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Abstract: Fault detection, classification, and precise location identification in power trans-
mission lines are critical issues for energy transmission and power systems. Accurate fault
diagnosis is essential for system stability and safety as it enables rapid problem resolution
and minimizes interruptions in electrical energy supply. The characteristic parameters of
mixed-conductor power transmission lines connected to the grid were calculated using the
relevant line data. Based on these parameters, a dataset was created with computer-derived
values. This dataset included variations in arc resistance and the short circuit power of
the corresponding bus, facilitating the performance testing of various machine learning
algorithms. It was observed that the correct determination of the faulty phase was of high
importance in the correct determination of the fault position. For this reason, a gradual
structure was preferred. It was achieved with a 100 percent success rate in fault detection
with the ensemble bagged algorithm. It was obtained with the neural network algorithm
with a 99.97 percent success rate in faulty phase detection. The most successful location
results were obtained with the interaction linear algorithm with 0.0066 MAE for phase-to-
phase faults and the stepwise linear algorithm with 0.0308 MAE for phase ground faults.
Using the proposed algorithm, fault locations were identified with a maximum error of
26 m for phase-to-ground faults and 110 m for phase-to-phase faults on a transmission
line with a mixed conductor of approximately 178 km. Additionally, we compared the
training and testing results of several machine learning algorithms metrics including the
accuracy, total error, mean absolute error, root mean square, and root mean square error
to provide informed recommendations based on their performance. The findings aim to
guide users in selecting the most effective machine learning models for predicting failures
in transmission lines.

Keywords: power system; modeling; classification; fault location detection; machine learning

1. Introduction

Electricity is one of the most significant discoveries in human history, with a wide
range of applications across various sectors such as automotive, tourism, information
technology, industry, and medicine. In line with technological advancements, the demand
for electrical energy is expected to grow day by day. To meet this increasing energy demand,
countries are working to modernize and expand their grid infrastructure [1].

The transmission of electrical energy from production units to consumption units
occurs through electrical power systems. The energy transmission line (TL), responsible
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for transferring energy between electricity generation centers and consumers, forms the
backbone of these power systems [2]. The role of electrical energy system management is
to ensure the continuous, reliable, stable, and high-quality transmission of electrical energy.
Furthermore, it must remain environmentally conscious and operate in alignment with the
relevant energy policies [1,2].

Limiting the damage that may be caused by a system fault that will occur in any
of the grid elements is of great importance for the stability and security of the electrical
energy systems. The accurate diagnosis of faults is crucial for energy transmission and
power systems as it enables the swift elimination of issues to minimize interruptions in
electric energy [3]. Therefore, getting more accurate information about the fault will speed
up the maintenance and commissioning of the defective TL [4]. The numerical distance
relays in use today play a key role in isolating the part where the fault is located from the
network by detecting the fault of the TL or network elements and initiating the appropriate
protection action [5].

The overcurrent protection function becomes inadequate due to fluctuations in the
short circuit current of the corresponding bus bar within the electrical system. To address
this issue, distance protection relays utilize additional information, including the trans-
mission line’s characteristic data and detailed current and voltage measurements during
faults [6]. For this reason, distance protection relays are widely used in ring networks.
However, with the continuously growing energy demand, the node points in the electrical
system are increasing in number and complexity. Insufficient or inaccurate data used
in distance protection relays can compromise their performance, making it difficult to
detect faults accurately and reliably [7]. Factors such as incomplete measurements, errors
in current and voltage readings, or missing environmental and system parameters can
increase the likelihood of malfunctions or disoperation. Numerical distance protection
relay algorithms for lines with different characteristic features because of the internal and
external disruptive effects may not reduce the error rate of fault classification and location
below a certain value.

Today, the concept of a smart grid is gradually evolving, aiming to establish an
intelligent system capable of monitoring, controlling, and diagnosing failures effectively.
Advances in areas such as measurement transformers with a lower fault tolerance, more
sophisticated digital signal processing technology, and artificial intelligence provide an
opportunity for researchers to conduct in-depth research on fault detection and location
information in the TL [8-10].

Due to its potential to greatly increase the accuracy of fault identification and classi-
fication, machine learning (ML) has drawn a lot of attention recently for use in TL fault
detection [11-13]. Numerous ML algorithms, such as ensemble, decision trees, support
vector machines, artificial neural networks, and linear and Gaussian models, have under-
gone extensive research and testing. These algorithms analyze current and voltage signals
to identify TL faults and could provide more accurate information about the location and
classification of faults. The efficiency of ML techniques in producing accurate predictions
for fault classification and fault location has been confirmed by numerous studies.

A study was conducted to use wavelet packet entropy and a radial basis function
neural network to detect, classify, and estimate fault locations on transmission lines. The
radial basis function neural network had 12 inputs, used a Gaussian radial basis function as
its activation function, and achieved a classification accuracy of about 98%. However, the
accuracy varied depending on the fault type, with some line ground faults having lower
accuracy (~93%) [14].

In a study conducted to estimate fault locations in 154 kV hybrid transmission lines,
which include both overhead and underground cable sections, the author used PSCAD
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software to obtain the necessary data. The most accurate fault location estimation was
performed using robust linear regression, with a maximum observed error of 2.4 km [12].

A study was conducted to develop a discrete wavelet transform-based algorithm to
detect, classify, and locate faults on high-voltage transmission lines. The method used the
Daubechies 6 wavelet for analysis and a ground threshold value for classification. Faults
were identified across the entire transmission system, from one terminal to the other. The
algorithm successfully handled all 11 types of TL faults by analyzing signal details and
locating faults using the discrete wavelet transform technique [15].

Another study realized a new approach that integrated neural networks with distance
relays to improve fault location accuracy in transmission lines. This integration significantly
reduced the average fault location error of the distance relay from 0.92% to 0.42%, resulting
in a significant improvement in accuracy [16].

A method utilizing Elman neural networks was developed to detect failures in power
transmission lines. This study leveraged the strong learning capabilities of Elman neural
networks to accurately classify and identify faults. Based on the conducted tests and
simulations, the proposed method was shown to achieve an error detection accuracy
of 82.4% [8].

Another study evaluated three ML classifiers decision tree, K-nearest neighbor, and
support vector machine for detecting faults in TL. Among these, decision tree achieved
the highest accuracy of 99.42%, followed by K-nearest neighbor at 99.27% and support
vector machine at 87.03%. Additionally, the authors combined Discrete Wavelet Transform
with support vector machine for fault detection, achieving a fault classification accuracy of
99.4% and a fault detection error of less than 1.5%. The primary goal of the study was to
propose an ensemble method for efficient fault detection and classification in TL [9].

The characteristic parameters of energy TL with mixed conductors (954 MCM and
1272 MCM) connected to the grid within the interconnect system were analyzed. Based
on these parameters, a dataset was created with Omicron Test Universe 4.40 and Digsilent
PowerFactory 01/2024 software. This dataset included variations in arc resistance and the
short circuit power of the corresponding bus, facilitating the performance testing of various
machine learning algorithms.

In this paper, we proposed a cascade of machine learning algorithms achieving the
best results with the ensemble method for fault detection, the neural network method for
identifying faulty phases, and linear regression for precise location identification. It was
observed that the correct determination of the faulty phase was of high importance in the
correct determination of the fault position. For this reason, a gradual structure has been
preferred. It has been achieved with a 100 percent success rate in fault detection with the
ensemble bagged algorithm. It was obtained with the neural network algorithm with a
99.97 percent success rate in faulty phase detection. The most successful location results
were obtained with the interaction linear algorithm with 0.0066 MAE for phase-to-phase
faults and the stepwise linear algorithm with 0.0308 MAE for phase ground faults. Using
the proposed algorithm, fault locations were identified with a maximum error of 26 m for
phase-to-ground faults and 110 m for phase-to-phase faults on a transmission line with
a mixed conductor of approximately 178 km. Additionally, we compared the training
and testing results of several machine learning algorithms metrics including the accuracy,
total error, mean absolute error, root mean square, and root mean square error to provide
informed recommendations based on their performance. The findings aim to guide users in
selecting the most effective machine learning models for predicting failures in transmission
lines. The characteristic parameters of the TL are summarized in Table 1, providing detailed
information on the line’s properties and specifications.
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Table 1. The characteristic parameter details of the tested power transmission line.

Line length (km) 178.231

System frequency(Hz) 50

Current transformer ratio (A) 3200/5

Voltage transformer ratio (kV) 400/0.1

Conductor type 954 (MCM) 1272 (MCM)
Conductor length (km) 13.771 164.46

Positive sequence impedance (Q2) 0.2908 +j3.2889 2.5641 +j42.4123
Zero sequence impedance ((2) 3.7811 +j13.8516 42.4437 +j164.0237
Positive sequence capacitance (uS) 58.0141 736.2327

Zero sequence capacitance (uS) 36.4573 422.0137

2. Distance Protection Relays

Distance protection relays are widely used to accurately, quickly, and selectively detect
and analyze faults in TL. Distance protection involves identifying the fault location by
utilizing the transmission line’s characteristic data and measured current and voltage infor-
mation, processed through specific algorithms. In simple terms, distance relays calculate
impedance using current and voltage measurements [2,17]. They then determine the pres-
ence of a fault by comparing the calculated impedance with the TL predefined impedance
value. Figure 1 illustrates the connection of the distance protection relay to the system,
showing how it connects with the current and voltage transformers. This connection
ensures that the relay receives accurate real-time data for fault detection and analysis [18].

P1 Current Transformers P2 Voltage Transformers
A e o o @ o e S e e e o o o o o o o @ o o e o e e -
s
s1 S2
P1 P2
B == mm @ g = - ————— @ o o o P = o e o e e -
—
s1 S2
P1 ] P2 ! |
C =-— == - @ ———————— L— ——————————————————————— -
s 12 7 JL(:1 T == C1 T —Lc1
— 1 ~ S o— 1
== Cc2 e Cc2 == Cc2
a = -

||| -JI----
1| n
-
N'll—r:
]
-
R
N
]

| B

H
Z+

<
S

w

JYYL

IN; IAI§ IB§ |C§ VA§”§: VB§”§

Distance Protection Relay

[}

]

1

[}

1

-

]

1
o

Figure 1. Distance protection relay connection diagram.

Single-phase-to-ground faults are the most common type of fault in power systems,
accounting for approximately 85% of all fault types [19]. The oscillographic representation
in Figure 2a illustrates the measured variations in current and voltage for each phase during
a single-phase ground short circuit event in the electrical system. A decrease in phase B
voltage and an increase in its current indicate a fault in phase B. The similarity between
phase B current and neutral current shows a B-phase-to-ground fault.
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Figure 2. Oscillographic record of the feeder when faults occur (a) for a B-phase ground fault and
(b) for an AC-ground fault.

A two-phase ground fault is a critical type of fault in electrical power systems and
usually results in more complex effects. The difference from single-phase-to-ground failure
is that two phases come into contact with the ground at the same time [20,21]. This can
lead to bigger fault current. In Figure 2b a voltage drop and current increase in phases A
and C indicate a malfunction in these phases, while a partial voltage rise in phase B and
fault current in the neutral suggest that the fault occurred in the ACN phases.

A phase-to-phase fault is a type of fault that occurs when two phases of a power
system come into direct contact with each other, typically due to a short circuit. In this
case, there is zero impedance between the two phases involved in the fault, which means
the fault path offers no resistance, leading to an extremely high current flow [22,23]. This
accounts for approximately 8% of all fault types [19]. The oscillographic representation in
Figure 3a illustrates the measured variations in current and voltage for each phase during a
phase-to-phase short circuit event in the electrical system. The fault current between phases
A and B has a 180-degree phase difference. The decrease in A and B phase voltages, along
with the impedance dropping below the threshold, indicates an A-B phase fault.
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Figure 3. Oscillographic record of the feeder when fault occur (a) for AB fault and (b) for ABC fault.

A three-phase fault represents one of the most severe disturbances that can occur
within a power system. It involves the simultaneous short circuiting of all three phases,
either directly or through an arc resistor. This type of fault is distinguished by its excep-
tionally high fault current magnitudes, posing significant challenges to the stability of
the system [24]. The oscillographic representation in Figure 3b illustrates the measured
variations in current and voltage for each phase during a three-phase short circuit event
in the electrical system. The voltage and current in phases A, B, and C exhibit similar
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characteristics. With impedance below the threshold and no fault current in the neutral,
this indicates a typical three-phase short circuit fault.

Distance protection relays typically consist of three main units: the measuring unit,
initiation unit, and directional unit, each performing specific tasks. These relays provide
selective protection, which relies on the proper functioning of all three units. Regardless
of their structure, distance protection relays operate by comparing impedance values.
Using the formula, the relay calculates the line’s impedance [18,25]. During a fault, the
voltage decreases while the current increases, resulting in a lower measured impedance
than under normal conditions [17,26]. The relay identifies the fault by comparing the
measured impedance with a predefined threshold. The impedance value measured by the
relay depends on the distance between the relay and the fault location. Theoretically, the
impedance is directly proportional to the line length. If the measured impedance is lower
than the relay’s set threshold, the relay initiates the start chain. It then determines whether
to issue a trip command based on the fault current’s direction and distance [18].

Distance Protection Relay Fault Locator Working Principle

Impedance measurement is performed for each phase by the distance protection relay,
and the fault type and related phases or phases are determined after the fault is detected.
The calculation algorithm to be used in the relay is selected according to the determined
fault type [21,26]. For example, a phase-to-phase cycle is preferred for fault detection in
phase-to-phase short circuits. In the case of a single-phase earth short circuit, calculations
are made by taking into account the value of the impedance of the earth-return path to
calculate the single phase to earth cycle. Determination of the fault location in distance
protection relays is based on the evaluation of the imaginary part of the measured short
circuit impedance. The fault location is determined by dividing the calculated reactance
value by the parameterizable reactance per unit length [17,18]. Figure 4 shows the situation
before and during the fault.
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\A [ \ i
_.’ 4o <—
C/\D -Relay -Relay ({\)

Side 1
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Side 1
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Figure 4. Prefault and fault conditions (steady state).

In Equation (1) below, Vp and V- represent the short circuit voltage phasors for phases
B and C, respectively. Ig and I¢ represent the short circuit current phasors for phases B and
C, respectively. The proportional distance to the fault location (i) represents the relative
position of a fault location along the length of a TL in terms of Z, which represents line
impedance. Figure 5 represent the voltage change when fault occurs.
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Figure 5. Voltage change when fault occurs at a distance m (a) for BC ground fault and (b) for C-N fault.

The equation used by the protection element to calculate the short circuit impedance
occurring between the B and C phases is given in Equation (1).

IBmZ - ICmZ = VB - VC (1)

R, represents the short circuit soil resistance, and the fault resistance RBC and fault inductance
XBC represent the fault location for the phase-to-phase fault in Equations (2) and (3) [18].

(Vg — Vo)Re(Ip — Ic) + Im(Vp — V) Im(Ip — Ic)

RBC = Re - >
[Re(Ip — Ic)]” + [Im(Ip — Ic)]

()

m(Vg — Ve)Re(Ip — Ic) — Re(Vp — V) Im(Ip — Ic)
[Re(Ig — Ic))* + [Im(Ig — Ic))?
The equation used by the protection element to calculate the short circuit impedance

occurring between the C and N phases is given in Equation (4). I, represents the short
circuit current phasors for phases N.

XBC:I

©)

In Equations (5) and (6), Ig and Ix represent the auxiliary quantity. The factors k, and
k, are obtained solely from the TL constants.

Ig =14 —kele ®)

Ix =1Ix — kyle (6)

In this case, the line resistance and inductance represent the fault location for the
phase-to-ground fault in Equations (7) and (8) [18].

(ReVC)(ReIX) + Im(VC)Im(IX)

RCN = (ReIR)(ReIx) + Im(Ig)Im(Ix)

Im(Ve)Re(IR) + Re(Ve)Im(IR)

XON = TR I) (Re L) + Im(Ix ) Im( L)

3. Types of Machine Learning Algorithms Used for Classification
and Regression

This section offers an overview of the machine learning algorithms employed, high-
lighting their key features and functionalities.
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3.1. Linear Regression

Linear regression is a statistical and ML technique used to estimate the value of an
unknown (dependent) variable based on the value of a known (independent) variable. It
establishes a relationship between the two variables by modeling them mathematically as a
linear equation [27,28].

y=mx+b 9)

where y is the dependent variable (the response or predicted value); x is the independent
variable (the predictor or input); m is the slope of the line, representing the rate of change
of y with respect to x; and b is the intercept, representing the value of y when x = 0.

Linear regression assumes a linear relationship between variables and minimizes
the sum of squared errors to find the best fit line. It is widely used for prediction and
trend analysis [29].

3.2. Logistic Regression

Logistic regression is a statistical method used to analyze the cause—effect relationship
between independent variables and a dependent variable (class variable) that has two
or more categories. It builds a classification model using the existing data by estimating
the probability of an observation belonging to a particular class. Then it determines the
strength and significance of the relationship between the independent variables and the
dependent variable [30].

In logistic regression analysis, the importance of these relationships is assessed by
examining the significance of the coefficients of the independent variables. Additionally,
the model evaluates how well the predicted values match the observed values for the cases
where the variable of interest is present in the model. This comparison helps to assess the
model’s accuracy and its ability to classify data correctly [31,32].

3.3. Gaussian Process

Gaussian process regression (GPR) is a fully probabilistic approach for modeling non-
linear relationships between variables. It provides not only predictions but also uncertainty
estimates for those predictions, making it a powerful tool for regression tasks.

In the Bayesian framework, GPR can be enhanced for robustness by employing heavy-
tailed distributions to model noise instead of the standard normal distribution. Heavy-
tailed distributions are less sensitive to outliers because they assign lower probabilities to
extreme deviations compared with normal distributions [33]. This makes the model more
robust in scenarios where the data may include noise or outliers that would otherwise
significantly affect the predictions. GP regression is particularly suitable for small to
medium-sized datasets, where the computation of covariance matrices remains manageable.
Its flexibility and probabilistic nature make it a valuable tool for understanding complex,
uncertain systems [34].

3.4. K-Nearest Neighbors

K-nearest neighbors (K-NN) is a classification method that assigns an unclassified
instance to a class based on its distance from previously classified data points. The algorithm
evaluates the distances between the unclassified instance and all known data points,
identifies the K-NN, and assigns the instance to the class most common among those
neighbors [35,36]. This method relies heavily on the chosen distance metric and the value
of K, which determines the number of neighbors considered [7,36,37].
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3.5. Ensemble Methods

Ensemble ML is defined as an element of a set of classifiers in which individual de-
cisions are combined to classify new examples to be experienced. This technique aims
to achieve more powerful and effective results by combining the answers of ML algo-
rithms with different characteristics. The main purpose of ensemble ML is to enable it to
make more accurate predictions by analyzing a large number of data that have different
characteristics. Due to the fact that individual classifiers make independent errors, the
collection of a composite multi-classifier in order to minimize the error rate can increase
the classifier accuracy [38].

3.6. Neural Networks

Neural networks (NNs) are inspired by the functioning of human and animal brains.
They are designed with a large number of interconnected processing elements (artificial
neurons) that mimic the elementary functions of biological neurons [39]. They learn by
adjusting the weights of connections based on experience, allowing the system to generalize
from past experiences to handle new, unseen scenarios [16].

NNs focus on learning patterns and relationships from previously acquired data, re-
ferred to as training or learning datasets. Then, they improve and evaluate the performance
of the system using the test data. In addition, NNs are versatile tools capable of handling
complex problems [9,39].

3.7. Decision Trees

The decision tree algorithm works by recursively dividing the dataset into smaller
and smaller subsets, ultimately forming a hierarchical structure. Each decision node in the
tree represents a test on a feature, with branches corresponding to the possible outcomes of
the test. The process begins at the root node, which is the topmost node in the tree [40].

Decision trees are nonparametric, distribution-independent methods used in super-
vised learning tasks. Their structure mimics a tree, consisting of root nodes, branches,
and leaves. The leaf nodes represent the output, which can be either a class label for
classification problems or a numerical value for regression problems [41].

The complexity of the dataset significantly impacts the decision tree’s structure. If
the data are intricate, the tree grows deeper and more branched, potentially leading to
overfitting. As a result, decision trees are sensitive to the quality of the dataset and may
require pruning or other optimization techniques to improve generalization [40].

3.8. Naive Bayes

Naive Bayes is a statistical classification algorithm that estimates the probability of an
instance belonging to a particular class. It is based on Bayes’ theorem and, unlike many other
learning methods, calculates the likelihood of various combinations of features in the training
data. This algorithm assumes that the features are independent of each other [41,42].

The naive Bayes algorithm operates using finite probability calculus, making it compu-
tationally efficient and well suited for high-dimensional datasets. Despite the independence
assumption, it often performs surprisingly well in practical applications, especially in text
classification, spam filtering, and sentiment analysis [43].

3.9. Support Vector Machine

Support vector machine (SVM) is a supervised learning algorithm that constructs a
hyperplane or a set of hyperplanes in high- or infinite-dimensional spaces to separate data
into distinct classes [44]. The algorithm seeks to maximize the margin, which is the distance
between the hyperplane and the nearest data points from each class (support vectors).
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A larger margin generally leads to lower generalization error and better classification
performance. SVM is particularly effective in high-dimensional spaces, making it suitable
for complex datasets [45,46].

4. Implementation and Performance Review
4.1. Preparing Dataset for ML Algorithms

It has been observed that the error rate of the fault location increases if it is included in
the same dataset with conditions in which there is no fault. For this reason, three different
algorithm structures working in series were preferred to obtain the most accurate result:

e  Fault detection;
e  Fault phase detection;
e  Fault location detection.

The current and voltage of each phase were constantly monitored. If a fault occurred
and if the fault current was above the specified threshold value, it was detected by the
fault detection algorithms. The fault classifying algorithms evaluated the resistance and
inductance values of each phase as input, and it determined which phase or phases had
a fault. Then, regression algorithms using the resistance and inductance values of the
relevant phases determined the fault position depending on which phase or phases the
fault occurred from. This situation is summarized in the flowchart diagram in Figure 6.

Enter the
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Figure 6. Flowchart for the proposed methodology in fault classification and location.
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The dataset was created with the assumption that the analog data from the current
and voltage transformers were accurate. There were records in the dataset with the same
fault location but different fault currents and fault arc resistance. These cases were added
to reflect the potential impact of multiple fault scenarios or changes in fault conditions at
the same location. In Table 2, a fault status is indicated by a value of 1 in the fault detection
column. A binary system adaptation is applied to the phase detection column for encoding
faults. For instance, the ABC fault in the first two rows is encoded as 8 + 4 + 2 + 0 = 14, while
the AB-N fault is encoded as 8 + 4 + 0 + 1 = 13. This encoding method is used to facilitate
fault detection. Impedance information for each phase was obtained using the Omicron
Test Universe and Digsilent programs, based on the characteristic properties provided in
Table 1 for the fault location dataset. A sample from the dataset used during the testing
and validation steps of the ML algorithms is presented in Table 2.

Table 2. Fault, faulty phase, and location dataset.

AR AX BR BX CR CX NR NX Fault Detection Phase Location
(Qsec) (Osec) (Osec) (Nsec) (Nsec) (Osec) (Nsec) (Nsec) Detection (km)
0.01 0.14 0.01 0.14 0.01 0.14 0.02 0.42 1 15 3.47
21.68 34.67 22.98 36.78 5.38 3.11 5.39 3.10 1 3 76.48
0.03 0.40 0.03 0.42 8.28 10.96 0.14 0.80 1 13 9.82
39.61 6.53 40.12 6.31 40.01 6.37 119.75 19.21 0 - -
0.47 4.22 57.41 60.19 0.46 4.22 77.42 98.63 1 10 100.91
1.93 1.78 53.14 73.25 1.94 1.77 0.06 3.55 1 11 64.49
22.74 18.62 20.12 16.74 25.55 19.31 69.14 34.45 0 - -
4.13 13.00 53.98 28.02 57.83 26.04 4.16 13.00 1 9 167.90
20.66 11.96 20.28 11.75 19.59 11.15 39.21 26.15 0 - -
21.25 27.52 0.16 091 0.16 0.89 51.25 69.30 1 6 22.14
0.79 5.20 0.71 5.22 0.76 521 2.26 15.63 1 14 130.61

4.2. Performance Criteria for Precise Fault Location

The assessment of the models employed in this study was conducted using three
distinct performance metrics to comprehensively evaluate the accuracy and effectiveness
of the predicted outcomes.

4.2.1. Mean Absolute Error

The mean absolute error (MAE) quantifies the deviation between the predicted values,
generated by the models, and the actual observed values [47,48]. The formal definition of
MAE is provided in Equation (10).

In Equation (10), y; denotes the actual value of the variable being estimated; fj; repre-
sents the corresponding predicted value; and y; — §; reflects the residual, or the difference
between the observed and predicted values.

1¢ R
MAE = ) |yi = §il (10)
i=1

4.2.2. Mean Squared Error

The mean squared error (MSE) represents the average of the squared differences between
the predicted values and the actual observed values, as defined in Equation (11) [49].

1 n
MSE = ;Z(% — 1) (11)
i
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4.2.3. Root Mean Squared Error

The root mean squared error (RMSE) is calculated by taking the square root of the
MSE, as expressed in Equation (12) [48].
4.3. Findings

1& .
RMSE = [} (y; = 9)° (12)
i=1
4.3.1. Fault Detection

Initially, the fault condition was identified by analyzing the resistance and inductance
values of the three phases. The dataset contained 12,768 samples, with half representing the
fault state and the other half representing the non-fault state. The dataset was divided into
two subsets: 65% was utilized as validation data, while the remaining 35% was allocated
for testing. Figure 7a,b show the validation and test confusion matrix of the ensemble
bagged trees method.

Validation Confusion Matrix for Model 2.24 (Bagged Trees) Test Confusion Matrix for Model 2.24 (Bagged Trees)
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Figure 7. (a) Confusion matrix for fault detection ensemble bagged trees, validation. (b) Confusion
matrix for fault detection ensemble bagged trees, test. (c) Accuracy and total cost value for the
ensemble, KNN, NN, SVM, tree, and naive Bayes algorithms.
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True Class

The accuracy and test results for the ML algorithms used in the analysis are summarized
below. The evaluation included validation accuracy, test accuracy, and other relevant perfor-
mance indicators to assess the effectiveness of the algorithms in identifying fault conditions.
Specific values and comparisons for each algorithm are detailed. As illustrated in the Figure 7c,
the K-nearest neighbor and ensemble bagged trees algorithms achieved a perfect adaptation to
the dataset, demonstrating 100% accuracy in both training and testing phases.

4.3.2. Faulty Phase Detection

Then an algorithm was developed to detect the faulty phase or phases within the system.
The dataset contained 12,768 samples, and each failure category contained nearly 908 samples to
ensure balanced representation across the dataset. The dataset was divided into two subsets: 67%
was utilized as validation data, while the remaining 33% was allocated for testing. Figure 8a,b
show the validation and test confusion matrix of the trilayered NN method.

Validation Confusion Matrix for Model 2.31 Test Confusion Matrix for Model 2.31
(Trilayered Neural Network) (a) (Trilayered Neural Network) (b)
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Figure 8. (a) Confusion matrix for faulty phase detection trilayered neural network, validation.
(b) Confusion matrix for faulty phase detection trilayered neural network, test. (c) Accuracy and total
cost value for the NN, ensemble, SVM, tree, KNN, and naive Bayes algorithms.
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Among the results obtained, the performance of six algorithms, selected from 33 dif-
ferent models, demonstrated the highest prediction accuracy. When the errors made by the
trilayered NN algorithm, which was the most successful, were analyzed, it was observed
that the highest error rate occurred in three-phase-to-ground faults for validation and AB
phase for testing. The accuracy and test results for the ML algorithms used in the analysis
are depicted in Figure 8c. These results were summarized, highlighting their effectiveness
in identifying the faulty phases. The evaluation included validation accuracy, test accuracy,
and other relevant performance indicators to assess the effectiveness of the algorithms
in identifying faulty phases. As illustrated in Figure 8a,b, the trilayered NN algorithm
achieved a perfect adaptation to the dataset, demonstrating 99.79% accuracy validation
and 99.97% accuracy test.

4.3.3. Fault Location Detection

Finally, the goal was to develop an algorithm capable of predicting the fault location
accurately. To achieve this, the algorithm selection was guided by identifying which phase
or phases were involved in the fault, ensuring that the method could effectively utilize
this information for precise fault location. In addition, different algorithms were used
for phase-to-phase and phase-to-ground faults to enhance the accuracy of fault location
predictions. The significant increase in the error rate in the location detection of phase-to-
ground failures was due to the difference in the corresponding fault soil resistance. For this
reason, the accuracy rate was increased by using two different algorithms in the regression
step in order to obtain a more accurate fault location.

For Phase-to-Phase and Three-Phase Faults

The MAE, MSE, and RMSE values, derived from both the validation and test datasets,
are presented for the five ML algorithms that delivered the most accurate outcomes for
phase-to-phase and three-phase failure scenarios. As illustrated in Table 3, the interaction
linear regression algorithm achieved a perfect adaptation to the dataset, demonstrating
0.0066 MAE, 0.0001 MSE, and 0.0083 RMSE values for validating. Furthermore, the algo-
rithm proved to be a perfect fit for the dataset, showing 0.0071 MAE, 0.0001 MSE, and
0.0089 RMSE values for testing.

Table 3. Performance evaluation parameters of regression models for validation and test (phase-to-
phase failures).

Model MAE MSE RMSE MAE MSE RMSE
Type (Validation) (Validation) (Validation) (Test) (Test) (Test)
Interactions linear 0.0066 0.0001 0.0083 0.0071 0.0001 0.0089
Gaussian process 0.0069 0.0001 0.0087 0.0077 0.0001 0.0094
Neural network 0.0088 0.0008 0.0289 0.0080 0.0001 0.0100
Ensemble 0.4739 0.5730 0.7570 0.5126 0.5774 0.7599
Tree 0.6414 0.7951 0.8917 0.7595 0.9837 0.9918

The residual difference plots of the top three most successful algorithms along the line
length of phase-to-phase and three-phase faults, based on test and verification data, are
presented in Figure 9. The plots in Figure 9 and the data in Table 3 demonstrate that the
developed models achieved highly satisfactory distance predictions for both validation and
test data. In addition, it was observed that the interactions in the linear regression model
provided the most accurate distance estimates for both validation and test data. Upon a
detailed examination of Figure 9a,b, it becomes evident, through the aid of the axes, that
the system accurately detected the fault location, with a maximum deviation of 25 m, based
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on a dataset of 456 data points. Table 4 demonstrates key metrics of phase to phase such as
the training time, model size, and prediction speed for the machine learning algorithm. The
training time represents the duration needed to train the model, the model size indicates
the memory footprint of the trained model, and the prediction speed measures how fast
the model can generate predictions on new data.
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Figure 9. Residual difference plots at various km points for phase-to-phase failures. (a) Linear
regression for validation. (b) Linear regression for testing. (c) Gaussian process for validation.
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(d) Gaussian process for testing. (e) NN for validation. (f) NN for testing.

Table 4. Performance evaluation parameters of regression models for phase-to-phase failures.

Model Training Time Model Size Prediction Speed
Type (s) (kB) (obs/s)
Interactions linear 6.6421 8 26,000
Gaussian process 5.2662 30 28,000
Neural network 10.195 6 18,000
Ensemble 25.488 45 12,000
Tree 17.909 11 42,000

For Phase-to-Ground Faults

The MAE, MSE, and RMSE values, derived from both the validation and the test
datasets, are presented for the five ML algorithms that delivered the most accurate out-

comes for phase-to-ground failure scenarios. As illustrated in Table 5, the stepwise linear re-
gression algorithm achieved a perfect adaptation to the dataset, demonstrating 0.0308 MAE,
0.0013 MSE, and 0.0365 RMSE values for validating. Furthermore, the algorithm proved to
be a perfect fit for the dataset, showing 0.0319 MAE, 0.0014 MSE, and 0.0372 RMSE values

for testing.
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Table 5. Performance evaluation parameters of regression models for validation and test (phase-to-
ground failures).

Model MAE MSE RMSE MAE

Type (Validation) (Validation) (Validation) (Test) MSE (Tes)  RMSE (Test)
Stepwise linear 0.0308 0.0013 0.0365 0.0319 0.0014 0.0372
Gaussian process 0.0308 0.0014 0.0369 0.0317 0.0014 0.0373
Neural network 0.0308 0.0014 0.0369 0.0482 0.0220 0.1483
Ensemble 0.4881 0.8337 0.9131 0.5492 1.7536 1.3242
Tree 0.6233 0.9091 0.9535 0.6562 1.0033 1.0017

Validation Residual Plot for Predic

The residual difference plots of the top three most successful algorithms along the
line length of phase-to-ground faults, based on test and verification data, are presented in
Figure 10. The plots in Figure 10 and the data in Table 5 demonstrate that the developed
models achieved highly satisfactory distance predictions for both validation and test data. It
was observed that the stepwise linear regression model delivered the most precise distance
estimates for the validation dataset, while the squared exponential GPR achieved superior
accuracy for the test dataset. Upon a detailed examination of Figure 10a,b, it becomes
evident, through the aid of the axes, that the system accurately detected the fault location,
with a maximum deviation of 100 m, based on a dataset of 456 data points. The predominant
factor contributing to the greater deviation observed in phase-to-ground faults, as opposed
to phase-to-phase faults, was the inherent unpredictability of the zero-sequence impedance.
Table 6 demonstrates key metrics of phase to ground such as the training time, model size,
and prediction speed for the machine learning algorithm.
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Figure 10. Residual difference plots at various km points for phase-to-ground failures. (a) Linear
regression for validation. (b) Linear regression for testing. (c) Gaussian process for validation.
(d) Gaussian process for testing. (e) NN for validation. (f) NN for testing.
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Table 6. Performance evaluation parameters of regression models for phase-to-ground failures.

Model Training Time Model Size Prediction Speed
Type (s) (kB) (obs/s)
Stepwise linear 5.6487 7 63,000
Gaussian process 18.126 30 47,000
Neural network 29.267 9 69,000
Ensemble 10.276 145 16,000
Tree 10.193 11 81,000

According to the results presented in Tables 7 and 8, the prediction percentage errors
ranged from a maximum of 98 m to a minimum of 1 m. These outcomes indicated that the
algorithm provided a highly accurate fault location prediction as the errors were relatively
small and demonstrated the effectiveness of the approach.

Table 7. Results of fault location prediction for system short circuit currents 25 kA and 35 kA.

Real Fault Location

Predicted Fault Predicted Fault Predicted Fault Predicted Fault
Location for Location for Location for Location for

Phase-to-Phase (m) Phase-to-Ground (m) Phase-to-Phase (m) Phase-to-Ground (m)

(m) System Short Circuit System Short Circuit System Short Circuit System Short Circuit
Current 10 kA Current 10 kA Current 20 kA Current 20 kA

10,000 9997 9976 10,002 9989
30,000 30,016 30,034 30,014 30,039
50,000 50,005 50,051 49,981 50,041
70,000 69,982 70,027 69,989 700,028
90,000 90,011 89,979 90,007 90,037
110,000 110,009 110,064 109,989 110,052
130,000 130,023 129,934 130,011 129,940
150,000 149,986 149,941 150,024 150,079
170,000 170,021 170,082 170,007 170,088

Table 8. Results of fault location prediction for short circuit arc resistances 2 (2 and 10 Q).

Real Fault Location
(m)

Predicted Fault Predicted Fault Predicted Fault Predicted Fault
Location for Location for Location for Location for

Phase-to-Phase (m) Phase-to-Ground (m) Phase-to-Phase (m) Phase-to-Ground (m)

Fault Arc Resistance Fault Arc Resistance Fault Arc Resistance Fault Arc Resistance

20 20 10 Q) 10 Q)
10,000 10,001 10,009 10,002 9984
30,000 30,009 30,028 29,997 30,048
50,000 49,992 49,968 50,016 49,972
70,000 70,013 70,024 70,018 69,963
90,000 90,004 90,067 90,009 90,062
110,000 109,984 110,064 110,014 110,076
130,000 130,006 129,962 130,022 129,918
150,000 150,017 149,957 150,008 150,097
170,000 170,013 170,080 169,989 170,098

Evaluation of the Overall Performance of the Algorithms Used

It has been observed that models tended to make more errors for phase-earth failures
at higher distances (km). The main cause of this was unstable soil resistance. In contrast,
for phase-to-phase failures, the error propagation was more uniform. However, on behalf
of both cases, due to the presence of two different conductors, failures occurring at these
points led to an increased error rate.

The fault location increased in a partially linear relationship with the line’s resistance,
and linear regression was well suited to capture this. By preventing overfitting in the
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dataset, it avoided unnecessary complexity and improved generalization. This reduced the
risk of overfitting while yielding more reliable results. Additionally, the feature selection
process in linear regression eliminated noise, leading to more stable predictions. All
these factors allowed linear regression to perform better on this dataset compared with
other algorithms.

5. Conclusions

This study addressed the problem of fault detection, identifying the faulty phase
or phases and predicting the exact fault location using various ML algorithms. The pri-
mary goal was to achieve more accurate fault detection and classification prediction by
developing these classifying algorithms. The ensemble bagged algorithm achieved a 100%
success rate in fault detection. The NN algorithm accurately identified faulty phases with
99.97% accuracy. For location estimation, regression algorithms were used, and their perfor-
mances were compared. To evaluate the algorithms’ performances in validation and testing
progress, error residuals were analyzed. The interaction linear algorithm was the most
effective for phase-to-phase fault location, 0.0066 MAE, while the stepwise linear algorithm
performed best for phase-to-ground faults, 0.0308 MAE. The results demonstrated the
effectiveness of the proposed optimization algorithms in improving classification accuracy
and more precise fault location definition. Additionally, the study confirmed that the
ensemble algorithm exceled in fault detection, the neural network algorithm was superior
for fault phase identification, and the linear regression method was the most reliable for
precise location prediction.

Future work could explore the integration of deep learning techniques and real-time
fault detection systems to further enhance reliability and efficiency. Overall, this research
demonstrates the effectiveness of ML-based optimization in improving fault diagnosis in
power systems.
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