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Abstract— Excessive neutral-to-ground voltage (NTGV) poses 
safety and operational risks in TT-grounded secondary 
distribution systems, particularly when caused by ground faults. 
This study investigates the effectiveness of data structure and 
density on a deep learning-based approach for classifying NTGV 
events as originating from either upstream or downstream fault 
locations. A deep learning model using LSTM is trained and tested 
using real-world datasets collected from multiple locations in a TT 
system. Results show that input data structure S3 which 
incorporating ground and phase current signals alongside NTGV 
measurements significantly improves model performance, 
achieving an accuracy of 98.15% and an F1-score of 97.85%. 
Notably, the proposed model maintains high classification 
accuracy even when trained using only 10% to 30% of the 
available dataset, demonstrating strong robustness under limited 
data conditions. These results indicate that feature-rich input 
structures enable reliable and data-efficient NTGV source 
classification with minimal additional computational cost, 
supporting practical deployment in real-world distribution 
networks. 
 

Index Terms— Deep learning, LSTM Classification, Neutral-to-
Ground Voltage (NTGV), TT Grounding System 

I. INTRODUCTION 
Excessive neutral-to-ground voltage (NTGV) is a critical 

power quality (PQ) disturbance that compromises the safety, 
reliability, and performance of low-voltage secondary 
distribution systems (SDS), particularly in networks with TT 
grounding configurations. In these systems, ground faults can 
introduce elevated NTGV levels throughout the network, even 
when the fault occurs at a specific location. This behavior arises 
from the interconnected nature of local earthing points, which 
allows fault-induced voltages to propagate beyond the fault 
origin [1]. Such conditions may lead to equipment malfunction 
and insulation degradation, and hazardous touch voltages at 
end-user premises [2]. 

Timely and accurate localization of NTGV events is essential 
for effective fault response and risk mitigation. However, 
conventional methods often face limitations when applied to TT 
systems, where distributed earthing introduces ambiguity in 
fault traceability [5]. These challenges have led to increased 
interest in data-driven approaches that leverage time-series 
analysis of electrical signals for automated classification and 
localization. 

Recent advances in deep learning (DL) have demonstrated 
substantial potential for power quality monitoring, with models 
such as convolutional neural networks (CNNs), long short-term 
memory (LSTM), and gated recurrent units (GRUs) showing 
success in recognizing patterns within voltage and current 
waveforms [6][7]. These approaches have been successfully 
used to classify a wide range of PQ disturbances, including 
voltage sags, swells, harmonics, and transient events[8]. 
Nevertheless, the majority of existing studies focus on generic 
PQ disturbances under controlled or simulated conditions, often 
assuming balanced systems and abundant labelled datasets[9]. 

In the specific context of NTGV analysis, existing works 
remain limited and predominantly address detection rather than 
source localization or rely on rule-based or threshold-driven 
techniques that are difficult to generalize to complex grounding 
environments [10]. Furthermore, few studies explicitly consider 
TT-grounded secondary distribution systems, where the 
behavior of NTGV is strongly influenced by local earthing 
characteristics and real-world operating conditions. In our 
previous study [11], we introduced a LSTM-based model 
specifically designed for classifying NTGV source locations, 
demonstrating its effectiveness using real-world measurements 
from TT-grounded systems. Despite these advances, two 
critical aspects remain insufficiently explored in the literature. 
First, existing PQ on NTGV classification studies have never 
provide a systematic analysis of how different input feature 
configurations affect model performance. Second, most DL-
based approaches implicitly assume the availability of large, 
well-balanced training datasets, an assumption that is often 
unrealistic for NTGV events caused by ground faults, which are 
rare and difficult to capture in practice [12], [13]. The combined 
impact of input data structure and limited training data 
availability on NTGV source classification performance has not 
been adequately investigated, especially using real-world 
measurements from TT-grounded systems. 

Building on this foundation, the present study focuses on 
evaluating two critical factors that influence model 
performance: the structure of input data and the density of 
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training data. The input data structure refers to the combination 
of features provided to the model. For instance, NTGV signals 
may be used alone or in combination with ground current and 
three-phase current measurements, depending on the 
instrumentation available. The training data density pertains to 
the proportion of available labeled data used for model training, 
which is a particularly important consideration given that 
NTGV events caused by ground faults are rare and difficult to 
capture under field conditions. 

To address this limitation, this study presents a detailed 
evaluation of the LSTM-based model introduced in [11], 
trained and tested under various configurations of input 
structure and training data density. The classification task is 
formulated as a binary problem, in which each NTGV event is 
labeled according to whether its source is located upstream or 
downstream relative to the monitoring point. Real-world 
measurements from TT-grounded systems experiencing ground 
fault conditions are used to develop and validate the model. 

The main contributions of this paper are threefold. First, the 
study systematically quantifies the impact of different input 
feature configurations on NTGV source classification 
performance. Second, it evaluates the robustness of the 
proposed model under reduced training data densities, 
reflecting realistic field deployment constraints. Third, it 
provides practical insights for the design of data-efficient and 
reliable NTGV monitoring systems tailored to TT-grounded 
secondary distribution networks. The rest of this paper is 
organized as follows: Section 2 details the methodology and 
experimental design; Section 3 presents the results; Section 4 
discusses the implications and relevance of the findings; and 
Section 5 concludes with a summary and directions for future 
research. 

II. METHODOLOGY 
This section outlines the methodological framework used to 

evaluate the effect of input data structure and training data 
density on the performance of a LSTM-based deep learning 
model for localizing the source of excessive NTGV in TT-
grounded SDS. The model architecture used in this study is 
based on our previously validated design presented in [11]. The 
methodology includes data acquisition and preprocessing, 
construction of input structures and data density scenarios, 
dataset partitioning, model training, and performance 
evaluation. Fig. 1 depicts the overall process in this work to 
evaluate the NTGV data. 

A. Data Acquisition and Preprocessing 
The dataset used in this study was obtained from a TT-

grounded SDS under uncontrolled ground fault conditions. The 
system was subjected to a series of single-line-to-ground faults 
at various locations that generates NTGV disturbances. Voltage 
and current waveforms were recorded using high-resolution 
data logger positioned at key nodes in the distribution network. 

All signals were sampled at 12.8 kHz and segmented into 
fixed-length windows representing two power frequency cycles 
(40 ms). Each instance in the dataset was labelled as either 
upstream or downstream, depending on the relative location of 

the fault source with respect to the measurement point. 
Subsequently, the cumulative number of labelled samples 

totalled 510 upstream instances and 411 downstream instances. 
These quantities reflect the natural imbalance in ground fault 
propagation as observed in TT networks and serve as the basis 
for developing a binary classification model. 

This preprocessing framework ensured that the dataset was 
structured and appropriately labelled, thereby enabling 
effective training and evaluation of the deep learning model 
under varying data and feature scenarios. 

 

 
Fig. 1. Flowchart illustrates the overall evaluation framework, 
including data acquisition, input feature configuration, dataset 
partitioning, DL model training, and performance evaluation. 

 

B. Input Data Structure Configuration 
Three progressively complex data structures were defined to 

investigate the effect of feature richness on classification 
performance. Each structure was composed of synchronized 
time-series waveforms with varying dimensionality, as 
summarized in Table 1. 

This progressive design allows for evaluating how richer 
signal content enhances the model’s ability to distinguish 
between upstream and downstream faults. 
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TABLE 1.  INPUT DATA STRUCTURES FOR LSTM MODEL 

Structure Input Features Description 

S1 NTGV 
Only neutral-to-ground voltage 

waveform 

S2 
NTGV, Ground 

Current 
Adds ground current to 

represent fault current behavior 

S3 
NTGV, Ground 
Current, Three-

Phase Line Currents 

Full feature set representing 
voltage and current asymmetries 

across phases 

C. Data Density Scenarios 
To evaluate the impact of data availability on model 

performance, the dataset was down sampled into five distinct 
training densities: 10%, 30%, 50%, 70%, and 90% of the total 
labeled data. For each input structure, the training subset was 
selected randomly to match the desired density level, while the 
remaining portion of the dataset was retained for testing, as 
detailed in the subsequent section. 

Table 2 summarizes the data density levels used during 
training along with the number of training samples at each level. 

TABLE 2.  TRAINING DATA DENSITY LEVELS AND CORRESPONDING 
SAMPLE SIZES 

Density Level Percentage of Dataset  Number of Samples  

D1 10% 93 samples 
D2 30% 278 samples 
D3 50% 461 samples 
D4 70% 645 samples 
D5 90% 829 samples 

 
This configuration allows a systematic investigation into 

how the quantity of labeled data interacts with input feature 
richness to influence deep learning model performance for 
NTGV classification. 

D. Train-Test Partitioning 
All data configurations were partitioned into training and 

testing sets using an 80:20 split. To ensure generalizability and 
prevent data leakage, no overlapping segments were allowed 

between the training and testing sets. For each configuration, 
five-fold cross-validation was conducted on the training data, 
and the average results were reported. 

This partitioning strategy ensured that the evaluation metrics 
accurately reflect the model's ability to generalize to unseen 
NTGV events. 

E. Deep Learning Model Architecture and Training 
The deep learning model employed in this study is based on 

an LSTM architecture previously developed and validated in 
[11]. LSTM networks are particularly well-suited for capturing 
temporal dependencies and long-range patterns in time-series 
data, making them effective for analysing voltage and current 
waveforms associated with PQ disturbances such as excessive 
NTGV. 

As illustrated in Fig. 2, the model receives multivariate time-
series input through a sequence input layer, followed by an 
LSTM layer comprising 150 hidden units configured with an 
output mode set to "sequence." This is followed by a dropout 
layer with a dropout rate of 0.5 to reduce overfitting by 
randomly deactivating neurons during training. A second 
LSTM layer, with 100 hidden units, is added with an output 
mode set to "last" to extract the final temporal representation. 
A second dropout layer with a dropout rate of 0.1 is applied 
before passing the extracted features to a fully connected layer 
with two output neurons representing the binary classes 
(upstream and downstream). The final classification is 
performed through a softmax layer and a cross-entropy 
classification layer.The model was trained and evaluated using 
MATLAB R2025a on a Windows-based workstation equipped 
with an Intel Core i7-8750H CPU, 8 GB of RAM, and an 
NVIDIA GeForce GTX 1050 Ti GPU. The training process was 
configured using the Adam optimizer with a maximum of 200 
epochs. The initial learning rate was set to 0.0001, and a 
gradient threshold of 1 was applied to avoid exploding 
gradients. The model was trained using sequences of the longest 
available length, with data shuffled at every epoch to improve 
generalization. Training verbosity was disabled to streamline 
execution, and no training progress plots were displayed. 

 

 
Fig. 2. Architecture of the LSTM-based deep learning model used for classifying the source location of NTGV events as 

upstream or downstream. [11]. 



JOURNAL OF ELECTRICAL AND ELECTRONIC SYSTEMS RESEARCH, VOL.28 APR 2026 
                                 
 

14 
 

This configuration ensured a stable and consistent training 
process across all experimental scenarios. Each model was 
trained using stratified subsets of the dataset defined by 
different data density levels and input structures, as described 
in earlier sections. The best-performing model under each 
condition was evaluated on the corresponding test set to assess 
classification accuracy and F1-score. 

III. EXPERIMENT RESULTS AND ANALYSIS 
This section presents the results of the LSTM-based model 

applied to the binary classification of excessive NTGV events 
originating from either upstream or downstream locations in a 
TT-grounded SDS. The analysis focuses on the influence of 
input data structure and training data density on classification 
performance, using metrics such as accuracy and F1-score. 

A. Impact of Input Data Structure 
To assess the influence of feature richness on classification 

performance, the LSTM model was evaluated using three 
different input structures: S1 (NTGV only), S2 (NTGV + 
ground current), and S3 (NTGV + ground current + three-phase 
line currents). All models were trained using 100% of the 
dataset, and performance was measured using accuracy, F1-
score, and training time. 

As illustrated in Fig. 3, both accuracy and F1-score improved 
progressively with increasing input complexity. For S1, the 
model achieved an accuracy of 97.39% and an F1-score of 
97.19%. While acceptable, this structure provided limited 
spatial and directional information, which constrained the 
model’s ability to fully distinguish between upstream and 
downstream fault scenarios. 

By incorporating ground current in S2, the model’s 
performance increased to 97.72% accuracy and 97.46% F1-
score. The additional ground current features captured 
important fault-related dynamics, leading to more balanced and 
confident predictions. 

The highest performance was achieved with S3, where the 
inclusion of three-phase line currents further enriched the input 
representation. The model attained an accuracy of 98.15% and 
an F1-score of 97.85%, reflecting improved feature 
discrimination and classification precision. These results affirm 
the benefit of using comprehensive current and voltage features 
for NTGV source localization in TT-grounded systems. 

In addition to absolute training times, the relative 
computational overhead between input configurations was 
evaluated by expressing the increase in training duration as a 
percentage as depicted in Fig. 4. Compared to the baseline 
configuration S1, the training time increased from 204.1 s to 
214.3 s for S2, corresponding to an increase of approximately 
5.0%. For the most feature-rich configuration S3, the training 
time increased to 221.2 s, representing an overall increase of 
approximately 8.4% relative to S1. These results indicate that, 
although additional input features lead to a measurable increase 
in training time, the relative overhead remains modest. When 
considered alongside the substantial improvement in 
classification performance achieved by S3, the added 
computational cost is justified and remains practical for offline 

training and periodic model updates in real-world NTGV 
monitoring applications. Overall, the results demonstrate that 
enriching the input structure significantly enhances model 
performance. Even though additional features require slightly 
more computation time, the gain in classification accuracy and 
F1-score justifies the inclusion of current-based features in 
practical NTGV monitoring systems. 

 

 
Fig. 3. Impact of data structure on DL performance 

 

 
Fig. 4. Percentage increase in model training time for different 
input configurations relative to the baseline configuration S1. 

 

B. Influence of Training Data Density 
To evaluate the robustness of the DL-based model under 

varying data availability, the classification accuracy was 
assessed across six training data densities: 10%, 30%, 50%, 
70%, and 90%. This evaluation was repeated for each input 
structure to understand how data quantity interacts with input 
complexity. As shown in Fig. 5, accuracy improved 
consistently with increasing data density for all structures. 
However, the rate of improvement and overall performance 
varied significantly depending on the richness of the input 
features. 

For Structure 1 (S1), the model showed limited 
generalization when trained on sparse data, achieving only 
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83.4% accuracy at 10% density. As data density increased, 
accuracy gradually improved, reaching approximately 96.5% at 
90%. This sensitivity to training volume indicates that NTGV-
only input lacks sufficient redundancy or spatial cues to 
perform well under data-constrained conditions. 

Structure 2 (S2) demonstrated better resilience to limited 
data. With just 10% of the data, the model achieved 94.6% 
accuracy, an 11.2% improvement over S1 highlighting the 
value of ground current features in supporting early-stage 
learning. As data density increased, accuracy continued to 
improve steadily, reaching approximately 97.7% at 90% 
density. 

Structure 3 (S3) consistently outperformed the other 
configurations across all density levels. Remarkably, with only 
10% of the data, the model achieved near-perfect classification 
with 100% accuracy and remained above 98% accuracy across 
all other density levels. This demonstrates the strong 
representational power of the combined NTGV and current 
signals, which enabled the model to learn class distinctions 
effectively, even under severe data limitations. 

The diminishing accuracy gap between structures at higher 
densities suggests that while additional features are especially 
critical under sparse data conditions, they also support more 
stable learning across different dataset sizes. These results 
underscore the practical importance of incorporating richer 
input structures in real-world NTGV classification systems, 
particularly when labelled data are limited due to operational, 
safety, or economic constraints. 
 

 
Fig. 5. Impact of data density to the accuracy of the DL model. 

 
In addition to classification accuracy, the time for each input 

structure was also recorded across all data densities to assess the 
computational cost associated with increased data volume and 
feature complexity. As illustrated in Fig. 6, training time rose 
with both input richness and data density, but the rate of increase 
varied across structures. 

For Structure 1 (S1), which includes NTGV data only, 
training time grew significantly as the data density increased. 
The model required only 26.34 seconds at 10% density but 
expanded to 220.46 seconds at 90%. This steep rise is attributed 
to the increased number of samples processed, despite the 
relatively simple input structure. The results suggest that while 
S1 is computationally light at small data volumes, its training 

cost becomes comparable to more complex structures as the 
dataset grows. 

Structure 2 (S2), which includes NTGV and ground current, 
showed a similar trend, with training time increasing from 29.60 
seconds at 10% to 223.55 seconds at 90%. The additional input 
channel introduced modest computational overhead, but the 
efficiency remained comparable to S1, especially at lower 
densities, making S2 an attractive compromise between 
performance and training efficiency. 

Structure 3 (S3), which integrates NTGV, ground current, and 
three-phase line currents, incurred the highest training times 
overall. At 10% density, training took 29.73 seconds, rising to 
224.13 seconds at 90%. The increase reflects the additional input 
dimensions, which contribute to longer sequence processing and 
weight updates in the LSTM layers. Although S3 incurred 
slightly higher computational cost, the time difference between 
S1, S2, and S3 at 90% density was marginal, while the 
performance benefits were substantial. The results suggest that 
enriching input features yields meaningful gains in classification 
accuracy and robustness, with relatively minor increases in 
training time, particularly when operating in offline or non-time-
critical environments. 

This analysis highlights a practical trade-off between 
computational load and model performance. When data 
availability is limited or training efficiency is critical, S2 may 
offer a balanced solution. However, for applications prioritizing 
accuracy and resilience especially under sparse fault data 
conditions, S3 remains the most effective configuration with 
acceptable computational cost. The results affirm that selecting 
an appropriate input structure should consider both the 
availability of sensor data and computational constraints, 
especially when deploying NTGV monitoring systems in 
resource-constrained environments or edge-based platforms. 

 

 
Fig. 6. Consumption time in seconds for each dataset 

IV. DISCUSSION AND PRACTICAL IMPLICATIONS 
The results presented in this study demonstrate the 

effectiveness of a deep learning-based framework for 
classifying excessive NTGV events in TT-grounded SDS. The 
classification was based on a binary model that distinguishes 
whether the ground fault is located upstream or downstream 
relative to the monitoring point. Two key factors were 
evaluated: input data structure and training data density, both of 
which significantly impacted model performance and usability. 
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A. Importance of Input Data Structure 
The input feature structure emerged as a primary determinant 

of classification accuracy and robustness. As shown in Section 
3.1, enriching the input beyond NTGV alone with ground and 
phase currents (S2 and S3) yielded considerable gains in 
accuracy and F1-score. The inclusion of current signals, 
particularly in S3, enabled the model to capture more 
discriminative fault-related patterns associated with spatial and 
load asymmetries within the SDS. 

This improvement is especially critical in TT systems, where 
the interconnection of local earth electrodes can lead to voltage 
rise at multiple locations, complicating fault source 
identification. The results affirm that multi-modal input signals, 
especially those related to fault current paths, play a key role in 
disambiguating the fault origin. These findings are consistent 
with earlier work in PQ disturbance classification but represent 
a novel application in the context of NTGV localization due to 
ground faults. 

B. Data Density and Model Robustness 
Data availability is a known constraint in NTGV-related 

studies due to the infrequency of ground faults and the 
complexity of conducting controlled experiments. This study 
systematically evaluated model performance across a range of 
data densities and found that richer input structures help 
mitigate the adverse effects of limited data. In particular, the S3 
configuration delivered high accuracy even when trained on 
only 10–30% of the dataset, making it suitable for real-world 
scenarios where labelled data is scarce. 

This resilience highlights the value of designing input 
structures that offer maximal informational content per sample, 
allowing the model to generalize effectively from fewer 
training examples. Such a strategy is essential for practical 
deployment, particularly in environments with limited data 
storage, transmission capacity, or ground fault event history. 

C. Practical Deployment Considerations 
From a deployment perspective, the slight increase in 

computational time associated with feature-rich input structures 
is minimal and manageable. As shown in Section 3.2, the 
training time difference between S1 and S3 at full data density 
was approximately 4 seconds, indicating that the additional 
training cost does not present a significant barrier, especially in 
offline or scheduled retraining scenarios. 

Furthermore, the trained model’s lightweight inference 
nature, once deployed, makes it suitable for implementation on 
embedded devices or edge computing platforms that 
continuously monitor NTGV behaviour and alert maintenance 
personnel when abnormal patterns are detected. 

V. CONCLUSION 
This study evaluated an LSTM-based deep learning model 

for classifying the source location of excessive neutral-to-
ground voltage (NTGV) events in TT-grounded secondary 
distribution systems. By analyzing different input structures 
and data densities, the results showed that adding ground and 
phase current signals significantly improved classification 

accuracy and robustness, even with limited training data. 
Enriching the input features, particularly through the S3 
configuration, yielded considerable gains in both accuracy and 
F1-score. The S3 configuration achieved an accuracy of 
98.15% and an F1-score of 97.85%, and maintained high 
classification performance even when trained using only 10 to 
30 percent of the available dataset. These findings highlight the 
value of using rich input features and support the development 
of practical, data-driven NTGV monitoring systems. This data-
efficient behavior makes the proposed approach well suited for 
real-world NTGV monitoring scenarios, where labeled fault 
data are inherently scarce and difficult to obtain. Future work 
will explore the model's adaptability to other grounding 
configurations, such as TN and IT systems, and investigate 
transfer learning to enhance generalization across different 
network environments 
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