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ABSTRAT 
Peak load management and grid stabilization have a strong potential in terms of Vehicle-to-Grid 

technology implementation in microgrids. Nevertheless, Vehicle-to-Grid systems are very 

sensitive to the size of the systems, as well as, powerful Energy Management Strategies. The paper 

is a critical review of optimization algorithms applied to sizing Vehicle-to-Grid systems in grid-

connected microgrids. As opposed to general descriptions, this paper directly links optimization 

constraints, including, but not limited to battery degradation, and renewable intermittency, with 

system performance. Energy Management Strategies divide into Rule-Based and Optimization-

Based strategies with trade-offs between their computational complexity, convergence rate, and 

solution quality. Moreover, the manuscript indicates the essential weaknesses of existing literature, 

namely, the absence of real-time hardware validation and the inability to scale up metaheuristic 

algorithms. Lastly, a decision framework is provided to help the researchers to choose the right 

algorithms depending on a certain microgrid setup and performance measures. 
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INTRODUCTION  

The sustained high growth of electric vehicles (EVs) is fundamentally altering the energy 

landscapes in the world, bringing with it both challenging grid integration possibilities and 

substantial opportunities in operation[1] [2]. By conducting bi-directional energy exchange, 

smart charging and Vehicle-to-Grid (V2G) technologies can stabilize the power networks, as 

well as maximize the use of intermittent renewable energy sources (RES) [3], [4].  
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But as 390 million battery electric vehicles (BEVs) are predicted to be on the road by 2035, 

the threat of uncontrolled charging puts a strain on current infrastructure, especially during peak 

periods. V2G technology offers a possible tool to alleviate such instability and enhance the 

resilience of the systems [5] [6].  

Although several review papers have independently investigated Vehicle-to-Grid (V2G) 

technologies, electric vehicle charging strategies, and microgrid energy management, little 

research has focused on the direct interaction between V2G system sizing and Energy 

Management System (EMS) algorithms in renewable-integrated microgrids. In [7], [8], [9], [10], 

[11], the majority of existing reviews focus on charging infrastructure, optimization techniques, 

or standalone EMS architectures without explicitly examining how EMS decisions affect optimal 

component sizing, battery degradation, operational flexibility, renewable energy utilization, and 

overall economic performance. Furthermore, previous review studies typically lack[12], [13], 

[14], [15], [16]: A comprehensive system-level comparison of rule-based, optimization-based, 

and learning-based EMS techniques; Quantitative comparison of sizing-oriented optimization 

algorithms under various grid conditions; A comparison of computing complexity, scalability, 

and implementation readiness; and a critical examination of practical deployment restrictions 

such as communication latency, battery aging, and EV user behavior uncertainty. 

This paper provides a critical analysis of V2G applications and optimization algorithms in 

microgrids with a particular focus on energy management strategies that have not been explored 

in the current literature. While existing reviews have covered V2G concepts broadly, there is a 

lack of critical analysis focusing specifically on the intersection of system sizing and algorithm 

selection. Consequently, this paper addresses the following core research question: In order to 

answer the underlying research questions and give a coherent analysis, the rest of the paper is 

arranged in the following way: Section 2 outlines the methods adopted to conduct a systematic 

review of the literature. Section 3 discusses Microgrid Setups and Integration of Renewable 

Energy, which provides the architectural basis of the system. Section 4 is a detailed 

Classification of Energy Management and optimization Approaches, which assesses the trade-

offs of each. In Section 5, the important Research Gaps and Future Directions are identified on 

which to base the future research, while Section 8 covers Critical Synthesis and Decision 

Framework. Section 9, addressing Research Gaps and Future Directions, and finally, in Section 

10, is the Conclusion. 

Methods  

To ensure that the literature review approach is robust and reproducible, a systematic search 

strategy was created in accordance with the Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses (PRISMA) recommendations. The use of this standardized methodological 

framework improves transparency while reducing selection bias throughout the identification, 

screening, eligibility evaluation, and inclusion of relevant studies. 

As a result, a thorough literature search was undertaken across four major scientific 

databases, namely IEEE Xplore, ScienceDirect, Scopus, and Web of Science, which included 

peer-reviewed journal articles and high-impact conference papers published since 2015. To 

investigate the association between V2G system size and energy management strategies, the 

following Boolean search query was used: ("Vehicle-to-Grid" OR "V2G") AND ("Optimization" 

OR "Sizing") AND ("Energy Management" OR "EMS") AND ("Microgrid"). 

This structured search Methods provided a solid and unbiased framework for critically 

analyzing existing V2G optimization and energy management approaches. 
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The study selection method was based on the following inclusion criteria: Peer-reviewed 

journal publications and top-notch conference proceedings; Studies on the quantitative 

evaluation of optimization or energy management algorithms, such as metaheuristic, rule-based, 

and hybrid techniques; research on V2G-enabled renewable microgrids and system sizing 

applications. 

The analysis excluded studies that did not include technical analysis, duplicate records, non-

English publications, or solely descriptive review papers. 

Several review studies have already looked into various areas of electric car integration, 

energy management systems, and hybrid renewable microgrids. However, the majority of extant 

review papers focus on isolated viewpoints such as EV charging strategies, standalone EMS 

systems, and renewable energy scaling optimization. 

For example, Zia et al. [17]examined microgrid energy management systems, with a focus on 

operational control structures, whereas Solanke et al. [18] concentrated on charging and 

discharging techniques for grid-connected electric vehicles. Similarly, Ouramdane et al. 

[19]examined optimal sizing and EMS approaches for V2G systems; however, their research did 

not provide a complete system-level comparison of optimization techniques in terms of 

scalability, computing complexity, and implementation readiness. 

Unlike prior review studies, the current study incorporates V2G sizing optimization, EMS 

designs, metaheuristic and hybrid optimization methodologies, scalability considerations, and 

practical implementation restrictions into a single analytical framework. Furthermore, this study 

presents a comparative decision-making framework that connects algorithm selection to 

operational goals such as real-time control capacity, economic optimization, computational 

burden, and large-scale deployment feasibility. This integrated system-level perspective is the 

fundamental originality and scientific contribution of the current review. 

MICROGRID SETUPS AND INTEGRATION OF RENEWABLE ENERGY  

The electrical architectures of renewable energy are generally implemented in three main 

configurations: isolated, grid-connected and hybrid[20]. Although standalone applications target 

remote sites without utility infrastructure, grid-tied applications are designed to support load 

densities of urban areas that are higher in nature. Hybrid systems can fill this gap, combining the 

independence of individual models with reliability of the main grid to fit a variety of functional 

situations [21]. 

 In addition to priorities of technical use, interconnection of different sources sustainability 

provides economic growth and technical skills in complex systems. In this direction, Electric 

Vehicles (EVs) are two-purpose assets that operate as both variable loads and mobile storage 

devices. V2G control strategy suggested can ease the intermittency of renewable sources of 

energy [22], [23]. Therefore, EVs integration has diverse advantages, such as grid stabilization 

and harmonic mitigation.  

In terms of investment, the use of featured RES to charge cycles will enhance financial 

sustainability by lowering the power bills and tax amortization [24]. Complex hybrid microgrids 

are based on supervisory control in order to achieve component synchronization and stability of 

power. These algorithms can be broadly divided into three different classes, namely Learning-

Based (LB), Optimization-Based (OB) and Rule-Based (RB) algorithms [25], [26], [27]. 

Controllable loads and distributed generators, which involve wind turbines, solar cells, and 

battery storage, are functionally coupled in a microgrid. It is characterized by the ability to work 

independently in the so-called islanded mode in case of utility outages, thus providing power to 
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essential loads. In addition to reduced peak demand, these systems can provide ancillary services 

such grid-connected voltage management that will increase productivity [28], [29]. 

Lastly, microgrids can be considered an essential component of decarbonization and 

resilience as a source of local energy security and flexible management, particularly in regions 

where energy independence is the main issue or in a location that frequently encounters outages 

[30], [31]. Figure 1 also indicates that micro-grids may be classified based on the way they are 

operated; on-grid (connected to the grid) and off-grid (separated with the grid). On-grid system 

generally performs better than the off-grid system on the aspect of reliability and cost 

effectiveness as the on-grid system has the ability to draw energy on the main electrical system 

which minimizes dependence on the local generation and enhances the stability of the system. 

 

Figure 1. Microgrid classifications. 

There are two types of supervisory control in EV charging: centralized and decentralized. 

Individual EVs independently choose their own charging schedules in decentralized charging, 

which provides energy management flexibility but lacks a globally ideal solution [32]. 

Centralized control, on the other hand, depends on master control and planned charging, which 

maximize charging coordination but have scalability issues as the number of EVs rises [33].  

Along with other tactics like real-time and online control, hierarchical-based control has been 

established to overcome these constraints and improve the flexibility and efficiency of large-

scale EV integration [34]. In micro-grids, which can function independently or in conjunction 

with the grid, the hierarchy controls communication and computing demands. In order to 

efficiently regulate and distribute electricity according to energy sources and grid requirements, 

micro-grids employ AC, DC, or hybrid busbar systems [23], [35], [36], [37], [38], [39].  

Additionally Table 1offers a comprehensive evaluation of the characteristics, functional 

benefits, and disadvantages of these different micro-grid bus bars, allowing selection based on 

specific operational requirements. Figure 2 also displays the electric circuit diagrams for the 

various bus bar categories. 
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Table 1. Overview of the latest advancements in microgrid busbar technologies [40], [41], [42], 

[43], [44], [45], [46]. 

Bus Type Characteristics Advantages Limitations 

AC Microgrid 

Bus 

Suitable for AC renewable sources 

and conventional AC loads; widely 

used in industrial system. 

Low initial cost and 

simple 

implementation 

Higher maintenance 

requirements and 

conversion losses 

DC Microgrid 

Bus 

Designed for DC sources and low-

power applications; reduces 

conversion stages 

High efficiency, 

low installation 

cost, and simple 

operation 

Vulnerable to inverter 

failures when supplying 

AC loads 

Hybrid AC/DC 

Microgrid Bus 

Integrates both AC and DC sources 

and loads within a unified 

architecture 

High flexibility, 

reliability, and 

reduced power 

losses 

Increased system 

complexity and 

maintenance requirements 

 

The comparison indicates that AC, DC, and hybrid AC/DC microgrid buses offer distinct 

benefits depending on system requirements. AC buses provide simple and economic integration 

with conventional loads, whereas DC buses improve efficiency by reducing conversion stages in 

DC-based applications. Hybrid AC/DC buses offer the greatest flexibility, reliability, and 

compatibility with diverse sources and loads, although they introduce greater system complexity 

and maintenance demands. Therefore, the appropriate bus architecture should be selected 

according to load characteristics, energy-source types, efficiency objectives, and operational 

constraints. 

 

  
(a). Alternating current (b). Direct current  

       

(C). hybrid DC/AC conversion 

Figure 2. Three forms of buses: (a) alternating current, (b) direct current, and (c) hybrid DC/AC 

conversion. 
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CLASSIFICATION OF ENERGY MANAGEMENT AND OPTIMIZATION 

APPROACHES   

During the decade from 2010 to 2019, the global adoption of electric vehicles (EVs) 

including passenger cars, buses, vans, and heavy-duty trucks accelerated rapidly, with 

approximately seven million new units entering service each year and a compound annual 

growth rate of nearly 30% [47]. More than twenty countries have now reached an EV market 

share above 1%, and nine of these nations have surpassed the threshold of 100,000 electric cars 

in active use [48], [49].  

In this context, the Challenge of Load Growth, forecasts from the International Energy 

Agency’s Global Electric Vehicle Outlook place the 2030 worldwide EV fleet at approximately 

145 million units. In the circumstances of aggressive policies, electricity demand in connection 

with charging is expected to go beyond 550 TWh as early as 2030 - a sixfold increase compared 

to 2019 baselines. The regional effects are vastly different; as at the moment, EVs occupy about 

4 percent of the total electricity consumption in Europe, the Australian Energy Market Operator 

(AEMO) predicts that by electrifying the 19 million vehicles of the country, the overall 

electricity consumption will harness nearly threefold [50], [51], [52], [52], [53], [54], [55].  

This massive growth requires the consideration of EVs as an active component of the grid, as 

opposed to a passive load. But at the same time, uncontrolled charging will disrupt distribution 

networks[56], [57]. Certain effects comprise violation of voltages, augmented real power loss, 

and thermal overloading of transformers and cables[58], [59]. Such operational risks still exist in 

V2G systems when there is no strict coordination of the bidirectional power transfers. To 

overcome these risks, the Energy Management Strategies (EMS) are the EMS solution which 

employs coordinated smart charging to control the power flow [60], [61]. The optimization of 

charge/discharge cycles not only postpones the upgrades of the infrastructure which are 

expensive to maintain, but also prolongs the life of the assets and the distribution losses are 

minimized as well by the EMS frameworks. At the same time, these measures provide the 

economic advantages to EV users by reducing the charging expenses by self-consumption 

maximization [62], [63].  

In microgrid architecture, balancing between generation and demand and reducing battery 

degradation and generation costs is the primary EMS requirement. This will be possible by using 

a strong algorithmic selection that is complex owing to parameter sensitivity and scale variation 

[64], [65], [66]. In turn, metaheuristics that are based on nature concepts, in particular, the 

Grasshopper Optimization Algorithm (GOA), Ant Lion Optimizer (ALO) and Particle Swarm 

Optimization (PSO) are increasingly gaining popularity due to their ability to explore complex 

search domains and prevent early convergence. In general, EMS approaches can be categorized 

into three main groups: Rule-Based (RB), Optimization-Based (OB), and Learning-Based (LB) 

strategies. Table 2 illustrate widely used energy management strategies. 
Table 2.  Energy Management Strategy classification[64], [66], [67], [68], [69], [70], [71], [72] 

Strategy Type Classification Advantages Drawbacks 

Rule-based Rule-Based 

Deterministic 

Approach 

• Simple implementation, low 

computational burden, fast 

decision-making, and 

reliable operation. 

• Limited adaptability to 

changing operating 

conditions and 

predictive capabilities. 
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Strategy Type Classification Advantages Drawbacks 

Approach Based on 

Fuzzy Rules 

 

• Handles uncertainty 

effectively and provides 

flexible decision-making. 

 

 

• Requires expert 

knowledge for rule 

design and tuning. 

Optimization-

based 

Real-Time 

Optimization 
• Suitable for complex 

optimization problems and 

dynamic operating 

conditions. 

• High computational 

complexity and 

dependence on 

mathematical models 

Global 

Optimization 
• Provides near-optimal 

solutions and 

comprehensive system-

level optimization 

• Computationally 

intensive and may 

require significant 

storage and 

processing resources. 

Learning-

based 

Reinforcement 

Learning 
• Adaptive and capable of 

learning from experiences. 

• Can be time-

consuming to train. 

Supervised and 

Unsupervised 
• Offers model-free control. • Complexity in model 

selection and training. 

Neural Networks • Capable of handling large 

datasets and complex 

patterns. 

• Difficult to interpret 

results and requires 

extensive data. 

 

The classification highlights that energy management strategies involve a trade-off between 

simplicity, adaptability, computational demand, and interpretability. Rule-based methods are 

easy to implement but have limited flexibility, optimization-based approaches offer high-quality 

solutions at the cost of greater computational complexity, while learning-based methods provide 

adaptive and data-driven decision-making but require extensive training, careful model selection, 

and large datasets. Therefore, selecting an appropriate strategy should depend on system 

complexity, real-time requirements, available computational resources, and data availability. 

 

Rule-based control  

The Rule-Based algorithm, as presented in Table 3, is a control-based algorithm that depends 

on human knowledge and can be applied using many choices. This control method can greatly 

improve computation accuracy and reduce computation problems. One of the main benefits of 

metaheuristic algorithms are that they can obtain approximations to global optima in complex 

non-linear search spaces in which deterministic algorithms are frequently unsuccessful. The two 

types of Rule-Based algorithms are fuzzy-logic RB and deterministic RB, and they are both 

specified as conditions of the if-then statement [73], [74]. 

 Additionally, Table 2, summarizes the different categories of Energy Management Strategy, 

while Figure 3, provides additional explanation. The micro grid system's power flow is managed 

by the deterministic RB. Similar to this, the fuzzy logic RB is also dependent on if-then 

statements and, because of its effective and beneficial results, is taken into consideration for 

EMS evaluation in the literature. It can be combined with other techniques at the same time[75], 

[76]. Although deterministic RB performs better, it can also regulate both the charging and 

discharging operations. However, while the fuzzy-logic approach may provide reliable outcomes 
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for a specific set of driving cycles, it is not guaranteed to function well when solving additional 

issues [77], [78]. 

  

 

Figure 3. Sample of the rule-based algorithm[79], [80]  

 

Several studies have used the Rule-Based algorithm in order to control the flow of power 

used to charge the appliances, BT, and EV. The distributed power in a microgrid managed by 

RB-EMS takes into account the PV/WT/BT in [81], [82]. The best power distribution to satisfy 

the design specifications for managing is provided by RB-EMS. Metaheuristic control methods 

can significantly enhance calculation accuracy, reduce computational challenges, and achieve 

high-quality optimization solutions for complex problems [83], [84].  

Several researchers have applied rule-based supervisory control algorithms, also known as 

metaheuristic algorithms, which are well-suited for online applications [85], [86]. This approach 

is considered highly suitable for real-time decision-making because of its advantages, such as not 

requiring complex mathematical modelling, not depending on future data forecasts, and 

providing rapid solutions [87]. This flexibility enables the design of algorithms that can provide 

sound approximation in machine learning and other mathematical optimization applications [88]. 

The high-level control design has been taxonomically subdivided into two paradigms 

deterministic methods and fuzzy logic. In the fuzzy logic field, certain types of operations are, 

state-machine strategies, power-follower variants, and the binary thermostat-style regulation 

[89]. Moreover, the literature identifies three structural classes of fuzzy control, namely, fuzzy 

adaptive schemes, conventional controllers, and predictive strategies  [90], [91], [92], [93]. The 

features of the operation and the defining features of these rule-based frameworks are 

summarized in Table 3. 
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 Table 3. Rule-based algorithm classification RB strategies based on predetermined logical conditions 

(if-then statements) which formed by human experience and behaviour of historical systems. 

Approaches Algorithm 

Name 

Main Feature Advantages Disadvantages Ref. 

Deterministic 

rule-based 

method 

 

Thermostat 

(on/off) 

control 

strategy 

Frequent 

switching 

may increase 

component 

wear and 

EMI issues 

Simple structure, 

easy 

implementation, 

and robust 

operation 

Potential 

contact wear 

due to frequent 

switching, 

electromagnetic 

interference 

(EMI) issues 

[94] 

Modified 

power-

following 

(baseline) 

approach 

Limited 

consideration 

of fuel 

economy and 

emission 

policies 

Improves energy 

utilization and 

emissions 

performance 

through SoC-

based control 

Does not 

account for 

policies on 

emission 

reduction and 

fuel economy 

[95] 

Power 

follower 

(baseline) 

control 

strategy 

May result in 

suboptimal 

drivetrain 

efficiency 

Maintains battery 

SoC, improves 

energy efficiency, 

and reduces fuel 

consumption 

Suboptimal 

drivetrain 

efficiency 

[96] 

State 

machine-

based 

strategy 

Does not 

guarantee 

globally 

optimal fuel 

economy or 

emissions 

reduction 

Supports multiple 

operating modes 

and flexible 

power 

management 

Does not 

guarantee 

optimal fuel 

economy and 

emission levels 

[97] 

Fuzzy rule-

based 

method 

 

Fuzzy 

predictive 

strategy 

Enhances 

fuel 

efficiency 

and reduces 

emissions 

through 

predictive 

decision-

making 

Requires GPS 

data and 

advanced 

prediction 

infrastructure 

Complex 

implementation, 

requires 

advanced GPS 

and intelligent 

transportation 

system (ITS) 

integration 

[98] 

Conventional 

fuzzy 

strategy & 

Fuzzy 

adaptive 

Provides 

flexible 

energy 

allocation 

and adapts to 

varying 

driving 

conditions 

Performance 

depends on rule 

design and 

operating 

scenarios 

Performance is 

optimized for 

specific driving 

conditions, 

limiting 

flexibility 

[99] 

 

• Benefits: The main benefit of RB methods is they have very low computational 

overhead and hence can make decisions very fast in real time. Since they do not 

involve the use of complicated mathematical solvers, they are very strong in 
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providing real-time supervisory control (e.g., thermostat on/off policies or power-

following baselines). 

• Limitations: One of them is that they are very rigid. They are not able to 

dynamically adjust to unexpected situations. As a result, RB strategies are good 

when dispatching power in real time but they are essentially not optimal when 

initial sizing of components in a microgrid is needed, as it involves searching a 

multidimensional design space. 

 

 
Optimization-based control  

The algorithms, which are maximized by optimization, are the key to maximizing the 

efficiency of microgrid functioning in a wide variety of conditions. Although clear-cut 

conceptually and generalizable, these algorithms have often problems with nonlinear constraints 

that are found in complex systems [100], [101]. Optimization-based low-level control algorithms 

(LLCAs) low level control methodologies have been further subdivided into two broad areas, 

namely, Global (offline) and Real-Time (online) optimization as elaborated in Table 4.   

Real-time strategies are used without any advance knowledge of driving cycles, but they use 

both Intelligent Transportation Systems (ITS) telemetry and GPS. Notable methods in this area 

such as Model Predictive Control (MPC), decoupling schemes, Pontryagin Minimum Principle 

(PMP) and Equivalent Consumption Minimization Strategy (ECMS) are more concerned with 

fuel minimization under dynamic conditions in a near-optimal way [102], [103], [104], [105], 

[106], [107], [108]. On the other hand, global optimization is an offline mode of operation 

subject to thorough anticipation of system behavior or driving tendencies [109], [110]. This 

category uses a large tool, whether deterministic (Dynamic Programming (DP)[111], Linear 

Programming (LP)[112]) or heuristic (Genetic Algorithms (GA)[55], Particle Swarm 

Optimization (PSO)[113], and Simulated Annealing (SA)[114]) in order to minimize the 

consumption of fuel. Other interesting applications are stochastic dynamic programming[115], 

adaptive fuzzy-rule systems[116], and varying control-theoretic models[117], [118]. 

In contrast to the RB approaches, the OB approaches are mathematically used to determine a 

particular objective (e.g., the Cost of Energy minimization or the Fraction of Renewable Energy 

maximization) with the system constraints. The most popular type of OB algorithms are 

metaheuristic algorithms, which have become the norm of dealing with non-linear, complex 

search spaces of V2G system sizing. 

• Performance: Particle Swarm Optimization (PSO) and Genetic Algorithms (GA) 

are effective techniques that can be used to approximate the global optima when 

deterministic algorithms are not effective. Incidentally, research undertaking 

Multi-Objective PSO (MOPSO) has shown a maximum of 18% increment in 

renewable use and a 12-15% decrease in Cost of Energy (COE) than the ones that 

are baseline [119], [120], [121], [122]. 

• Trade-offs: The high computational complexity associated with mathematical 

accuracy of the techniques in the field of OB is a price to pay. Such algorithms as 

Model Predictive Control (MPC) provide almost global optimal solutions by 

predicting future states but require considerable processing power. The minimum 

principle (PMP) introduced by Pontyagin is a computationally complex method 

that is based on modeling approximations [67], [123], [124]. 
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Table 4. Algorithm Classification Based on Optimization. 

Approache

s 

Algorithm principal 

characteristic 

Advantages Drawbacks Ref. 

Optimisin

g in real 

time 

An strategy to 

minimizing 

equivalent fuel 

use is known as 

ECMS. 

Sensitive to driving 

cycles and may 

provide only locally 

optimal solutions. 

Cost function 

interpretation. Online 

utilization 

 

Main factor driving cycle 

sensitivity Locally 

Optimal Complexity of 

the system 

 

[120], 

[125] 

Decoupling 

control 

Increased control-

system complexity. 

controlling the state of 

charge (SoC) of the 

battery to guarantee 

ideal energy 

distribution. 

The system's complexity [126], 

[127] 

 

Robust control 

approach 

Requires 

sophisticated 

mathematical 

modeling. 

Improves fuel economy 

and power-split 

management under 

uncertainties. 

Used complicated 

mathematical formulas 

 

[119], 

[128] 

Model 

predictive 

control (MPC) 

Depends on 

accurate prediction 

of future driving 

conditions. 

Reduced complexity of 

computing Capacity to 

predict Solution near 

global optimality. 

Require in-depth 

understanding of driving 

trends 

. 

 [129], 

[130] 

Pontryagin’s 

minimum 

principle (PMP) 

High computational 

complexity and 

dependence on 

model accuracy 

Focuses on optimizing 

the overall trajectory of 

the system to achieve 

the most efficient 

performance 

It involves high 

computational 

complexity, demanding 

substantial processing 

power, and relies on 

modeling 

approximations, which 

may introduce 

inaccuracies in real-

world applications. 

[131], 

[132] 

Global 

optimizati

on 

 

SDP, or 

stochastic 

dynamic 

programming 

Applied to optimize 

fuel consumption in 

hybrid electric 

vehicles, helping to 

minimize energy 

usage 

To determine the 

optimal operating 

strategy for driving 

cycles, ensuring a 

robust implementation 

It is not designed to 

provide a real-time 

solution. Instead, it 

focuses on developing an 

optimal strategy based on 

pre-defined conditions 

and scenarios. 

[133], 

[134] 

Applying 

control theory 

Requires complex 

mathematical 

calculations 

Capable of achieving 

globally optimal 

energy management 

solutions. 

Using a complex 

calculation system 

[135] 
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Fuzzy rule-

based adaptive 

Requires extensive 

driving and 

operational 

information 

Enhances adaptability 

and improves fuel 

economy under varying 

driving conditions. 

Taking into account the 

driving information 

(roadway type, energy 

flow, and drive train), 

[136] 

AI, or artificial 

intelligence 

High 

implementation 

cost and 

computational 

requirements 

Fast convergence 

toward optimal 

solutions and improved 

sizing decisions. 

It can be costly, as it 

relies on specialized 

machines 

[137] 

Optimal control Requires advanced 

mathematical 

formulations. 

Forecasting future 

system behaviors and 

optimizing control 

actions. 

Applying Calculus of 

Variations and 

Derivatives 

[138] 

Simulated 

Annealing (SA) 

Computationally 

intensive for large-

scale applications. 

It solves power 

estimation problems 

efficiently, bypassing 

the need for complex 

equations. 

 [139] 

 

A Strategy for Learning-Based Energy Management 

The Learned-Based Energy Management Strategy is a control-oriented algorithm for machine 

learning applications, utilizing data mining techniques to provide real-time insights for enhanced 

system efficiency. It is divided into four primary categories: neural networks, supervised and 

unsupervised learning paradigms, and reinforcement learning frameworks[140], [141], [142]. In 

this perspective, a key difference between the Reactive-Based (RB) and Optimal-Based (OB) 

approaches is that the RB method does not use historical data for decision-making. 

Micro grid Sizing Optimization Algorithms 

The strategy for determining the optimum option from a variety of applicable solutions for a 

particular issue is known as optimization. The task of sizing and controlling power flow is 

particularly regarding renewable energy systems (RESs), because of the complexity of the 

desired function and the many features of system components. Stochastic and deterministic 

micro grid sizing optimization algorithms can be applied to overcome the constraints imposed by 

design variables[143], [144], [145]. In addition, compared to the deterministic approach, 

stochastic algorithms are much more probable to succeed. It is divided into two categories: 

heuristic and metaheuristic, which are subcategories of artificial intelligence (AI) algorithms 

[146], [147].  

Another way to describe the heuristic is as a method for striking a balance between 

exploitation and exploration, or between global and local search (also known as diversification 

and intensification). As a result, metaheuristic algorithms can efficiently improve calculation 

accuracy while decreasing computational complexity. Additionally, solve difficult optimization 

problems and get better-quality outcomes[148], [149]. Furthermore, because the two stochastic 

algorithms presented are interchangeable and there is no universally accepted definition for them 



Abodwair, A. A. Y. M., T. Guneser, M., et al. 
Optimizing Vehicle-to-Grid (V2G) System Sizing: A Review of…  

Year 2027 
Volume 15, Issue 1, 1140784 

 
 

Journal of Sustainable Development of Energy, Water and Environment Systems 13 

 

in the literature [150], [151]. Both traditional nature-inspired metaheuristic techniques or 

software tools can be implemented to optimize the size of hybrid system components. The three 

categories of nature-inspired algorithms, trajectory, evolutionary, and swarm are utilized to 

identify the best method for solving optimization problems. 

The software tools that have been published in the literature, like HOMER, In the field of 

modeling and control systems, tools like RETScreen, iHOGA, MATLAB/Simulink, and TRNSys 

have been widely utilized. These software tools are commonly employed in the power systems 

sector due to their well-established accuracy [120], [152], [153], [154], [155], [156], [157], 

[158]. However, they also encounter challenges such as black-box coding, the need for extended 

computational time, and difficulties in minimizing specific functions. Metaheuristic algorithms 

optimize the amount of components in hybrid systems by using software tools, which helps solve 

restrictions. Most of the key metaheuristic methods are the Cuckoo Search Algorithm (CSA), 

Antlion Optimization (ALO), and Particle Swarm Optimization (PSO). Although these 

algorithms are effective, one of the main challenges is the intricate computational equations 

needed to find an acceptable result. They are also helpful in the resolution of Vehicle-to-Grid 

(V2G) problems, including lowering production costs and power losses. Figure 4 demonstrates 

classifications of micro grid sizing algorithms. 

 

 
 

Figure 4. Classifications of micro grid sizing algorithms [159], [160]. 
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VEHICLE-TO-GRID SYSTEM ARCHITECTURES AND CONSTRAINTS 

Vehicle-to-Grid (V2G) systems enable bidirectional energy exchange between electric 

vehicles and the grid, supporting peak shaving, frequency regulation, renewable energy 

integration, and demand response. Their operation is constrained by battery degradation, user 

mobility, infrastructure, communication, and uncertainty. Mathematical programming, 

metaheuristic algorithms, and hybrid approaches are widely used to optimize V2G scheduling, 

while comparative analysis assesses their accuracy, speed, robustness, and scalability. 

Contributions of Vehicle-To-Grid to Energy Systems 

Vehicle-to-grid (V2G) generation permits electric automobiles to function as bidirectional 

power units, allowing their batteries to each draw electricity from and supply strength returned to 

the electric network [161], [162]. For this functionality to be finished, numerous critical elements 

have to be in region, including a reliable physical connection to the grid and powerful manage 

framework that manages the interaction among the automobile and the V2G operator , [160], 

[160], [162]. When these conditions are met, electric-powered automobiles can function as 

decentralized and flexible electricity assets, contributing to power machine assist. In this 

function, they assist enhance the resilience, stability, and operational performance of the grid 

with the aid of presenting services inclusive of lively and reactive energy regulation, load-

leveling, mitigation of current harmonics, and numerous ancillary services associated with 

voltage and frequency manage. 

Mathematical Programming 

Early V2G sizing research is overtaken by linear, mixed integer and stochastic programming 

methods. These techniques are globally optimality guaranteed with scalability and computational 

limitations in large-scale systems. 

Metaheuristic Algorithms 

Particle Swarm Optimization, Differential Evolution, Genetic Algorithms, and other related 

methods are gaining popularity since they are flexible and can address nonlinear multi objective 

problems. Reported findings indicate a reduction of costs of 5-25 per cent relative to the baseline 

strategies although with increased computational costs [160]. 

 Hybrid Approaches 

Hybrid EMSs balance between robustness and optimality between rule-based logic and 

optimization or learning parts. Although promising, its implementation is at the low technology 

readiness levels in most cases. 

Comparative Performance Analysis 

Table 5 demonstrates that metaheuristic and optimization techniques are widely applied to 

V2G sizing and energy-management problems involving hybrid renewable-energy systems. 

Methods such as MOPSO, PSO, GOA, MOSaDE, ALO, and hybrid control frameworks 

effectively address multiple objectives, including cost reduction, renewable-energy utilization, 

emissions mitigation, power-loss minimization, and optimal component sizing. The reported 

results indicate improvements such as lower cost, reduced CAPEX and NPC, increased 

renewable-energy fractions, and decreased greenhouse-gas emissions. However, most studies 

rely primarily on simulation-based validation, indicating the need for further experimental and 
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real-time implementation to verify robustness under practical operating conditions [161], [162], 

[163]. 

 
Table 5. Quantitative Review of Metaheuristic and Optimization Algorithms in V2G Sizing. 

Ref. System 

Configuration 

Grid 

Mode 

EMS / 

Optimization 

Approach 

Key 

Objectives 

Quantitative 

Outcomes 

(Reported) 

Validation 

Level 

[164] PV–WT–FC–

BT–EV 

On-

grid 

MOPSO + 

MPC 

Minimize 

COE, 

maximize 

RES 

utilization 

RES 

utilization ↑ 

~18%; COE 

↓ ~12% 

Simulation 

[165] PV–WT–BT–

EV 

On-

grid 

MOPSO+ 

MCS 

Minimize 

LPSP and 

COE under 

EV 

uncertainty 

COE ↓ 9–

15% vs 

baseline 

Simulation 

[166] PV–WT–BT–

EV 

On-

grid 

MOPSO Maximize 

REF, 

minimize 

COE and 

GHG 

REF ↑ 20%; 

GHG ↓ 17% 

Simulation 

[167] Multi-carrier 

MG + EV 

On-

grid 

PSO + MCS Optimal 

sizing and 

coordinated 

EMS 

NPC ↓ ~10% Simulation 

[168] PV–WT–BT–

EV 

Off-

grid 

GOA (vs 

PSO, CS) 

Minimize 

CAPEX, 

improve 

efficiency 

CAPEX ↓ 

14–19.3% 

Simulation 

[169] PV–WT–BT–

EV 

On-

grid 

PSO Minimize 

energy cost, 

smooth 

power 

Cost ↓ ~11% Simulation 

[170] PV–WT–DG–

BT–EV 

Off-

grid 

MOSaDE Minimize 

COE and 

LPSP 

COE ↓ ~13% Simulation 

[170] PV–WT–BT– Off- ALO, PSO, Minimize 

COE, 

COE ↓ 8– Simulation 
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EV grid HS, FA losses, NPC 16% 

[171] PV–WT–BT–

EV 

On-

grid 

HOMER Cost-

optimal 

sizing 

COE ↓ ~10% Simulation 

[172] PV–BT–EV On-

grid 

FIS-based 

EMS 

Cost 

reduction, 

peak 

shaving 

Peak load ↓ 

~15% 

Simulation 

 

 The level of validation shows whether the results were generated through simulation based only, 

experimental, or field validation. The majority of the studies reviewed are at the simulation level, 

which presents one of the research gaps. 

Key trends indicate that: 

• Rule-based EMSs are appropriate for small residential systems and less uncertainty. 

• Mathematical programming is best in well-defined, small, medium-sized systems. 

• Metaheuristic and hybrid methods can more effectively be used in the implementation of 

V2G systems that are large scale, multi objective, and demand additional machinery. 

systems that are large scale, multi objective, and require more machinery can have a 

better implementation with metaheuristic and hybrid methods. 

PRACTICAL IMPLEMENTION AND SCALABILITY CONSIDERATIONS  

Although the simulation showed promising outcomes, the real-world implementation is 

associated with difficulties that concern the computational complexity, communications latency, 

modelling battery degradation, and uncertainty about the user behavior. Few of them are 

experimentally validated, which means that there is a major gap in research. Vehicle-to-grid 

(V2G) systems enable electric vehicle (EV) batteries to operate as flexible, distributed energy 

resources by permitting electricity to flow in both directions between the vehicle and the power 

grid [173], [174].  

This bidirectional interaction allows EVs to contribute to several grid-support functions, 

including load leveling, frequency stabilization, and voltage regulation, thereby strengthening 

overall grid resilience. The V2G technology removes peak load stress, manages load distribution 

profiles and increases the system-wide efficiency through effective management of power 

exchange dynamics. Moreover, EVs enhance grid reliability through the ancillary service, 

namely reactive power injection. The synergy between Renewable Energy Sources (RES) and 

Electric Vehicle Charging Facilities (EVCF), which enables the operation of both the Grid-to-

Vehicle (G2V) and V2G operational modes, is confirmed by recent scholarship [175], [176]. 

Figure 5 illustrates the G2V and V2G bidirectional power flow diagrams. 

V2G is also unique in the broader Vehicle-to-Everything (V2X) ecosystem as it could have 

high-impact environmental and economic utility, including zero tailpipe emissions and 

potentially generate income through tariff arbitrage. However, there exist significant obstacles to 

mass implementation. These problems are complex, including both economic impediments such 

as high capital expenditure (CAPEX) and operational expenses as well as technical factors such 
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as battery degradation anxiety and the pressing need to have uniform communication protocols. 

A typical battery-electric car comprises of quite a number of crucial components such as an 

energy storage system, charging interface, DC/DC conversion unit, traction drive system, power 

electronic controller, onboard charger, and so forth, which together makes it possible to engage it 

in G2V interactions and V2G interactions [176], [177], [178]. 

 
Figure 5. The G2V and V2G bidirectional power flow diagrams[120], [179]. 

The types include, but are not limited to the US,  China, India, Indonesia, Nigeria, Turkey, 

Ethiopia, Japan, Kenya, Algeria, Germany, and Spain. Besides these countries, EV charging 

technology is also used for Brazil, Denmark, the Netherlands, Morocco, Malaysia, and the 

United Kingdom. While the above-mentioned countries exploit on EVs, Germany, UK, China, 

and USA much bigger pieces of the pie of EVs market [[180], [181], [182], [183], [184]. An 

electric motor's (EM) primary benefit is its ability to transform electrical energy from batteries 

into mechanical energy, which is then utilized to move vehicles forward[185].  

Compared to ICEVs, it is more desirable to favor EVs, most importantly: EVs are silent and 

eco-friendly[186], [187]. In addition, since RESs have boundaries in integrating a large number 

of RESs to generate electricity due to climatology, when assessed as a generation source, EVs 

are more reliable and more stable than RESs[188], [189]. But it stresses the grid significantly 

when used as a load. Manufacturers around the world offer vehicles with different engines to 

provide green electricity or zero-emission mobility[190], [191], [192], [193].  

The frequently used EVs for discharging and charging are electric vehicles including battery 

electric, hybrid, and plug-in hybrid types vehicles (PHEV, HEV, and BEV)[194], [195]. The 

PHEV, in contrast to HEVs, is capable of integration with grid and larger storage systems and is 

less reliant on oil. It is suitable for highway and city driving, It operates in dual modes of 

operation: charge-depleting and sustaining[196], [197]. As illustrated in Figure 6, residential and 

non-residential (commercial) stations are the two different kinds of charging stations. 
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Figure 6. Residential and non-residential (commercial) stations[198]. 

Electric vehicle (EV) Three basic power levels are used for charging: Level 1 (AC), Level 2 

(AC), and Level 3 (DC). Level 1 charging, which operates on single-phase power, is typically for 

on-board charging, charging takes a long time, and uses the SAE J1772 connector standard. In 

the U.S.  The price range for Level 1 charging installation is $500 to $880, and it's typically 

installed at homes or offices, requiring cables for use. Level 2 charging can operate on either 

three-phase or single-phase power, offers a shorter charging time compared to Level 1, and is 

more commonly preferred for private or public charging. It costs approximately $150 to install 

and uses either the SAE J1772 or IEC 61851-1 connector standards. Level 3 charging makes use 

of an off-board DC architecture, mostly used in commerce[199], [200], [201]. 

Notable ones are the CHAdeMO protocol that was developed by the Japanese. Such systems 

incur installation capital expenditure (CAPEX) that has a wide range of 3,000 to one hundred 

and sixty thousand dollars[202], [203]. Finally, the choice of power ratings, connector 

typologies, and circuit structures is determined by the particulars of the work of the Electric 

Vehicle Charging Station (EVCS) [204]. These technical specifications are outlined in Table 6, 

which maps the infrastructure requirements to places of deployment. 
 

Table 6. Structures of charging Electric Vehicles[205], [206], [207]. 

Category Classification Features 

Power Flow 

Direction 

Unidirectional 

- Used for charging (G2V mode). 

- Incorporates a diode rectifier and DC-DC converter. 

- Simplified design with fewer components. 

Bidirectional 

- Enables both charging (G2V) and discharging (V2G). 

- supports further services including frequency regulation 

and peak load shaving. 

- Useful for grid stabilization. 

Power Types 

AC 
- Alternating current with intermittent frequency. 

- Common for slower charging. 

DC 

- DC current with continuous flow. 

- Suitable for faster charging. 

- Allows charging without utility supplier approval. 

Charging 

Circuit 
On-board 

- Integrated within the vehicle itself. 

- Recharges whenever electricity is available. 
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Category Classification Features 

Communication - Less costly compared to off-board systems. 

Off-board 
- Located outside the vehicle (e.g., at charging stations). 

- Installation is more expensive. 

Wireless 
- Uses electromagnetic waves for charging. 

- Offers convenience and eliminates physical connectors. 

Contact Types 

Contactless 

- depends on wireless power transfer (WPT) or inductive 

power transfer (IPT). 

- Ideal for long-distance charging. 

Conductive 

- Both quick (DC fast charging or Level 3) and slow (Level 

1 and 2) charging are supported. 

- Best suited for short distances. 

 

The classification demonstrates that electric-vehicle charging technologies vary considerably 

in power-flow direction, supply type, circuit location, and connection method. Unidirectional 

charging offers simpler and more economical implementation, whereas bidirectional charging 

enables vehicle-to-grid services, peak shaving, and grid support. DC and off-board systems are 

generally better suited to fast charging, while AC and on-board configurations remain practical 

for routine charging. Wireless charging improves convenience and accessibility, whereas 

conductive charging provides higher efficiency and is currently more suitable for widespread 

short-distance applications. 

System Components 

The nature of three main subsystems of V2G-integrated microgrid, namely renewable 

generation, interaction architecture, and energy storage, limits the optimal sizing of a microgrid 

system.  This is to avoid the stochasticity of single-source generation this hybrid is selected to 

even out the curve of power supply; the solar optimal hours are often balanced with the wind 

pattern. The variable weather of the sun and the wind speed however introduces the variables of 

uncertainty which sizing algorithms must consider in order to ensure that a corresponding load 

reliability is attained [208], [209], [210], [211], [212], [213]. 

• Vehicle-to-Everything (V2X) Architecture:  The technical relationship between the EV 

and the grid preconditions the potential constraints of power flow. The Vehicle-to-

Everything (V2X) system must have bidirectional power converters and high-power 

communication interfaces (e.g., ISO 15118) to manage the flow of energy. The total power 

rating of these bidirectional chargers is limited by the hard limit of the volume of ancillary 

service that the fleet can provide to the grid in system sizing. 

• Energy Storage and Degradation:  A major variable decision variable insofar as energy 

storage is concerned is battery chemistry. Today Lithium-ion (Li-ion) technology is already 

established as the new standard of modern EVs as it has a higher energy density, efficiency 

and falling cost curve than older ones. Nevertheless, battery degradation is the primary 

restriction of usage. Aging and capacity deterioration effect have significant effects on long 

term economic sustainability of V2G projects. It is then concluded that the powerful Energy 

Management Strategies (EMS) must explicitly position the battery health models to the 

objective function, and the profit of arbitrage in the short run should compensate the 

nonlinear quality of the cost of decreasing the battery living. 
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CONSEQUENCES EV INTEGRATION FOR ELECTRICAL NETWORKS 

Vehicle-to-Grid (V2G) technology exerts both positive and negative influences on the power 

system. Positively, it supports grid stability through improved voltage and frequency regulation, 

enhances overall power quality, and enables more effective energy and demand-side 

management. On the other hand, unselective EV infiltration is also a significant problem to grid 

integrity. High-density adoption, as it is observed in [212], [213], [214], may create instability in 

voltage profiles and contribute to the worsening of peak congestion, which will eventually lower 

the quality of power. Figure 7 classifies these operational liabilities of V2G integration. 

 

 
Figure 7. Effects of implementing vehicle-to-grid technology[6], [82]. 

 

 Complex power control specifications are necessary to counter these instabilities. Table 7 and 

Table 8 compare the resulting systemic risks with the operational dividends. 
 Table 7. Synopsis of ancillary services and grid-stabilizing mechanisms conferred by EV  

Type of Impacts Remarks Effects 
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integration[142], [215], [216]. 

 Electric-vehicle integration can significantly enhance grid performance by improving power 

quality, supporting voltage and frequency regulation, and enabling more effective power 

management. Through coordinated charging, discharging, and energy management systems, EVs 

can reduce peak demand, optimize power flows, lower operating costs, and contribute to greater 

system stability and equipment longevity. Moreover, EVs can also facilitate higher penetration of 

renewable energy by absorbing surplus generation and supplying stored energy when renewable 

output is limited. However, these benefits depend on effective control strategies, reliable 

communication infrastructure, accurate forecasting, and proper management of charging 

uncertainty to prevent system degradation and adverse impacts on grid operation. Table 8  also 

illustrates that the grid impacts and power quality disturbances associated with uncontrolled EV 

loading.  
 

Table 8. Catalogue of adverse grid impacts, and power quality disturbances associated with 

uncontrolled EV loading[217], [218], [219]. 

 

Type of 

Impacts 

Remarks Effects 

Harmonic Voltage waveform distortion, resonance risk, 

electromagnetic interference (EMI), and 

degraded power quality. 

Results in poor power quality and 

EMI issues. 

Stability Voltage fluctuations, reduced system stability, 

and longer recovery times following 

disturbances 

Causes an unstable power system 

and prolonged recovery time to 

reach a steady state after 

disturbances. 

Power Quality 

Improvement 

It helps mitigate problems associated with poor power 

quality, including voltage imbalances, harmonic 

distortions, and excessive real power consumption. 

Affects the system's 

lifespan. 

Voltage and 

Frequency 

Stability 

Management 

It addresses the consequences of voltage surges and 

frequency fluctuations resulting from grid imbalances. 

Impacts system 

quality and lifespan. 

Power 

Management 

In practice, an effective Energy Management System 

(EMS) will organize the dynamics of power flows to 

reduce operational costs (OPEX) and optimize the 

service life of individual components at the same time, to 

strengthen the overall system stability. 

Can lead to system 

degradation. 

Renewable Energy 

Support 

Integrating renewable energy increases grid flexibility, it 

offers an environmentally sustainable solution while 

decreasing reliance on conventional energy sources. 

Comes with 

uncertainties related 

to renewable energy 

sources. 
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Rising Power 

Losses in the 

Grid 

Increased real power losses and reduced 

overall network efficiency. 

Consequently, it results in 

increased power losses in the 

electrical distribution network.. 

Phase and 

Voltage 

Imbalance 

Voltage unbalance, neutral current increase, 

voltage deviations, and deterioration of power 

quality. 

The operation of EV chargers may 

result in voltage drops and 

deviations at their grid 

interconnection points, potentially 

affecting local power quality. 

Load Demand 

Increase 

EV grid integration adds substantial load, 

causing challenges for utilities during peak 

load periods. 

Results in uncertainties for utilities 

during peak hours. 

Component 

Overloading 

Overloading is caused by high vehicle demand 

and the strain on other electric components. 

This additional load can negatively 

affect the operational lifespan of 

the system.. 

 

In this direction, uncontrolled electric-vehicle charging can impose substantial technical 

stress on distribution networks by increasing harmonic distortion, voltage fluctuations, phase 

imbalance, neutral currents, and real power losses. The simultaneous connection of numerous 

nonlinear EV chargers may degrade waveform quality, create electromagnetic interference, 

reduce system stability, and prolong post-disturbance recovery. These effects are particularly 

severe in weak grids and low-voltage feeders with limited hosting capacity. 

Moreover, rapid growth in EV charging demand can intensify peak loading and overload 

transformers, cables, and other network components, thereby accelerating equipment ageing and 

reducing operational lifespan. Effective charging coordination, phase balancing, harmonic 

filtering, demand-response programs, and intelligent energy management are therefore essential 

to mitigate these adverse impacts while maintaining reliable, efficient, and high-quality grid 

operation. 

 Interfacing Renewable Systems with Modern Grids 

This review of the literature summarizes the architectural paradigms, objective functions, as 

well as deployment scenarios currently used in the literature. Although a structural consistency 

can be deduced by looking at the nature-inspired optimization heuristics in detail, as in Table 9, 

which specifically lists them, core microgrid components are universally flexible in both 

islanded and grid connected topologies. Nevertheless, EV integration strategies are an exception 

with a significant number of cases needing different configuration logic depending on the grid 

connection status. Validation Methodologically, numerical simulation is the most common 

method of attaining validation.  

Computational engines like MATLAB are the major tools used in solving these complicated 

mathematical equations and validating the system performance indices. 

 

 

 
Table 9. Integration of RESs without EVs: The State-of-the-Art. 

Ref System Configuration Approach Objectives Scenario 

BT WT FC PV DG 
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[220] ✓ ✓ x ✓ x Economic 

CSA-PSO-

GA 

MCS 

• To address the optimization constraints, this 

paper applies the Crow Search Algorithm 

(CSA), and its application is compared with 

much used metaheuristics: The Genetic 

Algorithm (GA) and Particle Swarm 

Optimization (PSO). In addition to this, 

Monte Carlo Simulation (MCS) is called to 

find the best set-up of Photovoltaic (PV), 

Wind Turbine (WT), and Battery (BT) 

subsystems. The corresponding stochastic 

model is a measure of both the important 

reliability measures, namely the Loss of Load 

Expectancy (LOLE) and Expected Energy 

Not Supplied (EENS). 

Residential 

Off-grid 

[221] ✓ x x ✓ ✓ Mathematical 

model 

PSO 

• The main focus of this research is based on 

the Algerian operating environment, and it 

aims at minimizing the lifecycle costs of the 

system, the Loss of Load Probability (LOLP) 

and the carbon dioxide emission. The 

suggested Hybrid Microgrid System (HMGS) 

structure is built around Photovoltaic (PV) 

arrays and battery storage with support of 

Diesel Generators (DG). A solver, Particle 

Swarm Optimization (PSO), is used to 

calculate the preferred size of these parts. 

Benchmarking of the algorithmic output 

against HOMER software simulations is then 

done to ensure the output is rigorously 

benchmarked. 

Residential 

Off-grid 

[222] ✓ ✓ x ✓ x • MOPSO • This study aims at maximizing the 

Renewable Energy Fraction (REF) with the 

primary goal of maximizing the energy costs 

and Loss of Power Supply Probability 

(LPSP) minimized, but subject to stochastic 

meteorological constraints. The system is 

based on predictive mathematical modeling 

as the logic of its output. Thereafter, Multi-

Objective Particle Swarm Optimization 

(MOPSO) algorithm is used to outline the 

solution space. The accruing data have been 

stratified in a performance triad of Cost of 

Energy (COE) reduction, REF augmentation 

and Greenhouse Gas (GHG) mitigation. 

Residential 

On-grid 

[223] ✓ ✓ ✓ x x • MCS 

• PSO 

 

• The suggested Energy Management System 

(EMS) manages a heterogeneous topology of 

the microgrid. The Micro-turbines (MT), 

Fuel Cells (FC), Wind Turbines (WT) and 

Waste-to-Energy (WtE) units are called 

Generation assets that were integrated with 

boilers and anaerobic reactor-reformers. As 

far as the balance of plant in terms of 

Batteries (BT) and power conditioning 

interfaces (rectifiers/inverters) dimensioning 

is concerned it is done through Monte Carlo 

Simulation (MCS). The Particle Swarm 

Optimization (PSO) metaheuristic is then 

used to prove this sizing logic. 

Residential 

On-grid 
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[224] ✓ ✓ x ✓ ✓ • MATLAB 

is used to 

simulate the 

RB-EMS for 

performance 

assessment. 

• GOA 

 

• The objective is to find out the best 

arrangement and size of the elements of the 

micro grid system with the aim of attaining 

maximized efficiency and stable operation. 

In order to resolve the issue of optimization 

in terms of power, the Grasshopper 

Optimization Algorithm (GOA) is used, and 

the results are compared with those of the 

Particle Swarm Optimization (PSO) and the 

Crow Search (CS) algorithms. 

• The proposed system achieves reductions in 

capital cost, with decreases of 14% and 

19.3% observed under different operating 

scenarios. 

Residential 

Off-grid 

[225] ✓ ✓ x ✓ x • PSO 

coupled with 

a filter 

algorithm 

 

• The objective is to reduce energy costs 

while smoothing variations in the power 

supply. Particle Swarm Optimization (PSO) 

is applied to identify the optimal sizing of the 

system’s components. 

Residential 

On-grid 

In addition, a compilation of the research conducted on integrating EVs with PV and WT 

systems has been given in Table 10, which has highlighted the technical and operational aspects 

between PV and WT systems under load conditions in residential and business settings. Overall, 

the evaluated studies deal with EV integration in micro grid configurations, both standalone and 

grid-connected. Micro grids can be used in a variety of contexts, such as commercial, industrial, 

military, and residential ones[226]. Several studies have investigated charging loads at shopping 

malls, universities, military installations, and commercial venues in connection to various EV 

charging places. Residential charging, which accounts for about 32% of all energy use 

worldwide, is the subject of some studies.  

The charging time, power levels, and related expenses (charging rates) are the main 

distinctions between residential and commercial charging. Because residential charging is more 

cost-effective than commercial charging due to a variety of optimization and management 

strategies, it is frequently chosen. Further lowering overall charging costs are home charging's 

increased flexibility, reduced feed-in tariffs, and cost savings due to the absence of service 

fees[227], [228], [229]. To address sizing optimization issues in hybrid systems, two primary 

techniques are frequently employed: Single-Objective (SO) and Multi-Objective (MO) 

optimization. Due to its advantages, such providing the best answer for a particular problem, SO 

is used more often in the literature. Nonetheless, MO optimization is more complicated and time-

consuming, though, it addresses numerous mathematical equations and is intended to be applied 

in those situations when more than one objective function must be considered. MO method of 

decision making balances a number of goals. Furthermore, sizing optimization problems are 

usually addressed by the help of heuristic and metaheuristic algorithm[230], [231], [232]. 

 

Table 10. The most advanced off-grid and on-grid micro grid systems with electric vehicles in the 

literature. 

Ref 
System Architecture 

Approach Objectives Scenario  
BT WT FC PV DG 

[233], 

[234] 
✓ ✓ ✓ ✓ x 

•MOPSO 

•MPC 

•Matlab/Simulink 

• To describe the V2G system as a 

hybrid system that integrates EVs into 

the grid and is grid-connected with 

RESs.  

Residential 

On-grid 
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• To solve the energy management 

optimization and calculate and allocate 

the power for every time step using 

MOPSO  

• To increase the utilization of RESs by 

using MPC to plan PEV charging energy 

 

[235], 

[236] 
✓ ✓ x ✓ ✓ 

 

• MOSaDE 

 

 

• The MOSaDE algorithm is applied to 

optimize system performance by 

ensuring load satisfaction with low COE, 

minimal LPSP, and a maximized REF.  

• To achieve the best possible economic 

structure.  

• To employ EMS power techniques. 

Residential  

Off-grid  

[237], 

[238] 
✓ ✓ x ✓ x 

 

• ALO, PSO 

• HS, FA, and 

DE 

 

 

•In order to minimize COE, losses, and 

NPC in Iran, an off-grid system can be 

optimized by using ALO to determine 

the ideal value to satisfy load demand. 

 

Residential  

Off-grid  

[239] ✓ x x ✓ x 

 

• 

Matlab/Simulink 

 

 

• To control the flow of energy for a 

grid-connected system that uses a DC 

bus to satisfy demand and is integrated 

with RESs and batteries (PV-BT). 

 

Residential  

On-grid  

[240] ✓ ✓ x ✓ x 

 

• HOMER 

 

 

•Utilizing RESs to charge EVs in order 

to save money and generate investment; 

sizing system components (PV-WT-BT) 

using HOMER for EV charging in Izmir, 

Turkey as a case study. 

Residential  

On-grid  

[241] ✓ ✓ x ✓ x 

• MOPSO 

• MCS 

 

• To model and quantify the variability 

in the number of arriving and departing 

EVs. 

• To examine the LPSP and COE 

• Multi-Objective Particle Swarm 

Optimization (MOPSO) is employed to 

determine the optimal sizing of the 

system components 

Residential 

On-grid  

[242] ✓ ✓ x ✓ x 
• HGS 

 

•Utilizing the Hunger Games Search 

Algorithm (HGS), a system comprising 

PV-WT-BT-EV will be analyzed and 

optimized. 

 

Residential  

On-grid  

[243] ✓ ✓ x ✓ x 

• ABC 

• PSO 

 

• The study involves developing a 

mathematical model for a PV-WT-BT 

system integrated with EVs to analyze 

performance and interactions. 

• To minimize power exchange between 

EVs and the grid, thereby reducing 

system losses and achieving the lowest 

possible electricity costs in India. 

Residential  

On-grid  

[244] ✓ x x ✓ ✓ 
• HOMER pro 

 

• Creating sustainable electrification in 

Gaza by integrating biogas and solar 

Residential  

On-grid  
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with the main grid.  

• The residential area's simulation 

outcome was 2.30$ NPC and 

$0.438/kWh COE. 

 

[245] ✓ x x ✓ x 
• FIS 

 

• EMS for micro grids with EVs that use 

batteries and fuzzy inference systems 

(FIS) 

 

Residential  

On-grid  

[246] x ✓ x ✓ x 

• MPPT 

controller 

 

• Using MPPT to power large-scale EV 

charging stations with innovative grid-

connected wind and solar generation.  

• V2G technology implementation via a 

DC bus 

 

Residential  

On-grid  

[247] ✓ ✓ ✓ ✓ ✓ 

• MOPSO 

• NGA-II 

• MCS 

 

• This research executes a multi-scenario 

optimization of a complex heptagonal 

hybrid architecture integrating 

Photovoltaic (PV), Wind (WT), Battery 

(BT), Fuel Cell (FC), Electrolyzer (EL), 

Hydrogen Tank (HT), and Diesel (DG) 

assets. By using the Multi-Objective 

Particle Swarm Optimization (MOPSO) 

solver, the performance of the system is 

strictly compared to the Non-Dominated 

Sorting Genetic Algorithm II (NSGA-II). 

The essence is to find a combination that 

will reduce three competing variables, 

which are; Loss of Power Supply 

Probability (LPSP), Life Cycle Cost 

(LCC), and CO2 emissions. The Taguchi 

method and Monte Carlo Simulation 

(MCS) is used to describe the 

stochasticity of the RES generation and 

load demand to account systemic 

volatility, and dynamically incorporates 

the active use of dynamic Electric 

Vehicle (EV) behavioral profiles. 

Residential  

On-grid  

[248] ✓ ✓ x ✓ x 
• HOMER 

 

• It focuses on five different geoclimatic 

regions in China in the study to examine 

the techno-economic viability of 

integrating Battery Energy Storage 

Systems (BESS) with hybridRES (PV 

and WT). The main goal is to maximize 

the EV charging system, which is a 

successful compromise between fiscal 

suitability and decarbonization. 

• Sensitivity Analysis: This is a vigorous 

sensitivity framework which questions 

the stability of the system. In particular, 

it determines the elasticity of economic 

and reliability indices in relation to 

parametric changes in the base load 

demand, EV fleet dynamics, and battery 

storage kinetics. 

Commercial  

On-grid  
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    V2G integration validates domestic charging investments by delivering critical utility 

dividends, specifically, outage mitigation and generation capacity deferral. By transforming EVs 

into bidirectional grid assets, this architecture yields a dual economic advantage: monetizing 

discharge cycles for grid support while directly compressing household electricity expenditures.  

 

CRITICAL SYNTHESIS AND DECISION FRAMEWORK  

The literature reveals a distinct trade-off between solution accuracy and computational speed. 

Table 11 depicts the selection of algorithm framework selection. 

• Rule-Based (RB) and Optimization-Based (OB): Rule-Based (RB): RB (deterministic) 

algorithms are highly used in real-time due to low penalization (execution time of less 

than one second). They on the other hand rely on pre-programmed levels that do not 

mirror dynamically pricing markets and result in sub-optimal returns to the economy. 

Instead, the global search space can be optimally brought to 10-15 percent cost savings 

using metaheuristic methods (e.g., PSO, GA), which place very high processing hardware 

requirements and thus are not as well adapted to low-cost embedded controllers. 

 
Table 11. Algorithm Selection Framework[120], [248], [249], [250]. 

Scenario Priority Goal Recommended 

Approach 

Justification 

Real-time / Embedded System Stability & 

Speed 

Rule-Based / Fuzzy 

Logic 

Low latency required; 

exact optimality is 

secondary to stability. 

Day-ahead Planning Economic Profit 

(Arbitrage) 

Metaheuristic (PSO/GA) Computation time is not 

critical; finding global 

optimum maximizes 

profit. 

Complex Microgrid Multi-objective (Cost 

+ Life) 

Hybrid (e.g., GA-PSO) Overcomes premature 

convergence of single 

algorithms. 

The algorithm-selection framework demonstrates that no single optimization method is 

universally suitable for all energy-management scenarios. Real-time and embedded applications 

require rapid and stable decision-making; therefore, rule-based and fuzzy-logic approaches are 

preferred because of their low computational burden and short response time. Although these 

methods may not always provide globally optimal solutions, their reliability and speed make 

them appropriate for safety-critical and time-sensitive control tasks. For day-ahead planning, 

metaheuristic algorithms such as particle swarm optimization and genetic algorithms are more 

suitable because sufficient computation time is available to search for economically optimal 

schedules. In complex microgrids involving competing objectives, such as operating cost, battery 

lifetime, reliability, and emissions, hybrid algorithms can provide a better balance between 

exploration, convergence speed, and solution quality. Consequently, algorithm selection should 

be based on the application timescale, computational resources, system complexity, and required 

optimization objectives. 

 

RESEARCH GAPS AND FUTURE DIRECTIONS 
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The literature has decided on Rule-Based Energy Management System (RB-EMS) as the 

most significant supervisory system in response to the shortcomings of the planning that exists in 

hybrid grid-connected systems. The system of microgrid control is widespread, RB-EMS offers a 

clear and heuristically oriented organization of the control on the dynamics of power flows [9, 

153]. Natural uncompromisingness is present in the architecture, though, in using non-adaptable, 

expert-authored logic will tend to preclude the possibility that performance can be optimal 

globally, and will tie performance to the subjective competence of the designer. In order to 

improve the performance of RB-EMS, scholars have proposed its addition to other sophisticated 

algorithms such as Improved Ant Lion Optimizer (IALO).  

This nature-based algorithm is capable of maximizing power and size aspects of the micro 

grid, which offers an adaptive and automated process that minimizes the use of human control 

and can potentially overcome some RB-EMS constraints. Combining RB-EMS and IALO may 

thus enhance the control and efficiency of the hybrid grid-connected micro grids that are 

integrated to EVs. Nonetheless, combining different energy sources and the unpredictability of 

the number of vehicles contribute to overloading, V2G integration problem. 

 In this way, the difficulty mentioned above can be researched further. The issue mentioned 

above could be addressed by scheduling the charging process either at night or daytime. The 

Stochastic Monte Carlo Method (SMCM) is often used as a stochastic method to determine the 

effect on the electrical load when a variable and uncertain number of electric vehicles (EVs) 

have been introduced into grid-connected systems. 

The analyzed studies show that no single EMS or optimization technique can meet all of the 

technological, economic, and computational criteria of V2G-enabled microgrids. Instead, the 

viability of any strategy is heavily dependent on the operational scale, uncertainty level, 

computational resources, and control objectives. 

Rule-based EMS techniques are still popular for real-time applications due to their simplicity, 

resilience, and minimal computing overhead. However, their reliance on established expert rules 

restricts their adaptability to dynamic power pricing, stochastic renewable generation, and 

unpredictable EV charging behavior. As a result, whereas RB techniques perform well in 

operational dispatching, they are often insufficient for global sizing optimization problems with 

multidimensional search spaces. 

Optimization-based and metaheuristic techniques, such as PSO, GA, and MOPSO, offer 

greater global search capacity and economic performance. Several evaluated studies found COE 

savings ranging from 10% to 20% compared to traditional baseline procedures. Nonetheless, 

these technologies add significant computational complexity and frequently need high-

performance computing resources, making them unsuitable for embedded or low-cost real-time 

applications. 

Hybrid EMS frameworks that combine rule-based logic with optimization or learning 

algorithms appear to strike the best balance between operational reliability and global optimality. 

However, the bulk of documented implementations are limited to simulation environments, with 

only a few studies offering experimental validation, hardware-in-the-loop testing, or real-world 

pilot deployment. 

Another significant problem found in the literature is the limited incorporation of battery 

deterioration models and EV user-behavior uncertainty into optimization objectives. Most 

present research focus on short-term economic improvements while underestimating long-term 

battery aging costs and stochastic charging patterns. This identifies a significant research gap for 

potential large-scale V2G adoption. Therefore, future research should focus on: scalable hybrid 

EMS architectures; real-time adaptive optimization; battery-aware objective functions; 
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uncertainty-aware stochastic optimization; and experimentally verified V2G deployment 

frameworks. 

CONCLUSION  

The paper presented a critical review of the sizing of the Vehicle-to-Grid (V2G) system and 

energy management algorithm in modern microgrids. The comparative study of the Rule-Based 

(RB) control techniques and the metaheuristic optimization techniques disclosed the strengths, 

and the weaknesses, of the two techniques. As it was revealed, Rule-Based approaches are highly 

suitable within the framework of real-time operational control as they are easy, need minimal 

calculations, as well as they can easily be implemented. These characteristics make them useful 

in systems that have high demands in terms of decision making and stability of the systems is 

paramount. Metaheuristic optimization algorithms on the other hand were demonstrated to do 

better in system sizing, economic dispatch and multi-objective optimization problems of 

complexity.  

This enables them to explore a far broader solution space, which has higher chances of 

finding the optimal fit to the nonlinear constraints and uncertainly that are commonly found in 

the microgrid setups. However, they are too expensive to implement them directly in real-time 

controlled systems. Based on these findings, the next research should be guided by hybrid energy 

management control methods in which the accuracy and global search capability of metaheuristic 

optimization methods can be integrated with the efficiency and speed of Rule-Based control in 

managing the next generation control. These compounds would significantly improve the 

effectiveness of functionality and economic viability in the V2G enabled microgrids. Secondly, 

the study also emphasizes the importance of simulation based outgrowing research. As much as a 

simulation is an excellent method of obtaining useful information, the validity in the real world 

must be verified through experimental methods of validation with laboratory prototypes and 

hardware-in-the-loop tests and pilot implementations. Advancement of experiment 

implementation will essentially contribute to demonstrations of technical performance and 

viability of V2G integration on the smart grid of the future. 
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