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Abstract --Electric vehicles (EVs) have become a vital component of environmentally friendly and intelligent 

transportation systems in current smart cities. At the same time, they also offer a huge chance to reduce the 

amount of greenhouse gas emissions and the dependency on fossil fuels. This is occurring at the same time that 

EVs have become a key component of these systems. However, the rapid increase in the usage of electric 

vehicles presents significant issues for the infrastructures of power grids that are already in existence. These 

grids are already in existence. This is especially true when taking into consideration the fact that events that 

involve public charges are not only in great demand but also in a state of acute disorganization. If the surge in 

demand for power is not adequately handled, it can result in grid instability, problems with peak load, and 

increased operational expenses. These issues can be avoided by effectively managing the surge. There is also the 

possibility of increasing operational expenses as a consequence. Therefore, the development of intelligent 

charging techniques has become essential in order to ensure the efficient consumption of energy, maintain the 

resilience of the grid, and stimulate the widespread integration of electric vehicles and other forms of electric 

transportation. Within the framework of this discussion, the process of achieving a balance between supply and 

demand is significantly impacted by the intelligent scheduling of charging sessions for electric vehicles. When it 

comes to analyzing intricate charging patterns and predicting user behavior, it has been established that data-

driven systems, in particular those that make use of machine learning approaches, have demonstrated a great lot 

of potential. This is especially true for those systems that make use of machine learning. The vast majority of the 

research that is currently available focuses exclusively on reviewing data from previous billing periods. Among 

the many criteria that are included in this data are things like prior usage patterns, trends in the time of day, and 

station occupancy rates. 

Despite the fact that these methodologies offer valuable insights, they typically fail to take into account dynamic 

and context-aware characteristics, which have a substantial influence on charging behavior in situations that 

occur in the real world. These methods, despite the fact that they provide useful information, are not being 

utilized. This study aims to establish an improved prediction framework that takes into account additional 

contextual aspects in order to increase the accuracy of the analysis of charging behavior for electric vehicles. 

The purpose of this study is to develop this framework. These criteria take into account a variety of factors, 

including the weather conditions, the patterns of traffic, and the events that are local to the area. A more 

thorough understanding of charging demand is attempted to be captured by the model by means of the 

incorporation of these external variables and the utilization of historical data. The primary purpose of this 

investigation is to arrive at a precise estimation of the amount of time that electric vehicles require to be 

charged, as well as the quantity of energy that is consumed throughout the charging process. These two 

significant factors, which have a direct impact on that efficiency, have a direct influence on both the efficiency 

of scheduling and the balancing of grid load. Both of these aspects are directly influenced by these qualities.  

Keywords: Smart, Strains, Charging, Predictions, Optimization 

I. INTRODUCTION 

Electric vehicles (EVs), which are more popularly known as electronic cars, are a vital component of intelligent 

transportation networks in the context of smart city environments. Electronic cars are also commonly referred to 

as electric automobiles. This is because they have the potential to greatly reduce emissions of greenhouse gases, 

which would in turn reduce reliance on traditional fossil fuels. This is the reason why they are becoming 

increasingly popular. This is the reason why they are getting a significant level of popularity at the moment. Not 

only is this the case for a variety of reasons, but one of the most significant ones is that electric vehicles have the 

capacity to lessen the amount of pollution that is produced. The use of electric vehicles is currently rising at a 

high speed for a number of reasons, including the fact that urban populations are continuing to rise and the fact 

that sustainability is becoming an increasingly important concern. Both of these factors are contributing to the 

rapid acceleration of the adoption of electric vehicles. These two things are both considered to be contributing 

factors. However, this large-scale integration does provide a number of substantial issues for the infrastructure 

of the electrical grid that is now in place. These challenges are a necessity. There are a number of particularly 

significant obstacles that are associated with the management of these concerns. These challenges include the 

control of the ever-increasing demand for electrical power, the prevention of peak load stress, and the assurance 
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of reliable and consistent energy distribution. To successfully manage the activities that are related with the 

charging of electric vehicles, it is vital to design solutions that are not only intelligent but also adaptive. This is 

because the situation is becoming increasingly complex. To fulfill this condition, it is necessary to do so. As a 

consequence of the constraints that have been described, this is the outcome.  

Installation of intelligent charging scheduling algorithms is one of the many potential solutions that might be 

adopted to address these difficulties. There are many more potential solutions as well. There are a great number 

of additional conceivable responses there as well. In addition to this, it is one of the most promising strategies 

that may be utilized in accordance with the circumstances. By distributing the load in a manner that is 

appropriate across time and the infrastructure that is available, the purpose of these algorithms is to increase the 

efficiency of charging operations. This is accomplished by enhancing the effectiveness of charging operations. It 

is the distribution of the load in a manner that is fair and equitable that makes it possible for this to be 

accomplished. Additionally, as a result of this, customers will enjoy a reduction in the amount of grid 

congestion that they encounter, in addition to an increase in the convenience of their consumption. On the other 

hand, data-driven approaches, in particular those that are based on machine learning, have emerged as tools that 

are practicable for the purpose of evaluating complex charging patterns of electric vehicles and enabling 

predictive decision-making. The reason for this is that these methodological methods are the fundamental 

building blocks of machine learning. Specifically, this is because these methods are based on the knowledge that 

is provided by machine learning. This is the reason why this is the case. The ability of these models to uncover 

patterns that are related with user behaviors, charging durations, and energy requirements is made possible by 

the process of learning from previous charging data. The process of learning from the data can lead to the 

discovery of certain patterns as a consequence of the process. Through the process of learning, which enables 

identification, these patterns can be detected and recognized when they occur.  

Additionally, the vast majority of the research that has been conducted up until this point is mostly dependent on 

historical datasets, and it frequently disregards the impact of dynamic external stimuli. This is the case since the 

study has been carried out up until this point. Despite the fact that there has been progress made in this area, this 

is the situation the situation is in. Despite the fact that there have been breakthroughs made in this particular 

field, the situation has not changed throughout the course of time. Prior usage does not completely describe the 

behavior of charging electric cars in situations that take place in the real world; rather, it is also heavily 

influenced by contextual aspects such as the weather, the flow of traffic, and local social or commercial 

activities. In other words, the behavior of charging electric cars is not completely defined by historical usage. To 

put it another way, the behavior of charging electric automobiles is not totally governed by the usage that has 

occurred in the past. When it comes to charging electric automobiles, the behavior of the charging process is not 

entirely dependent on the amount of time that has passed since the past time the vehicle was utilized. Another 

way of putting this is to say that the amount of time that an electric car has been driven in the past does not 

totally impact the manner that it is charged with. If these characteristics are incorporated into predictive models, 

it is probable that the models will become more accurate and long-lasting as a result of the adoption of these 

traits. This is because the models will begin to incorporate these characteristics. There is also the possibility that 

the models will become more accurate in the future. The creation of scheduling systems that are more 

dependable will be the result of this, in turn.  

The prediction of the charging behavior of electric vehicles encompasses a wide range of aspects, such as the 

determination of whether or not a vehicle will be charged on the following day, the determination of preferences 

for rapid charging, the estimation of the amount of time that will pass before the next plug-in, and the prediction 

of charging profiles, speeds, as well as daily charging capacity and frequency. All of these aspects are included 

in the prediction of charging behavior. In order to accurately predict charging behavior, each of these aspects is 

taken into consideration. Every single one of these characteristics is taken into consideration in order to provide 

an accurate prediction regarding charging behavior. This study's primary objective is to make an estimate of the 

amount of energy that is actually consumed, as well as the amount of time that is required for charging sessions. 

Despite the fact that each of these dimensions provides substantial insights into user behavior and system 

improvement, this is the situation that has presented itself. Additionally, each of these aspects provides valuable 

insights. An vital step that must be taken in order to ensure that the system is operating at its maximum capacity 

is this one. Due to the fact that they have a direct influence on the distribution of demand throughout the grid, 

the availability of charging stations, and the distribution of resources, these two criteria are considered to be 

essential for effective scheduling. One of the reasons why they are considered to be essential is because of this 

particular reason.  

The goal of the research that is being offered is to improve the effectiveness of charging management systems 

for electric vehicles and to provide assistance in the development of urban energy infrastructures that are more 

intelligent and conscious of their impact on the environment. According to the presentation, these are the two 

objectives. To ensure that we are successful in achieving this objective, we will be putting an emphasis on three 

distinguishing features. In addition to making it possible for smart grid and transportation systems to make 
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judgments that are more thoroughly informed after taking into consideration all of the essential information, it is 

projected that the findings will contribute to the improvement of forecasting accuracy. 

II. LITERATURE REVIEW 

Roslan (2024), This paper investigates that the techno-economic impacts analysis of renewable energy-based 

hybrid energy storage system integrated grid electric vehicles charging station (EVCS).  Additionally, the 

optimized EVCS-based hybrid energy storage system contributes to reducing carbon dioxide (CO2) emissions, 

promoting a cleaner environment and an eco-friendly energy ecosystem.  

Elalfy (2024), This paper states that energy storage is one of the hot points of research in electrical power 

engineering as it is essential in power systems. It can improve power system stability, shorten energy generation 

environmental influence, enhance system efficiency, and also raise renewable energy source penetrations. This 

paper presents a comprehensive review of the most popular energy storage systems including electrical energy 

storage systems, electrochemical energy storage systems, mechanical energy storage systems, thermal energy 

storage systems, and chemical energy storage systems.   

Zand (2024), This paper proposes that a novel energy management structure for electric vehicles, consisting of 

a supercapacitor and two types of batteries, to improve efficiency and navigable distance. The key features of a 

suitable energy storage system include high power and energy density, low cost and weight, minimal 

maintenance, and long life. Although batteries are the primary power storage source in electric vehicles, they 

have power limitations. Therefore, a high-power-density supercapacitor is added to the battery to create a hybrid 

energy storage system, reducing stress on the battery and increasing its lifespan.  

Carne (2024), This paper states that the way to produce and use energy is undergoing deep changes with the 

fast-pace introduction of renewables and the electrification of transportation and heating systems. As a 

consequence, the electrical grid sees much higher power variability than in the past, challenging its frequency 

and voltage regulation. Energy storage systems will be fundamental for ensuring the energy supply and the 

voltage power quality to customers. This survey paper offers an overview on potential energy storage solutions 

for addressing grid challenges following a "system-component-system" approach.  

Wang (2024), This paper states that with the increasing penetration of distributed energy resources (DER) in the 

electric power system, Peer-to-Peer (P2P) energy trading has become a promising paradigm for future electric 

power systems. Building thermal load, which is an important demand side resource, should be considered 

carefully in the design of a P2P trading method. In this paper, we investigate the application of building thermal 

energy storage capability in P2P energy trading.  

Barakat (2024) , This paper optimizes and evaluates a Photovoltaic-Wind-Battery/Electric Vehicle Charging 

Station (PVWB/ EVCS) system using four Multi-Objective Optimization (MOO) techniques: MOPSO, 

NSGAII, NSGAIII, and MOEA/D. The main goals are to minimize the Total Net Present Cost (TNPC) and Loss 

of Power Supply Probability (LPSP) of the system, which are crucial for sustainable electric vehicle charging. 

The study analyzes the economic, operational, and sustainability aspects of the optimized system and compares 

it with HOMER software.  

Fachrizal (2024), Renewable energy and electric vehicles (EVs) are crucial technologies for achieving 

sustainable cities. However, intermittent power generation from renewable energy sources and increased peak 

load due to EV charging can pose technical challenges for the power systems. Improved load matching through 

energy system optimization can minimize these challenges. This paper assesses the optimal urban-scale  energy 

matching potentials in a net-zero energy city powered by wind and solar energy, considering three EV charging 

scenarios: opportunistic charging, smart charging, and vehicle-to-grid (V2G). A city on the west coast of 

Sweden is used as a case study.  

Singh (2024), This paper states that the transport sector is experiencing a notable transition towards 

sustainability, propelled by technological progress, innovative materials, and a dedication to environmental 

preservation. This study explicitly examines the incorporation of electric vehicles (EVs) into the power grid, 

with a particular emphasis on passenger automobiles. Our analysis emphasises the vital importance of updated 

transport infrastructure in decreasing greenhouse gas emissions and aiding carbon reduction efforts in electricity 

networks. The analysis uncovers that adopting electric vehicles offers significant advantages, including 

enhanced grid efficiency and decreased emissions.  

Sarmokadam (2024), This paper states that the domestic Photovoltaic (DPV) installation along with Domestic 

Energy Storage System (DESS) can play effective role in AC Ring Main Residential Distribution Network 

(ACRMRDN) to address the impact of Electric Vehicle (EV) charging on residential distribution network. This 

paper proposed two different architectures with structural changes for effective energy management in AC ring 

main system connected to electric charging station. The main aim of this research is to design the electric 

vehicle charging infrastructure in support of DPV and DESS. The effective implementation of such charging 

infrastructure motivate domestic consumer to play a role of prosumer  
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Ebrahimi (2024), This paper states that with the increase in the penetration of electric vehicles (EVs), there is a 

substantial need for a proper solution to meet the EVs’ charging demand. Due to the high investment cost of 

charging stations, the efficient operation of EV chargers is crucial. In this regard, in this paper, charger-sharing 

charging has been proposed to charge multiple EVs with a single EV charger. However, the existing models 

cannot model uncertain EV parking lots (EVPLs) with charger-sharing charging. In addition, most presented 

methods for uncertainty modelling of EVPLs are hard to implement in planning and large-scale system-level 

studies due to their complicated process and high computational burden.  

III. OBJECTIVES 

Following are the objectives in which the work will be achieved 

1. To evaluate accurate values for prediction of EV charging demand at different times to maintain 

balance across the grid and prevent overload. 

2. To identify and minimize the cost of electricity usage during EV charging by analysing distribution of 

electric sources with renewable energy sources. 

3. To examine wait times and provide convenient charging solutions that align with users’ schedules and 

preferences. 

4. To execute some machine learning algorithm to simulate the energy storage mechanisms. 

IV. RESEARCH METHODOLOGY 

Dataset of various issues was collected and training/testing of those dataset was done using machine learning 

algorithms (lstm,cnn or which is related with the parameters) and one unique model for created which then used 

as an ideal source for comparing various issues in  EV charging 

A. Data Collection and Preprocessing 

 Collect data on EV charging sessions, historical grid loads, electricity prices, and renewable energy 

generation patterns. 

 Collection can be done from charging station and service point from a recognised service provider. 

 Preprocess data by handling missing values, scaling features, and converting time-series data into a 

suitable format. 

 Engineer features such as weather conditions, traffic data, and user preferences to provide additional 

predictive value. 

 

B. Model Selection and Development 

 Evaluate various deep learning architectures, such as Long Short-Term Memory (LSTM) networks, 

Recurrent Neural Networks (RNNs), Convolutional Neural Networks (CNNs), and hybrid models, for 

time-series forecasting and optimization tasks. 

Implement models for predicting demand, optimizing charging schedules, and load balancing, possibly using 

reinforcement learning for dynamic scheduling. 

 

C. Model Training and Tuning 

 Evaluating various models in the past to figure out the gap related to storage mechanism. 

 Split the dataset into training, validation, and test sets. 

 Train models using deep learning frameworks (e.g., TensorFlow or PyTorch), adjusting parameters like 

learning rates, batch sizes, and model architectures. 

 Use techniques like cross-validation and grid search for hyperparameter tuning. 

 

D. Evaluation Metrics and Performance Testing (Previous and Current systems) 

 Select evaluation metrics such as Mean Absolute Percentage Error (MAPE), Symmetric Mean 

Absolute Percentage Error (SMAPE), and Mean Squared Error (MSE) for demand prediction. 

 For optimization, evaluate metrics like total cost reduction, peak load reduction, and user satisfaction 

scores. 

 Test model performance on unseen test data to ensure generalizability. 

 

E. Simulation and Scenario Testing 

 Simulate different EV adoption levels, varying renewable energy availability, and peak demand 

scenarios. 

 Test models under these conditions to analyse performance under diverse situations, such as high user 

demand or limited grid capacity. 
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F. Implementation of an Integrated System 

 Develop an integrated architecture that coordinates predictions and optimizations for power 

management and charging scheduling. 

 Incorporate user interfaces for EV owners and control interfaces for grid operators. 

 

G. Validation and Comparison with Baselines 

 Compare the integrated model’s performance against baseline approaches, such as rule-based 

scheduling or traditional optimization algorithms. 

 Conduct statistical analysis to verify performance improvements. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 Flow of the proposed system 

V. RESULT AND DISCUSSION 

 
Fig. 2 Renewable energy vs demand 
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The graph compares renewable energy generation (blue curve) with electricity demand (orange curve) over 

time. Renewable energy follows a smooth, cyclical pattern with regular peaks and drops, indicating predictable 

generation (likely from sources like solar or wind). In contrast, demand fluctuates more irregularly and generally 

remains higher than renewable supply. There are several periods where demand significantly exceeds renewable 

generation, highlighting a gap that must be met by other energy sources or storage systems. Overall, the graph 

emphasizes the challenge of balancing variable renewable energy with dynamic consumer demand, 

underscoring the need for efficient energy management and storage solutions. 

 

 
Fig. 3 EV charging waiting time 

The graph shows the variation in EV charging waiting time over a period. The waiting time fluctuates 

significantly, ranging roughly from 0.2 to 1.8 units, indicating an inconsistent and unpredictable charging 

experience for users. These frequent ups and downs suggest that charging station availability and demand are 

highly dynamic, likely influenced by factors such as time of day, user arrival patterns, and station capacity. 

Periods of higher waiting times indicate congestion at charging stations, while lower values reflect smoother 

access with minimal delays. Overall, the graph highlights the need for efficient scheduling and load 

management strategies to reduce waiting times and improve user convenience in EV charging systems. 

 

 
Fig. 4 EV Charging demand prediction 

The graph illustrates the comparison between actual EV charging demand (blue line) and predicted demand 

(orange line) over time. Both curves follow a similar cyclical pattern, indicating that the prediction model 

effectively captures the overall trend and seasonality of the demand. The predicted values closely align with the 

actual demand, with only minor deviations at certain points, showing good accuracy of the model. Slight 

differences between the two lines occur during sudden fluctuations, where the model smooths out sharp 
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variations. Overall, the graph demonstrates that the prediction approach is reliable and can be used for efficient 

scheduling and energy management in EV charging systems. 

 

 
Fig. 5 Cost optimization using renewable energy 

The graph compares normal charging cost (blue line) with optimized cost using renewable energy (orange line) 

over time. The optimized cost is consistently lower than the normal cost, clearly demonstrating the effectiveness 

of renewable energy integration in reducing overall expenses. While both curves follow a similar trend, the 

optimized cost shows sharper drops, even reaching near-zero values at certain intervals, indicating periods 

where renewable energy fully satisfies the demand. In contrast, the normal cost remains significantly higher due 

to reliance on conventional energy sources. This highlights that smart utilization of renewable energy not only 

reduces operational costs but also improves efficiency and sustainability in EV charging systems. 

VI. LIMITATIONS 

Despite the significant advantages offered by these advanced techniques, several limitations must be considered. 

Reinforcement Learning (RL) models often require extensive training time and large volumes of interaction 

data, making real-time deployment challenging in dynamic environments. Demand prediction models such as 

LSTMs and GRUs heavily depend on the quality and availability of historical data, and their performance may 

degrade under sudden or unforeseen changes in user behavior or external conditions. Smart charging algorithms 

and multi-agent systems can become computationally complex and may face scalability issues when applied to 

large networks of EVs. Similarly, renewable energy alignment relies on accurate forecasting, which is inherently 

uncertain due to weather variability. Load balancing techniques, including CNN-based approaches, may require 

high computational resources and sophisticated infrastructure for real-time analysis. Multi-objective 

optimization introduces trade-offs that can complicate decision-making, as improving one objective (e.g., cost) 

may negatively impact others (e.g., battery health). Lastly, federated learning, while beneficial for privacy 

preservation, faces challenges such as communication overhead, model heterogeneity, and synchronization 

issues across decentralized systems. 

VII. ADVANTAGES 

These cutting-edge technologies have the potential to produce considerable benefits for a number of different 

industries, including the control of smart grids and the optimization of charging for electric vehicles. These 

technological advancements not only provide a great deal of advantages that are essential, but they also provide 

a great deal of advantages that are significant. To add insult to injury, the optimization of charging electric 

vehicles is a component of each of these domains. Reward learning (RL), which offers dynamic and flexible 

decision-making, enables charging systems to continuously learn and change the scheduling tactics that are most 

successful based on the conditions that are currently present. This is made possible by their ability to learn from 

their experiences. Taking into account the circumstances that are now in place, this information has been 

generated. The availability of RL makes this possible because it enables dynamic and flexible decision-making, 

which is made possible by the fact that is available. It is possible to accomplish this because RL enables 
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decision-making that is not just dynamic but also adaptable. This makes it possible for this to happen. Overload 

scenarios can be anticipated by the operators of the grid with the assistance of demand prediction models such 

as LSTMs and GRUs. These models allow the operators to make modifications to prevent overloads from 

occurring. By doing so, they are able to prevent occurrences of this nature from taking place. Because this is the 

case, they are able to steer clear of any prospective complications that might present themselves in the future. 

Through the utilization of these models, it is possible to make forecasts concerning the patterns of energy 

consumption with an exceptionally high degree of precision. This is made possible by the fact that these models 

are quite realistic in their representations. The use of smart charging algorithms not only leads to an increase in 

the degree of satisfaction that users experience, but it also leads to an increase in efficiency and a reduction in 

expenses. These are all positive outcomes. These algorithms are able to accomplish this goal because they are 

able to dynamically assign charging intervals and power levels because they are able to take into account pricing 

indicators, grid conditions, and the preferences of consumers.  

Integration with renewable energy sources contributes to the further promotion of sustainability by reducing 

dependency on fossil fuels, lowering carbon emissions, and making it easier to charge electric vehicles during 

times of high generation from renewable sources. These are all ways in which the integration of renewable 

energy sources helps to promote sustainability. All of these are actions that can be made to reduce the amount of 

carbon emissions that go into the atmosphere. Two methodological strategies that contribute to the equal 

distribution of energy demand, the reduction of system stress, and the prevention of malfunctions during peak 

hours are load balancing and peak shaving. Both of these strategies are mentioned in the previous sentence. Both 

of these strategies are put into place with the intention of improving the effectiveness of the system. In the world 

of shaving techniques, both of these approaches are considered to be examples of "peak shaving." It is essential 

to keep in mind that the two methods cannot be substituted for one another to get the desired results. One must 

make sure that this is not something that is forgotten. To add insult to injury, the implementation of multi-

objective optimization not only ensures that a well-balanced approach will be chosen, but it also results in a 

system performance that is more thorough. For the goal of accomplishing this objective, it is essential to take 

into consideration a variety of various aspects at the same time. In addition to the cost, the energy efficiency, 

and the state of the battery, these are some of the other elements to consider. Federated learning has a number of 

benefits, one of which is that it enables decentralized optimization to be carried out while simultaneously 

safeguarding the privacy of people. The fact that this is possible makes it possible for many electric vehicles or 

stations to collaborate in order to enhance the intelligence of the system without exchanging the personal 

information of customers. Considering that this is something that can be accomplished, this is made attainable. 

These solutions, when everything is taken into consideration, lead to the construction of an ecosystem for 

charging electric vehicles that is more cost-effective, dependable, efficient, and environmentally friendly than 

the current system. Additionally, this habitat is better for the environment than other ecosystems. 

VIII. CONCLUSION AND FUTURE SCOPE 

A. Conclusion: 

The analyzed graphs collectively demonstrate the importance of intelligent energy management in EV charging 

systems. The renewable energy vs. demand graph highlights the mismatch between generation and 

consumption, emphasizing the need for effective scheduling and storage solutions. The EV charging waiting 

time graph shows significant fluctuations, indicating inconsistent user experience and the necessity for better 

load distribution. The demand prediction graph confirms that machine learning models can accurately forecast 

charging demand, enabling proactive decision-making. Additionally, the cost optimization graph clearly shows 

that integrating renewable energy and smart strategies significantly reduces operational costs. Overall, the 

results validate that combining predictive analytics, smart charging, and renewable energy integration can 

enhance efficiency, reduce costs, and improve grid stability in EV ecosystems. 

B. Future Scope: 

Future work can focus on incorporating more real-time and external factors such as weather conditions, traffic 

patterns, and user behavior to further improve prediction accuracy. Advanced techniques like reinforcement 

learning can be implemented for fully autonomous and adaptive charging decisions. Integration of vehicle-to-

grid (V2G) technology can allow EVs to act as energy storage units, supporting grid stability during peak 

demand. Moreover, large-scale deployment of federated learning can ensure privacy-preserving optimization 

across distributed charging networks. The use of digital twins and IoT-enabled smart infrastructure can also 

enhance monitoring and control. Finally, expanding the system to include multi-objective optimization—

balancing cost, energy efficiency, user convenience, and battery health—will lead to more robust and 

sustainable smart charging solutions for future smart cities. 

 

ALOCHANA JOURNAL  (ISSN NO:2231-6329)  VOLUME 15 ISSUE 5 2026

PAGE NO: 48



 

References 

[1] Arvind R. Singh, Pradeep Vishnuram, Sureshkumar Alagarsamy, Mohit Bajaj, Vojtech Blazek, Issam 

Damaj, Rajkumar Singh Rathore, Fahd N. Al-Wesabi h, Kamal M. Othman, “Electric vehicle charging 

technologies, infrastructure expansion, grid integration strategies, and their role in promoting 

sustainable e-mobility”, Alexandria Engineering Journal 105 (2024) 300–330 

[2] Ahmad Hamdan, Cosmas Dominic Daudu, Adefunke Fabuyide, Emmanuel Augustine Etukudoh, Sedat 

Sonko, “Next-generation batteries and U.S. energy storage: A comprehensive review: Scrutinizing 

advancements in battery technology, their role in renewable energy, and grid stability”, World Journal 

of Advanced Research and Reviews, 2024, 21(01), 1984–1998 

[3] Barakat, Ahmed I. Osman, Elsayed Tag-Eldin, Ahmad A. Telba, Hala M. Abdel Mageed, M.M. Samy, 

“Achieving green mobility: Multi-objective optimization for sustainable electric vehicle charging”, 

Energy Strategy Reviews 53 (2024) 101351 

[4] B K Chakravarthy, G Sree Lakshmi, Hari Prasad Bhupathi, “Review on Charging Methods and 

Charging Solutions for Electric Vehicles”, IE3S Web of Conferences 547, 03001 (2024), CSGET 2024 

[5] Chenrui Jin, Jian Tang, Prasanta Ghosh, “Optimizing Electric Vehicle Charging With Energy Storage 

in the Electricity Market”, IEEE Transactions On Smart Grid, Vol. 4, No. 1, March 2013 

[6] Doğan Çelik, Hafiz Ahmed, “Enhanced control of superconducting magnetic energy storage integrated 

UPQC for power quality improvement in EV charging station”, Journal of Energy Storage 62 (2023) 

106843 

[7] Dina A. Elalfy, Eid Gouda, Mohamed Fawzi Kotb, Vladimír Bureˇs, Bishoy E. Sedhom, 

“Comprehensive review of energy storage systems technologies, objectives, challenges, and future 

trends”, Energy Strategy Reviews 54 (2024) 101482 

[8] Eiman Elghanam, Akmal Abdelfatah, Mohamed S. Hassan, Ahmed H. Osman, “Optimization 

Techniques in Electric Vehicle Charging Scheduling, Routing and Spatio-Temporal Demand 

Coordination: A Systematic Review”, Digital Object Identifier 10.1109/OJVT.2024.3420244, 

Vehicular Technology, VOLUME 5, 2024 

[9] Giovanni De Carne, S. Masoome Maroufi, Hamzeh Beiranvand, Valerio De Angelis, Salvatore 

D’Arco, Vahan Gevorgian, Simon Waczowicz, Barry Mather, Marco  

[10] George Stamatellos, Antiopi-Malvina Stamatellou, “The Interaction between Short- and Long-Term 

Energy Storage in an nZEB Office Building”, The Interaction between Short- and Long-Term Energy 

Storage in an nZEB Office Building 

[11] G. S. Asha Rani, P. S. Lal Priya, Jino Jayan, Rahul Satheesh, Mohan Lal Kolhe, “Data-Driven Energy 

Management of an Electric Vehicle Charging Station Using Deep Reinforcement Learning”, IEEE 

Power & Energy Society Section, Volume 12, 2024 

[12] Jun Yin Lee, A.K. Ramasamy, Kam Hoe Ong, R. Verayiah, Hazlie Mokhlis, Marayati Marsadek, 

“Energy storage systems: A review of its progress and outlook, potential benefits, barriers and 

solutions within the Malaysian distribution network”, Journal of Energy Storage 72 (2023) 108360 

[13] Koganti Srilakshmi, D. Teja Santosh, Alapati Ramadevi, Praveen Kumar Balachandran, Ganesh Prasad 

Reddy, Aravindhababu Palanivelu, Ilhami Colak, C. Dhanamjayulu, Ravi Kumar Chinthaginjala & 

Baseem Khan, “Development of renewable energy fed three‑level hybrid active filter for EV charging 

station load using Jaya grey wolf optimization”,  Scientific Reports (2024) 14:4429, 

https://doi.org/10.1038/s41598-024-54550-7 

[14] Liserre, Veit Hagenmeyer, “The role of energy storage systems for a secure energy supply: A 

comprehensive review of system needs and technology solutions”, Electric Power Systems Research 

236 (2024) 110963 

[15] Muhammad Bakr Abdelghany, Ahmed Al-Durra, Zhou Daming, Fei Gao, “Optimal multi-layer 

economical schedule for coordinated multiple mode operation of wind–solar microgrids with hybrid 

energy storage systems”,  Journal of Power Sources 591 (2024) 233844 

[16] Md. Tanjil Sarker, Mohammed Hussein Saleh Mohammed Haram, Siow Jat Shern, Gobbi Ramasamy, 

Fahmid Al Farid, “Second-Life Electric Vehicle Batteries for Home Photovoltaic Systems: 

Transforming Energy Storage and Sustainability”, Energies 2024, 17, 2345, 

https://doi.org/10.3390/en17102345 

[17] Ming Yao, Danning Da, Xinchun Lu and Yuhang Wang, “A Review of Capacity Allocation and 

Control Strategies for Electric Vehicle Charging Stations with Integrated Photovoltaic and Energy 

Storage Systems”, World Electr. Veh. J. 2024, 15, 101. https://doi.org/10.3390/wevj15030101 

[18] Mahoor Ebrahimi, Miadreza Shafie-khah, Hannu Laaksonen, “Uncertainty-observed virtual battery 

model for an electric vehicle parking lot enabling charger-sharing modelling”, Journal of Energy 

Storage 89 (2024) 111578 

ALOCHANA JOURNAL  (ISSN NO:2231-6329)  VOLUME 15 ISSUE 5 2026

PAGE NO: 49



 

[19] M.F. Roslan, Vigna K. Ramachandaramurthy, M. Mansor, A.S. Mokhzani, Ker Pin Jern, R.A. Begum, 

M.A. Hannan, “Techno-economic impact analysis for renewable energy- based hydrogen storage 

integrated grid electric vehicle charging stations in different potential locations of Malaysia”, Energy 

Strategy Reviews 54 (2024) 101478 

[20] Mohammad Zand, Mousa Alizadeh, Mostafa Azimi Nasab, Morteza Azimi Nasab, Sanjeevikumar 

Padmanaban, “Electric vehicle charger energy management by considering several sources and 

equalizing battery charging”, Renewable Energy Focus 50 (2024) 100592 

[21] Muhammad Raheel Khan, Zunaib Maqsood Haider, Farhan Hameed Malik, Fahad M. Almasoudi, 

Khaled Saleem S. Alatawi, Muhammad Shoaib Bhutta, “A Comprehensive Review of Microgrid 

Energy Management Strategies Considering Electric Vehicles, Energy Storage Systems, and AI 

Techniques”, Processes 2024, 12, 270. https://doi.org/10.3390/pr12020270 

[22] Obaid Aldosari, Ziad M. Ali, Shady H. E. Abdel Aleem, Mostafa H. Mostafa, “Optimizing microgrid 

performance: Strategic integration of electric vehicle charging with renewable energy and storage 

systems for total operation cost and emissions minimization”, PLOS ONE | 

https://doi.org/10.1371/journal.pone.0307810 October 3, 2024 

[23] Reza Fachrizal, Kun Qian, Oskar Lindberg, Mahmoud Shepero, Rebecca Adam, Joakim Widén, 

Joakim Munkhammar, “Urban-scale energy matching optimization with smart EV charging and V2G 

in a net-zero energy city powered by wind and solar energy”,  eTransportation 20 (2024) 100314 

[24] Sumant Sarmokadam, Ribu Mathew, “ Novel architectures for power management in AC ring main 

system connected to electric vehicle charging station”,  Energy Reports 11 (2024) 3876–3888 

[25] Shereen Siddhara Abdul Salam, Veena Raj, Mohammad Iskandar Petra, Abul Kalam Azad, Sathyajith 

Mathew, Sheik Mohammed Sulthan, “Charge Scheduling Optimization of Electric Vehicles: A 

Comprehensive Review of Essentiality, Perspectives, Techniques, and Security”, Digital Object 

Identifier 10.1109/ACCESS.2024.3433031,  Volume 12, 2024, IEEE 

[26] Sakib Shahriar, A. R. Al-Ali, Ahmed H. Osman, Salam Dhou, Mais Nijim, “Prediction of EV Charging 

Behavior using Machine Learning”,  10.1109/ACCESS.2021.3103119, IEEE Access 

[27] Safa Hamdare, David J. Brown, Yue Cao, Mohammad Aljaidi, Omprakash Kaiwartya, Rahul Yadav, 

Pratik Vyas, Manish Jugran, “EV Charging Management and Security for Multi-Charging Stations 

Environment”, Volume 5, 2024, Digital Object Identifier 10.1109/OJVT.2024.3418201 

[28] Surender Reddy Salkuti, “Advanced Technologies for Energy Storage and Electric Vehicles”, Energies 

2023, 16, 2312. https://doi.org/10.3390/en16052312 

[29] Xiaoyu Wang, Hongjie Jia, Zibo Wang, Xiaolong Jin, Youjun Deng, Yunfei Mu, Xiaodan Yu, “A real 

time peer-to-peer energy trading for prosumers utilizing time-varying building virtual energy storage”,  

Electrical Power and Energy Systems 155 (2024) 109547 

[30] Yingliang Li Zhiwei Dong, “Coordinated optimization of source-grid-load-storage for wind power 

grid-connected and mobile energy storage characteristics of electric vehicles”, IET Generation, 

Transmission & Distribution, DOI: 10.1049/gtd2.13105 

 

ALOCHANA JOURNAL  (ISSN NO:2231-6329)  VOLUME 15 ISSUE 5 2026

PAGE NO: 50


