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Introduction

The global transportation sector is undergoing a major transformation with the rapid adoption of Electric Vehicles (EVs) as a
sustainable alternative to fossil fuel-based mobility systems. This transition is strongly supported by the integration of renewable
energy sources such as solar and wind power, which help reduce carbon emissions and promote environmentally friendly
transportation systems. However, the increasing penetration of EVs has introduced significant challenges in managing energy
demand, charging infrastructure, and grid stability.

One of the key challenges in EV charging networks is the efficient allocation of energy resources across distributed charging stations.
Unlike conventional fueling systems, EV charging demand is highly dynamic, influenced by user behavior, time of day, location,
and battery state. Additionally, renewable energy sources are inherently intermittent, making it difficult to guarantee consistent
power supply to charging stations.

Traditional energy allocation strategies in charging networks rely on rule-based scheduling or centralized optimization methods.
These approaches often suffer from scalability issues, high computational overhead, and poor adaptability in large distributed
systems. As the number of EVs continues to grow, such methods become inefficient in maintaining balanced energy distribution
and minimizing charging delays.

Recent advancements in Artificial Intelligence (Al) and Machine Learning (ML) have enabled more intelligent and adaptive energy
management systems. These techniques allow prediction of energy demand, optimization of charging schedules, and improved load
balancing across networks. However, most existing Al-based models primarily focus on prediction and fail to incorporate real-time
optimization constraints required for renewable-integrated charging systems.

To address these limitations, there is a growing need for scalable intelligent energy allocation frameworks that combine predictive
intelligence with optimization strategies. Such frameworks must be capable of dynamically distributing renewable energy across
charging stations while considering system constraints such as grid capacity, energy availability, and user demand priorities.

In this study, we propose a Scalable Intelligent Energy Allocation Framework for Renewable Vehicle Charging Networks (SIEA-
RVCN). The proposed system integrates Al-based demand forecasting with optimization-driven energy allocation mechanisms to
ensure efficient, fair, and scalable distribution of renewable energy across EV charging infrastructure.

The remainder of this paper is organized as follows: Section 2 presents the Literature Review, Section 3 describes the Methodology,
Section 4 explains the Algorithmic Strategy, Section 5 discusses Results and Performance Evaluation, and Section 6 concludes the
study with future research directions.

Literature Review

The integration of electric vehicles (EVs) with renewable energy-powered charging infrastructure has gained significant research
attention in recent years. Researchers have explored energy management, load balancing, optimization techniques, and intelligent
scheduling methods to improve the efficiency and scalability of EV charging networks.

Shukla et al. (2015) studied EV charging station placement and highlighted that optimal infrastructure planning is critical for
reducing grid congestion and improving accessibility. They emphasized that static planning approaches are insufficient for dynamic
charging demand patterns.

Masoum et al. (2011) proposed coordinated charging strategies for plug-in electric vehicles (PEVs) and demonstrated that
uncoordinated charging can significantly increase peak load demand on the grid. Zhang et al. (2018) analyzed the integration of
solar and wind energy into EV charging systems and found that renewable variability introduces significant challenges in
maintaining stable charging operations.

Kempton and Tomi¢ (2005) introduced vehicle-to-grid (V2G) concepts and showed that EVs can act as distributed energy storage
units, improving renewable energy utilization. Sortomme and El-Sharkawi (2012) developed optimization models for smart charging
of EVs and demonstrated improved load leveling. However, their approach relied on centralized control systems, limiting scalability.
Ma et al. (2013) proposed distributed optimization methods for EV charging and showed better scalability but faced convergence
challenges in large networks. Vlahogianni et al. (2014) applied machine learning techniques for traffic and EV demand prediction,
showing that data-driven approaches outperform traditional statistical models in dynamic environments.

Jain et al. (2017) demonstrated neural network-based load forecasting for EV charging stations, achieving improved prediction
accuracy but lacking real-time optimization integration. Marino et al. (2016) showed that deep neural networks significantly improve
energy consumption prediction accuracy in smart systems.

Zhang et al. (2018) further demonstrated that LSTM-based models are effective for capturing temporal dependencies in energy
demand forecasting for EV charging networks. Huang et al. (2016) applied convex optimization for EV charging scheduling and
demonstrated improved energy efficiency, but scalability remained limited.

Alireza et al. (2019) proposed heuristic-based optimization for EV charging, showing faster computation but suboptimal global
solutions. Shi et al. (2016) introduced edge computing for 10T systems and highlighted its role in reducing latency for real-time
decision-making.
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Satyanarayanan (2017) emphasized that edge-based architectures are essential for scalable EV charging networks due to their ability
to process data locally. Dorri et al. (2017) explored blockchain-based EV charging systems and demonstrated improved security
and transparency in energy transactions. However, computational overhead remains a limitation.

Li et al. (2020) proposed Al-driven smart charging frameworks that improve energy allocation efficiency but lack strong scalability
in large distributed environments. Wang et al. (2021) introduced reinforcement learning-based EV charging optimization, showing
adaptive decision-making capabilities but suffering from training instability.

Methodology

The proposed Scalable Intelligent Energy Allocation Framework for Renewable Vehicle Charging Networks (SIEA-RVCN) is
designed to efficiently distribute renewable energy across distributed EV charging stations using a combination of Al-based demand
prediction, optimization algorithms, and edge-enabled coordination mechanisms. The framework ensures scalability, low latency,
and optimal utilization of renewable energy resources.
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Fig 1. Scalable Intelligent Energy Allocation for Renewable Vehicle Charging Networks

This framework Figure 1, presents a scalable and intelligent energy allocation architecture designed for renewable-powered electric
vehicle (EV) charging networks. The system integrates renewable energy resources, 10T-based monitoring, intelligent optimization,
and adaptive control mechanisms to ensure efficient energy distribution and cost-effective charging operations.

The architecture begins with renewable energy generation from sources such as solar panels, wind turbines, battery storage systems,
and utility grids. Real-time operational data is collected through smart charging stations, sensors, smart meters, and connected
monitoring devices. The acquired information is transmitted through secure communication networks to a centralized energy
management platform.

An Intelligent Allocation Engine processes charging requests, energy availability, grid conditions, and demand forecasts using
advanced optimization algorithms. The system dynamically allocates available energy resources based on charging priorities,
demand patterns, vehicle requirements, and network constraints. A centralized Energy Allocation Controller coordinates charging
activities and ensures fair, scalable, and adaptive energy distribution across multiple charging stations.

The charging network executes optimized charging schedules and dynamically adjusts power allocation according to real-time
conditions. A monitoring and analytics module continuously evaluates system performance, charging efficiency, resource
utilization, and operational reliability. A feedback and learning mechanism further enhances decision-making by updating allocation
strategies based on historical performance and changing network conditions.

The proposed framework improves renewable energy utilization, reduces charging costs, enhances grid stability, supports large-
scale EV charging deployments, and enables sustainable transportation infrastructure through intelligent and adaptive energy
management.

Data Acquisition Layer Prediction function:
Real-time data is collected from EV charging stations, Y(t+1)=g(F)
renewable energy sources, and grid sensors:
Where:
X(t) = {EV_Demand, Solar_Output, Wind_Power, fo= deep learning model, g(-)= forecasting function
Grid_Load, Charging_Queue} This module captures temporal dependencies in EV demand

and renewable energy fluctuations.
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These inputs represent dynamic system states affecting energy
allocation decisions.

Model Training Strategy
Loss Function:

Loss = MSE(Y,Y) + A(Delay + Energy_Loss)
Al-Based Demand Prediction

A deep learning model is used to predict future EV charging
demand and renewable energy availability.

Feature extraction:

Optimizer: Adam, Training Type: Supervised learning,
Regularization: Dropout + L2 penalty

F = fo(Xp)

Algorithmic Strategy

The proposed Scalable Intelligent Energy Allocation Framework for Renewable Vehicle Charging Networks (SIEA-RVCN) follows
a structured algorithm that integrates demand prediction, renewable-aware optimization, and scalable distributed decision-making
for efficient EV charging management.

Input: 7.
EV charging demand data X)) = 8.
{EV_Demand, Queue, Arrival_Time} , Renewable
energy supply R(t) = {Solar,Wind} , Grid capacity

Synchronize time-series data across stations
Generate processed dataset:

X, (t) = Preprocess(X(t))

constraints C, Charging station set S = {sy, S,,..., Sy}
Output: Demand Prediction Module
Optimal energy allocation E,,; 9. Input processed data into deep learning model

10. Extract features:
F = fo(Xp)

11. Predict future EV demand:
Y(t+1)=g(F)

Scalable charging schedule Dy peq
Data Acquisition
1. Collect real-time data from EV charging stations
2. Collect renewable energy generation data
3. Construct system state:
X()
= {EV_Demand, Queue, Renewable_Supply, Grid_Load}
Renewable Energy Estimation
12. Estimate available renewable energy:
Ravair (£) = Solar(t) + Wind(t)

Data Preprocessing
4. Handle missing sensor values using interpolation
5. Remove noise using smoothing filters
6. Normalize data using Min-Max scaling

13. Forecast short-term renewable supply fluctuations

Results and Performance Evaluation

The performance of the proposed Scalable Intelligent Energy Allocation Framework for Renewable Vehicle Charging Networks
(SIEA-RVCN) was evaluated using simulated EV charging network datasets integrated with renewable energy generation profiles
(solar and wind). The evaluation considers dynamic EV arrival patterns, fluctuating renewable supply, and varying grid load
conditions. The system was analyzed using key metrics including energy utilization efficiency, charging delay, load balancing
accuracy, renewable energy utilization rate, and system scalability.

Performance Comparison
The proposed SIEA-RVCN framework was compared with existing EV charging and energy allocation methods:

Model Energy Load Balancing | Charging Renewable System
Utilization (%) | Accuracy (%) Delay (ms) Utilization (%) Efficiency (%)

Rule-Based Charging | 76.5 74.2 120 70.3 75.1

Heuristic Scheduling 81.8 80.5 95 78.0 82.4

Classical Optimization | 85.9 84.6 82 83.7 86.0

(LP)

Machine Learning | 89.4 88.2 70 87.5 89.1

Model

Deep Learning Model | 93.1 925 58 91.8 93.6

(LSTM)

Reinforcement 94.7 94.0 52 93.2 94.5

Learning Model

loT-Based Smart | 95.8 95.1 45 94.6 95.3

Charging System

Proposed SIEA- | 98.8 98.3 28 97.9 98.6

RVCN Model
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Result Analysis

The Table 1 shows, experimental results clearly demonstrate that the proposed SIEA-RVCN framework significantly outperforms
traditional and state-of-the-art EV charging optimization methods.

Rule-based systems perform poorly due to their inability to adapt to real-time fluctuations in EV demand and renewable energy
availability. Heuristic and classical optimization approaches improve scheduling efficiency but lack scalability in large distributed
charging networks.

Machine learning-based models improve prediction accuracy and scheduling efficiency; however, they do not fully optimize real-
time energy distribution under renewable variability. Deep learning models such as LSTM capture temporal patterns effectively but
still face limitations in system-wide coordination.

Reinforcement learning approaches provide adaptive decision-making but require high training time and suffer from convergence
instability in highly dynamic environments.

loT-based smart charging systems enhance real-time monitoring and control but lack advanced predictive optimization for large-
scale renewable integration.

Conclusion and Discussion

The proposed Scalable Intelligent Energy Allocation Framework for Renewable Vehicle Charging Networks (SIEA-RVCN)
effectively addresses the critical challenges of efficient energy distribution, renewable integration, and scalable management in
modern electric vehicle (EV) charging infrastructures. By combining Al-based demand prediction with optimization-driven energy
allocation and edge-enabled distributed processing, the framework provides a comprehensive solution for next-generation smart
charging networks.

The discussion highlights that traditional EV charging strategies, including rule-based scheduling and heuristic optimization
methods, are insufficient for handling the dynamic and large-scale nature of renewable-integrated charging systems. These
approaches often fail to adapt to fluctuating EV demand, intermittent renewable energy supply, and heterogeneous charging station
capacities, resulting in inefficient energy utilization and increased charging delays.

Machine learning and deep learning-based approaches improve forecasting accuracy and enable better demand prediction; however,
they generally lack direct integration with real-time energy allocation mechanisms. Reinforcement learning methods offer adaptive
decision-making capabilities but often suffer from high computational complexity and convergence instability in large-scale
environments.

In contrast, the proposed SIEA-RVCN framework overcomes these limitations by integrating predictive intelligence, optimization
algorithms, and distributed edge computing architecture. The Al-based prediction module ensures accurate estimation of EV demand
and renewable energy availability, while the optimization module efficiently allocates energy across charging stations. The inclusion
of edge computing significantly reduces latency and enhances system responsiveness, making the framework suitable for real-time
applications.

The experimental results demonstrate that the proposed model achieves superior performance compared to existing methods in terms
of energy utilization, load balancing accuracy, charging delay reduction, and renewable energy usage efficiency. This confirms the
effectiveness of combining Al-driven prediction with optimization strategies for smart EV charging networks.

From a practical perspective, the SIEA-RVCN framework is highly applicable to smart cities, highway charging infrastructure,
commercial EV charging stations, and renewable-integrated microgrids, where efficient and scalable energy distribution is essential.
However, certain limitations exist. The system relies heavily on accurate real-time data from EVs and renewable sources, and
performance may degrade in cases of sensor failure or communication delays. Additionally, large-scale deployment may introduce
computational overhead at edge nodes if not properly optimized.

Future work can focus on integrating federated learning for decentralized model training, incorporating blockchain-based secure
energy trading mechanisms, and developing lightweight Al models for ultra-low-power edge devices to further enhance scalability
and security.

Overall, the SIEA-RVCN framework provides a strong foundation for intelligent, scalable, and renewable-aware EV charging
networks by enabling efficient energy allocation and real-time system optimization.
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