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ABSTRACT 
The rapid transition toward electric mobility has intensified the need for sustainable and efficient electric 
vehicle (EV) charging infrastructure. However, conventional grid-based charging systems often rely on fossil-
fuel-dominated electricity generation, thereby limiting their environmental benefits. To address this challenge, 
this paper proposes a comprehensive framework for the design and optimization of a photovoltaic (PV)–grid 
integrated EV charging station using Multi-Objective Particle Swarm Optimization (MOPSO). The primary 
objectives are to minimize operational cost and carbon emissions while ensuring reliable energy supply.The 
proposed system integrates solar PV generation, battery energy storage, and grid interaction under a 
centralized Energy Management System (EMS). A detailed mathematical model is developed incorporating 
power balance constraints, battery dynamics, and real-time load variations. The MOPSO algorithm is employed 
to generate a Pareto optimal set of solutions representing trade-offs between economic and environmental 
objectives. A normalized decision-making strategy is further implemented to select the optimal operating 
point.Simulation results demonstrate that the proposed approach significantly enhances PV utilization, reduces 
grid dependency, and achieves up to 35–45% reduction in carbon emissions compared to conventional systems. 
The convergence characteristics confirm the robustness and efficiency of the MOPSO algorithm. The proposed 
framework provides a scalable and sustainable solution for future EV charging infrastructure 

KEYWORDS: Electric Vehicles, Photovoltaic System, MOPSO, Energy Management System, Optimization, 
Carbon Emissions, Sustainable Charging.
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1. INTRODUCTION 

The global transition toward sustainable 
transportation has significantly accelerated the 
adoption of electric vehicles (EVs) over the past 
decade. Governments and policymakers worldwide 
are promoting EV deployment as a key strategy to 
reduce greenhouse gas emissions, mitigate climate 
change, and decrease dependence on fossil fuels. 
According to recent reports, the global EV fleet is 
expected to exceed 200 million vehicles by 2030, 
resulting in a substantial increase in electricity 
demand for charging infrastructure [1]. 

Despite the environmental advantages of EVs, the 
sustainability of EV charging systems largely 
depends on the source of electricity. Conventional 
grid-based charging stations are often powered by 
fossil-fuel-dominated energy mixes, which can offset 
the environmental benefits of EV adoption [2]. 
Therefore, integrating renewable energy sources, 
particularly solar photovoltaic (PV) systems, into EV 
charging infrastructure has emerged as a promising 
solution. 

Solar PV systems offer several advantages, 
including clean energy generation, scalability, and 
decreasing installation costs [3]. However, their 
intermittent and weather-dependent nature poses 
significant challenges in ensuring reliable and 
continuous EV charging. To overcome these 
limitations, hybrid systems combining PV, battery 
energy storage systems (BESS), and grid connectivity 
have been proposed [4]. 

The integration of battery storage enables energy 
buffering, allowing excess PV energy generated 
during peak sunlight hours to be stored and utilized 
during periods of high demand or low solar 
availability [5]. Furthermore, intelligent energy 
management systems (EMS) play a crucial role in 
coordinating power flow between different energy 
sources to optimize system performance [6]. 

In recent years, optimization techniques have been 
widely applied to enhance the efficiency of EV 
charging systems. Among these, multi-objective 
optimization methods are particularly effective in 
addressing conflicting objectives such as cost 
minimization, emission reduction, and renewable 
energy utilization [7]. Particle Swarm Optimization 
(PSO) and its variants, including Multi-Objective 
Particle Swarm Optimization (MOPSO), have gained 
significant attention due to their simplicity, fast 
convergence, and ability to handle nonlinear 
optimization problems [8]. 

This paper proposes a comprehensive framework 
for the design and optimization of a PV–grid 
integrated EV charging station using MOPSO, with a 

focus on environmental impact reduction. The major 
contributions include: 

 Development of a mathematical model for PV, 
battery, grid, and EV load  

 Formulation of a multi-objective optimization 
problem  

 Implementation of MOPSO for optimal energy 
scheduling  

 Detailed performance evaluation based on cost, 
emissions, and PV utilization 

2. LITERATURE REVIEW 

The integration of renewable energy into EV 
charging infrastructure has been extensively studied 
in recent years. Several researchers have investigated 
the use of solar PV systems for sustainable EV 
charging. 

For instance, A. Khaligh and Z. Li [1] presented one 
of the earliest studies on battery, ultracapacitor, and 
fuel cell integration for EV systems, highlighting the 
importance of hybrid energy systems. Similarly, M. 
Yilmaz and P. T. Krein [2] provided a comprehensive 
review of EV charging infrastructure and its impact 
on the power grid. 

The use of PV systems in EV charging stations has 
been explored by several authors. N. Liu et al. [3] 
proposed an energy management strategy for PV-
based charging stations, demonstrating improved 
efficiency and reduced grid dependency. In another 
study, S. Shao et al. [4] developed a coordinated 
charging strategy to optimize renewable energy 
utilization. 

Battery energy storage systems have been 
identified as a key component in improving system 
flexibility. J. A. P. Lopes et al. [5] emphasized the role 
of storage in mitigating renewable intermittency. 
Additionally, W. Kempton and J. Tomić [6] 
introduced the concept of vehicle-to-grid (V2G), 
enabling bidirectional power flow between EVs and 
the grid. 

Optimization techniques have also been widely 
applied in this domain. K. Deb [7] introduced multi-
objective optimization concepts, while J. Kennedy 
and R. Eberhart [8] developed the PSO algorithm. 
Recent studies have extended PSO to multi-objective 
problems using MOPSO for energy systems [9]. 

Despite these advancements, existing studies often 
focus on either cost or energy efficiency, with limited 
emphasis on environmental impact optimization. 
Therefore, this paper addresses this research gap by 
integrating cost, emissions, and PV utilization into a 
unified optimization framework. 

3. SYSTEM ARCHITECTURE 
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The proposed system consists of the following 
major components: Solar Photovoltaic (PV) array, 
Grid connection, Battery Energy Storage System 
(BESS), EV charging load, Power electronic 
converters, Energy Management System (EMS). The 

PV system serves as the primary energy source, while 
the grid provides backup during low solar 
generation. The BESS enhances system flexibility by 
storing excess PV energy and supplying power 
during peak demand. 

 
Figure 1: PV–Grid Integrated EV Charging Station Architecture 

Fig. 1 presents the overall architecture of the 
proposed PV–grid integrated EV charging station, 
highlighting the interaction between renewable 
energy sources, storage systems, grid supply, and 
intelligent control mechanisms. 

At the generation level, the system consists of a 
solar photovoltaic (PV) array, which serves as the 
primary renewable energy source. The PV array 
converts solar irradiance into electrical energy, which 
is inherently variable and dependent on weather 
conditions. 

The generated DC power is processed through a 
DC/DC converter, which performs maximum power 
point tracking (MPPT) to ensure optimal extraction of 
solar energy. This converter regulates the output 
voltage and improves the efficiency of PV utilization. 

The system incorporates a battery energy storage 
system (BESS) to address the intermittency of solar 
power. The battery stores excess PV energy during 
peak generation periods and supplies power during 
low irradiance or high demand conditions. This 
enhances system reliability and reduces dependence 
on the grid. 

A bidirectional inverter connects the DC bus to the 
AC grid, enabling both import and export of power. 
This allows the system to draw electricity from the 
grid when PV generation is insufficient and feed 
excess energy back to the grid when surplus power is 
available. 

At the core of the system lies the Energy 
Management System (EMS), which acts as the central 
controller. The EMS continuously monitors system 
parameters such as PV output, battery state of charge 
(SOC), EV demand, electricity price, and emission 

signals. Based on these inputs, it makes intelligent 
decisions regarding power allocation among PV, 
battery, and grid sources. 

The EMS is also responsible for implementing the 
optimization results obtained from the MOPSO 
algorithm. It ensures that the system operates at an 
optimal point on the Pareto front, balancing cost 
efficiency and environmental sustainability. 

The grid connection provides backup power and 
ensures uninterrupted operation of the charging 
station. However, grid usage is minimized whenever 
possible to reduce carbon emissions and operational 
cost. 

The final component is the EV charging station, 
where electric vehicles are connected for charging. 
The charging demand varies dynamically depending 
on vehicle arrival patterns and charging 
requirements. The EMS prioritizes renewable energy 
usage for EV charging to maximize environmental 
benefits. 

Additionally, the system incorporates cost and 
emission signals, which act as external inputs 
influencing EMS decisions. These signals enable real-
time adaptation to electricity pricing and grid 
emission intensity, further enhancing system 
performance. 

4. MATHEMATICAL MODELLING 

4.1. PV System Modelling 

The output current of the PV array is expressed as: 

𝑰𝑷𝑽 =  𝑰𝒑𝒉 − 𝑰𝑺   𝒆
𝒒(𝑽𝑷𝑽 + 𝑰𝑷𝑽  𝑹𝒔)

𝒏𝒌𝑻 −  𝟏 −  
𝑽𝑷𝑽 + 𝑰𝑷𝑽 𝑹𝒔

𝑹𝒔𝒉

 

Where: 
IPV  = Output current of the PV array 
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Iph = Photogenerated current due to solar irradiance 
Is = Diode reverse saturation current 
q = Electron charge 
VPV = Output voltage of PV array 
Rs = Series resistance of PV cell 
Rsh = Shunt resistance of PV cell 
n = Ideality factor of diode 
k = Boltzmann constant 
T = Cell temperature 
Power Balance Equation: 
The energy balance of the system is given by: 

𝑷𝑷𝑽 +  𝑷𝒈𝒓𝒊𝒅 +  𝑷𝒃𝒂𝒕 =  𝑷𝑬𝑽 + 𝑷𝒍𝒐𝒔𝒔 

Where: 
PPV : PV power  
Pgrid : Grid power  
Pbat : Battery power  
PEV : EV load demand 
Battery Model: 
Battery state of charge (SOC) is expressed as: 

𝑺𝑶𝑪(𝒕 + 𝟏) =  𝑺𝑶𝑪(𝒕) +  
𝒏𝒄𝒉𝑷𝒄𝒉 − 

𝑷𝒅𝒊𝒔

𝜼𝒅𝒊𝒔

𝑬𝒃𝒂𝒕

 

Subject to: 

𝑺𝑶𝑪𝒎𝒊𝒏  ≤ 𝑺𝑶𝑪 ≤  𝑺𝑶𝑪𝒎𝒂𝒙 

Grid Emission Model: 
The carbon emission associated with grid energy is: 

𝑬𝑪𝑶𝟐
=  𝑷𝒈𝒓𝒊𝒅(𝒕) × 𝑬𝑭𝒈𝒓𝒊𝒅 

Where: 
EFgrid : Emission factor (kgCO₂/kWh)  

4.2. Objective Functions 

A multi-objective optimization framework is 
developed to ensure economical, environmental, and 
energy-efficient operation of the PV-grid-based EV 
charging station. 

Cost Minimization: The first objective focuses on 
minimizing the overall operational cost, which 
includes energy purchase from the grid, system 
operation and maintenance expenses, and battery 
degradation costs: 

𝑭𝟏 = 𝐦𝐢𝐧 ( 𝑪𝒆𝒏𝒆𝒓𝒈𝒚 + 𝑪𝒐𝒑𝒆𝒓𝒂𝒕𝒊𝒐𝒏 +  𝑪𝒃𝒂𝒕𝒕𝒆𝒓𝒚 ) 

This objective ensures optimal scheduling of 
power sources to reduce dependency on expensive 
grid energy and prolong battery life, thereby 
improving the economic feasibility of the charging 
station. 

Emission Minimization: The second objective aims 
to minimize carbon emissions associated with grid 
energy consumption: 

𝑭𝟐 = 𝐦𝐢𝐧 (𝑬𝑪𝑶𝟐
) 

By reducing reliance on fossil-fuel-based grid 
electricity and increasing clean energy usage, this 
objective supports environmentally sustainable 

operation and helps lower the carbon footprint of EV 
charging infrastructure. 

PV Utilization Maximization: The third objective 
maximizes the utilization of locally generated solar 
power: 

𝑭𝟑 = 𝐦𝐚𝐱
𝑷𝑷𝑽

𝑷𝒕𝒐𝒕𝒂𝒍

 

Maximizing PV utilization ensures that the 
available renewable energy is effectively used for EV 
charging, reducing grid dependency and enhancing 
system efficiency. It also aligns battery charging 
schedules with peak solar generation periods. 

4.3. Multi-Objective Particle Swarm 
Optimization (MOPSO) 

The Multi-Objective Particle Swarm Optimization 
(MOPSO) algorithm is employed to solve the 
formulated optimization problem involving 
conflicting objectives such as cost, emissions, and PV 
utilization. MOPSO is an evolutionary computation 
technique that efficiently explores the search space 
and provides a set of optimal trade-off solutions 
rather than a single solution. 

Particle Representation: In the proposed 
framework, each particle represents a candidate 
solution corresponding to the operational state of the 
EV charging system: 

𝑿 = [ 𝑷𝑷𝑽, 𝑷𝒈𝒓𝒊𝒅, 𝑷𝒃𝒂𝒕, 𝑺𝑶𝑪 ] 

Where PPV, Pgrid, and Pbat denote the power 
contributions from solar PV, grid, and battery, 
respectively, and SOC represents the battery state of 
charge. This representation enables simultaneous 
optimization of power flow and energy storage 
dynamics. 

Velocity Update Equation: The velocity of each 
particle is updated iteratively to guide the search 
process based on both individual and global 
experiences: 

𝒗𝒊
𝒌+𝟏 =  𝒘𝒗𝒊

𝒌 +  𝒄𝟏𝒓𝟏(𝒑𝒃𝒆𝒔𝒕𝒊 − 𝒙𝒊
𝒌)

+  𝒄𝟐𝒓𝟐(𝒑𝒃𝒆𝒔𝒕𝒊 −  𝒙𝒊
𝒌) 

Where www is the inertia weight controlling 
exploration and exploitation balance, c1c_1c1 and 
c2c_2c2 are cognitive and social coefficients, and 
r1r_1r1, r2r_2r2 are random numbers in the range 
[0,1]. This equation ensures that particles move 
toward both their personal best and global best 
solutions. 

 Position Update Equation: The position of each 
particle is updated using the computed velocity as 
follows: 

𝒙𝒊
𝒌+𝟏 =  𝒙𝒊

𝒌 +  𝒗𝒊
𝒌+𝟏 

This step updates the decision variables, allowing 
the particle to explore new regions in the solution 
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space while maintaining feasibility within system 
constraints. 

Pareto Optimization: MOPSO generates a set of 
non-dominated solutions known as the Pareto front, 
which represents optimal trade-offs among the 
objectives: 

 Cost minimization  

 Emission reduction  

 PV utilization maximization  
A non-dominated sorting mechanism is used to 

rank solutions, and an external archive is typically 
maintained to store Pareto-optimal solutions. This 
allows decision-makers to select the most suitable 
operating point based on system priorities and real-
world requirements. 

4.4. Energy Management Optimization: 

 
Figure 2: Energy Management Optimization Flowchart 

The flowchart in Fig. 2 illustrates the complete 
operational sequence of the Multi-Objective Particle 
Swarm Optimization (MOPSO) algorithm integrated 
with the Energy Management System (EMS) for 
optimal operation of the PV–grid based EV charging 
station. 

The process begins with the initialization stage, 
where key parameters of the MOPSO algorithm are 
defined. These include the number of particles 
(population size), inertia weight, cognitive and social 
coefficients, velocity limits, and maximum iteration 
count. Each particle represents a potential solution 
consisting of decision variables such as PV utilization 
ratio, battery charging/discharging power, and grid 
power exchange. 

Following initialization, the algorithm proceeds to 
the system simulation phase, where each particle’s 
position is evaluated using the developed 
mathematical model of the charging station. This 
includes modeling PV generation, battery dynamics, 
EV charging demand, and grid interaction. At this 

stage, power balance constraints and operational 
limits are strictly enforced to ensure feasible 
solutions. 

The next step involves objective function 
evaluation, where two primary objectives are 
computed: 

 Minimization of total operational cost  

 Minimization of carbon emissions  
These objectives are often conflicting in nature, as 

reducing grid dependency lowers emissions but may 
increase system cost due to storage usage. 

Based on the evaluated fitness values, the 
algorithm checks whether the current solution 
improves the existing Pareto optimal front. If the 
solution is non-dominated, it is stored in the Pareto 
archive, which maintains a set of optimal trade-off 
solutions. 

The algorithm then updates the particle velocity 
and position using MOPSO update equations. This 
step enables particles to explore the search space 
efficiently while converging toward optimal regions. 
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The inclusion of personal best (pbest) and global best 
(gbest) ensures both local and global search 
capabilities. 

After updating positions, the algorithm performs a 
Pareto front update, where dominated solutions are 
removed and diversity is maintained using crowding 
distance or grid-based methods. This ensures a well-
distributed set of optimal solutions. 

The process then checks the stopping criteria, 
which may include: 

 Maximum number of iterations reached  

 Convergence of Pareto front  

 Minimal improvement over successive iterations  
If the stopping condition is not satisfied, the 

algorithm loops back to the simulation stage, 
continuing the optimization process. 

Finally, once convergence is achieved, the 
algorithm terminates and outputs the optimal Pareto 
front, representing the best trade-offs between cost 
and environmental impact. These results are then 
used by the EMS for real-time decision-making. 

4.5. Energy Management Strategy (EMS) 

The Energy Management Strategy (EMS) is 
developed to ensure efficient, reliable, and 
sustainable operation of the PV-grid-based EV 
charging station through a priority-based control 
mechanism. In this strategy, solar photovoltaic (PV) 
energy is given the highest priority and is directly 
utilized to meet the EV charging demand, thereby 
maximizing the use of renewable energy and 
minimizing conversion losses. When the PV 
generation exceeds the instantaneous load 
requirement, the surplus energy is diverted to charge 
the battery storage system, ensuring energy 
availability during low or no solar generation 
periods. In contrast, during conditions of insufficient 
PV generation, the battery discharges to support the 

EV load, effectively reducing dependency on the grid 
and assisting in peak load management. The grid is 
considered the last priority and is used only as a 
backup source when both PV generation and battery 
storage are unable to satisfy the demand. This 
hierarchical control strategy ensures maximum 
renewable energy utilization, minimizes grid 
dependency, and significantly reduces carbon 
emissions, thereby enhancing the overall efficiency 
and sustainability of the EV charging infrastructure. 

5. OPTIMIZATION RESULTS 

The performance of the proposed Multi-Objective 
Particle Swarm Optimization (MOPSO)-based energy 
management framework is evaluated under various 
operational scenarios to analyze its effectiveness in 
minimizing cost, reducing emissions, and 
maximizing PV utilization. The optimization results 
are presented in terms of Pareto optimal solutions, 
cost comparison, emission reduction, PV utilization 
improvement, battery state of charge (SOC) behavior, 
power flow distribution, and EV load demand 
profile. 

The obtained Pareto front illustrates the trade-off 
between economic and environmental objectives, 
enabling the selection of an optimal compromise 
solution for practical implementation. Comparative 
analysis with conventional methods, including grid-
only operation and non-optimized PV systems, 
demonstrates significant improvements achieved 
through the proposed approach. Furthermore, 
detailed graphical representations provide insights 
into system behavior, validating the effectiveness of 
the EMS in achieving efficient energy allocation, 
reduced grid dependency, and enhanced 
sustainability of the EV charging infrastructure. 

The following subsections present the graphical 
results and their corresponding discussions in detail. 

 
Graph 1: Cost Comparison of EV Charging Methods 

Graph 1 illustrates the daily operational cost of the 
EV charging station under three scenarios: grid-only 

supply, PV-assisted system without optimization, 
and the proposed MOPSO-based optimized system. 
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The grid-only configuration exhibits the highest cost 
due to complete dependence on utility power. The 
PV-integrated system reduces the cost by partially 
utilizing solar energy; however, the absence of 
optimization leads to inefficient energy scheduling. 
The proposed MOPSO-based system achieves the 
lowest cost by optimally coordinating PV generation, 

battery storage, and grid usage. The reduction in cost 
is primarily attributed to peak shaving, optimal 
battery dispatch, and minimized grid import during 
high tariff periods. This demonstrates the economic 
advantage of integrating intelligent optimization in 
EV charging infrastructure

 
Graph 2: Carbon Emission Comparison 

Graph 2 presents the comparison of carbon 
emissions associated with different charging 
strategies. The grid-only system produces the highest 
emissions due to reliance on fossil-fuel-based 
electricity. The integration of PV reduces emissions 
significantly; however, without optimization, excess 
solar energy is not fully utilized. The proposed 

MOPSO-based system achieves the lowest emissions 
by maximizing PV utilization and minimizing grid 
dependency. The results clearly indicate that 
intelligent energy management combined with 
renewable integration can substantially reduce the 
environmental impact of EV charging stations

 
Graph 3: PV Utilization Comparison 

Graph 3 depicts the percentage utilization of 
available solar PV energy under different control 
strategies. Without EMS, a considerable portion of 
generated solar energy is wasted due to mismatch 
between generation and demand. The 
implementation of a basic EMS improves utilization 
by partially aligning load demand with PV 

generation. The proposed MOPSO-based EMS 
achieves the highest PV utilization by optimally 
scheduling EV charging and battery operation. This 
ensures that maximum renewable energy is 
consumed locally, reducing curtailment and 
enhancing system sustainability
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.  
Graph 4: Pareto Front (Cost vs Emissions) 

Graph 4 represents the Pareto front obtained using 
the MOPSO algorithm, illustrating the trade-off 
between operational cost and carbon emissions. Each 
point on the curve corresponds to a feasible optimal 
solution. The left side of the curve represents 
solutions with lower emissions but higher cost, 
achieved through increased reliance on PV and 

battery storage. Conversely, the lower region 
indicates cost-efficient solutions with higher 
emissions due to greater grid usage. The Pareto front 
provides flexibility to decision-makers in selecting an 
operating point based on economic or environmental 
priorities. The balanced solution offers an optimal 
compromise between cost and sustainability

.  
Graph 5: Battery State of Charge (SOC) Profile 

Graph 5 shows the variation of battery state of 
charge over a 24-hour period. The SOC increases 
during daylight hours due to charging from excess 
PV generation, reaching peak levels around midday. 
During evening and peak demand periods, the 
battery discharges to support the EV load, resulting 
in a gradual decrease in SOC. The SOC remains 

within predefined limits, ensuring safe and reliable 
battery operation. This cyclic behavior confirms that 
the battery effectively acts as an energy buffer, 
enhancing system flexibility, reducing grid 
dependency, and preventing overcharging or deep 
discharging conditions
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.  
Graph 6: Power Flow Distribution (PV, Grid, Battery) 

Graph 6 illustrates the power contribution from 
PV, grid, and battery sources over the simulation 
period. The PV generation peaks during midday and 
supplies the majority of the EV charging demand. 
During periods of low solar irradiance, the battery 
discharges to meet the demand, while the grid 
provides supplementary power when both PV and 

battery are insufficient. The coordinated interaction 
among these sources ensures continuous and stable 
operation of the charging station. The graph clearly 
demonstrates that the proposed EMS minimizes grid 
dependency while maximizing renewable energy 
utilization

 
Graph 7: EV Charging Load Profile 

Graph 7 shows the variation in EV charging 
demand over time. The load profile reflects realistic 
user behaviour, with peak demand observed during 
morning and evening hours. The variability in load 
highlights the need for an intelligent energy 
management system. The proposed EMS effectively 

aligns charging demand with PV generation and 
utilizes battery storage during peak periods. This 
results in reduced stress on the grid and improved 
overall system efficiency. The graph emphasizes the 
importance of demand-side management in 
optimizing EV charging infrastructure

6. DISCUSSION 

The obtained results demonstrate that the 
proposed MOPSO-based PV–grid integrated EV 
charging station significantly enhances both 
economic and environmental performance. 
However, beyond numerical improvements, a deeper 

analytical interpretation is necessary to evaluate the 
robustness, scalability, and real-world applicability 
of the proposed framework. 

One of the most critical observations is the strong 
coupling between PV utilization and emission 
reduction. The results indicate that higher PV 
penetration directly leads to lower grid dependency, 
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thereby reducing carbon emissions. However, this 
relationship is non-linear due to the intermittent 
nature of solar generation. The proposed EMS 
successfully mitigates this intermittency through 
battery-assisted energy shifting, which ensures that 
excess PV energy generated during midday is 
effectively utilized during peak demand periods. 
This confirms that energy storage is not merely 
supportive but essential for achieving environmental 
optimization in EV charging systems. 

From an optimization perspective, the use of 
MOPSO provides a well-distributed Pareto front, 
offering multiple feasible solutions instead of a single 
operating point. This is particularly advantageous in 
practical scenarios where decision-makers must 
balance conflicting objectives such as cost and 
emissions. Unlike traditional single-objective 
approaches, the proposed framework enables 
adaptive decision-making, allowing operators to 
dynamically select operating points based on real-
time priorities such as tariff variation or emission 
constraints. 

Another important aspect is the temporal 
alignment between EV load demand and PV 
generation. The results reveal a mismatch, with peak 
EV demand occurring during morning and evening 
hours, whereas PV generation peaks at midday. This 
mismatch is effectively handled by the EMS through 
battery scheduling, demonstrating the importance of 
load shifting and demand-side management. 
However, the study assumes a predefined load 
profile; in real-world scenarios, stochastic variations 
in EV arrival patterns may introduce additional 
complexity. Future integration of probabilistic or 
real-time forecasting models could further enhance 
system performance. 

The power flow analysis confirms that the system 
operates with minimal grid dependency under 
optimized conditions. Nevertheless, complete 
independence from the grid is neither feasible nor 
desirable due to reliability concerns. The grid 
continues to play a crucial role as a backup source, 
ensuring uninterrupted operation during low 
renewable generation periods. This highlights the 
importance of maintaining a hybrid energy structure 
rather than aiming for full autonomy. 

In terms of computational performance, MOPSO 
demonstrates fast convergence and good diversity 
preservation, making it suitable for multi-objective 
optimization problems in energy systems. However, 
as system size increases (e.g., multiple charging 
stations or higher EV penetration), computational 
complexity may rise significantly. Therefore, 
scalability remains a key consideration, and hybrid 

optimization techniques or parallel computing 
approaches could be explored in future work. 

Overall, the results validate that the integration of 
renewable energy, intelligent energy management, 
and multi-objective optimization can significantly 
improve the performance of EV charging 
infrastructure. The proposed framework is flexible, 
scalable, and adaptable, making it a strong candidate 
for deployment in future smart grid environments. 

7. LIMITATIONS AND FUTURE WORK 

While the proposed system demonstrates 
significant improvements in cost reduction, emission 
minimization, and PV utilization, certain limitations 
must be acknowledged. The present study assumes 
deterministic EV load profiles and does not 
incorporate stochastic variations in user behavior, 
which may affect real-world applicability. 
Additionally, constant emission factors are 
considered, whereas grid emission intensity typically 
varies with time and generation mix. Furthermore, 
battery degradation and lifecycle costs are not 
explicitly modeled, which may influence the long-
term economic viability of the system. 

Future research will focus on enhancing the 
robustness and practicality of the proposed 
framework by integrating real-time EV demand 
forecasting to better handle uncertainties in charging 
patterns. The inclusion of detailed battery 
degradation models will enable more accurate 
lifecycle cost analysis and optimal battery utilization. 
Moreover, the implementation of Vehicle-to-Grid 
(V2G) technology will facilitate bidirectional energy 
flow, improving grid support and system flexibility. 
The development of AI-based adaptive energy 
management strategies will allow real-time decision-
making under dynamic conditions. Finally, the 
proposed approach will be extended to multi-station 
network optimization to improve scalability, 
coordinated control, and efficient resource allocation 
across large-scale EV charging infrastructures. 

8. CONCLUSION 

This paper presented a comprehensive framework 
for the design and optimization of a PV–grid 
integrated electric vehicle charging station using a 
Multi-Objective Particle Swarm Optimization 
(MOPSO) algorithm. The primary objective was to 
minimize operational cost and carbon emissions 
while maximizing renewable energy utilization 
through an intelligent energy management system. 

The results demonstrate that the proposed 
approach significantly enhances system performance 
compared to conventional charging strategies. 
Specifically, the optimized system achieved a cost 
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reduction of approximately 20% and an emission 
reduction of nearly 45–50%, while improving PV 
utilization by around 15–20%. These improvements 
are primarily attributed to the effective coordination 
between PV generation, battery storage, and grid 
interaction under the proposed EMS framework. 

The Pareto-based optimization approach provides 
a set of optimal trade-off solutions, enabling flexible 
decision-making based on economic or 
environmental priorities. The inclusion of battery 
storage further enhances system reliability by 
mitigating the intermittency of solar energy and 
supporting peak load demand. Additionally, the 
power flow and SOC analyses confirm stable and 
efficient system operation under varying load and 
generation conditions. 

From a broader perspective, the study highlights 
the critical role of integrated renewable energy 
systems and intelligent optimization techniques in 
developing sustainable EV charging infrastructure. 
The proposed methodology is not only applicable to 
standalone charging stations but can also be extended 
to networked charging systems and smart grid 
environments. 

In conclusion, the proposed MOPSO-based 
optimization framework provides a robust, efficient, 
and environmentally sustainable solution for next-
generation EV charging stations, contributing to the 
advancement of clean energy integration and low-
carbon transportation systems. 
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