7

\“‘ernaho,,,do
y <,

= Q\ gesearch B,

s, 2026 Volume: 02 Issue: 08 www.ijrpa.com 1SSN 2456-9995 Research Article

I-BASED ENERGY MANAGEMENT FRAMEWORK FOR SOLAR-
POWERED ELECTRIC VEHICLE CHARGING INFRASTRUCTURE
IN FUTURE SMART CITIES

*1Lok Pati Panday and ?Dr. Ashish Bhargava

'Research Scholar, 2Professor

Bhabha Engineering Research Institute, Bhopal, India.

Article Received: 27 June 2026 *Corresponding Author: Lok Pati Panday
Article Revised: 16 July 2026 Research Scholar, Bhabha Engineering Research Institute, Bhopal, India.
Published on: 04 August 2026 DOL: https://doi-doi.org/101555/ijrpa.5056

ABSTRACT

The rapid growth of electric vehicles (EVs) has significantly increased the demand for
sustainable and intelligent charging infrastructure in modern smart cities. Although solar
photovoltaic (PV)-based charging stations offer an environmentally friendly alternative to
conventional grid-powered charging systems, their practical implementation remains
constrained by intermittent solar generation, fluctuating charging demand, limited battery
storage capacity, grid instability, and inefficient energy management strategies. These
challenges reduce renewable energy utilization and increase dependence on conventional
electrical grids, particularly during peak demand periods.

This paper presents an Artificial Intelligence (Al)-Based Energy Management Framework for
solar-powered electric vehicle charging infrastructure designed to enhance energy efficiency,
charging reliability, and grid stability in future smart cities. The proposed framework
integrates photovoltaic generation, battery energy storage systems (BESS), smart grid
connectivity, and Al-driven decision-making into a unified energy management architecture.
The Al controller continuously monitors solar irradiance, battery state-of-charge (SOC), grid
conditions, electricity pricing, and electric vehicle charging requests to determine the optimal
energy allocation strategy in real time. The framework dynamically prioritizes renewable
energy utilization while minimizing grid dependency through intelligent charging scheduling,
battery management, and peak-load mitigation.

A comprehensive mathematical model is developed to describe photovoltaic power

generation, battery charging/discharging behavior, EV charging demand, and grid power
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exchange. The proposed system is evaluated using MATLAB/Simulink under multiple
operating scenarios representing different weather conditions, charging demands, and
electricity pricing environments. Performance is assessed using key indicators including
charging efficiency, renewable energy utilization, battery utilization efficiency, grid power
consumption, operational cost, peak demand reduction, and carbon emission mitigation.
Simulation results demonstrate that the proposed Al-based framework significantly improves
overall charging efficiency while maximizing photovoltaic energy utilization and reducing
dependence on the utility grid. Compared with conventional rule-based energy management
approaches, the proposed framework achieves superior operational performance through
adaptive decision-making and intelligent power scheduling under varying environmental and
load conditions. The framework further enhances system reliability, reduces operational costs,
and supports sustainable urban transportation by improving renewable energy integration
within smart city energy ecosystems.

The proposed research provides a scalable and intelligent solution for next-generation solar-
powered EV charging infrastructure and contributes toward the development of low-carbon,

energy-efficient, and resilient smart cities.

KEYWORDS: Atrtificial Intelligence, Energy Management System, Electric Vehicle
Charging, Solar Photovoltaic System, Battery Energy Storage System, Smart Grid, Smart

Cities, Renewable Energy, Charging Optimization, Sustainable Transportation.

1. INTRODUCTION

The transportation sector is undergoing a significant transformation driven by rapid
urbanization, stringent environmental regulations, and the global transition toward low-
carbon energy systems [1]. Electric Vehicles (EVs) have emerged as one of the most
promising alternatives to conventional internal combustion engine vehicles because of their
high energy efficiency and reduced greenhouse gas emissions [2]. According to recent global
reports, EV adoption is expected to increase substantially over the coming decades, resulting
in a significant rise in electricity demand and the need for advanced charging infrastructure
[3]. However, uncontrolled EV charging can increase peak load demand, overload
distribution transformers, cause voltage fluctuations, and negatively affect power system
reliability [4]. Therefore, the development of intelligent and sustainable EV charging

infrastructure has become a major research priority for future smart cities [5].
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Among various renewable energy resources, solar photovoltaic (PV) technology has received
considerable attention because of its clean energy generation, declining installation cost, and
compatibility with distributed energy systems [6]. Integrating PV systems with EV charging
stations can significantly reduce dependence on conventional electricity grids and lower
carbon emissions [7]. Nevertheless, photovoltaic power generation is highly intermittent
owing to fluctuations in solar irradiance, weather conditions, and seasonal variations, leading
to a mismatch between renewable energy availability and EV charging demand [8]. Battery
Energy Storage Systems (BESS) have therefore been incorporated into PV-powered charging
stations to store surplus solar energy and improve charging reliability during periods of
insufficient renewable generation [9].

Efficient coordination among photovoltaic generation, battery storage, utility-grid interaction,
and EV charging demand remains a challenging task [10]. Conventional rule-based Energy
Management Systems (EMS) generally operate using predefined control rules and exhibit
limited adaptability under uncertain operating conditions [11]. Recent advances in Artificial
Intelligence (Al), including Artificial Neural Networks (ANN), Machine Learning (ML),
Deep Learning (DL), and Reinforcement Learning (RL), have demonstrated significant
potential for renewable energy forecasting, charging demand prediction, and real-time energy
optimization [12], [13]. These intelligent techniques enable adaptive decision-making and
improve the efficiency, reliability, and flexibility of EV charging infrastructure [14].

Despite substantial progress in Al-assisted EV charging research, most existing studies focus
on individual problems such as photovoltaic forecasting, battery optimization, charging
scheduling, or grid interaction rather than providing an integrated solution [15]. Only limited
research has proposed a unified framework capable of simultaneously coordinating
photovoltaic generation, Battery Energy Storage Systems, utility-grid interaction, dynamic
electricity pricing, and intelligent charging management within future smart-city
environments [16]. This research gap motivates the development of a comprehensive Al-
driven Energy Management Framework that can improve renewable energy utilization,
reduce operational cost, and enhance charging reliability [17].

To address these challenges, this paper proposes an Al-Based Energy Management
Framework for Solar-Powered Electric Vehicle Charging Infrastructure in Future
Smart Cities. The proposed framework integrates photovoltaic generation, Battery Energy
Storage Systems (BESS), utility-grid interaction, and Al-driven optimization into a unified
intelligent architecture. The AI controller continuously evaluates solar irradiance, battery

State of Charge (SOC), charging demand, electricity pricing, and grid conditions to determine
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the optimal charging strategy. The primary objectives are to maximize renewable energy
utilization, minimize grid dependency and operational cost, improve charging reliability, and

enhance the sustainability of future smart-city transportation systems.
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Figure 1. Conceptual Architecture of the Proposed Al-Based Solar-Powered EV

Charging Framework.

2.Liteature review

2.1 Solar-Powered Electric Vehicle Charging Infrastructure

Solar photovoltaic (PV)-based electric vehicle (EV) charging infrastructure has emerged as
an effective solution for reducing carbon emissions and dependency on conventional
electricity grids [18], [19]. PV-powered charging stations utilize renewable energy to support
sustainable transportation while lowering operating costs [20]. However, the intermittent
nature of solar energy causes fluctuations in power generation, limiting the reliability of
standalone PV charging systems [21].

To overcome this limitation, Battery Energy Storage Systems (BESS) have been integrated
with PV charging stations to store surplus solar energy and supply power during periods of
low generation [22], [23]. Recent studies have further incorporated smart-grid
communication and Vehicle-to-Grid (V2G) technology to improve power management and

grid stability [24], [25]. Despite these developments, efficient coordination among PV
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generation, battery storage, utility-grid interaction, and dynamic EV charging demand
remains a significant research challenge [26], [27]. Therefore, intelligent energy management
frameworks are required to improve renewable energy utilization and charging reliability.

2.2 Artificial Intelligence-Based Energy Management Techniques

Artificial Intelligence (AI) has become a key technology for improving the operational
efficiency of solar-powered EV charging systems [28], [29]. Machine Learning (ML),
Artificial Neural Networks (ANN), and Deep Learning (DL) techniques are widely used for
photovoltaic power forecasting, charging demand prediction, and battery energy management
[30], [31]. More recently, Reinforcement Learning (RL) has been applied to optimize
charging decisions under dynamic operating conditions [32].

Several studies have combined Al with optimization algorithms such as Particle Swarm
Optimization (PSO) and Genetic Algorithms (GA) to reduce operating cost while maximizing
renewable energy utilization [33], [34]. Although these approaches improve prediction
accuracy and charging performance, most existing methods optimize individual subsystems
rather than providing an integrated framework for PV generation, battery storage, smart-grid
interaction, and EV charging [35], [36]. This limitation highlights the need for a unified Al-

based energy management framework suitable for future smart-city applications.

Table 1. Comparison of Al Techniques.

Technique | Application Limitation

ANN PV Forecasting Large training data
LSTM Load Forecasting High computation

RL Charging Optimization | Long training time
PSO/GA | Optimization Mostly offline

2.3 Battery Energy Storage Systems and Smart Grid Integration

Battery Energy Storage Systems (BESS) play a vital role in enhancing the reliability of solar-
powered EV charging stations by storing surplus photovoltaic energy and supplying it during
periods of low solar generation or peak charging demand [37], [38]. Effective battery
management not only improves renewable energy utilization but also reduces dependence on
the utility grid and enhances charging continuity [39]. Recent studies have focused on
optimal battery charging/discharging strategies to improve battery lifespan and reduce
operating costs [40].

The integration of BESS with smart-grid technologies enables real-time monitoring, demand
response, and bidirectional power exchange between charging stations and the utility grid

[41]. Smart-grid communication supports dynamic electricity pricing, load balancing, and
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Vehicle-to-Grid (V2G) services, thereby improving grid stability and operational flexibility
[42], [43]. However, most existing studies optimize battery management or grid interaction
separately, with limited emphasis on their coordinated operation under varying renewable
energy and charging demand conditions [44]. Therefore, an integrated Al-driven framework
is required for efficient coordination of PV generation, battery storage, and smart-grid
interaction.

2.4 Research Gap and Motivation

Although significant progress has been achieved in photovoltaic-powered EV charging
infrastructure, several research challenges remain unresolved. Existing studies mainly focus
on photovoltaic forecasting, battery management, charging scheduling, or grid interaction as
independent problems [45], [46]. Only a few studies have attempted to integrate these
components within a unified energy management framework suitable for future smart-city
environments [47].

Furthermore, conventional optimization approaches often rely on predefined control
strategies and exhibit limited adaptability under dynamic operating conditions such as
fluctuating solar irradiance, variable electricity prices, and stochastic EV charging demand
[48]. To address these limitations, this work proposes an Al-Based Energy Management
Framework that integrates photovoltaic generation, Battery Energy Storage Systems
(BESS), utility-grid interaction, and intelligent charging optimization within a unified
architecture. The proposed framework aims to maximize renewable energy utilization,
minimize operating cost and grid dependency, and improve the overall efficiency and

reliability of smart-city EV charging infrastructure.

Table 2. Research Gap Analysis.

Existing Approach Limitation Proposed Work

PV Forecasting Standalone prediction Integrated with EMS

Battery Management | Independent scheduling Joint PV-BESS optimization
Smart Grid Limited coordination Al-based real-time control

EV Charging Single-objective optimization | Multi-objective Al optimization

3. PROPOSED METHODOLOGY

3.1 Proposed Al-Based Energy Management Framework

This study proposes an Al-Based Energy Management Framework (AI-EMF) for
photovoltaic (PV)-powered electric vehicle charging infrastructure in future smart cities. The
proposed framework integrates four major components: a photovoltaic (PV) system, Battery

Energy Storage System (BESS), utility grid, and an Al-based Energy Management System
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(EMS). The objective is to maximize renewable energy utilization while minimizing grid
dependency, charging cost, and energy losses.

The AI controller continuously monitors photovoltaic power generation, battery State of
Charge (SOC), electricity tariff, and EV charging demand through real-time sensors. Based
on these inputs, the controller determines the most appropriate energy source for charging
electric vehicles. During high solar generation, EVs are charged directly from the PV system
while excess energy is stored in the battery. When PV generation is insufficient, the controller
utilizes stored battery energy before importing electricity from the utility grid. This priority-
based energy allocation improves charging reliability and reduces operating costs.

Unlike conventional rule-based controllers, the proposed framework performs adaptive
energy management by responding to continuously changing environmental and operating

conditions. The overall workflow of the proposed framework is illustrated in Figure 2.
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Figure 2. Proposed AI-Based Energy Management Framework.
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3.2 Mathematical Modeling

The proposed Al-based Energy Management Framework is mathematically modeled to
optimize power flow among the photovoltaic (PV) system, Battery Energy Storage System
(BESS), utility grid, and EV charging station. The mathematical model ensures efficient
utilization of renewable energy while maintaining system stability and satisfying EV charging
demand. The following equations describe the major components of the proposed framework.
3.2.1 Photovoltaic Power Model

The output power generated by the PV system is expressed as:

Ppoy =npy X Apy X G (1)

where Ppyris the photovoltaic output power (kW), ngyis the PV efficiency, Apyis the PV array
area (m?), and Gis the solar irradiance (W/m?).

3.2.2 Battery Energy Storage Model

The battery State of Charge (SOC) is updated as

E-p
e dr’ﬁ'dﬁt

50C(t +1) = S0C(t) + ¢ (2)
Eg

where F.and Pgrepresent battery charging and discharging power, respectively, Egis the
battery capacity, and 1.and 7;denote charging and discharging efficiencies.

The battery operates within the following limits:
SOC,.., = SOC = 50C,, 0 (3)

3.2.3 Power Balance Model
The total power supplied by the PV system, battery, and utility grid must satisfy the EV
charging demand.

Ppy + Pggss + Pgrig = Ppy + Pross (4)

where P;,..represents the system power losses.

3.2.4 Objective Function
The proposed framework minimizes the total operating cost while maximizing renewable

energy utilization.

T
min] = ) Corea® Paria®dt ()
=1
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where Cgpiq(t)is the electricity tariff at time t.

3.3 Energy Management Strategy

The proposed Energy Management Strategy (EMS) coordinates energy flow among the
photovoltaic (PV) system, Battery Energy Storage System (BESS), utility grid, and electric
vehicle (EV) charging station. The AI controller continuously monitors PV generation,
battery State of Charge (SOC), EV charging demand, and electricity tariff to determine the
most efficient energy allocation. The primary objective is to maximize renewable energy
utilization while minimizing grid dependency and operating cost.

The charging strategy follows a priority-based approach. During periods of sufficient solar
generation, EV charging demand is supplied directly by the PV system, while surplus energy
is stored in the BESS. When photovoltaic generation decreases, the controller utilizes stored
battery energy before importing electricity from the utility grid. Grid power is considered
only when both PV generation and battery capacity are insufficient to satisfy the charging
demand.

The proposed strategy continuously updates charging decisions according to real-time
operating conditions. This adaptive operation improves charging reliability, enhances battery
utilization, and reduces unnecessary grid energy consumption. Consequently, the proposed
framework provides an efficient and sustainable energy management solution for

photovoltaic-powered EV charging infrastructure in future smart cities.
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Figure 3. Flowchart of the Proposed Al-Based Energy Management Framework for

Solar-Powered EV Charging Infrastructure.
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4. Simulation Setup

4.1 Simulation Environment

The proposed Al-Based Energy Management Framework was implemented and evaluated
using MATLAB/Simulink R2024a. The simulation model consists of a photovoltaic (PV)
array, Battery Energy Storage System (BESS), utility grid, Al-based Energy Management
System (EMS), and EV charging station. Real-time solar irradiance, EV charging demand,
battery State of Charge (SOC), and electricity tariff were considered as input variables. The
Al controller continuously processes these inputs to determine the optimal energy allocation
while satisfying the operational constraints of the charging infrastructure. The simulation was
performed over a 24-hour operating cycle to evaluate the framework under varying

environmental and load conditions.

4.2 Simulation Parameters

Table 3. Simulation Parameters.

Parameter Symbol | Value
PV Capacity Ppy 100 kW
Battery Capacity Ep 200 kWh
Battery SOC Range | SOC 20-90 %
EV Charging Power | Py 22 kW
Grid Voltage Va 415V
Grid Frequency f 50 Hz
Simulation Time T 24 h
Sampling Interval | At 1 min

4.3 Performance Evaluation Metrics

The proposed framework was evaluated using technical and economic performance indicators
commonly adopted for photovoltaic-powered EV charging systems. Renewable Energy
Utilization (REU) was used to measure the percentage of charging demand supplied by the
PV system. Grid Energy Consumption (GEC) quantified the electricity imported from the
utility grid, while Operating Cost (OC) represented the total electricity expenditure during the
simulation period. Battery State of Charge (SOC) was monitored to assess battery utilization,
and Charging Efficiency (CE) was used to evaluate the overall effectiveness of the proposed
energy management strategy. These metrics provide a comprehensive basis for comparing the

proposed Al-based framework with conventional energy management approaches.
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5. RESULTS AND DISCUSSION

The proposed Al-Based Energy Management Framework (AI-EMS) was implemented in the
MATLAB/Simulink environment to evaluate its effectiveness under varying photovoltaic
generation and electric vehicle (EV) charging conditions. The simulation considered the
coordinated operation of the photovoltaic (PV) system, Battery Energy Storage System
(BESS), utility grid, and Al-based controller. The performance of the proposed framework
was assessed using key technical and economic indicators, including photovoltaic power
generation, battery State of Charge (SOC), grid energy consumption, renewable energy
utilization, charging efficiency, and operating cost. The simulation results are presented and
discussed in the following subsections.

5.1 Photovoltaic System Performance Analysis

The photovoltaic (PV) system was first evaluated to examine its capability to satisfy the
charging demand under varying solar irradiance conditions. The corresponding simulation
results are presented in Figure 4, which shows the variation of solar irradiance and PV output
power over the 24-hour simulation period.

During the early morning hours, the PV output remained close to zero because of low solar
irradiance. As the irradiance increased after sunrise, the PV system gradually generated
higher electrical power. The maximum PV output was obtained during midday when solar
irradiance reached its peak. After this period, photovoltaic generation gradually decreased
with the reduction in available solar radiation.

The proposed Al controller continuously monitored the available photovoltaic energy and
utilized it as the primary energy source for EV charging. Whenever the generated PV power
exceeded the charging demand, the surplus energy was directed to the Battery Energy Storage
System instead of drawing electricity from the utility grid. This operating strategy
significantly improved renewable energy utilization and reduced unnecessary grid energy
consumption.

The results indicate that the proposed framework effectively adapts to the intermittent nature
of solar energy by intelligently coordinating photovoltaic generation with battery storage.
Consequently, the charging station maintains reliable operation while maximizing the

utilization of clean energy resources.
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Figure 4. Solar Irradiance and Photovoltaic Output Power during the Simulation

Period.

5.2 Battery Energy Storage System Performance Analysis

The performance of the Battery Energy Storage System (BESS) was analyzed under varying
photovoltaic generation conditions. Figure 4(a) presents the battery State of Charge (SOC)
during the simulation period. The battery was charged using surplus PV energy during
daytime and discharged when solar generation was insufficient to meet the EV charging
demand.

The proposed Al-based controller maintained the SOC within the predefined operating limits,
ensuring stable battery operation and reliable charging performance. By intelligently
scheduling battery charging and discharging, the framework reduced unnecessary grid
dependency and improved renewable energy utilization. The results demonstrate that
effective battery management enhances charging reliability while supporting continuous

operation of the EV charging station.
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Figure 4(a). Battery State of Charge (SOC) during the Simulation Period.

5.3 Grid Power Consumption Analysis

The grid power profile obtained from the simulation is shown in Figure 4(b). During periods
of high photovoltaic generation, the charging demand was mainly supplied by the PV system
and BESS, resulting in low grid power consumption. As solar generation decreased, the
controller imported electricity from the utility grid only when required.

Compared with conventional charging, the proposed AI-EMS reduced grid dependency by
efficiently coordinating PV generation and battery storage. This strategy lowered peak grid
demand, improved energy utilization, and contributed to more economical operation of the

charging station.
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Figure 4(b). Grid Power Consumption under the Proposed Al-Based Energy

Management Framework.

5.4 Economic Performance Analysis

The economic performance of the proposed framework was evaluated by analyzing the daily
operating cost of the charging station. Figure 5 compares the operating cost of the
conventional Energy Management System and the proposed Al-based framework.

The proposed controller reduced electricity purchase from the utility grid by maximizing
photovoltaic utilization and efficiently scheduling battery charging and discharging.
Consequently, the daily operating cost was lower than that of the conventional charging
strategy. The reduction in grid energy consumption directly improved the economic
performance of the charging station while maintaining uninterrupted EV charging.

These results indicate that the proposed Al-Based Energy Management Framework provides
a cost-effective solution for large-scale deployment of photovoltaic-powered EV charging

stations in future smart cities.
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Figure 5. Daily Operating Cost Comparison between Conventional EMS and Proposed

Al-Based Framework.

5.5 DISCUSSION

The simulation results demonstrate that the proposed Al-Based Energy Management
Framework effectively coordinates photovoltaic generation, battery energy storage, and
utility-grid interaction to satisfy the dynamic charging demand of electric vehicles. The
intelligent energy allocation strategy prioritizes renewable energy utilization while
maintaining battery operation within safe limits. Consequently, the proposed framework
minimizes unnecessary grid dependency and improves charging reliability under varying
operating conditions.

Compared with the conventional energy management approach, the proposed framework
exhibits better technical and economic performance. The improvement is mainly attributed to
real-time Al-based decision-making, which dynamically allocates energy based on
photovoltaic generation, battery State of Charge (SOC), and EV charging demand. This
adaptive strategy enhances renewable energy penetration, reduces peak grid demand, and
improves the overall efficiency of the charging infrastructure.

The obtained results indicate that the proposed framework provides a practical solution for
integrating renewable energy into future smart-city EV charging stations. The combination of
photovoltaic generation, battery storage, and Al-assisted energy management enables
sustainable, reliable, and cost-effective charging while reducing the environmental impact

associated with conventional grid-dependent charging systems.
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6. CONCLUSION

This paper presented an Al-Based Energy Management Framework (AI-EMF) for solar-
powered electric vehicle charging infrastructure in future smart cities. The proposed
framework integrates photovoltaic (PV) generation, Battery Energy Storage System (BESS),
utility-grid interaction, and an Al-based Energy Management System (EMS) to achieve
efficient and reliable EV charging. The mathematical model and simulation results
demonstrate that intelligent energy allocation significantly improves renewable energy
utilization while reducing grid dependency and operating cost.

The proposed framework effectively manages the energy flow by prioritizing photovoltaic
power, optimally utilizing battery storage, and importing grid energy only when required.
Compared with conventional energy management strategies, the proposed approach provides
improved charging efficiency, better battery utilization, and enhanced operational reliability.
These improvements make the framework suitable for large-scale deployment in future
smart-city charging infrastructure.

Future work will focus on integrating real-time weather forecasting, dynamic electricity
pricing, Vehicle-to-Grid (V2G) technology, and advanced deep reinforcement learning
algorithms to further enhance the adaptability and scalability of the proposed energy

management framework.
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