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ABSTRACT: Ensuring the reliability of Ultra-High Voltage (UHV) power systems remains a critical challenge, as
series compensation improves stability while introducing complex fault dynamics. Although machine learning and
deep learning methods have advanced fault diagnosis, existing approaches often depend on computationally intensive
preprocessing and struggle with data scarcity, limiting real-time applicability. This study proposes a streamlined One-
Dimensional Convolutional Neural Network (1D CNN) optimized via Bayesian learning for efficient and robust fault
classification in a 735 kV, 32-bus UHV system. The model operates directly on raw time-series signals, eliminating the
need for domain-specific transformations while preserving the natural characteristics of the data. Quantitatively, the
proposed framework achieves 99.91% test accuracy using combined voltage-current signals, with a narrow standard
deviation of ±0.06% across multiple evaluations, and correctly classifies 12,998 out of 13,010 test instances with only
twelve misclassifications across eleven fault categories. For resource-constrained applications, voltage-only signals
deliver 99.72% accuracy while reducing training time by 38.6% (680 s) and memory usage by 61.8% (1272 MB), whereas
current-only signals achieve 99.90% accuracy with the fastest inference speed of 2995 samples per second. The model
demonstrates strong dependability under noisy conditions, maintaining 97.03% test accuracy even at 10 dB SNR,
and exhibits robustness against downsampling with a Sampling Index of 0.0235. The Bayesian optimization process
identifies optimal hyperparameters including a learning rate of 0.002611, dropout rate of 0.182, and batch size of 19.
From an economic perspective, the elimination of expensive preprocessing, noise cancellation, and high-frequency
sampling (typically 0.2–10 MHz) reduces computational resource requirements and operational costs, enabling practical
deployment in real-time monitoring systems. These findings demonstrate the practical potential of the proposed
approach for cost-effective, scalable fault diagnosis in large-scale power grids.

KEYWORDS: Attention mechanism; Bayesian optimization; computational efficiency; performance generalization;
series-compensation; time series analysis

1 Introduction
High- Voltage UHV power systems require series compensation to ensure system stability and reliability.

However, the operating conditions become more complex and difficult to manage due to the interactions
caused by the series compensation [1,2]. Among the abnormal conditions in power system operation, the
impact of short-circuit faults (SCF) is the most severe. If the impact of SCF on the power system is not
properly mitigated, it could lead to catastrophic failures, incurring considerable economic costs for repair and
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replacement [3]. Machine learning and deep learning methods have been proposed to address the limitations
in the development of robust fault diagnosis methods [4–7].

Table 1 lists the abbreviations and acronyms used throughout this paper for quick reference.

Table 1: List of abbreviations.

Abbreviation Description Abbreviation Description
1D CNN One-Dimensional CNN MODWPT Maximal Overlap DWT

BOA Bayesian Optimization Accuracy MSE Mean Square Error

CSA Convolutional Sparse Autoencoder NII Noise Immunity Index

CNSF Capsule Network with Sparse
Filtering ORNL Oak Ridge National Laboratory

CWT Continuous Wavelet Transform PMU Phasor Measurement Unit

DG Distributed Generation PSO Particle Swarm Optimization

DWT Discrete Wavelet Transform PQD Power Quality Disturbance

EMD Empirical Mode Decomposition ReLU Rectified Linear Unit

FC Fault Classification RF Random Forest

FDC Fault Detection and Classification RFE Recursive Feature Elimination

FDCL Fault Detection, Classification and
Localization RNN Recurrent Neural Network

FL Fault Localization SAT-CNN Self-Attentive CNN

FREEDM Future Renewable Electric Energy
Delivery and Management SCADA Supervisory Control and Data

Acquisition

GNN Graph Neural Network SCF Short-Circuit Fault

GTO Gorilla Troops Optimizer SDA Stacked Denoising Autoencoder

GWO Grey Wolf Optimizer SI Sampling Index

HIF High-Impedance Fault SMOTE Synthetic Minority Over-sampling

HSA Harmony Search Algorithm SNR Signal-to-Noise Ratio

ID Intrusion Detection STATCOM Static Synchronous Compensator

LIF Low-Impedance Fault STFT Short-Time Fourier Transform

LightGBM Light Gradient Boosting Machine TCSC Thyristor-Controlled Series Capacitor

LOLO-CV Leave-One-Loading-Out CV TW Traveling Wave

LSTM Long Short-Term Memory UHV Ultra-High Voltage

MAE Mean Absolute Error VSC Voltage Source Converter

MAPE Mean Absolute Percentage Error WELM Weighted Extreme Learning Machine

MMC Modular Multi-Level Converter WGN White Gaussian Noise
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One of the main challenges in using the concept of data-driven artificial intelligence (AI) in fault
diagnosis lies in the scarcity of the data itself, owing to the constraints on the availability of fault data in the
real world due to privacy and security concerns. Hence, standardized simulation models, which have been
well-accepted in the power system field, offer a controlled environment to generate a wide range of fault
conditions, thereby providing comprehensive fault data considering the diversity in fault types and system
complexities for the purpose of validation [8].

The proposed study is developed and validated using a MATLAB/Simulink-based high-fidelity 735 kV,
32-bus UHV transmission grid system [9]. In power system research, real-time measurements are often
scarce and not publicly available owing to security and privacy concerns related to critical infrastructure.
Access to hardware-in-the-loop platforms and dedicated real-time simulators is limited in several research
environments. Therefore, simulation-based frameworks are widely accepted and provide a controlled and
reproducible environment for systematic fault diagnosis analysis. Although this study does not employ
hardware-in-the-loop or physical real-time simulators, the MATLAB/Simulink-based UHV system captures
practical power system dynamics and supports development and evaluation of advanced deep learning
frameworks with potential real-time applicability. Here, “real-time” refers to the proposed 1D-CNN model’s
ability to perform fast inference on raw time-series data in simulation without computationally expensive
signal processing. The framework remains consistent with established practices and supports reproducibility
and future real-time deployment. Although various methodologies [10–12] have been shown to have high
accuracy and fast learning capabilities, end-to-end processing is essential. This approach relies on the One-
Dimensional Convolutional Neural Network (1D CNN) and evaluates the accuracy, computation time, and
memory consumption, which are very critical factors in the development of current technologies.

Most of the previously used techniques [13,14] prove to be accurate enough in fault diagnosis, but
they highly rely on the preprocessing stages that involve image transformation techniques, making them
impossible to use in real-time monitoring because of the complexity of calculations. On the other hand,
the suggested technique provides an extensive analysis of computation time at each step of the processing
procedure [15–17], which is usually omitted in previous works [18].

Classical and advanced optimization classifiers [12,19–22] rely on handcrafted feature engineering for
effective learning, which requires domain expertise and may discard discriminative temporal and spectral
information embedded in raw fault signals. As power system complexity increases, designing features that
generalize across diverse fault scenarios can become increasingly challenging, limiting model scalability and
robustness. Moreover, hybrid fault ride-through strategies can improve the overall resilience and operational
feasibility of next-generation power systems such as HVDC transmission systems [23].

Although the methodologies [24–26] show efficient model learning using numerical or transformed
data from Simulink standard models, further optimization in the feature extraction phase is necessary to
ensure the efficiency of the end-to-end processing. Moreover, although the proposed methodologies [1,15,27]
show high noise immunity, they use noise cancellation techniques, which increase the computational cost.
However, the existing methodologies face difficulties in processing high noise levels of 10–20 dB [28–30].
Improving noise immunity may require sophisticated noise-cancellation or denoising techniques, which can
increase computational complexity and hinder real-time deployment. The proposed work uses the nominal
sampling frequency and investigates the impact of the sampling frequency on fault signal processing.
Moreover, the proposed work eliminates the need for high sampling frequencies [8,31], which usually
range from 0.2 to 10 MHz. Prior research [19,27,32,33] indicates combined voltage-current (VI) signals
outperform individual voltage or current signals, though VI signals remain susceptible to downsampling
effects, underscoring the need for optimal sampling frequency selection.
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For optimizing the model learning, Bayesian optimization (BO) is employed, which is more efficient
than traditional grid and random search methods [34]. Although the efficiency of some techniques has
been shown to improve the performance of fault diagnosis, such as the use of harmony search and particle
swarm optimization algorithms for parameter tuning and classifier co-training, it has been argued that these
approaches are computationally costly and there exists a trade-off [26,35,36]. In the proposed research study,
the scalability and adaptability of the fault diagnosis system will be assessed by taking into consideration
a large-scale UHV power system with compensation systems. This is because scalability and adaptability
are important considerations that enable the fault diagnosis system to handle increasing data patterns and
fault complexities.

The proposed methodology overcomes the challenges in fault diagnosis in large-scale series-
compensated UHV power systems by utilizing the proposed 1D CNN model with Bayesian optimization. This
facilitates efficient processing without the need for intensive pre-processing. The computational resources
required for the proposed approach are analyzed to provide a balance between efficiency and accuracy. The
simulation models employed in the suggested method enable thorough validation of the approach. This
method enhances adaptive fault diagnosis systems for UHV power systems.

1.1 Contribution
The study makes the following key contributions for large-scale UHV power systems:

• End-to-end learning with a 1D CNN enables the autonomous extraction of optimal features from raw
fault signals in time-series form, eliminating the need for manual feature engineering.

• The convolutional model minimizes memory requirements and achieves consistent execution speed
irrespective of system complexity, thus improving the efficiency of computation.

• Inclusion of Bayesian optimization enables efficient model learning compared to conventional param-
eter tuning techniques, thus improving the efficiency of the model.

• In-depth analysis of the efficiency of computation time, memory usage, noise immunity, and sampling
rate effects enables a scalable approach for real-time fault diagnosis in large series-compensated
UHV systems.

1.2 Literature Review
In [1], a Self-Attentive Weight-Sharing Capsule Network (WSCN) has been proposed to ensure accurate

fault diagnosis in series-compensated transmission lines using robust classification with limited data and
highlighting the features using weight sharing. In [2], a lightweight CNN fine-tuned with energy valley
optimizer was designed using Continuous Wavelet Transform (CWT) scalograms, achieving superior fault
diagnosis performance compared to benchmark architectures on balanced, unbalanced, and noisy datasets.
This research in [3] introduced an RF-LSTM-tuned KNN ensemble that achieved 99.96% accuracy for fault
detection and classification by analyzing voltage and current patterns across transmission line phases.

In [4], empirical mode decomposition extracts features from voltage and current waveforms to train
an Extreme Gradient Boost classifier, achieving 97.59% accuracy for incipient fault identification in under-
ground cables. In [5], an Autogluon-based machine learning method for fault diagnosis in transmission
lines showed how important feature engineering and the Minority Over-sampling Technique (SMOTE) data
balance were to improving diagnostic accuracy. In [6], a graph autoencoder-based detector with bi-level
optimization was developed for false data injection attacks on voltage regulation, achieving a 98.11% detection
rate on the 486-bus Iberian power system.
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In [7], three deep recurrent neural network (RNN) models using Long Short-Term Memory (LSTM)
and Phasor Measurement Unit (PMU) data were introduced for fault region identification, type classification,
and location prediction, achieving superior accuracy in a two-area four-machine system. In [8], a traveling
wave (TW)-based fault location method was proposed combining time- and frequency-domain features,
achieving low estimation error across the IEEE 34-node system feeder length.

In [10], a Wide Neural Network (WNN) was presented using PMU voltage, current magnitude, and
phase angles for fault location on the Western Systems Coordinating Council (WSCC) 9-bus system,
achieving low prediction errors.

This article [11] proposed a fault classification algorithm using Maximal Overlap Discrete Wavelet
Packet Transform (MODWPT) and a bagged tree ensemble for Thyristor-Controlled Series Capacitor
(TCSC)-compensated transmission lines, achieving 100% accuracy on the WSCC 9-bus system. In [12], a
Particle Swarm Optimization (PSO)-weighted ensemble method was presented for real-time fault detection
using raw data, validated on IEEE 14-bus and 39-bus systems without pre-computational techniques. The
study [13] proposed a CNN with Gorilla Troops Optimizer (GTO) adaptive protection scheme for the Future
Renewable Electric Energy Delivery and Management microgrid, achieving 99.37% fault detection, 99%
classification, and 98.2% location accuracy.

In [14], a data reduction method using Short-Time Fourier Transform (STFT) and Fast-DTW was
proposed to reduce redundant data by 40.2% before CNN training. The approach achieved 99.37% fault
classification accuracy in simulations. In [15], SAT-CNN (self-attention CNN) along with time-series images
was introduced to classify faults in transmission lines. This model gave high accuracy in the presence of both
voltage and current data at different sample rates.

A machine learning approach for transmission line fault detection and location has been proposed
in [16]. XGB obtained a classification accuracy of 99.82%, whereas the MAPE of CNN-LSTM is less than
1% and the mean absolute error (MAE) is less than 0.16 km. In [17], a deep learning method using a CNN
was proposed for power quality disturbance (PQD) diagnosis. It classified fault types and locations with over
99% accuracy using 50 Hz simulated data.

In [18], three deep learning models (CNN, LSTM, and CNN-LSTM) were proposed for smart grid
fault diagnosis on IEEE 6-bus and 9-bus systems. They outperformed existing methods in detection,
classification, and localization accuracy. In [19], four ensemble classifiers were evaluated for fault diagnosis
on series-compensated power transmission lines (SC-PTL). RF achieved 99.94% accuracy, while XGB
showed the fastest computation at 0.2790 s. In [20], an ML-based intrusion detection framework was
proposed for Supervisory Control and Data Acquisition (SCADA) power systems using the Oak Ridge
National Laboratory (ORNL) dataset. RF achieved a 94.09% F1 score on unseen data after augmentation
and balancing.

In [21], eight classifiers were evaluated for fault classification using a standardized Simulink dataset.
Logistic Regression (LR), RF, and Support Vector Machines (SVM) outperformed others with high accuracy
and reduced computational time. In [22], A hybrid framework combining 21 domain-knowledge features
with machine learning was proposed for transmission line fault diagnosis. XGB achieved 94.25% accuracy
across 11 fault categories. In [24], an SA-MobileNetV3 model with CWT-based 2D image conversion was
proposed for transmission line fault classification. It achieved 99.90% accuracy across 11 fault types.

In [25], Power System Machine Learning (PSML), an open-access multi-scale time-series dataset for
joint transmission and distribution grids, was presented to enable ML-based reliable grid operation and
decarbonization research. In [27], A SAT-CNN with DWT denoising and time-series imaging was proposed
for transmission line fault classification. It achieved high accuracy and noise immunity. In [28], a transfer
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learning method using a Stacked Denoising Autoencoder (SDA) was proposed for Voltage Source Converter
High-Voltage Direct Current (VSC-HVDC) fault location. It performed effectively with small datasets under
various fault conditions.

In [29], fuzzy thresholding, machine learning with wild horse optimization, and adaptive neural fuzzy
inference were proposed for smart grid fault diagnosis. RF achieved 100% accuracy with 3.54 × 10−6 Mean
Squared Error (MSE). In [30], a microgrid protection scheme using MODWT feature extraction and XGB
classification was proposed. It achieved effective fault detection and classification under varied configurations
and conditions. In [31], Independent Component Analysis (ICA), TW theory, and SVM were combined for
fault location and classification in HV transmission lines. It achieved <1% error and 100% accuracy under
noisy conditions.

In [32], a capsule network with sparse filtering (CNSF) was proposed for unsupervised fault detection
and classification in transmission lines. It performed effectively under topology changes, noise, and high-
impedance faults (HIF). In [33], a Convolutional Sparse Autoencoder (CSA) was proposed for transmission
line fault detection and classification. The system automatically learned its features and showed good
robustness and generalizability. According to [34], an LSTM model along with DWT-based feature extraction
was used to find HVDC faults. This method was capable of achieving an accuracy of 99.04% with a fault
resistance of 480 ohms and using a three-level relay system

The hybrid method using ANN along with RF with the help of the Optuna optimization technique was
proposed in [36] for fault diagnosis in electrical power networks. Using Synthetic Minority Over-sampling
Technique (SMOTE)-balanced data, the model was able to obtain an accuracy of 99.8%, outperforming
other traditional and advanced classifiers. However, challenges exist regarding computational efficiency and
practical validation. In [37], a unified multi-task learning framework with an attention mechanism and
Optuna optimization achieved high-accuracy fault identification, classification, and localization on the IEEE
39-bus system, outperforming traditional models. In [38], an intelligent relaying scheme was proposed using
Variational Mode Decomposition (VMD)-extracted current signal features and a CNN classifier for fault
diagnosis in Doubly-Fed Induction Generator Unified Power Flow Controller (DFIG-UPFC) transmission
lines, achieving fast fault detection (<10 ms) and 99.86% classification accuracy.

A robust CNN-BFO architecture was proposed in [39] for PV fault identification based on the
integration of five CNNs (GoogleNet, SqueezeNet, ResNet-50, VGGNet-16, and AlexNet) and Bitterling
Fish Optimization (BFO) for selection. VGGNet-16+BFO achieved 98.75% accuracy, 98.72% sensitivity,
98.78% specificity, 98.76% precision, and 98.74% F1 score, outperforming other meta-heuristic optimizers.
The study in [40], performed fault analysis of UHV power systems via simulation-based fault diagnosis. The
methods of feature engineering and ensemble learning were used to get accurate results for fault detection
and localization.

The issue of fault detection in series-compensated ultra-high voltage transmission lines continues to
be difficult in spite of notable progress made through the use of artificial intelligence. Earlier studies have
demonstrated classification accuracies higher than 99% on a wide range of power systems of different
levels of complexity. However, there are some constraints associated with these methods, which restrict
their implementation in real-time applications to large-scale series-compensated power systems. These
methods utilize many complex pre-processing algorithms such as HSA, DWT, CWT, EMD, MODWPT, and
image-based signal processing methods. For instance, the hybrid machine and deep learning frameworks
reported in [3,16,40] required processing times of 10,920, 2712.80, and 840 s, respectively, to achieve optimal
performance. These substantial computational requirements, together with significant memory demands,
may limit their suitability for real-time protection applications.
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Moreover, the test and validation of existing methodologies in small or medium-sized systems like IEEE
4-bus, 6-bus, 9-bus, and 14-bus systems, without using series compensation and operating at UHV levels,
does not show the scalability of these methodologies under real-world system scenarios. The reliance on
engineered features and transformation from signal to images can lead to a loss of valuable time data present
within the transient fault signals, as well as increased computational overhead, rendering it impractical
for implementation. Signal ablation studies have not been sufficiently carried out, resulting in an inability
to determine the efficiency of diagnosis if partial data from sensors is unavailable. Scalability in terms of
sensitivity to various sampling rates from 1 to 100 MHz and signal-to-noise ratio of 20 dB shows performance
deterioration to around 97% precision. Many current methodologies do not adequately report inference
times, training times, memory requirements, and their ability to generalize fault classifications for multiple
fault resistances and series-compensated networks.

Therefore, these challenges highlight the critical necessity of an efficient and effective end-to-end
fault diagnostic model able to process unprocessed multivariate discrete-time data directly without any
computationally expensive feature extraction step. This model has to achieve accurate diagnostics while
significantly lowering the preprocessing costs, making sure to attain efficient and effective training and
inference with the possibility of implementing real-time operation, and at the same time exhibiting good
performance even under signal masking and noise injection, as well as varying sample rates, in large
series-compensated UHV transmission systems. In order to tackle the aforementioned problems, this
study introduces a Bayesian-optimized One-Dimensional Convolutional Neural Network fault diagnostic
framework, which learns discriminative features directly from the raw signal measurements with emphasis
on accurate fault diagnostics, efficient computation, robustness, and potential real-time deployment.

1.3 Work Organization
This paper is organized as follows: The next Section 2 discusses the proposed framework for the

Bayesian-optimized one-dimensional convolutional neural network. This includes dataset pre-processing
or signal de-interleaving, a one-dimensional convolutional neural network for feature extraction, clas-
sification and optimization, performance metrics, and lastly the dataset used for the experiment. The
experimental findings and their corresponding discussion are presented in Section 3. This includes accuracy
and efficiency analysis, Bayesian optimization and learning, performance generalization and overfitting
characteristics, noise analysis, sampling analysis, the perfect recipe or the optimized hyperparameters
identified by the Bayesian optimization algorithm, comparison with existing work, and lastly the future
scope. The last Section 4 discusses the conclusion.

2 Proposed Bayesian-Optimized 1D CNN Framework
The proposed methodology for multi-class fault classification involves three main stages: (1) Dataset

structuring via signal de-interleaving, (2) Model development using a Bayesian-optimized 1D Convolutional
Neural Network (CNN), and (3) Performance evaluation.

Fig. 1 shows a fault classification pipeline using a 1D CNN with leakage prevention. Raw signals are
preprocessed to a fixed length before train/test splitting. Training involves normalization on the training
dataset; Bayesian optimizations are done only using the training dataset, with the hyperparameters optimized
using standard 10-fold cross-validation and hyperparameter evaluation. Convolution, pooling, depthwise
blocks, global attention, and softmax functions are used in the model for classification purposes. Test datasets
are kept separate with normalized values and one-off evaluations. Results include accuracy, confusion matrix,
and classification report, maintaining strict train-test separation while optimizing performance.
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Figure 1: Leakage-aware 1D CNN fault classification pipeline with Bayesian optimization and 10-fold cross-validation
in a series-compensated power transmission grid system.

2.1 Dataset Preprocessing: Signal De-Interleaving
The raw dataset is a composite matrix, D, formed by vertically stacking individual instances. Each

instance consists of interleaved fault signals (voltages and currents) concatenated with its corresponding class
label. To prepare the data for the 1D CNN, the signals must be separated from the labels and restructured.

Let the raw data matrix be D ∈ RM×(L+1), where M is the total number of instances, and L is the total
length of the interleaved signal. The last column represents the class label y ∈ {0, 1, ..., 10} for 11 classes
(10 fault types + 1 normal condition).

For a system with N recording points, each recording point contributes V variables (e.g., voltage and
current, so V = 2). The total signal length per instance is L = N × V × T , where T is the number of time
samples per variable.

De-interleaving is the process of reshaping each row of signals into a structured 2D format suitable
for a 1D CNN. Specifically, a raw signal vector xraw ∈ RL for a single instance is reshaped into a matrix
X ∈ RN×(V ⋅T). This matrix arranges the data so that each of the N rows includes the time-series information
for all V variables from a single recording location. For a 1D CNN designed to process multi-variable time
series, this matrix is often further transformed or treated as a multi-channel input of length N with (V ⋅ T)
features, or alternatively, reshaped into a 1D tensor of length L. The labels are extracted to form the label
vector y.
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2.2 1D Convolutional Neural Network for Feature Extraction
A 1D CNN is employed to automatically learn salient features from the de-interleaved fault signals. The

core operation is the 1D convolution. Given an input signal f and a kernel g, the output feature map at layer
l is given by:

Featurel(i) = ( f ∗ g)(i) =
K−1
∑
m=0

f (i +m) ⋅ g(m) (1)

where K is the kernel size. This operation is followed by a non-linear activation function. The Rectified Linear
Unit (ReLU), defined as ReLU(x) =max(0, x), is used to introduce non-linearity.

To reduce dimensionality and extract dominant features, a max-pooling layer is applied. For a pooling
size P and stride S, the output is:

Pooled( j) = P−1max
n=0

Feature( j ⋅ S + n) (2)

After several convolutional and pooling layers, the extracted high-level features are flattened into a 1D
vector v and passed through a series of fully connected (dense) layers.

2.3 Classification and Optimization
The final layer of the network is a dense layer with 11 neurons, employing the softmax activation function

to produce a probability distribution over the 11 classes. For an input feature vector v and weights W and
biases b of the final layer, the probability for class i is:

P(y = i∣v) = softmax(z)i =
ezi

∑10
j=0 ez j

, where z =Wv + b (3)

The model is trained by minimizing the categorical cross-entropy loss. For a single training sample with
true class label y (one-hot encoded as ytrue), the loss L is:

L = −
10
∑
i=0

y(i)
true log(P(y = i∣v)) (4)

2.4 Hyperparameter Optimization Using Bayesian Optimization
To automate and optimize the network’s architecture and training hyperparameters (e.g., number of

filters, kernel size, learning rate, number of layers), Bayesian Optimization is employed. The aim is to identify
the hyperparameter configuration λ∗ that optimizes a specified objective function, which is usually the cross-
validation accuracy, f (λ).

λ∗ = arg max
λ∈Λ

f (λ) (5)

Bayesian optimization uses a probabilistic model of the objective function, typically a Tree-Structured
Parzen Estimator or a Gaussian Process. It uses an acquisition function for optimization, which efficiently
searches for the optimal set of hyperparameters by intelligently selecting the next set of hyperparameters to
evaluate, thus being more efficient than grid or random search.
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2.5 Performance Metrics
The optimized model’s performance is assessed through various metrics:

• Cross-Validation Accuracy: The average accuracy obtained using the 10-fold cross-validation tech-
nique over the training data, which is used as the objective function f (λ) in the optimization process.

• Test Accuracy: The accuracy of the trained model over the test data.
• Training Time: The time taken to train the model with the optimized hyperparameters.
• Bayesian Optimization Time: The time taken to finish the hyperparameter optimization process.
• Memory Usage: The memory used during the training process.
• Classification Report and Confusion Matrix: Calculated over the test data to obtain the precision,

recall, and F1-score for each of the 11 classes (10 fault types + 1 normal condition), along with the
visualization of the confusion matrix.

Analysis of the sampling frequency is important in fault classification since the fidelity of the signal is
dependent on the sampling rate; failure to sample sufficiently can cause high-frequency fault information to
be lost. The test setup produces multivariate fault signals having a sampling frequency of 20 kHz. In order
to study the influence of the sampling frequency on fault detection, the signal is down-sampled from 1 to
15 kHz. This down-sampling is done under different operating conditions and fault transitions in order to
systematically analyze the influence of sampling frequency on fault detection.

Noise tolerance is important in simulated fault detection since noise can affect the signals of power
systems in the process of measuring, communicating, and through sensors. Simulating the model under
various noise conditions tests how well the model performs. White Gaussian noise is used to simulate signals
with SNRs varying between 10 and 50 dB.

The discrete-time fault signal F[t] corrupted with WGN is given by (6)

Fnoisy[t] = F[t] + n[t] (6)

In this context, n[t] ∼ N (0, σ 2) represents a Gaussian distribution with a mean of zero and a variance
σ 2, which is selected based on the desired signal-to-noise ratio (SNR). The SNR, expressed in decibels, is
calculated as follows:

SNRdB = 10 ⋅ log10 (
∑t F[t]2

∑t n[t]2 ) (7)

The process ensures that the noise introduced corresponds to the given SNR, thus enabling a systematic
analysis of fault detection under noisy conditions.

2.6 Datasets
The experimental setup, as depicted in Fig. 2, is implemented in Simulink, which simulates a modern

power transmission grid at 735 kV, along with a Modular Multi-Level Converter (MMC)-based STATCOM.
This consists of 22 sub-modules per arm, which are delta-connected via an 18/735 kV transformer. By
adjusting the voltage level of the converter relative to the grid, one can achieve different modes: the inductive
mode occurs when the voltage is lower, whereas the capacitive mode happens when the voltage is higher.

The simulated system represents a 60 Hz, 32-bus network with six generating stations, multiple
transformers, shunt elements, and 17 distributed parameter transmission lines, of which 11 are series-
compensated (15%–42%) to enhance the power transfer capability. A 50 MVA STATCOM is included for
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voltage regulation and stability support. For a complete understanding of the implementation, one can refer
to [9], which thoroughly describes the high-fidelity operation of a physical UHV power system.

Figure 2: Single-line diagram of the 735 kV power transmission grid system, illustrating the North and South zones
with generation capacities, line lengths, load distributions, and the MMC-STATCOM location.

For data generation, simulations are conducted for 0.5 s at a 20 kHz sampling frequency (corresponding
to 5 × 10−5 s sampling step), which aligns with many recent studies [1,13,19,36] that employ simulation
setups for fault diagnosis in power systems. Fault signals F[t] are extracted within the interval (t2 − t1)
corresponding to fault initiation and clearance. Fault signals are also preprocessed to remove the linearity
effect and emphasize non-linearity among the variables to effectively capture the intricate interaction due
to the complex power system configuration. The model uses different model parameters created from
unique random numbers so that no repeated data is used. Such an approach reflects different power
system conditions, such as high impedance fault, equipment saturation, oscillation, and inductor-capacitor
switching [1]. Unlike methodologies [11,27] relying on discrete or limited parameter values, the proposed
approach improves data quality by accurately simulating complicated cases. Moreover, the proposed analysis
covers all the transmission lines and considers crucial power system nodes that are frequently ignored in
the literature, following standard power engineering practice [41]. The location of signal recording devices
and the recording approach are crucial in obtaining realistic data from the current power system [13].
By recording fault signals from 15 locations, the methodology captures large-scale system behavior and
addresses the increasing complexity of diverse fault types and sizes. This framework ensures a representation
of system dynamics under fault conditions.

Furthermore, faults are applied on the entire network, including transmission lines and buses, enabling
system-wide analysis. This strategy improves the overall dataset diversity and can be effective in assessing
the scalability of the proposed methodology based on the complexity of faults in large-scale UHV power
systems. The fault signals are collected from all the main system buses to obtain fault data. This data
recording scheme is essential for efficient fault diagnosis within power systems since the placement of PMUs
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in a power system is significant for efficient analysis, as discussed in [10]. Table 2 shows the parameters
used for simulation purposes. The parameters are varied based on randomized non-repeating numbers for
efficient simulation results. This strategy ensures unique fault simulation (no duplications) based on dynamic
operating conditions within power systems.

Table 2: Test system parameters are varied to generate simulation datasets. Parameters are controlled to avoid value
repetition and different fault types simulate real-time conditions.

Parameter Range
Fault type1 1–11

Fault resistance 0.1–100 Ω
Ground resistance2 0.1–200 Ω

Fault duration 0.1–0.4 s
Fault inception Angle3 0–0.01667 s

Fault location Entire lengths of transmission lines, including the system nodes

Note: 1All ten types of faults and the normal operating condition. 2Low-impedance fault (LIF) and high-impedance
faults (HIF) are included. 3Fault can occur at any instant of the complete 60 Hz AC waveform.

Algorithm 1 outlines the process of creating a labeled dataset of short-circuit fault signals with the help
of a Simulink UHV power grid model by varying the fault parameters randomly over N iterations. The
implementation at every iteration is sampling various non-repeating values for fault timing (τ1, τ2), resistance
(r f , rg), location (�), and type (y of 11 configurations), then setting up and running a 0.5 s simulation. The
fault inception (inception angle) listed in Table 2 (0–0.01667 s) represents the point within the 60 Hz AC
cycle where the fault is initiated. Since the fault start time τ1 is randomly selected from 0.1 to 0.4 s, the fault
can occur at any arbitrary instant within the simulation window. Consequently, the fault inception angle is
implicitly random and covers the entire AC cycle (0–0.033 s). The dynamic fault duration is computed as
τ2 − τ1, with a minimum duration of 0.07 s enforced to ensure sufficient transient data capture. The generated
6-channel signal (three voltages, three currents) is recorded within the fault interval [τ1 , τ2], transformed
into a row vector, and the fault type label is added in front.

Algorithm 1: Generation of short-circuit fault signals in UHV power grid system
Require:

1: Simulink model: power-grid-statcom
2: Transmission line parameters, fault type set F = {1, 2, . . . , κ}, where κ = 11
3: Parameter ranges: fault resistance R f ∈ [0.1, 100] Ω, ground resistance Rg ∈ [0.1, 200] Ω, fault location

d ∈ [dmin , dmax] km, dmin , dmax depends upon the length of the transmission line
4: Sampling frequency fs = 20 kHz, simulation duration Tsim = 0.5 s

Ensure: A dataset D of labeled multi-variate discrete-time fault signals {Xi}N
i=1

5: Initialize empty dataset D ← 0
6: Set maximum time steps Tmax ← 0
7: for i = 1 to N do
8: Generate non-repeating parameters
9: Generate random fault start time τ1 ∼ U(0.1, 0.4)

10: Generate fault inception tinc ←mod(τ1 , 1/60)
11: Generate random fault end time τ2 ∼ U(0.1, 0.4)

(Continued)
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Algorithm 1 (continued)
12: while τ2 − τ1 < 0.07 do
13: Resample τ1 , τ2 ∼ U(0.1, 0.4)
14: end while
15: Compute fault duration d f ← τ2 − τ1 {Fault inception within AC cycle (00.01667 s for 60 Hz)}
16: Generate random fault resistance r f ∼ U(0.1, 100)
17: Generate random ground resistance rg ∼ U(0.1, 200)
18: Generate random fault location � ∼ U(dmin , dmax) km
19: Select fault type y ∼ U{1, . . . , κ}
20: Eleven distinct fault configurations
21: Configure Simulink model parameters:
22: Set SwitchTimes← [τ1 , τ2]
23: Set FaultResistance← r f
24: Set GroundResistance← rg
25: Set transmission line lengths based on �

26: Configure breaker states according to y
27: Execute Simulink simulation sim(’power-grid-statcom’, Tsim)
28: Acquire multivariate signal S ∈ RT×Q , where Q = 6
29: where columns {va , vb , vc} represent phase voltages
30: and columns {ia , ib , ic} represent phase currents
31: Extract fault segment Fi ← S(t ∈ [τ1 , τ2], ∶)
32: Let Ti be the number of time samples in Fi
33: Interleave multi-variate channels
34: Construct row vector xi ← vec(F⊺i )⊺ {xi ∈ R1×QTi}
35: Prepend fault label: x̃i ← [y, xi]
36: Update Tmax ←max(Tmax, Ti)
37: if D ≠ 0 and Tmax increased then
38: Pad all existing rows in D with NaN to maintain uniform dimension
39: end if
40: Pad current row to length 1 + QTmax with NaN values
41: Append x̃i to dataset D
42: end for
43: Save D to disk as CSV file
44: return D

For the sake of consistent length, all the samples are padded with NaN and stacked vertically into the
dataset D, which is then saved as a CSV file to be used for fault diagnosis. The dataset included a total of
43,365 samples, of which 30,355 samples (70%) were allocated for model development, and 13,010 samples
(30%) were reserved as an independent test set. Within the development set, 80% of the samples were used
for training, while the remaining 20% were utilized for validation.

Fig. 3 shows the waveforms used for the generation of the datasets in time-series format, illustrating
various dynamic operating conditions such as system oscillations, equipment saturation, and nonlinear
dynamics in the power grid system. These datasets simulate complex behaviors such as system oscillations
and non-linearities, which affect the fault signatures under realistic operating scenarios. These datasets help
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to validate the diagnostic tool by subjecting it to various fault conditions, thus improving the potential and
ability of the tool to diagnose faults comprehensively.

Figure 3: Representative three-phase voltage and current waveforms illustrating diverse fault conditions, including
oscillations, saturation, noise effects, and line interactions in power system dynamics.

3 Results and Discussions

3.1 Accuracy and Efficiency Analysis
The performance analysis in Fig. 4a indicates that all three signal configurations have fault classification

accuracy above 99%. Among the three, the voltage-current scheme has the highest performance with 99.91%
test accuracy and the least standard deviation of ±0.06%. It, however, has the highest training time of 1107 s
and memory usage of 3330 MB among the three signal configurations. The voltage-only model has 99.72%
accuracy while reducing the training time by 38.6% to 680 s and memory usage by 61.8% to 1272 MB,
making it suitable for resource-constrained environments. The current-only model has 99.90% accuracy
and performs best in real-time applications with the fastest inference speed of 2995 samples per second and
quickest prediction time of 4.34 s, improving the processing throughput by 22.6%.

As can be seen in Fig. 4b, these methods have clear trade-offs between accuracy and computational
efficiency. The voltage-current model is recommended for critical fault diagnosis systems where maximum
accuracy is required; the voltage-only model is the best choice for edge computing scenarios where resources
are limited; while the current-only model is the best option for high-frequency monitoring where real-time
response is required. As can be seen, the viability of the three modalities of the signal is verified in the
above analysis.
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Figure 4: Performance comparison of signal types for UHV fault classification. (a) Accuracy metrics showing all
models >99%, with voltage-current achieving highest test accuracy (99.91%) and best consistency (σ = 0.06%).
(b) Computational trade-offs: voltage-only reduces training time by 38.6% and memory by 61.8%; current-only delivers
fastest inference (2995 samples/s).

3.2 Bayesian Optimization and Model Learning
The Bayesian optimization process achieved a best cross-validation accuracy of 99.76% at the twelfth

iteration for the VI signals, as shown in Fig. 5a. The corresponding configuration used a learning rate of
0.002611, dropout rate of 0.182, batch size of 19, and weight decay of 8.65 × 10−6. Across the evaluated
configurations, the mean and median accuracies were 99.28% and 99.35%, respectively, while the standard
deviation was 0.36 percentage points. The median being slightly higher than the mean suggests a modest
tendency toward lower-valued observations, although this alone does not establish the shape of the accuracy
distribution. The observed accuracy range was 1.63 percentage points, from 98.13% to 99.76%, indicating
that most evaluated configurations achieved high classification accuracy despite variations in the selected
hyperparameters. These results suggest that Bayesian optimization effectively explored the hyperparameter
space and identified a high-performing configuration; however, the observed variation also indicates that
hyperparameter selection can affect performance and should therefore be validated on independent test data
before deployment.

The proposed architecture contains 913,314 trainable parameters, providing sufficient capacity to learn
complex patterns associated with the UHV power system configuration. As shown in Fig. 5b, the validation
performance improved up to epoch 27, where the validation loss reached 0.0031 and validation accuracy
reached 99.95%. The training loss decreased from 0.4698 to 0.0093, corresponding to a 98% reduction,
while the model achieved a training accuracy of 99.72% at the final epoch. After epoch 27, the validation
loss increased slightly to 0.0038, and validation accuracy decreased marginally to 99.92% at epoch 30.
This small degradation indicates a minor decline in validation performance during the final training
epochs and suggests the onset of overfitting, although the final validation accuracy remained high. The
training–validation accuracy difference at the final epoch was −0.20 percentage points, indicating that the
validation accuracy remained slightly higher than the training accuracy. Overall, the model maintained high
validation performance throughout training, with losses below 0.01 after epoch 10; however, the observed
degradation after epoch 27 indicates that epoch 27 may provide a preferable stopping point based on
validation performance.
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Figure 5: Optimization and training performance. (a) Bayesian optimization over twenty iterations achieves 99.76%
peak accuracy at iteration twelve (orange), with most configurations exceeding 99% (green region). (b) Training and
validation loss curves over thirty epochs show the best validation loss of 0.0031 at epoch twenty-seven (green point).

3.3 Feature Representation and Discriminative Capability Analysis
The outcomes of feature analysis also show the representation learning process of the proposed neural

architecture. As illustrated in Fig. 6, the ratio of sparsity increased gradually from the shallow to deep layers of
the network, reaching over 0.84 in conv3, global_ctx1, global_ctx3 and fc1. It can be seen from
the observation that the deeper layers were able to learn more selective feature representations as a result
of removing redundancy from the features while keeping the discriminative fault information intact. At the
same time, the positive weight ratios stayed relatively well-balanced at about 0.5 for most layers, implying
stable feature learning without any notable bias towards positive or negative kernel responses.

The kernel energy analysis showed that the L2 norms increased noticeably in the deeper layers, especially
in the fully connected part of the network, where fc1, fc2, and fc3 reached 87.24, 52.78, and 27.89,
respectively. This suggests that these higher-level layers captured more meaningful fault-related patterns
and played a stronger role in making the final decision. On the other hand, the global context layers had
much smaller L2 norms, which indicates that they mainly acted as lightweight attention modules for refining
features rather than directly extracting the main representations.

The matrix of similarity of features indicates that the classifier is able to acquire very coherent features
within each fault class while at the same time maintaining a high level of class separability. All diagonal
elements of this matrix are greater than 0.86; in some classes, they exceed 0.98, which means that the
features within each type of fault form clusters which are very coherent. Simultaneously, the low level of
similarity off the diagonal, particularly between uncorrelated fault groups, indicates that the classifier is able
to discriminate between classes. This is also evident from the results of class separability, including the Fisher
separability index of 2.33 and the high level of between-class scatter relative to within-class scatter.
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Figure 6: Analysis of learned representations in the proposed 1D CNN model: (a) kernel sparsity and positive-
weight ratios, (b) kernel L2 norms, (c) inter-class feature similarity heatmap, and (d) layer-wise feature activations,
demonstrating progressive feature abstraction and effective fault-class discrimination.
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The hierarchical activation analysis shows how the model gradually learns more meaningful fault
features as the data moves deeper through the network. In the first two convolutional layers, the activations
are moderate, mainly capturing basic local patterns in the signals. The third layer becomes more selective,
with lower overall activation but higher sparsity, meaning it focuses only on the most important features.
By the final feature layer, the activations become stronger and more consistent—around 0.51 to 0.57 across
different fault classes—showing that the network has successfully converted raw signal information into
compact and clearly distinguishable fault representations. The clear differences in activation patterns between
fault types further confirm that the model is effectively learning class-specific characteristics needed for
accurate diagnosis.

3.4 Perfromance Generalization and Overfitting Characteristics
Fig. 7a showed evaluation on held-out testing data (30% of total samples) demonstrates exceptional

performance with 99.9078% accuracy, correctly classifying 12,998 out of 13,010 instances with only twelve
misclassifications across eleven fault categories. This further confirms the fact that the model learns
discriminative features and is able to effectively transfer them to new examples. As depicted in Fig. 7b, the
F1-score for Classes 1, 10, and 11 is perfect with a score of 1.0000. For Classes 2, 4, 7, and 9, the F1-score
is above 0.9990, and the errors are spread out over a few categories. This further confirms the fact that
the chosen hyperparameters result in a model with a proper bias-variance trade-off, which is essential in
real-world applications.

Figure 7: Comprehensive evaluation of the best-performing fault classification model on held-out test data (30% of
total samples).

3.5 Noise Analysis
To assess the efficacy of the 1D CNN, noise analysis within a range of 10–50 dB is conducted with VI

signals, which confirms the methodology’s noise immunity under noisy conditions. The corruption of fault
signals with WGN is an estimate of the methodology’s robustness, as power system sensors are found to show
Gaussian-type noise distortion in real-time operating conditions. As shown in Fig. 8a, it is clear that there is
strong resilience to all types of noise. The performance of the classifier is found to show significant patterns
under high noise conditions. At 10 dB, it is found to show 95.97% cross-validation and 97.03% test accuracy,
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while at 20 dB, it is found to show 98.27% cross-validation and 98.28% test accuracy. Although there is a
small decline in performance at 30 dB, with 97.56% test accuracy, it is clear from the results obtained at 40
and 50 dB, with 99.57% and 99.25% test accuracy, respectively, that there is effective handling of all types of
signal-to-noise ratios.

Figure 8: (a) Radar plot showing cross-validation and test accuracy across 10–50 dB noise levels, with error bands
indicating standard deviation. (b) Box plot showing memory usage and inference time distribution with mean (red
dashed) and median (blue solid) alignment indicating stable performance.

In Fig. 8b, memory usage varies between 102.11 MB for 50 dB and 959.97 MB for 40 dB. The average
memory usage is 555 MB, while the median is 562 MB. This shows symmetry in memory usage for all the
noise levels. The average inference time is 6.80 s, while the median is 6.78 s. The standard deviation for
inference time is 0.82 s. This shows consistent performance in real-time processing. The classifier shows high
immunity to all levels of noise. This eliminates the need for computationally expensive methods for noise
cancellation or heavy preprocessing as reported in [1,24]. The accuracy for all levels of noise is above 97.03%,
even for the highest noise level of 10 dB.

However, the similarity of mean and median for memory usage and inference time does not prove
a normal distribution of the data but shows similar central tendencies among the analyzed conditions.
Variations of memory usage and inference time show how the computational needs change in various
noise levels. However, the classifier has demonstrated very good accuracy under different noise levels,
that show consistency of the fault diagnosis process. Thus, these findings serve as proof of the robust
fault pattern recognition by the classifier under the analyzed conditions. Comprehensive assessment across
a broader range of operating conditions, noise levels, system configurations, and real-world scenarios
would be required to further validate generalization, scalability, and deployment performance in critical-
infrastructure environments.

The Noise Immunity Index (NII), defined in (8), provides a standardized quantitative measure of model
robustness against noise by considering the classification performance across the entire investigated SNR
range rather than only the extreme operating conditions. A lower NII indicates greater immunity to noise
and more stable performance under varying operating environments.
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NII = 1
M

M
∑
i=1

∣Vn ,max − Vn , i ∣
Vn ,max

(8)

where M denotes the total number of investigated SNR levels, Vn ,max represents the classification accuracy
corresponding to the highest SNR level (lowest noise condition), and Vn , i denotes the classification accuracy
at the i-th SNR level. The index therefore quantifies the average normalized degradation in performance
over the complete noise range. A value of NII approaching zero indicates that the model maintains nearly
constant accuracy despite increasing noise levels, demonstrating strong robustness and practical applicability
in real-world power system environments. Using the cross-validation accuracies of [95.97%, 98.27%, 98.46%,
99.01%, 99.02%] at 10, 20, 30, 40, and 50 dB SNR, respectively, with Vn ,max = 0.9902, the NII is calculated as

NII = 1
5

⎡⎢⎢⎢⎢⎣

∣0.9902 − 0.9597∣
0.9902

+ ∣0.9902 − 0.9827∣
0.9902

+ ∣0.9902 − 0.9846∣
0.9902

+ ∣0.9902 − 0.9901∣
0.9902

+ ∣0.9902 − 0.9902∣
0.9902

⎤⎥⎥⎥⎥⎦
.

NII = 1
5
[0.0305

0.9902
+ 0.0075

0.9902
+ 0.0056

0.9902
+ 0.0001

0.9902
+ 0]

= 1
5
(0.03080186 + 0.00757423 + 0.00565542 + 0.00010099 + 0)

= 0.04413250
5

= 0.00882650.

The NII is calculated as 0.008826, corresponding to approximately 0.88% average normalized degra-
dation. This low NII value indicates that the model maintained relatively consistent classification accuracy
across the investigated SNR levels from 10 to 50 dB.

3.6 Sampling Analysis
This methodology is tested with voltage-only (V), current-only (I), and combined VI signals at

various frequencies (1–20 kHz). The performance of the signals has been presented in Fig. 9, where the
performance of the VI signals has been the most consistent. The performance of the signals has reached
99.81 ± 0.06% cross-validation accuracy and 99.91% test accuracy at 20 kHz. The performance of the voltage-
only signals has reached 99.92% test accuracy at 5 kHz with 99.69 ± 0.15% cross-validation accuracy. The
performance of the current-only signals has reached 99.90% test accuracy at 20 kHz with 99.37 ± 0.86%
cross-validation accuracy.

As shown in Fig. 9c, for current-only signals, the training time is the least at 400.3 s compared to VI
signals at 623.6 s and voltage-only signals at 545.6 s. Current-only signals have a reduction of 60% compared
to VI signals. For inference speed, voltage-only signals have the highest at 14,213 samples per second, followed
by current-only signals at 14,124 samples per second, and then VI signals at 11,228 samples per second.
Current-only signals have the least memory footprint, while voltage-only and VI signals are moderate. The
optimal accuracy-efficiency balance is between 5 and 15 kHz. As shown in Fig. 9d, for VI signals, there is
consistent performance in terms of accuracy and efficiency for fault classification.

The proposed methodology is flexible in terms of sampling rates used in fault signals. It can reduce
the computational load of data processing devices. The proposed methodology overcomes the limitations of
the existing methodologies in terms of the range of sampling frequency used in the signals of the complex
power system. The accuracy of the learning algorithms is generally decreased with the downsampling
process. However, in the proposed methodology, it is observed that the effects of the downsampling process
between the frequency range of 5–20 kHz on the VI signals are less significant. The proposed methodology
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is satisfactory even at the frequency of 1 kHz. The reason is that the recording of the fault signals is
obtained at different locations in the power system in the proposed methodology, which provides more
fault information. Despite the loss of information in the significant downsampling process, the proposed
methodology is more computationally efficient in the fault diagnosis of the power system compared with the
existing methodologies that require the sampling frequency of 10–100 MHz.

Figure 9: Performance metrics vs. sampling frequency: (a) Cross-validation accuracy, (b) Accuracy distribution,
(c) Computational efficiency, (d) Normalized performance radar. V-I signals demonstrate optimal balance across all
metrics.

The Sampling Index (SI), defined in (9), evaluates the sensitivity of the proposed approach to variations
in sampling frequency by considering the entire investigated sampling range.

SI = 1
K

K
∑
j=1

∣Vs ,max − Vs , j∣
Vs ,max

(9)

where K denotes the total number of investigated sampling frequencies, Vs ,max is the classification accuracy
corresponding to the highest sampling frequency, and Vs , j is the classification accuracy at the jth sampling
frequency. The smaller SI values show that the suggested technique is stable with respect to various sampling
frequencies, meaning that there is relatively low dependency on the data acquisition environment. The
obtained SI value is 0.006933, which is less than 1%. This value is calculated using cross-validation accuracy
at different sampling frequencies and reflects the stability of the proposed approach to signal downsampling.
Although the diagnostic performance of the system varies depending on the data acquisition rate, it still
shows stable performance regardless of this factor. This means that the proposed technique has stable
performance at sampling frequencies in the 2–4 kHz range, which is considered the most optimal [27]. These
findings confirm the method’s robustness under sampling conditions.
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3.7 The Perfect Recipe: Optimized Hyperparameters from Bayesian Optimization
As presented in Table 3, the optimized hyperparameters obtained via the application of the Bayesian

optimization approach show the flexibility of the approach in adapting to the conditions of the analysis
scenario. For the analysis scenario of the preliminary condition, the optimized parameters are determined to
be batch size = 19, learning rate = 0.002611, dropout rate = 0.182, weight decay = 8.65 × 10−6, and epochs = 30.
These parameters serve as an excellent foundation for the training of the model. When the conditions
are noisy at 20 dB, the parameters are optimized to be batch size = 79, learning rate = 0.001027, dropout
rate = 0.488, weight decay = 5.74 × 10−4, and epochs = 30. These parameters are optimized to be more
regularized in the presence of noise in the signal.

Table 3: Optimized hyperparameters from Bayesian optimization for various analysis scenarios.

Hyperparameters Preliminary Analysis Noise Analysis (20 dB) Sampling Analysis (10 kHz)
Batch size 19 79 18

Learning rate 0.002611 0.001027 0.003642
Dropout rate 0.182 0.488 0.177
Weight decay 8.65 × 10−6 5.74 × 10−4 1.50 × 10−5

Number of epochs 30 30 30

Note: Bayesian optimization was employed to identify optimal hyperparameter configurations for each analysis
scenario, ensuring peak model performance under varying conditions.

For sampling analysis with a sampling rate of 10 kHz, the hyperparameters are similar to those obtained
by preliminary analysis, i.e., batch size is set to 18, the learning rate is set to 0.003642, the dropout rate is
set to 0.177, weight decay is set to 1.50 × 10−5, and the number of epochs is set to 30. This similarity implies
that the model architecture is effective in handling different sampling rates without significant changes to
the hyperparameters. Moreover, the consistent number of epochs across all scenarios implies that the model
converges well within this number of epochs. Similarly, the dropout rate changes from 0.18 to 0.49 with
the introduction of noise. This implies that the Bayesian optimization methodology recognizes the need to
impose stronger regularization with the degraded signal. Similarly, the weight decay changes by almost two
orders of magnitude with the introduction of noise. This is consistent with the observation that stronger
regularization is required with the degraded signal. The changes to the learning rate by the optimization
methodology reflect the trade-off between convergence speed and stability.

3.8 Comparison to Existing Work and Future Scope
Table 4 highlights that the proposed 1D CNN framework achieves superior accuracy even when applied

to a highly complex UHV power grid configuration, which involves a 735 kV, 32-bus system with extensive
compensation and multiple transmission lines. Although most of the currently available solutions may
demonstrate high performance in some operational cases, those solutions require complex preprocessing,
including the transformation of faults into image representations, thus increasing computational costs and
distancing from the initial signal form. In contrast to that, the proposed solution allows classifying faults
using the signal level without any additional processing and expert knowledge required.
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To ensure an unbiased comparison across diverse studies, the framework introduces uniform indices
for sampling and noise immunity, allowing performance evaluation under varying data complexities and
operating conditions. The results show that the proposed method not only achieves excellent accuracy but
also maintains outstanding robustness under noisy environments and downsampling scenarios. Further-
more, it provides a comprehensive analysis across multiple signal types, which is particularly valuable in
data-scarce conditions. Unlike most prior works, this study also reports memory usage, revealing that while
VI signals demand higher resources, individual voltage or current signals achieve comparable efficiency
to existing methods, making the approach adaptable depending on resource constraints. Importantly, the
framework challenges fault classification in UHV systems by incorporating a system-wide analysis across
all transmission lines, thereby enhancing generalization and scalability compared with studies limited to
specific lines.

By replicating the complexities of a physical UHV system in a simulation, the proposed methodology
demonstrates its practical relevance and confirms its potential as a robust solution for fault diagnosis in
large-scale power grids.

4 Conclusions
The proposed study demonstrates the effectiveness of a lightweight 1D CNN classifier for fault classi-

fication in UHV power systems, validated using a standard simulation setup operating at UHV level with
series-compensated and distributed transmission lines designed by domain experts. The real-time Simulink
model replicates the complexities of practical large-scale power systems, ensuring realistic evaluation. The
1D CNN effectively addresses dynamic and challenging operating conditions, delivering high accuracy and
computational efficiency through end-to-end learning on raw time-series fault signals, which aligns with
modern sensor recordings and eliminates the need for heavy preprocessing or transformations.

The automatic feature engineering capability of the model surpasses traditional methods reliant on
sophisticated feature extraction and selection, which may fail to capture the intricate behaviors of series-
compensated UHV systems. Bayesian optimization for hyperparameter tuning enhances the robustness and
efficiency of model development. The data processing pipeline achieves high noise immunity and mitigates
the adverse effects of downsampling, providing operational flexibility for diverse data processing devices.

The introduction of quantitative comparative metrics enables fair evaluation across fault diagnosis
methodologies that differ in system configurations, data complexity, and operating conditions. While the
method effectively overcomes many limitations, further work is needed to optimize noise cancellation
using advanced lightweight filtering and improve memory utilization when handling a large number of
synchronous recordings, a common scenario in practical systems. Given its robustness, the proposed
approach has potential extensions to intrusion detection and fault localization in power grids.

In summary, this rigorously evaluated methodology establishes a proof of concept for practical, scalable
fault diagnosis in large-scale UHV power systems, combining accuracy, efficiency, and adaptability to real-
world conditions.
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