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Abstract - Transmission lines are critical components of modern power systems, and faults occurring on these lines can lead to equipment
damage, power interruptions, voltage disturbances, and system instability if they are not detected and cleared rapidly. Conventional
protection techniques based on electrical quantities such as voltage, current, and impedance are reliable, but their performance can be
affected by changing operating conditions, fault resistance, power swings, noise, and variations in network configuration. This work presents
an Al-based fault detection and classification system for transmission lines using machine-learning techniques. A dataset containing 5000
samples and 15 electrical input features is considered, representing Normal, LG, LL, LLG, and LLL operating conditions. The input
parameters include three-phase voltage and current measurements, RMS voltage and current, line-to-line quantities, and apparent
impedance. A Random Forest classifier with 200 decision trees is trained using 80% of the dataset and evaluated using the remaining 20%.
The developed model achieves an overall accuracy of 97.90%, demonstrating effective identification of different transmission-line
conditions. The model achieves particularly strong performance for Normal, LG, and LLL conditions, while minor confusion is observed
between LL and LLG faults. Feature-importance analysis indicates that apparent impedance, RMS voltage, and RMS current are among the
most influential parameters for fault classification. The trained model is also capable of predicting the condition of a new transmission-line
sample along with the probability associated with each fault class. The results demonstrate that machine-learning-based fault classification
can provide a fast, accurate, and intelligent approach for transmission-line protection, monitoring, and fault diagnosis, with potential
applications in modern smart-grid and digital protection systems.
Keywords— Transmission-line protection; fault detection; fault classification; Random Forest; machine learning; electrical feature analysis;
apparent impedance.

I. INTRODUCTION
The transmission line is one of the most important components of a modern power system, responsible for transferring electrical
energy from generating stations to distribution networks over long distances. Due to their extensive geographical exposure and
continuous operation under varying environmental and loading conditions, transmission lines are susceptible to different types of
faults such as single line-to-ground, line-to-line, double line-to-ground, and three-phase faults as shown in Fig. 1. These faults can
cause excessive currents, voltage disturbances, equipment damage, power outages, and instability in the power system if they are
not detected and cleared rapidly. Therefore, accurate and fast fault detection and classification are essential for maintaining the
reliability, stability, and security of electrical power systems.[1]

Figure 1: ATYPICAL EXAMPLE OF A FAULT IN TRANSMISSION LINE
Conventional transmission-line protection systems primarily use relay-based techniques that analyze electrical quantities such as
voltage, current, impedance, and phase angles to identify abnormal operating conditions. Although these methods are reliable and
widely implemented, their performance can be affected by fault resistance, fault location, system operating conditions, power
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swings, noise, and variations in renewable energy penetration. In addition, conventional methods may have limitations in
distinguishing between different fault types under complex and rapidly changing grid conditions. The increasing complexity of
modern power systems has therefore created a need for more intelligent and adaptive fault diagnosis techniques.

Artificial Intelligence (Al) provides an effective approach for addressing these challenges by enabling protection systems to learn
patterns from large amounts of electrical data. Al-based techniques such as Artificial Neural Networks (ANN), Support Vector
Machines (SVM), Decision Trees, Random Forests, and deep learning algorithms can process voltage and current signals and
identify fault-related patterns with high accuracy. These methods can be trained using simulated or real-time fault data to detect
the occurrence of a fault and classify its type rapidly. Al-based approaches can also improve their capability to handle nonlinear
relationships, noisy measurements, changing system conditions, and complex fault scenarios.[2]

The proposed work, titled “Al-Based Fault Detection and Classification in Transmission Lines,” focuses on developing an
intelligent protection framework capable of detecting transmission-line faults and accurately classifying their types using electrical
system parameters. The system can utilize measured voltage and current signals as input features and apply an appropriate Al
algorithm to distinguish normal operating conditions from faulty conditions. Once a fault is detected, the trained model can
classify whether the fault is single line-to-ground, line-to-line, double line-to-ground, or three-phase. Such an intelligent system
can contribute to faster fault identification, improved protection performance, reduced equipment damage, and enhanced
reliability of the overall power transmission network.

The integration of Al with conventional protection techniques represents a significant step toward the development of intelligent
and adaptive power-system protection. By combining real-time electrical measurements with machine-learning capabilities, the
proposed approach has the potential to provide rapid, accurate, and reliable fault diagnosis. This makes Al-based fault detection
and classification a promising technology for modern smart grids, where reliable operation, fast decision-making, and improved
system resilience are increasingly important.|[3]

Il. LITERATURE REVIEW

The detection and classification of faults in transmission lines have been extensively studied because faults can significantly affect
the reliability, stability, and security of electrical power systems. Conventional protection techniques generally depend on
overcurrent, distance, differential, and impedance-based relays. Among these, distance protection is widely used for transmission
lines because it estimates the apparent impedance between the relay location and the fault point. The basic relationship is given
by:

Vv

Zopp =T @

where Z,,, is the apparent impedance, V is the measured voltage, and | is the measured current. Under fault conditions, the
apparent impedance changes significantly, allowing the relay to determine whether a fault has occurred. However, the accuracy of
conventional impedance-based methods can be affected by fault resistance, power swings, source impedance variation, and
changing operating conditions.[4]

With the development of digital protection systems, signal-processing techniques have been increasingly applied to transmission-
line fault analysis. Methods such as Fourier Transform, Wavelet Transform, and Short-Time Fourier Transform are used to extract
useful information from voltage and current signals. The Discrete Fourier Transform (DFT), for example, can be expressed as:

N-1

X(k) =Y z(n)e i2n/N )

n=0
where x(n) represents the sampled electrical signal, N is the number of samples, and X(k) represents its frequency-domain
components. Although these techniques are effective in extracting fault features, their performance may depend strongly on signal
quality, sampling frequency, and the selection of suitable features.
Wavelet-based approaches have gained considerable attention because transmission-line fault signals are non-stationary and
contain transient components immediately after fault inception. The Continuous Wavelet Transform can be represented as:

Wiet) = [ “atwr (L) )

where a is the scale parameter, b is the translation parameter, x(t) is the input signal, and y(t) is the mother wavelet. Wavelet-
based methods can capture both time and frequency characteristics of fault transients, making them suitable for fault detection and
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classification. However, selecting an appropriate mother wavelet and decomposition level can influence the performance of the
protection system.[5]

The introduction of Artificial Intelligence (Al) has provided new opportunities for improving transmission-line fault diagnosis.
Artificial Neural Networks (ANNs) have been widely investigated because they can learn complex nonlinear relationships
between electrical measurements and fault conditions. A basic neuron can be represented by:

y=7Ff (Z w;T; + b) 4

where x; represents the input features, w; represents the corresponding weights, b is the bias, f is the activation function, and y is
the output. During training, the network adjusts its weights to minimize the difference between the predicted and actual fault
classes. ANN-based systems can provide rapid classification once trained, although their performance depends on the quality and
diversity of the training dataset.[6]

Support Vector Machine (SVM) techniques have also been applied to transmission-line fault classification. SVM attempts to
determine an optimal decision boundary between different fault classes. For a linearly separable dataset, the decision function can
be expressed as:

f@) =wTz b 5)

where w is the weight vector and b are the bias. Kernel functions can be used when the fault classes are not linearly separable.
SVM-based methods are particularly useful when the available training dataset is relatively small, but selecting appropriate kernel
parameters and input features is important for achieving high classification accuracy.
Decision-tree and ensemble learning techniques such as Random Forest have also been explored for power-system fault
classification. These methods can classify faults based on combinations of voltage, current, sequence components, or extracted
transient features. Their major advantage is their ability to handle nonlinear relationships and multiple input variables without
requiring extensive mathematical modelling of the transmission system. However, their performance is influenced by the quality
of the training data and the representation of different fault conditions.
More recently, deep-learning approaches have attracted significant attention because they can automatically extract relevant
features from raw or minimally processed electrical signals. Convolutional Neural Networks (CNNs), for example, can identify
spatial and temporal patterns in transformed voltage and current signals. Recurrent Neural Networks (RNNs) and Long Short-
Term Memory (LSTM) networks are particularly suitable for sequential electrical measurements because they can capture
temporal dependencies in fault signals. A simplified LSTM structure uses input, forget, and output gates to regulate information
flow through the network, making it suitable for analysing dynamic power-system behaviour.[7]
The performance of Al-based fault-classification systems is generally evaluated using metrics such as accuracy, precision, recall,
and F1-score. Classification accuracy can be calculated as:

Accuracy = TP+ TN x

TP+ TN + FP+ FN

where TP, TN, FP, and FN represent true positives, true negatives, false positives, and false negatives, respectively. For multi-
class fault classification, a confusion matrix is commonly used to determine how effectively the Al model distinguishes between
different fault categories.
Ovwerall, the literature indicates a gradual transition from conventional relay-based protection toward intelligent protection systems
combining signal processing, machine learning, and deep learning. Conventional methods provide reliable and well-established
protection, while Al-based approaches offer improved adaptability and the ability to recognize complex fault patterns. However,
challenges remain in obtaining representative datasets, handling noisy measurements, detecting high-resistance faults, maintaining
performance under changing operating conditions, and ensuring that Al decisions can be implemented within the strict response-
time requirements of protection systems. Therefore, the development of an accurate and computationally efficient Al-based fault
detection and classification system remains an important research area for enhancing the reliability and resilience of modern
transmission networks.[8]

100 (6)

I1l. PROBLEM STATEMENT
Transmission lines are continuously exposed to various electrical, environmental, and operational disturbances that can result in
faults such as single line-to-ground, line-to-line, double line-to-ground, and three-phase faults. If these faults are not detected and
classified rapidly, they may lead to equipment damage, power interruptions, voltage instability, and in severe cases, cascading
failures in the power system. Conventional protection methods based on impedance, current, and voltage measurements are
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effective under normal operating conditions but may face challenges in accurately identifying faults when fault resistance, loading
conditions, source impedance, and network configurations vary. Therefore, there is a need for an intelligent protection system
capable of rapidly detecting faults and accurately identifying their types under different operating conditions. The proposed work
addresses this problem by developing an Al-based fault detection and classification system for transmission lines using electrical
parameters such as voltage and current signals. The system aims to learn the characteristic patterns associated with different fault
conditions and provide reliable fault identification with high accuracy and fast response.

IV. METHODOLOGY IMPLEMENTED

The methodology adopted for Al-Based Fault Detection and Classification in Transmission Lines consists of several sequential
stages, beginning with the development of a transmission-line model and ending with the evaluation of the Al-based protection
system. The overall methodology is designed to detect the occurrence of a fault and subsequently classify its type using electrical
parameters such as three-phase voltage and current.

4.1. Transmission Line System Modelling

A suitable transmission-line model is developed using simulation software such as MATLAB/Simulink. The model consists of a
three-phase source, transmission line, load, measurement units, and fault block. Different operating conditions are considered to
represent both normal and faulty conditions. The transmission-line impedance can be represented as:

Z=R+jX @)

where R is the resistance and X is the reactance of the transmission line.[9]
4.2. Fault Generation
Different types of faults are introduced at selected locations on the transmission line. The major fault conditions considered are:
e Single Line-to-Ground (LG) fault
Line-to-Line (LL) fault
Double Line-to-Ground (LLG) fault
Three-Phase (LLL) fault
Three-Phase-to-Ground (LLLG) fault, if required
Fault conditions are simulated by varying parameters such as fault location, fault resistance, and fault initiation time. This
generates a comprehensive dataset containing different fault scenarios.[10]
4.3. Data Acquisition
Three-phase voltage and current signals are measured at the selected observation point. For each operating condition, the
corresponding voltage and current waveforms are recorded. The current and voltage relationship can be represented by:

I=Z 8)

During a fault, the impedance seen by the system changes, resulting in significant variations in current and voltage. These
variations provide important information for identifying the occurrence and type of fault.[11]
4.4. Signal Preprocessing
The collected electrical signals are pre-processed before being supplied to the Al model. This stage may include noise removal,
normalization, sampling, segmentation, and conversion of signals into suitable input features. Normalization can be expressed as:
X — Emin
Brorm =~ 9)
Tinae — Lrmin

where X is the original input value, while Xmin and Xmax are the minimum and maximum values of the corresponding feature.
Preprocessing improves the consistency of the input data and helps the Al model learn efficiently.[12]
4.5. Feature Extraction
Important characteristics are extracted from the voltage and current signals. The features may include RMS voltage, RMS current,
peak values, phase angles, sequence components, voltage deviations, current deviations, and transient characteristics. For
example, the RMS value of a periodic signal is given by:

Xpus = N Zmﬁ (10)
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These extracted features are used to distinguish normal operating conditions from different fault conditions.[13]

4.6. Dataset Preparation

The generated data are divided into different categories according to the operating condition and fault type. The dataset is
generally divided into training, validation, and testing datasets. The training dataset is used to develop the Al model, the validation
dataset is used for parameter tuning, and the testing dataset is used to evaluate the final performance of the trained model.

4.7. Al Model Development

An appropriate machine-learning or deep-learning algorithm is developed for fault detection and classification. Algorithms such
as Artificial Neural Network (ANN), Support Vector Machine (SVM), Decision Tree, Random Forest, or other suitable models
can be considered. The Al model learns the relationship between the input electrical parameters and the corresponding fault
classes.

For an ANN, the output of a neuron can be represented as:

y=1F (Z wiw; + b) (11)

where X; represents the input features, w; represents the weights, b is the bias, and f is the activation function.[14]

4.8. Fault Detection

The first stage of Al-based diagnosis determines whether the transmission line is operating normally or under a faulty condition.
The model receives the measured electrical parameters and produces a corresponding output. If the output indicates a fault, the
system proceeds to the classification stage.

4.9. Fault Classification

After detecting a fault, the Al model identifies its specific type. The classifier distinguishes between LG, LL, LLG, LLL, and
other predefined fault categories. This two-stage approach improves the interpretability of the protection system by separately
determining whether a fault exists and what type of fault has occurred.[15]

4.10. Model Training and Optimization

The Al model is trained using the prepared dataset by minimizing the difference between the actual fault class and the predicted
class. A general loss function for classification can be represented as:

C
L=- Z vi log() (12)

where C is the number of classes, y; is the actual class label, and y'; is the predicted probability for that class. Model parameters
are adjusted iteratively to minimize the loss function and improve classification performance.

4.11. Performance Evaluation

The developed model is tested using previously unseen data. Its performance is evaluated using accuracy, precision, recall, F1-
score, and confusion matrix. Accuracy is calculated as:

4 B TP + TN
CUTAY = TP L TN + FP + FN

% 100 (13)

A confusion matrix is also used to determine whether the Al model is correctly distinguishing among the different fault categories.
The final objective of this methodology is to develop an intelligent and fast fault-diagnosis system capable of accurately detecting
and classifying transmission-line faults under different operating conditions.[16]

V. MODEL IMPLEMENTATION

The dataset used for the Al-Based Fault Detection and Classification in Transmission Lines consists of three-phase electrical
measurements collected under normal and different fault operating conditions. The dataset contains 5,000 observations, with
1,000 observations corresponding to each operating condition: Normal, Single Line-to-Ground (LG) fault, Line-to-Line (LL) fault,
Double Line-to-Ground (LLG) fault, and Three-Phase (LLL) fault. The dataset provides the necessary electrical parameters
required for developing and evaluating a machine-learning-based transmission-line protection system.
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Va Vb Ve la b Ic V_RMS  I_RMS Vab Vbc Vca lab Ibc Ica Z_App Fault

1.025726 1.004909 1.008259 1.056542 0.983707 0.983661 1.013006 1.008555 0.020817 0.00335 0.017467 0.072835 4.57E-05 0.072881 1.004413 Normal
0.995759 0.947611 0.980158 0.978616 0.970966 0.980932 0.974716 0.976847 0.048148 0.032547 0.015601 0.00765 0.009967 0.002317 0.997818 Normal
0.983095 1.020741 0.976845 0.990117 0.998432 0.966832 0.99375 0.985218 0.037646 0.043896 0.00625 0.008315 0.031599 0.023284 1.00866 Normal
1.003021 0.957796 0.958651 0.991509 1.012941 1.026283 0.973385 1.010346 0.045225 0.000855 0.04437 0.021432 0.013342 0.034775 0.963417 Normal
1.017182 0.974052 0.99809 0.982263 0.986318 1.037861 0.996598 1.002467 0.04313 0.024038 0.019093 0.004054 0.051544 0.055598 0.994145 Normal
0.989696 1.006322 0.98149 0.951211 1.031604 1.071448 0.992556 1.019315 0.016626 0.024832 0.008207 0.080392 0.039844 0.120237 0.973748 Normal
1.000201 1.011417 0.945408 1.031799 1.032169 0.980664 0.986097 1.015166 0.011216 0.066009 0.054793 0.00037 0.051505 0.051135 0.971366 Normal
0.984801 0.999651 1.011288 1.003309 0.976265 0.986128 0.998639 0.988631 0.01485 0.011636 0.026487 0.027044 0.009863 0.017182 1.010123 Normal
1.002495 0.997198 0.998489 1.001043 0.995263 0.990872 0.999397 0.995735 0.005297 0.001291 0.004006 0.005781 0.00439 0.010171 1.003678 Normal
1.003227 1.001527 0.961277 0.975831 1.024663 1.088936 0.988867 1.030851 0.001701 0.040249 0.04195 0.048832 0.064273 0.113105 0.959272 Normal
1.005915 0.976149 1.029052 0.947875 0.986592 1.067085 1.003939 1.001749 0.029766 0.052903 0.023137 0.038717 0.080492 0.11921 1.002187 Normal
0.986889 0.997163 0.983886 1.072641 0.944353 0.994031 0.989329 1.005063 0.010274 0.013277 0.003003 0.128288 0.049678 0.07861 0.984345 Normal
1.007703 1.019101 0.968461 0.965031 1.02152 0.994623 0.998657 0.993992 0.011398 0.05064 0.039242 0.056488 0.026897 0.029591 1.004693 Normal
1.048901 1.00127 0.985808 1.027952 0.987201 1.061548 1.012349 1.026018 0.047632 0.015462 0.063094 0.040751 0.074348 0.033596 0.986678 Normal
0.997859 0.993197 0.98234 1.004596 0.992394 1.064638 0.991153 1.021031 0.004662 0.010857 0.015519 0.012203 0.072244 0.060042 0.970738 Normal
1.017246 0.982129 0.970114 0.984177 0.984366 1.038548 0.990031 1.00269 0.035117 0.012014 0.047132 0.000189 0.054182 0.054371 0.987375 Normal
1.004864 0.963656 1.007041 1.022775 0.995145 1.025688 0.992054 1.014629 0.041208 0.043386 0.002178 0.02763 0.030542 0.002913 0.977751 Normal
0.978156 0.992599 1.019841 1.028441 1.009146 1.130761 0.997015 1.057464 0.014444 0.027242 0.041685 0.019295 0.121615 0.10232 0.942836 Normal
0.991406 0.979136 0.985573 1.024235 1.070725 0.922427 0.985385 1.007701 0.01227 0.006437 0.005833 0.04649 0.148298 0.101808 0.977855 Normal

Figure 2: DATASET USED FOR THE AI-BASED FAULT DETECTION AND CLASSIFICATION IN TRANSMISSION LINES
The dataset comprises three-phase voltage and current measurements that characterize the electrical conditions at a selected
monitoring point in the transmission system. These measurements provide the primary information required to distinguish normal
operation from fault conditions. During normal operation, the electrical quantities generally remain within their expected ranges
and exhibit an approximately balanced three-phase response. Fault occurrence alters the magnitude and balance of these
quantities, producing patterns that support automated fault detection and classification.[17]
Five operating conditions are considered: normal operation, single-line-to-ground faults, line-to-line faults, double-line-to-ground
faults, and three-phase faults. Single-line-to-ground faults involve an electrical connection between one phase and ground and
commonly produce voltage depression and increased current in the affected phase. Line-to-line faults involve two phases and
introduce disturbances in their voltage and current characteristics. Double-line-to-ground faults involve two phases connected to
ground, resulting in changes in phase magnitudes and system balance. Three-phase faults affect all phases simultaneously and
typically produce substantial voltage depression and elevated fault currents. The severity of these disturbances depends on the
fault location, fault resistance, system configuration, and operating conditions.[18]
In addition to the directly measured quantities, the dataset includes derived electrical features describing root-mean-square voltage
and current, differences between phase voltages and currents, and apparent impedance. The root-mean-square quantities
characterize the effective magnitudes of the measured signals, while the differences between phases provide information about
their relative electrical behaviour. Apparent impedance contributes an additional representation of the transmission-line operating
condition and complements the voltage and current features. Together, the measured and derived quantities form a set of fifteen
input features, with each observation assigned to its corresponding operating condition.[19]
The dataset contains an equal number of observations for each of the five classes. This distribution provides comparable
representation of normal and faulty conditions during model development and reduces the influence of class-frequency imbalance
on classifier training. However, balanced class representation alone does not ensure unbiased predictions or equivalent
performance across fault categories. A stratified division into training and testing subsets preserves the class proportions and
supports evaluation across all operating conditions.[20]
Feature standardization is incorporated into the preprocessing procedure to place electrical quantities with different numerical
ranges on a common scale. The standardization parameters are determined exclusively from the training subset and subsequently
applied to the testing subset to prevent information leakage. Although Random Forest classification does not generally require
feature scaling, this step provides a consistent preprocessing framework for the selected inputs. The training subset is used to
establish the relationship between electrical characteristics and operating conditions, while the testing subset provides previously
unseen observations for performance assessment.[21]
The Random Forest classifier combines predictions from multiple decision trees to identify patterns associated with normal
operation and the different fault categories. By jointly examining measured and derived electrical features, the model can capture
nonlinear relationships relevant to fault discrimination. Classification performance is evaluated using accuracy, precision, recall,
and the harmonic mean of precision and recall. A confusion matrix provides a detailed account of correctly classified observations
and misclassifications between operating conditions, supporting the identification of fault categories that are difficult to
distinguish.
The selected feature set provides a basis for investigating machine-learning-based transmission-line fault detection and
classification. Its practical relevance depends on the representativeness of the underlying measurements and the range of operating
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and fault conditions included. Journal reporting should therefore identify the actual dataset source, acquisition procedure, and
conditions represented. Further validation under variations in loading, fault resistance, fault location, and measurement noise is
necessary to establish the suitability of the trained classifier for practical protection applications.[22]
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Figure 3: PYTHON PROGRAM IMPLEMENTING A MACHINE-LEARNING-BASED TRANSMISSION-LINE FAULT
CLASSIFICATION SYSTEM USING A RANDOM FOREST CLASSIFIER

The proposed transmission-line fault classification framework employs a Random Forest classifier to distinguish normal operation
from different fault conditions using electrical measurements. The implementation follows a structured workflow comprising
dataset inspection, feature preparation, training and testing, performance evaluation, feature-importance analysis, and
classification of new observations. Figure 3 illustrates the principal stages of the framework. The implementation is compatible
with Google Colab and uses established Python libraries for numerical processing, data management, machine learning, and
visualization.[23]
The dataset is initially examined to verify its dimensions, feature types, and class distribution. Each observation contains
measured and derived electrical quantities describing the operating condition of the transmission line. These include three-phase
voltages and currents, root-mean-square quantities, differences between phase measurements, and apparent impedance. The
electrical features constitute the classifier inputs, while the corresponding operating-condition labels provide the reference
categories for supervised learning. The classification task considers normal operation, single-line-to-ground faults, line-to-line
faults, double-line-to-ground faults, and three-phase faults.[24]
The observations are divided into training and testing subsets, comprising eighty percent and twenty percent of the dataset,
respectively. Stratified sampling preserves the relative representation of the operating conditions in both subsets. A fixed random
seed ensures that the partition can be reproduced in subsequent executions. The training subset is used for model development,
while the testing subset is reserved for evaluating classification performance on observations excluded from training.[25]
Feature standardization is incorporated into the preprocessing workflow to express the electrical measurements on a common
numerical scale. The transformation is fitted exclusively to the training subset and subsequently applied to the testing subset,
preventing information from the test observations from influencing preprocessing. Although feature scaling is generally
unnecessary for decision-tree-based classifiers, its inclusion maintains a consistent input-processing procedure and supports
potential comparisons with algorithms that are sensitive to differences in feature magnitude.[26]
The Random Forest model consists of two hundred decision trees, each restricted to a maximum depth of fifteen. Combining
multiple trees enables the classifier to learn nonlinear relationships between electrical measurements and fault categories. The
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depth restriction controls tree complexity and is intended to limit excessive fitting to the training observations. Balanced class
weighting is also enabled, assigning weights according to class frequencies in the training subset. For an equally represented
dataset, these weights are equivalent across classes. A fixed random seed supports reproducibility of model training.[27]
Following training, the classifier predicts the operating condition of each observation in the testing subset. The predicted
categories are compared with their reference labels using accuracy, precision, recall, and the harmonic mean of precision and
recall. Accuracy describes the overall proportion of correctly classified observations, while the class-specific measures provide a
more detailed assessment of fault discrimination. Precision reflects the reliability of predictions assigned to a category, whereas
recall indicates the proportion of observations within that category that are correctly identified. Reporting these measures for each
operating condition enables assessment of performance differences that may be concealed by overall accuracy.[28]
A confusion matrix provides a complementary evaluation by showing the distribution of correct predictions and classification
errors across the five operating conditions. Diagonal entries represent correctly identified observations, while off-diagonal entries
reveal confusion between categories. This representation supports examination of whether errors occur between fault types or
between normal and faulty operation. Such distinctions are relevant when assessing the potential application of the classifier to
transmission-line monitoring.[29]
Feature-importance analysis is performed to examine the relative contribution of the electrical inputs to the trained model. The
importance scores are ranked and displayed graphically to identify the measurements most frequently associated with reductions
in classification impurity across the decision trees. This analysis provides insight into the features used by the classifier to
distinguish operating conditions. However, these scores describe the behaviour of the fitted model and should not be interpreted as
direct evidence of physical causation or the independent relevance of strongly correlated measurements.[30]
The trained framework is subsequently applied to a new observation representing an unclassified transmission-line condition.
Before prediction, the measurements are arranged in the same feature order used during training and transformed using the
previously fitted standardization procedure. Maintaining this consistency ensures that each measurement is interpreted according
to its intended electrical meaning. The processed observation is then supplied to the classifier, which assigns it to one of the five
operating categories.[31]
In addition to the predicted category, the framework produces estimated class probabilities that describe the model’s relative
preference among the available operating conditions. These estimates provide supplementary information about prediction
ambiguity, particularly when several categories receive comparable scores. They should be interpreted as model outputs rather
than calibrated measures of certainty unless probability calibration has been separately evaluated.[32]
The implementation establishes an integrated workflow for transmission-line fault classification, linking electrical feature
processing with supervised learning, quantitative evaluation, and prediction of new observations. lIts effectiveness must be
established from the reported test results, while practical suitability requires further assessment using representative operating
conditions and independently acquired measurements.

VI. RESULTS AND DISCUSSION
The developed transmission-line fault classification system was evaluated using a dataset containing 5,000 observations and
sixteen columns, comprising fifteen electrical input features and one operating-condition label, as presented in Figure 4. The
inputs include three-phase voltages and currents, root-mean-square voltage and current, differences between phase measurements,
and apparent impedance. Five operating conditions were considered: normal operation, single-line-to-ground faults, line-to-line
faults, double-line-to-ground faults, and three-phase faults. Each category contained approximately 1,000 observations, providing
comparable class representation during model development. The testing subset comprised 1,000 observations, with 200
observations representing each operating condition.[33]
The Random Forest classifier achieved an overall testing accuracy of 97.90%, correctly identifying 979 of the 1,000 observations.
Normal operation, single-line-to-ground faults, and three-phase faults each achieved precision, recall, and an F1-score of 1.00.
These results indicate that all testing observations belonging to these categories were correctly identified, with no observations
from other categories incorrectly assigned to them. For line-to-line faults, precision, recall, and the F1-score were approximately
0.92, 0.98, and 0.95, respectively. The corresponding values for double-line-to-ground faults were approximately 0.98, 0.92, and
0.95. Both the macro-averaged and weighted-averaged F1-scores were approximately 0.98, indicating strong aggregate
performance across the evaluated categories.[34]
The confusion matrix reveals that classification errors were confined to line-to-line and double-line-to-ground faults. Of the 200
line-to-line fault observations, 196 were correctly classified, while four were identified as double-line-to-ground faults.
Conversely, 183 double-line-to-ground fault observations were correctly classified, while seventeen were assigned to the line-to-
line category. This asymmetric error pattern indicates that the classifier had greater difficulty recognizing double-line-to-ground
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faults. Overlap in the electrical features associated with these two categories offers a plausible explanation, although confirming
the cause would require closer examination of the misclassified observations and their underlying fault conditions.[35]

Dataset Information:

<class 'pandas.core.frame.Dataframe’>
RangeIndex: 5000 entries, © to 4999
Data columns (total 16 columns):

#  Column Non-Null Count Dtype

Va 5000 non-null floate4
Vb 5000 non-null floate4
Vc 5000 non-null floate4d
Ia 5000 non-null floate4d

5000 non-null float64d
Ic 5000 non-null floate4

V_RMS 5000 non-null floate4
I RMS 5000 non-null floate64d

O N DR W N R ®
—
=2

Vab 5000 non-null floate4d

Vbc 5000 non-null tloate4d
10 Vca 5000 non-null floate4d
11 Iab 5000 non-null floate4
12 Ibc 5000 non-null floate4d
13 Ica 5000 non-null floate4d
14 7 App 5000 non-null float64

15 Fault 5000 non-null object
dtypes: floate4(15), object(1l)
memory usage: 625.1+ KB
None

First Five Rows:

Va Vb Ve Ia Ib Ic V_RMS \
® 1.0825726 1.004909 1.008259 1.056542 ©.983707 0.983661 1.013006
1 ©.995759 0.947611 @.980158 0.978616 ©.970966 ©.980932 0.974716
2 ©.983095 1.020741 @.976845 ©0.990117 ©.998432 0.966832 0.993750
3 1.003621 0.957796 ©.958651 ©.991509 1.012941 1.026283 ©0.973385
4 1.017182 ©.974852 0.998090 0©.982263 ©.986318 1.837861 ©.996598
I_RMS Vab Vbc Vca Iab Ibc Ica \
® 1.008555 ©.020817 ©.003350 0.017467 0.072835 ©0.000046 ©0.072881
1 ©.976847 ©.043148 0.032547 0.015601 0.007650 ©.009967 0.002317
2 ©.985218 ©.037646 ©.043896 ©.006250 ©.008315 ©.031599 0.023284
3 1.010346 0.045225 ©.000855 ©0.044370 ©0.021432 ©0.913342 0.034775
4 1.002467 ©.043130 0.024038 0.019093 0.004054 0.051544 0.055598

Z_App Fault
1.004413 Normal
©.997818 Normal
1.008660 Normal
©.963417 Normal
©.994145 Normal

BwWN R

Class Distribution:

Fault

Normal 1000
LG Fault 1000
LL Fault 1000

LLG Fault 1000
LLL Fault 1000
Name: count, dtype: int64
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Model Accuracy: 97.90%

Classification Report:

precision recall fl-score support

LG Fault 1.00 1.00 1.00 200

LL Fault 0.92 ©.98 ©.95 200

LLG Fault .98 0.92 .95 200
LLL Fault 1.00 1.00 1.06 200
Normal 1.00 1.00 1.00 200
accuracy ©.98 10606
macro avg 0.98 ©.98 .98 1000
weighted avg ©.98 0.98 0.98 1000

Confusion Matrix:

[[200 0 (7] 0 0]
0 200 %] a 2]
%] 2 196 4 0]
0 0 17 183 0]
a

[
[
[
[ @ 0 0 200]]

Transmission Line Fault Classification

200
Normal 175
- 150
LG Fault
125
2
(4]
- LL Fault 100
@
=
P—
75
LLG Fault
50
LLL Fault 25
0
"3 A\ MK NG e
) ) ) AN ")
= <o > <o

Predicted label
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Feature Importance:

Feature Importance
14 Z App ©.128563
6 V_RMS ©.118698
7 I RMS 0.080737
4 Ib 0.872252
1 Vb 0.869845
8 Vab 0.869165
12 Ibc 0.066408
13 Ica 0.864595
9 Vbc 0.859522
16 Vca ©.859110
3 Ia 0.858043
0 Va 0.852623
5 Ic 0.842145
2 Ve 0.841366
11 Iab 0.016930

Feature Importance - Random Forest

Z_App
V_RMS

| RMS

Vab
Ibc

Ica

Feature

Vca

la

Ve
lab

0.00 0.02 0.04

0.06

0.08

Importance
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Predicted Condition:
LG Fault

Prediction Probabilities:
LG Fault: 88.00%

LL Fault: 11.00%

LLG Fault: ©.00%

LLL Fault: 1.00%

Normal: ©.00%

Figure 4: RANDOM FOREST-BASED TRANSMISSION LINE FAULT CLASSIFICATION: DATASET CHARACTERISTICS,
CLASSIFICATION ACCURACY, PERFORMANCE METRICS, CONFUSION MATRIX, FEATURE IMPORTANCE, AND PREDICTION
OF FAULT CONDITIONS WITH ASSOCIATED CLASS PROBABILITIES.

Feature-importance analysis identified apparent impedance as the highest-ranked input, with an importance score of
approximately 0.129. Root-mean-square voltage and root-mean-square current followed, with scores of approximately 0.119 and
0.080, respectively. Additional contributions were provided by individual phase measurements and differences between phase
voltages and currents. The ranking suggests that impedance-related behaviour and effective electrical magnitudes contributed
substantially to the model’s classification decisions. However, these importance scores describe how the trained ensemble used
the available features; they do not establish physical causation or independently quantify the diagnostic value of correlated
inputs.[36]

The framework was also applied to an individual observation, which was classified as a single-line-to-ground fault. The estimated
class probabilities were 88% for a single-line-to-ground fault, 11% for a line-to-line fault, and 1% for a three-phase fault, with the
remaining categories receiving zero at the reported precision. This distribution indicates a clear model preference for the predicted
category while retaining some ambiguity with the line-to-line condition. The probability estimates supplement the predicted label
but should not be interpreted as calibrated certainty without a separate calibration assessment. Moreover, the correctness of this
individual prediction cannot be established without its reference label.[37][38]

The results demonstrate that the Random Forest classifier effectively distinguished the five operating conditions within the
evaluated testing subset. Its principal limitation was the confusion between line-to-line and double-line-to-ground faults,
particularly the reduced recall for the latter category. Apparent impedance and root-mean-square measurements were prominent
contributors to the learned classification patterns. These findings support the approach as a candidate for transmission-line fault
diagnosis, while broader validation is required to establish performance under independent operating conditions. Practical
protection applications would additionally require evaluation of measurement noise, fault-location and fault-resistance variations,
and processing latency before claims of real-time reliability can be substantiated.[39][40]

VI1.CONCLUSION
The proposed Al-based transmission-line fault detection and classification system successfully demonstrates the application of
machine learning for identifying and classifying different operating conditions of a transmission line. The developed system uses
electrical parameters such as three-phase voltages, three-phase currents, RMS quantities, line-to-line voltages and currents, and
apparent impedance as input features. A Random Forest classifier was implemented to distinguish between Normal, LG, LL,
LLG, and LLL fault conditions. The model achieved an overall classification accuracy of 97.90%, demonstrating its high
effectiveness and reliability in identifying transmission-line faults. The classification results show that the model achieved perfect
classification for Normal, LG Fault, and LLL Fault conditions, while only minor misclassification was observed between LL and
LLG faults. The confusion matrix confirms that most of the test samples were correctly classified, with the main errors occurring
because of the similarity between LL and LLG fault characteristics. The feature-importance analysis also demonstrated that
apparent impedance, RMS woltage, and RMS current are among the most influential parameters for fault classification. In
addition, the model successfully predicted a new operating condition as an LG Fault with an 88% probability, demonstrating its
ability to provide both fault classification and prediction confidence. Overall, the study demonstrates that machine-learning
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techniques can provide a fast, accurate, and intelligent approach to transmission-line fault detection and classification. The
proposed system has the potential to support conventional protection methods and improve the reliability, security, and monitoring
capability of modern power transmission networks. However, further validation using larger and more diverse real-world datasets,
different fault conditions, noise levels, fault resistances, and varying system operating conditions is necessary before practical
implementation. The integration of such Al-based techniques with conventional protection systems can contribute significantly to
the development of intelligent, adaptive, and reliable power-system protection and smart-grid applications.
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