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ABSTRACT

Power quality disturbances are becoming more frequent as smart grids incorporate larger shares of renewable
generation, distributed resources, power-electronic interfaces, and nonlinear loads. Because these events may
be transient, non-stationary, or composed of several overlapping signatures, their automatic recognition
remains difficult under realistic measurement noise. This study evaluates a classification framework in which a
three-level Discrete Wavelet Transform (DWT) first provides a multi-resolution representation of each
waveform, after which a one-dimensional Convolutional Neural Network (CNN) extracts local patterns and a
Long Short-Term Memory (LSTM) layer models their temporal evolution. The experiments use 10,000
synthetic signals representing ten power-quality classes, including seven individual events and three combined
disturbances. All samples were generated with parameters based on IEEE 1159-2019 and contaminated with
additive white Gaussian noise at 30 dB SNR. On the 1,500-sample hold-out set, the model achieved an overall
accuracy of 92.33%. Normal operation, voltage swell, harmonics, transient, interruption, and flicker were
recognized without errors, whereas most residual confusion occurred between voltage sag and sag-plus-
transient events. The measured CPU inference time was approximately 12 ms per sample. These findings show
that wavelet-supported spatial-temporal learning can provide a practical basis for automated power-quality
monitoring, while further validation on measured grid data is still required.

Keywords: Power-quality disturbance classification; smart grids; discrete wavelet transform; convolutional
neural network; long short-term memory; time-series classification; IEEE 1159

INTRODUCTION

The increasing use of renewable generation, distributed energy resources, and nonlinear electronic loads has
changed both the operation and the monitoring requirements of modern power systems [1]. Although these
developments support efficient and flexible electricity delivery, they also introduce waveform deviations such
as voltage sag, swell, interruption, harmonics, and short-duration transients. Such events can degrade
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equipment operation and may reduce the reliability of the network if they are not identified promptly [2].
Consequently, dependable recognition of power-quality (PQ) disturbances has become an important
component of smart-grid supervision and protection.

Early PQ monitoring systems relied mainly on the Fast Fourier Transform (FFT) and the Short-Time Fourier
Transform (STFT) [3]. These methods are useful when the spectral content is stable, but their fixed analysis
characteristics limit the representation of brief and non-stationary disturbances. Time-frequency techniques,
including the Wavelet Transform (WT) and S-Transform (ST), were therefore adopted to improve the
localization of transient behavior [4]. In many conventional schemes, however, the extracted coefficients must
still be interpreted through manually selected features, thresholds, or decision rules. This dependence increases
design effort and can reduce robustness when measurement noise and operating conditions differ from those
used during development.

Machine-learning classifiers such as Support Vector Machines, Decision Trees, and Random Forests have
subsequently been used to automate the decision stage [5]. Their performance nevertheless depends strongly
on the quality of the handcrafted descriptors supplied to the classifier. Deep-learning models offer an
alternative by learning discriminative representations directly from waveform samples or transformed
sequences [6]. Convolutional Neural Networks (CNNSs) are particularly effective at recognizing localized
patterns, whereas Long Short-Term Memory (LSTM) networks are designed to represent dependencies
distributed across a sequence [7].

Using either architecture alone may leave part of the disturbance structure insufficiently represented. A
standalone CNN can identify short-range features but does not explicitly preserve long temporal relationships,
while a standalone LSTM may model sequence evolution without extracting local time-frequency patterns as
efficiently. Existing hybrid solutions also differ considerably in computational cost and in their evaluation
under noisy conditions [8]. A framework that joins multi-resolution preprocessing with complementary spatial
and temporal learning is therefore examined in this study.

The adopted procedure applies DWT preprocessing before a hybrid CNN-LSTM classifier. Wavelet
decomposition separates low-frequency waveform content from detail components associated with abrupt
changes. The convolutional layers then learn local signatures from the resulting feature sequence, and the
LSTM layer represents how those signatures develop over time. The arrangement is evaluated on both
individual and combined PQ disturbances at 30 dB SNR, using a common dataset and training protocol.

The principal contributions of the study are as follows:

1. Wavelet-supported spatial-temporal representation: A three-level DWT is coupled with a one-
dimensional CNN-LSTM network so that localized disturbance patterns and their temporal progression
are processed within one classification pipeline.

2. Evaluation under additive noise: All generated signals are assessed at 30 dB SNR, allowing the
classifier to be examined under a consistent noisy measurement condition rather than on clean
waveforms alone.

3. Coverage of individual and combined events: The dataset contains ten balanced classes, including
seven single disturbances and three composite events, and follows the parameter ranges adopted from
IEEE 1159-2019.

4. Reported computational profile: In addition to class-wise predictive performance, the study records
the model size, number of trainable parameters, training time, and per-sample CPU inference time.

The remainder of the paper is organized as follows. Section 2 reviews signal-processing, machine-
learning, and deep-learning approaches to PQ event classification. Section 3 describes signal
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generation, DWT preprocessing, the CNN-LSTM architecture, and the evaluation procedure. Section 4
presents the experimental findings and baseline comparison, and Section 5 summarizes the conclusions
and directions for further work.

LITERATURE REVIEW

Research on PQ disturbance classification has progressed from rule-based signal analysis to data-driven feature
learning. For clarity, the related literature is discussed in three groups: conventional signal-processing
methods, machine-learning classifiers supplied with engineered features, and recent deep or hybrid
architectures.

Traditional Signal Processing Techniques

Initial recognition schemes analyzed PQ waveforms through frequency-domain or time-frequency
representations. FFT-based analysis provides global spectral information but cannot indicate when a short
disturbance occurs [9]. STFT introduces temporal localization through a moving window, although its fixed
window length creates a compromise between time and frequency resolution. Wavelet and S-transform
methods were therefore widely adopted for non-stationary events. In particular, DWT separates a sampled
waveform into approximation and detail components, enabling transient activity to be examined at several
scales [10].

Mathematically, the DWT of a discrete signal x[n]is expressed as:

WyGirk) == %[}l

WyGrk) = <= 3" [l

where ¢represents the scaling function (approximation), yrepresents the wavelet function (detail), jis the scale
parameter, and kis the translation parameter [11].

Although these representations reveal informative signal components, a complete conventional classifier still
requires decisions about the mother wavelet, decomposition level, feature set, thresholds, and classification
rules. These choices are often problem-specific, and their effectiveness can decline when the signal-to-noise
ratio or disturbance composition changes. The resulting processing chain may also become costly when many
engineered features are calculated for every sample.

Conventional Machine Learning Approaches

To reduce reliance on manually defined decision rules, signal-processing outputs have been paired with
conventional machine-learning algorithms. Support Vector Machines, Decision Trees, and Random Forests
can learn class boundaries from wavelet-derived descriptors [12]. Gaing [13], for example, reported strong
recognition performance for individual events using a wavelet-based classifier. Nevertheless, the predictive
capability of these methods remains tied to the selected handcrafted variables. Composite events and noisy
measurements are more difficult when the engineered descriptors do not retain all discriminative information.

Deep Learning and Hybrid Architectures

Deep learning shifted the emphasis from manually selecting features to learning representations during model
training. CNN-based methods commonly operate on waveform sequences or time-frequency maps and are
effective at detecting localized structures [14]. Recurrent architectures, particularly LSTM networks, are
instead suited to signals whose class depends on the order and duration of changes across time [15]. These
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complementary properties have encouraged the development of architectures that combine convolutional and
recurrent stages.

Recent studies have accordingly explored fused networks. Wang et al. [16] combined convolutional and
recurrent processing, while Liu et al. [17] integrated wavelet analysis with a CNN. Such models demonstrate
the value of joint feature extraction, but their architectures and test conditions are not uniform. Some require
substantial computation, and others provide limited evidence at lower SNR values or for composite
disturbances. This leaves room for a comparatively compact hybrid model assessed on a balanced set of noisy
single and combined events.

Summary and Research Gap

Table 1 summarizes the methodological progression and the limitations emphasized in the cited studies. On
this basis, the present work examines a DWT-assisted CNN-LSTM pipeline implemented in MATLAB and
evaluated using signals generated from the IEEE 1159-2019 disturbance definitions. The focus is not only
overall accuracy, but also class-level behavior, computational requirements, and the remaining confusion
between structurally similar events.

Table 1: Comparative Analysis of Existing PQ Disturbance Classification Methods

Noise
Robustness Key Limitation Identified
(SNR)

’ SELS stationary events
[11], [13] | WT + SVM / RF Single & Some | Moderate (~40 Relies on manual, handcrafted feature
’ Combined dB) engineering

Disturbances

Reference | Methodology Covered

Single & | Moderate (~35 | Struggles with long-term temporal
Single & |Moderate (~35|Poor at  extracting localized
[15] sitneelgne O Combined dB) spatial/time-frequency features

Optimized for computational
efficiency and real-world noisy smart
grid environments

DWT + Hybrid Single & Complex High (30 dB

Proposed | ~\N-LSTM Combined tested)

METHODOLOGY
Overview of the Proposed Framework

The classification procedure contains three connected stages. First, PQ waveforms are generated from
mathematical disturbance models and additive noise is introduced to obtain the required SNR. Second, a three-
level DWT converts each non-stationary waveform into approximation and detail sequences. Third, the
transformed sequence is processed by a hybrid one-dimensional CNN-LSTM classifier. The convolutional
blocks learn short-range patterns, the LSTM layer summarizes temporal development, and the dense output
layer assigns one of the ten class labels. Dataset generation, model training, and evaluation were carried out in
MATLAB R2023a.

Mathematical Modeling of PQ Disturbances

The synthetic waveforms were produced from the disturbance definitions and parameter ranges adopted for the
study in accordance with IEEE 1159-2019. Each sample represents ten cycles of a 50 Hz fundamental
waveform. A sampling rate of 6,400 Hz was used, yielding 128 samples per cycle and 1,280 samples over the
0.2 s observation interval.
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Figure 1: Time-Domain Waveforms of Representative PQ Disturbances
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Fig. 1. Time-domain waveforms of representative power quality disturbances (0.2 seconds duration). (a) Class
1: Normal signal; (b) Class 2: Voltage Sag; (c) Class 3: Voltage Swell; (d) Class 4. Harmonics; (e) Class 5:
Transient.
The signal expressions used for the main disturbance categories are given below.
1. Normal Signal:
s(t) = Asin(wt + ¢)

2. Voltage Sag:

s(t) = A[l — a(u(t —t) —u(t— tz))]sin (wt)
where «ais the sag magnitude (0.1 < a < 0.9 p.u.), and t,, t,define the start and end times of the sag.
3. Voltage Swell:

s(t) = A[l + a(u(t —t) —u(t— tz))]sin (wt)
where «ais the swell magnitude (0.1 < a < 0.8 p.u.).
4. Harmonics:

s(t) = A[sin (wt) + assin (B3wt) + agsin (5wt)]
where asand asrepresent the magnitudes of the 3rd and 5th harmonic components, respectively.

5. Transient (Oscillatory):
s(t) = Asin (wt) + a exp (— %) sin (w,(t — t1))(u(t —ty) —u(t — t3))

where «ais the transient magnitude, tis the decay time constant, and w,,is the transient natural frequency.
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6. Combined Disturbance (e.g., Sag with Harmonics):

s(t) = A[1 — a(u(t — ty) — u(t — t))][sin (wt) + assin Bwt)]
where u(t)represents the Heaviside step function, and Ais the nominal amplitude, typically 1 p.u.
Dataset Generation and Augmentation

The equations above were implemented in custom MATLAB routines to generate the ten balanced classes
listed in Table 2. Parameter values were varied within the specified ranges so that samples from the same class
were not identical. Additive white Gaussian noise was then applied to every waveform at an SNR of 30 dB.
The final dataset contains 10,000 observations, with 1,000 samples assigned to each disturbance category.

Table 2: Dataset Configuration and Class Distribution

Class IDDisturbance Type Key Parameters (MATLAB Generation) No. of Samples
\Normal Lél = 1, No distortion 1,000
\Voltage Sag \a € [0.1-0.9], Duration: 0.5-3 cycles 1,000
\Voltage Swell \a € [0.1-0.8], Duration: 0.5-3 cycles 1,000
\Harmonics \a3 € [0.05-0.15], ag € [0.05/0.15] 1,000
\Transient \a € [0.5:2.0], T € [0.0050.05]s 1,000

\Interruption \a = 0.9, Duration: 0.5-3 cycles 1,000
\Flicker \I\/Iodulation frequency: 5-25 Hz, a € [0.05/0.2]11,000
\Sag + Harmonics \Combined parameters of C2 and C4 1,000
\Swell + Harmonics \Combined parameters of C3 and C4 1,000
C10 \Sag + Transient \Combined parameters of C2 and C5 1,000
Total 10 Classes (7 Single, 3 Combined)SNR: 30 dB 10,000

Feature Extraction using Discrete Wavelet Transform (DWT)

Directly supplying noisy waveforms to a learning model may retain components that do not contribute to class
separation and can increase the burden on the subsequent network. DWT was therefore used as both a
preprocessing and representation step. Unlike a purely global frequency description, the wavelet
decomposition preserves information about when changes occur while separating signal content across
resolution levels.

The MATLAB implementation uses the Daubechies-4 (db4) mother wavelet. This wavelet provides compact
support and is suitable for representing both abrupt transitions and smoother oscillatory components in the
generated PQ signals. For a J-level decomposition, the approximation coefficients A_J describe the lower-
frequency content, while the detail coefficients D_j retain progressively localized high-frequency variations.

Computationally, each decomposition stage filters the input with a low-pass sequence h[n] and a high-pass
sequence g[n], followed by down-sampling by two.

Ak =) x[n]-hl2k - n]

n

Dkl =) x[n]- gl2k -]

n

A three-level decomposition was adopted. The final approximation sequence A3 and the three detail sequences
D1, D2, and D3 were assembled as the feature representation supplied to the classifier. This construction
retains components associated with both the fundamental waveform and short-duration disturbances while
reducing the sequence dimensions handled by later layers.
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Figure 2: DWT Decomposition of Voltage Sag Signal (3-Level)
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Fig. 2. Three-level DWT decomposition of a voltage sag signal using the db4 wavelet. (a) Original signal; (b)
Approximation coefficients (A3); (c) Detail coefficients (D3); (d) Detail coefficients (D2); (e) Detail
coefficients (D1).

Proposed Hybrid CNN-LSTM Architecture

The classifier combines one-dimensional convolutional processing with recurrent sequence modeling. DWT
coefficients are first examined by the CNN blocks to identify local structures, after which the LSTM layer
summarizes their temporal order. The network ultimately produces probabilities for the ten PQ disturbance
classes.

1. Convolutional Layers (Spatial Feature Extraction):

The first two learnable blocks are one-dimensional convolutional layers. Their filters move along the input
sequence and respond to short-range characteristics such as an abrupt amplitude reduction, a sharp oscillatory
burst, or repeated high-frequency content. The convolution computed at layer | is defined as follows:

= (D wh« i +!)
m

where w' is the filter weight, blis the bias, and fis the Rectified Linear Unit (ReLU) activation function,
chosen to mitigate the vanishing gradient problem.

2. Long Short-Term Memory Layers (Temporal Modeling):

The sequence generated by the convolution and pooling stages is then processed by the LSTM layer. Its input,
forget, and output gates regulate how new information is added, how earlier information is retained, and how
the hidden representation is exposed. Through this mechanism, the classifier can distinguish between brief
changes and patterns that continue over several cycles.
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3. Fully Connected and Output Layers:

The LSTM output is passed to a 64-unit fully connected layer. Dropout with a rate of 0.5 is applied during
training to limit overfitting. A final dense layer with Softmax activation converts the learned representation
into class probabilities for the ten disturbance categories.

Table 3: Proposed Hybrid CNN-LSTM Network Architecture Configuration
Laver Tvoe Configuration /| Output Activation PUrDOSe
yer typ Parameters Shape Function P

Sequence length: 1280 | (Batch, 1280, DWT Feature Matrix Input
samples 1
Filters: 64, Kernel: 5,| (Batch, 1280, Extract low-level local

MaxPoolinglD | Pool size: 2, Stride: 2 éﬁ?mh el Dimensionality reduction
F|Iters 8, Kernel: 3,|(Batch, 640, Extract high-level abstract

MaxPoolinglD | Pool size: 2, Stride: 2 (Batch, 320, Further dimensionality
" | 128) reduction
Units: .100, Return (Batch, 100) | Tanh Model _ temporal
sequences: False dependencies

Dropout Rate: 0.5 (Batch, 100) |- Prevent overfitting
Dense (FC) Units: 64 (Batch, 64) ||ReLU High-level reasoning

Softmax e .
classification

Output Units: 10 (Number

Final probability
(Dense) Classes)

Proposed DWT-CNN-LSTM Architecture

Dw(r dzze%"l’:\g)s'“g [ Input Layer (1 x; 280 sequence) J
‘ Conv1D Layer 1 (64 filters, kernel=5, ReLU)
[ MaxPooping1t) (pool size=2)
[ Conv1D Layer 2 (1 28&1Iters, kernel=3, ReLU)
[ MaxPooping1‘Il’) (pool size=2)
| LSTM Layef (100 units)
[ Fully Connected (64 units + ReLU + Dropout 0.5)
[ Output Layer (10 ilasses + Softmax)

Fig. 3. Block diagram of the proposed hybrid DWT-CNN-LSTM architecture. The input sequence passes
through DWT preprocessing, convolutional layers for spatial feature extraction, LSTM layer for temporal
modeling, and fully connected layers for final classification. Feature dimensions are shown on the right side.
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Training and Evaluation Metrics

The network was implemented with MATLAB Deep Learning Toolbox in R2023a. The full dataset was
randomly divided into 70% training, 15% validation, and 15% test partitions.

e Optimizer: The optimizer used is Adam (Adaptive Moment Estimation) with an initial learning rate of
1x 107

o Loss function: Multiclass categorical cross-entropy was minimized during training.

e Training configuration: The network was trained for a maximum of 50 epochs with mini-batches of
32 samples. Validation-based early stopping used a patience value of five epochs.

Predictive performance was quantified from the test-set confusion matrix using overall accuracy and the
class-wise precision, recall, and F1-score.

RESULTS AND DISCUSSION
Experimental Setup

The DWT-CNN-LSTM model was trained in MATLAB R2023a on a workstation equipped with an Intel Core
i7 processor and 16 GB of RAM. The same 70:15:15 partition described above was used for training,
validation, and blind testing. Computation was performed on the CPU, and the 50-epoch training run required
approximately 225 minutes.

Training Progress (20-Jul-2026 04:34:13) Results

100+
) Final

Accuracy (%)

30 40 50

0 2000 4000 6000 8000 10000
lteration

Validation accuracy
Training finished:
Training Time

Start time:

Elapsed time:
Training Cycle
Epoch:

[teration:

[terations per epoch:
Maximum iterations:
Validation
Frequency

Other Information
Hardware resource:
Learning rate schedule:

Learning rate:

92.33%

Max epochs completed

20-Jul-2026 04:34:13
224 min 55 sec

50 0f 50
10900 of 10900
218

10900
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1.25e-05

Accuracy

Training (smoothed)
b) Final

0 I L
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Fig. 4. Training and validation accuracy (top) and loss (bottom) curves over 50 epochs. The model achieves a
validation accuracy of 92.33% after 50 epochs with minimal overfitting.

Overall Classification Performance

Evaluation was performed on the 1,500 observations reserved for testing. The classifier correctly labeled
92.33% of these samples. Table 4 reports precision, recall, F1-score, and support for each class so that
performance differences hidden by the aggregate accuracy can be examined.
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Table 4: Class-Wise Performance Metrics of the Proposed Hybrid CNN-LSTM Model

Harmonics (C4) 100.0 100.0 100.0 150
Transient (C5) 100.0 100.0 100.0 150

Weighted Average  93.8 92.3 925 1500

Normalized Confusion Matrix of Proposed Hybrid CNN-LSTM

2 1 4 44 1 100 99.3%
3 98.0%
4 100.0%
5/ 3 98.0%
, 6 100.0%
w
ko
O 7 100.0%
2
—
8 100.0%
9 98.0%
10 1 88.0%

98.0% 100.0% 100.0% [lEHeRz

20% | 50.0% 20% | 45% | 28.2% | 2.0% 43.1%

Predicted Class

Fig. 5. Normalized confusion matrix of the proposed model on the test dataset. The model achieves 100%
accuracy for Normal, Voltage Swell, Harmonics, Transient, Interruption, and Flicker disturbances.

Discussion: The class-level results show that performance was not uniform across all disturbance types.
Normal operation, voltage swell, harmonics, transient, interruption, and flicker achieved complete recall on the
test partition. The lowest recall occurred for voltage sag, while the sag-plus-transient class also remained more
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difficult than most other categories. The main errors were therefore concentrated in two classes that share a
common sag component.

e Voltage Sag (C2): 72 of the 150 sag samples were correctly recognized, corresponding to a recall of
48.0%. A substantial proportion was assigned to the sag-plus-transient category.

e Sag + Transient (C10): 132 of 150 test samples were correctly classified, giving a recall of 88.0% in
the displayed confusion matrix and 87.3% in the rounded class-metric table.

This error pattern is consistent with the construction of the two classes: both contain an amplitude reduction,
whereas the combined class is distinguished by an additional transient component. When that component is
weak or partly obscured by noise, the two feature sequences become difficult to separate.

Comparative Analysis with Baseline Models

To place the hybrid model in context, it was compared with Support Vector Machine, Random Forest,
standalone one-dimensional CNN, and standalone LSTM baselines. The models were evaluated on the same
generated dataset, using the feature configurations summarized in Table 5. The comparison considers accuracy
together with approximate training and inference time rather than accuracy alone.

Table 5: Comparative Classification Accuracy of Different Models

Model Architecture Feature Overall Accuracy Training Time | Inference Time
Extraction €)) (approx.) per Sample (ms)
Support  Vector Machine | Handcrafted
(SVM) (DWT) 91.2 12's 45
Handcrafted
Random Forest (RF) (DWT) 93.5 28s 15

Standalone 1D-CNN End-to-End 95.4 180 min 8
Standalone LSTM End-to-End

Proposed Hybrid CNN- DWT + End-to-

LSTM End 92.3 225 min 12

Discussion: Table 5 shows that the hybrid network did not obtain the highest classification accuracy in this
experiment. The standalone 1D-CNN achieved 95.4%, the standalone LSTM 94.8%, and the Random Forest
93.5%, compared with 92.3% for the proposed DWT-CNN-LSTM. Its result was only higher than the SVM
baseline at 91.2%. The hybrid model nevertheless provided a unified wavelet, convolutional, and temporal
processing chain with a measured CPU inference time of 12 ms per sample. These results indicate that the
added recurrent stage did not translate into an accuracy advantage on this dataset and should be optimized
further before superiority is claimed.

Computational Efficiency

The computational measurements recorded for the trained network are summarized below. They describe the
reported MATLAB CPU implementation and should therefore be interpreted as platform-specific rather
than as universal deployment values.

e Trainable parameters: approximately 1.8 million.

o Stored model size: approximately 7.2 MB.

e CPU inference time: approximately 12 ms for one sample.

e Training time: approximately 225 minutes for 50 epochs.

The measured per-sample latency indicates that the trained network can execute relatively quickly on the
reported workstation. Field use, however, would require additional testing with streaming measurements,
communication overhead, embedded hardware, and continuously varying operating conditions.
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CONCLUSION AND FUTURE WORK

This study examined a DWT-assisted CNN-LSTM framework for identifying ten classes of PQ disturbances.
Multi-resolution wavelet coefficients were used to represent the waveform, convolutional layers extracted
localized patterns, and an LSTM layer modeled the order of those patterns across time. The approach was
implemented in MATLAB and evaluated on a balanced synthetic dataset containing individual as well as
combined events.

Across the 1,500-sample test partition, the classifier achieved an overall accuracy of 92.33%. Normal, voltage
swell, harmonics, transient, interruption, and flicker samples were recognized with complete recall. Most
remaining errors involved voltage sag and sag-plus-transient signals, demonstrating that the additional
transient signature was not always sufficiently distinct at 30 dB SNR. The baseline comparison also showed
that the hybrid architecture did not outperform the standalone 1D-CNN, standalone LSTM, or Random Forest
under the reported configuration.

The saved network occupied approximately 7.2 MB and required about 12 ms to classify one sample on the
stated CPU platform. These measurements are encouraging for low-latency analysis, but they do not by
themselves establish real-time field readiness. Verification with measured waveforms and resource-constrained
monitoring hardware remains necessary.

Future work: The following priorities should be addressed:

1. Hardware implementation: Deploy the trained processing chain on an embedded monitoring
platform, such as an FPGA-enabled meter or an edge IoT gateway, and measure end-to-end latency and
resource use.

2. Real-world validation: Evaluate the model with PQ records collected from operational grids and
examine its stability across changing loads, sensors, network configurations, and noise levels.

3. Transfer learning: Investigate adaptation strategies that allow the classifier to be recalibrated for a
new grid using a limited quantity of labeled data.

4. Explainable artificial intelligence: Add interpretation methods that identify the waveform regions and
wavelet components influencing each prediction, thereby supporting technical review by power-system
operators.
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