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The rapid adoption of electric vehicles (EVs) has significantly increased
electricity demand and introduced new challenges for the operation,
planning, and stability of electrical distribution networks. Uncoordinated
EV charging can lead to peak load escalation, voltage fluctuations,
transformer overloading, increased power losses, and higher electricity
costs. To address these challenges, multi-objective optimization has
emerged as an effective approach for developing intelligent and
coordinated EV charging strategies that balance technical, economic, and
environmental requirements. This study investigates multi-objective
optimization techniques for scheduling electric vehicle charging in
distribution networks while considering charging demand, grid
operational constraints, electricity pricing, renewable energy integration,
and consumer convenience. The proposed framework aims to
simultaneously minimize electricity generation and charging costs, reduce
distribution network power losses, improve voltage stability, and
minimize peak load demand. Advanced optimization algorithms,
including Genetic Algorithms (GA), Particle Swarm Optimization (PSO),
Multi-Objective Particle Swarm Optimization (MOPSO), and Non-
Dominated Sorting Genetic Algorithm Il (NSGA-I1), are considered for
identifying optimal charging schedules under different operating
conditions. The methodology incorporates EV battery characteristics,
charging station capacities, time-of-use electricity tariffs, distribution
network constraints, and renewable energy availability. Furthermore,
smart charging and Vehicle-to-Grid (V2G) strategies are explored to
improve load flexibility and facilitate efficient utilization of renewable
energy resources.

The effectiveness of the proposed optimization framework can be
evaluated through simulation studies using standard distribution network
test systems, considering performance indicators such as peak demand
reduction, voltage deviation, power losses, charging costs, and
computational efficiency. The expected outcomes highlight the potential
of coordinated EV charging to improve distribution network reliability,
reduce operational expenses, and support sustainable transportation and
energy systems. However, uncertainties associated with EV arrival and
departure times, battery state of charge, user preferences, electricity
prices, and renewable energy generation remain important research
challenges. Overall, multi-objective optimization of EV charging
schedules provides a promising framework for developing intelligent,
economical, reliable, and environmentally sustainable distribution
networks.

This is an open access article under the CC BY-SA license.
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INTRODUCTION

The rapid development of electric vehicle (EV) technology has transformed the global transportation sector by
providing an environmentally sustainable alternative to conventional internal combustion engine vehicles. Increasing
concerns regarding greenhouse gas emissions, fossil fuel depletion, air pollution, and energy security have encouraged
governments, industries, and consumers to adopt electric mobility. Technological advancements in battery systems,
charging infrastructure, power electronics, and renewable energy integration have further accelerated EV adoption.
However, the growing penetration of electric vehicles introduces significant challenges for existing electrical
distribution networks, particularly in terms of electricity demand management, voltage stability, peak load control, and
network operational efficiency.

Electric vehicles require regular battery charging, which creates additional electrical loads on distribution systems.
When a large number of EVs are charged simultaneously without proper coordination, the resulting demand can
increase peak loading, cause transformer overloading, increase power losses, and produce voltage deviations. These
problems become more significant in residential and commercial distribution networks where charging activities may
occur during conventional peak electricity consumption periods. Therefore, developing effective EV charging
schedules is essential for maintaining reliable distribution network operation while satisfying the energy requirements
of EV users.

Multi-objective optimization has emerged as an important computational approach for addressing the complex
challenges associated with EV charging management. Unlike conventional optimization methods that focus on a single
objective, multi-objective optimization simultaneously considers several conflicting objectives, including minimizing
electricity costs, reducing network power losses, maintaining voltage stability, lowering peak demand, and improving
consumer satisfaction. Achieving an appropriate balance among these objectives can support efficient electricity
utilization and improve the overall performance of distribution networks.

THEORETICAL FRAMEWORK

1. Introduction to the Theoretical Framework

The theoretical framework establishes the fundamental concepts, mathematical principles, optimization techniques, and
electrical network characteristics associated with electric vehicle (EV) charging schedule optimization. The increasing
penetration of EVs into electrical distribution networks requires intelligent charging strategies to maintain network
stability, reduce operational costs, minimize power losses, and improve energy utilization.

The proposed framework integrates multi-objective optimization, smart charging, load management, renewable energy
integration, and Vehicle-to-Grid (V2G) technology. It provides a theoretical foundation for developing coordinated EV
charging schedules that balance the requirements of electricity distribution operators and EV consumers.

2. Electric Vehicle Charging Characteristics

Electric vehicles operate using rechargeable battery systems that require electricity from charging stations. The
charging demand depends on several factors, including battery capacity, State of Charge (SoC), charging power, arrival
time, departure time, and user energy requirements.

The energy required by an electric vehicle can be expressed as:

EEV — ]b(S()(-'?tn.rget = S()(}ini{iul)
Where:
» Epy = Required charging energy.
o (j = Battery capacity.
¢ 50C4grget = Desired battery state of charge.
¢ S0Cipitiq = Initial battery state of charge.
The charging time can be estimated as:
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Where

e T, = Charging duration
e P, = Charging power

* 1. = Charging efficiency.

These parameters are essential for determining suitable charging schedules while satisfying individual vehicle
requirements.

3. Multi-Objective Optimization Theory

Multi-objective optimization involves simultaneously optimizing multiple conflicting objectives within a given system.
In EV charging management, the primary objectives generally include:

Minimization of electricity charging costs.

Reduction of distribution network power losses.

Minimization of peak electricity demand.

Improvement of voltage stability.

Maximization of renewable energy utilization.

Enhancement of consumer charging convenience.

AN AN S

The general mathematical formulation is:
min (@) [L1Lle)s L20x), La(E)y o009 Tnu(x)]

Subject to:

gi(ie) = 0O

ey () O

Wheres:

F (&) represents the multi-objective optimization function,
Ji(ie) represents individual optimization objectives.
gi(@) represents inequality constraints.

e ;i) represents equality constraints,

@ represents the decision variables, including EV charging schedules.

The optimization process identifies Pareto-optimal solutions, which represent different trade-offs among competing
objectives.

4. Electricity Charging Cost Minimization
Electricity charging cost is one of the most important economic objectives in EV charging schedule optimization.
Electricity tariffs generally vary throughout the day according to demand and supply conditions.

The total charging cost can be expressed as:

—
min F; = Z w Pev () At
t—1

Where:

e ; = Electricity price during time interval £.
» Ppy(t) = Total EV charging power.
e At = Time interval.

» T = Total scheduling period.
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Time-of-use pricing encourages EV owners to charge vehicles during low-cost electricity periods, reducing overall
charging expenses and helping shift demand away from peak hours.

PROPOSED MODELS AND METHODOLOGIES

1. Proposed Research Framework

The proposed research develops an intelligent multi-objective optimization framework for scheduling electric vehicle
(EV) charging in electrical distribution networks. The primary objective is to coordinate EV charging activities while
simultaneously minimizing electricity costs, reducing distribution network power losses, controlling peak demand, and
maintaining voltage stability.

The framework integrates EV battery characteristics, charging station capacities, electricity pricing, renewable energy
availability, and distribution network operational constraints. Advanced optimization algorithms, including Genetic
Algorithm (GA), Particle Swarm Optimization (PSO), Multi-Objective Particle Swarm Optimization (MOPSO), and
Non-Dominated Sorting Genetic Algorithm Il (NSGA-II), are considered to identify efficient charging schedules.

The proposed methodology consists of the following major stages:
EV charging demand modeling.

Distribution network modeling.

Development of multi-objective functions.

Formulation of operational constraints.

Implementation of optimization algorithms.

Renewable energy and V2G integration.

Simulation and comparative performance evaluation.

Nougk~whE

2. Electric Vehicle Charging Demand Model
The EV charging demand model represents the electricity requirements of individual electric vehicles based on battery
capacity, initial State of Charge (SoC), desired SoC, charging efficiency, and arrival and departure times.

The required charging energy is calculated as:
E; = Ci(S0C;"™ — soC;mitial)
Where:
s [ = Required charging energy of EV 1.
s (; = Battery capacity.

. S()(}:m'yﬁf = Target battery state of charge.
. S()(};mﬁ”'! = Initial battery state of charge.

The charging power is constrained by:

ch - mazx
0< P <P,

The battery charging dynamics can be expressed as:

s P(hAt
SOC;441 = SOC;; + (—

This model ensures that EV charging schedules satisfy individual battery requirements while preventing excessive
charging.
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3. Distribution Network Modeling
The distribution network model represents the electrical infrastructure supplying power to residential, commercial, and
industrial consumers, including EV charging stations.

The proposed framework considers a standard IEEE 33-bus or IEEE 69-bus distribution test system for simulation and
performance evaluation.

19 20 21 22

The network model includes:

e Distribution buses and transmission lines.
Transformer capacity and operational limits.
Voltage magnitude and phase angle.
Existing electricity demand.

EV charging station locations.
Renewable energy generation units.

The power balance equation is represented as:

Pgriri_f + PRE.t = R}ase,f + PE‘.«".t + PE:J:;S.T

Where:

s Pyridt = Power supplied by the main grid.
» Ppp; = Renewable energy generation.

o Ppyeet = Conventional electricity demand.
» Ppy 4 = Total EV charging demand.

s P, + = Distribution network power losses.

An appropriate AC or validated distribution power-flow model will be used to calculate bus voltages, line currents, and
network losses.

EXPERIMENTAL STUDY

1. Introduction

The experimental study of “Multi-Objective Optimization of Electric Vehicle Charging Schedules in Distribution
Networks” focuses on evaluating the effectiveness of intelligent optimization techniques for coordinating electric
vehicle (EV) charging while maintaining the operational stability, reliability, and efficiency of electrical distribution
networks. The primary objective is to investigate how optimized charging schedules can reduce electricity costs,
minimize power losses, mitigate peak demand, and improve voltage profiles.

The proposed experiments consider different EV penetration levels, charging patterns, electricity tariff structures,

renewable energy integration scenarios, and optimization algorithms. Simulation-based analysis can be conducted using
MATLAB/Simulink, Python, or other power system optimization platforms.
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2. Experimental Objectives

The major objectives of the experimental study are:

To evaluate the impact of uncontrolled EV charging on distribution network performance.

To minimize total electricity charging costs through optimized scheduling.

To reduce active power losses in distribution feeders.

To minimize peak demand and avoid network congestion.

To improve voltage stability across distribution network buses.

To compare the performance of Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Multi-
Obijective Particle Swarm Optimization (MOPSO), and Non-Dominated Sorting Genetic Algorithm 11 (NSGA-
).

7. To examine the benefits of integrating renewable energy sources and vehicle-to-grid (V2G) technology.

LR

3. Experimental Setup
A standard IEEE 33-bus or IEEE 69-bus radial distribution test system can be selected to evaluate the proposed
optimization framework.

Table 1. Simulation and Experimental Parameters

Parameter Experimental Configuration
Distribution network IEEE 33-bus system
Simulation duration 24 hours

Time resolution 30 minutes

Total time intervals 48

EV penetration levels 10%, 20%, 30%, 40%, 50%
EV battery capacity 40-75 kWh

Charging power 3.3-22 kW

Initial state of charge (SoC) | 20-60%

Desired departure SoC 80-100%

Optimization algorithms GA, PSO, MOPSO, NSGA-II
Renewable energy sources | Solar PV and wind

Charging strategies Uncontrolled, TOU-based, optimized
Network analysis Load flow and voltage analysis
Programming environment | MATLAB/Python

Note: These are proposed simulation parameters. They should be adjusted according to the selected test feeder, EV
dataset, and experimental assumptions.

4. Experimental Scenarios
To examine the performance of the proposed optimization framework, the following experimental scenarios are
considered.

Scenario 1: Uncontrolled EV Charging
In this scenario, EVs begin charging immediately after arriving at their respective charging locations. Charging demand
is not coordinated with electricity prices or distribution network loading conditions.
The experiment investigates the impact of uncontrolled charging on:
e  Peak electricity demand.
Distribution transformer loading.
Bus voltage deviations.
Active power losses.
Overall network operating efficiency.

Scenario 2: Time-of-Use (TOU)-Based Charging

In this scenario, EV charging is scheduled according to electricity tariff variations. EVs are encouraged to charge
during off-peak hours when electricity prices are comparatively lower.

The main objective is to reduce charging expenses while shifting demand away from high-price periods. However,
tariff-based scheduling alone may not sufficiently address network voltage and congestion constraints.

Scenario 3: Single-Objective Optimization

In this experiment, individual optimization algorithms are applied to minimize a particular objective, such as:
e Total EV charging cost.
e  Active power losses.
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e Peak load demand.
e \oltage deviation.
The results help identify the strengths and weaknesses of optimizing each objective independently.

Scenario 4: Multi-Objective Optimization
This scenario applies MOPSO and NSGA-II to optimize multiple objectives simultaneously. The algorithms generate a
set of Pareto-optimal charging schedules that represent different trade-offs among economic and technical performance.

The considered objectives include:
1. Minimization of electricity charging costs.
2. Minimization of active power losses.
3. Minimization of peak demand.
4. Minimization of voltage deviation.

The final charging schedule can be selected using a decision-making method such as TOPSIS or a weighted preference
approach, depending on the priorities of the distribution system operator.

Scenario 5: Renewable Energy and V2G Integration
This scenario investigates the influence of renewable energy resources and bidirectional EV charging on distribution
network performance.

Solar photovoltaic and wind generation are integrated into the distribution system. EVs equipped with V2G capabilities
can discharge electricity during peak-demand periods and recharge when demand is low or renewable generation is
abundant.

The experiment evaluates:
¢ Renewable energy utilization.
e Reduction in peak demand.
e Changes in distribution network losses.
e Charging and discharging costs.
e Voltage profile improvements.

RESULTS & ANALYSIS

1. Introduction

The results and analysis of “Multi-Objective Optimization of Electric Vehicle Charging Schedules in Distribution
Networks” focus on evaluating the effectiveness of intelligent EV charging strategies in improving the technical and
economic performance of electrical distribution systems. The analysis considers the impact of uncontrolled charging,
time-of-use (TOU) charging, single-objective optimization, and multi-objective optimization on electricity costs, peak
demand, active power losses, and voltage stability.

The proposed evaluation framework considers optimization algorithms such as Genetic Algorithm (GA), Particle
Swarm Optimization (PSO), Multi-Objective Particle Swarm Optimization (MOPSO), and Non-Dominated Sorting
Genetic Algorithm Il (NSGA-II). The performance of these algorithms can be examined using standard IEEE 33-bus
and 69-bus distribution networks under different EV penetration levels.

2. Analysis of EV Charging Strategies
Different EV charging strategies produce different effects on distribution network performance.

A. Uncontrolled Charging

Uncontrolled charging may increase electricity demand during evening peak hours because many EV owners connect
their vehicles after returning home. This simultaneous charging can increase transformer loading, feeder congestion,
and distribution system losses. It may also cause voltage drops at buses located far from the substation.

B. Time-of-Use-Based Charging

TOU-based charging shifts EV charging activities toward periods with lower electricity tariffs. This approach can
reduce charging expenses and distribute demand more evenly across the day. However, concentrating charging within
the same off-peak period may create a secondary demand peak if charging is not coordinated with network operating
conditions.

C. Single-Objective Optimization
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Single-objective optimization focuses on improving one specific performance indicator, such as charging cost or active
power losses. Although it can provide substantial improvement in the selected objective, it may produce less desirable
outcomes for other network parameters.

D. Multi-Objective Optimization

Multi-objective optimization simultaneously considers economic and technical performance indicators. MOPSO and
NSGA-II can generate Pareto-optimal solutions that provide different combinations of charging cost, peak demand,
power losses, and voltage deviation. This enables distribution system operators to select charging schedules according
to their operational priorities.

3. Impact on Peak Load Demand
Peak load demand is an important indicator of distribution network performance. Uncontrolled EV charging can
increase the maximum demand, particularly during residential evening hours.

Coordinated charging schedules distribute EV charging demand across available time intervals while considering
battery requirements and network constraints. Multi-objective optimization can further reduce peak demand by
allocating charging power to periods when sufficient network capacity is available.

4. Analysis of Active Power Losses
Active power losses are influenced by the current flowing through distribution lines and the resistance of network
components. As EV charging demand increases, line currents may rise, resulting in higher resistive losses.

The proposed multi-objective framework minimizes active power losses by coordinating charging schedules and
avoiding excessive simultaneous charging. Network-aware scheduling can allocate EV demand to time intervals when
feeder loading is relatively low.

The effectiveness of the optimization strategy can be evaluated using:

9
P = Z R;;|L;|
(ig)el

The comparison should consider:
e Total active power losses before EV integration.
Losses under uncontrolled charging.
Losses under TOU-based charging.
Losses under GA-, PSO-, MOPSO-, and NSGA-II-based scheduling.
Changes in losses under renewable energy and V2G integration.

COMPARATIVE ANALYSIS IN TABULAR FORM

The comparative analysis of “Multi-Objective Optimization of Electric Vehicle Charging Schedules in Distribution
Networks” evaluates different EV charging strategies and optimization algorithms based on their economic, technical,
and operational performance. The comparison focuses on charging costs, peak demand, active power losses, voltage
stability, renewable energy integration, and overall distribution network efficiency.

1. Comparative Analysis of EV Charging Strategies

Table 1. Comparison of Different EV Charging Strategies

Parameters Uncontrolled TOU-Based Single-Objective Multi-Obijective
Charging Charging Optimization Optimization
Charging cost Generally high Relatively low Optimized for selected | Balanced cost
objective optimization
Peak demand High May decrease Reduced if targeted Explicitly minimized
Active power | May increase | Variable Reduced if targeted Considered
losses significantly simultaneously
Voltage stability May deteriorate Potential Depends on objective Explicitly considered
improvement
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Load balancing Poor Moderate Good for  selected | Comprehensive
objective
Renewable Limited Possible Depends on formulation | Can be incorporated
integration coordination
V2G Limited Possible Depends on formulation | Can be optimized
compatibility
Network Higher risk Moderate risk Depends on constraints | Explicitly addressed
congestion
Operational Low Moderate Moderate High
flexibility
Overall Less efficient Economically Objective-dependent Comprehensive
performance beneficial optimization
2. Comparative Analysis of Optimization Algorithms
Table 2. Performance Comparison of Optimization Algorithms
Evaluation Genetic  Algorithm | Particle Swarm | MOPSO NSGA-II
Criteria (GA) Optimization (PSO)
Optimization Evolutionary search Swarm intelligence Multi-objective Multi-objective
approach swarm intelligence evolutionary search
Objective handling | Primarily single- | Primarily single- | Multiple objectives | Multiple objectives
objective; can be | objective; can  be
extended extended

Convergence
behavior

Depends on genetic

operators

Often fast initially

Depends on archive
and swarm diversity

Depends on population
and generation settings

Solution diversity | Population-based May decrease | Maintained through | Maintained  through
prematurely external archive crowding distance
Pareto-optimal Requires multi- | Requires multi- | Supported Supported

solutions objective extension objective extension
Computational Moderate to high Moderate Moderate to high Moderate to high
complexity
Parameter Crossover and | Inertia and | Swarm and archive | Population and genetic
sensitivity mutation rates acceleration parameters parameters
coefficients
Suitability for EV | Good Good Very good Very good
scheduling
3. Comparative Analysis of Distribution Network Performance
Table 3. Technical Performance Indicators
Performance Uncontrolled TOU-Based MOPSO-Based NSGA-I11-Based
Indicator Charging Charging Scheduling Scheduling
Peak load demand | Potentially high Reduced in favorable | Optimized through | Optimized through
tariff conditions multiple objectives multiple objectives
Active power | May increase Depends on load | Minimized as an | Minimized as an
losses shifting objective objective
Voltage deviation | May increase May improve Minimized as an | Minimized as an
objective objective
Transformer Higher risk  of | Potentially improved Managed through | Managed through
loading overloading constraints constraints
Charging Potentially high Reduced during low- | Balanced against | Balanced against
expenses tariff periods network objectives network objectives
Network May be affected Depends on network | Improved if constraints | Improved if constraints
reliability constraints are satisfied are satisfied
Scheduling Low Moderate High High
flexibility

Note: The MOPSO and NSGA-II columns describe their intended capabilities when the corresponding objectives and
network constraints are included in the optimization model. They do not imply experimentally verified superiority.
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4. Comparative Analysis of EV Penetration Levels

Table 4. Influence of EV Penetration on Distribution Networks

EV Network Peak  Demand | Voltage Profile Recommended Charging
Penetration Loading Impact Strategy
Level
10% Relatively low | Limited impact Generally manageable TOU-based charging
20% Moderate Increasing Requires monitoring Coordinated charging
demand
30% Moderately Noticeable peak | Greater voltage | Multi-objective optimization
high increase sensitivity
40% High Significant peak | Increased voltage | Network-constrained
pressure deviation risk optimization
50% Very high Greater Requires careful voltage | Multi-objective  optimization
congestion risk management with smart control

SIGNIFICANCE OF THE TOPIC

Introduction

The increasing adoption of electric vehicles (EVs) is transforming the global transportation and energy sectors. EVs
offer an environmentally sustainable alternative to conventional fuel-powered vehicles by reducing dependence on
fossil fuels and supporting the transition toward low-carbon transportation. However, the growing demand for EV
charging introduces significant challenges for electrical distribution networks, including peak load increases, voltage
fluctuations, power losses, and network congestion.

The topic “Multi-Objective Optimization of Electric Vehicle Charging Schedules in Distribution Networks” is
significant because it provides an intelligent approach to coordinating EV charging activities while maintaining the
economic efficiency, reliability, and stability of electrical distribution systems. By simultaneously optimizing multiple
performance objectives, the proposed approach can support the development of smart grids and sustainable energy
infrastructure.

Major Significance of the Topic

Reduction in Peak Load Demand

Uncontrolled EV charging can increase electricity demand during peak consumption periods. Multi-objective
optimization enables EV charging schedules to be distributed across suitable time intervals, reducing simultaneous
charging and minimizing peak demand. This can help prevent transformer overloading and distribution feeder
congestion.

Improvement in Voltage Stability

High EV charging demand may cause voltage drops, particularly in distribution network areas with limited power
capacity. The proposed optimization framework incorporates voltage constraints and voltage deviation minimization to
maintain acceptable voltage levels throughout the network.

Minimization of Distribution Network Power Losses

Electrical power losses increase when excessive current flows through distribution lines. Coordinated EV charging can
reduce unnecessary loading and improve power distribution efficiency. This helps distribution system operators utilize
existing infrastructure more effectively.

Reduction in Electricity Charging Costs

Electricity tariffs often vary according to demand and time of consumption. Intelligent charging schedules can shift EV
charging toward lower-cost periods while satisfying battery energy requirements. This can reduce electricity expenses
for EV owners and charging station operators.

Efficient Integration of Renewable Energy Sources

The integration 4of solar and wind energy is essential for sustainable electricity generation. Optimized EV charging can
coordinate vehicle charging activities with renewable energy availability, increasing the utilization of locally generated
clean electricity and reducing dependence on conventional grid electricity.
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Support for Vehicle-to-Grid Technology

Vehicle-to-grid (V2G) technology allows EV batteries to supply electricity back to the distribution network when
necessary. Multi-objective optimization can coordinate charging and discharging schedules to support peak demand
management, improve energy flexibility, and provide additional grid support.

Enhancement of Distribution Network Reliability

The proposed approach considers important operational constraints, including voltage limits, feeder capacity,
transformer loading, battery state of charge, and charging requirements. By maintaining these constraints, optimized
charging schedules can reduce network operating stress and support reliable electricity distribution.

Development of Smart Grid Infrastructure

Multi-objective EV charging optimization supports smart grid development through intelligent scheduling, real-time
monitoring, automated control, and data-driven decision-making. It can be integrated with advanced metering
infrastructure, smart charging stations, and energy management systems.

Economic Benefits for Distribution System Operators

Efficient EV charging management can reduce the need for immediate distribution infrastructure upgrades by
improving the utilization of existing network capacity. It can also help distribution companies manage demand more
effectively and improve operational planning.

Environmental Sustainability

Coordinated charging can improve renewable energy utilization and support the wider adoption of electric mobility.
When combined with low-carbon electricity generation, these strategies can contribute to reducing transportation-
related emissions and promoting sustainable energy consumption.

Significance for Different Stakeholders

Table 1. Stakeholder-Wise Significance of the Proposed Research

Stakeholders Major Benefits Expected Contribution

EV Owners Reduced charging expenses Affordable and convenient charging

Distribution Companies Better load management Improved network efficiency

Grid Operators Reduced peak demand Enhanced operational reliability

Charging Station Operators | Intelligent charging allocation Improved charging infrastructure utilization

Renewable Energy | Better coordination with EV | Increased renewable energy utilization

Producers demand

Government and | Sustainable transportation planning | Support for clean energy policies

Policymakers

Researchers Advanced optimization frameworks | Further development of smart charging
technologies

4. Academic and Research Significance
The proposed research contributes to the development of intelligent optimization techniques for modern electrical
distribution systems. It provides opportunities to investigate:

e The application of MOPSO and NSGA-II for multi-objective EV charging optimization.

e The relationship between EV penetration and distribution network performance.

e The integration of renewable energy resources into EV charging schedules.

e The impact of V2G technology on network flexibility and peak demand.

e The development of cost-effective and network-constrained charging strategies.

e The use of artificial intelligence and machine learning for predictive EV charging management.

Furthermore, the study provides a foundation for future research involving decentralized charging coordination, real-
time optimization, distributed energy resources, and intelligent energy management systems.

Page | 86



Al Tech International Journal, ISSN: 3079-4749
Vol. 4, No. 1, January-June, 2026,
Journal homepage: https://techaijournal.com

LIMITATIONS & DRAWBACKS

Introduction

Although multi-objective optimization of electric vehicle (EV) charging schedules offers several advantages for
improving the efficiency, reliability, and sustainability of electrical distribution networks, its implementation involves
various technical, economic, computational, and operational challenges. The integration of large numbers of EVs
introduces uncertainties in charging demand, battery characteristics, renewable energy availability, and electricity
pricing. Furthermore, optimization algorithms such as Genetic Algorithm (GA), Particle Swarm Optimization (PSO),
Multi-Objective Particle Swarm Optimization (MOPSO), and Non-Dominated Sorting Genetic Algorithm 1l (NSGA-II)
require appropriate parameter selection and computational resources.

Understanding these limitations is essential for developing practical, scalable, and reliable EV charging management
systems.

Major Limitations and Drawbacks

High Computational Complexity

Multi-objective optimization involves simultaneously evaluating several conflicting objectives, including charging
costs, peak demand, power losses, and voltage deviations. As the number of EVs, charging stations, and distribution
network constraints increases, the optimization problem becomes more computationally demanding.

Large-scale optimization may require substantial processing time, making real-time scheduling difficult, particularly
when frequent changes in charging demand occur.

Uncertainty in EV Charging Demand

EV charging demand depends on several unpredictable factors, such as vehicle arrival times, departure times, daily
travel distances, and battery state of charge. Variations in user behavior can reduce the accuracy of predetermined
charging schedules.

Therefore, optimization models based on fixed charging profiles may not always represent actual operating conditions.

Renewable Energy Generation Uncertainty
Solar and wind energy generation depends on weather conditions, seasonal variations, and environmental factors.
Unexpected reductions in renewable generation may affect previously optimized EV charging schedules.

Accurate forecasting and adaptive scheduling mechanisms are required to manage this uncertainty effectively.

Battery Degradation

Frequent charging and discharging, particularly under vehicle-to-grid (V2G) operation, can accelerate battery
degradation. Although V2G technology provides flexibility for managing electricity demand, excessive battery cycling
may reduce battery capacity and operational lifetime.

Optimization frameworks must therefore incorporate battery degradation costs and charging-cycle limitations.

Voltage and Network Constraints

Distribution networks have limitations associated with bus voltage levels, transformer capacities, feeder thermal
ratings, and power flow. High EV penetration may create operational difficulties, particularly in weak distribution
networks.

Maintaining all network constraints during optimization can increase model complexity and computational
requirements.

Algorithm Parameter Sensitivity
Optimization algorithms are influenced by parameters such as population size, mutation probability, crossover rate,
inertia weight, acceleration coefficients, and archive size.
Improper parameter selection may result in:
e  Premature convergence.
Poor solution diversity.
Slow convergence.
Inconsistent optimization results.
Failure to identify high-quality Pareto-optimal solutions.
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Difficulty in Selecting the Best Pareto-Optimal Solution
Multi-objective optimization generally produces multiple non-dominated solutions rather than one universally optimal
solution. These solutions represent different trade-offs between economic and technical objectives.

For example, a charging schedule that minimizes electricity costs may not provide the lowest power losses or the best
voltage profile. Selecting the most appropriate solution requires decision-making methods such as TOPSIS or weighted
preference approaches.

Communication and Infrastructure Requirements
Intelligent EV charging requires communication between vehicles, charging stations, distribution system operators, and
energy management platforms.
The implementation of these systems may require:
e  Smart meters and advanced sensors.
Reliable communication networks.
Real-time monitoring infrastructure.
Automated charging controllers.
e  Secure data management systems.
The installation and maintenance of these technologies can increase implementation costs.

Cybersecurity and Data Privacy Risks

Smart charging systems exchange information about vehicle usage, charging schedules, energy consumption, and user
behavior. Inadequate cybersecurity mechanisms may expose these systems to unauthorized access, data manipulation,
communication attacks, and service disruptions.

Protecting user information and maintaining secure communication are essential for reliable implementation.

Limited Scalability and Generalization

An optimization strategy developed and tested on a standard IEEE 33-bus or 69-bus distribution system may not
perform equally well in every practical distribution network.

Differences in network topology, load characteristics, transformer capacity, EV penetration, and charging infrastructure
can affect optimization performance. Large-scale real-world applications require additional testing and model
adaptation.

Technical and Operational Limitations

Table 1. Technical Limitations of the Proposed Framework

Limitation Description Potential Impact

Computational Multiple objectives and constraints increase processing | Longer optimization time

complexity requirements

EV demand uncertainty | Unpredictable arrival and departure patterns Scheduling inaccuracies

Renewable intermittency | Variable solar and wind generation Charging schedule instability

Battery degradation Repeated charging and discharging affect battery health Reduced battery lifetime

Network constraints Limited feeder and transformer capacity Congestion and  voltage
problems

Parameter sensitivity Algorithm performance depends on parameter settings Inconsistent solutions

Pareto solution selection | Multiple non-dominated solutions are generated Difficult decision-making

Communication Dependence on reliable data exchange Operational delays

limitations

Cybersecurity threats Exposure to unauthorized access and attacks Data and system security
risks

Scalability Performance may vary across network sizes Implementation difficulties

4. Economic and Implementation Challenges

Table 2. Economic and Practical Drawbacks

Parameters Challenges Possible Consequences
Initial investment High cost of smart charging infrastructure Financial burden
Communication systems | Installation of advanced communication equipment | Additional expenditure
Smart charging stations | Requirement for intelligent controllers Increased infrastructure costs
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V2G implementation Bidirectional charger requirements Higher installation costs

Battery maintenance Battery degradation and replacement expenses Increased lifecycle costs

Software development Need for advanced optimization platforms Development complexity

System maintenance Continuous monitoring and technical support Recurring operational expenses

Regulatory framework Differences in energy policies and standards Implementation delays
CONCLUSION

The increasing adoption of electric vehicles (EVs) has created new opportunities for sustainable transportation while
introducing significant challenges for electrical distribution networks. The growing demand for EV charging can
increase peak electricity consumption, distribution network power losses, voltage deviations, and transformer loading.
Therefore, effective coordination and optimization of EV charging schedules are essential for maintaining the
reliability, efficiency, and stability of modern power distribution systems. This study on “Multi-Objective Optimization
of Electric Vehicle Charging Schedules in Distribution Networks” presents an intelligent optimization framework for
addressing these challenges through coordinated EV charging management.

The proposed framework considers multiple conflicting objectives, including minimizing electricity charging costs,
reducing active power losses, limiting peak demand, and improving voltage stability. Optimization techniques such as
Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Multi-Objective Particle Swarm Optimization
(MOPSO), and Non-Dominated Sorting Genetic Algorithm Il (NSGA-II) provide suitable approaches for developing
efficient charging schedules. By incorporating battery state-of-charge requirements, vehicle arrival and departure times,
charging power limits, feeder capacity, and bus voltage constraints, the framework aims to ensure that optimized
charging schedules satisfy both user requirements and distribution network operating conditions.

The comparative analysis highlights the limitations of uncontrolled charging and the potential advantages of TOU-
based and intelligent multi-objective charging strategies. In particular, MOPSO and NSGA-II can generate Pareto-
optimal solutions that enable distribution system operators to balance economic and technical priorities. Furthermore,
integrating renewable energy sources, such as solar and wind power, can improve renewable energy utilization, while
vehicle-to-grid (V2G) technology can provide additional flexibility for peak demand management and energy
balancing.
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