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Abstract: Ensuring a consistently reliable power supply is paramount in power systems. Researchers
are engaged in the pursuit of categorizing transmission line failures to design countermeasures for
mitigating the associated financial losses. Our study employs a machine learning-based methodology,
specifically the Conformer Convolution-Augmented Transformer model, to classify transmission
line fault types. This model processes time series input data directly, eliminating the need for expert
feature extraction. The training and validation datasets are generated through simulations conducted
on a two-terminal transmission line, while testing is conducted on historical data consisting of
108 events that occurred in the Taiwan power system. Due to the limited availability of historical
data, they are utilized solely for inference purposes. Our simulations are meticulously designed
to encompass potential faults based on an analysis of historical data. A significant aspect of our
investigation focuses on the impact of the sampling rate on input data, establishing that a rate of
four samples per cycle is sufficient. This suggests that, for our specific classification tasks, relying on
lower frequency data might be adequate, thereby challenging the conventional emphasis on high-
frequency analysis. Eventually, our methodology achieves a validation accuracy of 100%, although
the testing accuracy is lower at 88.88%. The discrepancy in testing accuracy can be attributed to the
limited information and the small number of historical events, which pose challenges in bridging
the gap between simulated data and real-world measurements. Furthermore, we benchmarked
our method against the ELM model proposed in 2023, demonstrating significant improvements in
testing accuracy.

Keywords: transmission line fault classification; machine learning; sampling rate; conformer model

1. Introduction

Transmission line protective relaying is crucial to maintaining reliable power system
operation, involving three core functions: detection, classification, and fault localization [1].
These functions play a vital role in safeguarding the overall stability and integrity of the
power grid, ensuring a continuous and uninterrupted supply of electricity. This study aims
to enhance fault classification accuracy using machine learning (ML) techniques. Fault
classification provides valuable information that significantly aids in quickly estimating
fault locations, leading to faster fault-clearing times and the rapid restoration of power
service [2]. In real-life scenarios, relays and circuit breakers are deployed to monitor the
status of transmission lines. However, actuating the relay is time-consuming and this
operation is more efficient using ML [3].

ML-based techniques have garnered widespread acclaim in the domain of transmission
line fault classification [2,4]. ML-based methods require substantial data to effectively train
classifier models. While most studies rely on simulated data due to the scarcity of real-
system fault data [3,5–7], our approach also incorporates historical event data from the
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Taiwan power system, comprising 108 events with varied fault scenarios. It is noteworthy
that a laboratory physical system developed in [8] generates a relevant dataset. These
studies generate data through simulation considering different fault impedances, fault
locations, fault inception angles (FIAs), circuit breaker time delays, transmission line
configurations, source impedances, and the transposition of transmission lines [5,8–13]. In
this study, we train and validate our classifier model using simulated data but test it using
historical event data collected from the Taiwan power system. The limited availability of
historical data, particularly with some fault types represented by only a few cases, restricts
our ability to use these data for training. Based on the analysis of the historical data,
we generate various scenarios to emulate potential faults in the Taiwan power system
more realistically.

The input data for the classifier model comprise measurements of three-phase voltage
and currents obtained from either the single end or double end of a multi-terminal trans-
mission line. However, most studies require preprocessing via feature extraction prior to
training. Feature extraction is crucial in classification by isolating relevant and critical data
from raw signals. For fault classification purposes, most feature extraction processes in-
volve transforming the input time series data into the frequency domain. Previous research
has introduced feature extraction methodologies such as wavelet packet transformation
(WT) [6,7,14,15], multiwavelet packet transformation (MWT) [13], Hilbert–Huang Trans-
form (HHT) [8], time series imaging [10], and mathematical morphology (MM) [9]. The
precise classification of faults in transmission lines through WTs necessitates dynamically
adjusting their parameters according to the prevailing power system topology [4]. Ad-
ditionally, selecting an appropriate mother wavelet for analysis is imperative to address
specific fault scenarios. This strategic choice ensures optimal extraction of relevant fea-
tures from the signal, facilitating the accurate identification and characterization of faults
within the transmission line network. Although HHT in [8] was used to eliminate the
challenge of selecting a suitable mother wavelet for a WT, it is not applicable for wideband
signals and requires high computational complexity. Though most studies focus on expert
feature extraction, some studies apply time series raw data directly to their model [3,5].
Designing a model adept at directly processing raw time series data allows us to harness
the power of machine learning to autonomously discern and delineate crucial patterns and
characteristics, thereby enhancing the accuracy of fault classification. This approach not
only streamlines the workflow but also elevates the model’s adaptability across diverse
fault scenarios, ensuring its efficacy in real-world applications without the need of expert
knowledge for feature extraction.

Applying the model to real-world data introduces numerous challenges, particularly
concerning the diverse sampling rates of input data, where different types of relays each
operate at specific sampling rates. In Taiwan, these rates range from 4 to 188.5 samples per
cycle. In contrast, simulation-based studies typically utilize consistent sampling rates, such
as 20 kHz (333.33 samples per cycle for 60 Hz or 400 samples per cycle for 50 Hz) [3,5,7],
10 kHz (200 samples per cycle for 50 Hz) [8,13], 2.4 kHz (40 samples per cycle for 60 Hz) [15],
and 1000 Hz (20 samples per cycle for 50 Hz) [12]. It is crucial to recognize that a model
trained at a specific sampling rate may not perform optimally when processing data at a
different sampling rate. Our study highlights that the highest accuracy is achieved when
the sampling rate during testing closely matches the training sampling rate, underscoring
the importance of considering sampling variability in model training and validation. We
explore two approaches to address the challenge of handling signals with varying sample
rates. The first approach involves training the classifier model for several commonly used
sample rates. However, this approach may not be suitable for scenarios where the model
needs to handle sample rates significantly deviating from the range of the training sample
rates. The second approach involves resampling the signal to align with the sample rate
used during the training phase before feeding it into the neural network. Our research
explores three models to handle different sampling rates: Model I adapts to various rates;
Models II and III involve resampling the data to 16 and 4 samples per cycle, respectively.
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Notably, Model III, which simplifies input data to lower sampling rates, demonstrates that
detailed high-frequency information may have minimal impact on fault classification. This
finding suggests that for our specific classification tasks, focusing on lower frequency data
could be sufficient, challenging the conventional emphasis on high-frequency analysis.

The existing literature has proposed a repertoire of machine learning models on trans-
mission line fault classification, encompassing the Artificial Neural Network (ANN) [12],
Extreme Learning Model (ELM) [3], Radial Basis Function (RBF) neural network [13],
Convolutional Neural Network (CNN) [7,8], Long Short-Term Memory (LSTM) [11], self-
attention CNN (SAT-CNN) [10], Support Vector Machine (SVM) [14,16], and Decision
Tree (DT) [9]. Furthermore, ensemble techniques have been extensively employed across
various domains utilizing ML-based methodologies [17,18], and similarly, transmission
line fault classification also utilizes these techniques [19]. In this study, our aim is to de-
velop a model distinguished by its exceptional generalizability, thus significantly reducing
the reliance on expert feature extraction. Therefore, our study utilizes the Conformer
Convolution-Augmented Transformer model, known for integrating local and global infor-
mation efficiently. The Conformer has the ability to outperform LSTM and other Recurrent
Neural Networks (RNNs), which are two common models used for handling time-relevant
input data, in terms of classification accuracy with the same set of parameters [20], which
is analogous to the three-phase voltage and current signals used in our study. In addition,
the Conformer achieves higher accuracy in a similar training time compared to LSTM and
other RNNs [20]. Notably, in Automatic Speech Recognition (ASR), the Conformer model
has demonstrated its effectiveness by surpassing the performance of previous Transformer-
and CNN-based models, achieving state-of-the-art accuracies [21].

The main contributions of this study are listed below:

• Our ML-based model can classify time series inputs without the need for expert
feature extraction.

• The window selection for fault classification must encompass pre-fault and fault states.
Nonetheless, we have observed that some historical event data also include post-fault
states. Consequently, our model is designed to successfully classify faults using data
that either include or exclude post-fault states.

• Resampling the data using frequency domain information provides several advan-
tages, including handling non-integer sampling rates, benefiting from batch normal-
ization, and improving efficiency.

• Resampling the data to four samples per cycle is sufficient for fault classification, even
if the resulting signal may not perfectly resemble a sine wave. This finding suggests
that for our specific classification tasks, focusing on lower frequency data could be
sufficient, challenging the conventional emphasis on high-frequency analysis.

• We conduct a comparative analysis between our method and the ELM described in [3],
which has been compared with 11 state-of-the-art approaches spanning from 2015
to 2022. Our method significantly outperformed the ELM, which achieved a testing
accuracy of 62%, whereas our method recorded higher accuracies of 88.88%

The remaining sections of this paper are structured as follows: Section 2 introduces
the proposed methodology, including the applied preprocessing techniques. Section 3
presents an overview of the historical event data and compares the performance of fault
classification between our method and the ELM. Finally, Section 4 provides the conclusions
drawn from the study.

2. Methodology

The presented work employs a machine learning-based approach to tackle the fault
classification problem. The primary goal was to classify the fault type in transmission
line faults, which involved 10 different labels: AG, BG, CG, AB, BC, CA, ABG, BCG,
CAG, and ABC, where A, B, C, and G stand for phase A, phase B, phase C, and ground,
respectively. These faults are classified as single line to ground faults (SLG), line to line
faults (LL), double line to ground faults (2LG), and line to line to line faults (LLL). Only LLL
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faults are symmetrical, while the remaining faults are asymmetrical as shown in Figure 1.
Classification is a fundamental task in machine learning aimed at assigning labels to data
instances. For instance, given a dataset where each event is associated with a label, such as
“AG” for event 1, the goal is to predict the correct label for each event. The accuracy of a
classification model is typically assessed by comparing the predicted labels to the ground
truth labels. For example, if a model accurately predicts the labels for 90 out of 100 events,
the accuracy is computed as 90%. This evaluation metric reflects the proportion of correctly
classified instances out of the total number of instances, providing a measure of the model’s
performance in terms of label prediction accuracy.
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Figure 1. Fault type classification.

The overview of the proposed method is illustrated in Figure 2. The input data for
our classifier consist of three-phase voltage and current measurements from a single end
of a two-terminal transmission line, resulting in six time series datasets. This approach
differs from previous work that used data from both ends of the transmission line [15].
The data then undergo preprocessing, which includes window selection, resampling, and
normalization. In this study, fault classification along the transmission line is performed
using the Conformer model. The classifier outputs a predicted label, which in this case is
the type of fault occurring on the transmission line.
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2.1. Data Generation for Training and Validation Datasets Using Simulation

ML-based approaches typically require substantial training data to achieve optimal
performance. However, in scenarios where historical data may not provide sufficient
diversity or uniformity in fault types, simulations can serve as a valuable tool to generate
additional training and validation data [22]. In this study, we use Simulink simulations to
create the training and validation datasets. The power system configuration used in the
simulations is a two-terminal transmission line, as depicted in Figure 3. When the power
flows from the ‘ABC’ to ‘abc,’ of a block, the power measurement is positive. Otherwise,
the power measurement is negative. Consequently, the orientations of the blocks directly
influence the resulting measurements. The system parameters of the simulations are listed
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in Table 1. The two-terminal transmission line configuration has been widely applied for
the purpose of fault classification [5,9,12–15]. Based on the analysis of data from historical
events, various fault scenarios were considered, encompassing different fault impedances,
fault distances, circuit breaker time delays, FIAs, and fault types. We designed the fault
impedance ranging from 0.1 to 10 Ohms, and the fault distance varied between 0.5 and
81 km, with a total transmission line length of 100 km. The circuit breaker time delay ranged
from 2 cycles to infinity after the fault occurred, and the FIAs spanned from 0 to 315 degrees.
By incorporating these factors into the simulations, we aim to create a comprehensive and
diverse dataset that captures a wide range of potential fault scenarios in a transmission line.
This comprehensive dataset allows us to evaluate and test the performance of our fault
classification method across different fault conditions and parameters, providing a realistic
and robust assessment of its effectiveness in handling various fault scenarios.
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Table 1. Specification of the system parameters used for data generation.

System Parameter Values

Sources Line to line voltage (kV) 161

Overhead
transmission line

Transmission line length (km) 50

Positive and zero sequence resistances (Ohms/km) 0.0321, 0.3479

Positive and zero sequence inductances (H/km) 0.473 × 10−3, 1.370 × 10−3

Positive and zero sequence capacitances (F/km) 0.038 × 10−6, 0.038 × 10−6

Underground cable
transmission line

Transmission line length (km) 50

Positive and zero sequence resistances (Ohms/km) 0.00214, 0.2319

Positive and zero sequence inductances (H/km) 0.5676 × 10−3, 1.644 × 10−3

Positive and zero sequence capacitances (F/km) 7.6 × 10−8, 7.6 × 10−8

To assess the model’s performance, a portion (15%) of the generated data was set aside
as validation data, enabling the evaluation of the model’s classification accuracy on unseen
instances. The validation results demonstrated that the model successfully classified both
the training and testing data generated from simulations. This indicates that the model can
effectively generalize and accurately classify fault types beyond the training set, providing
confidence in its performance when applied to real-world scenarios using historical data
for inference.

2.2. Preprocessing

In our approach, we avoid relying on expert experimentation in the preprocessing
stage. Instead, we address three key topics related to the input data: window selection,
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normalization, and resampling. Each of these topics plays a crucial role in preparing the
data for fault classification, and we will provide a brief overview of each.

Window selection: In fault events, there are typically three distinct states: pre-fault,
fault, and post-fault, as illustrated in Figure 4. The post-fault state occurs after the fault
has been cleared. In power systems, protective relays isolate the fault by opening circuit
breakers once a fault is detected. As a result, the currents in Figure 4 decrease to zero
after the fault is cleared. Our analysis shows that focusing exclusively on the pre-fault
and fault states provides sufficient information to accurately categorize and identify faults
in transmission lines. An adequately large window size that encompasses the relevant
pre-fault and fault periods is crucial for capturing the necessary information for precise
fault classification. Nonetheless, we have observed that some historical event data also
include post-fault states. Consequently, our model is designed to successfully classify faults
using data that either include or exclude post-fault states.
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Normalization: Normalization is a vital technique to standardize the input data,
ensuring a consistent range or distribution. By removing variations in signal magnitude
or amplitude, this process enables the model to receive a uniform and comparable input
across different samples. As a fundamental step in data preprocessing for machine learning
applications, normalization is crucial for enhancing the model’s performance and accuracy.
In this study, the normalization of phase voltage and current is carried out by dividing them
by the root mean square value of the first cycle in the pre-fault state. The normalization
process is illustrated in Figure 5.

Resampling: Resampling involves adjusting the sampling rate of input data to meet the
specific requirements of the classifier model. This adjustment is crucial when the collected
data have a different sampling rate than that required by the fault classification classifier
model. Resampling ensures the input data’s consistency and compatibility with the model’s
processing demands. However, most studies in the literature rely solely on simulation-
generated data, which typically do not require resampling due to their consistent and
pre-adjusted sampling rates. In this study, we apply the resampling method proposed
in [23]. The process of resampling the signal using the Fast Fourier Transform (FFT) is
illustrated as follows:

• Process the original signal using the Fast Fourier Transform (FFT) to obtain the signal
spectrum in the frequency domain.

• Apply zero-padding or truncation to the spectrum to adjust it to the requested resam-
pling rate. Zero-padding involves adding zeros to the spectrum to increase its length,
while truncation involves removing unnecessary frequency components to reduce
its length.

• After adjusting the spectrum, process the modified spectrum using the inverse Fast
Fourier Transform (IFFT) to obtain the resampled signals in the time domain.
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Following these steps, the signal is effectively resampled to the desired rate while
preserving its essential information. This approach allows the model to handle signals
with non-integer sampling rates, leading to more accurate fault classification and improved
performance in transmission line fault classification applications. An example of data with
a sampling rate of 188.5 samples per cycle, which have been resampled to 4 samples per
cycle, is illustrated in Figure 6.
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samples per cycle, is illustrated in Figure 6. 

 
Figure 6. Resampling from 188.5 to 4 samples per cycle of a single line to ground fault (AG). Figure 6. Resampling from 188.5 to 4 samples per cycle of a single line to ground fault (AG).

Figure 7 provides examples of data that have been resampled to different sampling
rates of 16 and 4 samples per cycle. The downsampling process from a higher to a lower
sampling rate can introduce challenges in accurately representing the original signal,
leading to potential distortions. With a lower sampling rate, the data may experience a loss
of high-frequency information, resulting in a waveform that may not perfectly resemble a
smooth sine wave. This distortion is evident in the resampled data with a sampling rate of
4 samples per cycle, as illustrated in Figure 7b. Such distortions can impact the accuracy of
fault classification and introduce artifacts in the signal representation, potentially affecting
the performance of the fault classification model. Furthermore, the phase issue becomes
evident in the resampled data of 4 samples per cycle. Our approach addresses this problem
by training the model with various inception angles, representing the phase angles at
which the data are captured or sampled. By incorporating different inception angles during
training, the model becomes more adept at handling diverse phase conditions, enhancing
its robustness and generalization capabilities.
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Figure 7. Resampled voltage waveform. (a) Resample to 16 samples per cycle; (b) resample to
4 samples per cycle.

By addressing these preprocessing steps, including window selection, normalization,
and resampling, the input data are appropriately prepared for subsequent analysis and
fault classification tasks, leading to more accurate and reliable results.

2.3. Machine Learning-Based Model: Conformer: Convolution-Augmented Transformer Model

This study uses an ML-based method, employing the Conformer model [21]. The
Conformer model is a state-of-the-art architecture commonly used in speech recognition
tasks. It combines the Transformer model with the architecture of a CNN. The model
architecture is illustrated in Figure 8.
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A Conformer encoder model consists of four modules stacked together in sequence.
These modules are as follows:

• Feed-forward module: This module processes the input data by applying a set of
linear transformations and activation functions to capture relevant local features.

• Self-attention module [24]: The self-attention mechanism allows the Conformer to
capture global dependencies and relationships within the input data.

• Convolution module: While the convolution module effectively captures local patterns,
it requires many parameters and significant depth to capture global dependencies [25].
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The parameters refer to the weights and bias in a neural network, while the depth
refers to the number of layers in a neural network. To address this, batch normalization
is applied immediately after the convolutional layers in deep neural networks. Batch
normalization, a technique used in neural networks, normalizes each mini-batch of
data during training. This normalization process transforms the data into a mean of 0
and a standard deviation of 1, following a standard normal distribution. This helps to
alleviate the vanishing gradient problem and mitigate the effects of Internal Covariate
Shift, which is the change in the distribution of the network’s internal activations
during training. Additionally, batch normalization leverages the parallelism offered
by modern computing platforms to significantly improve training efficiency [26].
To ensure the effective application of batch normalization, maintaining a uniform
data length for each batch is essential. Resampling the data can help achieve this
uniformity, ensuring that the input data have a consistent length, which is crucial for
batch normalization to work optimally.

• Second feed-forward module: Similar to the first feed-forward module, this module
further processes the output from the previous modules, refining and extracting
additional features from the data.

By combining these four modules, the Conformer block effectively integrates local
and global information, allowing it to model dependencies within the audio sequence in
a parameter-efficient manner. The Conformer has the ability to outperform LSTM and
other RNNs, which are common models used for handling time-relevant input data, in
terms of classification accuracy with the same set of parameters [20]. This means that
Conformer achieves higher accuracy in a similar training time compared to LSTM and
other RNNs [20]. Furthermore, the Conformer model exhibits outstanding performance
within a short training period by carefully designing the batch size in batch normalization.

Model hyper-parameters for Conformer are detailed in Table 2. The optimal Conformer
model for fault classification purposes is determined by sweeping various combinations
and selecting the best performing models within the parameter constraints. Our model,
designed with 68,791 parameters and featuring three encoder layers with an encoder
dimension of 128, requires significantly fewer parameters compared to the Conformer
model for ASR purposes outlined in [21]. We observed that increasing the number of
attention heads to three enhances accuracy, as each head focuses on different aspects of the
input, thereby improving predictions beyond a simple weighted average. Furthermore,
enlarging the convolution kernel size to five leads to better accuracy. Notably, we find
that incorporating an LSTM decoder has little effect on the accuracy for fault classification,
although it is commonly used in Conformer models for ASR purposes [21].

Table 2. Details of the model hyper-parameters for Conformer.

Hyper-Parameters Value

Number of Parameters 68,791
Encoder Layers 3

Encoder Dimension 128
Attention Heads 3

Convolution Kernel Size 5

2.4. Methods Trained with Input Data at Various Sampling Rates

In this study, we implemented and compared three methods trained with input data
at various sampling rates, as follows:

• Method I: The model is trained with data from various sampling rates [27].
• Method II: The model is trained with data of 16 samples per cycle (960 Hz), and the

input data are resampled to 16 samples per cycle.
• Method III: The model is trained with data of 4 samples per cycle (240 Hz), and the

input data are resampled to 4 samples per cycle.
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Table 3 summarizes the model parameter settings for the three methods employed in
this study. The primary distinctions between the methods lie in the number of epochs and
batch sizes utilized during training. Method I requires a higher number of epochs to achieve
convergence, primarily due to its batch size of 1, which is necessary to maintain uniform
data length for each batch. In contrast, Method II and Method III adopt a larger batch size
of 128, as the input data are resampled to a consistent rate. This permits the utilization of
larger batch sizes, which can improve training efficiency. This choice is further supported
by evidence suggesting that using a small batch size may increase training time [28], leading
to longer training and inference times for Model I. Despite these variations in training
setups, the classification results among the three methods are relatively similar, as will be
demonstrated in the subsequent section.

Table 3. Model parameter settings in each method.

Parameters/Method Method I Method II Method III

Epoch 44 28 28
Batch Size 1 128 128

Learning Rate 1 × 10−3 (use warmup step and learning rate scheduler)
Loss function Cross-Entropy Loss

Another technique to enhance the performance of the Transformer model is to use a
warmup step and a learning rate scheduler [29]. The warmup step refers to the initial training
phase where the learning rate is gradually increased from 0 until a predefined condition is met.
Our project’s first 2 epochs of model training are dedicated to the warmup phase. Afterward, the
learning rate follows a cosine function schedule for gradual reduction, as depicted in Figure 9.
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2.5. Evaluation Metric

In our study, the model specifically targets single end data input. For a fault in a three-
terminal transmission line, it produces three predicted fault types, one from each terminal.
An event’s classification is considered accurate only if all terminals are accurately classified.
If any terminal prediction is incorrect, the event prediction is marked as unsuccessful,
denoted as pred = 0 in (1).

pred =

{
1, i f ∏Nterminal

i=1 ŷi = y
0, Otherwise

(1)

where Nterminal is the number of terminals, ŷi is the predicted fault type for terminal i, and
yi is the actual fault type of the event.

Subsequently, accuracy for the study is defined as the percentage of correctly predicted
events among all events, calculated as (2):

Acc =
∑Nevent

j=1 predj

Nevent
× 100% (2)

where Nevent is the total number of events, and predj is the prediction for event j.
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3. Simulation Results and Discussion

This study utilizes training and validation datasets generated from simulations, while
the testing dataset is sourced from historical events. The classifier model is trained with
the training dataset, which includes both features and labels. The validation and testing
datasets are then used for inference. Classification accuracy is determined by comparing
the predicted labels from the model with the actual labels in these datasets. Table 4 presents
an overview of the training, validation, and testing datasets, with 85% of the data for
training and 15% for validation.

Table 4. Summary of training, validation, and testing datasets.

Dataset Training Validation Testing

Sources Simulations Simulations Historical events
Number of events 5038 851 108

Number of terminals 10,076 1702 230
85% 15% -

3.1. Summary of Historical Event Data

A total of 108 events are considered, encompassing various fault types such as single
line to ground faults (SLG), line to line faults (LL), double line to ground faults (2LG), line
to line to line faults (LLL), and line to line to line to ground faults (LLLG). These are detailed
in Table 5. Historical events are utilized as testing data due to the limited occurrence of
each fault type, suggesting that employing historical data for training purposes is feasible
only with access to a more extensive dataset.

Table 5. Fault types of historical events.

Fault Fault Type Number of Events

Single line to ground faults (SLG)
AG
BG
CG

41
29
20

Line to line faults (LL)
AB
BC
CA

1
1
0

Double line to ground faults (2LG)
ABG
BCG
ACG

2
1
6

Line to line to line faults (LLL) ABC 4

Line to line to line to ground faults (LLLG) ABCG 3

An analysis of these events led to the generation of datasets that encompass a broader
range of scenarios, with characteristics summarized in Table 6. The historical events include
various transmission line configurations: 25 events from two-terminal lines, 76 from three-
terminal lines, and 7 from four-terminal lines. However, our findings indicate that training
with data from three-terminal or four-terminal transmission lines does not significantly
affect testing accuracy. Consequently, we chose to generate simulation data only for two-
terminal transmission lines for efficiency. In the historical data collected, fault impedance
values are unavailable, whereas fault distances, FIAs, and circuit breaker time delays are
recorded. In Table 6, fault distances are presented in per unit (p.u.) terms with reference
to the transmission line length: a fault at the left end is labeled as 0 p.u., and at the right
end as 1 p.u. Our training and validation datasets are specifically designed to emulate the
potential faults within the Taiwan power system, ensuring that they cover the range of
fault distances, FIAs, and time delays observed in the historical events.
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Table 6. Summary of event characteristics in datasets.

Testing Dataset
(Historical Events)

Training and Validation Dataset
(Simulations)

Transmission line configurations Two-, three-, four-terminal Two-terminal
Fault impedance (Ohms) Unavailable 0.1 to 10

Fault distance (p.u.) 0.037 to 0.81 0.005 to 0.81
Fault inception angle (degrees) 22.5 to 270 0 to 315

Circuit breaker time delay (cycles) 2 to 50 2 to infinity

In Taiwan, commonly used relay brands include SEL, Toshiba, GE, and Ingeteam.
It is worth noting that the sampling rates for these relays can vary, ranging from 4 to
144 samples per cycle. As shown in Table 7, the largest number of events corresponds to a
sampling rate of 16 samples per cycle.

Table 7. Sampling rates of commonly used relay brands in Taiwan power system.

Relay Brands Sampling Rates (Samples per Cycle) Number of Events

SEL 4 12
SEL and GE 16 129

Toshiba and Ingeteam 24 75
Ingeteam 144 14

Data augmentation and transfer learning are powerful techniques for managing lim-
ited datasets in machine learning classification tasks. However, these methods must be
carefully applied, as they can potentially amplify outliers or perpetuate biases present in
the original data, especially when significant discrepancies exist between the simulated
training data and real-world scenarios. Limited information on the events and the small
number of available events have posed challenges in bridging the gap between simulated
data and real-world measurements from the power system.

3.2. Issue of Multiple Input Sampling Rate

As indicated in Table 8, the accuracy of Model III decreases when it is tested with data
sampled at different rates, particularly for data with sampling rates that differ significantly
from the training sampling rate. The lowest validation accuracy, observed at a data sam-
pling rate of 188.5 samples per cycle, is 47.37%. This indicates that the model’s performance
is adversely affected when dealing with data at extreme sampling rates not encountered
during its training phase. The impact of the sampling rate should be carefully considered
when deploying the model in real-world scenarios. Matching or closely aligning the input
data with the training sampling rate is crucial to preserve the accuracy and reliability of the
model’s fault classification capabilities.

Table 8. Results of data without resampling.

Samples per Cycles 4 16 24 144 188.5

Training accuracy (%) 99.54 - - - -

Validation accuracy (%) 100.00 77.82 66.92 51.80 47.37

Testing accuracy (%) 91.67 91.47 65.33 64.28 -

3.3. Comparison of Methods I, II, and III

Table 9 presents a comprehensive overview of the results obtained from Methods I,
II, and III. Notably, the validation accuracies of these methods exhibit minimal variance.
However, it is evident that Method III outperforms the other two approaches, with Method I
yielding the lowest accuracy. As elucidated in Section 2, Method I requires a longer training
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time. Hence, for this study, Methods II and III emerge as more promising options. Both
methods demonstrate competitive performance while offering potential time efficiency
advantages compared to Method I. The testing accuracy exhibits a noticeable decrease
compared to the training and validation accuracy across all methodologies. This disparity
may be attributed to the omission of certain nonideal aspects present in the actual power
system, which are not explicitly modeled in the simulations. Nonetheless, due to the
constraints of limited historical data, relying on such data as the sole source for model
training may not be advisable. To enhance the model’s performance, there arises a need
for a more comprehensive dataset or the incorporation of supplementary measurements
beyond voltage and current.

Table 9. Results of Methods I, II, and III.

Method I Method II Method III

Dataset Accuracy (%) Loss Accuracy (%) Loss Accuracy (%) Loss

Training 99.23 0.02395 99.53 0.02359 99.54 0.02326

Validation 98.34 0.07797 100.00 0.00435 100.00 0.00467

Testing 73.14 - 87.04 - 88.88 -

In this study, we investigate the performance of two models trained with different
sampling rates: 16 samples per cycle (Model II) and 4 samples per cycle (Model III). The
classification results of Methods II and III are presented in Tables 10 and 11, respectively.
Notably, Method II achieves the highest validation accuracy for 16 samples per cycle.
In comparison, Method III performs best at a sampling rate of 4 samples per cycle. In-
terestingly, despite the differences in requested sampling rates, the results do not show
significant discrepancies between these models. This suggests that training the models
with a sampling rate of four samples per cycle is sufficient for the fault type classification
task. Consequently, Method III, which utilizes the lower sampling rate, emerges as a more
promising choice. Additionally, it shows that detailed high-frequency information may
have minimal impact on fault classification. This approach offers the advantage of reduced
computation in both the inference and training processes while still achieving comparable
performance in fault type classification.

Table 10. Validation and testing accuracy of Method II across various sampling rates.

Resampling Samples per Cycles Validation Accuracy (%) Testing Accuracy (%)

Unnecessary 16 100.00 94.57

Required

4 99.36 91.67

24 99.98 81.33

144 99.98 100.00

188.5 99.98 -

Table 11. Validation and testing accuracy of Method III across various sampling rates.

Resampling Samples per Cycles Validation Accuracy (%) Testing Accuracy (%)

Unnecessary 4 100.00 91.67

Required

16 99.12 94.57

24 99.12 92.00

144 99.24 100.00

188.5 99.27 -
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The testing accuracy of Methods II and III for various transmission line configurations
is presented in Table 12. The testing accuracy for three- or four-terminal transmission lines
remains notably low, regardless of whether the analysis includes all recorded events or
only data from individual ends. Despite experimenting with various configurations, no
improvement in validation or testing accuracy is observed. This suggests that our current
consideration of different transmission impedances, fault distances, and fault inception
angles may not adequately capture the complexities of potential faults in transmission lines.
A thorough gap analysis is essential to identify factors or conditions present in real-world
data that are absent in our simulations. Therefore, we need more comprehensive historical
data to better simulate real-world fault conditions. Moreover, iteratively refining the model
and simulation parameters based on real-world data feedback can progressively diminish
the discrepancy between simulated and actual conditions. Overall, the low testing accuracy
underscores the critical need for more comprehensive historical data to better mimic real-
world fault conditions and to fully leverage the capabilities of big data for enhanced
model performance.

Table 12. Testing accuracy of Methods II and III across various transmission line configurations.

Terminals Event Counts Terminal Counts

Testing Accuracy (%)

Method II Method III
Event Single End Event Single End

Two 25 50 96.00 97.87 96.00 97.87

Three 76 228 84.21 88.57 86.84 93.14

Four 7 28 85.70 87.50 85.70 87.50

Average 87.04 90.43 88.88 93.91

3.4. Comparison with the State-of-the-Art Method

We compare our methods (Methods II and III) with a previously developed approach using
the ELM, described in [3], which itself was compared with 11 state-of-the-art methods spanning
from 2015 to 2022. In [3], two different ELM models were developed for fault detection (binary
labels) and fault classification (multi-labels) purposes, both featuring a hidden layer of 700 nodes.
When a fault is detected using the ELM for fault detection, it is subsequently classified using
the ELM for fault classification. The ELM is a type of artificial neural network (ANN) with one
or more hidden layers. ELMs are known for their simple structure, no parameter adaptation,
shorter processing times, and lower computational complexity.

Table 13 presents a performance comparison of Method II, Method III, and the ELM,
all trained on the same training dataset. While training and validation accuracies are
near 100% for all methods, testing accuracies vary significantly: the ELM achieves 62%,
whereas Methods II and III record higher accuracies of 87.04% and 88.88%, respectively,
demonstrating the superior performance of our models. In terms of prediction time on
the validation dataset, the ELM requires the least time, followed by Method III, which
is faster than Method II, likely due to the lower sampling rates utilized in Method III.
Notably, the performance of the Conformer model is not significantly affected by changes
in sampling rates. These inferences were conducted on a desktop PC equipped with
Windows 11 Enterprise 22H2, and an NVIDIA GeForce RTX 3060 GPU sourced from Santa
Clara, California, USA.

Figure 10 illustrates the confusion matrixes on validation and testing datasets for the
ELM, and Figure 11 for Method III. For the validation dataset, our methods accurately
classify fault types across all terminals in all events, whereas the ELM has one instance of
incorrect classification. Specifically, Figure 10a shows one CAG fault misclassified as CA.
Figure 11b highlights the most significant misclassifications for Method III, with eleven AG
faults misclassified as ABG, ten AG faults as CAG, and six BG faults as ABG. In contrast,
Figure 10b shows four ABC faults misclassified as CAG, and two AG faults as CAG.
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Table 13. Comparison between our proposed method and state-of-the-art model.

Method II Method III ELM [3]

Samples per cycle 16 (960 Hz) 4 (240 Hz) 333.33 (20 kHz)

Training accuracy (%) 99.23 99.54 99.65

Validation accuracy (%) 100.00 100.00 99.94

Testing accuracy (%) 87.04 88.88 62.04

Hardware
Desktop PC equipped with the Windows 11 Enterprise 22H2 operating system, NVIDIA GeForce

RTX 3060 GPU.
(Intel Core i5-12500 CPU)

Validation dataset sizes 851 events/1702 terminals

Prediction time on validation
dataset (s)

0.67 (with GPU)
4.61 (with CPU)

0.56 (with GPU)
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Table 14 details the testing accuracy of each fault type. For Method III, “ABG” and
“ABC” fault types have notably low accuracies of 75.00% and 68.42%, respectively. For the
ELM, fault types “AG”, “ABG”, “BC”, and “ABC” all have testing accuracies below 80%.
Both models experience difficulties particularly with “ABG” and “ABC” fault types. To
enhance performance, more comprehensive historical data are required to better simulate
real-world fault conditions within the training dataset.

Table 14. Performance of each fault type for Method III and ELM.

Testing Accuracy (%)

Fault Types Counts Method III ELM

AG 85 96.47 74.12

BG 64 96.88 82.81

CG 38 97.37 84.21

ABG 4 75.00 50.00

BCG 3 100.00 100.00

CAG 13 92.31 84.62

AB 2 100.00 100.00

BC 2 100.00 0.00

CA 0 -- --

ABC 19 68.42 78.95

4. Conclusions

This study employs a machine learning-based method to classify transmission line
faults using three-phase voltage and current measurements, utilizing a Conformer model.
The goal of this research is to develop a model that generalizes effectively without relying
on extensive expert-driven feature extraction. Traditionally, feature extraction plays a
crucial role in fault classification by isolating relevant and critical data from raw signals.
However, the Conformer Convolution-Augmented Transformer model used in this study
demonstrates a remarkable ability to autonomously identify key features. This capability
significantly reduces the need for predefined feature extraction. Our classifier is trained on
simulation data from a two-terminal transmission line and tested on historical data from
the Taiwan power system. It is important to note that, typically, studies in the literature
rely solely on simulation data.

We collected 108 historical events across 10 fault types, which is generally insufficient
for machine learning training purposes. Based on the analysis of these events, our train-
ing dataset is designed to cover various scenarios, including different fault types, fault
impedances, fault distances, fault inception angle, and circuit breaker time delay.

Key preprocessing techniques explored include window selection, normalization, and
resampling rate. Our findings indicate that including pre-fault and fault states in the
window selection is crucial, whereas the inclusion of the post-fault state has a minimal
impact on the model’s performance. Normalization involves dividing the measurements
by the root mean square value of the first cycle in the pre-fault state. Although resampling
is often overlooked in the literature, it is vital for data from the Taiwan power system where
relay sampling rates vary from 4 to 188.5 samples per cycle. Resampling in the frequency
domain effectively handles non-integer sampling rates, benefits from batch normalization,
and enhances training efficiency. Our results show that resampling to 4 samples per cycle
is adequate for fault classification, maintaining accuracy and reducing computational
demands. This finding suggests that for our specific classification tasks, focusing on
lower frequency data could be sufficient, challenging the conventional emphasis on high-
frequency analysis.



Appl. Sci. 2024, 14, 4031 17 of 18

Despite achieving a validation accuracy of 100%, the testing accuracy is lower at
88.88%, likely due to factors unaccounted for in the training dataset. This discrepancy
underscores the need for more comprehensive historical data to better simulate real-world
fault conditions and leverage the power of big data to enhance model performance. More-
over, we compared our method with the ELM proposed in 2023, and our method signifi-
cantly outperformed the ELM in terms of testing accuracy.
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