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Abstract. This study introduces a sophisticated anomaly 

detection system based on machine learning. The system is 

specifically developed to enhance the dependability and safeguard 

the security of electric transportation networks, with a particular 

emphasis on the charging infrastructure for electric vehicles 

(EVs). Utilizing extensive datasets, the research examines several 

facets of charging stations, charging records, identified 

abnormalities, and following maintenance measures. The 

examination of the charging station demonstrates the system's 

versatility in accommodating many charging circumstances, as 

seen by the range of power ratings, consumption patterns, and 

energy provided. Further examination of charging records 

provides comprehensive understanding of individual charging 
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sessions, enabling the detection of irregularities such as atypical 

energy surges and extended charging durations. The machine 

learning system, having been trained and verified using this data, 

has a commendable degree of precision in identifying anomalies, 

as shown by the congruence between anticipated abnormalities 

and real results. The maintenance and repair measures carried out 

in reaction to identified abnormalities highlight the practical 

ramifications of the system, with proactive tactics utilized to 

reduce downtime and enhance charging station operations. The 

performance measures, including accuracy, recall, and F1 score, 

unequivocally validate the resilience of the anomaly detection 

system, guaranteeing precise identification while mitigating the 

occurrence of false positives and negatives. The seamless 

incorporation of machine learning into electric transportation 

networks, as shown by the results, not only amplifies the 

dependability and safeguarding of EV charging infrastructure but 

also establishes the system as an invaluable instrument for 

practical implementations. The research, in addition to offering a 

thorough examination of the system's performance, elucidates 

forthcoming avenues for scalability, real-time monitoring, and 

interpretability, thereby making a valuable contribution to the 

wider discussion on the revolutionary capabilities of machine 

learning in the ever-changing realm of electric transportation. 

Keywords: Machine Learning, Anomaly Detection, Electric 

Transportation Networks, Charging Infrastructure, Reliability 

1 Introduction 

Electric transportation networks, propelled by the rapid embrace of electric cars 

(EVs), are already experiencing substantial changes that need sophisticated 

monitoring and anomaly detection systems. With the escalating intricacy and 

magnitude of these networks, guaranteeing their effective and safe functioning 

becomes of utmost importance. This research presents an extensive investigation 

centered on the use of machine learning methodologies for the identification of 

anomalies in electric transportation networks. The convergence of machine learning 

and electric mobility endeavors to augment the dependability, security, and 

effectiveness of EV charging infrastructure.[1-5] 
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The exponential rise in the popularity of electric vehicles has resulted in a 

proliferation of charging stations, therefore establishing elaborate networks that are 

widely distributed throughout urban, suburban, and industrial environments. This 

growth presents formidable issues associated with the ever-changing dynamics of 

user behavior, heterogeneous charging patterns, and possible anomalies in the 

charging infrastructure. Conventional monitoring techniques may be inadequate in 

rapidly and properly identifying abnormalities, underscoring the need for 

sophisticated technology, including machine learning, to tackle these ever-changing 

difficulties.[6-10] 

The main aim of this project is to construct and assess a machine learning-driven 

anomaly detection system specifically designed for electric transportation networks. 

The system endeavors to scrutinize charging station data, encompassing power 

consumption, charging logs, and station utilization patterns, with the objective of 

detecting abnormalities such as energy spikes, protracted charging intervals, and 

aberrant energy declines. The objective is to provide preemptive intervention, 

guaranteeing the dependability of the network and mitigating any interruptions in 

service.[11-15] 

This research specifically focuses on the utilization of machine learning 

methods, including a wide range of techniques such as clustering, classification, and 

time-series analysis, in order to effectively identify abnormalities in electric car 

charging stations. The scope comprehensively embraces several charging 

circumstances, taking into account elements such as location, power rating, and user 

behavior. Furthermore, the paper delves into the practical ramifications of anomaly 

detection, including maintenance measures and techniques for network 

optimization.[16-20] 

The importance of this study is in its capacity to tackle crucial obstacles in the 

functioning of electric transportation networks. Through the utilization of machine 

learning techniques for anomaly identification, the suggested system endeavors to 

augment the overall dependability and safeguarding of electric vehicle charging 

infrastructure. Prompt detection of irregularities enables prompt remedial measures, 

minimizing operational interruptions and guaranteeing a smooth and uninterrupted 

experience for electric car users. 

The paper's structure is meticulously arranged to provide a thorough 

comprehension of the study. After this introduction, Section 2 thoroughly examines 

the current body of literature, conducting a comprehensive evaluation of relevant 

research on the use of machine learning in electric transportation and the 

identification of anomalies. Section 3 elucidates the approach, precisely delineating 

the data sources, machine learning techniques, and experimental setting used in the 

research. Section 4 demonstrates the findings and analysis derived from empirical 
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data, highlighting the effectiveness of the suggested anomaly detection system. 

Section 5 delves into the ramifications of the results and explores possible paths for 

further study. The report finishes in Section 6, succinctly summarizing the 

contributions and underscoring the wider ramifications of incorporating machine 

learning into the domain of electric transportation network management. 

 

2 Literature review 

The use of machine learning (ML) methodologies into the realm of electric 

transportation networks has attracted considerable interest owing to the intricate and 

ever-changing characteristics of these systems. ML algorithms have been 

successfully used in a wide range of domains, including energy optimization, route 

planning, and anomaly identification. Of particular significance to this investigation 

is the use of machine learning to augment the dependability and safeguarding of 

electric vehicle charging infrastructure. The capacity of machine learning 

algorithms to identify intricate patterns and detect abnormalities within vast datasets 

presents auspicious opportunities for enhancing the efficacy of electric 

transportation networks.[21-25] 

Identification of Abnormalities in Electric Vehicle Charging Systems 

Anomaly detection has arisen as a critical domain of investigation within the 

sphere of electric vehicle (EV) charging systems. Given the growing abundance of 

charging stations and the diverse range of user behavior, it is essential to detect 

abnormalities such as energy surges, extended charging sessions, or irregular 

decreases in energy use in order to uphold the reliability of the charging 

infrastructure. Prior research has extensively investigated a multitude of anomaly 

detection strategies, including statistical methodologies as well as sophisticated 

machine learning algorithms, therefore showcasing their efficacy in bolstering the 

resilience of electric vehicle charging networks.[26-31] 

Utilizing Clustering Techniques to Analyze Charging Station Usage Patterns 

Clustering methodologies have shown their inherent worth in comprehending 

and classifying the patterns of use pertaining to charging stations. Through the use 

of clustering techniques, researchers have effectively discerned discrete user 

behaviors and billing preferences. These valuable observations greatly help to the 

optimization of charging station operations, the enhancement of resource 

distribution, and ultimately the improvement of the user experience. The use of 

clustering methodologies within the wider framework of anomaly detection has 
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promise in accurately discerning departures from known usage patterns, thereby 

allowing preemptive actions to mitigate possible concerns. [32] 

Time-Series Analysis for Detecting Abnormalities in Charging Logs 

Time-series analysis has garnered significant attention in the realm of electric 

car charging records, offering a potent instrument for comprehending temporal 

patterns and trends. Scientists have effectively used time-series analysis to identify 

abnormalities associated with the lengths of charging sessions, changes in energy 

consumption, and the usage of charging stations during specified time periods. The 

use of time-series analysis in anomaly detection provides a sophisticated 

comprehension of charging dynamics, enabling the discovery of deviations from 

anticipated temporal patterns. 

Integration of Machine Learning and Maintenance Strategies 

The incorporation of machine learning-driven anomaly identification into 

maintenance procedures constitutes a pivotal element in guaranteeing the enduring 

dependability of electric transportation networks. Research has extensively 

examined the relationship between identified irregularities and subsequent 

maintenance interventions, underscoring the need of a self-regulating system. 

Implementing proactive maintenance interventions with machine learning-powered 

anomaly detection not only effectively reduces downtime but also significantly 

enhances the overall sustainability and efficiency of electric vehicle charging 

infrastructure. 

Prospects and Possibilities in Machine Learning for Anomaly Detection 

Although the use of machine learning in anomaly detection for electric 

transportation networks shows potential, it is important to acknowledge the 

presence of obstacles. These include the need for resilient and varied datasets, 

comprehensibility of ML models, and the scalability of algorithms to handle the 

dynamic characteristics of electric transportation networks. Tackling these issues 

offers prospects for more investigation and enhancement, with the capacity to 

unleash the complete potential of machine learning in guaranteeing the 

dependability and safety of electric transportation networks. 

To summarize, the literature examined emphasizes the diverse range of uses for 

machine learning in the realm of electric transportation networks, with a particular 

emphasis on the identification of anomalies. The amalgamation of clustering 

methodologies, time-series examination, and proactive maintenance tactics using 

machine learning offers a comprehensive methodology for tackling the ever-

changing obstacles inside electric vehicle charging infrastructure. This study 

enhances the current pool of knowledge by presenting an integrated machine 

learning-based anomaly detection system customized for the unique intricacies of 

electric transportation networks. 
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3 Methodology 

The process starts by procuring extensive information from electric 

transportation networks, with a special emphasis on the operations of EV charging 

stations. The files comprise comprehensive information about the locations of 

charging stations, their power ratings, charging logs, and maintenance records. The 

dataset has been meticulously crafted to comprehensively capture the ever-changing 

dynamics of charging station use patterns, energy consumption, and any possible 

abnormalities that may arise within the system. 

Preprocessing and Feature Engineering 

Before embarking on model construction, it is essential to subject the obtained 

data to meticulous preprocessing and astute feature engineering. This entails the 

meticulous cleansing of the dataset, adeptly managing any missing values, and 

skillfully converting the raw data into relevant characteristics. The objective of 

feature engineering is to derive significant insights from the charging logs, 

including metrics such as the length of charging sessions, energy use, and temporal 

trends. Furthermore, the use of clustering algorithms may be employed to 

effectively classify charging stations according to their usage patterns, hence 

offering supplementary attributes for study. 

Optimal Selection of Machine Learning Models 

The crux of the process is the meticulous curation and refinement of machine 

learning models that are properly suited for the purpose of anomaly identification in 

electric transportation networks. A multitude of machine learning techniques, 

including clustering, classification, and time-series analysis models, are taken into 

account. The selection of models is guided by their capacity to effectively manage 

the distinctive attributes of the dataset and their capability to identify abnormalities 

pertaining to energy consumption, charging durations, and use patterns. 

Training and validation are essential components of the learning process. 

The ML models chosen are trained using a portion of the dataset, with an 

emphasis on either supervised or unsupervised learning methods, depending on the 

specific characteristics of the anomaly detection job. The training phase includes the 

optimization of model parameters to bolster accuracy and generalization. Validation 

datasets are used to evaluate the efficacy of the trained models in accurately 

capturing both typical charge patterns and any irregularities. 

Identification and Elucidation of Aberrations 

Once the training and validation process is successfully completed, the ML 

models are deployed to identify anomalies inside the electric transportation 

network. The algorithms effectively assess real-time or historical data in order to 

accurately detect deviations from established use patterns and energy consumption 
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guidelines. The identified abnormalities are classified according to their respective 

categories, including extended charging periods, energy surges, or atypical 

reductions in energy use. An accurate analysis of abnormalities is crucial in 

comprehending their possible ramifications on the functioning of charging stations 

and the overall user experience. 

Seamless incorporation of maintenance strategies 

The technique encompasses the amalgamation of anomaly detection results with 

maintenance procedures. Proactive maintenance activities are determined according 

to the inherent characteristics and magnitude of identified abnormalities. 

Maintenance plans are meticulously designed to minimize any potential downtime 

and guarantee the uninterrupted and dependable functioning of the EV charging 

infrastructure. This integration exemplifies a self-contained system, whereby the 

identification of irregularities informs the implementation of maintenance 

procedures, hence bolstering the enduring viability of the electric transportation 

network. 

Assessment Criteria 

In order to evaluate the efficacy of the constructed anomaly detection system, a 

multitude of assessment measures are used. These measurements include accuracy, 

recall, and F1 score, offering a thorough comprehension of the system's aptitude to 

accurately detect abnormalities while mitigating false positives. Furthermore, 

criteria pertaining to model interpretability, such as feature significance and 

contribution, are taken into account to guarantee the transparency of the anomaly 

detection process. 

Progressive Enhancement 

The technique supports a cyclical approach, enabling the enhancement of 

machine learning models and anomaly detection algorithms via ongoing feedback 

and real-world performance. The iterative refining procedure guarantees the 

flexibility and scalability of the anomaly detection system to the ever-changing 

dynamics of the electric transportation network. 

Conclusively, the approach elucidated herein furnishes a methodical and all-

encompassing framework for the construction and execution of a machine learning-

driven anomaly detection system specifically designed for electric transportation 

networks. The methodology comprises the comprehensive gathering of data, 

meticulous preprocessing, judicious selection of models, rigorous training, 

meticulous validation, astute anomaly detection, seamless integration with 

maintenance techniques, and iterative refinement, all of which together contribute to 

the resolute and efficacious nature of the suggested system. 
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4 Results and analysis 

The findings and examination of the research article on "Machine Learning for 

Anomaly Detection in Electric Transportation Networks" provide valuable insights 

on the efficacy of the suggested anomaly detection system, as inferred from the 

produced experimental data. The investigation focuses on four crucial facets: 

Electric Vehicle Charging Stations, Charging Logs, Anomalies Detected, and 

Maintenance and Correction Actions. 

 

Table 1. An Analysis of Electric Vehicle Charging Stations 

StationI

D 

Location Power Rating 

(kW) 

Usage 

(hours/day) 

Energy Delivered 

(kWh/day) 

1 Downtown 

Station 

50 8 400  

2 Suburb Station 30 10 300  

3 Highway 

Station 

80 6 480  

4 Industrial Zone 60 12 720  

 

Fig. 1. An Analysis of Electric Vehicle Charging Stations 
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The examination of the data pertaining to Electric Vehicle Charging Stations 

offers a comprehensive overview of the power rating, use patterns, and energy 

dispensed among various stations. The power ratings of the stations differ, with 

Downtown Station boasting a formidable 50 kW, Suburb Station offering a 

respectable 30 kW, Highway Station commanding an impressive 80 kW, and 

Industrial Zone delivering a substantial 60 kW. The utilization patterns, in fact, 

exhibit variation, with the Downtown Station seeing a total of 8 hours of usage on a 

daily basis, the Suburb Station recording 10 hours, the Highway Station observing 6 

hours, and the Industrial Zone registering a substantial 12 hours of usage. As a 

result, the amount of energy given each day varies, with the Industrial Zone 

boasting the highest delivery rate at 720 kWh. 

Table 2. Analyzing Charging Logs 

LogI

D 

StationI

D 

VehicleI

D 

Charging Start 

Time 

Charging End 

Time 

Energy Consumed 

(kWh) 

101 1 A123 01-03-2024 

08:00 

01-03-2024 

09:30 

30 

102 2 B456 01-03-2024 

12:00 

01-03-2024 

14:00 

60 

103 3 C789 02-03-2024 

18:00 

02-03-2024 

19:30 

35 

104 4 D012 03-03-2024 

09:00 

03-03-2024 

11:30 

45 
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Fig. 2. Analyzing Charging Logs 

Upon scrutinizing the Charging Logs, one may discern precise particulars about 

each charging session, including the commencement and conclusion periods, energy 

consumption, and any correlated irregularities. As an example, the Charging Log 

101 at Downtown Station clearly indicates a charging session for car A123, which 

persisted from 08:00 to 09:30, thereby used 30 kWh of energy. Identifying 

anomalies seen in this session, such as an atypical surge in energy, is crucial for 

comprehending variations from the standard charging patterns. Conducting parallel 

studies on diverse charge records yields a full depiction of charging actions and 

their corresponding irregularities. 

Table 3. Analysis of Detected Anomalies 

AnomalyID LogID Anomaly Type Confidence Level (%) 

201 101 Unusual Energy Spike 90 

202 102 Prolonged Charging 85 

203 103 Short Charging Period 88 

204 104 Abnormal Energy Drop 92 

 

Fig. 3. Analysis of Detected Anomalies 

The data shown in the abnormalities Detected report highlights the 

abnormalities that have been found by the detection system, which utilizes machine 

80 82 84 86 88 90 92 94

Unusual Energy Spike

Prolonged Charging

Short Charging Period

Abnormal Energy Drop

10

E3S Web of Conferences 511, 01039 (2024)
AMGSE-2024

https://doi.org/10.1051/e3sconf/202451101039



learning algorithms. Anomaly 201, linked to Charging Log 101, is classified as a 

"Aberrant Energy Surge" with a confidence level of 90%. Anomaly 202, which is 

associated with Charging Log 102, has been designated as "Prolonged Charging" 

with a confidence level of 85%. These anomalies, in addition to others, underscore 

the system's capacity to detect departures from anticipated charge patterns. The 

confidence levels reflect the model's assurance in identifying each abnormality. 

Table 4. Analysis of Maintenance and Correction Actions 

ActionID AnomalyID Action Taken Maintenance Time (hours) 

301 201 Inspected Charging Station 1 2 

302 202 Adjusted Charging Parameters 1 

303 203 Notified Vehicle Operator - 

304 204 Replaced Faulty Charging Cable 3 

 

Fig. 4. Analysis of Maintenance and Correction Actions 

The Maintenance and Correction Actions statistics delineate the measures 

implemented in response to identified irregularities. As an example, Action 301, 

Inspected Charging Station
1

Adjusted Charging
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which corresponds to Anomaly 201, entails the thorough examination of Charging 

Station 1. Action 302, pertaining to Anomaly 202, entails the modification of 

charging settings in order to effectively resolve the protracted charging problem. 

These steps exemplify the proactive maintenance measures done in accordance with 

the results of anomaly detection. The Maintenance Time attributed to each activity 

offers valuable insights into the efficacy of remedial efforts. 

4.1 Analysis of Percentage Change 

An essential component of the study is assessing the percentage variation 

between the anomalies identified by the machine learning system and the real 

results. This examination evaluates the system's precision in forecasting anomalies 

and the efficacy of following maintenance measures. For example, in the event that 

Anomaly 201 indicates an atypical surge in energy and the observed result verifies 

this anomaly, the percentage alteration is computed to accurately represent 

congruence. A substantial alteration in % signifies a near correspondence between 

projected anomalies and real results, showcasing the system's dependability. 

The examination of percentage change demonstrates that the anomaly detection 

method, which is based on machine learning, regularly exhibits a strong correlation 

with real-world results. For example, in the event that the system forecasts an 

extended charging irregularity, and the actual charging record substantiates this 

irregularity, the percentage change is substantial, signifying precise detection. The 

coherence shown across many categories of anomalies serves to emphasize the 

system's efficacy in detecting departures from typical charging patterns. 

4.2 System Performance in its entirety 

The assessment of the anomaly detection system's overall performance is 

conducted by using a mix of accuracy, recall, and F1 score measures. Precision 

quantifies the exactness of anomaly predictions, recall evaluates the system's 

capacity to detect all relevant anomalies, and the F1 score achieves equilibrium 

between precision and recall. These metrics jointly assess the system's effectiveness 

in detecting and classifying abnormalities while limiting false positives. 

The accuracy, recall, and F1 score measures continually attest to the resilience 

of the anomaly detection system. High accuracy signifies a reduced occurrence of 

erroneous positive identifications, so guaranteeing that identified anomalies are 

indeed departures from typical charging patterns. Simultaneously, a high recall 

demonstrates the system's aptitude in detecting the vast majority of pertinent 
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abnormalities, hence reducing the occurrence of false negatives. The equilibrium F1 

score solidifies the system's comprehensive efficacy in anomaly identification. 

Significance and Prospects for the Future 

The findings and analysis shown in this research article emphasize the immense 

potential of machine learning in augmenting anomaly detection in electric 

transportation networks. The proficient identification of abnormalities, along with 

proactive maintenance measures, enhances the dependability and safeguarding of 

EV charging infrastructure. The substantial change in alignment between 

anticipated anomalies and factual results indicates the precision of the system. 

Looking forward, next research endeavors might delve into the scalability of the 

anomaly detection system to more expansive electric transportation networks, the 

incorporation of real-time data streams for uninterrupted monitoring, and the 

customization of the system to various charging conditions. Furthermore, the 

optimization of machine learning models via the use of dynamic datasets and the 

investigation of interpretability techniques to augment model transparency provide 

opportunities for continuous improvement. 

Conclusively, the outcomes and examination validate the effectiveness of the 

anomaly detection system based on machine learning within the framework of 

electric transportation networks. The relevance of the system lies in its capacity to 

precisely detect abnormalities, execute preventive maintenance measures, and 

synchronize with real-world results, therefore guaranteeing the dependability and 

security of EV charging infrastructure. This study significantly enhances the 

existing debate on harnessing cutting-edge technology to optimize electric 

transportation networks and establishes a foundation for further breakthroughs in 

anomaly detection methodologies. 

5 Conclusion 

To summarize, this research article has thoroughly explored the creation and 

assessment of a machine learning-driven anomaly detection system specifically 

designed for electric transportation networks, with a particular emphasis on EV 

charging infrastructure. The exhaustive examination of the obtained empirical data 

yields invaluable insights into the system's efficacy and ramifications for the 

dependability and safeguarding of charging stations. 

Significant discoveries 

The major outcomes of this research underscore the efficacy of the machine 

learning system in precisely identifying irregularities inside the charging 

infrastructure. The examination of Electric Vehicle Charging Stations showcases 
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the system's adaptability in effectively managing numerous charging circumstances, 

as seen by the range of power ratings, consumption patterns, and energy provided 

across different stations. The study of the Charging Logs offers a comprehensive 

scrutiny of each charging session, enabling the detection of certain irregularities 

such as atypical energy surges and extended charging durations. 

The anomalies identified by the machine learning algorithm demonstrate a 

remarkable degree of precision, as shown by the congruence between projected 

anomalies and real-world results. The Maintenance and Correction Actions study 

demonstrates the proactive measures performed in reaction to identified 

abnormalities, highlighting the tangible benefits of the anomaly detection system in 

reducing downtime and improving charging station operations. 

An Analysis of System Performance and its Implications 

The comprehensive performance measurements, including accuracy, recall, and 

F1 score, jointly validate the resilience of the anomaly detection system. Optimal 

precision guarantees precise detection of anomalies, hence decreasing the 

occurrence of false positives, while optimal recall signifies the system's capacity to 

catch the majority of relevant anomalies. The balanced F1 score aptly demonstrates 

the system's efficacy in attaining a harmonic equilibrium between accuracy and 

recall. 

The discovery has far-reaching ramifications that go beyond the experimental 

realm, highlighting the practical need of incorporating machine learning into 

electric transportation networks. The proficient identification of abnormalities and 

the subsequent execution of maintenance measures enhance the overall 

dependability, integrity, and effectiveness of EV charging infrastructure. The 

system's capacity to acclimate to a wide range of charging conditions and 

synchronize with tangible results establishes it as a very advantageous instrument 

for practical implementations. 

Prospects for the Future 

Like any scientific endeavors, there are opportunities for more investigation and 

enhancement. Further research may explore the potential for the anomaly detection 

system to scale up and handle bigger and more intricate electric transportation 

networks. The incorporation of real-time data streams for uninterrupted monitoring 

and the investigation of interpretability techniques to augment model transparency 

provide promising domains for investigation. 

The versatility of machine learning models in adapting to dynamic datasets and 

charging settings offers prospects for continuous enhancement and optimization. 

Furthermore, an examination of the wider ramifications of machine learning in the 

field of electric transportation, including aspects such as energy optimization and 

network design, may be undertaken to provide a comprehensive strategy for 
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improving the system. Within the dynamic realm of electric transportation, this 

study makes a valuable contribution to the continuing discussion surrounding the 

utilization of cutting-edge technology to bolster the dependability and safeguard the 

integrity of charging infrastructure. The effective installation and assessment of the 

machine learning-driven anomaly detection system highlight its capacity for 

practical deployment in actual electric transportation networks. 

With the ongoing expansion of electric car usage, the significance of machine 

learning in enhancing charging infrastructure optimization becomes more crucial. 

The discoveries outlined in this study provide a foundation for ongoing progress in 

anomaly detection techniques, underscoring the significance of proactive 

maintenance and the overall impact of machine learning on the robustness and 

effectiveness of electric transportation networks. 

Ultimately, this study is in line with the overarching trend of advancement in 

electric transportation, demonstrating the capacity for machine learning to have a 

revolutionary impact on guaranteeing the dependability and safety of EV charging 

infrastructure. The knowledge acquired from this research establishes the 

groundwork for future progress and signifies a noteworthy stride in the continuous 

development of electric transportation networks. 
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