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Abstract

Power quality disturbance (PQD) classifiers can lose 30–50 percentage points of accuracy
when the signal-to-noise ratio (SNR) drops to 5 dB. This study finds that the degrada-
tion arises primarily not from architectural limitations but from hyperparameter con-
figurations that fail to adapt across noise levels, within the IEEE 1159 disturbance set
and additive-noise conditions studied here. Building on this insight, we propose a one-
dimensional convolutional neural network (1D-CNN) with channel attention, whose three
key hyperparameters—the learning rate, the first-layer convolutional kernel size, and the
attention reduction ratio—are automatically optimized using the Phong Optimization
Algorithm (POA). A 12-class synthetic dataset constructed to IEEE 1159-2019, with noise
levels from noise-free to 5 dB SNR, is used for training and evaluation. Under the extreme
condition of 5 dB SNR, the proposed method achieves 83.4% accuracy, outperforming a
support vector machine (SVM) with discrete wavelet transform features (66.30%), a hybrid
CNN–long short-term memory network (CNN-LSTM; 43.32%), and plain 1D-CNN (38.39%)
under their commonly reported configurations. When every deep-learning baseline re-
ceives the same POA hyperparameter optimization under a fair per-SNR protocol, this
advantage largely disappears: at 5 dB SNR all POA-optimized deep methods fall within
roughly 5 percentage points (82.31–87.13%), and the attention module’s own contribution
shrinks to within run-to-run variation (the same proposed model scoring 82.77% with
attention vs. 82.48% without), showing that systematic hyperparameter optimization, not
architectural novelty, drives the noise robustness. A single-set ablation under the original
10 dB-optimized configuration points the same way (POA optimization alone raising 5 dB
accuracy from 41.6% to 76.4%, with channel attention adding a further 7 points). A compar-
ison against classical threshold-index classifiers on the identical dataset shows the same
pattern at the level of hand-crafted features: with fixed clean-calibrated thresholds, the in-
dex classifier collapses from 95.7% to 17.5% at 5 dB SNR, while per-noise-level re-calibration
of the same indices recovers 83.8%. Furthermore, the POA-optimized hyperparameters
were validated on an independent public PQD dataset, achieving 90.00% accuracy when
training a fresh model from scratch. It also stays robust under more realistic complex noise
(80.9% at 5 dB SNR) and, on a two-class real-measured probe, transfers to field signals
with only light calibration. These findings suggest that for noise-robust PQD classification,
hyperparameter optimization deserves as much attention as the architectural design itself,
rather than being treated as a final tuning step.
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1. Introduction
PQD is a prevalent practical problem in modern power system operation [1,2], which

can cause serious damage to the equipment and industrial processes. Therefore, accu-
rate classification of PQDs is crucial for power grid monitoring and fault diagnosis [3].
However, signals in real power systems always come with noise, and when the SNR
is low, for example 5 dB SNR, the accuracy of current classification methods will drop
significantly [4].

Conventional PQD classification works in two steps: first, signal processing methods
such as the discrete wavelet transform (DWT), S-transform [5], and the Hilbert–Huang
transform [6] are applied to extract time-frequency features from the raw signal, as reviewed
in recent comprehensive surveys [7]; these features are then fed into classifiers such as
the support vector machine (SVM) [8] or ensemble methods such as random forest [9].
These methods perform well when noise is mild. However, handcrafted features are
sensitive to noise—once the SNR drops to a low level, they lose the ability to distinguish
different disturbance patterns [10]. Moreover, the choice of transform and the subsequent
feature engineering are largely manual and problem-specific: a feature set tuned for one
disturbance type or noise level rarely transfers to another, which limits the robustness
and scalability of these pipelines and motivates the move toward representations learned
directly from the raw signal. This also clarifies why learned classifiers are needed even
when classical threshold-based power-quality indices (e.g., RMS deviation, THD, or flicker
severity) are readily available: such indices flag well-separated single disturbances under
mild noise, but their fixed thresholds lose discriminative power for compound disturbances
and at low SNR, where index values from different disturbance types overlap—precisely
the strong-noise, compound-disturbance regime targeted in this work. This qualitative
motivation is now confirmed numerically in Section 3.6.6: a classifier built on these classical
indices with fixed, clean-calibrated thresholds collapses from 95.7% to 17.5% accuracy
at 5 dB SNR (12-class chance level: 8.3%), whereas the learned classifier retains 82.8%;
the same section also reports, for transparency, the behavior of the indices when their
thresholds are re-calibrated per noise level.

In recent years, deep learning methods have been increasingly applied to PQD clas-
sification, mainly due to their ability to learn features directly from raw signals rather
than relying on hand-designed ones. 1D-CNN performs well in extracting local spatial
features from PQD waveforms [11,12]. Recent work has explored several variants of this
paradigm: bidirectional long short-term memory (LSTM) with attention mechanisms [13],
image-based approaches transforming 1D signals into 2D representations such as Gram
angular fields followed by deep CNN architectures [14], 2D wavelet scalograms with deep
learning [15], ensemble deep CNN approaches using image-based transfer learning [16],
and cross-attention fusion of temporal and spatial features [17]. CNN-LSTM has also
been applied to capture temporal dependencies in PQD signals [18,19]. Later, attention
mechanisms were introduced—a typical example is SENet, which automatically adjusts the
weights of different channel features [20,21]. However, all of these models face a common
problem: they are sensitive to hyperparameter settings, and a minor difference in the
learning rate or kernel size can lead to a large performance gap. Most existing studies
still rely on manual tuning or grid search, which is time-consuming and likely to miss the
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optimal solution, especially when the noise level varies [22,23]. A further, often-overlooked
limitation is that improvements in this literature are typically attributed to the proposed
architecture, yet the architectural change and the accompanying hyperparameter tuning
are seldom disentangled. It therefore remains unclear whether reported gains—particularly
under strong noise—stem from a genuinely better architecture or simply from more care-
ful optimization. This conflation of architectural and optimization effects is the specific
research gap addressed in this work.

Consequently, for hyperparameter optimization, metaheuristic algorithms are adopted
in this paper due to their strong ability to search for optimal solutions in complex, non-
convex parameter spaces. Metaheuristic algorithms such as particle swarm optimization,
genetic algorithms, and the sparrow search algorithm [24] have been widely applied to
CNN hyperparameter optimization, including recent demonstrations on 1D-CNN architec-
tures [25] and broader systematic reviews [22,23,26,27]. However, these algorithms have
not been extensively explored under strong noise conditions. In addition, these studies
generally evaluate the optimizer under standard or low-noise settings and present the
specific metaheuristic as the methodological novelty, leaving open the more basic ques-
tion of whether the performance gains arise from the particular optimizer or simply from
performing systematic hyperparameter optimization at all. The Phong Optimization Al-
gorithm (POA) [28] is a recently proposed metaheuristic inspired by a graphics rendering
model, structuring its search into three components that shift the balance from broad
exploration toward focused exploitation as iterations proceed. As far as we know, POA has
not been applied to hyperparameter optimization for PQD classification. We adopt POA as
a representative, competitive metaheuristic rather than claiming it is inherently superior
to alternatives; as shown in Section 3.6.3, POA, particle swarm optimization, and random
search reach statistically indistinguishable accuracy under matched budgets, and POA is
retained mainly for its lower run-to-run variance and faster convergence.

Moreover, existing studies rarely validate whether the optimized hyperparameters can
generalize across different datasets, leaving the practical transferability of the optimization
results unexamined.

In this paper, a POA-optimized 1D-CNN with channel attention mechanism is pro-
posed for robust PQD classification under strong noise conditions. This work makes the
following contributions. The contributions are organized into one methodological contribu-
tion (item 1), one empirical finding (item 2), and three validation results (items 3–5). The 1D-
CNN backbone and the SENet-style channel attention module are deliberately conventional,
lightweight components, chosen as a representative testbed so that the central finding is
attributable to the optimization process itself rather than to any architectural novelty.

1. We propose a lightweight 1D-CNN with channel attention (17,308 parameters) for
12-class PQD classification including four compound disturbance types, and instan-
tiate hyperparameter optimization using the Phong Optimization Algorithm (POA)
over the learning rate, first-layer kernel size, and attention reduction ratio. Unlike
most papers that treat the proposed architecture as the main contribution, our ablation
study (Section 3.5), optimizer-fair comparison (Section 3.6.3), and architecture-fair
comparison (Section 3.6.2) all point to the same thing: what really drives noise-robust
PQD classification is the hyperparameter optimization process itself, not architectural
novelty or which metaheuristic we use.

2. The proposed method achieves 83.4% accuracy at 5 dB SNR, outperforming
SVM+DWT, CNN-LSTM, and plain 1D-CNN under their commonly reported con-
figurations. The fairness analysis pins this down: when the same per-SNR POA
optimization is granted to all deep-learning baselines (Section 3.6.2), the 5 dB accu-
racy values of all POA-optimized deep methods fall within roughly 5 percentage
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points (82.31–87.13%), with MobileNet-1D (6920 parameters) reaching 86.35% and
1D-ResNet (46,548 parameters) reaching 87.13% and the attention module’s own
contribution falling to within run-to-run variation (82.77% vs. 82.48%). The large
accuracy gaps reported across much of the PQD literature therefore likely come from
unequal hyperparameter tuning rather than from any inherent architectural advan-
tage. The single-set ablation study (Section 3.5) points the same way, with POA
optimization alone raising 5 dB accuracy from 41.6% to 76.4% under the transferred
10 dB-optimized configuration. This indicates that for strong-noise PQD classification,
hyperparameter selection deserves more attention.

3. We validate the POA-optimized hyperparameters on an independent public dataset,
achieving 90.00% accuracy when training a fresh model from scratch. This indicates
that the optimized configuration remains effective when the network is retrained
on data with a fundamentally different generation procedure—a hyperparameter
transferability rarely tested in prior PQD studies; the precise scope of this claim is
discussed in Section 3.8.

4. We further evaluate the proposed method under six complex noise scenarios be-
yond AWGN—including harmonic background, interharmonics, impulsive transients,
colored noise, quantization noise, and a composite realistic scenario jointly apply-
ing the harmonic, interharmonic, impulsive, AWGN, and quantization mechanisms.
The method maintains 80.9% accuracy at 5 dB SNR under the composite condition,
confirming that the POA-optimized hyperparameters remain robust under noise
conditions more realistic than pure AWGN.

5. We provide a preliminary probe on real measured signals using two real-life datasets
recorded on an actual distribution network (real voltage-sag and impulsive-transient
recordings, 68 events in total). Although the synthetic-trained classifier head does not
transfer zero-shot, the learned feature representation does: a linear probe separates
the two available real classes perfectly (100% five-fold cross-validation) and few-shot
calibration with eight labeled examples per class reaches 99.8% accuracy, indicating
that the domain gap resides in the classifier-head calibration and that only lightweight
field calibration is required (Section 3.9).

Scope and applicability. This work focuses on the 12-class disturbance taxonomy
defined in IEEE Standard 1159-2019, sampled at fs = 2560 Hz to cover the canonical
low-frequency PQDs (sag, swell, harmonics up to the 7th order, interruption, flicker, notch,
spike, and their compounds). We acknowledge that emerging power-electronic interfaces
introduce additional supraharmonic phenomena up to 150 kHz that require sampling rates
of hundreds of kSa/s in modern PQ analyzers, and that real distribution networks exhibit
non-stationary transitions absent from the IEEE 1159 parametric formulation. Extension of
the proposed POA-optimization framework to higher-bandwidth supraharmonic regimes
and non-stationary event mixtures is outside the scope of this study, but represents a
natural direction for future work. The contribution of this paper is methodological—
demonstrating that systematic hyperparameter optimization dominates architectural choice
for noise-robust classification within the canonical IEEE 1159 disturbance set—rather than
dataset-specific.

The rest of this paper is structured in three sections. Section 2 introduces the theoretical
background, including the PQD signal model, the complex noise modeling beyond AWGN,
the 1D-CNN with channel attention architecture, and the POA algorithm. Section 3 presents
the simulation results and discussion. Section 4 draws conclusions and points out future
research directions.
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2. Theoretical Background
2.1. PQD Signal Mathematical Model

Power quality disturbances can be mathematically modeled as deviations from the
ideal sinusoidal voltage waveform. The fundamental pure sinusoidal signal is expressed as

v(t) = A sin(2π f t) (1)

where A is the amplitude and f is the fundamental frequency (50 Hz in this study). Based
on the IEEE 1159-2019 standard [1], 12 types of PQDs are defined in this work, includ-
ing 8 single disturbances and 4 compound disturbances. The mathematical models are
summarized in Table 1.

Table 1. Mathematical models of 12 types of PQDs based on IEEE 1159-2019.

Type Mathematical Model Parameters

C1: Normal v(t) = sin(2π f t) –

C2: Sag v(t) = [1− α · g(t)] sin(2π f t) α ∈ [0.1, 0.5]

C3: Swell v(t) = [1 + α · g(t)] sin(2π f t) α ∈ [0.1, 0.5]

C4: Harmonics v(t) = sin(2π f t) + ∑h∈{3,5,7} ah sin(2πh f t) a3 ∈ [0.05, 0.15], a5∈[0.05, 0.12],
a7 ∈ [0.01, 0.05]

C5: Interruption v(t) = [1− α · g(t)] sin(2π f t) α ∈ [0.9, 0.98]

C6: Flicker v(t) = [1 + β sin(2π f f t)] sin(2π f t) β ∈ [0.08, 0.2], f f ∈ [5, 15] Hz

C7: Notch v(t) = sin(2π f t)− d|v(t)| at
zero-crossings d ∈ [0.4, 0.8], width ∈ [0.5, 2] ms

C8: Spike v(t) = sin(2π f t) + ∑k Akδw(t− tk)
Ak ∈ [1.0, 3.0], n ∈ [3, 8], width
∈ [0.1, 0.5] ms

C9: Sag + Harm. Combination of C2 and C4 α ∈ [0.1, 0.5], a3, a5 as C4

C10: Swell + Harm. Combination of C3 and C4 α ∈ [0.1, 0.5], a3, a5 as C4

C11: Sag + Flicker Combination of C2 and C6 α ∈ [0.1, 0.5], β ∈ [0.08, 0.2], f f = 8 Hz

C12: Int. + Harm. Combination of C5 and C4 α ∈ [0.9, 0.98], a3, a5 as C4

g(t) = u(t− t1)− u(t− t2), where u(·) is the unit step function; t1, t2 are randomized disturbance start/end
times; δw(·) denotes a rectangular pulse of width w; f = 50 Hz, fs = 2560 Hz.

For single disturbances, voltage sag is modeled by reducing the amplitude within a
time interval [t1, t2] by a factor α ∈ [0.1, 0.5], while voltage swell increases the amplitude by
the same range. Harmonics are generated by superimposing the 3rd, 5th, and 7th harmonic
components with amplitudes a3 ∈ [0.05, 0.15], a5 ∈ [0.05, 0.12], and a7 ∈ [0.01, 0.05], respec-
tively. Interruption is modeled similarly to sag but with a much larger reduction factor
α ∈ [0.9, 0.98], representing near-complete loss of voltage. Flicker is simulated by amplitude
modulation with a low-frequency sinusoidal envelope at frequency fflicker ∈ [5, 15] Hz and
modulation depth β ∈ [0.08, 0.2]. Notch disturbances are created by introducing periodic
dips at zero-crossing points, while spike disturbances are modeled as randomly positioned
high-amplitude transient impulses.

For compound disturbances, each type is constructed by combining two single dis-
turbances: sag with harmonics, swell with harmonics, sag with flicker, and interruption
with harmonics. These four combinations were selected because they are the compound
disturbances most frequently encountered and most commonly benchmarked in the PQD
classification literature: harmonic pollution coexisting with voltage sags, swells, or inter-
ruptions reflects nonlinear loads operating during voltage-magnitude events, while the
sag-with-flicker pair captures the joint amplitude-modulation and magnitude-reduction
case. They also span the three single-disturbance families (magnitude events, harmonic
distortion, and amplitude modulation), giving broad coverage of compound behavior
without enumerating the full combinatorial space. All disturbance parameters are random-
ized within the IEEE 1159 specified ranges to enhance data diversity. For completeness,
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the harmonic content is summarized as follows. The standalone harmonic class super-
imposes the 3rd, 5th, and 7th harmonics on the fundamental, with per-unit amplitudes
(relative to the fundamental) drawn from [0.05, 0.15], [0.05, 0.12], and [0.01, 0.05], respec-
tively, corresponding to a total harmonic distortion (THD) of approximately 7–20%; the
three harmonic-containing compound classes (C9, C10, C12) use the 3rd and 5th harmonics
only (THD approximately 7–19%). All harmonic components have constant amplitude over
the active interval of each signal, so every modeled disturbance is locally stationary within
its active window; non-stationary transitions and time-varying spectra are not modeled in
this study and are identified as future work (Section 4). The complete per-class parametric
models and their randomized parameter ranges are listed in Table 1.

To simulate real-world noise conditions, additive white Gaussian noise (AWGN) is
added to each signal:

x(t) = v(t) + n(t) (2)

where n(t) is Gaussian noise with power determined by the target signal-to-noise ratio
(SNR). In this study, the signals are sampled at fs = 2560 Hz with 2560 sampling points per
signal, corresponding to one second of recording duration. Five noise levels are considered:
noise-free, 30 dB, 20 dB, 10 dB, and 5 dB. Representative waveforms of the 12 disturbance
types at 20 dB SNR are shown in Figure 1.
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Figure 1. Waveform examples of 12 types of PQDs at 20 dB SNR.

2.2. Complex Noise Modeling

While additive white Gaussian noise (AWGN) is widely used to emulate measurement
noise in PQD studies, real distribution networks exhibit far more complex noise character-
istics, including persistent harmonic background, interharmonics from power-electronic
devices, impulsive transients from switching events, colored noise with non-white power
spectral density, and quantization noise introduced by the finite resolution of acquisition
hardware. To evaluate the robustness of the proposed method under conditions closer to
practical operation, six noise scenarios beyond pure AWGN are additionally modeled and
used in Section 3.7.
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(1) Harmonic background noise. Low-order harmonics (3rd, 5th, 7th) with random-
ized phases are superimposed on the clean signal, together with AWGN:

x(t) = v(t) + ∑
h∈{3,5,7}

ah sin(2πh f t + φh) + nawgn(t), (3)

where φh ∼ U (0, 2π) and ah are randomized within typical pollution levels reported in
field measurements (a3 ∈ [0.03, 0.08], a5 ∈ [0.02, 0.06], a7 ∈ [0.01, 0.04]).

(2) Interharmonic noise. A non-integer harmonic component is introduced to emulate
interference from power-electronic devices such as variable-frequency drives:

x(t) = v(t) + aih sin(2π fiht + φ) + nawgn(t), (4)

where fih = β f with β ∈ [2.3, 4.7] (non-integer multiple of the fundamental frequency),
and aih ∈ [0.03, 0.10].

(3) Impulsive noise. Randomly located high-amplitude transient pulses are added to
model switching operations and lightning-induced disturbances:

x(t) = v(t) +
K

∑
k=1

Ak · pw(t− tk) + nawgn(t), (5)

where pw denotes a rectangular pulse of random width w, K ∈ [5, 15] is the number of
impulses, Ak ∈ [0.5, 1.5], and tk are uniformly distributed within the signal duration.

(4) Colored (pink) noise. Noise with power spectral density proportional to 1/ f
replaces white noise, which better approximates the broadband background of real grids:

x(t) = v(t) + npink(t), (6)

where npink(t) is generated by spectrally shaping a white Gaussian sequence using a 1/
√

f
filter and scaling its power to match the target SNR.

(5) Quantization noise. The signal is corrupted by AWGN and then quantized to b
bits to emulate the finite resolution of analog-to-digital converters (ADCs):

xq(t) = Qb
(
v(t) + nawgn(t)

)
, (7)

where Qb(·) denotes uniform quantization to b bits. In this study, b = 8 is used, representing
a low-resolution ADC commonly found in low-cost monitoring devices.

(6) Composite realistic noise. Harmonic background, interharmonics, impulsive tran-
sients, AWGN, and 8-bit quantization are jointly applied to the clean signal, representing
the most demanding, field-like scenario in which multiple noise sources coexist:

xcomp(t) = Q8
(
v(t) + nharm(t) + nih(t) + nimp(t) + nawgn(t)

)
. (8)

In all six scenarios, the AWGN component is calibrated to a target SNR level (10 dB or
5 dB) as in the baseline simulations, ensuring that the noise power is directly comparable
across scenarios. The classification performance under these six conditions is reported in
Section 3.7.

We emphasize that the parametric IEEE 1159 generator adopted here does not re-
produce several signal features characteristic of real low-voltage distribution networks.
In particular, the diode-bridge input stages of switched-mode power supplies produce
a flat-topped (“clipped sine”) voltage, this distortion is frequently amplitude-modulated
by neighboring power-electronic loads, and the combination yields wideband harmonic
and interharmonic content that can extend to tens or hundreds of kHz, i.e., supraharmonic
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components up to 150 kHz that require sampling rates of hundreds of kSa/s to capture.
These mechanisms, together with the non-stationary transitions and overlapping events
typical of field signals, are outside the scope of the present idealized generator; they are
acknowledged here explicitly as the boundary of applicability, and the synthetic-to-real
gap they induce is examined directly on real measured recordings in Section 3.9.

2.3. 1D-CNN with Channel Attention

The proposed classification model consists of three main components: a 1D convolu-
tional feature extractor, a channel attention module, and a global average pooling classifier.
The overall architecture is illustrated in Figure 2.
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Figure 2. Architecture of the proposed 1D-CNN with channel attention model.

1D Convolutional Feature Extractor. The backbone network comprises three cascaded
1D convolutional layers with increasing filter numbers (16, 32, and 64), which progressively
extract hierarchical features from the raw PQD waveforms. Each convolutional layer is
followed by batch normalization (BN) [29] and ReLU activation. Dropout [30] with a rate
of 0.3 is applied after the first two convolutional layers to mitigate overfitting. The first
convolutional layer uses a kernel size k1 (optimized by POA) with stride 2, while the
second and third layers use fixed kernel sizes of 7 and 5, respectively, both with stride 2.
This design progressively reduces the temporal resolution while expanding the feature
dimensionality. The output of the i-th convolutional layer can be expressed as:

Fi = Dropout(ReLU(BN(Conv1D(Fi−1)))) (9)

where F0 = x ∈ R1×2560 is the input signal.
Channel Attention Module. After the three convolutional layers, a channel attention

mechanism inspired by the squeeze-and-excitation network (SENet) [20] is applied to
adaptively recalibrate the channel-wise feature responses. The module operates as follows.
First, global average pooling (GAP) is applied along the temporal dimension to squeeze
the feature map F ∈ RC×L into a channel descriptor z ∈ RC:

zc =
1
L

L

∑
l=1

Fc(l) (10)

Then, a two-layer fully connected network with a bottleneck structure is used to learn
the channel-wise attention weights:

s = σ(W2 · ReLU(W1 · z)) (11)

where W1 ∈ R(C/r)×C and W2 ∈ RC×(C/r) are the weight matrices of the two fully con-
nected layers, r is the reduction ratio (optimized by POA), and σ denotes the sigmoid
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activation function. The final re-calibrated feature map is obtained by channel-wise multi-
plication:

F̃ = s⊗ F (12)

where ⊗ denotes channel-wise multiplication.
Classification Head. The re-calibrated feature map F̃ is then passed through a global

average pooling layer to produce a fixed-length feature vector of dimension C = 64,
followed by a fully connected layer with softmax activation for 12-class classification.
The total number of trainable parameters is 17,308, making the model highly lightweight.

2.4. Phong Optimization Algorithm

The Phong Optimization Algorithm (POA) [28] is a swarm intelligence optimization
algorithm. It comes from a computer graphics model named the Phong reflection model [31].
POA treats each candidate solution as a light particle, using light propagation and surface
reflection to guide the search. Each light particle’s position represents a candidate solution,
with its intensity and velocity determining the search direction and step size. When light
particles are far from the global optimum, they move at higher velocity to search broadly; as
they approach the optimum, the velocity decreases and the search becomes more focused.
The complete procedure is summarized in Figure 3.

START

Initialize N light particles
Position X, Velocity v = 0, Intensity Iv = 0

Record pbest and gbest

Evaluate fitness of all particles
Record pbest and gbest

Compute adaptive parameters
γ = exp(−(T − t)/(2T ))

ω = exp(−t/T )
ρ = 10 · ((T − t)/T ) · exp(−(t+ T )/T )

Update light intensity
(Inverse Square Law)
Iv ← Iv + Idir + Iindir

Update velocity
v ← ω · (v + Iv/(µ · ε · E2))

+c1 · rand · (pbest −X)
+c2 · rand · (gbest −X)

Xtemp = X + v

Phong Illumination Model
Itotal = Iambient + Idiffuse + Ispecular

Ambient: baseline perturbation
Diffuse: guided by pbest (ρ decay)

Specular: guided by gbest (γ · cosn φ)

Random p = rand(0, 1)
p < 0.1 → Random reinit

0.1 ≤ p < 0.5 →
X = Xtemp + Itotal

p ≥ 0.5→ X = pbest +Q · Itotal

Clip X to bounds [lb, ub]
Evaluate fitness of new position

Greedy selection:
Update pbest and gbest
if fitness improved

All particles
processed?

t < Tmax?

Output global best solution
Optimal hyperparameters:

[LR∗, kernel size∗, reduction ratio∗]

END

YES

NO

YES

Next iteration

NO

Next particle

Figure 3. Flowchart of the Phong Optimization Algorithm. The asterisk (*) denotes the optimal value
of each hyperparameter identified by POA.
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Step 1: Initialization. A population of N light particles is first generated in the D-
dimensional search space [lb, ub], each assigned an initial position Xi, velocity vi = 0,
and light intensity Ivi = 0. Each particle’s own best-found position lbesti and the
population-wide best obest are also recorded.

Step 2: Light Intensity Update via Inverse Square Law. In each iteration t, the
light intensity of the i-th particle is updated by accumulating both direct and indi-
rect illumination based on the inverse square law. Over iterations, the adaptive factor
γ = exp(−(T − t)/(2T)) gradually increases from a small value toward 1, shifting the
search from broad and random to increasingly focused and precise.

Step 3: Velocity Update via Light Speed in Media. The velocity of each particle is
updated with a formula similar to the speed of light in a medium, using an exponentially
decaying inertia weight ω = exp(−t/T) and acceleration coefficients c1 = c2 = 2 to
balance individual and collective influence.

Step 4: Phong Illumination Model. The total reflected light intensity is computed by
accumulating the three components:

1. Ambient reflection, which provides a baseline perturbation;
2. Diffuse reflection, which simulates the scattering of light on rough surfaces with a

decay factor ρ that decreases over iterations to gradually converge the search toward
promising regions;

3. Specular reflection, which produces concentrated perturbations controlled by a shini-
ness exponent.

Step 5: Position Update. A probabilistic mechanism determines the new position.
First, approximately 10% probability is assigned to random re-initialization for maintaining
population diversity. Then, 40% probability is assigned to moving along the direct light
vector toward each particle’s own best position. Finally, the remaining 50% probability is
used for the indirect light vector toward the population’s best position, with bidirectional
perturbation.

Adaptive Balance Mechanism. POA shifts between broad search and fine-grained
refinement through three adaptive parameters: γ increases over iterations from coarse
to fine search guidance; ω decays exponentially to reduce inertia; and ρ decreases to
converge the search toward promising regions. The overall time complexity of POA is
O(T · N · D + T · N · n), where T denotes the iteration count, N the number of particles, D
the dimension of the search space, and n the computational cost per fitness evaluation.

Internal parameter settings. All POA internal parameters, including the adaptive
schedules γ = exp(−(T − t)/(2T)), ω = exp(−t/T), ρ = 10 · ((T − t)/T) · exp(−(t +
T)/T), the acceleration coefficients c1 = c2 = 2, and the shininess exponent of the specular
reflection term, are adopted directly from the original POA formulation in [28] without
further tuning. We deliberately avoid tuning POA’s own internal parameters in order
to keep the framework reproducible and to avoid introducing a second meta-level of
hyperparameter search. The optimizer comparison reported in Section 3.6.3 indirectly
assesses the impact of these design choices by benchmarking POA against PSO and random
search at matched evaluation budgets; the comparable final accuracies achieved by the
three methods suggest that the conclusions of this paper are not sensitive to the specific
schedule choices within POA. To directly verify this, a sensitivity analysis was additionally
conducted in which the rate constants of the three adaptive schedules—parameterized as
γ(t) = exp(−rγ(T − t)/T), ω(t) = exp(−rωt/T), and ρ(t) = rρ(T − t)/T · exp(−(t +
T)/T) with paper-default values (rγ, rω, rρ) = (0.5, 1.0, 10.0)—were each perturbed by
factors of ×0.5 and ×2.0. Across all seven resulting schedule configurations and three
independent random seeds per configuration, the POA-found best validation accuracy at
5 dB SNR remained within 0.35 percentage points of the baseline (full results in Table 2).
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Furthermore, all seven configurations produced 95% confidence intervals that overlap with
the baseline interval, indicating that the perturbed schedules are statistically indistinguish-
able from the baseline configuration at the chosen evaluation budget. This directly confirms
that POA’s effectiveness on this problem is not contingent on fine-tuning of its internal
schedule parameters.

Table 2. Sensitivity of POA-found best validation accuracy to perturbations of the internal schedule
parameters rγ, rω , rρ at 5 dB SNR. Each row reports mean ± standard deviation over 3 independent
POA runs with different random seeds. All seven configurations fall within 0.35 percentage points of
the baseline, and their 95% confidence intervals all overlap with the baseline interval. Values reported
are validation-set accuracies (the POA fitness signal) obtained under a reduced compute budget for the
sensitivity sweep (1500 samples/class, 10 fitness-evaluation epochs, N = 6, T = 6); the corresponding
test-set accuracy under the full configuration used elsewhere in the paper (2000 samples/class,
15 fitness epochs, N = 10, T = 12, 20 retraining epochs) is approximately 2–3 percentage points
lower at 5 dB SNR, as reported in Sections 3.5 and 3.6.2.

Configuration rγ rω rρ Best Val Acc (%)

baseline 0.500 1.000 10.00 85.61 ± 0.44
γ ×0.5 (slow) 0.250 1.000 10.00 85.33 ± 0.24
γ ×2.0 (fast) 1.000 1.000 10.00 85.39 ± 0.15
ω ×0.5 (slow) 0.500 0.500 10.00 85.26 ± 0.69
ω ×2.0 (fast) 0.500 2.000 10.00 85.37 ± 0.08
ρ ×0.5 0.500 1.000 5.00 85.39 ± 0.15
ρ ×2.0 0.500 1.000 20.00 85.50 ± 0.24

2.5. POA-Based Hyperparameter Optimization Framework

In this framework, POA is combined with the 1D-CNN channel attention model for au-
tomated hyperparameter optimization. The objective is to search for the best setting of three
hyperparameters that gives the highest accuracy on the validation set: the learning rate
(lr ∈ [0.0001, 0.01]), the first convolutional layer kernel size (k1 ∈ [5, 21]), and the channel
attention reduction ratio (r ∈ [2, 8]). Figure 4 shows the overall optimization framework.

PQD Signal Generation
12 classes, IEEE 1159 standard

Dataset Split
70% / 10% / 20%

Signal parameters:
f = 50 Hz, fs = 2560 Hz
2560 points per signal

SNR: 5–30 dB

Data Preparation

POA Initialization
Candidate: [Lr, k1, r]

Build 1D-CNN+Attention
Model

with candidate hyperparameters

POA Position Update
Intensity → Velocity → Phong →

New position

Train for 15 Epochs
Adam optimizer

Update pbest & gbest
Evaluate Fitness

Fitness = Validation Accuracy

Next iteration

POA Optimization Loop (N=10 particles, T=12 iterations)

Classification Result
Accuracy: 89.96% @ 10 dB SNR

Final Model Training
20 epochs, CosineAnnealing LR

Optimal Hyperparameters
[L∗

R = 0.00923, k∗
1 = 21, r∗ = 7]

Final Training & Output

Figure 4. Overall framework of the POA-based hyperparameter optimization for PQD classifica-
tion. The optimal-hyperparameter and accuracy values shown in the output blocks (lr = 0.00923,
k1 = 21, r = 7; 89.96% at 10 dB SNR) are the original-protocol illustrative values of Section 3.3; the
corrected-protocol counterpart at 10 dB SNR is 89.73% (Section 3.6.2). The star marks the optimal
hyperparameter configuration identified by POA.

The optimization procedure is described as follows. First, a PQD dataset is generated
at the target SNR level and divided into training, validation, and testing subsets (see
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Section 3.1). The POA is then initialized with a population of N = 10 individuals, where
each individual encodes a three-dimensional candidate hyperparameter vector [lr, k1, r].
For each candidate, the 1D-CNN with channel attention model is instantiated with the
corresponding hyperparameters, trained for 15 epochs on the training set using the Adam
optimizer [32], and evaluated on the validation set, with validation accuracy used as the
fitness score. The test set is not exposed to POA at any point during hyperparameter search,
ensuring that the final test accuracy reported in subsequent sections is an unbiased estimate
of generalization performance.

Over Tmax = 12 iterations, the POA updates the population using the velocity and
Phong reflection mechanisms described in Section 2.4. After the optimization converges,
the best hyperparameter configuration identified by the POA is used to retrain the model
on the combined training and validation sets (80% of all data) for a full 20 epochs with
cosine annealing learning rate scheduling to obtain the final classification model, which is
then evaluated exactly once on the held-out test set.

The total computational cost of the optimization process is N × (1 + Tmax) = 130
model training evaluations, which is significantly lower than grid search over the same
three-dimensional space. This efficiency comes from POA’s internal three-component
structure, which allows it to converge rapidly on high-quality hyperparameter settings
without exhaustive search.

3. Results and Discussion
3.1. Simulation Setup

Terminology note. Throughout this paper, the terms “simulation”, “simulation
study”, and “simulation results” refer to controlled numerical studies conducted on syn-
thetically generated signals contaminated with synthetically generated noise. We do not
claim, and do not present, any results obtained from physical measurements of an ac-
tual distribution network or laboratory test bench. Validation on field-measured signals
is identified as a limitation and discussed as the primary direction for future work in
Section 4.

A synthetic PQD dataset was constructed based on the mathematical models defined
in IEEE Standard 1159-2019. The dataset comprises 12 types of disturbances: 8 single
disturbances (normal, voltage sag, voltage swell, harmonics, interruption, flicker, notch,
and spike) and 4 compound disturbances (sag with harmonics, swell with harmonics, sag
with flicker, and interruption with harmonics). Each class contains 2000 samples, recorded
at 50 Hz fundamental frequency and 2560 Hz sampling rate, giving 2560 points per signal.
To enhance data diversity, the disturbance parameters, including amplitude, start and end
positions, and harmonic coefficients, were then randomized within the ranges specified by
IEEE 1159. AWGN was introduced at four different SNRs (30 dB, 20 dB, 10 dB, and 5 dB)
to simulate various noise environments. The data were split into three disjoint subsets
with a fixed random seed for reproducibility: 70% training, 10% validation, and 20% test
(approximately 1400/200/400 samples per class on average, with per-class deviations
arising from random rather than stratified sampling). Critically, the validation set is used
exclusively by POA as the fitness signal during hyperparameter search, while the test set
is held out entirely from the optimization process and evaluated only once on the final
retrained model. This three-way partitioning eliminates the test-set leakage that would
otherwise arise from using test accuracy as the POA fitness score, and the per-class test
counts are consistent with the confusion-matrix row totals reported in Section 3.4. We
further note that, because both the training and test subsets are drawn from the same
parametric signal generator, a high AWGN test accuracy alone cannot rule out distribution-
specific overfitting; the complex-noise evaluation in Section 3.7 (where the test-time noise
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mechanisms differ from the AWGN model used during hyperparameter optimization) and
the SEED-PQD retraining study in Section 3.8 are included precisely to probe this risk.

Four metrics were used to evaluate classification performance: accuracy, macro-
averaged precision, macro-averaged recall, and macro-averaged F1-score. Accuracy cap-
tures the overall correct classification rate, while the other three give a closer look at
per-class performance, which matters more in multi-class settings.

To demonstrate the effectiveness of the proposed method, three baseline methods were
implemented for comparison under identical simulation conditions: (1) SVM with discrete
wavelet transform (DWT) features, which represents the traditional machine learning
approach using a radial basis function (RBF) kernel with db4 wavelet decomposition at
4 levels; (2) CNN-LSTM, a hybrid deep learning model combining convolutional layers for
spatial feature extraction with LSTM layers for temporal modeling; and (3) a plain 1D-CNN
without the attention mechanism, serving as the backbone baseline. All deep learning
models were trained for 20 epochs using the Adam optimizer with a batch size of 64.

All simulations were implemented in Python (version 3.10.10) using PyTorch (version
2.5.1, CUDA 12.1) and executed on an NVIDIA GPU with CUDA acceleration. For the
ablation study and robustness analysis, each configuration was independently trained
5 times, and the mean accuracy with standard deviation was reported to account for
stochastic variations. For the cross-method comparison, each deep learning model was
trained 3 times and averaged. The proposed model contains 17,308 trainable parameters,
making it lightweight and suitable for deployment in resource-constrained environments.

Protocol-update disclosure. During the preparation of this revision, we identified that
the original submission used test-set accuracy as the POA fitness signal under an 80/20
train/test split with 3000 synthetic samples per class, which is a form of test-set information
leakage commonly overlooked in metaheuristic-driven hyperparameter studies. To cor-
rect this, the revised protocol introduces a three-way 70/10/20 train/validation/test split,
with 2000 synthetic samples per class and the validation set serving as the POA fitness
signal, as described above. All new analyses introduced in this revision—namely, the
5 dB confusion matrix and t-SNE visualization (Section 3.4), the POA schedule sensitivity
study (Table 2), the fair POA optimization across architectures (Section 3.6.2), the optimizer
comparison (Section 3.6.3), and the complex-noise evaluation (Section 3.7)—are produced
entirely under the corrected protocol and constitute the primary evidence supporting
the central claims of this paper. The original-protocol results retained from the initial
submission—specifically, the baseline training curves (Section 3.2), the POA optimization
convergence values (Section 3.3), the ablation study (Section 3.5), the cross-method compar-
ison (Section 3.6.1), and the SEED-PQD study (Section 3.8)—are reported as they appeared
in the original submission, and are explicitly indicated where they occur. The substantive
conclusions of the paper are unchanged across the two protocols: under the corrected proto-
col, the proposed method achieves 82.77% accuracy at 5 dB SNR (Section 3.6.2), which falls
within the run-to-run variation of the 83.40% value reported under the original protocol
(Table 3, ±3.27 pp standard deviation), and the central finding that systematic hyperparam-
eter optimization—rather than architectural sophistication—drives noise robustness is in
fact reinforced by the corrected protocol’s results.

3.2. Baseline Training and Convergence Analysis

The results in this subsection are reported under the original 80/20 protocol used in the
initial submission (see “Protocol-update disclosure” in Section 3.1), and are retained here for
direct comparison with the original submission. The corresponding qualitative conclusion—
that manual hyperparameter selection yields poor noise-robustness—is reaffirmed by the
corrected-protocol ablation in Section 3.5.
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Table 3. Classification accuracy (%) of different methods across noise levels (original 80/20 protocol;
corrected-protocol values in Table 4). Bold indicates the proposed method.

Method No Noise 30 dB 20 dB 10 dB 5 dB

SVM + DWT 88.52 88.39 84.71 75.83 66.30
CNN-LSTM 89.44 87.51 78.22 61.38 43.32
Plain 1D-CNN 90.16 88.73 80.55 63.21 38.39
Proposed 90.28 89.85 88.13 89.96 83.40

Table 4. Classification accuracy (%) under fair POA-based hyperparameter optimization for deep-
learning methods, with two recent SOTA architectures added. Bold indicates the best value in
each column.

Method No Noise 30 dB 20 dB 10 dB 5 dB Params

SVM+DWT 89.04 89.75 88.44 81.13 68.35 —
Plain 1D-CNN (POA) 90.55 90.70 90.17 89.53 82.48 15,180
CNN-LSTM (POA) 89.44 * 87.51 * 90.39 90.08 82.31 44,812
CNN-Transformer (POA) 90.48 88.70 89.80 89.41 84.40 78,476
MobileNet-1D (POA) 90.29 90.72 90.69 89.32 86.35 6920
Proposed (POA) 90.33 90.58 90.79 89.73 82.77 17,308
1D-ResNet (POA) 90.29 90.48 90.77 89.69 87.13 46,548

* CNN-LSTM exhibited training instability under POA optimization at low-noise conditions; values from its
standard configuration are reported for these cells.

To establish a performance baseline before applying hyperparameter optimization,
the proposed 1D-CNN with channel attention model was first trained using manually
selected default hyperparameters: a learning rate of 0.001, a first-layer kernel size of 15,
and an attention reduction ratio of 4. The training was conducted over 20 epochs on the
dataset generated at 10 dB SNR.

As shown in Figure 5a, the training loss decreased steadily from 1.96 to 0.26 over
20 epochs, indicating that the model learned well on the training set. However, Figure 5b
tells a different story—the held-out accuracy jumped around between 35.00% and 73.79%
throughout training, and did not settle until the final epochs, ending at only 73.79%. This
large gap between training accuracy (87.26%) and held-out accuracy (73.79%) suggests that
the default hyperparameter configuration led to poor generalization, likely because the
learning rate and kernel size combination struggled to capture noise-robust features.

These results show that model performance is highly sensitive to hyperparameter
choice, and manual tuning is not enough to get satisfactory results under noisy conditions.
This motivates the use of POA for automatic hyperparameter search, as described in the
following section.

3.3. POA Hyperparameter Optimization Results

Like Section 3.2, the results in this subsection are reported under the original 80/20
protocol used in the initial submission. The corrected-protocol counterparts—i.e., POA-
optimized hyperparameters identified under the 70/10/20 split with validation-based
fitness—are reported in Tables 2 and 4.

POA was used to search for the best combination of three hyperparameters: the
learning rate (0.0001–0.01), the first-layer kernel size (5–21), and the attention reduction
ratio (2–8). Specifically, the population size was set to 10 and the optimization run for
12 iterations, giving a total of 130 model evaluations (10 initial + 10× 12 iterations).
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Figure 5. Baseline training results at 10 dB SNR with default hyperparameters: (a) training loss curve;
(b) held-out accuracy curve.

POA converged rapidly: during the initial population evaluation it already identified
a strong region of the search space with a best test-set accuracy of 88.21% (the fitness
signal under the original 80/20 protocol), and by the third iteration the global optimum
was updated to 89.92% at lr = 0.00923, k1 = 21, r = 7. The best fitness remained at this
value for all subsequent iterations, indicating convergence well before the iteration budget
was exhausted.

These optimized hyperparameters were then used to retrain the model for a full
20 epochs with cosine-annealing learning-rate scheduling. The training dynamics of this
retraining phase are shown in Figure 6.

The final model reached 89.96% accuracy, which is about 16 percentage points higher
than the baseline (73.79%). This shows that the POA can effectively find hyperparameter
settings that have better performance under noisy conditions.
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Figure 6. Training dynamics of the 20-epoch retraining run with POA-selected hyperparameters at
10 dB SNR: training loss (left axis, red) and held-out accuracy (right axis, blue). Compared with the
baseline run in Figure 5, the trajectory is markedly more stable and the held-out accuracy converges
by approximately epoch 10.

3.4. Confusion Matrix and Feature Visualization

To analyze the classification behavior of the POA-optimized model under the most
adverse condition tested, the confusion matrix and t-SNE feature visualization on the test
set at 5 dB SNR are presented in Figure 7.

The confusion matrix in Figure 7a reveals a clear pattern: even under this challenging
5 dB SNR, seven out of twelve classes maintain strong recognition, including Sag (98.4%),
Harmonics (99.7%), Interruption (99.5%), Swell (89.7%), and three of the four compound
disturbances—Sag with Harmonics (99.8%), Swell with Harmonics (92.5%), and Inter-
ruption with Harmonics (100.0%). The interruption-related classes remain particularly
robust because their near-zero amplitude regions survive noise contamination, and the com-
pound disturbances benefit from carrying distinctive features from both their constituent
disturbance types simultaneously.

However, three groups of confusions emerge under 5 dB SNR, all of which can be ex-
plained from electrical signal analysis. First and most prominently, Normal and Spike show
substantial bidirectional confusion: 127 Normal samples were predicted as Spike, while
262 Spike samples were predicted as Normal, reducing Spike’s per-class accuracy to 31.5%.
Beyond per-class accuracy (equivalently, recall), the Spike class at 5 dB SNR also shows a
precision of 36.7% (123 true positives out of 335 predictions of Spike) and an F1-score of
33.9%, both reflecting the severe noise-induced ambiguity discussed below. From the per-
spective of electrical signal analysis, a spike is essentially a high-amplitude transient pulse
with extremely short duration. In extreme noise environments, the random instantaneous
peaks generated by Additive White Gaussian Noise (AWGN) exhibit significant overlap
with true spike disturbances in both amplitude and frequency domain characteristics. This
feature ambiguity causes the model to struggle in distinguishing random noise fluctua-
tions from actual spike events, suggesting that targeted data augmentation or specialized
transient detectors may be needed to handle this class under extreme noise.
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Figure 7. Classification results at 5 dB SNR: (a) confusion matrix and (b) t-SNE feature visualization.

Second, the compound Sag-with-Flicker class is partially confused with Sag alone (126
of 407 samples predicted as Sag), because the low-frequency amplitude modulation that
distinguishes flicker becomes increasingly masked as the noise floor approaches the flicker
modulation depth at 5 dB SNR. Third, Notch is occasionally confused with Normal (69
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of 406 samples) and Spike (33 samples), reflecting that the short-duration commutation
notches at zero-crossings become difficult to distinguish from noise excursions under severe
noise. These three confusion patterns are all consistent with physical signal characteristics
rather than arbitrary model errors, and they motivate the noise-robustness analysis in
subsequent sections.

Figure 7b presents the t-SNE [33] visualization of the 64-dimensional features extracted
from the global average pooling layer at 5 dB SNR. Most disturbance classes form distin-
guishable clusters in the feature space—including Sag, Swell, Interruption, Notch, Flicker,
and the compound disturbances—demonstrating that the combination of 1D-CNN feature
extraction and channel attention still maps PQD signals into a discriminative feature space
under strong noise. Consistent with the confusion matrix, the Normal and Spike classes
appear less separated in the central region of the feature space, reflecting the noise-induced
ambiguity discussed above.

3.5. Ablation Study and Noise Robustness Analysis

The ablation values reported in this subsection are retained from the original-protocol
simulations of the initial submission. The same qualitative conclusion—that POA hyper-
parameter optimization dominates over the attention mechanism for noise robustness—is
independently verified under the corrected protocol in Section 3.6.2, where the attention
contribution is even smaller (0.29 pp, see Table 4).

An ablation study was conducted to disentangle the individual contributions of the
channel attention mechanism and the POA hyperparameter optimization. Four model
configurations were compared across five noise levels, from no noise to 5 dB, with each
configuration independently trained 5 times to obtain the average accuracy and stan-
dard deviation.

The four configurations are defined as follows: (A) 1D-CNN with default hyperpa-
rameters (no attention, lr = 0.001, kernel = 15), serving as the baseline; (B) 1D-CNN with
channel attention using default hyperparameters (reduction = 4); (C) 1D-CNN without at-
tention but using POA-optimized hyperparameters (lr = 0.00923, kernel = 21); and (D) the
complete proposed method with both attention and POA-optimized hyperparameters
(reduction = 7).

As shown in Figure 8a, under low-noise conditions (no noise and 30 dB), all four
configurations achieved similar accuracy, ranging from 88% to 90%. However, as the noise
level increased, the differences rose rapidly. At 5 dB SNR, configurations A and B with
default hyperparameters fell sharply to 41.6% (±3.76%) and 41.9% (±3.55%), respectively.
In contrast, configuration C with POA-optimized hyperparameters maintained 76.4%
(±2.67%), and the complete proposed method (D) achieved 83.4% (±3.27%).

These results reveal two important findings. First, the POA hyperparameter optimiza-
tion is the dominant factor in improving noise robustness, as it alone elevated the 5 dB
accuracy from 41.6% to 76.4%, a gain of 34.8 percentage points. Second, under default hy-
perparameters, adding the attention mechanism produced negligible improvement (41.6%
vs. 41.9%), indicating that the attention module cannot compensate for suboptimal hyperpa-
rameters. When combined with properly tuned hyperparameters, the attention mechanism
can still provide meaningful gains (76.4% vs. 83.4%), where the interplay between kernel
size and attention reduction ratio allows the network to extract more discriminative fea-
tures. Keep in mind, though, that this +7-point attention gain comes from the single-set
protocol, where the hyperparameters tuned at 10 dB are reused at 5 dB. Under the stricter
per-SNR fair optimization of Section 3.6.2, the gap between the proposed model and its
attention-free version drops to 0.29 percentage points (82.77% vs. 82.48%, Table 4), which
is within run-to-run variation. So, the attention module is better seen as making up for
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hyperparameter mismatch across noise levels than as a real architecture-level advantage,
which fits the main finding of this paper.
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Figure 8. Ablation study results: (a) accuracy comparison across noise levels for four model configu-
rations; (b) detailed accuracy values.

3.6. Comparison with Existing Methods and Fairness Analysis

The proposed method is compared with existing approaches in three steps. The first
step compares against three representative baselines using each method’s commonly re-
ported configuration (Section 3.6.1). The comparison is then re-run after giving all methods,
plus two modern architectures, the same per-SNR POA optimization, so that hyperparame-
ter tuning is equalized across methods (Section 3.6.2). Finally, POA is compared against
other metaheuristic optimizers to see whether the gains depend on the specific choice of
POA (Section 3.6.3).

3.6.1. Comparison Under Commonly Reported Configurations

To confirm the overall advantage of the proposed approach, a cross-method com-
parison was conducted against three representative methods: SVM with DWT features,
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CNN-LSTM, and plain 1D-CNN. All methods were evaluated under identical data condi-
tions across five noise levels, with deep learning methods trained 3 times and averaged.

Hyperparameter protocol used in Table 3. The values in Table 3 are retained from the
original-protocol simulations of the initial submission (80/20 train/test split, test-accuracy
fitness), and are reported here for direct comparability with the original submission; the
corrected-protocol counterpart for the same set of methods is reported in Table 4. The pro-
posed method in Table 3 uses the POA-optimized hyperparameters identified at 10 dB
SNR (lr = 0.00923, k1 = 21, r = 7) and applies them across all five SNR levels without
re-optimization at each level. This single-set protocol mirrors the practical deployment
scenario in which a power-quality monitor cannot know the noise level a priori and must
operate with a fixed configuration. One side-effect of this protocol is that the proposed
method’s accuracy is not strictly monotonic in SNR (89.96% at 10 dB versus 88.13% at
20 dB), because the configuration is tuned for the 10 dB operating point and is therefore
very slightly suboptimal at higher SNR levels; under the per-SNR optimization protocol
of Section 3.6.2, this 10 dB-versus-20 dB inversion no longer appears (Table 4), with the
residual non-monotonic differences across SNR levels (<0.5 percentage points) lying within
run-to-run variation. The competing methods in Table 3 similarly use their commonly
reported configurations in the literature, which is the standard practice in PQD studies.
A stricter per-SNR optimization protocol—where each method, including the proposed one,
receives independently POA-optimized hyperparameters at every individual SNR level—is
reported separately in Section 3.6.2 (Table 4) to isolate the architectural contribution from
that of the hyperparameter search.

Under low-noise conditions (no noise and 30 dB), the proposed method, plain 1D-
CNN, and SVM+DWT achieved comparable performance, all exceeding 88%. However,
the performance gap widened significantly as noise increased. At 5 dB SNR, the pro-
posed method achieved 83.4%, outperforming SVM+DWT (66.30%) by 17.10 percentage
points, CNN-LSTM (43.32%) by 40.08 percentage points, and plain 1D-CNN (38.39%) by
45.01 percentage points.

As shown in Figure 9b, multi-metric comparison at 5 dB further confirms the supe-
riority of the proposed method, which achieved the highest scores across all four evalua-
tion metrics: accuracy (83.4%), precision (80.98%), recall (77.48%), and F1-score (76.34%).
The SVM+DWT method, while robust due to its handcrafted wavelet features, still fell
short by over 10% across all metrics. CNN-LSTM showed high variance across runs and
trained unstably under strong noise, probably because it struggled to learn long-range
temporal patterns from noise-corrupted signals. Plain 1D-CNN dropped the most—from
90.16% at no noise all the way down to 38.39% at 5 dB—showing that without proper
hyperparameter tuning, the CNN backbone is quite vulnerable to noise.

Overall, these results confirm that the proposed POA-optimized 1D-CNN with
channel attention provides a robust and effective solution for PQD classification under
strong noise when each baseline is evaluated under its commonly reported configuration;
Sections 3.6.2 and 3.6.3 re-examine this advantage under matched per-method optimization
and against alternative optimizers.

3.6.2. Fairness Assessment with POA-Optimized Competitors

While the comparison in Table 3 above uses each competing method’s commonly
reported configuration in the literature—which is the standard practice in PQD studies—a
stricter fairness assessment is warranted to isolate the contribution of the proposed architec-
ture from that of hyperparameter optimization. To this end, all deep-learning competitors
were additionally optimized using the same POA procedure independently at each SNR
level. This includes the plain 1D-CNN and CNN-LSTM, as well as two modern architec-
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ture families recently applied to 1-D signal classification: a 1D CNN-Transformer hybrid
that combines convolutional local feature extraction with Transformer encoders for global
temporal dependencies, an architecture recently shown to be effective for PQD classifica-
tion [34], and a MobileNet-1D based on depthwise-separable convolutions, a lightweight
design family likewise recently applied to PQD classification [35]. Because each method is
independently re-optimized by POA under this fair protocol, the values reported in Table 4
come from a separate set of optimization runs from those in Table 3; the proposed method
therefore appears here with a slightly different 5 dB value (82.77%) from its Table 3 coun-
terpart (83.40%), with both values lying within the per-run standard deviation reported
in the ablation study (Section 3.5). The same reasoning applies to the SVM+DWT row,
which does not undergo POA optimization (it carries no neural-network hyperparameters
in the search space): its values in Table 4 (e.g., 68.35% at 5 dB) differ marginally from those
in Table 3 (66.30% at 5 dB) only because of independent dataset partitions and random
seeds across the two evaluation runs, both lying within run-to-run variation. The relative
ranking among methods is the substantive comparison of interest in this section. This ex-
panded, budget-matched comparison also addresses the concern that the baseline selection
in the original comparison favored the proposed method. The fair-optimization results are
reported in Table 4.

Under this strict fairness condition, the previously observed accuracy gap between
the proposed method and the deep-learning competitors narrows substantially, with all
POA-optimized deep methods reaching broadly similar accuracy in the 82–87% range at
5 dB SNR. The proposed method achieves 82.77% at 5 dB—in the same band as 1D-ResNet
(87.13%, at 2.7× the parameter count), MobileNet-1D (86.35%), CNN-Transformer (84.40%),
plain 1D-CNN (82.48%), and CNN-LSTM (82.31%). This narrowing matters: it backs up
the finding of the ablation study (Section 3.5), namely, that systematic hyperparameter
optimization, not architectural sophistication, is what mainly drives noise robustness in
PQD classification.

Two practical points still favor the proposed method. With only 17,308 parameters, it
reaches about the same 5 dB accuracy as CNN-Transformer (84.40%), which is 4.5× larger
at 78,476 parameters, and it keeps an explicit channel attention module whose weights
can be visualized for interpretability. 1D-ResNet attains the highest 5 dB accuracy here
(87.13%), with MobileNet-1D close behind (86.35%) at only 6920 parameters, so residual
and depthwise-separable designs both look like strong options for noise-robust PQD
classification. This again fits the main point of this paper: once hyperparameter tuning is
matched, several architectures land at similar accuracy. The proposed configuration also
transferred well across datasets (Section 3.8), which was not separately checked for the
other architectures. From a deployment standpoint, the 17,308-parameter model occupies
under 100 kB in 32-bit precision and incurs negligible per-inference latency on commodity
hardware (a single 2560-sample forward pass through a 17k-parameter network), making
it suitable for embedded power-quality monitors and edge devices; the one-off POA
optimization that produces it costs about 25 min on a single GPU (Section 3.6.3) and is
performed entirely offline, so it does not affect online inference cost. Deploying the model
on continuously measured field data would additionally require streaming windowing,
online normalization, and the lightweight per-site calibration discussed in Section 3.9,
which is left to future engineering work.

Scope of architectural comparison. CNN-Transformer (an attention-based time-series
architecture) and MobileNet-1D (a parameter-efficient depthwise-separable design) were
chosen as the modern competitors because both have been used on 1-D signal classification
tasks close to PQD recognition and can be trained under the same budget as the proposed
model. A compact 1D-ResNet is additionally included (Table 4), which fits the same
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lightweight-deployment budget and, under matched optimization, attains the highest 5 dB
accuracy (87.13%) while staying within the same narrow band as the other architectures,
further reinforcing that no single architecture is uniquely advantaged once hyperparameter
tuning is matched. Other directions, such as denoising-autoencoder pre-processing and self-
supervised pre-training, are worth exploring, but they need either much deeper networks
or large unlabeled pre-training sets, which fall outside the lightweight-deployment setting
targeted here. These are left to future work and discussed in Section 4.
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Figure 9. Cross-method comparison: (a) accuracy across noise levels; (b) multi-metric comparison at
5 dB SNR.
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3.6.3. Comparison with Other Metaheuristic Optimizers

To address whether the noise robustness improvements depend on the specific choice
of POA, a controlled comparison was conducted among three optimizers under identi-
cal settings: POA, particle swarm optimization (PSO) with standard Clerc parameters
(w = 0.7298, c1 = c2 = 1.49618), and random search (RS). All three were applied to the
same three-dimensional hyperparameter space (lr ∈ [0.0001, 0.01], k1 ∈ [5, 21], r ∈ [2, 8]) at
5 dB SNR, with identical total evaluation budget and identical fitness function (validation
accuracy after 15 epochs of training), consistent with the train/val/test protocol introduced
in Section 3.1. Each optimizer was independently repeated five times with different random
seeds; the mean ± std convergence curves are reported in Figure 10.
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POA
PSO
RS

Figure 10. Convergence comparison among POA, PSO, and random search at 5 dB SNR under
matched evaluation budgets, averaged over five independent runs (mean ± std). All three opti-
mizers reach comparable final optima, while POA exhibits the lowest run-to-run variance and the
fastest convergence. The shaded band around each curve shows the ±1 standard deviation of the
corresponding optimizer, in the same color as its mean curve.

As shown in Figure 10, all three optimizers improved over their respective initial
best values and converged within five iterations. The final mean accuracies were 82.75%
(POA), 81.95% (PSO), and 81.50% (RS), with overlapping confidence intervals across runs—
indicating that under matched budgets, the final optima reached by the three methods are
statistically comparable on this problem.

There are still two smaller differences. POA had the lowest run-to-run variance
(±0.6 percentage points), against ±2.5 for PSO and ±1.5 for RS, which suggests its adap-
tive balance mechanism (the inverse-square-law intensity decay together with the three-
component Phong model) gives more consistent behavior across random initializations.
POA also reached near-final accuracy from the first iteration, while PSO took four iterations
to catch up, so it converges faster under the same budget.

This ties back to the main point of the paper. All three optimizers improve a lot over the
default-hyperparameter accuracy (≈41% at 5 dB SNR, see Section 3.5), and they end up at
comparable accuracy, which indicates that what matters for noise-robust PQD classification
is doing systematic hyperparameter optimization at all, not which metaheuristic does it.
POA is kept throughout the paper as a representative choice that works well, with the extra
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benefits of low variance and fast convergence, but a practitioner could swap in another
metaheuristic and get broadly similar results under the same search budget.

Statistical validation, convergence stability, and computational cost. Besides the
mean accuracies, paired tests were run on the five-seed final accuracies for each optimizer
pair (POA vs. PSO, POA vs. RS, PSO vs. RS). After Holm correction, no pair was significant
at α = 0.05, so the three optimizers are statistically indistinguishable in final solution quality
on this problem at the budget used. For convergence stability, the standard deviation of the
final accuracy over the five seeds is used, which is ±0.6 (POA), ±1.5 (RS), and ±2.5 (PSO)
percentage points; this ranking holds across iteration counts, so POA’s lower variance
comes from its update rule rather than being a one-off. As for cost, each optimizer run is
dominated by the 15-epoch CNN training inside every fitness evaluation, so the matched
evaluation budget already controls it: each run took about 25 min on a single NVIDIA GPU,
and the three methods agree to within a few percent because the metaheuristic bookkeeping
is tiny compared with model training.

Scope of optimizer comparison. POA was benchmarked against PSO and random
search as two complementary baselines—PSO as the most widely used swarm-based
metaheuristic in CNN hyperparameter optimization, and random search as the simplest
yet competitive non-informed baseline. Other established optimizers including genetic
algorithms, the Taguchi method, and Bayesian optimization (e.g., Gaussian-process or
tree-structured Parzen estimator variants) are valuable additional comparison points but
are outside the scope of the present study, in part because the central finding of this
paper—that all three benchmarked optimizers reach statistically indistinguishable final
accuracy—already supports the claim that the noise-robustness gains originate from sys-
tematic hyperparameter optimization in general rather than from the specific choice of
POA. Extending the optimizer pool to GA, Taguchi, and Bayesian methods is identified as
a direction for future work in Section 4.

3.6.4. Hyperparameter Factor-Contribution and Search-Space Analysis

To make the hyperparameter optimization transparent rather than a black box, and to
quantify how much each searched hyperparameter actually contributes to noise robustness,
a factor-contribution analysis was conducted at 5 dB SNR. Following a Taguchi-style de-
sign [36], the three searched hyperparameters—learning rate (lr), first-layer kernel size (k1),
and attention reduction ratio (r)—were each varied over three levels spanning the search
range (lr ∈ {10−4, 10−3, 10−2}, k1 ∈ {5, 13, 21}, r ∈ {2, 4, 8}) in a full 33 factorial (which
contains the Taguchi L9 orthogonal array as a subset), with each configuration trained
for 15 epochs and repeated over three random seeds. An analysis of variance (ANOVA)
was then used to decompose the accuracy variance into the main-effect contribution of
each hyperparameter.

The results, summarized in Table 5 and Figure 11, are clear-cut: the learning rate
alone accounts for 92.5% of the accuracy variance (p < 10−4), whereas the first-layer kernel
size and the attention reduction ratio together account for less than 1% (0.27% and 0.67%,
respectively), with the residual (interactions and seed-to-seed noise) at 6.5%. In other
words, getting the learning rate right—a pure optimization hyperparameter—dominates
the outcome, while k1, which is effectively an architectural choice, is almost irrelevant.
This directly supports the central claim of the paper that systematic hyperparameter
optimization, not architectural detail, drives noise-robust classification, and confirms that
the three hyperparameters chosen for POA optimization include the single most influential
factor by a wide margin.
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Table 5. Factor-contribution (ANOVA) analysis of the three searched hyperparameters at 5 dB SNR,
from a full 33 factorial with three random seeds per configuration. The learning rate dominates the
accuracy variance. Bold indicates the dominant factor.

Hyperparameter Sum of Squares % Contribution Range (∆, %)

Learning rate (lr) 37,696.0 92.5 50.2
Reduction ratio (r) 272.7 0.67 4.49
First-layer kernel (k1) 108.2 0.27 2.83
Residual/interaction 2654.7 6.52 —
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Figure 11. Main-effect plots of the three searched hyperparameters on 5 dB validation accuracy.
The learning rate (left) produces a large monotone effect, whereas the first-layer kernel size and
reduction ratio (centre, right) vary within a narrow band around the grand mean (dashed line).

Expanded search space. A natural follow-up question is whether the conclusion that
architecture is secondary would survive if additional, capacity-related hyperparameters
were also optimized. The POA search was therefore expanded from three to seven dimen-
sions at 5 dB SNR, adding the dropout rate, a channel-width multiplier (number of filters),
the number of convolutional blocks (network depth), and the batch size to the original
{lr, k1, r}. Under this expanded search, the best configuration reached 87.51± 0.37% at
5 dB—about 4.7 percentage points above the three-dimensional proposed model (82.77%),
but at roughly ten times the parameter count (171,830 vs. 17,308). This accuracy nonethe-
less lands in the same band already occupied by the other fairly optimized architectures
(1D-ResNet 87.13%, MobileNet-1D 86.35%): expanding the search buys a few points pri-
marily by increasing capacity, not by revealing an architecturally superior design, and the
dominant single lever remains the learning rate (Table 5)—an optimization rather than
an architecture hyperparameter. The proposed 17,308-parameter model is therefore best
read as a deliberate lightweight operating point on an accuracy-versus-capacity trade-off,
and the central conclusion is refined rather than overturned: systematic hyperparameter
optimization is the primary lever, architectural capacity a secondary one worth a few points,
and architectural novelty (the attention module) negligible.

3.6.5. Comparison with Results Reported in the Literature

To position the proposed method within the broader literature rather than only against
internally implemented baselines, Table 6 lists reported accuracies of several representative
recent PQD classifiers, including the improved-ResNet-with-attention method highlighted
during review [37]. Two points must be emphasized when reading it. First, accuracies
reported across studies are not directly comparable: they differ in the signal generator
and dataset, the class taxonomy and number of classes, the SNR definition, the input
representation, and—most relevant to this paper—the amount of hyperparameter tuning
applied. Second, and more informative, is the lowest-SNR column: the representative
deep-learning methods evaluate robustness only down to 20 dB [37,38], and one only
to 30 dB [39], whereas the present study stress-tests down to 5 dB. The hybrid Root-
MUSIC/least-squares method of Oubrahim et al. [40]—a model-based rather than deep-
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learning approach validated on both real and synthetic data—reports 100% accuracy at
20 dB and is evaluated down to 10 dB, which remains a milder noise regime than the 5 dB
floor examined here. A broader comparison compiled by Pan et al. [38], covering seven
additional prior methods, likewise reports accuracies in the 90–99% range with 20 dB as
the lowest noise level considered.

Table 6. Reported classification accuracy of representative recent PQD methods, shown against
the lowest SNR each study evaluates. Values are not directly comparable across studies (different
datasets, class counts, SNR definitions, and tuning effort); the informative column is the lowest SNR
evaluated. Bold indicates the present work.

Study Method Classes Lowest SNR Accuracy

Liu et al. [37] Improved ResNet + attention (1D–2D fusion) — 20 dB 96.66%
Pan et al. [38] S-transform + improved ResNet + SE attention 18 20 dB 96.5%
Chen et al. [39] Time–frequency fusion (1DCNN–BiGRU) 20 30 dB 95.16%
Oubrahim et al. [40] Root-MUSIC + least squares (model-based) — 10 dB 100% (20 dB)
This work POA-optimized 1D-CNN + channel attention 12 5 dB 82.77%

The higher accuracies reported elsewhere are therefore obtained in a substantially
milder noise regime than the one targeted here. At a comparable 20 dB, the proposed model
attains 90.79% (Table 4), within several points of the deep-learning results reported there,
despite using a deliberately conventional lightweight backbone. We further note, in direct
response to the request to benchmark against re-implemented rather than merely cited
methods, that the residual architecture family emphasized in the reviewed literature is itself
re-implemented and re-optimized on the present dataset under a matched budget in Table 4,
as a compact 1D-ResNet representative of the family rather than a bit-exact reproduction
of any single cited pipeline (exact reproduction being confounded by differing datasets,
class counts, and pre-processing, as discussed above); the channel-attention component
that the cited designs add on top of the residual backbone is evaluated separately in this
work, where its contribution falls within run-to-run variation (Table 4). The POA-optimized
1D-ResNet reaches 87.13% at 5 dB SNR—the highest value in the comparison—and still
lands within the same narrow accuracy band as the other architectures, so implementing
the strongest cited design family on our own data does not overturn the central finding.
Accordingly, this comparison is included to locate the work within the literature, not to
claim state-of-the-art accuracy: the contribution of this paper is the controlled finding that,
under matched optimization, architectural choice is secondary to systematic hyperparame-
ter optimization (Table 4 and Section 3.6.4), and the 5 dB condition is retained as a deliberate
worst-case stress test that most prior studies do not report.

3.6.6. Numerical Comparison with Classical Threshold-Index Classifiers

The Introduction argues that classical threshold-based power-quality indices lose
discriminative power under strong noise. To make this claim quantitative rather than asser-
tional, we compare, on the identical 12-class dataset, a classifier built purely on classical
PQ indices against the learned classifier. For each signal, we compute a compact set of
standard indices—RMS value, total harmonic distortion (THD), a flicker modulation-depth
estimate from the Hilbert envelope, crest factor, high-frequency energy fraction, and en-
velope minimum/maximum ratios—and use them as the only features. Two protocols
are considered. In the fixed-threshold protocol, the decision boundaries are calibrated once
on noise-free references and then applied unchanged across all SNR levels, mirroring the
way classical index thresholds are set from clean nominal values. In the per-SNR adaptive
protocol, the same indices are re-calibrated independently at each noise level. At the
noise-free level, the two protocols coincide by construction (thresholds calibrated on clean

https://doi.org/10.3390/en19153514

https://doi.org/10.3390/en19153514


Energies 2026, 19, 3514 27 of 37

references and evaluated on clean data), which is why the two index rows in Table 7 share
the same noise-free entry; the nominally higher adaptive accuracy at mild noise (99.2% at
30 dB versus 95.7% noise-free) lies within the comparatively large seed-to-seed variation
of the noise-free calibration (±3.7 percentage points). Results are reported in Table 7 and
Figure 12, with the proposed learned classifier (from Table 4) shown for reference.

Table 7. Classification accuracy (%) of classical index-based classifiers versus the learned classifier
across SNR, on the identical 12-class dataset. Fixed-threshold indices collapse under noise; the same
indices recover when their thresholds are re-adapted per noise level. Values are mean ± standard
deviation over three seeds; the proposed-method row is reproduced from Table 4.

Classifier No Noise 30 dB 20 dB 10 dB 5 dB

Classical indices (fixed thresholds) 95.7 ± 3.7 70.0 ± 3.1 63.7 ± 1.1 28.1 ± 3.5 17.5 ± 0.0
Classical indices (per-SNR adaptive) 95.7 ± 3.7 99.2 ± 0.1 97.1 ± 0.2 92.9 ± 0.2 83.8 ± 1.4
Proposed 1D-CNN (POA) 90.3 90.6 90.8 89.7 82.8
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Figure 12. Classical PQ-index classifiers versus the learned classifier across SNR. With fixed thresholds
calibrated on clean references, index-based classification collapses toward the 12-class chance level
(dashed line) as noise increases; re-adapting the thresholds per noise level recovers most of the
accuracy, indicating that the failure is one of static calibration rather than of feature information.

Three observations follow. First, under fixed thresholds, the index classifier degrades
from 95.7% in the noise-free case to 17.5% at 5 dB SNR—roughly twice the 100/12 ≈ 8.3%
chance level and far below any operationally usable accuracy—because additive noise
inflates the crest factor, high-frequency energy, and the apparent harmonic content, driving
the clean-calibrated index values out of their nominal decision regions. This is the regime
this paper targets, and it quantitatively confirms the qualitative statement made in the
Introduction. Second, the learned classifier retains 82.8% at the same 5 dB SNR, a gap of
roughly 65 percentage points over the fixed-threshold indices. Third, and most informative
for the thesis of this paper, the same classical indices recover once their thresholds are
re-calibrated per noise level, reaching 83.8% at 5 dB—on par with the learned classifier
within run-to-run variation, and nominally slightly above it—and exceeding it at milder
noise levels (99.2% at 30 dB, 97.1% at 20 dB, 92.9% at 10 dB). We report this openly rather
than presenting the fixed-threshold protocol alone, because it sharpens rather than weakens
the central finding. The catastrophic failure of the fixed-threshold scheme is predominantly
a failure of static threshold calibration, not of the index features themselves; and once the
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hand-crafted index representation receives the same systematic per-condition optimization
that Table 4 grants to every deep architecture, it lands in the same narrow accuracy band
as those architectures at 5 dB SNR. In other words, the representation—whether classical
indices or learned convolutional features—matters far less than whether it is systematically
optimized for the operating condition, which is precisely the phenomenon documented for
the deep model in Section 3.5 (41.6% at 5 dB under default hyperparameters, 76.4% after
systematic optimization).

Two qualifications delimit what the adaptive protocol represents. First, per-SNR
threshold re-calibration is no longer the classical fixed-threshold practice that motivates
threshold-based monitoring: it is itself a supervised, condition-aware optimization proce-
dure that requires labeled data at every noise condition—the classical practice is represented
by the fixed-threshold row, which is the scheme that collapses. Second, the near-ceiling
adaptive accuracy under mild noise (99.2% at 30 dB) confirms that the 12-class task is unde-
manding in mild-noise regimes; it is the strong-noise regime, where the methods separate,
that motivates and justifies this study. Finally, the learned classifier retains two practical
advantages that the adaptive-index scheme does not share: it requires no hand-crafted
feature engineering (the indices above are designed specifically around the IEEE 1159 tax-
onomy and would need to be re-designed for other disturbance families), and its optimized
configuration and learned representation transfer beyond the generating distribution—to
an independently generated public dataset (Section 3.8) and, at the representation level,
to real measured signals (Section 3.9)—whereas the index thresholds are calibrated to,
and remain tied to, the parameter ranges of the present generator.

3.7. Robustness Evaluation Under Complex Noise Scenarios

A common limitation of PQD classification studies is the use of pure AWGN as the
only noise model, which does not represent the complex noise environments encountered
in actual distribution networks. To provide a more realistic robustness assessment, the
proposed method was evaluated under the six complex noise scenarios formulated in
Section 2.2: harmonic background, interharmonic interference, impulsive transients, col-
ored (pink) noise, quantization noise, and a composite realistic scenario that jointly applies
the harmonic, interharmonic, impulsive, AWGN, and 8-bit quantization mechanisms
(scenario (6) of Section 2.2).

For each scenario, the proposed model is retrained from scratch using the POA-
optimized hyperparameters identified for the matching AWGN SNR level (i.e., per-SNR
optimization, identical to the protocol of Section 3.6.2 rather than the single-set transfer
protocol of Table 3). To ensure that all seven scenarios in Table 8 are directly comparable,
the AWGN baseline was also re-evaluated under this same protocol; the resulting AWGN
values (89.6% at 10 dB SNR and 83.5% at 5 dB SNR) are consistent with the per-SNR
fair-optimization values reported in Table 4 (89.73% at 10 dB and 82.77% at 5 dB) within
run-to-run stochastic variation (typically < 1 percentage point across independent runs),
and differ from the single-set transferred-configuration values of Table 3 (89.96% and
83.40%) precisely because the optimization protocols are not the same. Each configuration
is independently trained five times, and the mean accuracy is reported. Two target SNR
levels are considered: 10 dB (moderate noise) and 5 dB (severe noise). The classification
results are summarized in Table 8 and visualized in Figure 13.

A few things stand out from these results. The proposed method holds up well across
all six individual noise scenarios: compared with the AWGN baseline, accuracy drops by
at most 3.1 percentage points at 10 dB SNR and at most 3.2 points at 5 dB SNR. So, the
POA-optimized hyperparameters generalize beyond the AWGN model they were tuned on.
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Table 8. Classification accuracy (%) of the proposed method under six complex noise scenarios. Bold
indicates the composite scenario, which jointly applies five noise mechanisms.

Noise Scenario 10 dB SNR 5 dB SNR

AWGN (baseline) 89.6 83.5
Harmonic background 88.4 82.1
Interharmonic 87.9 81.8
Impulsive transients 86.5 80.3
Colored (pink) noise 87.2 81.5
Quantization (8-bit) 88.1 82.4
Composite 87.8 80.9
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Figure 13. Classification accuracy of the proposed method under six complex noise scenarios:
(a) 10 dB SNR; (b) 5 dB SNR. The AWGN baseline is shown as the leftmost bar in each panel for
reference.

The composite scenario stacks five noise mechanisms at once (harmonic, interharmonic,
impulsive, AWGN, and 8-bit quantization), the most concurrent noise of any case, yet
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the method still reaches 80.9% accuracy at 5 dB SNR. That is, only 2.6 points below the
AWGN-only baseline (83.5%) at the same SNR, even though none of these five-at-once
mechanisms appear in conventional PQD evaluation. Keeping accuracy above 80% here is
direct evidence that the model does not overfit to the simple AWGN noise. The composite
accuracy is actually slightly higher than the impulsive-only case (80.9% vs. 80.3% at 5 dB;
87.8% vs. 86.5% at 10 dB), but these gaps are within the run-to-run variation over the five
repetitions (usually <1 percentage point), so the composite case is best read as about as
hard as, not harder than, the worst single-mechanism case, and impulsive transients stay
the main individual source of degradation.

The way the different noise types rank also makes physical sense. Impulsive transients
hurt the most on their own (−3.1 pp at 10 dB SNR), because they overlap most directly
with the Spike class, which was already identified as the main bottleneck in Section 3.4.
Harmonic and interharmonic noise hurt less, since they mostly affect the fundamental-
frequency content rather than the transient features that separate most disturbance classes.
The 8-bit quantization noise has the mildest effect, which makes sense because typical PQD
waveforms still have enough dynamic range to stay distinguishable at that resolution.

Together with the cross-dataset transfer in Section 3.8, these results show that the
robustness is not tied to the particular noise model used in training, but is a more general
property of POA-optimized 1D-CNN classifiers for PQD recognition. This is something
most PQD studies, which test only on AWGN, cannot show.

3.8. Validation on Independent Public Dataset

The SEED-PQD study described here is retained from the original-protocol simulations
of the initial submission. We have not re-run this study under the corrected 70/10/20 proto-
col, because the hyperparameter configuration evaluated here (lr = 0.00923, k1 = 21, r = 7)
is the same configuration whose qualitative effectiveness has now been independently
verified under the corrected protocol in Sections 3.5 and 3.6.2, and because the SEED-PQD
dataset already serves as an independent test set in the cross-data sense—i.e., the test data
are not drawn from the same generator used for any hyperparameter selection.

To further validate the performance of the proposed method beyond synthetic data, an
additional simulation study was conducted on the publicly available SEED Power Quality
Disturbance Dataset (SEED-PQD-v1) [41]. This dataset contains 17 types of PQDs with
1000 samples per class, sampled at 5000 Hz with 100 points per signal, corresponding to
one cycle at 50 Hz fundamental frequency. From the 17 classes, 12 classes were selected
that match the disturbance types in this study, yielding a total of 12,000 samples. To match
the input format of the proposed model, each single-cycle waveform was replicated to
50 cycles and resampled to 2560 points using linear interpolation.

Using this public dataset, two studies were conducted. In the first study, the model
trained on synthetic data was applied directly to the public dataset without retraining
(zero-shot cross-domain test). This yielded an accuracy of only 31.12%, which makes sense
given the big gap between the two datasets in terms of sampling rate, signal length, noise
characteristics, and waveform generation methodology.

In the second study, a new model was trained from scratch on the public dataset
(80/20 split) using the POA-optimized hyperparameters (learning rate = 0.00923, kernel
size = 21, reduction ratio = 7). As shown in Figure 14, the model reached 90.00% accuracy,
with precision, recall, and F1-score of 90.93%, 90.00%, and 89.58%. This result is close to the
89.96% obtained on the synthetic dataset at 10 dB SNR, suggesting that the hyperparameters
found by POA are not dataset-specific but can transfer across different data sources.

https://doi.org/10.3390/en19153514

https://doi.org/10.3390/en19153514


Energies 2026, 19, 3514 31 of 37

Norm
al Sa

g
Sw

ell

Harm
on

ics

Int
err

up
tio

n
Flic

ker
Notc

h
Sp

ike

Sa
g+

Harm

Sw
ell+

Harm

Sa
g+

Flic

Int
+Harm

Predicted

Normal

Sag

Swell

Harmonics

Interruption

Flicker

Notch

Spike

Sag+Harm

Swell+Harm

Sag+Flic

Int+Harm

Tr
ue

200 0 0 0 0 0 0 0 0 0 0 0

0 189 0 4 3 0 0 0 0 4 0 0

1 0 191 1 0 0 0 0 7 0 0 0

23 0 0 177 0 0 0 0 0 0 0 0

0 1 0 0 197 0 0 2 0 0 0 0

0 0 0 0 0 200 0 0 0 0 0 0

0 0 0 0 0 7 185 0 0 0 8 0

6 0 0 14 0 0 0 179 0 0 0 1

26 0 0 1 0 0 0 0 173 0 0 0

0 54 0 9 3 0 5 0 1 96 32 0

0 2 0 4 0 0 7 1 0 1 185 0

1 0 3 1 0 0 0 6 0 1 0 188

Confusion Matrix - Trained on Public Dataset
(POA-optimized hyperparameters)

0

25

50

75

100

125

150

175

200

Figure 14. Confusion matrix of the proposed model trained and tested on the SEED-PQD public
dataset using POA-optimized hyperparameters (Accuracy: 90.00%).

On the interpretation of the SEED-PQD validation. A natural concern is that repli-
cating a single-cycle 100-point waveform to 50 cycles followed by linear-interpolation
resampling to 2560 points does not inject new signal information beyond the original
single-cycle content. We acknowledge this observation: the replication procedure preserves
the spectral content of the source dataset and amounts to providing the network with
a multi-cycle “view” of the same disturbance episode. Consequently, the study in this
section should not be interpreted as a generalization test to new disturbance morphologies
or to unseen noise mechanisms. Rather, its purpose is more narrowly defined: it tests
whether the POA-optimized hyperparameter configuration—which was identified on a
fundamentally different dataset (synthetic IEEE 1159 with multi-cycle 2560-point inputs
and AWGN at varying SNR levels)—remains effective when the network is retrained from
scratch on data with a different generation procedure, different per-class diversity structure,
and different statistical properties of the disturbance parameters. The 90.00% accuracy
obtained under these conditions suggests that the optimized configuration captures a
property of the classification task that is not narrowly tied to the synthetic dataset’s specific
generation methodology. We agree that validation on field-measured signals from actual
power-grid recordings would be a stronger test of generalization; this is acknowledged as a
limitation and discussed as a primary direction for future work in Section 4.

These findings confirm two important conclusions, within the interpretation scope
clarified above. First, the POA-optimized hyperparameter configuration is robust and
transferable across different data sources, which shows that this optimization framework
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has real practical value. Second, when properly configured, the proposed 1D-CNN with
channel attention can perform consistently well on both synthetic and independently
generated PQD datasets, supporting its potential for power quality monitoring applications,
pending the field-data validation identified in Section 4.

3.9. Probe on Real Measured Signals

To complement the synthetic and SEED-PQD evaluations with a test on physically
measured signals, the proposed method was additionally evaluated on two real-life datasets
recorded on the University of Cádiz distribution network and published on IEEE Data-
Port [42,43]: 26 real voltage-sag events and 42 real impulsive-transient events, both sampled
at 20 kHz. These public recordings cover the sag and spike classes of the present 12-class tax-
onomy; to our knowledge, no public real-measured dataset spans all 12 classes (Section 4).
Each one-second event window was anti-alias resampled to 2560 points and normalized to
unit fundamental amplitude (per-unit) to match the model input; the model was trained
on synthetic data only, with no real signal used in training. Representative raw recordings
and their pre-processed model inputs are shown in Figure 15.

Figure 15. Real-measured signals from the Cádiz distribution network. (Left): raw 20 kHz recordings
(in volts) of a real sag (top) and a real impulsive transient (bottom). (Right): the corresponding model
inputs after anti-alias resampling to 2560 points and per-unit normalization.

Zero-shot transfer of the 12-class head. Used directly without any retraining,
the synthetic-trained classifier does not transfer cleanly to real signals. Real transients
are recognized as spike with 100% recall, but real sags also get pulled into the spike class
(76.9%, with the rest split between flicker and swell), so spike precision on the real mixture
is only 67.7% and sag recall is 0% (two-class accuracy 61.8% overall). This collapse onto a
few classes lines up with the SEED zero-shot accuracy of 31.12% (Section 3.8). It reflects
the synthetic-to-real domain gap, since real grid voltage carries background distortion,
flat-topping, and commutation features that the near-ideal synthetic sinusoids do not have,
rather than a weakness in the learned feature extractor. Similar synthetic-to-real gaps,
and using transfer learning to close them, have been reported for PQD classification [44]
and for disturbance recognition under realistic field noise [45].

The learned representation transfers. If the trained head is dropped and the
64-dimensional global-average-pooling features of the frozen backbone are used instead,
the two real classes become linearly separable: a logistic-regression probe reaches 100%
accuracy and macro-F1 under five-fold cross-validation (left panel of Figure 16). A few-shot
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calibration, where a linear head is fitted on only k real labeled examples per class and tested
on the remaining real events (averaged over 300 random splits), reaches 92.1± 13.4% held-
out accuracy with one example per class, 98.8± 3.2% with five, and 99.8± 0.7% with eight
(right panel of Figure 16). So the domain gap is in the classifier head, not the feature extrac-
tor: the POA-optimized backbone trained on synthetic data is still discriminative on real
signals, and only a few field-labeled examples are needed to adjust the decision boundary.

Figure 16. Real-measured PQD probe. Left: PCA projection of the frozen 64-dimensional GAP
features for 26 real sags and 42 real transients; the two classes are linearly separable (100% five-fold
cross-validated probe accuracy). Right: few-shot field-calibration curve—held-out accuracy versus
the number of real labeled examples per class (mean±s.d. over 300 random splits).

Scope. These public recordings cover only 2 of the 12 classes and a small number of
events (n = 68), and the two classes look quite different from each other, so the separability
and few-shot results should be read as evidence that the synthetic-trained representation
transfers to measured signals, not as a full multi-class real-world validation. Validation
on a fully labeled multi-class field dataset remains the primary direction for future work
(Section 4).

4. Conclusions
This paper proposed a POA-optimized 1D-CNN with channel attention mechanism

for power quality disturbance classification under strong noise conditions. The Phong
Optimization Algorithm was used to automatically search for the optimal combination
of three key hyperparameters: the learning rate, the first-layer convolutional kernel size,
and the attention reduction ratio. The method was then evaluated on a 12-class synthetic
PQD dataset generated according to the IEEE 1159-2019 standard, with noise levels ranging
from no noise to 5 dB SNR.

The simulation results show that the POA-optimized model substantially outper-
formed the manually-tuned baseline under noisy conditions, with the accuracy gap widen-
ing as the SNR decreases. At the hardest noise level of 5 dB SNR, the proposed method
achieved 83.4% accuracy, outperforming conventional baselines under their commonly
reported configurations. The ablation study revealed that POA hyperparameter optimiza-
tion was the main contributor to noise robustness, with channel attention providing an
additional, smaller gain. A controlled comparison among POA, PSO, and random search
showed all three reaching comparable optima, indicating that the value lies in systematic
optimization itself rather than the specific metaheuristic; POA is retained for its lower
variance and faster convergence. More importantly, when the same POA optimization
is given to all deep-learning baselines under a strict fairness protocol (Section 3.6.2), the
proposed method ends up broadly comparable to several other architectures—a plain 1D-
CNN, CNN-Transformer, 1D-ResNet, and MobileNet-1D—at 5 dB SNR (Table 4), with the
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attention module’s own contribution falling within run-to-run variation. This is the main
message of the paper: once hyperparameter tuning is matched, several different archi-
tectures reach similar noise-robust accuracy, which suggests that the large accuracy gaps
reported in earlier PQD studies come mostly from unequal hyperparameter tuning rather
than from any real architectural advantage. A newly added comparison against classical
threshold-index classifiers (Section 3.6.6) extends the same conclusion below the deep-
learning family: a classifier built on classical PQ indices collapses from 95.7% to 17.5% at
5 dB SNR when its thresholds are fixed from clean references, yet recovers to 83.8%—on
par with the learned classifier—once the same thresholds are re-calibrated per noise level,
confirming that systematic per-condition optimization, rather than the sophistication of the
representation, is the decisive factor.

Additionally, the proposed method was validated on the independent SEED-PQD
public dataset [41], which has 12,000 samples across 12 classes. Training a fresh model
with the POA-optimized hyperparameters on this dataset gave accuracy in line with that
obtained on the synthetic dataset. This result demonstrates that the hyperparameters
identified by POA perform well across different data sources, showing the practical utility
of the proposed optimization framework. To further address concerns regarding the limited
representativeness of pure AWGN, the proposed method was also evaluated under six
complex noise scenarios beyond AWGN—harmonic background, interharmonics, impul-
sive transients, colored noise, quantization noise, and a composite realistic scenario jointly
applying the harmonic, interharmonic, impulsive, AWGN, and quantization mechanisms.
The method maintained accuracy at 5 dB SNR under the composite condition close to
the AWGN-only baseline, confirming that the POA-optimized hyperparameters retain
robustness under noise conditions more realistic than pure AWGN.

Despite the promising results, there are still a few limitations. First, although validation
on a public dataset confirmed the transferability of the optimized hyperparameters, both the
synthetic dataset used in this study and the SEED-PQD public dataset consist of computer-
generated signals. A preliminary probe on real measured signals (Section 3.9) indicates
that the learned representation transfers to field recordings and that lightweight calibration
recovers high accuracy on the two real classes available; that probe, however, covers only 2
of the 12 classes. Moreover, fully labeled real datasets spanning all 12 classes remain scarce,
and existing collections [46,47] use different class taxonomies. Second, the Spike class
was recognized poorly at 5 dB SNR due to its inherent confusability with random noise
transients (Section 3.4), and the Sag-with-Flicker compound class showed comparable noise-
masking degradation because the low-frequency flicker modulation becomes masked by
the noise floor at this extreme SNR. These class-specific limitations suggest that specialized
transient detectors or noise-conditioned data augmentation may be needed for the most
noise-sensitive disturbance types in real-world deployment. Third, the primary POA search
covers only three hyperparameters; the expanded seven-dimensional search in Section 3.6.4
indicates that adding capacity-related parameters buys a few further points, but at roughly
ten times the parameter count. Fourth, all disturbance models adopted in this study assume
locally stationary characteristics within their active intervals, whereas real grid signals
frequently exhibit non-stationary transitions and overlapping events that are not captured
by the IEEE 1159 parametric formulation; extending the framework to non-stationary
mixtures is left for future work. Fifth, the present study performs disturbance classification
only; extending it with a severity-estimation branch (e.g., sag depth, flicker modulation
index, or THD) is left as future work.

Future work will focus on seven directions: (1) validating the proposed method
on real-world PQD datasets collected from actual distribution networks; (2) developing
targeted data augmentation strategies for noise-sensitive disturbance types such as Spike
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and compound disturbances containing low-frequency components; (3) extending the
POA optimization framework to jointly optimize both hyperparameters and network
architecture for end-to-end automated model design; (4) extending the framework to
handle non-stationary disturbance mixtures and supraharmonic regimes; (5) integrating
disturbance classification with severity estimation to produce richer diagnostic outputs;
(6) broadening the optimizer benchmark beyond POA, PSO, and random search to include
genetic algorithms, the Taguchi method, and Bayesian optimization; and (7) developing
online/adaptive and class-specific optimization for the most noise-sensitive disturbance
types (e.g., Spike), transfer learning across grid environments, and edge deployment.
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