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Early and accurate fault detection in electrical power grids is a very essential research area because of its positive influence on
network stability and customer satisfaction. Although many electrical fault detection techniques have been introduced during the
past decade, the existence of an effective and robust fault detection system is still rare in real-world applications. Moreover, one of
the main challenges that delays the progress in this direction is the severe lack of reliable data for system validation.'erefore, this
paper proposes a novel anomaly-based electrical fault detection system which is consistent with the concept of faults in the
electrical power grids. It benefits from two phases prior to training phase, namely, data preprocessing and pretraining. While the
data preprocessing phase executes all elementary operations on the raw data, the pretraining phase selects the optimal
hyperparameters of the model using a particle swarm optimization (PSO)-based algorithm. Furthermore, the one-class support
vector machines (OC-SVMs) and the principal component analysis (PCA) anomaly-based detection models are exploited to
validate the proposed system on the VSB dataset which is a modern and realistic electrical fault detection dataset. Finally, the
results are thoroughly discussed using several quantitative and statistical analyses. 'e experimental results confirm the ef-
fectiveness of the proposed system in improving the detection of electrical faults.

1. Introduction

Nowadays, there is a rapid growth in the electrical power
grids in terms of size and complexity [1]. 'is growth in-
cludes all sectors of electrical power industry starting from
generation to transmission and distribution [2]. One of the
conventional problems encountered in the electrical power
system is the sudden occurrence of electrical faults across
transmission or distribution lines [3]. An electrical fault is
deemed to be an abnormal change in current and voltage
values, that is, higher values of current and voltage than
those commonly expected to be under normal operating
conditions. 'is deviation of voltage and current from
nominal states is caused by human errors, environmental
conditions, and equipment failures [4]. Furthermore, when
an electrical fault occurs, it imposes excessively high current
to flow across the network that may cause damage to devices
and equipment [5]. 'erefore, an early and accurate fault

detection is pivotal to prevent equipment damage, service
interruption, and loss of human and animal lives [6].

Although electrical fault detection systems based on
binary classification have been extensively researched during
the last decade [7], it was reported that there is a research gap
in this domain including the automation and validation of
the system [8]. Hence, there is a dire need for an intelligent
system that acts efficiently in the real-world power systems.

'e anomaly detection in machine learning refers to a
special class of detection methods that seeks to identify
anomalous samples or events in a dataset [9]. Basically,
anomalies (also named outliers) are extremely different from
the expected pattern of a dataset, and they are quantitatively
scarce compared to the majority (normal) of samples [10].
Likewise, electrical faults rarely occur in real-world power
systems (less than 5%) while the rest of the signals are
normal [11]. 'erefore, employing anomaly detection will fit
the electrical fault detection problem instead of using the
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conventional binary classification where there is a need of
enough amount of faulty signals in the dataset to prevent the
binary classifier from biasing to the “normal” class [12]. 'e
anomaly-based detection models are being trained on the
normal samples exclusively in such a way that these models
can discover the normal behaviour of data. 'en, they can
detect any unseen data which deviate from the preserved
behaviour [13, 14].

'e aims and contributions of this research are threefold,
as follows.

(i) An anomaly-based detection system is suggested to
reveal electrical faults as they occur in the electrical
power grids.

(ii) To enhance detection of electrical faults, two pre-
liminary phases are introduced just before the
training phase.

(iii) 'e VSB dataset is utilized to validate two anomaly-
based detection models leveraged from the pro-
posed technique.

'e rest of this paper is organized as follows. A list of
related works in the domain of electrical fault detection is
introduced in Section 2. Section 3 describes the main
characteristics of the VSB dataset. In Section 4, the proposed
anomaly-based detection system is explained in detail with a
brief description of each of the used models. 'en, Section 5
presents which evaluation metrics are used along with their
formulas, and the experimental results are also given. 'e
obtained results are discussed and the proposed system is
validated using various analytical and statistical aspects in
Section 6. In Section 7, the conclusion of the study is drawn.

2. Literature Review

In the open literature, dozens of studies had been published
in the area of electrical fault detection and classification. 'e
artificial neural network (ANN) classifier has been utilized in
many previous studies for fault detection. For instance, Jamil
et al. tested an ANN model for three-phase power line fault
detection and classification [15].'ey used simulated data in
MATLAB and obtained good results. Similarly, several ANN
models with different structures were introduced to detect
electrical faults on simulated dataset [16]. In [17], an ANN
model was exploited to classify and detect electrical faults in
simulated six-phase transmission line. Atul and Navita
simulated a double-circuit transmission line usingMATLAB
and applied an ANN classifier on their simulated data for the
purpose of fault detection and classification [18]. 'e fault
detection and fault location in extra high voltage (EHV)
environments were investigated using an ANN model and
simulated dataset [19]. In [20], electrical faults in simulated
transmission line were detected and classified using an ANN
model. A simulation of the Nigerian power system using
MATLAB was introduced in [21, 22]. 'en, they used the
simulated data for fault detection, fault classification, and
fault location using an ANN model. Different ANN archi-
tectures with the backpropagation (BP) technique were
proposed for both fault detection and classification [23, 24].

'ree variations of the ANN model, which are the
adaptive network fuzzy inference system (ANFIS), proba-
bilistic neural network (PNN), and generalized regression
neural network (GRNN), were utilized for three different
tasks, namely, fault detection, fault classification, and fault
location [25]. 'e proposed models were trained and tested
using simulated dataset in Simulink. Ekici et al. extended the
former study by using the PNNmodel to classify faults while
they used the resilient propagation (RPROP) technique to
identify the location of faults [26].

In [27], the prediction of fault occurrence and fault
location using the concurrent fuzzy logic (CFL) was
employed on data of different cases of simulated trans-
mission lines. A novel technique for detecting fault locations
in simulated transmission line was introduced in [28]. 'e
frequency transformations, such as the wavelet transform,
were also used for fault detection. Koley et al. suggested a
hybrid technique for fault classification, fault location, and
fault detection tasks [29]. 'e suggested technique in the
former study exploited the wavelet transform along with the
modular ANNmodel to accomplish these tasks in simulated
six-phase transmission lines. In [30], Wani et al. investigated
the effectiveness of using the wavelet transform and different
ANN architectures on simulated data to detect and classify
faults as well as to identify their locations.

Another widely used machine learning method for fault
detection is the support vector machine (SVM). For ex-
ample, three SVM models with different kernel functions
were used to detect faults using simulated data [31]. It was
reported in the former study that the SVM model based on
the Gaussian radial basis kernel function (RBF) was superior
to other SVM models. Singh et al. performed fault detection
and fault classification using a SVM classifier [32]. 'ey also
simulated a 3-phase transmission line in MATLAB frame-
work and exploited the simulated data to validate their SVM
model. In [33], a novel method using the SVM model was
developed in order to detect faults and their type and lo-
cation in simulated transmission lines.

In a similar study [34], a new seasonal and trend de-
composition using loess (STL) method was proposed, and a
SVM model with the RBF kernel was utilized to recognize
partial discharge (PD) activities. 'ey trained and tested
their model on the VSB dataset [35]. 'ey obtained a recall
value of 88% of actual PD signals. A unique anomaly-based
fault detection technique is proposed and investigated by
using the OC-SVM and PCA anomaly-based models [36].
'e two models are validated on the VSB dataset and gained
a good performance with accuracy of 80%.

To put all together, most of aforementioned studies in the
area of electrical fault detection suffer from the following two
shortcomings. (i) 'ey mainly depended on the binary clas-
sification-based methods to detect faults in transmission lines,
which is inappropriate in the case of electrical faults since the
electrical faults are rare in reality [36]. (ii) 'ey exploited
simulated datasets to validate their proposed techniques, which
cannot accurately represent the actual pattern of electrical faults
in real-world power systems [3, 6–8]. 'erefore, proposing an
enhanced anomaly-based electrical fault detection system that
is based on real-time data is still very desirable.

2 International Transactions on Electrical Energy Systems



3. VSB Dataset

'e VSB (Technical University of Ostrava) dataset is a
modern dataset which was published online in Kaggle
Competition website in 2018 [35]. In addition to that, it is a
realistic fault detection dataset because it was created by the
ENET Center at Technical University of Ostrava using a new
device for capturing electrical signals passed through real
power lines [37]. Regarding structure of the VSB dataset, it
has 8712 samples, and each sample is merely an electrical
signal that has 800,000 voltage measurements stored as in-
teger values. 'ese signals are captured from a real 3-phase
electrical power grid that operates at 50Hz, and all signals are
recorded over a single complete grid cycle (20 milliseconds).

Furthermore, there is a feature, named “Class,” in the
VSB dataset that determines the type of each signal, i.e.,
“normal” and “faulty” classes are labeled as “0” and “1,”
respectively. On the other hand, the majority of samples in
the VSB dataset belong to normal signals (8187 samples),
while the rest (525 samples) are faulty signals. 'is severe
defect between the number of normal and faulty samples in
the VSB dataset may lead to poor classification results be-
cause the classifiers will bias to the majority class (“normal”).
Hence, employing anomaly-based detection models is in-
evitable with such an imbalanced dataset.

4. Methodology and Models

'e proposed system seeks to recognize anomalous patterns in
the electrical power line’s voltage signals. Since anomaly-based
detection models cannot deal with an electrical signal in its raw
form, the input signal has to undergo a preprocessing phase
where voltage measurements of the signal are filtered from
noise and decomposed into chunks. Afterwards, a feature
extraction process is executed to characterize the pattern of
voltage measurements, and then these features are put into a
data record and normalized. 'ese data records of the input
signals are used along with a PSO-based algorithm in the
pretraining phase to determine the optimal hyperparameter
vector of the selected anomaly-based detection model which
fits the used model with underlying fault detection task.
'ereafter, the optimized anomaly-based detection model is
trained on data records of the normal signals which help the
used model to build precisely a profile for the normal signals.
Finally, the trained anomaly-based fault detectionmodel will be
ready to detect any faulty signals from the normal signals.
Figure 1 shows the mechanism of the proposed anomaly-based
electrical fault detection system. In the next sections, the
methodology of executing our empirical experiments which
accomplishes the aforementioned proposed system and a brief
description of anomaly-based detection models are explained
in detail.

4.1. Methodology. Our methodology is developed to be
evident and uncomplicated. It comprises four successive
phases, namely, data preprocessing, pretraining, training,
and testing. 'ese phases are elaborated in the following
sections. Figure 2 depicts the diagram of our methodology.

4.1.1. Data Preprocessing Phase. As the name of this phase
may imply, it performs all elementary operations on the
samples of the VSB dataset. It is very vital because it prepares
data for modeling and analyzing by the used anomaly-based
fault detection models. Five successive operations are ap-
plied on the VSB dataset in this phase: signal denoising,
signal decomposition, feature extraction, data normaliza-
tion, and dataset splitting, as follows.

(1) Signal Denoising. Generally, machine learning specialists
or scientists concern with applying machine learning
methods or algorithms on the dataset instead of collecting
samples or observations. 'us, they consider the collected
data as a ready-for-use dataset and no further work is re-
quired. Unfortunately, this is not correct most of the time
because usually the collected data are dirty, that is, con-
taining a noise. 'ere are several causes of noise existence in
the collected data such as failure of themeasurement devices,
unexpected event, or casual environmental conditions. In-
deed, there is no way to prevent capturing noise during data
collecting process. In front of this fact, there is no option
rather than accepting the existence of noise in the collected
data. On the contrary, using dirty data to train models has a
serious downside regarding the quality of data modeling and
analyzing. 'is can be explained by the fact that all the
descriptive statistics of the collected data such as the mean
and standard deviation are sensitive to noise which can cause
tests to either miss significant findings or distort real results.
'erefore, the most effective solution in this case is filtering
data from the noise [38].

To have better results in data cleaning, the concept of
noise inside data should be realized firstly. As mentioned in
Section 1, noise is another face of outliers in data. 'e noise
in data is a set of rare samples that fall far away from the
majority of data. 'ere is no precise way to identify noise in
general. But with the help of the concept of noise explained
above, some statistical methods can be utilized to find out
noise candidates. One of the well-known noise filtering
methods is the interquartile range (IQR). 'e advantages of
using the IQR method are not only because it does not
depend on a specific distribution of data but also because it is
relatively robust to the presence of noise compared to the
other quantitative methods [39] In this paper, each signal in
the VSB dataset is filtered from noise separately, as follows.
Firstly, a copy of all voltage measurements of particular
signal is saved and ordered in an ascending order. After-
wards, the first quartile Q1 (25% percentile) and the third
quartile Q3 (75% percentile) of the signal measurements are
calculated. 'en, the value of IQR (the middle 50% of the
signal) is computed according to the following equation:

IQR � Q3 − Q1. (1)

After that, the value of IQR is multiplied by k value
which is an adjustment factor.'e aim of using such a factor
is to determine the strength of outliers. In statistics, there are
two widely used values of k, which are 1.5 and 3 [39]. While
the value of 1.5 is used to identify weak (minor) outliers, the
value of 3 is used to determine strong (major) outliers in
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data. In the electrical fault detection problem, two types of
outliers are familiar: fault measurements which slightly
deviate from the normal values and noise measurements
which extremely differ from the normal values. As a result of
that, the fault measurements have to be kept in order to
accomplish the fault detection task, whereas the noise
measurements have to be removed. Accordingly, in this
paper, k value is set to be 3.

Threshold � 3∗ IQR. (2)

'ereafter, the threshold value is exploited to determine
the lower and upper fences of the noise measurements using
(3 and 4), respectively.

Lower Fence � Q1 − threshold, (3)

Upper Fence � Q3 + threshold. (4)

Finally, any voltage measurements of particular signal
less than the lower fence value or greater than the upper
fence value will be removed from the original signal data in
the VSB dataset. 'e filtering process will step into the next
signal in the VSB dataset and repeat the same procedure
until all signals in the VSB dataset are filtered successfully.

(2) Signal Decomposition. After signal denoising process is
finished, the remaining voltage measurements of the ith

signal in the VSB dataset are equal to (800, 000 − l), where l

is the number of voltage measurements in the ith signal that
are identified as a noise and removed. However, detecting
faults in the remaining voltage measurements of each signal
is still a difficult task because the few faulty measurements
are located within a wide range of normal measurements of
the signal. To overcome this problem, the signal decom-
position process is indispensable [40].

VSB
dataset

Reduced
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Data
preprocessing

Anomaly-based
detection method

Anomaly-based
detection

Pre-training

Optimal
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Training
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Trained model
Normal

Faulty

Figure 1: Mechanism of the proposed anomaly-based fault detection system.
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Figure 2: Diagram of experiments’ methodology.
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Signal decomposition is the process of partitioning the
remaining voltage measurements of each signal into smaller
chunks that are easier to detect faults within them. 'is will
yield to shorten the range of voltage measurements in each
chunk significantly and foster better understanding of faults
within the range of their related normal measurements [41].
Obviously, if there are more chunks, the performance of the

model will be raised [41]. However, in order to explore the
performance differences in this paper, each signal in the VSB
dataset is decomposed into 1, 2, 4, and 8 chunks in separate
experiments. Let M denote the number of chunks; then, the
signal decomposition process breaks up the remaining
voltage measurements of each signal in the VSB dataset into
M chunks, as follows:

chunk size � ROUND
remaining measurements of signali( 􏼁

M
􏼠 􏼡, (5)

where chunk size is the size of the chunk and ROUND is a
function that rounds a number to an integer value.

Chunki
j � X

i
[(j− 1)∗ chunk size]+1, X

i
[(j− 1)∗ chunk size]+2, . . . , X

i
[(j− 1)∗ chunk size]+chunk size, j � 1, 2, . . . , M, (6)

where Xi
d is the dth voltage measurement of the ith signal and

Chunki
j is the jth chunk of the ith signal.

(3) Feature Extraction. Although the number of voltage
measurements for each signal is reduced after performing
signal denoising and signal decomposition, the number of
voltage measurements in each chunk of the signal is esti-
mated at tens or hundreds of thousands. 'is due to the fact
that originally each signal in the VSB dataset consists of a
numerous number of voltage measurements (800,000).
Basically, each of the remaining voltage measurements of the
signal will act as an input to the used models with a high-
dimensional input space. Such a high-dimensional space of
inputs is one of the emerging challenges in machine learning
domain because high dimensionality is impracticable for the
most of machine learning models and definitely it will cause
a model’s failure with poor performance [12].

To overcome this problem, a feature extraction process is
performed to reduce dimensions of the feature space. 'us,
19 features from the existing voltage measurements are
extracted for each chunk of the signal separately. After
extracting features from all chunks of the signal, all extracted
features are combined together along with the “Class” label
of the signal in order to form a data record for that signal.
'e feature extraction process stops when all signals are
processed and all resulting data records are put into a new
dataset (the reduced dataset). Obviously, the number of
features in the reduced dataset differs according to the
specified number of chunks, that is, it is equal to
(19∗M) + 1, where M is the number of chunks.

Indeed, the extracted features from each chunk of the
signal are widespread statistics which can give us an in-
formative picture about distribution and behaviour of the
voltage measurements. All the extracted features are nu-
meric values, described as follows.

(i) Mean is the average of a set of numbers and can be
obtained using the following equation:

Meanj �
􏽐

chunk size
i�1 X

j
i

chunk size
, (7)

where Meanj is the mean of the jth chunk of the
signal and X

j
i is the ith voltage measurement of the

jth chunk of the signal.
(ii) Standard deviation is a statistical measure that gives

information about dispersion of a discrete set of
numbers. As the value of standard deviation in-
creases, the variation among these numbers in-
creases too, and vice versa.

Standard deviation �

������������������

􏽐
chunk size
i�1 X

j

i − Xj􏼐 􏼑
2

chunk size

􏽳

,
(8)

where Standard deviationj is the standard deviation
of the jth chunk of the signal and Xj is the mean of
the jth chunk of the signal.

(iii) Maximum value of the voltage measurements
existed in particular chunk of the signal.

(iv) Minimum value of the voltage measurements
existed in particular chunk of the signal.

(v) Percentile is a statistical measure that allows the
chunk to be analyzed in terms of percentage [42].
For instance, the nth percentile is a number where
n% of the voltage measurements fall below that
number. In this paper, the 1%, 25%, 50%, 75%, and
99% percentiles of each chunk of the signal are
computed. Mathematically, the percentile value can
be obtained by selecting the element of rank z after
sorting the voltage measurements of particular
chunk in an ascending order.
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z � ⌈
P

100
× chunk size⌉, (9)

where P is the value of percentage.

(vi) Relative percentile is the amount of deviation of a
specific data from the mean. In this study, the 0%,
1%, 25%, 50%, 75%, 99%, and 100% relative per-
centiles of each chunk of the signal are calculated
using the following equation:

P% Relative Percentilej � P% Percentilej − Meanj,

(10)

where P% Relative Percentilej is the P% relative
percentile of the jth chunk of the signal and
P% Percentilej is the P% percentile of the jth

chunk of the signal.
(vii) Lower and upper bounds are the lowest and

highest bands of the voltage measurements of
particular chunk of the signal, as calculated using
the following equations.

Lower Boundj � Meanj − Standard deviationj,

Upper Boundj � Meanj + Standard deviationj,
(11)

where Lower Boundj and Upper Boundj are the
lower and upper bands of the jth chunk of the
signal, respectively.

(viii) Height is the distance measured from the mini-
mum to the maximum of the voltage measure-
ments of particular chunk of the signal.

Heightj � Maximumj − Minimumj, (12)

where Heightj, Maximumj, and Minimumj are the height,
maximum, and minimum of the jth chunk of the signal,
respectively.

(4) Data Normalization. For each data record in the reduced
dataset, features (except the “Class” feature) are normalized
into [0,1] using the min-max transformation, as follows.

xi �
xi − Min

Max − Min
, (13)

where xi is the numeric feature of the ith data record in
the reduced dataset and Min and Max are the minimum
and maximum values for each numeric feature,
respectively.

(5) Dataset Splitting. 'e reduced dataset obtained from the
previous step is split according to the concept of anomaly
detection, that is, the training set contains only normal
samples, whereas the test set contains both normal and faulty
samples. Hence, 7100 (81.5%) of normal samples are ran-
domly selected without replacement and inserted in the
training set. 'e rest of normal samples (1087) and all faulty
samples (525) are put into the test set with a total of 1612

samples (18.5%). Table 1 summarizes the main character-
istics of the reduced dataset after the data preprocessing
phase is finished. Figure 3 shows the flowchart of data
preprocessing and its operations.

4.1.2. Pretraining Phase. 'e pretraining phase is designed
with the aim of improving the performance of the
anomaly-based detection model by selecting its optimal
hyperparameters which fit the electrical fault detection
task. 'ere are many swarm intelligence-based meta-
heuristics that can be utilized for hyperparameter selec-
tion, but the PSO-based algorithm which is proposed by
Elmasry et al. [13] has attracted much attention due to its
simplicity, stability, and generality [14]. Figure 4 depicts
the diagram of the PSO-based algorithm and its
functionality.

'e basic idea behind the PSO-based algorithm is that it
selects the hyperparameter vector of particular model that
maximizes the accuracy of that model on the given dataset.
Accordingly, the first step in the PSO-based algorithm is to
adjust it with the optimal operating parameters. Table 2
shows the values of main operating parameters of the PSO-
based algorithm. 'e selected values in Table 2 are obtained
after executing a grid search for each PSO parameter in its
recommended domain. In addition to that, the domains in
Table 2 are recommended in many theoretical and empirical
previous studies [12, 13]. Afterwards, the user determines a
list of the model’s hyperparameters and their recommended
domains.

'en, in the second step, a copy of the training set is
split into two independent sets: training only and vali-
dation. 'e hold-out sampling without replacement
method is utilized to select randomly 6850 normal
samples in the training-only data. 'e same sampling
method is used to select randomly 250 normal samples as
well as 125 faulty samples in the validation set (375
samples). 'ereafter, for each iteration, the PSO-based
algorithm tries many possible combinations of the
model’s hyperparameters within their specified ranges.
Once the model is tuned by a set of hyperparameters, the
training-only data will be used for training and the val-
idation sets for testing. 'en, the accuracy value of the
model will be computed and stored.

Finally, when the stopping criteria are satisfied, the third
step of the PSO-based algorithm outputs the optimal
hyperparameter vector which maximized the accuracy value
of the given anomaly-based model over all iterations. Table 3
presents the hyperparameters of the used models, their
ranges, and the optimal values after finishing the pretraining
phase.

4.1.3. Training and Testing Phases. 'e training phase is
started when the optimized anomaly-based model is con-
structed using the optimal hyperparameters and trained on
the full training set. Subsequently, the testing phase is put
forward by testing the trained model on the test set. Finally,
the obtained outcomes are stored for further processing
later.
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Table 1: Main characteristics of the reduced dataset.

Characteristics Value
Year 2018
Samples 8712
Classes 2
Data type Numeric

Number of features

20 for 1 chunk
39 for 2 chunks
77 for 4 chunks
153 for 8 chunks

Training set distribution Normal� 7100
Faulty� 0
Total� 7100

Test set distribution Normal� 1087
Faulty� 525
Total� 1612

Start

Inputs:
VSB dataset
M

Read measurements
of signal Si

Signal denoising Signal decomposition

i=1

Chunk1
Chunk2

ChunkM

Recordi

Si
S′i

Feature extraction

No

Yes

i=i+1
i>N? Save data record in

reduced dataset

Data normalization

Data splitting

Output:
Training and test sets of

the reduced datasets

End

Chunk1_ features

Chunk2_ features

ChunkM
_ features

*
*

Combine all extracted features
Add class label of Si

Figure 3: Flowchart of the data preprocessing phase (M: number of chunks, i: current iteration, Si: the ith signal in the VSB dataset, Si
′: the

filtered signal of Si, recordi: the ith record in the reduced dataset, and N: the number of signals in the VSB dataset).
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4.2. Anomaly-Based Detection Models. 'e experiments are
designed and executed in the Azure Machine Learning
(AML) studio [43] using the OC-SVM and PCA anomaly-
based detection models. 'e AML is a free cloud-based
platform that can provide users with many useful capabil-
ities. For instance, it is a collaborative tool for designing and
analyzing various machine learning experiments with
massive computing resources [44, 45]. Sections 4.2.1 and
4.2.2 give a brief description of the used models and their
operating parameters.

4.2.1. One-Class Support Vector Machine. 'e OC-SVM is a
special case of the traditional support vector machine where
it learns from the training data to identify the majority class
among other classes. To accomplish this goal, the OC-SVM
model only trains on data belonging to a class that has a vast
majority of the dataset samples (“normal” class of the sig-
nals). 'is helps the OC-SVM model to infer properties of

the normal samples, and from these properties, it can de-
termine the boundaries of these samples [46].

Mathematically, the OC-SVMmodel tries to identify the
smallest hypersphere which contains all the normal samples
inside. Furthermore, samples located on the boundary of the
hypersphere are known as support vectors, and those located
outside the hypersphere are considered as anomalies. Ac-
cordingly, the problem can be defined as the following
constrained optimization form [47]:

min
r,c,ζ

r
2

+
1
]N

􏽘

N

i�1
ζ isubject to : Φ xi( 􏼁 − c

����
����
2

≤ r
2

+ ζ i∀i � 1, 2, 3, . . . , N,

(14)

where r, c, ζ i, ], N, xi, and ‖Φ(xi) − c‖2 are the hypersphere
radius, the hypersphere center, the ith slack value, the nu
hyperparameter value, the number of training set samples,
the ith sample in the training set, and the distance between

Training set PSO-based Algorithm

Anomaly-based
model

Optimal
hyperparameter

vector

Input PSO Optimal parameter values
Define domain for each model’s hyperparameter

1

2

2

3

Figure 4: Diagram of the PSO-based algorithm for hyperparameter selection.

Table 2: PSO parameters and their domains and selected values [12, 13].

PSO parameter Domain Selected value
Swarm size [5,40] 40
Velocity (min) [0,1] 0
Velocity (max) [0,1] 1
Coefficients of acceleration [1,6] 1.43
Constant of inertia weight [0.39,0.99] 0.69
Number of iterations (max) [20,100] 50
Stopping factor [0.01,0.001] 0.001

Table 3: 'e resulting optimal hyperparameters of each anomaly-based detection model.

Model Parameter Range Optimal value

OC-SVM
Nu [0.001,0.1] 0.1Step� 0.01

Epsilon [0.001,0.1] 0.001Step� 0.01

PCA

Rank [2,10] 2
Step� 2

Oversampling [2,10] 4Step� 2
Center {True, False} False
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the ith sample and the hypersphere center, respectively. 'e
slack value of a sample means the distance between this
sample and the support vectors, and if this value is less than
or equal to zero, then the sample will be inside the
hypersphere. Otherwise, it will be considered as an outlier.
From Karush–Kuhn–Tucker optimal conditions, the center
of the hypersphere can be found [48], as follows.

c � 􏽘
N

i�1
αiΦ xi( 􏼁, (15)

where αi’s are the solutions of the following constrained
optimization problem:

max
α

􏽘

N

i�1
αik xi, xi( 􏼁 − 􏽘

N

i,j�1
αiαjk xi, xj􏼐 􏼑subject to : 􏽘

N

i�1
αi

� 1 and 0≤ αi ≤
1
]N
∀i � 1, 2, . . . , N,

(16)

where k is the kernel function of the OC-SVMmodel. In this
paper, the RBF kernel function is used since it is very
common.

'ere are two hyperparameters which control the per-
formance of the OC-SVMmodel, namely, nu (]) and epsilon
(ϵ). 'e nu hyperparameter is a value that determines the
upper bound on the fraction of outliers [49]. 'is upper
bound lets the user to trade off between outliers and normal
cases. Moreover, the epsilon hyperparameter is deemed to be
a stopping factor which affects the number of iterations
reached when optimizing the OC-SVM model. Once the
value is exceeded, the OC-SVM model stops iterating on a
solution [46].

4.2.2. Principle Component Analysis. 'e PCA was firstly
proposed by Karl Pearson in 1901 [50]. It is frequently
exploited in machine learning to explore data because it not
only describes the inner structure of data but also determines
the variance in data. It is deemed to be an orthogonal linear
transformation method that converts the data space into a
more compact space, i.e., the principal components.'is can
be handled by analyzing data and looking for correlations
among the features to determine the combination of values
that best describes differences in outcomes.

'e PCA-based anomaly detection model only trains on
the normal samples and learns from them which feature set
constitutes the “normal” class. In the testing phase, each
unseen sample is projected on the eigenvectors as well as a
normalized error value is computed in order to identify
whether this sample is normal or not. 'e PCA-based
anomaly detection model has three hyperparameters which
can adjust its performance, namely, oversampling, rank, and
center [51].

Let X denote the training set matrix of size NxP where
the sample mean of each column is a zero empirical mean.
'en, the PCA algorithm computes a set of size l of P-di-
mensional vectors of coefficients w(k) that transform each

sample x(i) to a new principle component scores vector t(i)

using the following equation:

t
k
(i) � x(i) · w(k), ∀i � 1, 2, . . . , N and k � 1, 2, . . . l, (17)

where the first coefficient w(1) can be computed as follows.

w(1) � argmax
w

T
X

T
Xw

w
T
w

􏼨 􏼩. (18)

Finally, the kth coefficient can be calculated by
abstracting the first k − 1 principle components from the
matrix X using (19), and then w(k) coefficient can be found
using the following equation:

􏽢Xk � X − 􏽘
k− 1

s�1
Xw(s)w

T
(s), (19)

w(k) � argmax
w

T 􏽢X
T

k
􏽢Xkw

w
T
w

⎧⎨

⎩

⎫⎬

⎭. (20)

5. Experimental Results

'e data preprocessing and pretraining phases are carried
out using the Python programming language version 3.9.6
[52] associated with the NumPy library [53]. On the other
hand, the training and testing phases are hosted in the AML
environment. 'e next two sections present the evaluation
metrics and experimental results.

5.1. Evaluation Metrics. 'e outcome of the testing phase is
merely a binary classification process indicating whether a
sample is “normal” or “faulty.” Hence, a confusion matrix
will be constructed after the testing phase is finished. 'is
confusion matrix has four cells which contain the following
measures: true positive (TP), true negative (TN), false
positive (FP), and false negative (FN). 'ese measures are
required to compute eight commonly used evaluation
metrics, as follows.

(i) Accuracy is the ratio of the number of true clas-
sifications to the size of test set.

Accuracy �
TP + TN

TP + TN + FP + FN
. (21)

(ii) Precision is the ratio of the number of correctly
classified faulty samples to all samples labeled as
“faulty.”

Precision �
TP

TP + FP
. (22)

(iii) Recall is the ratio of the number of correctly
classified faulty samples to all faulty samples. It is
also named hit, true positive rate (TPR), detection
rate (DR), or sensitivity.

Recall �
TP

TP + FN
. (23)
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(iv) F1 score is a balanced metric that includes both the
recall (R) and precision (P) values. It is also called
F1 metric.

F1 score �
2 × P × R

P + R
. (24)

(v) False alarm rate (FAR) is the ratio of the number of
normal samples that is wrongly classified as
“faulty” to all normal samples. It is also named false
positive rate (FPR).

FAR �
FP

FP + TN
. (25)

(vi) Specificity is the ratio of the number of correctly
classified normal samples to all normal samples. It
is also known as true negative rate (TNR).

Specificity �
TN

TN + FP
. (26)

(vii) False negative rate (FNR) is the ratio of the number
of faulty samples that is wrongly classified as
“normal” to all faulty samples.

FNR �
FN

FN + TP
. (27)

(viii) Matthews correlation coefficient (MCC) is a bal-
anced measure that, when calculated, considers all
major outcomes of classification. Usually, the
MCC metric is useful in the case of using imbal-
anced datasets [54]. In addition to that, the MCC
value can be in [− 1,1], where -1 and 1 values in-
dicate weak and perfect classifiers, respectively
[55].

MCC �
(TP × TN) − (FP × FN)

����������������������������������������
(TP + FN) ×(TP + FP) ×(TN + FP) ×(TN + FN)

􏽰 .

(28)

5.2. Performance Analysis. 'e evaluation metrics, men-
tioned in Section 5.1, will be the key factors for assessing the
performance of the used anomaly-based detection models in
the electrical fault detection. Obviously, the higher the values
of true classification metrics and the lower the values of
misclassification metrics, the more effective the model.
Table 4 shows the percentage of the evaluation metrics for
each anomaly-based detection model in all experiments.
Furthermore, the bold and italicized values in Table 4
represent the best results of the used models in the same
experiment and among all experiments, respectively,
whereas the “Normal” column in Table 4 refers to the results
of the used models without using our proposed system, and
the “Enhanced” columns refer to the results when using the
proposed system.

Clearly, the proposed anomaly-based fault detection
system enhanced the performance of all models compared to
samemodels without using the proposed system.'is can be
noticed when comparing the values of evaluation metrics of

the used models in “Normal” and “Enhanced for 1 chunk”
columns in Table 4. For instance, the recall values are in-
creased by 14%, and the FAR values are decreased by 8%.
'is can be explained by the impact of data preprocessing
and pretraining phases that helps anomaly-based detection
models to detect faults aggressively. Moreover, when the
number of chunks is increased, the values of evaluation
metrics for all models are improved significantly. For ex-
ample, the recall and FAR values of the OC-SVM and PCA
models for one chunk are (69.33%, 9.20%) and (65.52%,
9.84%), respectively. But when the number of chunks is
increased to 8, they become (88.19%, 2.58%) and (90.10%,
1.47%).

Unfortunately, improving the model’s performance by
partitioning the voltage measurements of the signal into
more chunks does not come without a penalty, that is, as the
number of chunks increases, the complexity of the model’s
structure will be increased too.'is is because increasing the
number of chunks will result in increasing the number of
extracted features from these chunks, and accordingly the
number of model’s inputs will be increased linearly. Such a
feature space with high dimensionality will become less
reliable for shallow machine learning models. Hence, using
deep learning models in such cases will be more efficient
[11, 13].

Regarding performance of the OC-SVM and PCA
models, the OC-SVM model is superior to the PCA model
when it is applied to a low number of chunks, whereas the
PCA model outperformed the OC-SVM model only when
the number of chunks is equal or greater than 4. 'is is due
to the ability of the PCA model to find out the smallest
feature subset in high dimensional space and to explore the
characteristics of “normal” samples with this subset of
features. On the other hand, this advantage of the PCA
model does not exist in the support vector machines at all.
However, all the used models are still fit to the electrical fault
detection.

To put all together, the proposed anomaly-based system
improved the electrical fault detection, but it encounters an
immediate challenge, namely, the increase of feature space
which can be resolved by using deep learning methods
instead of using shallow learners and harnessing feature
selection algorithms to eliminate any irrelevant or re-
dundant features [12]. Due to space limitation, only the
accuracy, recall, FAR, and MCC evaluation metrics are
presented in Figure 5. Figure 5 presents a visual com-
parison between the used models when the number of
chunks varies. 'e performance of the used models is
enhanced drastically as the number of chunks increases, in
such a way that the accuracy, recall, and MCC values for all
used models are increased as well as the FAR value is
decreased in all cases. Another way to visually interpret the
performance of the used models is to draw the critical
difference diagram (CDD) [56]. Figure 6 depicts the CDD
of the used models for all number of chunks. It is worthy to
mention that the notation (Modelm) in Figure 6 indicates
experiment of the Model with m chunks. 'e critical dif-
ference (CD) value, which is drawn above the figure as a
bar, equals 7.4244.
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Table 4: Results of our empirical experiments.

Model Evaluation metric Normal
Enhanced

Number of chunks
1 2 4 8

OC-SVM

Accuracy 75.68 83.81 87.72 90.51 94.42
Precision 64.88 78.45 82.77 85.77 94.30
Recall 55.24 69.33 78.67 84.95 88.19

F1 score 59.67 73.61 80.66 85.36 91.14
FAR 14.44 9.20 7.91 6.81 2.58

Specificity 85.56 90.80 92.09 93.19 97.42
FNR 44.76 30.67 21.33 15.05 11.81
MCC 42.71 62.24 71.72 78.34 87.18

PCA

Accuracy 73.39 82.13 85.30 92.62 95.78
Precision 60.21 76.27 79.88 90.28 96.73
Recall 53.90 65.52 73.33 86.67 90.10

F1 score 56.88 70.49 76.46 88.44 93.29
FAR 17.20 9.84 8.92 4.51 1.47

Specificity 82.80 90.16 91.08 95.49 98.53
FNR 46.10 34.48 26.67 13.33 9.90
MCC 37.84 58.13 65.93 83.05 90.34
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Figure 5: Comparison between some evaluation metrics of the used models. (a) Accuracy. (b) Recall. (c) FAR. (d) MCC.
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Another critical issue in analyzing the performance of an
electrical fault detection system is related to the ability of that
system to detect faults regardless to type of faults. Indeed,
there are mainly two types of faults in the electrical power
system.'ose are symmetrical and unsymmetrical faults [3].
Firstly, the symmetrical faults (also named as balanced
faults) are considered as very serious but infrequent faults in
the electrical power grids [6]. Specifically, the symmetrical
faults come with two forms in the 3-phase grid, namely, the
three lines to ground (L-L-L-G) and three lines (L-L-L) faults
[8]. According to many practical studies, these faults are
likely to occur with 2 to 5 percent in the entire electrical
power system [7]. Although such faults rarely occur, their
occurrence usually causes severe damage to both the elec-
trical power system and equipment [7]. However, the entire
electrical power system remains balanced even with that
damage [7].

On the other hand, the unsymmetrical faults, also called
unbalanced faults, are predominant and less dangerous than
the symmetrical faults [8]. 'ree forms of unsymmetrical
faults could occur in the 3-phase electrical grid, namely, the
line to ground (L-G), line to line (L-L), and double line to
ground (L-L-G) faults [7]. It was reported that they are very
common in the electrical power systems with a percentage of
65% to 70% for the line to ground faults, 15% to 20% for the
double line to ground faults, and 5% to 10% for the line to
line faults [3]. Even though they are safer to the electrical
power system and equipment than symmetrical faults, they
cause unbalancing in the entire system in such a way that
they generate unbalanced current to flow in the 3 phases [6].

Regarding the VSB dataset structure based on the fault
types, there are 525 faulty samples: 4.5 percent of them are
symmetrical faults, whereas 95.5 percent are unsymmetrical
faults (line to ground� 69.15%, double line to
ground� 18.74%, and line to line� 7.61%).'is confirms the
reliability of the VSB dataset, and it reflects the occurrence
pattern of electrical faults in real-world electrical power
grids. Figure 7(a) shows the percentage of detection rate for
each of symmetrical and unsymmetrical faults when using
the proposed system or not. Obviously, using the proposed
system enhanced detection of the symmetrical faults by
43.98% and the unsymmetrical faults by 32.01% compared to
those when not using the proposed system. Furthermore,

Figure 7(b) elaborates the impact of number of chunks in
detecting the symmetrical and unsymmetrical faults. It can
be perceived from Figure 7(b) that increasing the number of
chunks helps both the OC-SVM and PCA models to detect
more faults whether they are symmetrical or unsymmetrical.
'erefore, the proposed system is effective considering
detection of all types of electrical fault.

5.3. ROC Analysis. Alternatively, the ranking methods can
be utilized to trade off between several models which are
applied on the same dataset in order to choose the optimal
classifier. One of widespread ranking methods is the receiver
operating characteristic (ROC) curve. 'e ROC curve is a
plot of the recall metric as a function of the FAR metric of a
classifier [57].'e reference line with a model’s performance
equal to 50% is the diagonal line of the ROC curve.
Moreover, the classifier reaches 100% of the performance
only if its ROC curve located on the top-left corner. Figure 8
shows the ROC curves of the used models per number of
chunks.

'e area under the ROC curve (AUC) is a numerical
measure that describes the corresponding ROC curve
quantitatively [58]. 'e AUC value of a classifier is in [0,1],
where the higher the AUC value, the better the performance
of the classifier. Furthermore, the AUC value of a classifier
can be computed approximately using equation (29) [59].
Table 5 presents the AUC values of the ROC curves which
are plotted in Figure 8. Based on findings, all used models
have convenient performance particularly when the number
of chunks is higher than 2. Moreover, the impact of the
signal decomposition process on enhancing the perfor-
mance of the used anomaly-based detection models is ev-
ident, especially when the number of chunks equals 8 in such
a way that the AUC values for all models are higher than 0.9.

AUC �
1
2

×(recall + specificity). (29)

6. Discussion

In this section, the obtained results in Section 5 using several
statistical and comparative analyses are deeply discussed.
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Figure 6: Critical difference diagram of the used models for different number of chunks.
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6.1. Stability and Sensitivity Analyses. To prove the stability
of the proposed system and consistency of the results, some
statistical tests can be performed. Due to space limitation,
only the Friedman test is applied on the results in Table 4.
Friedman test is a renowned statistical test which seeks to
discover the distinctions between several repeated

treatments [60]. 'e Friedman test has many advantages
such as its simplicity and generality, and it is a nonpara-
metric test that assumes that your data do not come from a
specific distribution. Practically, in Table 4, there are four
experiments related to different number of chunks. In ad-
dition to that, in each experiment, there are two subjects
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Figure 7: Percentage of detection rate for the symmetrical and unsymmetrical faults when (a) using the proposed system or not and (b)
using different number of chunks for each model.
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Figure 8: ROC curves of the used models for (a) 1 chunk, (b) 2 chunks, (c) 4 chunks, and (d) 8 chunks.
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related to the used models. 'e Friedman test assumes in its
null hypothesis that all these experiments have identical
effects. To reject the null hypothesis, two main conditions
must be satisfied. 'e first is that the critical value (FC) is
less than the calculated statistic (FS). 'e second condition
is that the significance level value (α) is larger than the
calculated probability value (P value). In this study, the α
value is selected to be 0.05 because it is very common. Table 6
shows the results of the Friedman test when it is applied on
TP, TN, FN, and FP outcomes. From Table 6, the null
hypothesis of the Friedman test is rejected because the two
conditions are satisfied in all cases (FC <FS and α >P value).
'erefore, the outcomes of the used models are significant
and different from each other.

Sensitivity analysis is often applied in classification tasks
to specify the relationship between input (independent) and
target (dependent) variables under a given set of assump-
tions [61]. Due to space limitations, only the number of
chunks as an input variable is analyzed to show its influence
on the recall value of the used models as an output. Indeed,
the sensitivity analysis can be done using various ap-
proaches, but the one-at-a-time (OAT) analysis is the most
common approach. In the first step in the OATanalysis, the
base case of the models is defined which in this study is the
recall values of the used models with one chunk. Afterwards,
the recall values of the used models will be calculated for
different number of chunks, leaving all other assumptions
unchanged. Finally, the sensitivity statistics will be calculated
using the following formula [62].

Sensitivity statistic �
%change in the output variable
% change in the input variable

. (30)

'e higher the sensitivity statistic is, the more sensitive
the recall is to changes in the number of chunks. Table 7
presents the results of the OAT sensitivity analysis when the
base case is one chunk. From Table 7, the recall value of the
used anomaly detection models is sensitive to the number of
chunks and it significantly increases as the number of
chunks increases.

6.2. Feature SelectionMethods. In this section, the impact of
performing feature selection process in the data pre-
processing phase is examined. Some recent feature selection
methods such as the fitness proportionate selection binary
particle swarm optimization and entropy (FPSBPSO-E)

[12, 63, 64], stochastic fractal search-based guided whale
optimization algorithm (SFS-guided WOA) [65], hybrid of
grey wolf optimization and particle swarm optimization
(GWO-PSO) [66], hybrid of grey wolf optimization and
genetic algorithm (GWO-GA) [66], biogeography-based
optimizer (BBO) [67], firefly algorithm (FA) [68], and satin
bowerbird optimizer (SBO) [69] are compared in terms of
the mean of AUC and feature reduction rate (FRR) [12]
metrics. 'e FRR metric is the complement of the ratio of
selected features to all feature set and can be calculated as
follows [12].

FRR � 1 −
number of selected features

number of all features
. (31)

'e experiment is conducted on number of chunks equal
to 1, that is, the size of full feature set is 20. Furthermore, the
anomaly-based detection models are trained and tested on
the feature subsets which are generated by the feature se-
lection methods. Table 8 presents the results of feature se-
lection process when using different methods. It can be
perceived that the FPSBPSO-E method not only is better
than other feature selection methods in terms of perfor-
mance but also selected the smallest feature subset.

6.3. Hyperparameter Optimization Methods. 'e perfor-
mance of the used PSO-based hyperparameter optimization
method is evaluated by comparing it with other popular
optimization algorithms such as the original genetic algo-
rithm (GA) [70], grasshopper optimization algorithm
(GOA) [71], whale optimization algorithm (WOA) [72],
grey wolf optimization (GWO) [73], bat algorithm (BA)
[74], and multiverse optimization (MVO) [75] in terms of
the mean AUC values of the anomaly-based detection
models. Table 9 shows the results of hyperparameter opti-
mization process when using different algorithms. Clearly,
the used PSO-based algorithm for hyperparameter selection
outperformed other optimization algorithms.

6.4. Anomaly-BasedModels vs. BinaryModels. 'is section is
dedicated to investigate performance differences between some
binary classification models and the used anomaly-based de-
tection models in the electrical fault detection problem. 'e
binary classification models such as the ANN [45], support
vector machine (SVM) [45], Naive Bayes (NB) [76], boosted

Table 5: AUC values of the ROC curves.

Number of chunks Models AUC

1 OC-SVM 0.800 7
PCA 0.778 4

2 OC-SVM 0.853 8
PCA 0.822 0

4 OC-SVM 0.890 7
PCA 0.910 8

8 OC-SVM 0.9281
PCA 0.9431

'e bold values provide the best results between the used models for each number of chunks.
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decision tree (BDT) [77], decision forest (DF) [78], decision
jungle (DJ) [79], and quantum support vector machine
(QSVM) [80] are utilized without using the proposed fault
detection system. 'en, their performance is compared to

performance of the OC-SVM and PCA anomaly-based de-
tection models using the proposed system. Table 10 presents
the results of binary classification and anomaly-based detection
models in terms of the AUC metric. It can be noticed that the

Table 6: Results of the Friedman test.

Outcome FC FS α P value
TN 6 8 0.05 0.001 56
FP 6 8 0.05 0.001 56
TP 6 8 0.05 0.001 56
FN 6 8 0.05 0.001 56

Table 7: Results of the OAT sensitivity analysis.

Number of chunks
Sensitivity statistic (%)

OC-SVM PCA
1 − −

2 13.47 11.92
4 22.53 32.28
8 27.20 37.52

Table 8: Results of using some feature selection methods in the pretraining phase.

Feature selection method Number of selected features FRR (%) AUC (%)
SFS-guided WOA 14 30 85.56
GWO-PSO 16 20 83.73
GWO-GA 15 25 84.82
BBO 17 15 82.65
FA 18 10 81.97
SBO 19 5 81.22
FPSBPSO-E 13 35 86.11
'e bold values provide the best results among all the used feature selection methods.

Table 9: Results of using some hyperparameter selection algorithms in the pretraining phase.

Optimization algorithm AUC (%)
GA 78.39
GOA 76.42
WOA 78.15
GWO 79.05
BA 75.54
MVO 77.70
PSO 80.76
'e bold values provide the best results among all the used hyperparameter selection algorithms.

Table 10: Comparison between some binary classification and anomaly-based detection models (one chunk).

Detection method Model AUC (%)

Binary classification

ANN 52.16
SVM 60.57
NB 57.99
BDT 61.23
DF 65.55
DJ 68.06

QSVM 70.31

Anomaly-based models OC-SVM 80.07
PCA 77.84

'e bold value provides the best result among all used models.
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anomaly-based detection models are superior to the binary
classification models due to the cooperated mechanisms in the
proposed fault detection system.

6.5.ComparisonwithRelatedWorks. As explained in Section
2, most of the previous studies in electrical fault detection
used simulated datasets which cannot reflect the pattern of
electrical faults in the real-world electrical power grids. Our
proposed anomaly-based fault detection system is compared
only with two studies [34, 36], since they used the same real-
time dataset (VSB dataset) in their works. 'us, the readers
can compare the results easily. Table 11 presents a com-
parison between our findings and those of related works.
Obviously, the proposed system enhanced the performance
of all anomaly-based detection models compared to the
models in the studies [34, 36].'is confirms the effectiveness
of the proposed fault detection system in the electrical fault
detection problem.

7. Conclusion

Effective fault detection in electrical power industry will lead
to maximizing service quality as well as minimizing eco-
nomic losses. 'erefore, an anomaly-based fault detection
system is proposed to cope with drawbacks and limitations
of the existing electrical fault detection systems. 'e pro-
posed system consists of four phases, namely, data pre-
processing, pretraining, training, and testing. Most of the
work is done in the first two phases. 'e data preprocessing
phase prepares raw data of the signals by performing signal
denoising, signal decomposition, feature extraction, data
normalization, and dataset splitting. On the other hand, the
pretraining phase selects the optimal hyperparameters
needed by the anomaly-based fault detection model using a
PSO-based algorithm. Moreover, two anomaly-based fault
detection models leveraged from the proposed system are
validated on the VSB dataset. 'e experimental results show
a significant improvement in electrical fault detection which
increased the true classification metrics such as the accuracy
and recall metrics by 14% as well as decreased the mis-
classification metrics such as the FAR metric by 8% com-
pared to same models without using the proposed system.
Based on our results, the OC-SVM model is better than the
PCA model only in the case of a low number of chunks, and
vice versa. However, increasing the number of chunks led to

increase in the feature space that weakened the used models.
'us, using the proposed system with deep learning models
for further enhancement in electrical fault detection is
recommended as a possible future work.
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CD: Critical difference
CFL: Concurrent fuzzy logic
DF: Decision forest
DJ: Decision jungle
DR: Detection rate
EHV: Extra high voltage
FAR: False alarm rate
FA: Firefly algorithm
FNR: False negative rate
FN: False negative
FPR: False positive rate
FPSBPSO-E: Fitness proportionate selection binary

particle swarm optimization and entropy
FP: False positive
FRR: Feature reduction rate
GA: Genetic algorithm
GOA: Grasshopper optimization algorithm
GRNN: Generalized regression neural network
GWO: Grey wolf optimization
IQR: Interquartile range
MCC: Matthews correlation coefficient
MVO: Multiverse optimization
NB: Naive Bayes
OAT: One-at-a-time
OC-SVM: One-class support vector machine
PCA: Principal component analysis
PD: Partial discharge
PNN: Probabilistic neural network
PSO: Particle swarm optimization
QSVM: Quantum support vector machine

Table 11: Comparison with some related works.

Study Technique Accuracy Precision Recall F1 score

[34]

STL+ SVM (linear kernel) − 0.72 0.7 0.7
STL+ SVM (polynomial kernel with degree 6) − 0.67 0.55 0.45

STL+ SVM (RBF kernel) − 0.75 0.73 0.72
STL+ SVM (sigmoid kernel) − 0.53 0.52 0.5

[36] Anomaly detection + SVM (RBF kernel) 0.798 4 0.698 4 0.670 5 0.684 2
Anomaly detection + PCA 0.792 8 0.667 3 0.725 7 0.695 3

Our study Anomaly detection + PSO+OC-SVM 0.944 2 0.943 0 0.881 9 0.911 4
Anomaly detection + PSO+PCA 0.957 8 0.967 3 0.901 0 0.932 9

'e bold values provide the best results among all models.
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RBF: Radial basis kernel function
ROC: Receiver operating characteristic
RPROP: Resilient propagation
SBO: Satin bowerbird optimizer
SFS-guided
WOA:

Stochastic fractal search-based guided whale
optimization algorithm

STL: Seasonal and trend decomposition using
loess

SVM: Support vector machine
TNR: True negative rate
TN: True negative
TPR: True positive rate
TP: True positive
VSB: Technical University of Ostrava
WOA: Whale optimization algorithm
α: Friedman test significance level value
]: Nu hyperparameter of OC-SVM model
X: Mean of voltage measurements of the signal
ζ: Slack value
c: Hypersphere center
FC: Friedman test critical value
FS: Friedman test calculated statistic
k: Adjustment factor
M: Number of chunks
Max: Maximum value
Min: Minimum value
N: Number of signals in the VSB dataset
P: Percentage value
P value: Friedman test calculated probability value
Q1: 25% percentile
Q3: 75% percentile
r: Hypersphere radius
S: A signal in the VSB dataset
S′: Filtered signal
X: Voltage measurement of the signal
x: Numeric feature
z: Rank of voltage measurement
ϵ: Stopping criteria.
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