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Abstract. Accurate classification of power qual-
ity disturbances (PQDs) is critical for maintain-
ing grid stability amidst the increasing integra-
tion of renewable energy sources. However, tra-
ditional feature extraction methods and standard
Convolutional Neural Networks (CNNs) strug-
gle with non-stationary signals due to fized-
size convolutional kernels that cannot simulta-
neously capture features at multiple temporal
and spectral scales. To address this limitation,
this paper proposes a hybrid framework inte-
grating Continuous Wavelet Transform (CWT)
with the GoogLeNet (Inception wvl) architec-
ture.  The method converts one-dimensional
voltage waveforms into two-dimensional time-
frequency scalograms, which are then processed
by GoogLeNet’s Inception modules—featuring
parallel 1 x 1, 3 x 3, and 5 X 5 convolutional
pathways—to extract multi-scale features simul-
taneously.  Extensive experimental validation
on a balanced dataset of 2,100 simulated sam-
ples across seven disturbance types demonstrates
robust performance, achieving a mean classi-
fication accuracy of 90.95% =+ 1.60% over 10
independent trials, with best-case performance
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at 93.29%. Notably, frequency-domain distur-
bances (Harmonics and Oscillatory Transients)
attain perfect classification (100%, o = 0%)
across all trials. These results demonstrate that
the proposed CWT-GoogLeNet framework effec-
tively addresses the multi-scale feature extraction
challenge, demonstrating reliable statistical per-
formance for automated power quality monitor-
ing in modern smart grid applications.

Keywords: power quality, disturbance classifi-
cation, Wavelet transform, convolutional neural
network (CNN).

1. Introduction

Maintaining high power quality (PQ) is essen-
tial for the stable and reliable operation of mod-
ern electrical power systems, particularly in the
context of increasing penetration of non-linear
loads and renewable energy sources [1,2]. These
integrations frequently introduce various power
quality disturbances (PQDs), including voltage
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sags, voltage swells, harmonics, and transient
events. If such disturbances are not promptly
detected and accurately classified, they may re-
sult in equipment overheating, data corruption,
malfunction of sensitive loads, and significant
economic losses [3,4]. Consequently, the devel-
opment of reliable and automated PQD classi-
fication systems has become a critical require-
ment for effective power system monitoring and
protection.

Traditional PQD identification approaches
mainly rely on handcrafted feature extraction
techniques, such as the Fourier Transform,
Short-Time Fourier Transform, or S-Transform,
followed by shallow classifiers including Support
Vector Machines (SVMs) and Decision Trees
[5,6]. Although these methods can yield sat-
isfactory results for stationary or mildly non-
stationary signals, they generally suffer from
limited adaptability to complex time-varying
disturbances. Moreover, their performance
heavily depends on expert knowledge for feature
engineering, parameter selection, and threshold
tuning, which constrains their scalability and ro-
bustness in real-world applications. In recent
years, deep learning models have emerged as ef-
fective alternatives by enabling automatic fea-
ture learning directly from raw data. Specifi-
cally, [7] proposed a closed-loop 1-D CNN archi-
tecture with batch normalization to automate
feature extraction, thereby overcoming the limi-
tations of manual methods. To address real-time
constraints, [8] implemented a Deep Belief Net-
work (DBN) on an embedded parallel comput-
ing platform, achieving high accuracy with low
latency. In addition, [9] highlighted the com-
plex harmonic challenges associated with off-
shore wind integration, underscoring the criti-
cal need for advanced classification systems in
modern power grids.

Despite their success, conventional CNN ar-
chitectures exhibit an inherent limitation in
that they typically employ fixed-size convolu-
tional kernels throughout the network [7]. This
structural rigidity restricts their ability to si-
multaneously capture multi-scale characteristics
of PQDs, such as long-duration, low-frequency
voltage sags and short-duration, high-frequency
oscillatory transients [10]. To overcome this
limitation, recent studies have explored ad-
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vanced architectures, including Transformer-
based models [11,12] and hybrid frameworks in-
corporating sophisticated time-frequency tech-
niques such as the Wavelet Synchrosqueezed
Transform (WSST) [13,14]. However, these ap-
proaches often incur substantial computational
complexity, which limits their feasibility for real-
time or resource-constrained monitoring sys-
tems. Alternatively, lightweight networks such
as MobileNet [15] and hybrid models combin-
ing deep feature extractors with classical clas-
sifiers (e.g., ResNet-SVM) [16] have been pro-
posed to improve efficiency, yet they frequently
involve trade-offs between model depth, rep-
resentational capacity, and classification accu-
racy. Therefore, there remains a clear need for a
streamlined framework that achieves an effective
balance between multi-scale feature extraction
capability and computational efficiency [17].

To address these challenges, this study pro-
poses a hybrid classification framework that
integrates the Continuous Wavelet Transform
(CWT) with the GoogLeNet (Inception v1) ar-
chitecture [18,19]. In the proposed approach,
one-dimensional voltage signals are first trans-
formed into two-dimensional scalogram repre-
sentations using CWT, thereby exposing their
latent time—frequency characteristics. Unlike
the Short-Time Fourier Transform (STFT),
which suffers from fixed-resolution windows,
CWT provides a high-resolution time—frequency
representation that is particularly well-suited for
analyzing non-stationary PQDs. These scalo-
grams are subsequently fed into a GoogLeNet-
based classifier. Furthermore, GoogLeNet is se-
lected over more recent architectures such as Vi-
sion Transformers (ViTs) and EfficientNet based
on both architectural characteristics and dataset
constraints. Vision Transformers, while pow-
erful, typically require large-scale datasets due
to their lack of strong inductive biases, mak-
ing them prone to overfitting on smaller, con-
trolled datasets such as the 2,100-sample dataset
used in this study. In contrast, GooglLeNet of-
fers a balanced depth that enables stable train-
ing under limited data conditions. Compared
to EfficientNet, which primarily relies on se-
quential convolutional scaling, the selection of
GoogLeNet is motivated by its Inception mod-
ules, which employ parallel convolutional filters
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with different kernel sizes (1 x 1, 3 x 3, 5 X 5)
within a single block [19]. This architectural
design is well aligned with the multi-resolution
characteristics of CWT scalograms, enabling the
network to analyze input features at multiple
spatial resolutions simultaneously, allowing it to
effectively capture both global spectral patterns
and localized transient phenomena.

The main contributions of this paper are sum-
marized as follows:

e An end-to-end hybrid classification frame-
work is proposed by integrating CWT-
based scalogram representations with a fine-
tuned GooglLeNet architecture, effectively
combining high-resolution time—frequency
analysis with multi-scale feature extraction
capabilities.

e The proposed architecture significantly out-
performs conventional fixed-kernel CNN
models in distinguishing morphologically
similar PQDs, such as voltage sags and in-
terruptions, as well as complex spectral dis-
tortions, including harmonics and transient
events.

e The effectiveness and robustness of the pro-
posed framework are validated on a rigor-
ously simulated dataset comprising seven
distinct PQD types, achieving an over-
all classification accuracy exceeding 93%,
demonstrating its suitability for practical
power quality monitoring applications.

2. Method

2.1. Method Overview

The proposed method in this study is il-
lustrated through a general block diagram, as
shown in Figure 1. The input of the system is a
time-domain voltage signal, which is used to an-
alyze and identify various power quality distur-
bance patterns. The input signal is first trans-
formed into the time—frequency domain using
the CWT, thereby generating scalogram images
that represent the energy distribution of the sig-
nal over time and frequency. These scalogram
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images are then fed into a deep convolutional
neural network based on the GoogleNet archi-
tecture for feature extraction and classification.
The output of the system corresponds to a label
associated with one of seven power quality con-
ditions, including normal, voltage sag, voltage
swell, interruption, harmonic distortion, flicker,
and transient disturbances.

To ensure accurate feature representation, the
specific parameters for signal generation and
CWT extraction are carefully configured. The
input signals are generated with a fundamen-
tal frequency of 50 Hz, a sampling frequency of
10kHz, and a signal window of 0.5s. The CWT
utilizes the Analytic Morse mother wavelet with
32 voices per octave to generate high-resolution
time—frequency scalograms. Subsequently, these
scalograms are mapped using a Jet colormap
and resized to 224 x 224 x 3 pixels to strictly
match the 3-channel input layer requirements of
the pre-trained GoogLeNet architecture.

2.2. Power Quality Disturbance

Simulation

A sufficiently large and accurate dataset is
crucial for the effective training of deep learn-
ing models. In this paper, following the com-
prehensive guidelines for PQD analysis detailed
in [20], specific mathematical models are utilized
to simulate six types of power quality distur-
bances, namely voltage sag, voltage swell, volt-
age interruption, harmonic distortion, voltage
flicker, and transient oscillations, together with
the standard sinusoidal waveform.

The baseline for our simulation is the normal
voltage signal, representing an ideal steady-state
condition maintained without any spectral con-
tamination or amplitude deviation. This wave-
form is mathematically defined as [10]:

h(t) = Asin(wt) (1)

where h(t) denotes the instantaneous voltage
value at any given time instance ¢t. The param-
eter A represents the nominal peak amplitude
normalized to 1.0 per-unit (p.u.), and w is the

fundamental angular frequency corresponding to
a system frequency f of 50 Hz.
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Figure 1: Overview of the proposed method.

A voltage sag represents a short-duration re-
duction in RMS voltage, typically caused by sys-
tem faults or the startup of large motors, mod-
eled as [10]:

h(t) = Asin(wt) [1 — a(—u(t — t2) + u(t — ¢1))]
(2)

where the parameter a determines the severity
of the voltage drop, varying between 0.1 and 0.9
to simulate different fault impedances. The du-
ration of the event is rigorously defined by the
interval [t1,t2] through the unit step functions

u(t).

In contrast to sags, a voltage swell is char-
acterized by a temporary increase in the RMS
voltage magnitude, often resulting from the de-
energization of large loads or capacitor bank
switching. This phenomenon is mathematically
expressed as [10]:

h(t) = Asin(wt) [1 + a(—u(t — t2) + u(t — #1))]
(3)

This model shares a similar structure to Equa-
tion (2), but the coefficient « is added to the

nominal amplitude to simulate a voltage rise.
Here, « is restricted to the range of 0.1 to 0.8.

A voltage interruption is defined as the near-
total loss of supply voltage, typically lasting
from a few milliseconds to several seconds.
While it utilizes the same mathematical struc-
ture as the voltage sag [10]:

h(t) = Asin(wt) [1 — y(—u(t — t2) +u(t —t1))]

(4)

The distinguishing feature here is the severity

parameter . For an interruption simulation, ~

is set strictly between 0.9 and 1.0, effectively re-

ducing the signal amplitude to near zero during
the fault interval.
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Voltage flicker manifests as a continuous os-
cillation of the voltage envelope, often induced
by arc furnaces or welding equipment, which
leads to perceived unsteadiness in visual light-
ing. This disturbance is modeled as a low-
frequency amplitude modulation of the funda-
mental carrier [21]:

h(t) = Asin(wt) [1 4 o sin(Bwt)] (5)

In Equation (5), two specific parameters de-
fine the envelope characteristics: ay denotes the
flicker intensity, typically set between 0.1 and
0.2, while S represents the modulation frequency
fraction, simulating periodic fluctuations in the
range of 5 Hz to 20 Hz.

Harmonic distortion arises from the opera-
tion of non-linear loads, such as power convert-
ers, which cause permanent deformation to the
voltage waveform. This steady-state is modeled
by superimposing specific odd-order frequency
components onto the fundamental signal [21]:

h(t)=A |:Oé3 sin(3wt) + as sin(bwt)

+ ay sin(7wt) (6)

+ sin(wt)}

where the coefficients oy, as, as, and ay de-
termine the relative spectral weights of the fun-
damental, 3rd, 5th, and 7th harmonic orders,
respectively. To ensure dataset diversity, these
harmonic magnitudes are randomized within the
range of 0.05 to 0.15.

Oscillatory transients are characterized by a
sudden, high-frequency energy burst that decays
exponentially over time. This phenomenon is
modeled by injecting a damped sinusoidal wave
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into the fundamental signal structure [21]:

h(t) = A|sin(wt) + a(—u(t — to) + u(t — t1))

< t—t1>
X exp| —
p

x sin(wy, (t — tl))]

(7)

In Equation (7), wy, represents the natural fre-
quency of the oscillation, typically ranging from
300 Hz to 900 Hz, while 7 defines the time con-
stant governing the signal’s decay rate. Here,
the coefficient o determines the initial peak in-
tensity of the transient, while the time window
[t1, t2] strictly bounds the disturbance duration.

Continuous Wavelet
Transform

2.3.

The Wavelet Transform (WT) is a powerful
tool for the analysis of transient phenomena,
which was developed in the 1980s [22]. It pro-
vides effective feature extraction capability for
fault diagnosis and prediction systems by en-
abling signal analysis across multiple frequency
bands [23,24]. Wavelet-based techniques are
generally classified into two main forms: the Dis-
crete Wavelet Transform (DWT) and the Con-
tinuous Wavelet Transform (CWT) [25]. In this
paper, the CWT is employed because it allows
signal features to be extracted over a wide range
of frequency scales, thereby providing a more de-
tailed time—frequency representation of the sig-
nal.

The continuous wavelet function is defined as

follows [20]:
ws,‘r(t) = % 1/)(t _S T) P

with s,7 € R and s # 0

(®)

In this formulation, ws - (t) represents the con-
tinuous wavelet family (daughter wavelets) de-
rived from the mother wavelet v(¢), while R
denotes the set of real numbers. The scale
factor s dilates or compresses the function to

125

capture low- or high-frequency features, respec-
tively, while the translation parameter 7 shifts
the wavelet along the time axis to localize these
features. The term ﬁ serves as a normalization
factor, ensuring that the energy of the wavelet
remains constant regardless of scale variation.

Physically, the CWT represents the local-
ized time—frequency energy density of a non-
stationary signal. By dynamically adjusting the
scale factor s, the mother wavelet compresses
to capture short-duration, high-frequency tran-
sients with high temporal resolution, and dilates
to track long-duration, low-frequency variations
like voltage sags with high spectral resolution.
This multi-resolution capability allows the CWT
to precisely isolate the exact time of occurrence
and frequency boundaries of complex PQDs.

2.4. Deep Learning Network

Based on GooglLeNet

This study employs GoogLeNet (Inception v1)
as the feature extraction backbone for scalogram
classification [19,25]. The architecture’s defin-
ing characteristic—parallel convolutional filters
operating at multiple kernel sizes (1 x 1, 3 x 3,
5 x 5)—aligns well with the multi-scale nature of
power quality disturbances, where events exhibit
varying temporal durations and frequency band-
widths [1,18]. The network’s moderate depth
of 22 layers provides sufficient representational
capacity while maintaining training stability, a
practical consideration given the limited avail-
ability of labeled PQ disturbance data compared
to large-scale computer vision datasets [2,7].

The model is initialized with ImageNet pre-
trained weights to leverage general visual feature
representations [4]. To adapt the network for
seven-class disturbance classification, the origi-
nal 1000-way classifier is replaced with a custom
architecture: a Dropout layer (rate = 0.4), a
fully connected layer with 512 ReLU-activated
neurons, a second Dropout layer (rate = 0.3),
and a Softmax output layer. This configura-
tion balances model capacity with regulariza-
tion, preventing overfitting to the training set
[26].

(© 2026 Journal of Advanced Engineering and Computation (JAEC)
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Training proceeds through a two-tier learn-
ing rate strategy. The pre-trained Inception
modules undergo fine-tuning at a reduced learn-
ing rate of 1 x 1074, allowing gradual adapta-
tion from natural image features to scalogram-
specific patterns. Concurrently, the custom
classifier trains from random initialization at
1 x 1073, enabling rapid convergence on task-
specific decision boundaries. This differential
learning approach retains the backbone’s gener-
alization ability while accelerating specialization
to power quality classification [3].

3. Results and Simulation

In this section, the proposed CWT-
GoogLeNet framework is evaluated to validate
its effectiveness in classifying seven power qual-
ity disturbance types: Oscillatory Transient,
Voltage Swell, Normal, Voltage Interruption,
Voltage Flicker, Voltage Sag and Harmonic Dis-
tortion. A balanced dataset of 2,100 synthetic
signals (300 samples per class) is generated ac-
cording to IEEE 1159-2019 standards, with ran-
domized parameters to ensure diversity. For in-
stance, voltage sags vary between 0.1 and 0.9
p.-u. with durations ranging from 0.05 to 0.30
seconds, while harmonic distortion incorporates
3rd, 5th, and 7th orders with total harmonic dis-
tortion (THD) levels between 8.7% and 26%. All
signals are sampled at 10 kHz over a 0.5-second
window (25 cycles at 50 Hz fundamental fre-

quency).

The simulations are executed on a lap-
top with an AMD Ryzen 7 8845HS processor
(3.80 GHz), 16 GB DDR5 RAM (5600 MT/s),
and an NVIDIA GeForce RTX 3050 GPU (6 GB
VRAM), running Windows 11 Home (64-bit).
MATLAB R2023b is used for signal generation,
wavelet preprocessing, and neural network train-
ing.

3.1. Simulation Data

Generation Results

This subsection focuses on the simulation-
based generation of power quality disturbance
signals used in this study. Based on the dis-
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turbance models introduced in Section 2, rep-
resentative voltage waveforms corresponding to
seven power quality disturbance types are syn-
thetically generated under controlled parame-
ter settings. The simulation process is designed
to ensure physical interpretability while main-
taining sufficient variability within each distur-
bance class. These simulated signals constitute
the input for subsequent time-frequency analy-
sis and deep learning—based classification. Typ-
ical examples of the generated waveforms are il-
lustrated in Figures 2-8.

Normal Signal

Amplitude (pu)
: o
o (%]

(=4
13
T

0 0.05 0.1 0.15 0.2
Time (s)

0.25

Figure 2: Examples of Normal signal waveform.

Voltage Sag

-
13

Amplitude (pu)
o

-05

0 0.05 0.1 0.15 0.2 0.25
Time (s)

Figure 3: Examples of Voltage Sag waveform.
The simulated waveforms presented in Fig-
ures 2-8 illustrate the distinct temporal signa-

tures of each PQD based on the mathemati-
cal models defined in Equations (1)—(7). While
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Voltage Swell
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Figure 4: Examples of Voltage Swell waveform.

Voltage Interruption
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Figure 5: Examples of Voltage Interruption waveform.

the normal signal shown in Figure 2 main-
tains a stable 50 Hz sinusoidal profile, the other
categories exhibit specific deviations in ampli-
tude, frequency, or waveform symmetry. Specif-
ically, the voltage swell in Figure 4 displays clear
amplitude-based variations with a distinct in-
crease in peak magnitude. This behavior con-
trasts with the partial reduction of the sag ob-
served in Figure 3 and the severe signal loss of
the interruption depicted in Figure 5. These vi-
sual differences primarily affect the fundamental
frequency component but remain structurally
periodic.

Furthermore, complex distortions alter the
waveform shape significantly. The voltage flicker
in Figure 6 displays a low-frequency envelope,
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Voltage Flicker
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Figure 6: Examples of Voltage Flicker waveform.
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Figure 7: Examples of Harmonics waveform.

reflecting the amplitude modulation character-
istic described in Equation (5). In contrast,
the harmonic distortion in Figure 7 reveals a
jagged, non-sinusoidal profile caused by the su-
perposition of odd-order multiples. Finally, the
oscillatory transient in Figure 8 represents the
most abrupt change, featuring a high-frequency
burst that rapidly decays. This localized en-
ergy concentration is a critical feature that vi-
sually distinguishes transients from the continu-
ous, steady-state distortion observed in harmon-
ics.

To validate the effectiveness of the proposed
classification framework, a comprehensive syn-
thetic dataset was generated based on the math-
ematical models presented in Section 2.2. . All
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Transient
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Figure 8: Examples of Transient waveform.

simulations were conducted in the MATLAB en-
vironment with a sampling frequency of f; =
10000 Hz, corresponding to 64 samples per fun-
damental cycle at 50 Hz. This configuration en-
sures adequate temporal resolution for capturing
both steady-state distortions and high-frequency
transient phenomena. To enhance the general-
ization capability of the deep learning model and
accurately emulate practical measurement envi-
ronments, stochastic variations were systemati-
cally introduced during data generation. While
the fundamental system frequency was fixed at
50 Hz, key disturbance parameters—including
the fault initiation time (¢1), disturbance du-
ration (t2 — t1), and amplitude-related coeffi-
cients («)—were randomly sampled within their
theoretical bounds. Furthermore, to simulate
standard industrial sensor conditions, Additive
White Gaussian Noise (AWGN) with a standard
deviation of 0.01 p.u. (yielding an approximate
Signal-to-Noise Ratio of 37 dB) was superim-
posed onto all generated waveforms. This strat-
egy introduces significant intra-class variability
and real-world robustness while preserving the
intrinsic characteristics of each disturbance type.

Representative time-domain waveforms veri-
fying the fidelity of these simulations are illus-
trated in Figures 2-8. The final dataset consists
of 2,100 signal samples, evenly distributed across
seven disturbance classes, with 300 samples per
class. This balanced class distribution effectively
mitigates the class imbalance issue and prevents
bias toward dominant categories during train-
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ing. The dataset was divided into training and
testing subsets using an 80:20 ratio. Overall, the
generated dataset provides a controlled yet suf-
ficiently challenging benchmark for evaluating
the robustness and generalization performance
of the proposed CWT—-GoogLeNet-based classi-
fication framework under diverse operating con-
ditions.

3.2. Time—Frequency Feature

Analysis

In this study, the Analytic Morse wavelet
(v = 3,8 = 60) was employed to perform the
CWT on voltage signals, generating scalograms
with 128 logarithmically spaced frequency scales
ranging from 1 Hz to 1 kHz. The Jet colormap
was used to encode energy density, where warm
colors (red/orange) indicate high wavelet coef-
ficient magnitudes and cool colors (blue) rep-
resent background noise levels. This transfor-
mation converts one-dimensional temporal sig-
nals into two-dimensional time—frequency repre-
sentations, revealing discriminative features that
remain latent in the time domain alone.

Figure 9 establishes the baseline representa-
tion. The voltage sag in Figure 10 exhibits dis-
tinct energy attenuation during the fault inter-
val [t1,t2] (as mathematically modeled in Equa-
tion (2)), while the voltage swell in Figure 11
demonstrates an amplified response within the
same frequency band. Furthermore, the voltage
interruption presented in Figure 12 produces the
most severe pattern, characterized by near-zero
coefficients across all frequency scales that re-
sult in a distinct temporal gap. Spectral distor-
tions manifest more complex time—frequency sig-
natures. For instance, Figure 13 illustrates how
voltage flicker introduces periodic envelope mod-
ulation at sub-25 Hz frequencies superimposed
on the fundamental component. Similarly, the
Harmonics signal scalogram in Figure 14 gen-
erates multiple parallel bands at 150, 250, 350
Hz, corresponding to the 3rd-, 5th-, and 7th-
order harmonics introduced by nonlinear loads.
Finally, the Transient signal depicted in Figure
15 produces a concentrated vertical energy burst
extending up to 900 Hz, which decays exponen-
tially within 10-50 ms, characteristic of capaci-
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tor switching events. These results confirm that
each disturbance class possesses a unique spec-
tral fingerprint. The multi-resolution decompo-
sition capability of the CWT enables simulta-
neous localization of transient spikes and sus-
tained frequency components, thereby providing
spatially structured input features that substan-
tially enhance pattern recognition performance
compared to raw waveform analysis. All result-
ing scalograms were resized to 224 x 224 pix-
els using bicubic interpolation and normalized
to the range [0, 1] prior to network training.

3.3. Classification Performance

1) Classification Performance

The GoogleNet model was trained on the
2,100 scalogram samples, randomly partitioned
into 1,680 training samples (80%) and 420 vali-
dation samples (20%). By initializing with Im-
ageNet pre-trained weights, the network rapidly
adapted to power quality feature representations
without requiring prolonged training. Figure 16
depicts the training dynamics over 40 epochs, re-
vealing stable convergence characteristics across
both accuracy and loss metrics.

During the initial phase (Epochs 1-10), val-
idation accuracy increased sharply from a ran-
dom baseline (~ 14% for a seven-class chance
level) to approximately 75%, while the training
loss decreased significantly from 1.95 to 0.68.
This rapid improvement demonstrates the ef-
fective transfer of low-level edge and texture
features from natural images to scalogram pat-
terns. In the fine-tuning phase (Epochs 10-
30), the controlled learning rate decay (factor
of 0.5 every 10 epochs) stabilized the optimiza-
tion trajectory. Notably, the validation accuracy
closely tracked the training accuracy through-
out this interval, with a consistent gap of less
than 2%, indicating that the dropout regular-
ization (rates of 0.4 and 0.3) and weight decay
(Awa = 1 x 10~*) successfully mitigated overfit-
ting.

The model reached convergence in the final
stage (Epochs 30—40), achieving a peak valida-
tion accuracy of 93.29% at Epoch 37 with a
corresponding validation loss of 0.2527, as illus-
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trated in Figure 16. Training accuracy stabi-
lized at 94.81%, yielding a train—validation gap
of just 1.74%, which remains well within accept-
able bounds for generalization. The entire train-
ing process was completed in approximately 20
minutes using a batch size of 32, demonstrating
sufficient efficiency for iterative model develop-
ment. These results confirm the feasibility of the
proposed approach for integration into real-time
power quality monitoring systems, where peri-
odic model retraining may be required to adapt
to evolving grid conditions.

2)  Overall Classification Accuracy and
Confusion Matrix

To assess the model’s classification perfor-
mance beyond aggregate metrics, Figure 17
presents the confusion matrix evaluated on a
held-out test set of 462 samples (66 per class,
ensuring balanced evaluation).  The model
achieved an overall accuracy of 93.29%, with
performance exhibiting a distinct dichotomy
between frequency-dominant and amplitude-
dominant disturbance types.

Consistent with the multi-resolution capabili-
ties of the Continuous Wavelet Transform, the
model demonstrated perfect classification for
Harmonics and Oscillatory Transients (100% ac-
curacy, 66/66 samples each). These classes pos-
sess invariant spectral signatures—parallel hori-
zontal bands at harmonic frequencies and local-
ized vertical bursts, respectively—that remain
unaffected by amplitude normalization. The
morphological distinctiveness of these patterns
enables the Inception modules to extract highly
discriminative features with minimal inter-class
confusion. In contrast, classification errors
were localized within amplitude-modulated cat-
egories: voltage swell, voltage interruption, and
voltage sag. Most notably, the confusion ma-
trix shows that 8 voltage swell and 7 voltage
interruption samples were misclassified as volt-
age sag. This ambiguity represents an inherent,
necessary trade-off in the proposed framework:
while the Minimum-Maximum (Min-Max) nor-
malization is strictly required to map the scalo-
grams into the [0, 1] range to leverage the pre-
trained weights of GoogLeNet, this technique ef-
fectively eliminates absolute amplitude distinc-
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Figure 9: Scalogram and Wavelet-based spectrum of the voltage Normal signal.
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Figure 10: Scalogram and Wavelet-based spectrum of the voltage Sag signal.

tions. As a result, the network is forced to
rely on the spatial energy distribution around
the 50 Hz fundamental frequency, which renders
the morphological signatures of voltage depres-
sions and elevations nearly identical. Further-
more, the IEEE 1159 standard [27] defines volt-
age sags within the range of 0.1-0.9 p.u. and
interruptions as values below 0.1 p.u., result-

(© 2026 Journal of Advanced Engineering and Computation (JAEC)

ing in a narrow decision boundary of only 0.1
p-u. When combined with amplitude suppres-
sion during normalization, this tight margin in-
evitably leads to misclassification in borderline
cases (e.g., voltage magnitude is within 0.08 and
0.12 p.u.).
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Figure 11: Scalogram and Wavelet-based spectrum of the voltage Swell signal.
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Figure 12: Scalogram and Wavelet-based spectrum of the voltage Interruption signal.

3) Statistical Stability and Reliability
Analysis

While Section 3.3.2 highlighted the optimal
performance capability of the proposed archi-
tecture, deep learning optimization is inherently
stochastic in nature. To assess the reliability
and reproducibility of the model under different
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random initialization conditions, a comprehen-
sive statistical stability analysis was conducted
through multiple independent experimental tri-
als. The statistical results, summarized in Ta-
ble 1, incorporate all 10 independent trials to
fully reflect the model’s operational performance
variability. While computational resource con-
straints associated with training deep convo-
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Figure 13: Scalogram and Wavelet-based spectrum of the voltage Flicker signal.
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Figure 14: Scalogram and Wavelet-based spectrum of the Harmonics signal.

lutional networks limited the number of runs,
these 10 trials serve as a robust preliminary in-
dicator of the model’s operational performance
variability rather than an exhaustive statisti-
cal proof. The proposed system achieved a
robust mean classification accuracy of 90.95%,
accompanied by a low standard deviation of
1.60%. Across all trials, the classification ac-
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curacy ranged from a minimum of 88.31% to a
maximum of 93.29%. This narrow performance
dispersion demonstrates that the achieved accu-
racy is consistent and reproducible, rather than
being attributable to a favorable or “lucky” ini-
tialization. A detailed comparison of the con-
fusion matrices across trials reveals that perfor-
mance variations are not uniformly distributed
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Figure 15: Scalogram and Wavelet-based spectrum of the Transient signal.
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Figure 16: Training results of GoogLeNet.

among disturbance classes. Frequency-domain
disturbances, including harmonics and tran-
sients, exhibited exceptional stability, consis-
tently achieving near-perfect classification ac-
curacy in all experimental runs. In contrast,
fluctuations in overall accuracy were predomi-
nantly driven by ambiguity among amplitude-
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modulated disturbance classes. Specifically, in
lower-performing trials (e.g., 88.31%), increased
misclassification between Voltage Sag and In-
terruption was observed, whereas in higher-
performing trials (e.g., 93.29%), this confusion
was significantly reduced. These observations
indicate that the proposed CWT-GoogLeNet
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framework exhibits strong statistical robustness
and reliability for practical power quality mon-
itoring applications. Nevertheless, the discrim-
ination of disturbance classes characterized by
narrow amplitude margins remains the most sen-
sitive aspect of the model, particularly with
respect to random weight initialization during
training.

Table 1: Statistical Performance over Independent Tri-

als.
Metric Value
Maximum Accuracy 93.29%
Minimum Accuracy 88.31%
Mean Accuracy () 90.95%
Standard Deviation (o)  1.60%

4. Conclusion

This study successfully established a ro-
bust automated framework for PQD classifi-
cation by integrating the CWT with a fine-
tuned GooglLeNet architecture. By convert-
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ing one-dimensional voltage signals into two-
dimensional time—frequency scalograms, the
proposed method effectively overcomes the lim-
itations of traditional manual feature extrac-
tion and standard CNNs that struggle with non-
stationary signal characteristics. Experimental
results on a dataset of seven distinct distur-
bance types demonstrate the efficacy of the pro-
posed approach. The model achieved a peak
classification accuracy of 93.29%, with an av-
erage accuracy of 90.95% and a standard devi-
ation of 1.60% across multiple trials, indicating
high statistical stability. Notably, the system at-
tained 100% accuracy in identifying frequency-
domain disturbances such as Harmonics and Os-
cillatory Transients. Compared to conventional
fixed-kernel CNN architectures, the utilization
of GooglLeNet’s Inception modules proved to be
a critical advantage. The parallel processing of
multiple kernel sizes (1 x 1, 3 x 3, and 5 x 5)
enabled the simultaneous capture of both long-
duration voltage variations and high-frequency
transient bursts. This multi-scale capability
addresses the fundamental limitation of single-
scale architectures, which cannot process fea-
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tures at varying temporal and spectral resolu-
tions within a single layer.

A targeted limitation was observed in differ-
entiating Voltage Sags from Interruptions, at-
tributed to Min—Max normalization suppress-
ing absolute amplitude information. While
this represents a necessary trade-off to lever-
age pre-trained network capabilities, this weak-
ness is confined to amplitude-similar disturbance
classes and does not affect the model’s perfect
classification performance for frequency-domain
categories. Despite this limitation, the proposed
framework maintains robust accuracy suitable
for deployment in substation monitoring appli-
cations.

By enabling automated disturbance detec-
tion with minimal computational overhead, this
framework addresses critical operational needs
for wutilities managing increasingly complex
power grids with high renewable energy penetra-
tion. Future work will pursue four specific direc-
tions: (1) incorporating amplitude-preserving
normalization techniques (e.g., z-score standard-
ization) to resolve the Sag—Interruption ambigu-
ity, (2) validating performance on IEC 61000-
4-30 compliant field measurements from op-
erational substations, (3) optimizing the net-
work for edge deployment through model quan-
tization, targeting inference latency below 15
ms on ARM-based processors, and (4) con-
ducting exhaustive statistical validation over a
larger number of independent trials and ex-
tended datasets to firmly establish the model’s
reliability bounds.
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