings of the 2024 IEEE Symposium on Industrial Electronics and Applications (ISIEA), Kuala Lumpur,
Malaysia, 6-7 July 2024. [CrossRef]

Chen, T.-C.; Dwijendra, N.K.A.; Saurabh, S.; Sivaraman, R.; Mamdouh, A. Intelligent System Application to Monitor the Smart
City Building Lighting. CMC-Comput. Mater. Contin. 2023, 75, 3159-3169. [CrossRef]

Fadlallah, H.; Kilany, R.; Haber, M.; Jaber, A. Addressing the Velocity Challenge of Big Data in Radiation Pollution Monitoring:
Implementation and Demonstration. In Proceedings of the 2023 IEEE 4th International Multidisciplinary Conference on
Engineering Technology (IMCET), Beirut, Lebanon, 12-14 December 2023; pp. 104-109. [CrossRef]

Lartsey, PE.; Ayitey, D.T.; Acakpovi, A.; Arthur, R.E. IoT Based Street Light Controller and Monitoring System. In Proceedings
of the IEEE International Conference on Adaptive Science and Technology (ICAST), Accra, Ghana, 25-26 November 2021;
Volume 2021. [CrossRef]

Das, A.; Shukla, A.; Shyam, A.B.; Anand, S.; Guerreo, ].M.; Sahoo, S.R. A Distributed-Controlled Harmonic Virtual Impedance
Loop for AC Microgrids. IEEE Trans. Ind. Electron. 2021, 68, 3949-3961. [CrossRef]

https://doi.org/10.3390/en19153578


https://doi.org/10.1109/TPEL.2026.3669194
https://doi.org/10.1109/ICPST65050.2025.11089238
https://doi.org/10.1109/EEEIC.2010.5489948
https://doi.org/10.1016/j.egyr.2022.04.010
https://doi.org/10.3390/en17163998
https://doi.org/10.1109/CCE56709.2022.9975948
https://doi.org/10.1109/IEEESTD.2022.9848440
https://doi.org/10.1109/MEPCON55441.2022.10021725
https://doi.org/10.1109/ACCESS.2023.3324557
https://doi.org/10.1109/TPEL.2020.3021723
https://doi.org/10.1109/MPEL.2024.3524742
https://doi.org/10.3390/su13073709
https://doi.org/10.1109/ICSCSS57650.2023.10169348
https://doi.org/10.1109/iSemantic59612.2023.10295325
https://doi.org/10.1109/PEPQA59611.2023.10325765
https://doi.org/10.1109/ISIEA61920.2024.10607338
https://doi.org/10.32604/cmc.2023.035418
https://doi.org/10.1109/IMCET59736.2023.10368261
https://doi.org/10.1109/ICAST52759.2021.9682127
https://doi.org/10.1109/TIE.2020.2987290
https://doi.org/10.3390/en19153578

Energies 2026, 19, 3578 28 of 29

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

Michalec, L.; Jasinski, M.; Sikorski, T.; Leonowicz, Z.; Jasiniski, L.; Suresh, V. Impact of harmonic currents of nonlinear loads on
power quality of a low voltage network—Review and case study. Energies 2021, 14, 3665. [CrossRef]

Nishad, D.K.; Tiwari, K.S. Adaptive control algorithms for shunt active power filters in aircraft systems. In Hybrid Electric
Vehicles and Distributed Renewable Energy Conversion: Control and Vibration Analysis; IGI Global Scientific Publishing: Palmdale,
Pennsylvania, 2024. [CrossRef]

Espinosa, E.; Espinoza, J.; Melin, P.; Rohten, J.; Rivera, M.; Mufioz, ]. FCS-MPC with Nonlinear Control Applied to a Multicell
AFE Rectifiert. Sensors 2022, 22, 4100. [CrossRef] [PubMed]

Arahal, M.R,; Barrero, E.; Satue, M.G.; Bermudez, M. Fast Finite-State Predictive Current Control of Electric Drives. IEEE Access
2023, 11, 12820-12827. [CrossRef]

Dang, Q.; Guan, Z; Li, Q.; Hu, R.; Hong, Z. Advanced model predictive control strategy in application of permanent magnet
synchronous machine. In Proceedings of the 14th IEEE Conference on Industrial Electronics and Applications (ICIEA), Xi'an,
China, 19-21 June 2019; pp. 1039-1044. [CrossRef]

Lou, G.; Yang, Q.; Gu, W.; Quan, X.; Guerrero, J.; Li, S. Analysis and Design of Hybrid Harmonic Suppression Scheme for VSG
Considering Nonlinear Loads and Distorted Grid. IEEE Trans. Energy Convers. 2021, 36, 3096-3107. [CrossRef]

Galadima, A.M.; Mohamad Idris, R.; Syed Nasir, S.N.; Hafiz Habi Buddin, M. Harmonic Mitigation for Various Nonlinear
Load Using Active Filter. In Proceedings of the 2023 IEEE Conference on Energy Conversion (CENCON), Kuching, Malaysia,
23-24 October 2023; pp. 98-102. [CrossRef]

Reguieg, Z.; Bouyakoub, I.; Mehedi, F. Harmonic mitigation in grid-integrated renewable energy systems with nonlinear loads.
Energy 2025, 324, 135882. [CrossRef]

Palaguta, K.A.; Grunenkov, N.V,; Kuznecov, A.V. Study of the Compensation System For Nonlinear Distortions in Vibration Tests
With a Fixed Frequency. In Proceedings of the International Seminar on Electron Devices Design and Production (SED), Sochi,
Russia, 2-3 October 2024. [CrossRef]

Hamza, S.A.; Mosa, M.A; Ali, A.A.; El Masry, S.M. Optimal sizing and location of DG considering harmonics pollution and
system losses. In Proceedings of the 2023 24th International Middle East Power System Conference (MEPCON), Mansoura, Egypt,
19-21 December 2023. [CrossRef]

Satyanrayana, M.; Veeramsetty, V.; Rajababu, D. Analysis of Harmonics in EV Charging Infrastructure with Multilevel Inverter
Solutions. In Proceedings of the IEEE International Conference on Signal Processing, Computing and Control, Solan, India,
6-8 March 2025; pp. 1008-1013. [CrossRef]

Hasan, M.M.; Ratul, M.R.A; Sheikh, M.R.I. Voltage Harmonics Mitigation of Non-linear Loads using Model Predictive Control in
a Three Phase System. In Proceedings of the 2024 3rd International Conference on Advancement in Electrical and Electronic
Engineering (ICAEEE), Gazipur, Bangladesh, 25-27 April 2024. [CrossRef]

Petric, I.Z.; Mattavelli, P.; Buso, S. Investigation of Nonlinearities Introduced by Multi-sampled Pulsewidth Modulators. IEEE
Trans. Power Electron. 2022, 37, 2538-2550. [CrossRef]

Mukherjee, S.; Kalkal, P; Teja, R. Novel Graphical Method for Uncovering Multiple Harmonic Mitigation Solutions at Ultra-Low
Switching in Multilevel Inverters. In IEEE Transactions on Industrial Electronics; IEEE: New York City, NY, USA, 2026. [CrossRef]
Shah, PK.; Kotwal, C.D.; Giri, A.K.; Babu, C. Study of multi-objective photovoltaic grid connected system using SOGI-FLL and
NL-SOGI-FLL-APF based DQ hysteresis method. Electr. Eng. 2023, 105, 2735-2749. [CrossRef]

Tabita, R.P. Modelling of Harmonic Filter—Improvement of Power Quality Indices Under Non-linear Loads: A Case Study; LNEE; Springer:
Berlin/Heidelberg, Germany, 2024; Volume 1226. [CrossRef]

Pupin, V.; Koltsov, V.; Safonov, D. The Influence of Non-Linear Loads on the Quality of Electrical Energy in the Electrical System
of Administrative Buildings. In Proceedings of the 2025 International Ural Conference on Electrical Power Engineering (UralCon),
Magnitogorsk, Russia, 25-28 September 2025; pp. 778-785. [CrossRef]

Sivaraman, S.; Sanjeevikumar, S. Total Distortion—A New Power Quality Index on Current Harmonic Evaluation for Users With
Internal Loads and DERs. IET Gener. Transm. Distrib. 2026, 20, €70247. [CrossRef]

Wang, H.; Peng, Q.; Buticchi, G.; Gu, C.; Zhao, W.; Wang, S. Smith Predictor-Based Decoupled Discrete Current Control for
Five-phase PMSM at Low Sampling-to-Fundamental Frequency Ratios. In Proceedings of the 2023 IEEE 2nd International Power
Electronics and Application Symposium, Guangzhou, China, 10-13 November 2023; pp. 518-522. [CrossRef]

Amarendra, C.; Reddy, K.H. Performance analysis intelligent-based advanced PSO algorithm and testing of real-time matrix
converter electrical system. Soft Comput. 2020, 24, 14209-14220. [CrossRef]

Ammar, A. Power Quality Improvement of PWM Rectifier-Inverter System Using Model Predictive Control for an AC Electric Drive
Application; Springer: Berlin/Heidelberg, Germany, 2021; Volume 682. [CrossRef]

Shamaee, Z.; Najafabadi, S.R.K.; Roustaei, R. Application of a Hybrid Deep Model based on Harmonic Distortion for High-
Impedance Fault Detection. In Proceedings of the 2023 13th Smart Grid Conference (SGC), Tehran, Iran, 5-6 December 2023.
[CrossRef]

https://doi.org/10.3390/en19153578


https://doi.org/10.3390/en14123665
https://doi.org/10.4018/979-8-3693-5797-2.ch004
https://doi.org/10.3390/s22114100
https://www.ncbi.nlm.nih.gov/pubmed/35684722
https://doi.org/10.1109/ACCESS.2023.3240573
https://doi.org/10.1109/ICIEA.2019.8834103
https://doi.org/10.1109/TEC.2021.3063607
https://doi.org/10.1109/CENCON58932.2023.10369207
https://doi.org/10.1016/j.energy.2025.135882
https://doi.org/10.1109/SED63331.2024.10741070
https://doi.org/10.1109/MEPCON58725.2023.10462457
https://doi.org/10.1109/ISPCC66872.2025.11039579
https://doi.org/10.1109/ICAEEE62219.2024.10561641
https://doi.org/10.1109/TPEL.2021.3110678
https://doi.org/10.1109/TIE.2026.3651373
https://doi.org/10.1007/s00202-023-01817-3
https://doi.org/10.1007/978-981-97-4654-5_12
https://doi.org/10.1109/UralCon67204.2025.11206595
https://doi.org/10.1049/gtd2.70247
https://doi.org/10.1109/PEAS58692.2023.10394931
https://doi.org/10.1007/s00500-020-04789-9
https://doi.org/10.1007/978-981-15-6403-1_29
https://doi.org/10.1109/SGC61621.2023.10459284
https://doi.org/10.3390/en19153578

Energies 2026, 19, 3578 29 of 29

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Kumar, M.; Uqaili, M.A.; Memon, Z.A.; Das, B. Mathematical Modeling of THD Mitigation Using HAPF for UPS System with
Experimental Analysis via Hybrid Interface of Optical USB and Power Quality Meter. Math. Probl. Eng. 2021, 2021, 3981287.
[CrossRef]

Piesciorovsky, E.C.; Stenvig, N.; Gui, Y.; Olama, M.M.; Bhusal, N.; Yadav, A. Advanced testbed to assess disturbances in electrical
grids with DERs using relays/meters with varying sampling frequencies. Energy Rep. 2024, 11, 6032-6047. [CrossRef]

De Oliveira, J.; Aguilar, M.; Insfran, J.; Gregor, R.; Comparatore, L.; Gonzalez, O. Model Predictive Control for Reactive Power
Compensation Using Three-Level NPC Converters. In Proceedings of the 2025 Brazilian Power Electronics Conference (COBEP),
Vitoria, Brazil, 5-8 October 2025. [CrossRef]

Maganti, S.; Padhy, N.P. A Feedback-Based Flexible Compensation Strategy for a Weak-Grid-Tied Current-Controlled Converter
Under Unbalanced and Harmonic Conditions. IEEE Trans. Ind. Appl. 2022, 58, 7739-7753. [CrossRef]

Shklyarskiy, Y.; Dobush, I.; Carrizosa, M.].; Dobush, V.; Skamyin, A. Method for evaluation of the utility’s and consumers’
contribution to the current and voltage distortions at the PCC. Energies 2021, 14, 8416. [CrossRef]

Ko, J.-H. High-Definition Dynamic Voltage Restorer Systems Using Equivalent Time Sampling Techniques and Circular Structural
Memory Filters. Appl. Sci. 2024, 14, 6896. [CrossRef]

Zamiri, E.; Sanchez, A.; Martinez-Garcia, M.S.; de Castro, A. Sub-harmonic oscillations attenuation in hardware-in-the-loop
models using the Integration Oversampling Method. Int. J. Electr. Power Energy Syst. 2023, 144, 108568. [CrossRef]

Sabbaghan, A.; Frolov, V. Modeling and Optimization of an Active Capacitive Divider Circuit Based on a Current Transformer
with Built-in Compensation Circuits. In Proceedings of the 2025 International Ural Conference on Electrical Power Engineering
(UralCon), Magnitogorsk, Russia, 25-28 September 2025; pp. 453-459. [CrossRef]

Solomchak, O.; Solomchak, A. Experimental Investigation of the Harmonic Distortion at Points of Common Coupling of Urban
Substations in Ukraine. In Proceedings of the 2024 IEEE 5th KhPI Week on Advanced Technology (KhPIWeek), Kharkiv, Ukraine,
7-11 October 2024. [CrossRef]

Kor.srisuwan, S.; Janjamraj, N.; Bhumkittipich, K.; Romphochai, S. The Harmonic Mitigation in the Smelting Industry Connected
to Active Distribution Network in Phetchaburi Province Using Single-Tuned Passive Harmonic Filters Considering Load Demand.
In Proceedings of the 2022 International Conference on Power, Energy and Innovations (ICPEI), Pattaya Chonburi, Thailand,
19-21 October 2022. [CrossRef]

Ouai, A.; Mokrani, L.; Machmoum, M.; Houari, A. Power quality improvement of a solar energy conversion system by
a coordinated active and LCL filtering. Period. Polytech. Electr. Eng. Comput. Sci. 2021, 65, 373-381. [CrossRef]

Bajagain, S.; Dubey, A. Harmonic Distortion Analysis in North American Residential Power Distribution Systems. In Proceedings
of the IEEE Power and Energy Society General Meeting, Washington, DC, USA, 26-29 July 2021; Volume 2021. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/en19153578


https://doi.org/10.1155/2021/3981287
https://doi.org/10.1016/j.egyr.2024.05.059
https://doi.org/10.1109/COBEP66423.2025.11231569
https://doi.org/10.1109/TIA.2022.3195186
https://doi.org/10.3390/en14248416
https://doi.org/10.3390/app14166896
https://doi.org/10.1016/j.ijepes.2022.108568
https://doi.org/10.1109/UralCon67204.2025.11206668
https://doi.org/10.1109/KHPIWEEK61434.2024.10878055
https://doi.org/10.1109/ICPEI55293.2022.9986542
https://doi.org/10.3311/PPee.17215
https://doi.org/10.1109/PESGM46819.2021.9637989
https://doi.org/10.3390/en19153578

	Introduction 
	Materials and Methods 
	Methodological Approach of the Study 
	Benchmark Parameterization 
	Qualitative Description of the Composite Disturbance 
	Sampling and Reconstruction Criteria 
	Uniform Sampling 
	Adaptive Sampling 
	Event-Triggered Sampling 
	Performance Evaluation Metrics 
	Metric Normalization 
	Fault Detection Sensitivity Index 
	Specific Configuration of the Simulation Scenario 
	Pseudocode for Reproducibility 

	Results 
	Temporal Characterization of the Three-Phase Disturbance 
	Three-Phase Asymmetry and Time-Frequency Content 
	Common-Reconstruction Comparison of the Sampling Strategies 
	Natural Acquisition Effort, Equal-Sample-Budget Comparison, and Phase-Specific Performance 
	Robustness to Measurement Noise and Disturbance Variation 
	FDSI Weight Sensitivity and Ranking Stability 
	Influence of the Reconstruction Rule and Metrics for External Comparison 
	Synthesis of Findings and Strategy Selection According to Operational Objective 

	Discussion 
	Conclusions 
	References

