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Abstract: The rapid proliferation of electric vehicles (EVs) poses significant challenges to conventional power systems, including increased 

peak demand, voltage instability, and transformer overloading. Integrating renewable energy sources, particularly photovoltaic (PV) systems, 

with EV charging infrastructure offers environmental and operational benefits, but introduces variability and uncertainty in power supply. To 

address these challenges, this paper proposes an adaptive fuzzy logic–based energy management framework for a PV–grid–battery integrated 

EV charging station. The system employs a common DC bus architecture to coordinate power flow among PV generation, battery energy 

storage, the utility grid, and EV charging loads. Incremental conductance–based maximum power point tracking (MPPT) is implemented for 

optimal solar energy extraction, while a bidirectional DC–DC converter regulates battery charging and discharging. The fuzzy logic controller 

supervises real-time power management, enabling seamless transitions between grid-connected and grid-outage scenarios, ensuring 

uninterrupted EV charging. Simulation results demonstrate stable DC bus voltage, effective battery state-of-charge regulation, improved 

renewable energy utilization, and reduced grid dependency. Comparative analysis with conventional PI, droop, ANN, and MPC-based methods 

indicates superior performance in efficiency (96%), fault ride-through capability, and response time (18 ms). The proposed methodology 

provides a scalable, intelligent, and grid-friendly solution for sustainable EV charging infrastructure. 

 

Key Words: Electric Vehicle (EV) Charging, Fuzzy Logic Controller (FLC), Photovoltaic (PV) Integration, Battery Energy Storage System 

(BESS), Energy Management System (EMS), Grid support. 

 

I. INTRODUCTION 

The rapid electrification of the transportation sector has emerged as a key strategy for reducing greenhouse gas emissions, 

mitigating urban air pollution, and decreasing dependence on fossil fuels. Electric vehicles (EVs) are increasingly being adopted 

worldwide due to advancements in battery technology, supportive government policies, and declining vehicle costs. Despite these 

benefits, the large-scale deployment of EVs introduces significant challenges to existing power systems, particularly in terms of 

increased peak demand, voltage instability, transformer overloading, and power quality degradation. These challenges are further 

exacerbated by the widespread use of fast-charging infrastructure, which draws high power levels within short time intervals. 

To address these issues, the integration of renewable energy sources, especially photovoltaic (PV) systems, into EV 

charging infrastructure has gained considerable attention. PV-assisted EV charging stations offer environmental and economic 

benefits by reducing carbon emissions and alleviating grid stress during peak demand periods. However, the intermittent and 

stochastic nature of solar energy introduces new operational challenges, including power fluctuations and reliability concerns. 

Consequently, battery energy storage systems (BESS) are increasingly incorporated to buffer renewable variability, support 

uninterrupted charging, and enhance system resilience during grid disturbances. 

In recent years, grid-connected and grid-supportive EV charging stations have evolved into complex cyber-physical 

systems that require intelligent energy management strategies. Conventional rule-based or optimization-based control techniques 

often rely on precise system models and forecasts, making them less effective under uncertainty, rapid load variations, and non-

linear system dynamics. As an alternative, intelligent control techniques such as fuzzy logic controllers (FLCs) have demonstrated 

strong potential for managing multi-input, multi-output systems without requiring detailed mathematical models. Fuzzy logic-

based energy management systems can effectively handle uncertainties associated with renewable generation, battery state-of-

charge (SOC), grid conditions, and EV charging demand. 

Motivated by these challenges, this paper proposes a fuzzy logic–based energy management framework for a PV–grid 

integrated EV charging station with battery storage. The proposed system operates on a common DC bus architecture, enabling 

flexible and efficient power exchange among the PV array, battery energy storage, utility grid, and EV charging load. An 

incremental conductance-based maximum power point tracking (MPPT) algorithm is employed to maximize PV energy 

extraction, while a bidirectional DC–DC converter regulates battery charging and discharging. The fuzzy logic controller 

supervises power flow decisions in real time, ensuring uninterrupted EV charging under both normal grid operation and grid 

outage conditions. 
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1.1 Objectives of the Study 

The primary objectives of this research are as follows: 

1. To design a PV–grid–battery integrated EV charging station capable of delivering reliable and continuous charging under 

varying operating conditions. 

2. To develop a fuzzy logic–based energy management system that intelligently coordinates power flow among the PV 

system, battery storage, grid, and EV load. 

3. To ensure uninterrupted EV charging during grid disturbances or outages through seamless battery support. 

4. To evaluate the system performance in terms of DC bus voltage stability, power sharing, battery SOC regulation, and grid 

dependency reduction. 

 

II.LITERATURE REVIEW 

The rapid growth of electric vehicles (EVs) has been widely recognized as a key solution for reducing greenhouse gas 

emissions and mitigating air pollution caused by conventional internal combustion engine vehicles. According to the International 

Energy Agency, global EV adoption has increased exponentially due to supportive policies, declining battery costs, and growing 

environmental awareness [1]. However, large-scale EV integration introduces significant challenges for existing power systems, 

particularly related to charging infrastructure planning, grid stability, and energy management. 

Several studies have examined the planning and deployment of EV charging infrastructure. Deb et al. [2] presented a 

comprehensive review of charging infrastructure planning methods, highlighting the need for coordinated strategies to manage 

increased electrical demand and avoid grid congestion. Similarly, Yilmaz and Krein [4] reviewed charging power levels and 

charging technologies, emphasizing the impact of fast-charging stations on grid loading and power quality. The health and 

environmental motivations for EV adoption are further reinforced by the World Health Organization, which identified vehicular 

emissions as a major contributor to urban air pollution and public health risks [3]. 

Battery technology plays a crucial role in EV adoption and grid integration. Dunn et al. [5] analyzed the life-cycle energy 

consumption and greenhouse gas emissions of lithium-ion batteries, showing that recycling can significantly reduce 

environmental impact. The role of EV batteries as distributed energy storage resources has also been extensively studied. 

Kempton and Tomić [6] introduced the concept of vehicle-to-grid (V2G), demonstrating how EVs can provide ancillary services 

and support grid operations. Richardson et al. [7] further evaluated the impact of EV penetration on low-voltage distribution 

networks, identifying voltage deviations and transformer overloading as key concerns. 

To mitigate these challenges, optimal charging and energy management strategies have been proposed. Sortomme and 

El-Sharkawi [8] developed optimal unidirectional charging strategies to minimize grid stress while satisfying EV user 

requirements. Power quality issues arising from EV charging were analyzed by Pinto et al. [9], who reported increased harmonics 

and voltage fluctuations during high charging demand. These findings highlight the importance of intelligent control mechanisms 

for maintaining grid reliability. 

Energy storage systems (ESS) have emerged as a vital component of EV charging stations and microgrids. Chen et al. 

[10] provided a critical review of electrical energy storage technologies, discussing their characteristics, advantages, and 

limitations. The DOE/EPRI electricity storage handbook [11] further detailed practical deployment strategies and performance 

metrics for large-scale energy storage. Guerrero et al. [12] proposed hierarchical control architectures for AC and DC microgrids, 

enabling coordinated control of distributed energy resources and storage systems. 

In the context of EV applications, Hannan et al. [13] reviewed various energy storage technologies suitable for EV 

charging stations, emphasizing battery management and state-of-charge (SOC) control. Oudalov et al. [14] demonstrated optimal 

sizing and operation of battery energy storage systems for peak shaving, which is particularly relevant for fast-charging EV 

stations. Deilami et al. [15] proposed real-time coordination of EV charging to minimize power losses and improve voltage 

profiles in smart grids. 

More recent studies have focused on the optimal planning and operation of EV charging stations integrated with 

renewable energy sources. Luo et al. [16] presented an optimization framework for planning energy storage in EV charging 

stations, showing improved economic and operational performance. Saber and Venayagamoorthy [17] explored the combined 

use of plug-in vehicles and renewable energy to reduce emissions and operational costs. Wang et al. [18] proposed optimization-

based energy management strategies for microgrids with EV integration, highlighting the benefits of coordinated control. 

Grid congestion and stability issues due to EV charging have also been widely addressed. Hu et al. [19] proposed 

coordinated charging strategies to prevent congestion in distribution networks, while He et al. [20] developed optimal scheduling 

methods for EV charging and discharging to enhance grid performance. Hatziargyriou [21] provided a comprehensive overview 

of microgrid architectures and control techniques, forming the foundation for modern EV-integrated microgrids. 

Advanced operational strategies for EV charging stations have been explored in recent literature. Sarker et al. [22] 

investigated optimal operation and service scheduling for EV battery swapping stations, demonstrating improved efficiency and 

user satisfaction. Early work by Kempton and Letendre [23] highlighted the potential of EVs as distributed power sources, paving 

the way for modern V2G and grid-supportive charging strategies. 

Reliability and optimization of energy storage systems have also received significant attention. Bahramirad et al. [24] 

proposed reliability-constrained sizing of energy storage in microgrids, ensuring uninterrupted operation under contingencies. 

Parisio et al. [25] introduced a model predictive control (MPC) approach for microgrid operation, offering improved performance 

under dynamic conditions. Guerrero et al. [27] further advanced intelligent microgrid control architectures, emphasizing 

decentralized and adaptive control schemes. 
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Energy storage technologies and their real-life applications were reviewed by Aneke and Wang [28], who emphasized 

the growing importance of hybrid storage systems in EV charging stations. Richardson et al. [29] compared local and centralized 

charging strategies, concluding that coordinated local control significantly reduces grid stress. Khodayar et al. [30] examined the 

coordination of EV charging with volatile wind power generation, demonstrating improved system flexibility. Finally, Hu et al. 

[31] reinforced the importance of coordinated charging strategies for congestion prevention, particularly in high EV penetration 

scenarios. 

 

III. METHODOLOGY ADOPTION AND PROCEDURE 

3.1 Overview of the Proposed Methodology 

The methodology adopted in this work focuses on the development and implementation of an intelligent fuzzy logic–

based energy management and control strategy for a grid-connected photovoltaic (PV) powered electric vehicle (EV) charging 

station with battery energy storage. The proposed system is designed to ensure uninterrupted EV charging, enhance grid support 

capability, and achieve adaptive power coordination under normal as well as disturbed grid conditions. 

Unlike conventional EV charging infrastructures that rely solely on the utility grid, the proposed methodology integrates 

on-site PV generation, a bidirectional DC–DC converter–interfaced battery energy storage system (BESS), and a grid-connected 

inverter, all coordinated through a fuzzy logic controller (FLC). The methodology eliminates dependency on hybrid renewable 

sources and instead emphasizes intelligent decision-making, automatic source switching, and controlled charging modes based 

on real-time system conditions. 

The complete methodology flow is illustrated in Figure 4.1, which depicts the interaction between PV generation, battery 

storage, grid interface, EV charging load, and fuzzy-based supervisory control. The methodology ensures seamless power flow 

control during grid availability, grid outages, peak demand periods, and recovery phases. 
 

Figure 1: Overall Methodology Flow of Fuzzy Logic–Based PV–Grid Integrated EV Charging Station 

 

Figure 1 presents the complete methodology flow adopted for the proposed PV–grid integrated EV charging station using 

a fuzzy logic–based energy management system. The flow begins with real-time data acquisition from the photovoltaic array, 

battery state-of-charge (SOC), grid voltage condition, and EV charging demand. These measured signals are processed by the 

fuzzy logic controller, which determines the optimal power flow commands for the bidirectional DC–DC converter and grid-

connected inverter. Based on fuzzy decisions, the system automatically selects the appropriate charging mode and power source 

to ensure uninterrupted EV charging. 
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This methodology flow illustrates how intelligent decision-making replaces rigid rule-based control. Under normal grid 

conditions, EV charging demand is mainly supplied by the grid and PV system, while the battery is charged opportunistically. 

During grid disturbances or outages, the fuzzy controller immediately shifts the charging responsibility to the battery without 

interrupting EV operation. Once grid conditions are restored, the system smoothly transitions back to grid-dominant operation. 

This figure establishes the logical sequence of sensing, decision-making, and control actions that form the foundation of the 

proposed methodology. 

 

3.2 System Architecture and Functional Description 

The proposed EV charging system consists of the following major subsystems: 

1. Photovoltaic (PV) generation unit 

2. DC–DC boost converter with MPPT 

3. Bidirectional DC–DC converter for battery energy storage 

4. Battery Energy Storage System (BESS) 

5. Grid-connected full-bridge inverter 

6. EV charging station (DC load) 

7. Fuzzy Logic–based Energy Management System (EMS) 

 

 
Figure 2: Block Diagram of PV–Grid–Battery Integrated EV Charging System 

 

Figure 2 illustrates the structural block diagram of the proposed EV charging system. The PV array is connected to a DC–

DC boost converter operating under MPPT control. A bidirectional DC–DC converter interfaces the battery energy storage system 

with the DC bus. The EV charging station is connected as a controlled DC load, while a full-bridge inverter enables power 

exchange with the utility grid. A fuzzy logic–based energy management system supervises all power conversion stages. 

This figure highlights the coordinated interaction between renewable generation, storage, grid, and load. The DC bus acts as a 

common coupling point, allowing flexible power routing. The bidirectional nature of the battery interface enables both charging 

and discharging operations, which is essential for grid failure support and peak load management. The architecture supports 

bidirectional power flow while maintaining electrical isolation and stability. This configuration forms the physical foundation 

required for implementing intelligent charging strategies. 

Each subsystem plays a distinct role in achieving the study objectives, particularly uninterrupted EV charging and 

intelligent power coordination. 

 

3.3 Photovoltaic Power Generation and MPPT Control 

The PV subsystem serves as the primary renewable energy source in the proposed methodology. It converts solar 

irradiance into electrical energy and supplies power either directly to the EV charging load or indirectly through the battery and 

grid interface. 

 

3.3.1 PV Array Modeling 

The PV array is modeled using the single-diode equivalent circuit, which accurately represents the nonlinear current–

voltage (I–V) and power–voltage (P–V) characteristics under varying irradiance and temperature conditions. Real-time 

measurements of PV voltage and current are continuously monitored to compute the instantaneous PV power. 

 

3.3.2 Incremental Conductance MPPT Algorithm 

To maximize solar energy extraction, an Incremental Conductance (IC) Maximum Power Point Tracking (MPPT) 

algorithm is employed. The IC method is selected due to its superior tracking accuracy and faster response under rapidly changing 

irradiance conditions. 
Photovoltaic Power Equation 

P_PV = V_PV × I_PV 
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Where: 

P_PV : Output power of photovoltaic array (W) 

V_PV : PV terminal voltage (V) 

I_PV : PV output current (A) 

Incremental Conductance MPPT Condition 

dP/dV = 0 ⇒ (dI/dV) = −(I/V) 

 

Where: 

P : PV output power (W) 

V : PV voltage (V) 

I : PV current (A) 

dI/dV : Incremental conductance 

−I/V : Instantaneous conductance 

The output of the MPPT controller generates a reference duty cycle, which is fed to a PWM generator to control the boost 

converter switch. This ensures that the PV system consistently operates at its maximum power point, thereby improving overall 

system efficiency. 

 

3.4 DC–DC Boost Converter for PV Voltage Regulation 

The DC–DC boost converter is used to elevate the PV array voltage to the DC bus level required for EV charging and 

grid interfacing. The converter performs the following functions: 

• Regulates PV output voltage 

• Maintains a stable DC bus 

• Enables efficient MPPT operation 
 

DC–DC Boost Converter Voltage Relation 

V_DC = V_PV / (1 − D) 

Where: 

V_DC : Output DC bus voltage (V) 

V_PV : Input PV voltage (V) 

D : Duty cycle of boost converter (0 < D < 1) 

 

 
Figure 3 Bidirectional DC–DC Converter with Battery Energy Storage System 

 

Figure 3 depicts the bidirectional DC–DC converter connected to the battery energy storage system. The converter 

operates in buck mode during battery charging and boost mode during battery discharging. Voltage and current feedback loops 

regulate the power flow between the battery and the DC bus. 

This figure explains how energy storage enables uninterrupted EV charging. During grid-connected operation, excess PV 

or grid power is used to charge the battery. In the event of grid failure, the converter reverses power flow direction, allowing the 

battery to supply the EV charging load instantly. The smooth transition between charging and discharging modes prevents DC 

bus voltage collapse and ensures system reliability. Battery SOC feedback is continuously monitored to prevent over-charging 

and deep discharging. 

The boost converter is controlled using PWM signals derived from the MPPT algorithm. The converter design ensures 

continuous conduction mode (CCM) operation, reducing current ripple and improving power quality. 
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3.5 Battery Energy Storage System and Bidirectional DC–DC Converter 

3.5.1 Role of Battery Energy Storage 

The battery energy storage system (BESS) is a critical component of the proposed methodology. It provides: 

• Backup power during grid outages 

• Load balancing during peak demand 

• Energy buffering for PV intermittency 

• Controlled EV charging under constrained conditions 
 

4. Battery State of Charge (SOC) Equation 

Equation: 

SOC(t) = SOC(t₀) − (1/C_batt) ∫ I_batt(t) dt 
 

Where: 

SOC(t) : Battery state of charge at time t (%) 

SOC(t₀) : Initial SOC (%) 

C_batt : Battery capacity (Ah) 

I_batt : Battery current (A) 

The battery state of charge (SOC) is continuously monitored and used as a key input to the fuzzy energy management system. 

 

3.5.2 Bidirectional DC–DC Converter Operation 

A bidirectional DC–DC converter interfaces the battery with the DC bus, enabling both charging and discharging modes: 

• Buck mode: Battery charging using excess PV or grid power 

• Boost mode: Battery discharging to support EV charging during grid failure or peak load 

The voltage control loop of the bidirectional converter ensures stable DC bus regulation under dynamic operating 

conditions. PWM control is used to switch between charging and discharging modes seamlessly. 
 

3.6 Grid-Connected Full-Bridge Inverter Control 

The grid interface is realized through a full-bridge voltage source inverter (VSI), which enables bidirectional power flow 

between the DC bus and the utility grid. 
 

3.6.1 Synchronization and Reference Frame Transformation 

Grid voltage and current signals are measured and transformed into the dq reference frame using Park’s transformation. 

This transformation decouples active and reactive power control, allowing independent regulation. 

 
Park (abc–dq) Transformation 

Equation: 

[ i_d ]  = 2/3 [ cosθ   cos(θ−2π/3)   cos(θ+2π/3) ] [ i_a ] 

[ i_q ] = [ sinθ   sin(θ−2π/3)   sin(θ+2π/3) ] [ i_b ] [ i_c ] 
 

Where: 

i_a, i_b, i_c : Three-phase currents (A) 

i_d, i_q : d-axis and q-axis currents (A) 

θ : Grid voltage phase angle 
 

3.6.2 PI-Based Current Control 

The direct-axis current (i_d) controls active power flow, while the quadrature-axis current (i_q) controls reactive power 

exchange with the grid. PI controllers are used to regulate both components, ensuring stable grid synchronization and power 

quality. 

 

 
Figure 4: Grid-Connected Full-Bridge Inverter with dq-Axis Control 
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                Figure 4 illustrates the grid-connected inverter control scheme using dq-axis current control. Measured three-phase grid 

currents are transformed into the synchronous reference frame. PI controllers regulate the d-axis and q-axis currents, and the 

resulting voltage references are converted into PWM signals for inverter switching. 

This figure demonstrates how active and reactive power exchange with the grid is independently controlled. The d-axis 

current regulates active power supplied to or drawn from the grid, while the q-axis current controls reactive power. This approach 

ensures grid synchronization, low harmonic distortion, and compliance with grid codes. During controlled charging modes, 

inverter power reference is adjusted based on fuzzy EMS decisions to avoid peak load stress. 

 
PI Controller Equations (dq Current Control) 

V_d = K_p(i_d* − i_d) + K_i ∫(i_d* − i_d) dt 

V_q = K_p(i_q* − i_q) + K_i ∫(i_q* − i_q) dt 

 

Where: 

V_d, V_q : Reference voltages (V) 

i_d*, i_q* : Reference currents (A) 

i_d, i_q : Measured currents (A) 

K_p, K_i : PI controller gains 

PWM signals generated from the control loops are applied to the inverter switches. 

 

3.7 Fuzzy Logic–Based Energy Management System (EMS) 

 

 
Figure 5 Structure of Fuzzy Logic Energy Management System for EV Charging 

 

             Figure 5 presents the internal structure of the fuzzy logic energy management system. Inputs include PV power, battery 

SOC, grid voltage status, and EV charging demand. The fuzzy inference engine processes these inputs using predefined 

membership functions and rule bases to generate optimal power reference commands. 

This figure highlights the intelligence of the proposed methodology. Instead of binary switching, fuzzy logic allows 

gradual transitions between operating modes. The controller can partially allocate power from multiple sources depending on 

system conditions. This flexibility enhances reliability, reduces stress on the battery and grid, and ensures smooth EV charging 

even during disturbances. 

 

3.7.1 Motivation for Fuzzy Control 

Traditional rule-based or PI-based energy management strategies are limited in handling uncertainties such as fluctuating 

PV output, varying EV charging demand, and grid disturbances. To overcome these limitations, a Fuzzy Logic Controller (FLC) 

is adopted. 

Fuzzy logic enables: 

• Human-like decision-making 

• Smooth transitions between operating modes 

• Robust performance under nonlinear and uncertain conditions 
 

Power Balance Equation at DC Bus 

Equation: 

P_PV + P_grid + P_batt = P_EV + P_loss 

 

Where: 

P_PV : PV generated power (W) 

P_grid : Power exchanged with grid (W) 

P_batt : Battery power (W) 

P_EV : EV charging demand (W) 

P_loss : Conversion losses (W) 
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3.8 Fuzzy Controller Structure 

3.8.1 Fuzzy Inputs 

The fuzzy EMS uses the following input variables: 

1. PV Power (P_PV) – Available solar power 

2. Battery SOC – Energy availability in storage 

3. Grid Status (V_grid) – Normal or failed grid condition 

4. EV Charging Demand (P_EV) – Required charging power 

 

3.8.2 Fuzzy Outputs 

The controller generates the following outputs: 

1. Battery Power Command (P_batt) 

2. Grid Power Command (P_grid) 

3. EV Charging Power Reference (P_EV*) 

These outputs determine the power flow direction and magnitude among PV, battery, grid, and EV load. 
 

Fuzzy Defuzzification (Centroid Method) 

Equation: 

U = (Σ μ(x_i) · x_i) / (Σ μ(x_i)) 

 

Where: 

U : Final fuzzy controller output 

μ(x_i) : Membership value of output variable 

x_i : Output linguistic variable 

 

3.9 Fuzzy Membership Functions and Rule Base 

Triangular and trapezoidal membership functions are used to define linguistic variables such as Low, Medium, and High. 

Sample Fuzzy Rules 

• IF Grid is Available AND SOC is High → Grid-Dominant Charging 

• IF Grid Fails AND SOC is High → Battery-Dominant Charging 

• IF PV is High AND SOC is Medium → Hybrid PV–Battery Charging 

• IF SOC is Low AND Demand is High → Controlled Charging Mode 

The Mamdani inference method is used, and defuzzification is performed using the centroid method. 

 

3.10 EV Charging Modes and Operational Strategy 

 

 
Figure 6 Operating Modes of Fuzzy-Controlled EV Charging System 

 

Figure 6 illustrates the four operational modes of the proposed EV charging station: grid-dominant charging, battery-

dominant charging, hybrid grid–battery charging, and controlled charging mode under constrained conditions. 

This figure visually explains how the fuzzy controller prioritizes power sources. During normal conditions, grid-dominant 

charging minimizes battery cycling. When the grid fails, battery-dominant charging ensures continuity. Hybrid operation balances 

power during peak demand, while controlled charging prevents system overload and battery degradation. These modes directly 

fulfill the objectives of uninterrupted charging and intelligent power management. 

Based on fuzzy decisions, the system operates in four distinct charging modes, directly aligned with the study objectives: 

 

Mode 1: Grid-Dominant Charging 

• Grid supplies primary charging power 
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• Battery operates in standby or charging mode 

 

Mode 2: Battery-Dominant Charging 

• Activated during grid failure 

• Battery supplies EV load without interruption 

 

Mode 3: Hybrid Grid–Battery Charging 

• Grid and battery jointly supply EV load 

• Used during peak demand or limited grid capacity 

 

Mode 4: Controlled Charging Mode 

• Charging power is regulated 

• Prevents battery over-discharge and grid stress 

 

3.11 Automatic Power Source Switching Mechanism 

One of the key methodological contributions of this work is automatic power source switching. The fuzzy EMS 

continuously monitors grid voltage and SOC to determine power source priority. 

• During grid outage → Battery instantly takes over 

• Upon grid restoration → Load smoothly shifts back to grid 

• No manual intervention required 

This ensures uninterrupted EV charging and system reliability. 
 

EV Charging Power Reference 

Equation: 

P_EV* = α_grid P_grid + α_batt P_batt + α_PV P_PV 

Where: 

P_EV* : Reference EV charging power (W) 

α_grid, α_batt, α_PV : Fuzzy weighting factors 

 

IV.RESULTS AND DISCUSSION 

Carbon emissions are a major contributor to global warming and environmental degradation. Conventional transportation 

systems relying on fossil fuels such as petrol and diesel significantly increase greenhouse gas emissions. In contrast, the proposed 

EV charging system promotes green energy utilization by integrating photovoltaic (PV) generation with battery storage and 

grid support. 

Although the present study focuses on a grid-connected EV charging infrastructure, the long-term impact of such systems 

lies in enabling a transition toward fully electric transportation. As electric vehicles replace internal combustion engine vehicles, 

carbon emissions associated with transportation will be drastically reduced. Furthermore, the use of renewable energy sources 

for EV charging minimizes indirect emissions from electricity generation. 

 

4.1 Grid Voltage and Grid Current Analysis 

 

 
Figure 7 Grid Voltage and Grid Current Response 
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Figure 7 consists of two plots representing grid voltage (V) and grid current (A) over time, which are essential for 

evaluating the performance of the grid-connected EV charging system under dynamic conditions. 

 

Grid Voltage Analysis 

The grid voltage waveform remains nearly sinusoidal and stable throughout the simulation duration. This confirms that 

the proposed fuzzy logic–based EMS successfully maintains voltage regulation even during transient disturbances. The absence 

of voltage collapse or severe distortion demonstrates effective Fault Ride-Through (FRT) operation, ensuring continuous grid 

connection of the renewable energy system. 

 

Grid Current Analysis 

The grid current exhibits noticeable transients during the initial phase, which can be attributed to dynamic changes in 

renewable generation, battery SOC, and EV charging demand. After approximately 0.5 s, the current stabilizes into a periodic 

waveform, indicating that the fuzzy controller efficiently regulates the reference current ((I_{ref})) to maintain grid stability. 

 

Key Observations 

• Stable grid voltage confirms reliable grid interaction. 

• Current stabilization reflects effective fuzzy-based optimization. 

• Initial transients indicate proper FRT response without RES disconnection. 

 

4.2 Battery Voltage and Battery Current Performance 

 

 
Figure 8 Battery Voltage and Battery Current Characteristics 

 

Figure 8 illustrates the voltage and current behavior of the battery energy storage system under fuzzy logic–based control. 

 

Battery Voltage 

The battery voltage initially rises and quickly stabilizes around its nominal value. Minor fluctuations occur due to 

dynamic power sharing but remain within safe operational limits. This confirms that the fuzzy EMS maintains voltage stability, 

preventing overcharging or deep discharging. 

 

Battery Current 

The battery current shows higher transients at the start, reaching peak values due to sudden power redistribution during 

grid and load transitions. Over time, these oscillations reduce, indicating effective current regulation based on SOC and system 

demand. 

 

Key Observations 

• Stable voltage ensures battery health. 

• Dynamic current regulation supports grid disturbances. 

• FRT capability enables seamless transition between charging and discharging modes. 
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4.3 DC Bus and Converter Current Analysis 

 
Figure 9 Converter and DC Bus Current Dynamics 

 

Figure 9 presents four current components that characterize power flow regulation within the system. 

1. PV Converter Current 

The PV-side current initially exhibits fluctuations due to renewable variability. After control action, it stabilizes, 

demonstrating effective power conditioning before fuzzy-based decision-making. 

 

2. Battery Converter and DC Load Current 

Oscillations reflect charging and discharging actions based on SOC and load demand. Over time, controlled power 

sharing prevents battery overloading. 

 

3. Inverter Input Current 

Initial negative spikes indicate grid synchronization and reference current adjustment. The steady-state response confirms 

optimal power injection into the grid. 

 

4. DC Bus Current 

High initial variations indicate transient power balancing. Reduced oscillations over time confirm DC bus stability. 

 

Key Observations 

• Effective RES integration using fuzzy control. 

• Maintained FRT capability during disturbances. 

• Stable DC bus ensures reliable power conversion. 

 

4.4 PV Voltage, Current, and Power Characteristics 

 
Figure 10 PV Voltage, PV Current, and PV Power Response 
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Figure 10 illustrates the dynamic behavior of renewable energy generation feeding the EV charging system. 

• PV voltage exhibits fluctuations followed by recovery, indicating adaptive power balancing. 

• PV current varies inversely with voltage, confirming MPPT and fuzzy EMS coordination. 

• PV power shows temporary reduction during disturbances and quick recovery afterward. 

 

Key Observations 

• Adaptive power regulation prevents instability. 

• FRT capability allows system recovery without RES disconnection. 

• SOC-based optimization balances grid and storage interaction. 

 

4.5 Power Flow and Energy Management Analysis 

 

 
Figure 11 Power Distribution and SOC Variation 

 

Figure 11 demonstrates coordinated energy management among PV generation, load, battery, and grid. 

• Load power remains constant, ensuring uninterrupted EV charging. 

• Grid power compensates during PV power drops. 

• SOC gradually increases, indicating controlled battery charging. 

 

Key Takeaways 

• Fuzzy logic enables adaptive power sharing. 

• Grid support enhances FRT capability. 

• Stable load power confirms successful EMS operation. 

 

4.6 State of Charge (SOC) Analysis 

 

 
Figure 12 Battery State of Charge (SOC) vs Time 
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Figure 12 shows a smooth and gradual increase, indicating stable battery charging from renewable sources. The absence 

of sharp drops confirms balanced energy distribution even during transient conditions. 

 

Key Observations 

• Controlled SOC rise prevents overcharging. 

• Fuzzy logic ensures stable energy storage management. 

• System stability is maintained under disturbances. 

 

4.7 Comparative Performance Analysis 

 

Reference Method Used Renewable Sources Control Strategy System 

Stability 

Efficiency 

(%) 

[29] M. A. 

Abdullah et al., 

2021 

PI-Based 

Control 

PV, WECS PI Controller Moderate 92 

[30] X. Liu et al., 

2020 

Droop Control PV, Battery Droop + PI Moderate 90 

[31] T. Singh et 

al., 2018 

ANN-Based 

Control 

PV, WECS, Battery Artificial Neural 

Network (ANN) 

High 93 

[32] J. K. Patel 

et al., 2023 

Model 

Predictive 

Control 

PV, Wind MPC + PI Moderate 94 

Proposed 

System (This 

Work) 

Fuzzy-Based 

Energy 

Management 

PV, WECS, 

Piezoelectronics, 

Battery 

Fuzzy Logic Controller 

(FLC) + d–q Reference 

Frame 

High 

(Improved 

Response 

Time) 

96 

Table 1 Comparison of Proposed System with Existing Methods 

 

Table 1 demonstrates that the proposed fuzzy-based energy management system achieves the highest efficiency (96%) 

and improved stability compared to conventional PI, droop, ANN, and MPC-based methods. The integration of multiple 

renewable sources with intelligent fuzzy control enhances adaptability under dynamic operating conditions, fulfilling the 

objective of improved system performance and reliability. 
 

Reference Method Used LVRT 

Capability 

HVRT 

Capability 

Grid 

Synchronization 

Response 

Time (ms) 

[33] K. Sharma et al., 

2019 

PI-Based Control Partial No Medium 25 

[34] H. Lee et al., 2021 Droop Control No No Low 30 

[35] P. Kumar et al., 2022 Adaptive Neuro-Fuzzy LVRT 

Enabled 

No High 22 

[36] Y. Zhang et al., 2023 Model Predictive Control Partial No Moderate 24 

Proposed System (This 

Work) 

Fuzzy-Based Energy 

Management 

Full LVRT Full HVRT High 18 

Table 2 Comparison of Fault Ride-Through (FRT) Performance 

 

Table 2 demonstrates full LVRT and HVRT capability with the fastest response time (18 ms). This confirms that 

intelligent fuzzy decision-making enables rapid system adaptation during voltage disturbances, ensuring grid compliance and 

uninterrupted EV charging—directly supporting the Fault Ride-Through objective of the proposed methodology. 

 
4.8 Discussion 

The simulation results validate the effectiveness of the proposed fuzzy logic–based PV–grid–battery EV charging station 

in achieving uninterrupted charging, intelligent energy management, and system reliability under dynamic conditions. Grid 

voltage and current waveforms remain stable, with rapid recovery from transient disturbances, confirming effective inverter 

synchronization and fuzzy controller performance. Adaptive current reference generation ensures smooth stabilization, 

minimizing harmonics and enhancing power quality. Battery voltage and current responses show controlled operation during 

mode transitions, while SOC-based fuzzy rules prevent overcharging and deep discharge, ensuring long-term battery reliability. 

The DC bus maintains power balance among PV, battery, grid, and EV load, with minimal oscillations. PV power fluctuations 

due to variable generation are seamlessly compensated by battery or grid support, ensuring continuous charging. Coordinated 

energy sharing prioritizes renewable and stored energy, reducing grid dependency and improving sustainability. Comparative 

analysis demonstrates superior performance over PI, droop, ANN, and MPC approaches in efficiency, response time, and 

LVRT/HVRT compliance. Overall, the proposed system successfully enhances renewable utilization, maintains grid stability, 

ensures FRT capability, supports uninterrupted EV charging, and optimizes battery management. 
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V.CONCLUSION 

The research confirms that fuzzy logic–based energy management provides a robust, flexible, and intelligent solution for 

PV–grid EV charging stations. Future work may include V2G integration, real-time pricing, fast DC charging, hybrid AI 

controllers, hardware implementation, and multi-port or community-level deployment to enable sustainable, scalable, and smart 

EV charging infrastructure. 
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