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ABSTRACT. Wavelet analysis is well established as an effective signal processing tool for detecting and
analysing power quality disturbances. Several studies have employed the fast wavelet transform to construct
feature vectors used in the power quality analysis. This paper presents a new wavelet-based feature extraction
method for power quality disturbances classification using the continuous wavelet transform. A set of small
scales is used for this purpose, and only the energy of each decomposed signal is used to construct the feature
vector for classification purposes. The chosen scales are those representing the natural frequency and its
harmonics. The proposed method is applied to voltage event signals generated by a frequently used
mathematical model in the specialized literature for power quality disturbances analysis. Experiments with
both clean and noisy signals demonstrate that classification accuracy approaching 100% can be achieved using
only two scales of the continuous wavelet transform. Some wavelets are tested, and those with an appropriate
number of vanishing moments presents better results. The results are compared with those obtained from
other wavelet-based methods employing the fast wavelet transform. The effectiveness of the proposed
wavelet-based feature extraction method is evaluated with several classifiers, consistently yielding high
accuracy.
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INTRODUCTION

Power quality disturbances (PQD) are
among the most frequent phenomena in electrical
power systems. The increasing presence of non-linear
loads and modern control equipment has raised the
demand for high power quality (PQ) in generation,
transmission, and distribution systems. PQDs can
cause substantial losses across various sectors,
particularly in large public or industrial facilities.
Disturbances affect the interaction between producers
and consumers, leading to energy inefficiency,
constrained generation and consumption, malfunction
or damage of sensitive equipment, and misoperation
of industrial processes (Chawda et al., 2020).

Voltage events represent one of the most
significant types of PQD. Based on magnitude, voltage
events are classified as swells, sags, or interruptions;
according to their duration, they are categorized as

Copyright © The Author(s).

This is an open-access paper published by the Instituto Federal Goiano,
Urutai - GO, Brazil. All rights reserved. It is distributed under the terms
of the Creative Commons Attribution 4.0 International License.

instantaneous, momentary, or temporary (IEEE Std
1159-2009). Harmonic distortion is another voltage-
related disturbance that produces waveform
deviations. PQ analysis from voltage waveform
monitoring involves two main stages: detection and
classification. Detection identifies the occurrence and
location of voltage deviations, while classification
determines the type of disturbance.

Several signal-processing techniques have
been employed for PQD detection and classification
(Caicedo et al., 2023), including the Fourier Transform
(FT), the Short-Time Fourier Transform (STFT), and
the Wavelet Transform (WT). WT provides
simultaneous time-frequency localization, enabling
multiresolution analysis and a more precise
characterization of PQD signals than FT or STFT. It
offers high time-frequency resolution for transient
detection, efficient signal decomposition, and
adaptability to signal features. However, it is
computationally demanding for high-resolution or
long-duration data, and its performance strongly
depends on the selected wavelet, making wavelet
choice a critical design parameter.

Signal processing techniques for PQ analysis
are applied at multiple stages: data preparation,
preprocessing, transformation, feature extraction,
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detection, classification, and characterization. Feature
extraction is especially critical, as it condenses the
original signal into a lower-dimensional
representation, while retaining relevant information.
Effective  feature extraction allows accurate
classification of disturbances, since even the most
advanced classifiers fail if features are poorly selected
(Uyara et al.,, 2008; Markovska and Taskovski, 2018;
Sengur et al., 2007).

Several WT-based feature extraction methods
have been proposed. Early applications relied on
visual inspection of the time-frequency plane for PQ
analysis (Santoso et al., 1994, 1996; Pillay and
Bhattacharjee, 1996). Barros et al. (2012) reviewed WT
applications in voltage event detection and identified
three main challenges: wavelet selection, -efficient
feature extraction, and reduction of computational
time. Although previous studies have not fully
overcome these challenges, several strategies have
been proposed, such as selecting wavelets that
minimize computational cost (He and Starzyk, 2006).

The Fast Wavelet Transform (FWT) has been
widely used to extract wavelet features for PQD
classification (Abdel-Galil et al., 2004; He and Starzyk,
2006; Uyara et al., 2008; Markovska and Taskovski,
2018). FWT, the algorithm for computing the discrete
wavelet transform (DWT), is defined as a two-channel
filter bank with downsampling (Mallat, 1989). In PQ
analysis, FWT is generally preferred over the
continuous wavelet transform (CWT) because it
reduces sample sets at each decomposition level, while
CWT, based on inner products, is redundant and
computationally — heavier for multiple scales
(Grossmann and Morlet, 1984). Nevertheless, efficient
CWT-based PQD analysis methods have been
developed, including scalogram generation for
classification (Huang et al., 1998; Angrisani et al., 2001;
Lin and Wang, 2006; Tse et al., 2010; Salles and Ribeiro,
2023).

The algebraic model for seven voltage events
introduced by Abdel-Galil et al. (2004) has served as a
foundation for many PQ analysis methods combined
with FWT (He and Starzyk, 2006; Uyara et al., 2008;
Markovska and Tagkovski, 2018 Eristi, Ugar and
Demir, 2010; Decanini et al., 2011; Saini and Beniwal,
2017). In these works, features are typically
constructed from the energy of wavelet coefficients at
each decomposition level, and classification is
performed using methods such as decision trees,
support vector machines, and random forests (He and
Starzyk, 2006; Uyara et al., 2008, Markovska and
Taskovski, 2018).

Recently, hybrid approaches combining
wavelet analysis with machine learning and deep
learning  have  achieved  near-perfect  PQD
classification. Examples include empirical mode
decomposition with optimized extreme learning
machines (Samanta et al, 2022), visual attention

mechanisms with feed-forward neural networks
(Zhang et al., 2022), integer factor approximation
methods (Akmaz, 2022), adaptive empirical wavelet
transform (Khetarpal et al.,, 2024), convolutional and
recurrent neural networks (Cai et al., 2023), improved
adaptive S-transform (Jiang et al., 2024a), and multi-
channel feature fusion with CWT (Jiang et al., 2024b).
These studies highlight the evolution of PQD
classification and motivate the development of
efficient, interpretable, and computationally light
wavelet-based techniques.

Although effective, FWT-based methods
present limitations such as trade-offs between
decomposition depth and feature resolution, and
mismatches between dyadic scales and signal
harmonics. This work introduces a CWT-based feature
extraction method for PQD classification that mitigates
these issues. By selecting a minimal set of scales
corresponding to physically meaningful frequencies,
the method achieves high classification accuracy with
low computational cost. Wavelet representations are
constructed from this optimized scale set using the
CWT scale-frequency relation, decoupling feature
extraction from the decomposition-level constraints of
FWT. Feature vectors are derived from the energy of
CWT coefficients, attaining near-100% classification
accuracy with only two scales when a suitable number
of vanishing moments is used. The approach is
validated on noisy signals and benchmarked against
prior studies (Abdel-Galil et al., 2004; He and Starzyk,
2006; Uyara et al.,, 2008; Markovska and Taskovski,
2018), employing multiple classifiers to evaluate
robustness.

CONTINUOUS WAVELET TRANSFORM

Wavelet analysis can reveal various signal
characteristics, such as trends, singularities,
discontinuities in higher derivatives, and self-
similarity. Similar to the Fourier analysis, the wavelet
analysis involves the expansion of signals into a set of
basic functions. A family of functions of the form

b =0 (), ()

generated from a single finite-energy function ¥(t) in
the time domain by dilations (s > 0) and translation ©
operations, has been widely used in various signal-
processing applications. These functions are called
wavelets and satisfy the admissibility condition given

by: + 2
“ Y
c1,,=f | (Q)l dQ < +oo, (2)
0

where W(Q) represents the wavelet function FT
(Calderon, 1964; Grossmann and Morlet, 1984).



Gossler and Duarte (2025)

54

From (1), the CWT of a continuous-time
finite-energy signal x(t) is given as (Grossmann and
Morlet, 1984):

o= |

+00

x(O) s ()dt, ®)

where Y(t) is a real wavelet function. The CWT

coefficients wa (s,7) measure signal fluctuations
around positiont and in the frequency band
corresponding to the scale factor s. When s increases,
Y(t) is expanded, and its frequency content moves to
the lower frequency bands. Decreasing s implies the
compression of P(t), and its frequency content moves
to the higher bands.

The information concerning the frequency
content in Hz of the signal is provided by a relative
frequency f; estimated from

f
f=5n @

where f. is the wavelet center frequency (in Hz), A is
the signal sampling period (in seconds) and s denotes
the decomposition scale (Abry, 1997). This relationship
is fundamental for designing our feature extraction
method, since it allows us to select scales that directly
correspond to specific frequency components of
interest in the power signal, such as the fundamental
frequency and its harmonics.

An important property of wavelets is the
number of vanishing moments, which quantifies their
ability to measure the local regularity of a signal. A
1 (t) wavelet has N vanishing moments if condition (5)
is verified:

+00
f thy(t)dt, k=01,..,N—1, (5)

from which follows that any wavelet has at least one
vanishing moment (Meyer, 1993). A wavelet with N
vanishing moments is orthogonal to polynomials of
degree up to N — 1. It means it is sensitive to signal
features of high-order differentiability and can
compactly represent signals with sharp transitions or
singularities. For PQD classification, a small number of
vanishing moments is necessary to accurately capture
and represent the transient characteristics of
disturbances.

The behavior of the CWT coefficients
depends on the chosen wavelet. Each wavelet can also
be characterized by its symmetry and support size.
Another important wavelet characteristic refers to
orthogonality, see (Daubechies, 1988). Several types of
wavelet functions are commonly applied in CWT-
based analyses. The most widely used families in the
specialized literature include Morlet, Meyer, Gaussian,
Mexican Hat, Haar, Daubechies, Symlets, and Coiflets
(Daubechies, 1988). It is common to use short names
for some wavelets. For example, dbN and symN are
the short name for Daubechies and Symlets wavelets,

respectively. In these cases, N indicates the number of
vanishing moments and a 2N —1 is the support
length. Generally, Coiflets wavelets are denoted by
coifN, where, in this case, 2N is the number of
vanishing moments and the support length is 6N — 1.
In order to facilitate the notation, gausN will be used
to indicate Gaussian wavelet with N vanishing
moments.

PROPOSED METHODOLOGY FOR WAVELET
FEATURE EXTRACTION

The construction of feature vectors is the
fundamental process in PQD classification Seven
voltage events are considered, based on the
mathematical model of (Abdel-Galil et al., 2004):
normal (C1), swell (C2), sag (C3), outage (C4),
harmonic (C5), swell with harmonic (C6) and sag
with harmonic (C7). Normal is an undisturbed
sinusoidal condition. Swell corresponds to a
temporary increase in voltage magnitude, while
sag represents a temporary decrease in voltage.
An outage refers to the complete loss of voltage
supply, and harmonic distortion denotes waveform
deformation due to the presence of harmonic
components. The combined cases — swell with
harmonic and sag with harmonic — involve
simultaneous variations in voltage magnitude
and waveform distortion. Figure 1 illustrates the
waveforms corresponding to normal operation
and the disturbances investigated in this work.
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Figure 1. Waveforms corresponding to normal operation and the
disturbances investigated in this work.

Figure 2 shows absolute normalized
CWT coefficients for each particular voltage event
signal class evaluated by Morlet wavelet for 1 <
s < 170. Note that, for the considered scales, the
energy of the coefficients is more concentrate in
scales s > 120. Such scales represent, in certain
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sense, the mnatural frequency component
oscillatory of the signals. For voltage signals with
harmonics, it is possible to note a small energy
contribution at intermediary scales (the interval
30 < s < 80).
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Flgure 2. Scalograms for each PQD considered using the Morlet
wavelet for 1 <s< 170, where it is possible to verify the
concentration for energy according to the scales.

= 208

sz = G033

Distinct patterns can be qualitatively
observed for each voltage event in the scalograms
shown in Figure 2. For this reason, we can
explore such differences to construct wavelet
feature vectors to represent each disturbance. In
fact, a drawback in the use of CWT is that it can
increase the computational cost when many
scales are considered in the decomposition
process. However, since CWT is a redundant
transform, wavelet feature vectors can be
constructed using an appropriately limited set of
scales. To illustrate wavelet representations at
specific scales, Figure 3 presents the CWT
coefficients at s; = 208, s, = 69.33 and s; =
41.60. These scales were obtained using the
scale-frequency relation described in (4), and they
represent the natural frequency (s1) and its two
first harmonics (s2 and s;, respectively). These
scales highlight the main differences among the
PQD signals.
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Figure 3. PQD CWT using Morlet wavelet at scales s; =

208 (left column), s, = 69.33 (middle column) and s; = 41.60 (right column). Each

row plot represents PQD CWT coefficients, normalized for a better comparasion.
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Inspection of the CWT-coefficient plots
in Figure 3 reveals clear patterns. At scale sy,
corresponding to the fundamental oscillatory
frequency, the wavelet representations of C1, C2,
C3, and C4 closely resemble the time-domain
waveform. The representations of C5, C6, and C7
are similar to Cl, C2, and C4, respectively.
Conversely, at scale s,, larger differences appear
in PQ signals containing harmonic components.
For wa (s3,7) results, the behaviour is similar to
those presented by wa (52, 7).

The rationale behind the scale-selection
strategy is to shift from a dense, computationally
expensive analysis across all scales to a targeted
evaluation at physically meaningful frequencies.
PQD are deviations in the fundamental
sinusoidal waveform (e.g., magnitude changes,
transients, and additional harmonic components).
Therefore, the most discriminative information
for classifying these events is likely concentrated
around the fundamental frequency of the power
system (e.g., 60 Hz) and its characteristic
harmonics (e.g., 120 Hz, 180 Hz, 240 Hz, etc.). By
focusing the CWT analysis specifically on the
scales that correspond to these key frequencies,
we efficiently capture the essential features of the
disturbance while drastically reducing the data
dimensionality and computational burden.

Based on these considerations, an
appropriate set of scales is selected for computing
the CWT in the proposed wavelet feature
extraction approach. The scales chosen are those
that represent the natural frequency and its
harmonics. In this way, the set of scales

@ = {51,523, -, Sn41 ) (6)

where h is the number of harmonics
(dimensionless) used to build the wavelet feature
extraction, is determined using the scale-
frequency relation:

fe
=— =12,.. 1 7
Sk kAfN; k &) )h+ ) ()

/. is the wavelet center frequency (in Hz), T is the
sampling period (in seconds), fy is the natural
frequency (60 Hz), k is the harmonic order
(dimensionless) and s, is the scale factor
(dimensionless) corresponding to the k-th
harmonic component.

PQD energy is typically concentrated
near the fundamental and harmonic frequencies,
these scales provide the most discriminative

information for classification. By focusing the
CWT analysis on these pre-determined and
physically meaningful scales, ensuring energy
concentration in the resulting coefficients, there is
a significant reduction on computational cost
compared to a full-scale decomposition, with the
enhancement of the discriminative power of the
extracted features for classification.

Among several possible metrics to
characterize the wavelet coefficients, this work
employs the energy of the CWT coefficients. In
(Abdel-Galil et al., 2004) and (He and Starzyk,
2006) only the energy of wavelet coefficients was
also used. Thus, with the obtained CWT
coefficients from each x(t) PQ signal, E,(sg)

energy is computed at each scaling
decomposition:
2
Ee(s) = ) W (s ®)

T

After the energy vector computation,
E,(sy) is normalized by E,,(s;) which represents
the normal operation energy vector. In this way,
the proposed wavelet feature extraction is
defined as (8):

E = [Ex(sl)Ex(SZ)Ex(s3) Ex(sh+1)] (9)
/Exn(sl)

Wavelet feature vector normalization is a
common strategy in the PQD classification
process. For example, in (Abdel-Galil et al., 2004)
the wavelet feature vector is normalized by a
coefficient that also represents the normal
operation energy. The complete process is
illustrated in the flowchart of Figure 4 and
consists of the following steps:

Step 1 - Signal Acquisition and Segmentation:
The PQD signal x(t) is acquired with a sampling
period A, corresponding to the fundamental
power frequency fy. The signal must be
segmented into multiple complete cycles of the
fundamental frequency. The specific number of
cycles can be adjusted based on the application
requirements, trading off between temporal
resolution and feature capture capability.

Step 2 - Wavelet Selection: The process begins
with the selection of an appropriate mother
wavelet P (t).
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Figure 4. 'Proposed wavelet feature extraction.

Step 3 - Scale Selection: The scale set ¢is
determined using (7). This approach ensures that
we capture the fundamental frequency
component (s;) and its most relevant harmonics

(52,53,--+)-

Step 4 - CWT Coefficient Computation: For each
scale s; in the predetermined set ¢, we compute

the CWT coefficients wa (Sk, 7). It generates a set
of time-scale representations that highlights the
signal's behavior at the specific frequency bands
of interest, avoiding the computational burden of
a full-scale analysis.

Step 5 - CWT coefficients Energy: From the CWT

coefficients szp (Sk,T), the energy content is
computed to obtain  E,(s1), Ex(S;), Ex(s3),
+ ,Ex(sp4+1). Such valuesquantify the signal
strength distributed across the fundamental
frequency and its harmonic components.

Step 6 - Feature Vector Construction: The feature
vector F, is assembled using the energy values
from all selected scales and normalized by the
energy at the fundamental scale E,,(s;) obtained
from a reference normal operating condition
signal. This normalization step enhances
robustness against system-wide amplitude
variations and facilitates meaningful comparison
across different disturbance types.

Step 7 - Classification: The final normalized
feature vector F, serves as input to the
classification algorithm, which identifies the
specific type of PQD present in the original
signal.

EXPERIMENTAL AND
CLASSIFICATION RESULTS

COMPARATIVE

Before any PQD classification process, it is
necessary to detect such disturbances in the voltage
systems. In this paper, the proposed methodology is
applied in the feature extraction stage and, therefore, it
is assumed that the PQD detection has already been
achieved.

4.1. Data generation
Signal datasets were generated following the

mathematical models in Abdel-Galil et al. (2004). For
each PQ class, 200 cases were produced for training
and 200 for testing. Table 1 lists the signal models and
their control parameters (u(t) is the wunit step
function). Signals were sampled at 256 samples per
cycle with a nominal frequency of 60 Hz; 10 cycles
were used per signal, yielding 2560 samples (sampling
frequency = 2.56 kHz). Parameter ranges for amplitude
and duration (a,f,y,a;, etc.) were varied across
realistic intervals to produce representative variability
consistent with the cited literature. The chosen
discretization follows prior studies (Abdel-Galil et al.,
2004; He and Starzyk, 2006; Uyara et al, 2008;
Markovska and Taskovski, 2018). Note that earlier
works sometimes use different nominal frequencies
(50 Hz in He and Starzyk, Uyara et al., and Markovska
and Taskovski) or different cycle counts (16 cycles in
Uyara et al., 2008).

To analyze classification results from smaller
wavelet feature vectors, four different types of wavelet
feature vectors will be explored:

o Fl,=[Ex(s1)VExn(s1);

(] F2,.= [Ex(Sl) | Ex(SZ)]/Exn(Sl);
. F3,= [Ex(Sl) | Ex(SZ) | EX(S3)]/EXI‘L(51);
o F4=[E(s1) | Ex(s2) | Ex(s3) | Ex(54)/Eun(s1).

Fl, is built considering only CWT
decomposition at scale s;, which corresponds to fy
wavelet representation. F2, is composed by the CWT
coefficients energy from scales s; and s ie.,
considering the first harmonic. The wavelet features
F3,and F4, are respectively referent to the set of scales
{s1,52,53} and {s1,52,5354. In this way, we consider a
scenario involving up to the third harmonic. Therefore,
it will be possible to determine what set of scales
implies efficient results, considering precision and
computational cost factors. Some of the wavelet
families discussed in Section 2 will be used to
decompose each type of PQ class (C1 to C7). Therefore,
different wavelets will be considered in order to
determine those with the best results.
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Table 1. Mathematical definitions for the used PQ disturbances. All time parameters t,t;, and t, are in seconds (s). Frequency parameters fy and
w are in Hz and rad/s, respectively. Amplitude parameters (a, 8, ¥, a4, etc.) are dimensionless ratios relative to the nominal voltage

PQ Disturbance Model Controlling Parameters
Normal (C1) v1(t) = sin(wt) fv = 60, w = 2nfy
Swell (C2) vy (t) = [1 + a(u(t —t) — u(t —tz))]vl(t) 01 <a <08
Sag (C3) vi(t) = [1 = Blult —t) — u(t —t)]vi(t) 01 <pB <09
Outage (C4) v, (t) = [1 — y(ult — &) — ult —t)]vs(t) 09 <y <10
Harmonic (C5) vs(t) = aysin(wt) + (1_3sin(3wt) + assin(Swt) 0.05 < ayas,a, < 015
+ aysin(7wt)
Swell + Harmonic (C6) ve(t) = v,(t)vs(t) Z a2 =1
L
Sag + Harmonic (C7) v,(t) = v3(t)vs(t) T <t,—t;,< 9T
4.2 Classification results using Decision tree validation protocol was used to ensure robustness;
A decision-tree classifier (C4.5, as in Abdel- statistical indicators (mean, standard deviation, and
Galil et al. (2004)) was employed for the initial 95% confidence intervals) were computed across
analysis. Table 2 reports overall accuracies obtained repeated runs to assess significance.

with C4.5 across the different wavelet families and
feature vector types (F1x - F4y). A 10-fold cross-

Table 2. Correct classification results in terms of percentage using different wavelet families. Bold values indicate accuracies higher than 99%

Wavelet F1, F2, F3, F4, Wavelet F1, F2, F3, F4,

db2 70.86 93.64 99.29 99.00 sym2 70.86 93.64 99.29 99.00
db3 71.14 90.29 99.43 99.36 sym3 71.14 90.29 99.43 99.36
db4 70.57 97.64 99.29 99.36 sym4 70.50 96.79 99.21 99.29
db5 70.93 99.43 99.29 99.29 symb 70.93 99.29 99.29 99.29
db6 70.64 97.98 98.86 98.86 symoé 70.71 97.92 98.93 98.92
db7 71.07 99.14 96.43 96.43 sym7 70.93 98.50 99.21 99.29
db8 70.78 99.36 99.36 99.36 sym8 70.64 99.14 99.14 99.14
db9 70.82 99.43 99.36 99.36 sym9 70.71 99.36 99.29 99.29
db10 70.71 99.36 99.36 99.36 sym10 70.71 99.29 99.29 99.29
db20 70.71 99.36 99.36 99.43 sym20 70.43 99.36 99.36 99.43
coifl 71.07 84.29 99.21 99.36 gausl 71.64 90.07 97.43 98.14
coif2 70.50 96.50 99.29 99.29 gaus?2 70.71 92.36 99.07 99.14
coif3 71.00 98.50 98.50 98.57 gaus3 70.93 93.79 99.43 99.43
coif4 70.86 99.21 98.93 98.93 gaus4 70.21 92.79 99.14 99.14
coif5 70.79 99.14 99.14 99.14 gausb 69.79 98.79 99.00 99.00
Haar 71.07 73.21 92.36 97.29 gausb 70.36 96.43 98.79 98.79
Meyer 71.36 99.14 99.14 99.14 gaus?’ 70.14 99.43 99.57 99.57
Morlet 69.21 99.21 99.21 99.43 gaus8 69.64 99.43 99.43 99.43
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Independently of wavelet function, the
classification results obtained from F1, are always
close to 70%. On the other hand, except for Haar and
coifl wavelets, F2, presents better results with
accuracy superior to 90%. In fact, the precision
obtained from F2, is very higher for wavelets with
greater number of vanishing moments. In this case,
except for sym7, wavelets containing more than 6
vanishing moments presented accuracy superior to
99%. However, as it can be seen in Table 2, db5 and
symb wavelets also achieve such precision. For the F3,
and F4, feature vectors, most wavelets achieved
accuracies above 99%, except for db7, which showed a
noticeable decrease. A general improvement is
observed for wavelets with fewer vanishing moments.
Nevertheless, wavelets with exactly six vanishing
moments (db6, sym6, and coif3) and those with only
one vanishing moment (Haar and gausl) did not
exceed 99% accuracy. The coif4 wavelet also exhibited
slightly =~ lower  performance  under  these
configurations.

From Table 2, it can be noted that gaus”
presents the better overall accuracy, 99.57%, using F4x
wavelet feature. However, it was also possible to
obtain a precision very close to gaus? (accuracy equal
to 99.43%), using F2, and db5, db9, gaus7 and gaus8
wavelets. It suggests that F2, wavelet feature extraction
is the most efficient for PQD classification, since it
implies more reduction in computational cost than F3,
and F4,.

In addition to the results presented in Table
2, a detailed statistical evaluation of the classifier
performance was conducted for the best-performing
wavelets. Table 3 summarizes the metrics extracted
directly from the results, including mean accuracy,
Kappa statistic, absolute and relative errors, and root
mean squared errors. The experiments were performed
using Cross-validation mode (10 folds) to ensure
reproducibility and robustness of the models. Except
for F1,, the proposed wavelet feature vectors achieved
accuracies greater than 99%, with Kappa values

between predicted and true classes. Mean absolute
errors (MAE) and Root Mean Squared Error (RMSE)
values were below 0.004 and 0.045, respectively, for the
best-performing wavelets (db5, gaus?, gaus8), showing
low variance and high reliability. The Relative
Absolute Error (RAE) and Root Relative Squared Error
(RRSE) (RAE < 1.6%, RRSE < 13%) further confirm
model consistency.

Reported execution times were negligible
(less than 1 second per model on the test platform).
Paired t-tests (p > 0.05) indicate no statistically
significant difference among the top three wavelets
(db5, gaus?, gaus8), corroborating the robustness of
the approach. In summary, the inclusion of statistical
indicators, cross-validation, and parameter sensitivity
confirms the stability and generalization capability of
the proposed wavelet-based feature extraction
methodology.

4.3 Performance comparisons

Table 4 compares the proposed method (db5
with F2x) against four prior FWT-based approaches
(Abdel-Galil et al., 2004; He and Starzyk, 2006; Uyara
et al., 2008; Markovska and Taskovski, 2018). Both per-
class and overall accuracies are reported. The proposed
CWT-based feature extraction attains higher overall
accuracy (99.43%) than the compared methods and
superior or comparable per-class accuracies across
most disturbance types. Figure 5 shows the
performance comparison charts from the results in
Table 4.

Decomposition depth influences computational
cost: deeper decompositions require more operations.
For example, Abdel-Galil et al. (2004) used Haar
wavelets with 11 decomposition levels, while He and
Starzyk and Uyara et al. used fewer levels. In contrast,
the proposed approach attains high accuracy using
only two selected CWT scales, resulting in a
substantially smaller feature vector. Thus, the
proposed wavelet feature vector has a smaller size
than those presented in the compared works.

exceeding 0.99, indicating excellent agreement
Table 3. Statistical results for the best-performing wavelets
Mean
Feature RAE RRSE
Wavelet Vector Acc(l;r)acy Kappa MAE RMSE %) (%)
Meyer Fl1 71.79 0.6708 0.0888 0.2107 36.26 60.22
db5 F24 99.64 0.9958 0.0020 0.0317 0.82 9.05

gaus?’ F24 99.29 09917 0.0039 0.0439 158 1255
gaus8 F24 99.43 09933 0.0031 0.0396 128 11.32
gaus?’ F3« 99.64 0.9958 0.0020 0.0315 0.81 899
gaus?’ Fax 99.64 0.9958 0.0020 0.0315 0.81 899
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Table 4. Performance comparison of correct classification results in terms of percentage. Bold values indicate the highest accuracy for each
method and disturbance type.

PQ Method 1 Method 2: Method 3: Method 4: Proposed
class Abdel-Galil et He and Uyaraetal, Markovska and Method
al., 2004 Starzyk, 2006 2008 Taskovski, 2018
C1 100 100 100 100 100
c2 97 100 96.50 94.50 100
C3 76.50 87 88 100 98.50
C4 90 80.50 85.50 100 98
C5 100 100 100 99 100
Co 98 100 100 100 99.50
c7 71.50 97 100 99 100
Overall 90.4 94.93 95.71 98.93 99.43

For FWT applications, the wavelet filter
length increases as the wavelet's number of vanishing
moments also increases. Wavelets with higher support
size imply more computational cost. Different wavelet
filters were also used in (He and Starzyk, 2006) and
(Uyara et al., 2008) to test the classification systems
performance. In (He and Starzyk, 2006), it was shown
that there is no statistically significant difference in PQ
classification performance for different wavelet filters.
Thus, in this case, Haar wavelet filter is best suited for
small computational cost. In (Uyara et al, 2008),
biorthogonal wavelet filters presented slightly better
accuracy than db4. Nevertheless, authors indicated
db4 or db5 wavelet filters since they also have
advantages in terms of computational cost. Daubechies
wavelet filters were also used in (Markovska and
Taskovski, 2018). As seen in Table 2, among the
wavelets with best results, db5 and sym5 have fewer
vanishing moments and consequently smaller support
sizes. Therefore, according to smaller computational
cost and higher accuracy, db5 and sym5 wavelets are
more indicated to build the proposed wavelet feature
vector.

4.4. Classification results under different noise
conditions

To assess noise robustness, additive white
Gaussian noise was applied to the PQ signals at SNR
levels of 20, 30, 40 and 50 dB. Table 5 reports overall
accuracies for db5 and sym5 using the F2, feature;
results from Uyara et al. (2008) are included for
comparison. As expected, classification accuracy
increases with SNR: even at 20 dB, db5 and symb5
achieved accuracies above 96%. In (He and Starzyk,
2006), PQ noisy signals were also considered and the
classification accuracy was qualitatively presented. In
such paper, the accuracy varies from 90% to 94% for
SNR values from 20 dB to 50 dB.

Comparison of Classification Accuracy per Disturbance Class

Method 1
Method 2
. Method 3
Wethod 4

20 = Froposed Method

Classification Accuracy

75

70

65

B0

=] ca
Power Quality Disturbance Class

c1 =] Cs 3 cr

Figure 5. Comparison of classification accuracy per voltage
disturbance class among previously published methods and the
proposed approach

Table 5. Percentage of correct classification results from PQD under
different noise conditions. The highest values are highlighted in
bold.

Wavelet 20 dB 30dB 40dB 50dB
db5 96.36 99.07 99.07  99.50
symb 96.71 99.14 99.00 99.36
(Uyaraet al,,
2008) 89.92 91.85 93.64 95.14

Comparing the results from Tables 2 and 5 it
is noted that the results obtained from noisy signals
are very close to those presented for pure signals. For
20 dB noisy signals, the accuracy is superior to 96% for
db5 and sym5 wavelets, which is also greater than
those without noise shown in (Abdel-Galil et al., 2004;
He and Starzyk, 2006; Uyara et al., 2008). Therefore,
the proposed wavelet feature extraction has a robust
anti-noise performance and high classification success
in noisy condition can be still attained. Figures 6-(a)
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and 6-(b) show the two-dimensional projections for
wavelet feature F2, considering pure and noisy 20 dB
PQ signals, respectively. Note that, data are efficiently
separated using this wavelet feature even if noisy
signals are considered.

4.5. Classification results from different classifiers

To verify generality across classifiers, Bayes
Net (Koski and Noble, 2011), Multilayer Perceptron
(Haykin, 1998) with backpropagation (Bishop, 1995),
IBk (Aha et al.,, 1991), KStar (Cleary and Trigg, 1995)
and Random Forest (Breiman, 2001) were evaluated
using the db5 + F2, feature vector. Table 6 presents
classification accuracies for each classifier under noise
levels of none, 20, 30, 40 and 50 dB. Overall, instance-
based (IBk) and Random Forest classifiers produced
the highest accuracies, while Bayes Net and KStar
exhibited slightly lower performance in noisy
conditions. Thus, it is possible to verify that the
proposed wavelet feature method is also efficient
considering different classification systems. Table 7
reports confusion matrices for all classifiers at 20 dB
SNR (200 cases per class). The matrices indicate
dominant diagonal entries and limited off-diagonal
misclassifications, confirming robust discrimination
among the seven PQD classes under moderate noise.
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4.6. Discussion, limitations, and future directions

The proposed CWT-based feature extraction addresses
several gaps in PQD classification. First, it reconciles
high accuracy with low computational complexity by
using an extremely compact feature vector (two
dimensions in the F2, configuration), facilitating real-
time and embedded implementations. Second,
targeted scale selection decouples feature extraction
from FWT decomposition-level constraints and aligns
features with physically meaningful frequencies.
Third, the energy-based features yield interpretable
representations compared with many black-box deep-
learning methods.

Limitations should be acknowledged.
Classification performance may deteriorate for signals
with substantial frequency deviations outside the
predefined scales or for disturbances dominated by
non-harmonic components; in such cases, adding
scales or employing adaptive scale selection may
improve robustness. The method also assumes stable
sampling and accurate time synchronization, which
can be challenging in some field conditions.

Future work will investigate adaptive and
data-driven scale selection strategies, hardware-level
implementations for embedded monitoring, and
validation on field-acquired voltage data to confirm
practical performance.
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Figure 6. Two-dimensional projections for wavelet feature F2x. (a) pure signals. (b) noisy 20 dB PQ signals

Table 6. Correct classification results in terms of percentage considering different classification systems. The highest values are highlighted in

bold.
Classifiers no noise 20 dB 30dB 40 dB 50 dB
Bayes net 96.43 93.64 96.21 96.21 96.21
Multilayer perceptron 99.07 96.57 99.00 99.00 99.07
IBk 99.64 97.57 99.29 99.43 99.64
KStar 94.57 92.93 94.43 94.57 94.64
Random forest 99.64 97.71 99.64 99.36 99.64
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Table 7. Confusion matrices for all classifiers under 20 dB noise condition.

1 &2 a8 ¢4 G C 7
C1 195 2 3 0 0 0 0
c2 0 200 0 0 0 0 0
c3 0 0 157 25 0 0 18
Bayes net C4 0 0 4 183 0 0 13
c5 0 0 0 0 1% 3 1
Co 0 0 0 0 5 19% 0
c7 0 0 2 13 0 0 185
Overall 93.64%
1 &2 a8 ¢4 G C 7
c1 200 O 0 0 0 0 0
c2 3 197 0 0 0 0 0
. C3 2 0 18 12 0 0 0
ﬁ?ﬁ?ﬁfﬁi 4 0 0 4 18 0 0 1
c5 0 0 0 0 200 O 0
Co 0 0 0 0 2 198 0
Cc7 0 0 0 10 1 0 189
Overall 96.57%
c1 ¢2 a3 ¢ G C 7
c1 199 0 1 0 0 0 0
2 0 200 O 0 0 0 0
C3 0 0 189 11 0 0 0
IBk C4 0 0 13 187 0 0 1
c5 0 0 0 0 199 1 0
Co 0 0 0 0 2 198 0
c7 0 0 2 2 2 0 194
Overall 97.57%
C1 C2 B ¢4 G C 7
C1 200 O 0 0 0 0 0
C2 16 184 0 0 0 0 0
C3 14 0 159 27 0 0 0
KStar C4 0 0 1 19 0 0 1
c5 0 0 0 0 200 O 0
Co 0 0 0 0 11 189 0
c7 0 0 0 25 5 0 170
Overall 92.93%
c1 €2 G ¢4 G Co 7
C1 197 0 3 0 0 0 0
c2 0 200 0 0 0 0 0
C3 0 0 19 10 0 0 0
Random forest C4 0 0 10 190 O 0 1
c5 0 0 0 0 200 O 0
C6 0 0 0 0 1 19 0
c7 0 0 0 0 0 0 200
Overall 97.71%
CONCLUSION computational cost. Extensive evaluations across

This study proposed a compact and efficient
approach for classifying power-quality disturbances
based on the energy of CWT coefficients. The method
employs only two decomposition scales representing
the fundamental frequency and the first harmonic.
Using this two-dimensional feature vector, high
classification accuracy was achieved with very low

multiple mother wavelets and classifiers identified db5
and symb5 combined with the F2, feature as the most
effective  configurations,  achieving  accuracies
approaching 100% for both clean and noisy signals.
Comparative analysis with previously reported FWT-
based methods confirmed the superior performance
and robustness of the proposed technique, even under
20 dB noise conditions. These results indicate that the
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CWT-energy feature extraction provides a reliable and
interpretable alternative for automatic PQD detection
and classification in electric-power systems.
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