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ABSTRACT The detection and classification of power quality (PQ) disturbances remains a significant
challenge because of the rapid integration of renewable energy sources (RES), widespread use of power
electronics, and increasing prevalence of sensitive microcontrollers. These evolving PQ issues necessitate
the development of accurate and reliable methods for identifying and classifying PQ disturbances. In this
paper, we propose a novel model based on a deep convolutional neural network (DCNN) for the feature
extraction and classification of PQ disturbances. The architecture of the model was inspired by the visual
geometry group (VGG), which is known for its effectiveness in image processing. The extracted features are
highly suitable for both multi−class (MC) and multi−label (ML) classification tasks, effectively addressing
the complexity of PQ disturbance signals. The ML approach proved its excellence in the classification of
complex PQ disturbances. The performance of the model was rigorously evaluated using various metrics
across different scenarios, which demonstrated exceptional accuracy and robustness. The model was trained,
validated, and tested using synthetically generated data under different signal−to−noise ratio (SNR)
scenarios ensuring its effectiveness in practical applications.

INDEX TERMS Convolutional neural network, deep learning, multi-class classification, multi-label classi-
fication, power quality.

I. INTRODUCTION
The increasing number of renewable energy sources (RES)
in the electric grid and other factors such as the incorporation
of power electronics and nonlinear loads, have led to faster
development of the electrical grid, however such advances
pose major power quality (PQ) challenges that undermine
the stability and reliability of the power grid. Electric PQ
disturbances are distortions of the voltage or current caused
by any changes in amplitude, frequency or waveform to the
limits of PQ international standards [1], [2]. In particular, the
integration of RES contributes to various PQ disturbances
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such as sags, swells, interruptions, flicker, and harmonic
distortion [3], [4]. However, these PQ issues can arise from
multiple sources [5], underscoring the need for a real−time
monitoring system capable of effectively detecting, clas-
sifying, and addressing these disturbances. Currently, grid
stakeholders monitor PQ in real time, without automated
data analysis [6]. This approach is time consuming, and
large volumes of data are stored without efficient processing.
Therefore, the proposed solution should be characterized by
real−time identification with high performance in noisy envi-
ronments. The detection and classification of PQ disturbances
are generally performed in three steps: signal preprocessing,
feature extraction, and classification. Signal preprocess-
ing typically encompasses normalization, denoising, and
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phase correction to prepare a signal for accurate feature
extraction and classification. Noise and phase shifts signif-
icantly affect the accuracy of the proposed model [7], [8].
Commonly employed signal processing (SP) methods
include the wavelet transform (WT), Hilbert-Huang trans-
form (HHT), and s-transform (ST) [7], [8], [9], [10].
Although WT offers excellent time−frequency resolution
and is widely utilized, its performance deteriorates in noisy
environments. Although ST is efficient for feature extraction,
its high computational complexity makes it unsuitable for
real−time application. Classification is typically achieved
using machine learning as a support vector machine (SVM),
decision tree (DT), random forest (RF), artificial neural net-
works (ANN), etc. [11], [12], [13], [14], [15]. However,
despite their high efficiency, the performance of these clas-
sifiers primarily depends on the quality of the extracted
features. In recent years, deep learning (DL) has gained
popularity in PQ analysis owing to its success in com-
puter vision tasks. Researchers are increasingly using SP
techniques to convert one dimensional (1D) signals into
images, which are then fed into DL models for classifica-
tion [16], [17], [18]. Convolutional neural networks (CNN),
long short−term memory (LSTM) and gated recurrent unit
(GRU) have become particularly prominent in the detec-
tion and classification of PQ disturbances, to achieve a
high accuracy and reliability. In [19], a model based on a
1D CNN was proposed for the classification of 16 single
and complex PQ disturbances. In [20], an ensemble CNN
(ECNN) was introduced to classify PQ disturbances originat-
ing from and negatively affecting electric vehicle charging.
In [18] ST was employed to transform a 1D signal into
an image, which was then used as an input for the resid-
ual network (ResNet) and modified ResNet architectures
for feature extraction. In the modified ResNet, the channels
are split into groups, and separate convolutional filters are
applied to each group to decrease computational complexity.
A novel algorithm inspired by inception ResNet was pro-
posed in [21] and, demonstrated improved performance and
generalization. A five−layer modified inception−ResNet is
proposed for the classification of eight PQ disturbances.
This architecture accepts a 1D signal as input. The proposed
model achieves an accuracy of around 98%. Furthermore,
the model is tested for the classification of composite PQ
disturbances. However, it is not well explained how the pro-
posed architecture classifies composite disturbances when
the model has eight outputs and uses a softmax activation
function in the final fully connected layer (FC). In [22],
an auto−encoder was proposed for the classification of
images and location detection of PQ disturbances. In [23],
a CNN−GRU based network was proposed for the classifica-
tion of seven PQ disturbances, achieving an accuracy of 98%.
The input to the proposed network is a two−dimensional
(2D) scalogram generated using short−time Fourier trans-
form (STFT). Furthermore, this study provides the number of
parameters for the most popular DL architectures. This infor-
mation highlights why these models cannot be used without

modifications for real−time application. In [24] a modified
visual geometry group (VGG) architecture was proposed to
classify and measure the duration of PQ disturbances. This
study compared the performance of the model to that of Dark-
Net, AlexNet, ResNet, and VGG-16, demonstrating that the
modified VGG outperforms these models. PQ disturbances
are typically transformed into 2D signals and analyzed using
deep neural networks for feature extraction and classification.
In our study, we focus on preserving the 1D nature of the
signal and utilizing a model capable of accurately classi-
fying disturbances. This approach ensures that the system
maintains the original signal structure, which is critical for
the efficient implementation of hardware designed to operate
in real−time. In [25], a comprehensive review of the DL
algorithms used in PQ was presented. The authors high-
lighted several gaps in the field, such as models being treated
as black boxes, scarcity of real datasets, and challenges in
data labeling. This challenge is addressed by implementing
a multi−label (ML) classification designed to identify and
analyze multiple co-occurring disturbances simultaneously.
This approach enhanced the detection process by enabling the
algorithm to capture overlapping patterns, thereby improv-
ing the overall robustness and accuracy of the classification
system. Furthermore, multi−class (MC) classification is
explored and compared with the ML approach. This will
ensure a deeper understanding of PQ issues, which will def-
initely help in devising more effective mitigation strategies
and hence improving system reliability. In this study, we pro-
posed a CNN−based model for detecting and classifying
complex PQ disturbances. This problem was approached as
a MC and ML classification challenge. The key contribution
of this study are as follows:

1) Proposal of a framework based on CNNs for relevant
feature extraction, that successfully characterizes PQ
disturbances. This framework effectively captures the
essential features of disturbances, thereby enabling a
more accurate detection and classification.

2) Framework suitable for both MC and ML classifi-
cation. This framework ensures robust and relevant
feature extraction, making it adaptable to different clas-
sification tasks for the detection and classification of
PQ disturbances. High accuracy in the classification of
complex disturbances using both approaches.

3) The ML classification approach was the most effec-
tive method for detecting and classifying PQ dis-
turbances. Through our experiments, we proved that
ML classification outperformed the MC classification,
particularly in distinguishing specific disturbances,
by focusing on individual disturbances rather than their
combinations.

The remainder of this paper is organized as follows. The
second section explains the building blocks of the proposed
architecture for feature extraction and classification, address-
ing MC and ML approaches. In the third section, we describe
both approaches in detail, focusing on highlighting the
differences in their classifications strategies.
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FIGURE 1. Architecture of proposed model.

Appropriate evaluation metrics are introduced in this
section. The subsequent section presents the results obtained
for various scenarios, along with a comprehensive compari-
son of the performance of each approach. Finally, the findings
of the study are summarized, and conclusions are drawn in the
final section.

II. DCNN ARCHITECTURE
Feature extraction plays a crucial role in the accuracy of PQ
disturbance detection and classification. DL techniques sim-
plify this process by enabling automated feature extraction,
seamlessly combining it with classification, and by providing
strong noise resistance. These qualities render DL particu-
larly suitable for PQ applications [26]. Inspired by computer
vision architectures, CNN are the most commonly used neu-
ral networks for this task. Typically, using WT and ST,
disturbances are transformed into 2D data allowing models
such as VGG, Inception, and CNN to handle feature extrac-
tion and classification [27]. In this study, we propose a deep
CNN (DCNN) architecture inspired by VGG, which demon-
strates that increasing network depth can positively impact
classification accuracy and enhance performance across a
variety of tasks and datasets [28]. Furthermore, the proposed
architecture is designed to be implementable on hardware,
enabling real−time operation for practical applications. The
VGG-16 contains 16 layers with small 3 × 3 filters. In the
proposed architecture, the number of layers was reduced to
nine, and the kernel size was set to be 7× 1. The architecture
is illustrated in Fig. 1. The input to the DCNNwas a 1D signal
with a length of 1280. The signal was passed through several
CNN layers, where the kernel size for all layers was set to
7 × 1, and the number of filters was 64, 128 and 256 for
the first, second, and third blocks of the stacked CNN layers,
respectively. In the CNN operations, the input undergoes
convolution with a 7×1filter. The convolution was calculated
using the following equation:

x [n] ∗ g [n] =

∑∞

m=−∞
x [m] g[n− m] (1)

where x [n] is the input signal, g [n] is the filter with which
is made convolution and m denotes shifting. Initially, when
the first seven points of x [m] are multiplied by g [−m] and
summed, the filter is shifted to the right for n position and
then with the appropriate points the convolution is calculated.
The stride was set to be 1 and there was no zero padding. The
weights of these filters are updated during training through
backpropagation, which combines the feature extraction and
classification.Weight updates are based on the gradient of the
loss function, which is calculated in a way that minimizes this
function. The output of each CNN layer was passed through
an activation function. In our architecture, we primarily used
a rectified linear unit (ReLU), which is known for its simplic-
ity and efficiency. This was computed as follows:

f (x) = max(0, x) (2)

The first two blocks are followed by a max−pooling layer
with a pool size of 2. Pooling involves downsampling and
helps prevent overfitting while reducing the complexity of the
model. Max-pooling returns the maximum value within each
window. For a 1D vector, the output vector fp (i) is calculated
using the following equation:

fp (i) = max
x∈R(i)

f (x) (3)

where R(i) is the pooling window of the input signal corre-
sponding to the i-th output value.After the third CNN block,
dropout was applied with a drop rate of 0.5, which is a reg-
ularization technique used to avoid overfitting by randomly
excluding some neurons during training. The classification
was performed using FC layers. In the FC layer, each neuron
is connected to all neurons in the preceding layer and the
first FC combines all the extracted features from the previ-
ous layers. An exponential linear unit (ELU) is used as an
activation function that allows negative values. The ELU is
defined using the following equation:

f (x) =

{
x, x > 0
α (exp (x) − 1) , x ≤ 0

(4)
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TABLE 1. Disturbances with corresponding labels and mathematical models.

where α is a parameter that controls the value for negative
inputs. The last FC differs between the two approaches in
terms of the number of neurons and activation function.

The output layer is a 1D vector, where each element
represents the probability that the input belongs to a

particular class or label. The length of this vector depends
on whether the approach is for MC or ML classification.
In Fig. 2, the block diagram of the proposed system is illus-
trated emphasizing the input and output components of the
model.
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FIGURE 2. Block diagram of proposed framework for detection and
classification of PQ disturbances.

III. MULTI− CLASS AND MULTI−LABEL CLASSIFICATION:
STRATEGIES AND EVALUATION METRICS
The detection and classification of PQ disturbances using
DL techniques shows great potential. In [25], a review
of the latest DL applications and gaps in PQ disturbance
classification was presented. This review highlights several
challenges, including lack of novelty, insufficiently explained
methods and experiments, reliance on synthetic data, and
improper labeling of classes. Although labeling is straight-
forward with synthetically generated data, it often does not
align with real−world scenarios, where labeling should be
identical. This discrepancy creates issues because real PQ
measurements are limited, thereby restricting the ability to
accurately combine and analyze disturbances. Disturbances,
such as sags, swells, harmonics, flicker, and oscillatory
transients can interact and occur simultaneously, resulting
in more complex waveform that are difficult to classify,
thereby making the entire process more challenging. The
mathematical models of the individual and complex dis-
turbances used in our work, are presented in Table 1, and
their waveforms are shown in Fig. 3. It is important that
the features extracted from these images are distinguishable
between the classes. To visualize the extracted features from
the FC layer, we used the T-distributed Stochastic Neighbor
Embedding (t-SNE) tool, which reduces the dimensionality
of high−dimensional data [29]. The visual representation
of the extracted features for the nine individual PQ distur-
bances, presented in TABLE 1, is shown in Fig. 4. Notably,
they are well−separated with no overlap, indicating that the
proposed model effectively extracts features specific to each
class, thereby facilitating the classification process. At visual
representation of the extracted features for the complex dis-
turbances is shown in Fig. 5. Unlike Fig. 4, Fig.5 displays
some overlap between classes. Overlapping occurs between
classes that share common individual disturbances. This
observation raises the question ofwhether theMC approach is
an appropriate option for labeling and classifying PQ distur-
bances. There is ongoing discussion in the literature regarding
the most appropriate approach for classifying samples that
belong to multiple disturbance categories simultaneously.
Most studies considered a combination of disturbances as an
MC problem. However, this issue can also be addressed by
ML classification, where multiple disturbances are assigned
to a single instance. To the best of our knowledge, only a few
studies have applied ML classification to the PQ field [30],
[31], [32], [33]. Some frameworks [32], have also considered

label correlation, which is important when dealing with a
combination of disturbances. In our research we address the
problem of both MC and ML classifications. The feature
extraction component of theDCNN remains the same for both
approaches, with the classification layer adapted specifically
for either MC or ML classification.

A. MULTICLASS CLASSIFICATION
MC classification transforms the ML problem, such that
each unique set of labels is treated as a separate class. The
output is represented by a binary vector where each element
corresponds to a class, and only one element is set to ‘1’
to indicate the true class, while others are set to ‘0’. This
approach is suitable when the label sets are determined based
on real−world cases, and its advantage lies in capturing the
relationships between the labels. However, a key drawback
of MC is that it cannot handle unseen label combinations
because it only considers label sets observed during training.

The analysis includes 21 scenarios of both isolated and
combined disturbances, as reported in previous studies [7]
and [34]. A FC layer with 21 neurons was used to classify
21 classes. Softmax is used to calculate the probability that
an instance belongs to each class, where the sum of all the
probabilities across classes is equal to one. The softmax
function is calculated as follows:

Softmax(zi) =
ezi∑C
j=1 e

zj
(5)

where zi represents the raw score of the neuron in the final
output before the activation function is applied. When ziis
passed through the softmax function, it becomes a probability.
For the MC classification experiment, the model output was
a 1D vector of length 21, where each element represented the
probability of the input belonging to a particular class. In this
approach, the input can belong to only one class, with the
highest probability.

Categorical cross−entropy (CCE) is employed as a loss
function in this architecture. It measures the difference
between the true class label yi and predicted probability dis-
tribution ŷi across all classes. The CCE was calculated using
the following equation:

CCE = −

∑N

i=1
yi log ŷi (6)

1) EVALUATION METRICS
In MC classification, the most commonly used evaluation
metrics are the accuracy, precision, recall, and F1 score. They
are calculated using the counts of true positives (TP), false
positives (FP) and false negatives (FN). Accuracy measures
the ratio of all correctly predicted samples to the total number
of samples.

Accuracy =
TP
ALL

(7)

Precision calculates the ratio of correctly predicted
instances for a given class to all instances predicted to belong
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FIGURE 3. Waveforms of individual and complex PQ disturbances.

FIGURE 4. Visual representation of extracted features of individual PQ
dis-turbances.

to that class.

Precision =
TP

TP+ FP
(8)

Recall calculates the ratio of correctly predictions out of all
actual positive instances.

Recall =
TP

TP+ FN
(9)

F1 − score calculates the harmonic mean between recall and
precision.

F1 − score = 2
Precision · Recall
Precision+ Recall

(10)

FIGURE 5. Visual representation of extracted features of individual
complex disturbances.

B. MULTI-LABEL CLASSIFICATION
When the problem is treated as a ML classification task,
we consider nine labels: pure, sag, swell, interruption, impul-
sive transient, oscillatory transient, harmonics, flicker, and
notch. The target variables were represented by a binary
vector, where the length corresponded to the total number of
labels. Unlike the MC classification, where one−hot encod-
ing is used, multi−hot encoding is applied here. This allows
multiple ‘1’ in the binary vector, indicating the presence
of multiple labels. This approach enables the representation
of all possible combinations of the nine labels, addressing
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a gap in the literature related to real measurements of PQ
disturbances, including how frequently they occur, and which
combinations are most common.

A FC layer was employed to classify the labels. The
sigmoid function σ (x), was used as the activation function
which calculated the probability for each disturbance inde-
pendently, producing values between 0 and 1. The sigmoid
function is represented as:

σ (z) =
1

1 + e−z
(11)

In summary, for the ML classification experiment, the model
output is a 1D vector of length nine, where each element rep-
resents the probability of the presence of the corresponding
label. The output layer used a sigmoid activation function that
independently which produced probabilities for each label.

Binary cross−entropy (BCE) is a loss function used to
calculate the error between real and predicted values in the
binary classification problem. In ML classification, BCE is
applied across all labels, summing the loss for each label and
focusing on minimizing this total loss during training. BCE
loss was calculated using the following equation:

BCE = −
1
N

∑N

i=1

[
yi log (ŷi) + (1 + yi) log (1 − ŷi)

]
(12)

where,
• N is the number of instances
• yi is the set of true values for the i-th instance
• ŷi is predicted probability for the i-th instance

This equation calculates the loss for each label and sums the
total loss across the labels to guide model optimization.

1) EVALUATION METRICS
In ML classification, where the target vector is represented
using multi−hot encoding, the evaluation metrics differ from
those used in the MC classification. Based on [30] and [35],
several evaluation metrics were used in this study. One of the
key metrics is the Hamming loss (HL), which calculates the
difference between predicted and real values by measuring
the fraction of misclassified labels. This is one of the most
commonly used metrics for ML classification. HL was cal-
culated using the following equation:

HL =
1

N · L

N∑
i=1

L∑
j=0

1(yij ̸= ŷij) (13)

where
• L is the total number of labels
• 1(yij = ŷij) is an indicator function that has a value of
1 when the predicted labels ŷ differ from the true labels
yi

To provide a clearer understanding of the performance of
the proposed model, the HL for each label was calculated
using (13).

HL j =
1
N

∑N

i=1
1(yij ̸= ŷij) (14)

Subset accuracy or exact match ratio measures the proportion
of samples in which all labels are predicted exactly as the true
set of labels.

Subset Accuracy =
1
N

N∑
i=1

1(yi = ŷi) (15)

This metric is useful when an exact set of labels is important
for the problem. One drawback of this metric is that it is
sensitive to class imbalances.

However, it is important to calculate the accuracy of each
label. That can be calculated using the following equation:

Accj =
1
N

∑N

i=1
1(yij = ŷij) (16)

Ranking loss (RL) calculates the average error of the label
order.

RL =
1
N

∑N

i=1

1∣∣y+i ∣∣ ∣∣Y−

i

∣∣ ∑
y+∈Y+

i

∑
y−∈Y+

i
1

(
ŷ+i ≤ ŷ−i

)
(17)

One error (OE) refers to the probability that a top−ranked
label is incorrect.

OE =
1
N

∑N

i=1
1

(
argmax

y∈L
ŷi /∈ y+i

)
(18)

where
• y+i is the set of relevant labels for the ith instance
• y−i is the set of irrelevant labels for the ith instance
• ŷi is the predicted score for ith instance
• 1

(
ŷ+i ≤ ŷ−i

)
is an indicator function that equals one if

the score of the relevant labels is lower than or equal to
the score of irrelevant labels.

The micro−evaluation metrics calculate the precision, recall,
and F1 score using the total counts of TP, FP, and FN. Micro
metrics are suitable when data are unbalanced.

Precisonmicro =

∑
TP∑

TP+ FP
(19)

Recallmicro =

∑
TP∑

TP+ FN
(20)

F1 − scoremicro = 2
Precisonmicro · Recallmicro
Precisonmicro + Recallmicro

(21)

IV. RESULTS
A synthetically generated dataset is used to train and eval-
uate the performance of the model. The dataset contains
42000 synthetically generated signals created using the
mathematical models described in [36]. These signals were
further modified by adding Gaussian noise and applying
phase shift. Out of the total signals, 18000 contain a single
disturbance, 12000 signals contain combination of two dis-
turbance, 8000 have three disturbances and 4000 contain four
disturbances.

In this study, a DCNN is proposed for the classification
of PQ disturbances. All signals had a frequency of 50 Hz
and were sampled at fs = 6400Hz, they were 10 periods
long. The dataset is divided into three subsets: training (70%),
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validation(10%) and testing (20%). The models were vali-
dated in both noiseless and noisy environments, where the
signal−to−noise ratio (SNR) were 20 dB, 30 dB, 40 dB, and
50 dB, as well as in a mixed SNR scenario. Two different
approaches are considered for labeling PQ deviation, MC and
ML classification. The learning curves for the training and
validation datasets are shown in Fig.6. It is evident from
these curves that the accuracy of the model converges with
no indication of overfitting. The training speed depends on
the learning rate. If the learning rate is high, the training
is fast, however, the accuracy and loss fluctuate, and the
model may not converge. Conversely, with a low learning
rate, the training process is slow, and the function tends to
converge, however, the model risks overfitting. The learning
rate was set to 0.0003 and the Adam optimizer was used.
As shown in Fig. 6, the learning curves for the DCNN model
during the training and validation sets indicate that the chosen
learning rate was appropriate. There were no fluctuations,
and the curves converged rapidly. Moreover, the validation
curve closely followed the training curve with no signs of
overfitting. An early stopping technique was applied to halt
the training process when no improvement in the loss function
was observed for five epochs.

FIGURE 6. Accuracy curve for training and validation dataset through
training.

In TABLE 2, the archived accuracy for different levels of
noise is presented. When the SNR was 20 dB, the accuracy
reached is 91.4 %, with misclassifications primary occurring
for pure sine and impulsive transients, as expected. When
the data consist of a mix of noiseless signals and signals
with added noise, where the SNR ranges from 30−50 dB,
the achieved accuracy increases to 98.03%. Additionally,
TABLE 2 includes results from classification models inte-
grated into the block architecture proposed in [31], allowing
for a comparison of performance across different model
configurations. In TABLE 3, three additional evaluation
metrics: precision, recall and F1 score are provided to offer
a detailed view of the model’s performance. These metrics
were calculated for the mixed dataset. These results indi-
cate that the model performed exceptionally well. However,

TABLE 2. MC classification accuracy [%].

TABLE 3. Model performance across classes.

misclassification primarily occurs between pure sine and
impulsive transients owing to the high level of added noise.
It is notable, 90% of signals classified as pure sine are indeed
pure sine, with the remainder belonging to the impulsive
transient class. Additionally, 97% of all pure sine signals
were correctly classified, while 92%of signals with impulsive
transient were accurately classified. The proposed model also
demonstrated a high accuracy when classifying signals with a
combination of multiple disturbances. This observation indi-
cates that the model detects and classifies PQ disturbances,
making it highly suitable for scenarios in which possible
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TABLE 4. Accuracy and Hamming loss calculated for each label at different SNR level.

combinations of disturbances arewell understood. The results
achieved when classification is treated as ML problem are
presented in TABLE 4, TABLE 5, and TABLE 6, respectively.
In TABLE 4, the accuracy and HL for each label in ML clas-
sification were calculated independently for different SNR.
The presented results indicate that the accuracy is predomi-
nantly above 98%, except for pure and transient disturbances
in high−noise environments. These results highlight the
remarkable performance of the proposed model on each
label.

In TABLE 5, the values for accuracy, HL, RL, and OE for
the models used in the ML classification are presented. The
ResNet18 model was not included in the table because its
performance was unacceptable, with an accuracy below 50%.
From the results, it is evident that the proposedmodel exhibits
an excellent performance in ML classification. The model
achieved 98.5% accuracy in predicting the correct label set
for mixed dataset. Although ResNET performs better than
Inception−GRU, its performance decreases in noisy envi-
ronments, therby highlighting the robustness and superior
performance of the proposed architecture. In TABLE 6, the
results for micro precision, micro recall and micro F1 scores
are presented for the mixed dataset. Because the dataset was
imbalanced, with the number of instances for sag and swells
being dominant, the evaluation metrics were chosen to accu-
rately reflect the overall performance. The micro−metrics
confirm the outstanding performance of the proposed model,
especially in handling imbalanced data.

The receiver operating characteristic (ROC) curve is typi-
cally used in binary classifiers, but it can also be applied to
ML classification. The ROC curve illustrates the trade−off
between the true positive rate (recall) and false positive rate
(FTP). The quality of the classifier is represented by the
area under the curve (AUC), with the best possible ROC
curve having an AUC close to 1. The ROC curves for each
class are shown in Fig. 7. The model demonstrated excel-
lent performance, with the AUC for each class being close
to 1. Specifically, for the impulsive transient, the AUC was

TABLE 5. Performance of different model.

0.99. Considering all the evaluation metrics discussed, it is
clear that the proposed DCNN model performs well in ML
classification of PQ disturbances.
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TABLE 6. Performance of proposed architecture.

FIGURE 7. ROC curve for each class.

TABLE 7. Training model performance.

The training model parameters are listed in TABLE 7. The
total number of parameters is approximately 10 million. For
comparison, VGG-16 has approximately 138 million param-
eters, ResNet-50 has around 20 million parameters, while
ResNet-100 has approximately 40 million parameters. The
training time for the proposed model was 116.1 minutes on a
central processing unit.

V. CONCLUSION
In this study, a DCNN architecture was proposed for the clas-
sification of complex PQ disturbances. The features extracted
by this architecture are highly discriminative, significantly
enhancing the classification performance.

These features are suitable for both MC andML classifica-
tion approaches. The results demonstrated excellent accuracy
in both MC andML classifications across various conditions.

The model was evaluated on phase−shifted signals with an
SNR ranging from 20 dB to 50 dB, proving its robustness in
noisy environments. An important conclusion from the results
is that the ML classification approach outperforms the MC
approach for classifying complex PQ disturbances.

Furthermore, the performance of the model surpassed
that of other state−of−the−art models for PQ disturbance

classification. Future work will focus on reducing computa-
tional costs and implementing themodel on hardware suitable
for real−time applications.
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