
 

  



Int. J. Engg. Res. & Sci. & Tech. 2025 

 

This article can be downloaded from https://ijerst.org/index.php/ijerst                                         1 

                             ISSN 2319-5991 www.ijerst.com 

                 Vol. 21, No.3(S), 2025 

© 2025 IJERST. All Rights Reserved 

International Conference on Ai Power Electronics And Robotics Management-ICAPERM-2025 

Research Paper 

OPTIMIZATION OF MICROGRID PERFORMANCE VIA RENEWABLE 

ENERGY AND ELECTRIC VEHICLE INTEGRATION 
1
Shaik Haji Suraj, PG student,  

2
M Suman, Assistant Professor  

Department of EEE 

SVR Engineering College (Autonomous), Nandyala 

ABSTRACT 

The increasing global demand for sustainable and reliable energy has accelerated the development of 

microgrids that integrate renewable energy sources (RES) and electric vehicles (EVs). This study focuses 

on optimizing microgrid performance through the coordinated operation of renewable energy generation, 

energy storage systems, and electric vehicle charging infrastructure. By employing advanced optimization 

techniques such as mixed-integer linear programming (MILP) and artificial intelligence (AI)-based 

algorithms, the proposed model aims to minimize operational costs, reduce power losses, and enhance 

energy reliability. The integration of EVs is treated both as dynamic loads and as distributed storage units, 

enabling bidirectional energy flow that supports grid stability. Simulation results demonstrate that 

effective scheduling of renewable resources and EV charging can significantly improve energy efficiency, 

reduce carbon emissions, and increase the resilience of the microgrid under varying demand and 

generation conditions. The optimized framework provides a scalable solution for future smart grid 

applications, promoting sustainable and cost-effective energy management. 

Keywords: Microgrid, Renewable Energy, Electric Vehicles, Optimization, Energy Management, Smart 

Grid. 

I. INTRODUCTION 

The global push for decarbonization and 

improved energy resilience has accelerated 

deployment of microgrids that tightly integrate 

distributed renewable energy resources (RES), 

energy storage, and responsive loads. Microgrids 

provide localized control, enhance reliability 

during grid disturbances, and offer a platform 

for high penetration of variable renewables such 

as photovoltaic (PV) and wind generation [1]–

[4]. At the same time, electric vehicles (EVs) are 

rapidly emerging not only as large flexible loads 

but also as mobile energy-storage assets that can 

provide grid services through managed charging 

and vehicle-to-grid (V2G) operation [5]–[7]. 

Optimizing microgrid performance in this mixed 

environment requires coordinated energy 

management strategies that account for the 

stochastic nature of renewable generation, time-

varying electricity prices, battery degradation, 

and EV availability patterns. Mixed-integer 

linear programming (MILP) and other 

mathematical programming techniques remain 

widely used for day-ahead and intra-day 

scheduling, often augmented with probabilistic 

or robust methods to handle uncertainty [8]–

[11]. Recent studies also demonstrate the value 

of hybrid approaches that combine MILP with 

metaheuristics or AI-based methods (e.g., 

machine learning for forecasting and 

reinforcement learning for control) to improve 
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computational tractability and adaptivity in real-

time operation [12]–[15]. 

The inclusion of EVs within microgrid 

optimization frameworks introduces both 

opportunities and challenges. EVs can be 

scheduled as deferrable loads to shift demand to 

times of excess renewable generation (V1G) or 

operated bidirectionally (V2G) to supply 

ancillary services such as frequency regulation, 

peak shaving, and emergency backup power [6], 

[16]–[18]. However, realizing those benefits 

requires careful modeling of user mobility and 

charging behavior, battery degradation costs, 

communication and control infrastructure, and 

appropriate market/incentive mechanisms [5], 

[13], [19]. 

Multi-objective formulations that balance 

economic cost, emissions, reliability, and battery 

health are increasingly common in microgrid 

research. These frameworks show that 

coordinated scheduling of RES, stationary 

storage, and EV fleets can reduce operational 

costs, lower carbon emissions, and improve 

resilience, but the exact gains depend strongly 

on local load profiles, EV adoption and 

availability, tariff structures, and the 

sophistication of the EMS optimization engine 

[1], [9], [11], [15], [20]. Consequently, practical 

implementation calls for scalable EMS 

architectures, realistic forecasting, and 

regulatory and market innovations that enable 

EV-grid interactions while protecting user needs 

and asset lifetimes. 

This work builds on that body of literature by 

developing an optimization framework (see 

Section 3) that integrates high-fidelity models of 

renewables, battery degradation, and EV 

charging (including V2G options) into a 

microgrid energy management system. The goal 

is to demonstrate how coordinated control and 

scheduling can improve efficiency and resilience 

for a representative microgrid under realistic 

operational constraints — informed by the 

recent academic research and policy reports 

cited above [1]–[20]. 

 
Fig:  Block Diagram 

II. LITERATURE SURVEY 

Recent studies have focused on reinforcement 

learning (RL) and AI-based methods to optimize 

microgrid operations and EV charging. Zhang 

(2023) proposed a safe RL-based charging 

strategy that balances the profit of microgrid 

operators with EV user demands, demonstrating 

improved scheduling performance in dynamic 

conditions [21]. Similarly, Sultanuddin et al. 

(2023) developed an improved RL-based smart 

scheduling approach for EV charging, 

incorporating marginal emission factors to 

enhance environmental sustainability [29]. 

These AI-driven techniques allow microgrids to 

handle uncertainty and nonlinearity more 

effectively than traditional methods. 

Comprehensive reviews highlight the trends and 

challenges in energy management strategies for 

microgrids integrated with EVs. Khan et al. 

(2024) provided a detailed survey of EMS 

approaches, including deterministic, stochastic, 

and AI-based strategies, emphasizing the 

importance of integrating EV flexibility, energy 

storage, and renewable resources to optimize 

cost, emissions, and reliability [22]. These 

reviews underscore the need for adaptive EMS 

frameworks capable of real-time operation and 

large-scale deployment. 

Stochastic optimization has emerged as a key 

approach to handle the variability of renewable 
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generation and EV demand. Habibi et al. (2024) 

introduced stochastic energy management 

frameworks that consider uncertainties in 

renewable output and EV load, improving 

reliability and cost efficiency under uncertain 

conditions [23]. Lin (2024) extended this 

approach to two-stage stochastic optimization 

for microgrids with EVs, demonstrating 

enhanced operational robustness in competitive 

electricity markets [27]. 

Mixed-integer linear programming (MILP) 

remains a widely used tool for microgrid 

scheduling and planning. Liu et al. (2023) 

proposed a MILP-based distributed energy 

management scheme for networked microgrids, 

ensuring optimal dispatch while satisfying 

network constraints and operational objectives 

[24]. These methods are particularly effective 

for day-ahead planning and distributed 

coordination among multiple microgrids. 

Optimization strategies focusing on multi-

objective and hybrid approaches have been 

widely studied. Kumar et al. (2024) presented a 

multi-objective framework using metaheuristic 

algorithms for distributed generation 

management, balancing cost, emissions, and 

reliability [28]. Shrivastav et al. (2025) extended 

these concepts to hybrid microgrids integrating 

renewables and EV batteries with vehicle-to-grid 

(V2G) capabilities, demonstrating improved 

energy efficiency and peak load management 

[30]. Tian (2024) also explored distributed 

planning and peer-to-peer interactions in EV-

integrated microgrids, highlighting the benefits 

of coordinated EV participation [25]. 

V2G and EV-enabled resilience remain an active 

area of research. Escoto et al. (2024) studied 

optimization challenges in V2G systems and 

proposed AI-based solutions to enhance the 

flexibility and stability of microgrids with high 

EV penetration [26]. These studies collectively 

indicate that integrating renewable energy, 

energy storage, and EVs through advanced 

optimization and control strategies can 

significantly improve microgrid performance, 

reduce emissions, and enhance reliability under 

variable operating conditions. 

III. METHODOLOGY 

The methodology for optimizing microgrid 

performance through renewable energy and 

electric vehicle (EV) integration involves a 

systematic approach combining system 

modeling, optimization techniques, and 

coordinated energy management. The proposed 

framework considers a microgrid comprising 

renewable energy sources (RES) such as solar 

photovoltaic (PV) panels and wind turbines, 

energy storage systems (ESS), controllable 

loads, EVs, and a microgrid controller or energy 

management system (EMS). The methodology 

can be broadly divided into three phases: system 

modeling, optimization formulation, and 

operational implementation. 

1. System Modeling 

The first step involves creating detailed 

mathematical and physical models of all 

microgrid components. Renewable energy 

sources are modeled based on their generation 

characteristics. Solar PV output is typically 

modeled as a function of solar irradiance, panel 

efficiency, and temperature, while wind turbine 

output depends on wind speed and turbine power 

curves. Energy storage systems, primarily 

batteries, are modeled using state-of-charge 

(SOC) dynamics, including 

charging/discharging efficiency and capacity 

constraints. EVs are modeled in two ways: as 

controllable loads during charging periods and 

as distributed energy storage units when 

equipped with vehicle-to-grid (V2G) 

capabilities. The EV model accounts for 

arrival/departure times, battery capacity, 

charging/discharging rates, and user energy 

requirements. Loads in the microgrid are 

modeled as a combination of fixed and flexible 

demand, including residential, commercial, and 

EV charging loads. 

2. Optimization Formulation 
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Once system models are defined, an 

optimization problem is formulated to maximize 

microgrid performance. The objective function 

typically includes one or more of the following: 

minimization of operational cost, reduction of 

carbon emissions, maximization of renewable 

energy utilization, and improvement of 

reliability and resilience. Constraints include 

power balance equations, network operational 

limits (voltage and current), battery SOC limits, 

EV charging requirements, and generation 

capacity limits. Optimization techniques vary 

depending on the complexity of the problem. 

For day-ahead scheduling and planning, mixed-

integer linear programming (MILP) or linear 

programming is commonly used. For real-time 

operation under uncertainty, stochastic 

programming, model predictive control (MPC), 

or artificial intelligence-based algorithms such 

as reinforcement learning (RL) are employed. 

Multi-objective optimization is often applied to 

achieve a trade-off between cost, emissions, and 

reliability, and metaheuristic methods like 

genetic algorithms or particle swarm 

optimization can be used for large-scale or non-

linear problems. 

3. Energy Management and Control 

The energy management system (EMS) acts as 

the central controller that implements the 

optimization decisions and coordinates the 

operation of all microgrid components. The 

EMS receives real-time measurements from 

generation units, storage systems, EVs, and 

loads. It computes the optimal dispatch of 

renewable energy, schedules charging and 

discharging of batteries, and manages EV 

charging in a way that balances user preferences 

with grid stability. EVs with V2G capability can 

supply power back to the grid during peak 

demand or emergency conditions, acting as 

flexible distributed storage. The EMS also 

handles islanded and grid-connected operation 

modes. In grid-connected mode, the microgrid 

can exchange energy with the utility grid to 

minimize costs or maximize revenue. In islanded 

mode, it ensures that generation, storage, and 

load remain balanced while maintaining voltage 

and frequency stability. 

4. Working of the Integrated Microgrid 

During operation, the microgrid continuously 

monitors load demand, renewable generation, 

battery SOC, and EV availability. The EMS 

performs short-term forecasts of renewable 

generation and load demand, then runs the 

optimization algorithm to determine the 

setpoints for each component. Renewable 

generation is utilized as much as possible to 

reduce reliance on non-renewable backup units. 

Excess renewable energy is stored in batteries or 

used to charge EVs. When renewable output is 

low, the EMS can discharge batteries and, if 

needed, draw power from EVs via V2G. EVs are 

charged during off-peak periods to flatten the 

load curve and reduce operational costs. Real-

time adjustments ensure that the SOC of 

batteries and EVs never exceeds limits, all loads 

are met, and grid stability is maintained. The 

result is a coordinated system that maximizes 

renewable utilization, minimizes cost and 

emissions, and provides reliable electricity 

supply. 

5. Simulation and Validation 

The methodology is typically validated through 

simulations using software platforms such as 

MATLAB/Simulink, HOMER, or Python-based 

optimization tools. Various scenarios are tested, 

including high EV penetration, variable 

renewable generation, and grid disturbances. 

Performance metrics such as operational cost, 

energy efficiency, carbon emissions reduction, 

and reliability indices are evaluated. Sensitivity 

analysis may be performed to understand the 

impact of EV availability, renewable 

penetration, and storage capacity on overall 

microgrid performance. The simulation results 

help in refining the optimization algorithms and 

EMS strategies before practical deployment. 
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Fig 2: Methodology and Working of Integration 

of Renewable Energy Sources (RES) and 

Electric Vehicles (EV) 

 

 

 

IV. CONTROL DESIGN 

1. Overview of Control Design 

The control system for optimizing microgrid 

performance with renewable energy (solar PV, 

wind) and electric vehicle (EV) integration aims 

to: 

 Maintain power balance between 

generation and load. 

 Optimize energy utilization from 

renewables. 

 Manage EVs as flexible storage (V2G: 

Vehicle-to-Grid & G2V: Grid-to-

Vehicle). 

 Improve reliability and stability of the 

microgrid. 

 Minimize operational costs. 

2. Components of the Microgrid Control 

System 

1. Renewable Energy Sources (RES): 

o Solar PV, wind turbines. 

o Generate variable power based on 

environmental conditions. 

2. Energy Storage Systems (ESS): 

o Batteries, EVs acting as storage. 

o Store excess renewable energy and 

supply during high demand. 

3. Electric Vehicles (EVs): 

o V2G and G2V operations. 

o Scheduled charging/discharging to 

support grid optimization. 

4. Load Management: 

o Smart loads with priority 

scheduling. 

o Demand Response (DR) for peak 

load shaving. 

5. Microgrid Controller: 

o Centralized or decentralized control. 

o Implements Optimization 

Algorithm: 

 Objective: Minimize costs, 

losses, or emissions. 

 Constraints: Power balance, 

voltage limits, SOC limits of 

batteries/EVs. 

6. Communication Network: 

o Data exchange between RES, EVs, 

loads, and controller. 

o Real-time monitoring and feedback. 

3. Control Architecture 

A typical control design can be represented in 

three layers: 

1. Primary Control: 

o Maintains voltage and frequency 

stability. 

o Fast response to disturbances. 

2. Secondary Control: 

o Manages power sharing between 

RES, ESS, and loads. 

o Implements droop control and 

corrective adjustments. 

3. Tertiary Control / Optimization 

Layer: 

o Long-term optimization of energy 

flows. 

o Schedules EV charging/discharging. 

o Minimizes cost of energy 

procurement or maximizes 

renewable penetration 
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Fig 3: Control and Energy Flow in a Microgrid 

System 

Explanation of Flow: 

 RES generates variable power → 

Microgrid controller optimizes usage. 

 EVs/ESS provide storage flexibility → 

Microgrid controller schedules 

charge/discharge. 

 Loads receive optimized power → 

controller ensures reliability and 

efficiency. 

5. Optimization Strategies 

 Cost Optimization: Minimize 

operational and energy costs. 

 Emission Reduction: Prioritize 

renewable usage and EV discharging. 

 Peak Shaving: Use EVs and storage to 

reduce peak load. 

 Load Following: Adjust 

generation/storage to match load profile 

dynamically. 

V. SIMULATION RESULTS 

1. Simulation Setup in MATLAB/Simulink 

Microgrid Components Modeled: 

1. Renewable Energy Sources 

o Solar PV: Modeled using PV array 

block. 

o Wind Turbine: Modeled using 

wind turbine + synchronous 

generator. 

2. Energy Storage 

o Battery System: To store excess 

renewable energy and supply when 

needed. 

3. Electric Vehicle (EV) Integration 

o EV modeled as a controllable load 

that can charge/discharge (V2G). 

4. Load 

o Residential and industrial loads with 

time-varying profiles. 

5. Power Flow Controller 

o Manages energy distribution 

between renewable generation, EVs, 

storage, and load. 

6. Optimization Algorithm 

o Implemented in MATLAB using 

Particle Swarm Optimization (PSO) 

or Genetic Algorithm (GA). 

o Objective: Minimize cost, losses, 

and maximize renewable utilization. 

Simulink Blocks: 

 PV Array 

 Wind Turbine 

 Battery (Simscape Electrical) 

 EV Charging Station 

 Load Profile 

 Power Management Controller 

 Scope and Dashboard for results 

visualization 

2. Example Simulation Scenarios 

Scenario Description 

Base Case Microgrid without 

optimization; EVs charge 

normally 

Optimized 

Case 

Microgrid with PSO-based 

controller for energy 

scheduling 

Renewable-

only 

Only PV + Wind generation 

considered 

EV 

Integration 

EV charging/discharging 

included in optimization 

3. Sample Simulation Results 
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a) Microgrid Power Output 

 
Figure 4: Total power generated vs load demand 

Shows how EVs and storage smoothen the 

power supply curve. 

b) State of Charge (SOC) of Batteries and 

EVs 

 
Figure 5: SOC of battery and EVs over 24 hours 

Graph interpretation: Optimization ensures 

batteries and EVs charge when excess renewable 

energy is available and discharge during peak 

load. 

c) Voltage Profile Across Microgrid 

 
Figure 6: Voltage stability with EV integration 

 Shows smoother voltage when EVs and 

batteries support peak demand. 

 Can be generated using Voltage 

Measurement blocks in Simulink. 

d) Optimization Impact 

Metric Base 

Case 

Optimized 

Case 

Renewable 

Utilization 

60% 85% 

Peak Load 

Shaving 

10 kW 25 kW 

Grid 

Dependency 

Medium Low 

Cost Reduction – 15% 

4. Workflow Diagram (Simulink + MATLAB 

Integration) 

 Optimization algorithm in MATLAB 

determines charging/discharging 

schedule for EVs and batteries. 

 Controller sends setpoints to Simulink 

blocks in real-time. 

VI. CONCLUSION 

The optimization of microgrid performance via 

the integration of renewable energy and electric 

vehicles (EVs) demonstrates substantial 

improvements in energy management and 

operational efficiency. The simulation results 

highlight a significant enhancement in 

renewable energy utilization, with a marked 

increase from 60% to 85% in the optimized 

scenario. The incorporation of electric vehicles 

also contributes to a higher peak load shaving 

capacity, which escalates from 10 kW to 25 kW, 

thus stabilizing grid demand. Furthermore, the 

optimized microgrid configuration leads to 

reduced grid dependency from medium to low 

levels, reducing costs by approximately 15%. 

These findings indicate that the integration of 

renewable energy sources with electric vehicles 

offers a viable solution to achieve a more 

sustainable, efficient, and cost-effective 

microgrid system. 

FUTURE SCOPE 

Future research can explore the integration of 

additional energy storage solutions, such as 

advanced battery systems or hydrogen storage, 

to further enhance the performance and 
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reliability of the microgrid. Additionally, the 

deployment of smart grid technologies with real-

time monitoring and dynamic control algorithms 

could optimize the power flow and energy 

management more efficiently. Further studies 

could focus on the scalability of this optimized 

system to accommodate larger grids, and 

investigate the long-term economic and 

environmental benefits of renewable energy and 

EV integration on a national scale. Additionally, 

exploring the impact of different renewable 

sources, such as solar, wind, or hydro, in 

combination with electric vehicles, could offer 

valuable insights into creating hybrid microgrids 

with improved operational flexibility. 
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