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Abstract— The increasing adoption of electric vehicles (EVs) is transforming power distribution systems by introducing new operational
complexities and protection challenges. Among these, the reliable detection of CB faults has become critical to ensure grid safety and
stability. Unlike short-circuit faults, CB often generate low fault currents, rendering traditional overcurrent-based protection schemes
inadequate. The integration of EVs further complicates detection due to their mobile nature, bidirectional power flows, and the widespread
use of power electronic converters, all of which introduce significant voltage and current fluctuations. This paper presents a structured
mapping-based review of conductor break fault detection in the context of EV-integrated distribution grids. We begin with an overview
of fundamental concepts and proceed to analyze both conventional and advanced detection techniques, with a particular emphasis on
recent developments leveraging signal processing and machine learning. The influence of EV loads on fault characteristics is critically
examined, followed by a comparative analysis of detection approaches. Finally, we identify current technical challenges and outline future
research directions, highlighting the need for adaptive, real-time protection strategies capable of addressing the complexities introduced by
large-scale EV integration into distribution networks.
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I. INTRODUCTION

T he global transportation sector is undergoing
a profound transformation driven by the widespread

adoption of Electric Vehicles (EVs), motivated by climate
goals, air quality concerns, and energy security. According
to the International Energy Agency, over 2.1 million EVs
were sold globally in 2019, forming a fleet of 7.2 million
vehicles, representing approximately 2.6% of global car
sales at the time [1, 2]. Projections estimate that this figure
could exceed 230 million by 2030, reshaping both
transportation and energy sectors [3, 4].

While this transition offers significant environmental
benefits, it also introduces substantial challenges to power
distribution networks [5, 6]. These challenges are twofold:
ensuring the availability of reliable and widespread EV
charging infrastructure, and securing the stable integration
of such infrastructure within existing power systems [7]. In
particular, fast-charging stations pose risks such as voltage
imbalances [8], transformer overloading [9], increased
network losses [10], and harmonic distortions [11], all of

Contact data: João Pedro F. M. M. Barbosa, jpfmmb@gmail.com

which can compromise grid stability [12]. These effects are
further exacerbated in urban areas with high EV penetration
and limited grid capacity. In India, for example, EV
adoption is in its early stages, but national and regional
policies aim to accelerate uptake, targeting 30% EV sales
across all vehicle types by 2030. Efforts are underway to
expand public charging networks across major cities and
corridors, recognizing that charging infrastructure and EV
adoption must grow in tandem [7].

Although much research has focused on conventional
protection challenges associated with EV integration [13],
an underexplored yet critical issue is the detection of
Conductor Break (CBs). Unlike short-circuit faults, CB
typically do not generate significant fault currents [14],
making them difficult to detect using traditional
overcurrent-based protection schemes [15]. Nevertheless,
they pose severe safety risks [16], including the presence of
live conductors on the ground [16], potential fires, voltage
imbalances, equipment damage, and, in extreme cases,
cascading outages across interconnected systems [17].

The integration of EVs further complicates CB detection.
Unlike conventional Distributed Generation (DG), EVs are
mobile, frequently connecting and disconnecting from the
grid, and operating in both charging (Grid-to-Vehicle, G2V)
[18] and discharging (Vehicle-to-Grid, V2G) modes
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[19, 20]. These characteristics result in rapidly changing
network topologies [21], fluctuating power flows [22], and
frequent waveform disturbances [23], particularly in
residential areas with high EV density [24, 25].
Consequently, the subtle voltage and current anomalies
typically associated with CB may be masked or
misinterpreted as routine system variations. Moreover,
traditional protection methods based on static overcurrent
thresholds are ill-equipped to handle such dynamic and
complex conditions [26, 27]. In Direct Current (DC)
charging systems [28], the absence of natural current
zero-crossings [29] and the widespread use of power
electronic converters further complicate fault detection [30].
These factors underscore the pressing need for adaptive,
real-time protection strategies capable of reliably detecting
CB in modern, EV-integrated distribution grids.

Recent research has explored advanced approaches to
enhance fault detection in such contexts, including the
application of deep learning models. For example, Hosseini
et al. [31] proposed a bi-directional long short-term memory
(BWO-BiLSTM) neural network that processes voltage and
current waveform features, achieving superior detection
accuracy (98.5%) and rapid fault identification (within 5
ms), even under noisy conditions. Such methods
demonstrate significant potential for overcoming the
limitations of conventional protection schemes in
increasingly complex distribution systems.

This paper presents a comprehensive bibliographic review
of conductor break fault detection in the context of
EV-integrated distribution grids. By analyzing the evolving
load behaviors and protection requirements introduced by
large-scale EV adoption, we assess how emerging detection
strategies—from advanced signal processing to machine
learning—can support safe and resilient grid operations.

The remainder of this paper is organized as follows:
Section II introduces the fundamental concepts underlying
this study, including an overview of conductor break faults
and the impact of EV charging infrastructure on fault
characteristics. Section III presents a critical literature
review of existing detection methods. Section IV discusses
current technical challenges and future research directions,
and Section V concludes with key findings and perspectives.

II. FUNDAMENTALS

a. Basic Concepts of Conductor Break Faults

Conductor break faults, also referred to as open conductor
faults or broken conductor faults (CB), occur when one or
more conductors in a distribution or transmission system
physically separate due to mechanical failure, weather
events, or external impacts [32, 33]. Unlike short-circuit
faults, CB typically do not result in large fault currents,
which makes them more difficult to detect using traditional
overcurrent-based protection schemes [34].

As depicted in Fig. 1, conductor break faults can manifest
in various configurations, such as single-phase or
multi-phase discontinuities. These faults typically do not
produce high current magnitudes, which complicates their
detection using conventional overcurrent-based
methods [35].

Fig. 1: Structure of an overhead distribution line with multiple
transformers, illustrating potential locations where conductor break

faults can occur due to physical disruptions or disconnections.
Adapted from [36].

These faults can lead to serious operational and safety
consequences, including voltage imbalances, load
disruptions, the potential energization of disconnected
conductors, and increased risk of fire or electric shock
hazards [37]. Accurate and timely detection is essential for
preventing equipment damage and ensuring personnel and
public safety [34, 38].

Recent research has focused on advanced signal
processing techniques to enhance BCF detection. For
example, a study by [39] proposes a method based on
discrete wavelet transform (DWT) to identify broken
conductor faults in interconnected transmission systems.
The method exploits transient components of current signals
to detect and classify fault conditions with high accuracy,
even under challenging system dynamics [36, 39].

Similarly, a detection approach described by [40]
combines experimental validation with algorithmic
strategies to reliably detect both single and multiple
conductor breaks in distribution systems. The proposed
method demonstrates strong performance even in
high-impedance fault conditions and under various loading
scenarios, reinforcing the importance of adaptive and
context-aware fault detection strategies [40, 41].

These challenges are further amplified when EVs are
introduced into the distribution system, as discussed in the
next section.

b. Overview of Electric Vehicle Integration in
Distribution Systems

The integration of EVs into distribution systems introduces
a new set of operational complexities. As EV penetration
increases, particularly in urban areas, their charging
behavior causes sudden and unpredictable power demand,
leading to voltage deviations, increased system losses, and
transformer overloading [42]. In high-density EV regions,
especially with the emergence of fast-charging stations,
these issues can severely impact power quality and stability,
demanding upgrades to distribution infrastructure [43].
Additionally, the bidirectional nature of EVs—through
Vehicle-to-Grid (V2G) and Grid-to-Vehicle (G2V)
modes—adds complexity by allowing EVs to behave both
as loads and as energy sources [18, 19, 20]. This disrupts
traditional load forecasting and protection schemes [42].

Recent studies also emphasize that uncoordinated EV
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integration can lead to severe stress on distribution assets,
creating new constraints for real-time grid operation and
planning. The variability of EV load profiles, shaped by
user behavior and market incentives, further complicates
dynamic response mechanisms [44]. These challenges
require smarter grid infrastructure and data-driven control
strategies to mitigate negative impacts and enable secure,
scalable integration [45, 46].

In the specific context of fault detection, these fluctuating
load conditions and bidirectional energy flows can obscure
the characteristic voltage and current patterns associated
with conductor break faults. Subtle waveform anomalies
that may indicate CB can be mistaken for normal transient
behavior induced by EV operations, increasing the
likelihood of false negatives or delayed detection. These
detection challenges, introduced by EV integration, further
justify the need for advanced, context-aware protection
schemes capable of distinguishing true fault events from
routine dynamic changes in the network.

c. Impact of EV Charging Points on Fault
Characteristics and Detection

The integration of EVs and their charging infrastructure into
distribution grids introduces significant challenges for fault
detection, particularly for CB faults. With the growing
prevalence of fast-charging stations and the increasing
number of EVs, power demand becomes unpredictable,
leading to voltage instabilities that can obscure fault
detection systems [47, 48, 49]. These voltage fluctuations
and transient effects are often mistaken for normal grid
disturbances, which makes distinguishing between genuine
faults and regular grid dynamics more difficult. Studies have
demonstrated that EV chargers, especially in high-density
urban areas, can generate substantial power quality
disturbances, exacerbating the difficulty of detecting CB in
these networks [50].

Moreover, the bidirectional nature of EVs, where they can
both draw power from and return power to the grid
(Vehicle-to-Grid and Grid-to-Vehicle modes), adds another
layer of complexity [51]. Fig. 2 illustrates a typical
V2G/G2V interface, highlighting the bidirectional flow of
power and control signals. These bidirectional flows not
only introduce fluctuations in voltage and current but also
complicate the task of distinguishing fault-induced
signatures from normal EV charging or discharging
behavior [52]. In particular, “spatiotemporal fusion models”
like the one proposed by Zhang et al. [53] have shown
promise in capturing these dynamics by combining both
spatial and temporal information to improve detection
accuracy.

As traditional fault detection methods rely heavily on
steady-state voltage and current measurements, they are
unable to capture the rapidly changing conditions caused by
uncoordinated EV charging [50, 51]. This makes the
application of machine learning models, such as
“Generative Adversarial Networks (GANs)”, an ideal
solution to generate synthetic fault signatures and improve
classification accuracy, even when faced with incomplete or
noisy datasets [56, 57].

Fig. 2: Schematic of a bidirectional EV charging system
(V2G/G2V). Such systems introduce time-varying and

location-dependent fluctuations in grid voltage and current,
complicating conductor break fault detection. Adapted

from [54, 55].

III. LITERATURE REVIEW AND CRITICAL
ANALYSIS

a. Research Methodology and Systematic Mapping
Study

This work is characterized as a systematic mapping study,
rather than a systematic literature review. The objective is to
provide a broad and structured overview of existing research
on CB fault detection in distribution systems under
increasing EV penetration, identifying trends, challenges,
and research gaps.

Unlike systematic reviews, which aim at an in-depth
synthesis of a narrowly defined topic, systematic mapping
studies focus on categorizing and structuring the existing
literature in a broader domain. Therefore, this study
emphasizes the classification of methods, challenges, and
technological approaches related to the research topic.

The study is guided by the following research question:

• RQ1: What are the primary technical challenges and
emerging strategies for detecting conductor break
faults in distribution systems considering high EV
penetration?

Based on this research question, the key concepts were
identified and translated into search keywords. The main
elements extracted from the RQ include:

• Fault type: "conductor break", "open conductor fault",
"broken conductor"

• System context: "distribution system", "distribution
grid"

• Emerging factor: "electric vehicle", "EV charging",
"V2G"

These terms were combined using Boolean operators to
construct the search string:

("conductor break" OR "open conductor fault"
OR "broken conductor") AND ("distribution
system" OR "distribution grid") AND ("electric
vehicle" OR "EV charging" OR "V2G")

The literature search was conducted across major
scientific databases, including IEEE Xplore, ScienceDirect,
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and Google Scholar, ensuring coverage of high-impact
publications in power systems and smart grid research.
Studies were screened based on title and abstract, excluding
those not directly related to conductor break faults or
EV-integrated distribution systems. The remaining articles
were subjected to full-text assessment, and only studies with
strong methodological and technical relevance were
included in the final mapping analysis.

To ensure methodological transparency and
reproducibility, the study followed a structured selection
process composed of three stages:

1. Identification: Initial retrieval of studies based on the
defined search string.

2. Screening: Removal of duplicates and filtering based
on title and abstract relevance.

3. Eligibility: Full-text analysis to verify alignment with
the research scope.

The inclusion criteria were defined as follows:

• Peer-reviewed journal articles and conference papers;

• Studies addressing fault detection in distribution
systems;

• Works involving EV integration or its impact on grid
behavior;

• Publications between 2019 and 2025.

The exclusion criteria included:

• Studies not related to conductor faults or distribution
systems;

• Papers without full-text access;

• Duplicate publications.

The results of the mapping process are organized and
discussed in the following subsections, focusing on the
impact of EV integration and the evolution of fault detection
methods.

b. Effects of EV Charging on Fault Detection

Building upon the fundamental concepts discussed earlier,
the widespread integration of EVs into power distribution
networks presents significant challenges for traditional fault
detection mechanisms. As EV adoption accelerates, the
charging behavior of these systems introduces considerable
variability in both voltage and current profiles, often
undermining the accuracy and responsiveness of existing
protection schemes.

EV charging, particularly when uncoordinated, creates
highly dynamic and non-linear load profiles, leading to
voltage fluctuations, phase imbalances, and transformer
overloading [42, 58, 59]. These effects are especially
pronounced during peak residential charging periods, where
simultaneous demand from multiple chargers exacerbates
load imbalances. High-power charging stations, including
fast-charging infrastructure, can introduce sudden, large
current draws, increasing thermal and mechanical stress on

distribution equipment [43, 60]. The key impacts on voltage
and current profiles are summarized in Table 1.

Another critical concern is the introduction of harmonics
and supraharmonics into the grid by EV chargers, which
rely on power electronic converters that inject waveform
distortions. This has been shown to affect current and
voltage integrity, degrading the performance of signal-based
fault detection techniques such as traveling wave and
wavelet transform methods [61, 62, 63]. These distortions,
combined with rapid fluctuations in voltage and current, can
mask the subtle waveform anomalies indicative of faults,
particularly conductor break faults. The implications for
signal distortion and protection adaptation are outlined in
Table 2.

Moreover, the bidirectional energy flow enabled by
Vehicle-to-Grid (V2G) technologies adds further complexity
to fault detection [47]. EVs can act alternately as loads or
sources, creating ambiguous signatures in current and
voltage waveforms. In some cases, the power injection from
EVs may partially offset the signs of a developing fault,
delaying its identification or resulting in false
negatives [47, 64]. The variability introduced by these
charging and discharging cycles reduces the sensitivity of
conventional protection schemes that rely on fixed
thresholds or unidirectional assumptions.

Onboard EV components, such as inverters and power
factor correction units, may also suppress or alter transient
fault signals, further complicating detection tasks.
Additionally, studies have highlighted how uncoordinated
EV integration imposes new constraints on dynamic grid
behavior, affecting protection scheme coordination and fault
isolation [44, 45, 46].

To address these evolving challenges, researchers have
proposed adaptive, data-driven protection systems capable
of maintaining detection sensitivity under highly variable
operating conditions. Machine learning approaches, such as
those using Support Vector Machines (SVMs), have shown
promise in dynamically classifying fault signatures under
diverse EV load profiles [65]. Other strategies include the
integration of coordinated charging management systems
and the use of fault current-limiting devices to stabilize
network behavior during disturbances [66, 67].

In summary, the increasing penetration of EVs is
reshaping the voltage and current landscape of distribution
networks. These changes demand a transition from
traditional, static protection frameworks to intelligent and
adaptive systems designed to operate under dynamic and
uncertain conditions.

TABLE 1: EV CHARGING IMPACTS ON GRID PARAMETERS.

Method Limitations

Voltage Dips, imbalance, reduced detection accuracy
Current Transformer stress, fault signature masking
Coordination Relay miscoordination, timing issues

c. Recent Studies and Advances

Recent research has increasingly focused on adapting fault
detection methods to the unique challenges posed by EV
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TABLE 2: WAVEFORM DISTORTION AND PROTECTION

STRATEGY IMPACTS.

Method Limitations

Harmonics Degrades signal-based fault detection
V2G Flow Masks faults, delays detection
EV Components Suppress transients, obscure signatures
Mitigation Needs adaptive ML and coordination

integration into distribution systems. These include
fluctuating load profiles due to EV charging behavior,
harmonic and supraharmonic distortion introduced by
power electronic interfaces, bidirectional energy flows in
vehicle-to-grid (V2G) operations, and the masking or
alteration of traditional fault signatures—conditions under
which conventional detection systems may falter.

One of the most notable recent advances is the deep
learning-based model proposed by Hosseini et al. [31],
which employs a Bi-directional Long Short-Term Memory
(BWO-BiLSTM) network. This model processes voltage
and current waveform features in networks with high EV
penetration and achieves a fault detection accuracy of
98.5%, with rapid detection times under 5 ms. Fig. 3
illustrates a wavelet-based hybrid LSTM-DNN model,
similar in structure to the type used in these studies,
showing how extracted features from voltage and current
waveforms are processed through deep learning layers for
fault classification [68].

Complementing this, Khalil et al. [69] introduced a
hybrid method combining machine learning with signal
processing to enhance the detection of high-impedance
faults, which are often masked by EV-induced harmonics.
Their approach leverages transient features in noisy
environments for robust classification.

Support Vector Machines (SVMs) have also gained
traction. A recent scheme [65] adapts SVM decision
boundaries in real-time based on EV-related variability in
load, significantly improving the identification of broken CB
under uncertainty.

Beyond classical techniques, generative deep learning is
emerging as a powerful tool. Fang et al. [56] proposed a
Least Squares Generative Adversarial Network (LSGAN) to
balance fault datasets from EV battery systems. By
enhancing the diversity of fault data and optimizing
classification through a Gray Wolf Optimizer-tuned random
forest, their method significantly improved diagnostic
performance under class imbalance.

In the realm of online EV behavior modeling, Kamoona
et al. [70] introduced an unsupervised memory-based
transformer (M-TR) for detecting EV charging events in
real time using smart meter data. This method eliminates
the need for prior charging profiles and adapts to novel EV
behaviors—offering promise for continuous grid monitoring
and anomaly detection.

Graph-based learning is also finding application in fault
diagnostics. Nguyen et al. [71] developed a Spatial-Temporal
Recurrent Graph Neural Network (STR-GNN) to analyze bus
voltage patterns across distribution networks. Their approach
captures both spatial correlations and temporal evolution of
voltage anomalies, outperforming traditional CNN and RNN

models in identifying fault locations and types.
Focusing on the infrastructure side, Zhang et al. [53]

presented a method for charging pile fault detection using a
spatiotemporal fusion model that integrates frequency and
amplitude features from three-phase current data. Their
model demonstrates improved identification of faults in EV
charging stations under dynamic load conditions.

From a hardware perspective, Gao and Lin [72] used Deep
Belief Networks (DBNs) for fault diagnosis in DC charging
points, showing superior feature extraction and classification
of charging anomalies compared to shallow models.

Zhang et al. [73] also evaluated multiple machine
learning models—SVMs, LSTM, and random forests—for
the coordination of EV charging strategies to reduce grid
stress and indirectly improve fault resilience.

Lastly, Izquierdo Gómez et al. [74] proposed a thermal
model-based fault diagnosis system using artificial neural
networks trained on simulated thermal data from power
converter modules. This approach detects subtle internal
anomalies in charging infrastructure, enhancing proactive
maintenance and grid reliability.

Collectively, these studies represent a shift toward
intelligent, adaptive, and data-driven fault detection systems
designed for the emerging complexities of EV-integrated
distribution networks. Nevertheless, most have been
validated through simulation or limited-scale testing,
underscoring the need for real-world validation in diverse
operational environments.

d. Comparative Analysis of Detection Methods

Tables 3, 4, 5, and 6 collectively provide a comparative
assessment of the main CB fault detection methods
reviewed in this study. Table 3 summarizes the underlying
principles of each approach, while Table 4 outlines their key
advantages. Table 5 highlights common limitations,
including sensitivity to noise, topological dependence, and
computational overhead. Finally, Table 6 evaluates how well
each method adapts to EV-integrated distribution networks,
which introduce additional complexity due to dynamic load
behavior and harmonic distortions.

This comparative analysis reveals that modern machine
learning-based techniques (e.g., BiLSTM, SVM,
STR-GNN) demonstrate high adaptability and accuracy in
EV-dense environments but often require extensive data,
greater computational resources, and detailed network
information. In contrast, conventional approaches, though
simpler and easier to implement, tend to be less robust under
the dynamic conditions introduced by EV integration.

IV. CHALLENGES AND FUTURE RESEARCH
DIRECTIONS

The integration of EVs into modern power systems,
particularly in microgrids and distribution networks,
introduces significant technical challenges for fault
detection mechanisms. One major challenge stems from the
dynamic and non-linear behavior of EV loads, which can
cause irregular power flow, voltage fluctuations, and
harmonics [75, 76]. These anomalies can obscure traditional
fault indicators and result in increased false positives or
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Fig. 3: Block diagram of a hybrid wavelet-based LSTM-DNN model for fault detection in power systems with high EV penetration.
Feature extraction is performed using wavelet transforms, followed by temporal modeling and classification. Adapted from [68].

TABLE 3: DETECTION METHODS AND THEIR CORRESPONDING

APPROACH.

Method Approach

Impedance-Based Detection Impedance estimation
Traveling Wave Analysis High-frequency timing
DWT-Based Detection Wavelet transform
Fixed Threshold Methods Time-domain logic
BiLSTM Deep Learning Deep neural networks
Support Vector Machines (SVM) Supervised ML
LSGAN + Random Forest GAN + ML hybrid
STR-GNN Graph-based ML

TABLE 4: DETECTION METHODS AND THEIR KEY

ADVANTAGES.

Method Limitations

Impedance-Based Simple, widely used
Traveling Wave Accurate in long lines
DWT-Based Captures dynamic transients
Fixed Threshold Low cost, easy to implement
BiLSTM DL High accuracy, topology-aware
SVM Adapts to load variations
LSGAN + RF Handles imbalance, improves detection
STR-GNN Spatiotemporal voltage tracking

TABLE 5: DETECTION METHODS AND THEIR LIMITATIONS.

Method Limitations

Impedance-Based Sensitive to topology/load changes
Traveling Wave Limited by branches and noise
DWT-Based Needs high sampling; noise-sensitive
Fixed Threshold Rigid; false positives under EVs
BiLSTM DL Data-hungry; high computation
SVM Needs tuning; noise-sensitive
LSGAN + RF Complex; slow in real-time
STR-GNN Needs full network topology

delayed responses in protection systems. The dynamic and
intermittent nature of EV charging introduces additional
variability in voltage and current levels. These fluctuations

TABLE 6: DETECTION METHODS AND THEIR ADAPTABILITY

TO EV ENVIRONMENTS.

Method EV Adaptability

Impedance-Based Detection Low
Traveling Wave Analysis Low–Moderate
DWT-Based Detection Moderate
Fixed Threshold Methods Low
BiLSTM Deep Learning High
SVM High
LSGAN + RF High
STR-GNN High

can obscure or mimic fault conditions, complicating
accurate and timely fault identification [75, 77, 78].
Hosseini et al. [77] highlight that the fast-changing load
profiles caused by EV chargers can degrade the performance
of traditional protection schemes, especially when multiple
charging stations are deployed in close proximity.

Moreover, the frequent switching operations and rapid
variations in charging demand introduce stress conditions in
microgrids, which complicate the design of dependable
protection schemes [79, 80]. Dissimilar fault inceptions
under such stressed conditions demand more adaptable and
resilient detection systems. Traditional fault detection
methods, designed for predictable grid behavior, struggle
under these evolving conditions.

In addition to these technical hurdles, several open
research gaps remain. As highlighted in [81], most current
detection models do not adequately address the real-time
anomaly detection requirements of EV charging stations
within smart grids. Existing models often assume static or
semi-static conditions, limiting their effectiveness in
dynamic environments. Similarly, [82, 83] identifies a lack
of robust communication infrastructure and the need for
more advanced information and communication
technologies (ICTs) to support accurate and timely detection
in active distribution networks.

To address these issues, future research should prioritize
the development of robust, real-time fault detection
frameworks. The work in [81] presents a promising
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Fig. 4: Conceptual architecture of an intelligent fault detection
framework for EV-integrated distribution systems, incorporating

IoT-based data acquisition, machine learning processing, and
adaptive decision-making.

direction through the Grid Sentinel Framework, which
applies anomaly detection methods specifically tailored for
EV charging contexts. Additionally, deep learning-based
techniques such as BiLSTM [77] are promising due to their
ability to process time-sequenced data effectively, enabling
near-instantaneous fault recognition. Machine learning
models, particularly those utilizing ensemble learning
techniques [84, 85], offer a viable solution for enhancing
detection accuracy and interpretability, especially under
uncertain and non-stationary fault conditions. Their ability
to combine multiple classifiers can help mitigate errors
introduced by sudden load changes and improve overall
network stability.

Furthermore, there is a pressing need to improve data
acquisition and communication reliability in fault detection
systems. ICT integration, including high-speed optical
networks and reliable sensors, as outlined in [82, 86], can
significantly enhance the responsiveness and accuracy of
detection algorithms. These improvements are crucial for
developing dependable systems that can operate under high
EV penetration scenarios.

In this context, a conceptual architecture for an
intelligent, EV-aware fault detection framework is proposed,
as illustrated in Fig. 4. The framework integrates
IoT-enabled sensing, data-driven machine learning models,
and adaptive decision-making layers to enable real-time and
context-aware fault detection in modern distribution
networks. This architecture highlights the importance of
combining advanced analytics with resilient communication
infrastructure to address the challenges imposed by high EV
penetration.

Overall, while substantial progress has been made in
understanding the implications of EV integration, more
focused efforts are required to close the existing research
gaps. Future work should aim to combine adaptive
algorithms, real-time data analytics, and resilient
communication infrastructures to develop comprehensive
fault detection systems suitable for the complexities of
EV-integrated power systems.

V. CONCLUSION

The rapid proliferation of EVs and their integration into
power distribution systems is fundamentally reshaping fault
detection paradigms—particularly for CB faults, which
often exhibit low current signatures and may remain
undetected by conventional protection mechanisms. This
bibliographic review has shown that while established
methods—such as impedance-based estimation, traveling
wave analysis, and signal decomposition techniques like the
Discrete Wavelet Transform (DWT)—have historically
provided reliable protection, they are increasingly
challenged by EV-induced dynamics, including harmonic
distortions, nonlinear loads, and bidirectional power flows.

Modern distribution networks, shaped by decentralized
energy resources and dynamic EV charging behaviors,
require fault detection frameworks that are not only accurate
but also adaptive, context-aware, and capable of real-time
operation. Emerging strategies—such as deep
learning-based models (e.g., BiLSTM), generative
adversarial networks (GANs), and graph-based
learning—demonstrate significant potential in detecting
complex transient signal anomalies under conditions of
noise and variability. However, many of these methods
remain confined to simulation environments and have yet to
achieve large-scale deployment in operational settings.

To bridge the gap between theoretical advancements and
real-world implementation, this work emphasizes the
importance of intelligent, adaptive, and real-time fault
detection frameworks tailored to EV-integrated
environments.

By synthesizing advancements across power systems,
machine learning, and smart grid technologies, this paper
underscores the importance of a multidisciplinary approach
to developing next-generation fault detection systems. Such
systems are essential not only for ensuring grid stability and
operational safety but also for enabling the sustainable
growth of EV infrastructure in modern electric power
distribution networks.

This review highlights a critical research imperative: the
need for real-time, scalable, and resilient detection
mechanisms that integrate intelligent computation with
robust communication infrastructure. Specifically, future
research should converge on three pillars: (1) data-driven
adaptive algorithms, (2) interoperable communication
systems for real-time data exchange, and (3) coordinated
control architectures capable of distinguishing fault-induced
anomalies from benign EV-related fluctuations.

In conclusion, this review identifies both technological
promise and practical gaps in the pursuit of EV-aware fault
detection. Realizing robust protection frameworks will
require interdisciplinary innovation across signal
processing, data science, power systems engineering, and
regulatory policy. As EV adoption accelerates, the
development of real-time, intelligent detection systems
becomes not only a technical challenge but a strategic
imperative for resilient and sustainable energy
infrastructure.
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