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ABSTRACT

This project presents an advanced Electric Vehicle-to-Vehicle (V2V) energy transfer system
using on-board converters enhanced with an Artificial Neural Network (ANN) controller to
achieve faster and more efficient charging. Traditional V2V energy transfer systems rely on
off-board interfaces or redundant conversion stages, which increase cost, complexity, and
energy losses. The proposed approach eliminates these drawbacks by enabling direct energy
exchange between two EV batteries through the use of Type-2 AC charger input ports and
minimal switching components. This direct battery connection minimizes conversion losses
and enhances overall system efficiency. The ANN controller is introduced to intelligently
regulate voltage and current during charging and discharging, ensuring optimal power flow,
reduced charging time, and improved system stability under varying load conditions.
MATLAB/Simulink simulations demonstrate that the ANN-based system outperforms
conventional PI and fuzzy controllers in terms of response speed, steady-state accuracy, and
charging efficiency. The results validate the proposed ANN-controlled V2V power transfer
strategy as an effective and scalable solution for next-generation EV networks.

Keywords: FElectric Vehicle-to-Vehicle (V2V), On-board Converter, ANN Controller, Fast
Charging, Energy Transfer, MATLAB/Simulink, Type-2 Charger.

I INTRODUCTION

The global transportation sector is undergoing a profound transformation driven by the urgent
need for sustainable and energy-efficient alternatives to conventional fossil-fuel-based
vehicles. Electric vehicles (EVs) have emerged as one of the most promising solutions due to
their potential to reduce greenhouse gas emissions, improve energy efficiency, and promote
cleaner mobility [1], [2]. The widespread adoption of EVs, however, introduces new challenges
in terms of charging infrastructure, energy management, and grid dependency. Traditional EV
charging systems rely heavily on grid-connected charging stations, which are often costly, time-
consuming, and geographically limited [3]. Consequently, there is a growing need for flexible
and efficient energy-sharing solutions that enable EVs to charge one another directly,
independent of grid availability. This concept, known as Vehicle-to-Vehicle (V2V) energy
transfer, has gained increasing attention for its ability to provide emergency power, enhance
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system flexibility, and optimize the use of stored energy in the EV ecosystem [4]. Nonetheless,
existing V2V systems often suffer from redundant energy conversion stages, high
implementation costs, and limited efficiency, motivating the development of more compact and
intelligent on-board converter-based architectures.

Conventional V2V power-sharing systems depend on off-board interfaces or additional
equipment to transfer energy between EVs, introducing several design inefficiencies [5]. These
systems typically involve multiple AC/DC and DC/AC conversion stages, which increase
power losses and hardware complexity. Furthermore, such architectures demand external
converters and communication interfaces that make the system bulky and expensive [6]. To
address these limitations, researchers have explored the utilization of on-board converters
already integrated into electric vehicles for charging and regenerative braking purposes [7]. By
reconfiguring existing hardware, the on-board converters can facilitate direct DC-to-DC energy
transfer between two vehicles, significantly reducing conversion losses and eliminating the
need for external charging interfaces. The use of standardized Type-2 AC charger input ports
enhances interoperability between vehicles, while a minimal number of switches and control
components enable safe, compact, and efficient energy exchange [8]. This approach not only
simplifies system design but also contributes to faster charging rates and improved energy
utilization. As electric mobility continues to expand globally, such integrated charging
mechanisms represent a crucial step toward achieving a more decentralized and resilient EV
charging infrastructure.

The performance of any V2V energy transfer system is heavily influenced by the control
strategy governing power flow and voltage regulation. Conventional control methods such as
the Proportional-Integral (PI) controller and Fuzzy Logic Controller (FLC) have been widely
employed for regulating the converter operation in EV applications [9]. While the PI controller
offers simplicity and effective linear control, it often fails to adapt to nonlinear conditions and
dynamic load variations, leading to poor transient performance [10]. The FLC, on the other
hand, provides improved robustness and adaptability but requires extensive rule-base design,
increasing system complexity [11]. In light of these limitations, intelligent control techniques
such as Artificial Neural Networks (ANNs) have been introduced as a promising solution for
optimizing converter performance in V2V systems [12]. ANNs are capable of learning
nonlinear relationships between system parameters and control outputs, thereby achieving
superior regulation accuracy, faster response, and higher efficiency. The ANN controller
dynamically adjusts control parameters in real time based on system feedback, ensuring stable
operation even under variable load and voltage conditions. By doing so, it minimizes charging
time and enhances the reliability of the power transfer process, marking a significant
advancement over traditional control methods.

The proposed ANN-controlled on-board converter system operates by directly linking the two
EV batteries through Type-2 AC input ports and a minimal number of power switches. In this
configuration, one vehicle functions as the energy source (donor) while the other acts as the
energy receiver. The ANN controller determines the direction and magnitude of power transfer
based on the state of charge (SOC) and operating conditions of both vehicles [13]. Unlike
conventional off-board charging systems that undergo multiple AC/DC conversions, the
proposed system performs direct DC power transfer, thus reducing conversion losses and
improving efficiency. The ANN controller continuously monitors key electrical parameters—
such as voltage, current, and SOC—and self-adjusts the converter operation for optimal power
transfer. MATLAB/Simulink-based simulation results demonstrate that the ANN-controlled
system achieves faster charging response, superior steady-state accuracy, and better dynamic
performance compared to systems controlled by PI or fuzzy logic techniques [14].
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Furthermore, this approach enhances fault tolerance and system resilience, allowing safe
operation under transient or fluctuating load conditions. These results validate the potential of
ANN-based control for real-time implementation in practical EV environments, where efficient
and adaptive power sharing is critical.

The integration of Artificial Neural Network control in Electric Vehicle-to-Vehicle (V2V)
energy transfer represents a major advancement in intelligent EV charging systems. The
proposed architecture reduces conversion losses, improves power efficiency, and simplifies
hardware configuration by utilizing the existing on-board converters of EVs [15]. Such a
system offers immense practical value, especially in off-grid scenarios, remote areas, or
emergency situations where conventional charging stations are inaccessible. The adaptive and
self-learning nature of ANN control ensures robust performance in the face of nonlinearities,
uncertainties, and parameter variations commonly encountered in real-world EV operation.
Moreover, the ANN-based approach aligns with the broader trend toward intelligent and
interconnected mobility systems that integrate Vehicle-to-Grid (V2G) and Vehicle-to-Home
(V2H) functionalities for comprehensive energy management. Future work may involve
expanding this system to include wireless communication protocols for coordinated power
sharing, as well as incorporating cybersecurity measures and battery health monitoring to
enhance safety and reliability. Overall, the proposed ANN-controlled V2V energy transfer
system marks an important step toward the realization of a sustainable, flexible, and high-
performance EV charging ecosystem, bridging the gap between energy autonomy and smart
mobility.

II LITERATURE SURVEY

The increasing integration of electric vehicles (EVs) into modern transportation systems has
driven researchers to explore advanced methods for efficient charging, energy sharing, and grid
support. The conventional grid-dependent charging infrastructure, while effective for
stationary operation, faces limitations in terms of scalability, accessibility, and cost [1]. To
overcome these challenges, various alternative charging strategies have been proposed,
including Vehicle-to-Grid (V2G), Vehicle-to-Home (V2H), and Vehicle-to-Vehicle (V2V)
energy transfer techniques [2]. Among these, V2V energy transfer has emerged as a practical
and flexible solution that allows two EVs to exchange power directly without relying on
external grid support [3]. This capability enables vehicles with higher state of charge (SOC) to
supply energy to those with lower SOC, improving energy utilization and providing emergency
charging assistance. However, the implementation of V2V systems introduces several technical
and operational challenges, such as power conversion losses, communication complexity, and
control instability under dynamic load conditions [4]. Therefore, recent research has focused
on developing efficient converter topologies and intelligent control algorithms to enhance the
reliability and performance of V2V systems.

Early studies on EV energy transfer primarily focused on grid-integrated systems, where the
emphasis was on bidirectional power converters that could handle both charging and
discharging modes [5]. Saber and Venayagamoorthy [6] explored the integration of plug-in
hybrid vehicles with renewable energy sources to reduce emissions and costs, laying the
foundation for V2X technologies. Later, Habib et al. [7] presented a comprehensive review of
V2V technologies, discussing their potential to reduce grid dependency and improve energy
flexibility. Their study highlighted that conventional off-board V2V charging systems, which
require additional conversion stages, suffer from increased energy losses and reduced
efficiency. In a related study, Zheng et al. [8] proposed an off-board bidirectional converter
interface for direct energy sharing between EVs. While their design improved efficiency
compared to traditional methods, it still required bulky hardware and was unsuitable for
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compact vehicle integration. Zhu et al. [9] addressed this limitation by introducing a direct
battery connection method that reduced redundant conversions; however, their control
approach relied on conventional PI tuning, which limited adaptability under varying load
conditions.

Recent advancements in EV power electronics have paved the way for on-board converter-
based V2V systems, where the existing hardware in EVs is reconfigured to enable direct power
transfer [10]. Park et al. [11] demonstrated a novel method utilizing on-board AC-DC
converters through Type-2 AC input ports to establish a communication and energy-sharing
link between two vehicles. This configuration minimized the number of conversion stages,
thereby reducing losses and improving the overall power transfer efficiency. Similarly, Singh
et al. [12] developed a bidirectional on-board converter system that could perform charging,
discharging, and regenerative braking functions within a unified control architecture. The
system used fewer components and achieved higher efficiency; however, it relied on fixed-
parameter controllers that lacked dynamic adaptability. As a result, there has been an increasing
shift toward intelligent control methods capable of learning and adapting to real-time
variations, such as fuzzy logic control (FLC) and Artificial Neural Network (ANN)-based
controllers.

Fuzzy logic controllers have gained attention in power converter applications due to their rule-
based adaptability and robustness against system nonlinearity [13]. Sivanandam et al. [14]
explained that FLCs can efficiently manage uncertain and nonlinear system dynamics without
requiring an exact mathematical model. However, FLC design becomes increasingly complex
with the rise in control variables, and its performance is heavily dependent on the tuning of
membership functions and rule sets. In the context of EV systems, Islam and Rahman [15]
implemented a fuzzy PI control scheme for a bidirectional DC-DC converter, which achieved
improved transient performance but showed slower response during sudden voltage variations.
To address these limitations, researchers began exploring ANN-based controllers due to their
self-learning and adaptive capabilities. He and Peng demonstrated that ANN controllers
outperform PI and fuzzy controllers in maintaining voltage and current stability in nonlinear
converter systems. Their study highlighted the ANN’s ability to dynamically adjust control
parameters based on feedback, resulting in better transient response and steady-state
performance.

Artificial Neural Networks have proven particularly effective in handling the nonlinear
characteristics of EV power converters and optimizing charging processes . Singh et al.
developed an ANN-based controller for bidirectional converters in EVs that achieved faster
convergence, reduced voltage ripples, and enhanced system efficiency compared to traditional
methods. Similarly, Islam et al. conducted a MATLAB/Simulink-based simulation comparing
PI, fuzzy, and ANN control strategies in EV charging systems. Their results indicated that the
ANN-controlled converter exhibited a faster response time, minimal steady-state error, and
lower total harmonic distortion (THD). These findings align with the broader trend in power
electronics research, where neural network-based controllers are increasingly preferred for
real-time applications requiring high precision and adaptability. Moreover, ANN controllers
are capable of generalizing learned behaviors from prior data, enabling them to handle
unforeseen operational scenarios effectively — a key advantage in dynamic EV charging
environments.

Beyond individual control techniques, several studies have investigated hybrid configurations
that combine different intelligent approaches to optimize performance. For instance, Huang et
al. [20] developed a hybrid Fuzzy—Neural controller for an EV bidirectional converter,
achieving both rapid adaptation and stable steady-state operation. The hybrid model leveraged
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the reasoning ability of fuzzy logic with the learning capability of neural networks,
demonstrating superior performance over either technique used independently. Nevertheless,
the implementation of such hybrid systems increases computational complexity and training
requirements. In the case of V2V energy transfer, ANN-based systems offer a balanced solution
by providing strong adaptability and fast response with manageable complexity. When applied
to on-board converters, ANN control significantly enhances energy-sharing efficiency, reduces
hardware redundancy, and ensures safe bidirectional operation between EVs.

In summary, the literature indicates a clear evolution in EV energy transfer systems — from
conventional off-board architectures toward intelligent, on-board converter-based solutions.
Early V2V methods relied heavily on bulky hardware and static control mechanisms that
restricted efficiency and responsiveness. With the advent of ANN-based control, these systems
have become more compact, efficient, and adaptive to real-time variations in power demand
and battery conditions. The use of ANN-controlled on-board converters enables direct DC-to-
DC energy transfer, minimizing conversion losses and accelerating charging times. Simulation
studies consistently demonstrate that ANN controllers deliver superior voltage regulation,
faster transient response, and enhanced fault tolerance compared to conventional PI and fuzzy
controllers. Therefore, the integration of ANN control into V2V energy transfer systems
represents a pivotal advancement in EV technology, promoting sustainable, cost-effective, and
intelligent charging infrastructures for the future of electric mobility.

III METHODOLOGY

The proposed methodology for Electric Vehicle-to-Vehicle (V2V) energy transfer focuses on
developing a direct battery-to-battery energy exchange system using on-board converters,
governed by an Artificial Neural Network (ANN) controller to achieve fast and efficient
charging. Unlike traditional systems that depend on off-board chargers or multiple AC/DC
conversion stages, this method utilizes the existing Type-2 AC charger input ports and internal
converter units already present in electric vehicles [1]. The system comprises two electric
vehicles — a donor EV and a receiver EV — connected through a standardized coupling
interface and a minimal number of controlled semiconductor switches. The donor vehicle
provides energy to the receiver based on their respective State of Charge (SOC) values, voltage
levels, and current demands. The ANN controller continuously monitors these parameters and
dynamically adjusts converter duty cycles and switching patterns to ensure optimized energy
transfer with minimal losses. The overall system is designed to operate efficiently in different
modes such as Vehicle-to-Vehicle (V2V), Vehicle-to-Home (V2H), and Vehicle-to-Grid (V2G)
environments, ensuring flexibility, adaptability, and high power quality [2].
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Fig 1.Proposed circuit configuration

The core of the proposed system lies in the intelligent reconfiguration of the on-board
bidirectional DC-DC converter, which facilitates both charging and discharging modes without
the need for external converters. The converter is designed to operate as a buck converter when
transferring energy from the donor EV and as a boost converter when charging the receiver
EV’s battery [3]. Each vehicle’s converter unit is interfaced through an isolation and protection
circuit that includes current sensors, voltage sensors, and bidirectional switches to prevent
backflow or overcurrent conditions [4]. The converter topology consists of MOSFETs as
switching elements, diodes for unidirectional current flow, and LC filters to minimize ripple
content and stabilize voltage at both ends. During operation, the donor EV’s converter steps
down its DC link voltage according to the control signal provided by the ANN, while the
receiver EV’s converter steps it up to maintain the required charging voltage level. This direct
DC-to-DC energy exchange eliminates unnecessary AC/DC conversions, thereby improving
system efficiency by approximately 15-20% compared to conventional V2V architectures [5].
The entire converter design and power control system are modeled and simulated in
MATLAB/Simulink to analyze performance under various load and SOC conditions.
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Fig 2.Proposed controller with ANN controller

The Artificial Neural Network (ANN) is the intelligent core of the proposed system that
replaces conventional Proportional-Integral (PI) or Fuzzy Logic Controllers (FLCs) for
enhanced adaptability and performance. The ANN controller is trained to predict the optimal
switching control signals for the converter based on real-time system inputs such as donor
voltage, receiver voltage, current, and SOC difference [6]. The neural network architecture
consists of an input layer, a hidden layer, and an output layer. The input layer accepts
normalized sensor data, the hidden layer performs nonlinear feature extraction using activation
functions such as the sigmoid or ReLU, and the output layer generates control signals to
modulate the converter’s pulse width modulation (PWM) gating pattern [7]. The ANN is
trained offline using supervised learning, where datasets are generated from MATLAB
simulations under various operating scenarios. The Levenberg—Marquardt algorithm is used
for training due to its high convergence speed and robustness in nonlinear control applications
[8]. Once trained, the ANN is integrated into the control loop to operate in real time,
continuously adapting to parameter variations, disturbances, and dynamic load changes. The
key advantage of this ANN-based control strategy is its ability to self-learn and generalize, thus
maintaining system stability even in unpredictable driving or battery conditions [9].

The complete V2V system is modeled in MATLAB/Simulink, incorporating the electrical,
control, and dynamic behavior of the system components. The model includes subsystems for
the donor and receiver EVs, the bidirectional DC-DC converters, switching devices, sensors,
and the ANN control block [10]. The donor and receiver batteries are represented using the
generic battery model, which accounts for parameters such as open-circuit voltage, internal
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resistance, and SOC. The converters are implemented using IGBT/MOSFET-based switching
models driven by PWM signals from the ANN output. The simulation environment allows real-
time monitoring of voltage, current, power, and efficiency at different operating points. The
ANN controller is first validated by comparing its response with conventional PI and fuzzy
controllers under identical load disturbances and SOC variations [11]. The performance metrics
evaluated include response time, steady-state error, power ripple, and energy transfer
efficiency. The ANN controller exhibited faster convergence, smoother dynamic response, and
lower steady-state error. Simulation results confirmed that the proposed ANN-controlled
converter significantly improves charging speed while maintaining safe voltage and current
levels across both vehicles [12].

After the simulation phase, the system’s performance is analyzed under various operating
modes and fault conditions to validate its robustness and practical feasibility. Three major test
cases are considered: (a) V2V fast charging mode, where one EV rapidly charges another; (b)
V2H mode, where an EV supplies power to a household load; and (c¢) V2Z (Vehicle-to-Zone)
mode, representing community-level energy sharing [13]. The ANN controller dynamically
regulates power flow to ensure consistent operation across all these scenarios. Performance
evaluation metrics include Total Harmonic Distortion (THD), power transfer efficiency,
charging time reduction, and fault tolerance under converter component failures or sensor noise
[14]. Compared with traditional PI and fuzzy logic-based systems, the ANN-controlled
architecture achieved up to 25% faster charging, 10—15% higher efficiency, and improved
power quality with minimal oscillations. The system also demonstrated effective adaptation to
load changes, validating the ANN’s capability for real-time learning and control. Based on
these results, the proposed ANN-based on-board converter design provides a reliable and
intelligent framework for future EV energy-sharing systems. It supports scalability for multi-
vehicle networks and can be integrated into future Vehicle-to-Grid (V2G) and Vehicle-to-Home
(V2H) infrastructures to create a more sustainable and decentralized energy ecosystem [15].

PROPOSED SYSTEM CONFIGURATION

The proposed system introduces an intelligent and efficient Electric Vehicle-to-Vehicle
(V2V) energy transfer framework based on on-board converters controlled by an Artificial
Neural Network (ANN). The design eliminates the dependency on traditional off-board
chargers and complex multi-stage conversion interfaces by directly linking the energy storage
units of two electric vehicles. This is achieved through the existing Type-2 AC charger input
ports and a set of controlled semiconductor switches that facilitate safe and efficient DC-to-DC
power flow. The system comprises two electric vehicles: a donor EV, which acts as the energy
source, and a receiver EV, which requires charging. Both vehicles are equipped with an on-
board bidirectional DC-DC converter that enables them to operate in either charging or
discharging mode depending on the system’s operational command. The proposed
configuration ensures a seamless and autonomous energy exchange, dynamically regulated by
the ANN controller to maintain voltage, current, and power balance. This approach not only
accelerates the charging process but also reduces the overall system losses, making it suitable
for rapid and flexible energy-sharing scenarios among electric vehicles in real-world
conditions.
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Fig. 3 Simulation results of the proposed V2V operation in forward boost mode with
Vbatl < Vbat2. (a) SOC, voltage, current, and power waveforms of EV-1 battery. (b)
SOC, voltage, current, and power waveforms of EV-2 battery

The operational core of the system is the bidirectional DC-DC converter integrated
within each vehicle. This converter performs the dual function of boosting and bucking the
voltage depending on whether the vehicle is in donor or receiver mode. In donor mode, the
converter operates as a buck converter, stepping down the donor vehicle’s battery voltage to
match the receiver’s charging voltage. In receiver mode, it functions as a boost converter to
regulate and stabilize the incoming voltage and current for optimal charging. The converter’s
switching sequence is managed through high-frequency PWM signals generated by the ANN
controller, ensuring smooth transitions and high precision in voltage regulation. To prevent
overcurrent and backflow, the system includes protection mechanisms such as current limiters,
diodes, and isolation circuits. The converter uses inductors and capacitors to filter out switching
harmonics, thereby maintaining clean and stable output waveforms. Through this arrangement,
the converter not only controls the direction of energy flow but also ensures high energy
efficiency, reduced ripples, and effective voltage matching between the two connected EVs.
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Fig. 4 Simulation results of the proposed V2V operation in the reverse buck mode with
Vbatl < Vbat2. (a) SOC, voltage, current, and power waveforms of the EV-1 battery. (b)
SOC, voltage, current, and power waveforms of the EV-2 battery

The Artificial Neural Network (ANN) controller serves as the intelligent decision-
making core of the system, replacing traditional controllers such as Proportional-Integral (PI)
and Fuzzy Logic Controllers (FLC). The ANN is designed to learn and adapt to nonlinear
variations in load, voltage, and state-of-charge (SOC) conditions that occur during the energy
transfer process. It receives real-time data inputs from voltage sensors, current sensors, and
SOC estimators from both the donor and receiver vehicles. Based on these inputs, the ANN
generates control signals that modulate the converter’s duty cycle to achieve optimal voltage
and current levels. The ANN consists of three layers: an input layer that receives system
parameters, a hidden layer that processes nonlinear patterns, and an output layer that provides
the PWM control signal to the converter switches. The network is trained using datasets
generated from MATLAB simulations under various operating conditions, including load
variations, battery aging, and environmental temperature changes. Once deployed, the ANN
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dynamically adjusts the control strategy in real time, ensuring minimal response delay, stable
charging performance, and efficient power utilization. The key advantage of the ANN
controller lies in its self-learning and adaptive capability, which allows it to maintain system
stability even under highly dynamic operating scenarios without requiring manual retuning of
parameters.
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Fig. S Simulation results of the proposed V2V operation in the forward boost mode with
Vbatl = Vbat2. (a) SOC, voltage, current, and power waveforms of EV-1 battery. (b)
SOC, voltage, current of EV-2 battery, and dc-link voltage.

The complete proposed system is modeled and simulated using MATLAB/Simulink to
validate its functionality and performance. The simulation environment replicates the electrical
behavior of both donor and receiver electric vehicles, their battery packs, the bidirectional DC-
DC converters, and the ANN control subsystem. The donor and receiver batteries are modeled
with real-life parameters, including open-circuit voltage, internal resistance, and SOC
dependency, to ensure realistic simulation results. The ANN controller is embedded within the
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Simulink model, where it continuously processes sensor data and adjusts converter duty cycles
based on learned patterns. The converters are implemented using idealized MOSFET switches,
diodes, and LC filters, while the control signals are generated using a high-frequency PWM
generator block. The simulation monitors critical performance variables such as voltage,
current, SOC, power flow, and overall system efficiency. Several operational scenarios are
tested, including different initial SOC levels for the two vehicles, varying load conditions, and
sudden voltage disturbances. The system’s transient and steady-state responses are analyzed to
evaluate the ANN controller’s effectiveness in maintaining optimal operation. The results from
the simulation show that the ANN-controlled converter provides faster charging rates, reduced
voltage overshoot, and smoother current profiles compared to conventional control methods.

The evaluation of the proposed ANN-based V2V energy transfer system focuses on its
charging speed, energy efficiency, and power quality. The results from the simulation
demonstrate that the system achieves high energy transfer efficiency with minimal conversion
losses due to its direct DC coupling and intelligent control. The charging time for the receiver
EV is significantly reduced, achieving up to 25-30% faster performance compared to systems
using PI or fuzzy controllers. The ANN controller’s adaptive nature allows it to respond
instantaneously to variations in SOC or load demand, ensuring stable and reliable operation
across all conditions. Additionally, the system exhibits excellent power quality, characterized
by low voltage and current ripples, reduced Total Harmonic Distortion (THD), and enhanced
steady-state accuracy. Another key benefit of the proposed design is its scalability — the same
configuration can be expanded to support multiple vehicles in a network, enabling vehicle
clusters to share energy intelligently based on demand and availability. Moreover, the ANN-
controlled converter can seamlessly integrate into future Vehicle-to-Home (V2H) and Vehicle-
to-Grid (V2G) systems, supporting decentralized energy management. The combination of
direct battery interconnection, smart control, and robust converter design makes this proposed
system a sustainable and future-ready solution for fast, reliable, and intelligent energy transfer
among electric vehicles.

CONCLUSION

The implementation of an Artificial Neural Network (ANN) controller in the Electric Vehicle-
to-Vehicle (V2V) energy transfer system effectively enhances the charging performance and
efficiency compared to traditional control strategies. By replacing multiple conversion stages
with a direct battery-to-battery connection using on-board Type-2 AC charger ports and
minimal switching devices, the proposed system minimizes conversion losses and hardware
complexity. The ANN controller dynamically adapts to nonlinear variations in voltage and
current, providing intelligent and precise control for optimal energy transfer. Simulation results
obtained from MATLAB/Simulink reveal a remarkable improvement in charging speed, power
quality, and system response compared to conventional PI and fuzzy controllers. Furthermore,
the proposed ANN-based V2V method exhibits strong fault-tolerant capability, making it
suitable for practical real-world EV applications. Overall, this work demonstrates that
integrating ANN-based intelligent control with on-board converters not only enables efficient
and fast V2V charging but also supports the development of a more flexible, cost-effective, and
sustainable EV charging infrastructure for future transportation networks.
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