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Abstract

The rapid growth of electric vehicle (EV) adoption presents significant challenges for
power system stability while creating new opportunities for decentralized energy man-
agement. Peer-to-peer (P2P) energy networks have emerged as a promising approach for
transforming EVs from passive loads into coordinated grid assets. This paper presents a
comprehensive review of EV-P2P integration through a three-layer architectural framework
that systematically connects physical infrastructure, market mechanisms, and intelligent
control strategies. The Physical Layer reviews how V2X technologies and bidirectional
charging enable EVs to operate as flexible storage resources and ancillary service providers.
The Transactional Layer reviews on blockchain-based platforms, auction mechanisms, and
game-theoretic models for secure energy trading. The Intelligence Layer reviews advanced
control strategies, including decentralized optimization methods such as the Alternating
Direction Method of Multipliers (ADMM) and Deep Reinforcement Learning. Collectively,
the reviewed studies demonstrate that these approaches enable EVs to operate as flexible
loads, distributed storage resources, and ancillary service providers, while improving en-
ergy trading efficiency, reducing operating costs, and alleviating network congestion under
simulated operating conditions. Despite these promising results, a substantial gap remains
between simulation-based studies and practical implementation. Future research should
prioritize integrated pilot projects to evaluate scalability, interoperability, cybersecurity,
and regulatory compliance under realistic operating conditions.

Keywords: peer-to-peer (P2P) energy trading; electric vehicles; vehicle-to-everything (V2X)
technologies; blockchain; transactive energy; distributed energy resources (DERs); smart
grids; optimization

1. Introduction

The escalating climate crisis, underscored by increasingly stringent global targets such
as the Paris Agreement and national Net-Zero commitments, has fundamentally reshaped
the global energy landscape [1]. This has propelled an unprecedented acceleration in the de-
ployment of renewable energy resources, driven by dramatic cost reductions, most notably
in solar PV module prices, which fell by over 90% between 2010 and 2024 [2]. While Solar
Photovoltaic (PV) and Wind Turbines (WT) have emerged as dominant technologies due
to their scalability and improving efficiency, their integration into power grids introduces
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profound operational complexities. The inherent intermittency and variability of these
resources create significant challenges in maintaining the real-time equilibrium between
electricity supply and demand, often leading to issues such as overgeneration, the duck
curve phenomenon, and grid instability [3].

The challenge of balancing supply and demand is further amplified by the rapid
electrification in transportation sector. The proliferation of Electric Vehicles (EVs) introduces
substantial, spatially dispersed, and temporally variable new loads onto the grid [4,5].
Unmanaged charging patterns, particularly when clustered during evening peak hours, can
lead to localized distribution network overloads, exacerbated peak demand, and elevated
system losses [6]. However, EVs also present an unparalleled opportunity to enhance
grid stability and flexibility. Their on-board batteries constitute a vast, distributed, mobile
energy storage resource that can be leveraged through Vehicle-to-Grid (V2G) technology.
This transforms EVs from passive loads into active grid assets capable of providing valuable
ancillary services, such as frequency regulation, peak shaving, and spinning reserve [7,8].

Beyond grid-scale services, EVs offer significant local benefits when integrated with
distributed energy resources (DERs) like rooftop PV. Strategic charging and discharging
cycles through Vehicle-to-Home (V2H) and Vehicle-to-Building (V2B) configurations can
significantly reduce household energy costs, provide backup power during grid outages,
and increase the self-consumption of locally produced renewable energy [9-11]. Effectively
integrating this flexibility requires a move away from the century-old paradigm of cen-
tralized, unidirectional power grids toward a more decentralized, participatory electricity
ecosystem. In this new landscape, consumers are no longer passive end-users but active
prosumers who both consume and produce electricity [9,12].

To facilitate this transition, prosumer energy-sharing models have emerged, catego-
rized primarily into prosumer-to-grid (P2G), peer-to-peer (P2P), and hybrid models. While
the P2G model relies on the central grid, the P2P model promotes direct energy trading
among prosumers. This approach, often facilitated by technologies such as blockchain,
enhances local resilience and fosters market-driven pricing. Industrial interest in P2P
energy trading is growing rapidly, with pioneering projects such as the Brooklyn Microgrid
in New York [13] and various trials across the UK, Japan, Australia, and the European
Union [14-16].

While the potential of EV-P2P integration is widely recognized, the existing liter-
ature remains fragmented. Most reviews focus on individual aspects, such as Vehicle-
to-Everything (V2X) technologies or blockchain-based energy trading, rather than their
interactions. Unlike previous reviews, this paper integrates V2X hardware, blockchain
market design, and Al-based control within a unified layered architecture, showing how
physical constraints shape market mechanisms and intelligent control strategies. Our anal-
ysis also shows that most studies have emerged only within the last few years, highlighting
the rapid evolution of this field.

The remainder of this paper is organised as follws: Section 2 discusses the synergy
between EVs and P2P networks. Section 3 defines the functional roles of EVs in P2P
markets. Section 4 provides a detailed analysis of the models of EV participation in
P2P networks. Section 5 synthesizes these findings into a technical roadmap, discussing
quantitative performance, implementation gaps, and real-world pilot projects. Finally,
Section 6 provides the concluding remarks.

1.1. Methodology and Literature Selection

This review adopts a structured approach to identify and evaluate the existing litera-
ture on EV-P2P integration. Relevant studies published from 2010 onwards were collected
from three widely used academic databases, namely IEEE Xplore, Scopus, and Web of
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Science (WoS). The search strategy utilized boolean operators to combine keywords related
to: (i) electric vehicles (EV, V2G, V2H, V2X), (ii) peer-to-peer energy trading (P2P, transac-
tive energy, local energy markets), and (iii) technical frameworks (blockchain, distributed
optimization, decentralized control).

The initial search returned approximately 870 publications. After removing dupli-
cate records and non-English studies, the remaining 510 records were screened based on
their titles and abstracts to exclude research focused purely on vehicle hardware, battery
chemistry, or general grid optimization without a clear EV-P2P integration component.
Subsequently, a full-text evaluation was conducted based on the inclusion and exclusion
criteria detailed in Table 1.

This filtering process resulted in a curated set of core studies that form the primary
basis for the architectural synthesis and quantitative analysis presented in this paper. These
are complemented by additional references included throughout the manuscript to provide
background information and support the introductory discussion and statistical analysis.

Table 1. Scope and Criteria for Literature Selection.

Criteria

Inclusion Criteria

Exclusion Criteria

Studies where either EVs or P2P trading are
absent or only mentioned peripherally. Papers

Primary Domain

The study must focus on the intersection of
EVs and P2P energy trading or sharing.

on general EV charging without a P2P market are
excluded.

Focus on studies proposing or analyzing
technical architectures, frameworks, or

Purely conceptual or descriptive papers without

Methodological - o a technical modeling component. Studies
models. This includes optimization, game . . .
Approach . focused exclusively on hardware design or social
theory, blockchain protocols, and AI/ML . . . . .
T science aspects without technical simulation.
applications.
Studies involving core enabling technologies: Papers that do not engage with the technical
Key Technologies V2X modalities, blockchain/smart contracts, =~ implementation details of these core
or advanced optimization/control strategies.  architectures.
. Peer-reviewed journal articles and Dissertations, book chapters, editorials, news
Publication Type S . . . .
high-impact conference proceedings. articles, and non-peer-reviewed grey literature.
Language Full text published in English. Papers published in any language other than

English.

As shown in Figure 1, research activity in this field has surged since 2020, highlighting

a critical inflection point in decentralized energy management. The selected studies are
used to deconstruct the EV-P2P ecosystem into three interdependent layers: the Physical
Layer (V2X infrastructure), the Transactional Layer (market and blockchain mechanisms),
and the Intelligence Layer (optimization and Al-driven control).
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Figure 1. Annual publication trend on EV-P2P integration (Scopus database, accessed June 2026).
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1.2. Scope of the Review

To establish the scope of this review, it is necessary to distinguish EV-enabled P2P
energy sharing from other closely related paradigms. Although these paradigms employ
common technologies, such as bidirectional charging and V2X capabilities, they differ
in objectives, participant roles, market structures, and operational principles. Table 2
summarises the major EV integration paradigms and outlines their key characteristics.

Table 2. Comparison of Major EV Integration Paradigms.

Paradigm

Primary Objective Energy Flow Trading Mechanism

Behind-the-Meter energy

Self-consumption and local EV > Home or Building No external market

management (V2H/V2B) energy management participation
Aggregator-based V2G ilxiics:spport and ancillary EV Fleet < Utility Grid Aggregator-coordinated
Local Energy Market Community energy . -
(LEM) balancing Multiple local participants ~ Local market operator
EV-P2P Energy Trading Direct energy trading Peer <+ Peer Decentralized market
between peers
Network congestion . .
Flexibility Market management and flexibility glggﬂ/olﬁsrésources <_> Incentive- or market-based

. flexibility trading
services

This review focuses exclusively on EV participation in P2P energy trading networks,
where EVs act as autonomous market participants that directly exchange energy with
residential prosumers, commercial buildings, and other EVs. Concepts such as V2G, V2H,
and V2B are discussed only where they enable or support EV-P2P energy trading. Likewise,
local energy markets and flexibility markets are included only when their market designs,
optimization methods, or operational principles are directly relevant to EV-P2P systems.

2. Synergies Between EVs and P2P Energy Networks: The Physical Layer

A P2P energy network is a complex socio-technical system composed of several
key actors who interact through both physical energy exchange and digital information
flows [17]. The conceptual model for this ecosystem, as illustrated in Figure 2, shows
these primary actors: Prosumers, who are equipped with DERs like solar PV; traditional
Consumers; and mobile energy assets in the form of EVs. All participants remain connected
to the main utility grid, which serves as the ultimate source of backup power and a sink
for excess energy. The entire ecosystem is coordinated through a digital P2P Platform,
a concept explored in numerous community-driven frameworks [18]. This section will
deconstruct this physical layer, first by defining the fundamental network architecture
and then by providing a detailed review of the critical V2X technologies that enable the
EV’s active, bidirectional participation in this network, as introduced in foundational V2X
studies [19].

2.1. P2P Network Architecture and Key Actors

The conceptual ecosystem shown in Figure 2 comprises a diverse set of actors whose
interactions define the P2P energy market. It reflects the P2P and hybrid paradigms summa-
rized in Table 2 and distinguishes them from aggregator-based V2G and behind-the-meter
V2H/V2B models, where energy exchange remains centralized or confined to individ-
ual premises rather than occurring directly between peers. Central to this model is the
prosumer, an entity that can both produce and consume electricity, which may include
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residential homes with rooftop solar PV, commercial buildings, or community-owned re-
newable assets. These prosumers interact with traditional consumers and, most critically for
this review, with EV owners, who can act as either consumers (when charging) or producers
(when discharging). The research consistently models these heterogeneous agents as the
primary participants in local energy transactions, as seen in the work of [20], who designed
a P2P market for distributed prosumers and EVs, and [21,22], who modelled trading and
grid impacts between commercial fleets and renewable-equipped charging stations.

+— _—— P2P Platform - - —‘*

Prosumer t » Consumer

Figure 2. Conceptual model of a P2P energy trading ecosystem. Solid lines represent the physical
flow of energy, while dashed lines represent the flow of information and financial data coordinated
by the central P2P platform.

Functionally, a P2P energy network can be divided into two main domains: the Phys-
ical Domain and the Virtual Domain [23]. The Physical Domain comprises the electrical
infrastructure and the flow of energy through V2X-enabled devices, whereas the Virtual
Domain provides the digital environment for energy trading, market operation, and sys-
tem coordination. Existing studies commonly describe P2P energy networks using these
two domains, in which the virtual layer manages trading activities while the physical layer
enables the actual delivery of electricity through the distribution network or a dedicated
microgrid infrastructure [24,25]. Building on this concept, this review further subdivides
the Virtual Domain into two analytical layers, namely the Transactional Layer and the
Intelligence Layer, resulting in the three-layer framework presented in Section 4.1.

2.2. The Electric Vehicle as a Network Participant

While EV technology has existed since the 19th century [26], its recent integration
into smart grids is driven by concerns over fossil fuel depletion and environmental impact,
leading to current advancements.

The EVs are broadly classified into four types; Battery Electric Vehicles (BEVs), which
rely entirely on electric power stored in batteries and can be charged during EV deceleration
and braking [27], and have the highest capacity to impact the grid [28]; Plug-in Hybrid
Electric Vehicles (PHEVs), which combine a traditional internal combustion engine (ICE)
with an electric motor and battery (usually smaller as compared to BEVs) that can be
charged via an external source, therefore have a limited capacity to impact the grid [29];
Hybrid Electric Vehicles (HEVs), primarily use an ICE supplemented by an electric motor,
which is charged through regenerative braking and the engine itself; and Fuel-cell electric
vehicles (FCEVs), use hydrogen as a fuel. With HEVs and FCEVs, there is no connection
with the grid, therefore, they cannot impact the grid.

https://doi.org/10.3390 /wevj17080383
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Because of the multiple benefits of transitioning towards EVs, governments are intro-
ducing Zero-Emission Vehicle (ZEV) strategies. Globally, these transitions are accelerated
by the European Union’s Fit for 55 package [30], China’s NEV dual-credit policy [31], and
regional incentives in the United States, such as California’s ACC II [32]. In Australia,
state-level strategies include Queensland’s plan to achieve 50% of new passenger vehicle
sales as ZEVs by 2030 and 100% by 2036, along with significant rebates and infrastruc-
ture investments [33], and Western Australia’s initiative to develop Australia’s longest EV
charging network and provide substantial rebates and grants to support ZEV adoption and
infrastructure [34]. Similarly, the Victorian Government has set a target of 50% of all new
light vehicle sales to be ZEVs by 2030 [35].

As of mid-2026, the transition toward zero-emission vehicles (ZEVs) has reached a
critical stage. Global passenger EV sales are projected to reach approximately 23 million
units in 2026, accounting for 27% of all new car sales, as shown in Figure 3 and, annual
sales are expected to exceed 35 million units by 2030 [36]. At the same time, renewable
electricity generation is expanding to support this growing demand, following the upward
trend shown in Figure 4, with total renewable generation projected to surpass 40,000 TWh
by 2050 [37].

40
30

20

EV Sales (Million)

10

0 T T T T T T
2025 2026 2027 2028 2029 2030
Year

Figure 3. Projected Global Passenger EV Sales (2025-2030) [36].

104 00 Total Renewables U SolarPv BB Wind 0B Hydro

4 —

Electricity Generation (TWh)

T T T
2024 2035 2050

Year

Figure 4. Projected global renewable electricity generation by technology in 2024, 2035, and 2050 [37].

This parallel growth poses a substantial flexibility challenge for future power systems.
According to the IEA [37], short-term grid flexibility requirements are expected to increase
by a factor of two to seven by 2035. Meanwhile, the global EV fleet is projected to consume
more than 2700 TWh of electricity by 2040, representing approximately 6% of global
electricity demand (under the Stated Policies Scenario). Leveraging EVs as distributed
storage resources through P2P energy networks can help provide the flexibility needed to
accommodate higher shares of variable renewable generation.

https://doi.org/10.3390 /wevj17080383
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The integration of EVs into P2P networks has not been a uniform development but
rather a dynamic evolution over the last decade. As illustrated in Figure 5, the field
has progressed through several distinct phases, each characterized by new technological
capabilities and shifting research paradigms. Early concepts in the 2010s focused primarily
on centralized, grid-centric models like V2G or G2V, where EVs were treated as controllable
loads to support grid stability. The mid-to-late 2010s marked a significant shift towards
decentralization, with the emergence of P2P market designs, auction mechanisms, and the
first blockchain-based platforms for energy trading. The current era, beginning around
2020, is defined by the integration of artificial intelligence for intelligent optimization and a
more holistic view of V2X synergies, where EVs act as dynamic, multi-functional assets
within complex energy ecosystems. We will now dig into the specific technologies and
models that characterize this evolution.

Phase 3: AI-Driven
& Integrated Systems

Phase 2: Decentraliza-
tion & Market Design

Phase 1: Founda-
tional Concepts

Main Focus: Centralized Control
& Grid Services

¢ Theoretical V2G & G2V

Main Focus: P2P Markets Main Focus: Intelligent

P2P trading concepts OplimizationiaZ e

*  Auction-based mechanisms e Al/Deep Reinforcement

models
[E—

Centralized
Demand response & ToU
2010s tariffs
o Peak shaving & valley fill-
ing
EV Role: Controllable load
Challenge: Scalability

Game theory models
Early blockchain pilots
Smart contracts

EV Role: Active prosumer

*  Challenge: Regulation & se-

curity

Learning

Full  V2X  integration 3| present

(V2H/B/V)

¢ Advanced consensus mech-

anisms

*  Tokenized energy/carbon

credits
Real-world pilot validation

2020s

EV Role: Dynamic, multi-
service asset
Challenge: Interoperability

Figure 5. Evolution of EV-P2P Integration Paradigms (2010s—Present). The field has progressed from
centralized, grid-focused concepts to decentralized, Al-driven ecosystems where EVs act as dynamic,
multi-service assets.

2.3. Bidirectional Charging: The Gateway to Participation

To properly integrate EVs into the power system, a proper charging mechanism should
be maintained to allow the bidirectional flow of EV power to the grid and peers [38]. The EV
charging methods are broadly of two types: unidirectional and bidirectional. Unidirectional
methods usually have uncontrolled or uncoordinated charging, which charges at maximum
power without control, leading to peak load and voltage issues [39,40]; delayed charging,
which uses pricing to shift charging to off-peak times, potentially causing a second peak [41];
and controlled charging, which adjusts time and power based on network conditions to
optimize system use but requires complex control [42].

Bidirectional methods include V2G, where EVs can charge and discharge to the grid,
providing grid services but needing bidirectional chargers and communication and active
discharging may degrade battery; V2B, where EVs supply power to building loads, re-
ducing costs but offering fewer grid services; and V2H, which supplies power to a single
home, supporting local renewables with a simpler setup but limited grid impact. Customer
acceptance is the major barrier to implementing all these bidirectional power concepts [43].

2.4. Enabling Technologies: V2X Strategies

The ability of an EV to participate in a P2P market as more than a passive load depends
on V2X technologies. V2X is a broad term encompassing the communication protocols
and power electronics that enable bidirectional energy flow between an EV battery and
external entities. While conventional grid-to-vehicle (G2V) charging only permits energy
consumption, V2X enables EVs to function as mobile DER. The different V2X modalities
provide a spectrum of capabilities, ranging from simple home backup to complex grid
support, with distinct grid impacts, benefits, and challenges, as summarized in Table 3.
Figure 6 further classifies V2X technologies according to their primary market functions,
ranging from localized P2P energy trading to grid-scale ancillary services.

https://doi.org/10.3390 /wevj17080383
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Local Prosumer Market

Fleet Energy
Management

Ancillary Services Market Building
—— Energy
Distribution Analytics
System
Operator

Load
Management

V2L

Demand Side Management

Home Energy
Management

]

Figure 6. Classification of V2X interaction paradigms based on their primary market objectives. V2V,
V2H, and V2B facilitate local P2P energy trading, V2G provides ancillary services to the DSO, and
V2L supports demand-side management.

Table 3. Technical Capabilities and Grid Impact of V2X Modalities.

Primary Function in

Grid

Key Benefit for the

V2X Modality P2P Networks Impact System Critical Challenge Key Paper(s)
. Enables EVs to act as High infrastructure &
EV provides energy . . - .
and ancillary services distributed grid assets communication costs;
V2G to the wider High for system-wide stability = complex coordination; [44,45]
distribution network. (e.g., frgquency battery degradation
regulation). concerns.
. , Increases household Limited system-level
EV powers its owner’s . . .
home, acting as a self-sufficiency and impact as it does not
V2H . Low provides reliable backup  directly support peers or [19,46]
behind-the-meter . . R
power, reducing the provide grid-wide
resource. , .
home’s net load. services.
Reduces a building’s High upfront cost for DC
EV (often from a fleet) large peak demand, chargers; requires complex
V2B powers a commercial ~ Medium which can significantly =~ integration with Building  [47]
building. alleviate stress on the Management System
local transformer. (BMS).
Creates hyper-local, High network and
EV trades energy mobile energy markets;  communication
v2v directly with another Localized can alleviate demand at ~ complexity; minimal [48]
EV. congested charging impact on broader grid
hubs. stability.
Provides mobile, .
) Niche use case; does not
EV powers standalone off-grid power for -
V2L appliances (acts as a Negligible remote areas, emergenc contribute to the P2P (General
PP 818 ! SENY market or grid stability in ~ V2X)

mobile generator).

response, or specific
worksites.

a meaningful way.

A technical tension exists between the localized objectives of V2H and V2B and

the system-wide objectives of P2P energy trading. While V2H prioritizes household

self-sufficiency by reserving battery capacity for the vehicle owner, it can reduce the
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aggregate flexibility available to the broader P2P market. Future EV-P2P architectures
should therefore incorporate hierarchical flexibility reservation mechanisms capable of
evaluating the opportunity cost of allocating EV battery capacity to local backup services
versus higher-value applications such as grid support or P2P energy sharing.

2.4.1. V2G: EV as a Grid Asset

V2G is the most extensively studied V2X modality, enabling EVs to both draw power
from and inject power into the distribution network. This bidirectional capability allows
EVs to function as dispatchable grid assets that can support both local P2P communities
and wider electricity markets. Within P2P energy networks, V2G facilitates the provision of
ancillary services such as frequency regulation, voltage support, and demand response. For
example, ref. [44] proposed a game-theoretic framework that utilizes fleets of V2G-enabled
EVs within dynamic demand response programs, while [45] developed a blockchain-based
market mechanism for managing V2G transactions.

Despite its significant potential, widespread V2G adoption faces several technical
and economic barriers. Key challenges include the high cost of bidirectional DC charging
infrastructure and the requirement for secure, reliable communication and control systems.
Battery degradation remains the most critical concern, as repeated charge-discharge cycles
accelerate capacity fade in lithium-ion batteries, increasing ownership costs and potentially
reducing battery lifespan. Consequently, revenues generated through P2P trading and
ancillary service participation must be sufficient to offset these degradation costs.

A notable limitation of existing P2P-V2G research is the simplified treatment of battery
aging. Many economic models either neglect degradation costs or represent them using
linear approximations, which may not accurately capture long-term battery behavior.
Future studies should therefore incorporate physics-based degradation models to provide a
more realistic assessment of the economic viability and sustainability of V2G participation.
As capacity decline is non-linearly dependent on varying cycling conditions, state-of-
charge windows, and temperature, factors often overlooked in current P2P energy sharing
models [49].

2.4.2. V2H: Enhancing Household Autonomy

V2H represents a more localized, behind-the-meter application of bidirectional charg-
ing. In this mode, the EV is defined by its role as a home battery storage system, capable of
powering its owner’s house directly and isolating from the grid if necessary. V2H offers
two primary benefits in a P2P ecosystem. First, it significantly increases a household’s
energy self-sufficiency, allowing a prosumer to store their excess solar energy generated
during the day [50,51] and use it to power their home in the evening, thereby reducing their
reliance on either the grid or their peers. Second, it provides a reliable source of backup
power during grid outages [52], enhancing household resilience.

The significant financial impact of this capability was quantified by [19], whose simu-
lations showed substantial annual bill savings for households participating in a P2P market
combined with V2H dispatch. The optimization model presented in [46], which demon-
strated a 23% cost reduction for prosumers using V2H, further highlights its economic
benefits. The main limitation of V2H is its low direct impact on the wider P2P market and
grid; while it reduces a home’s net load, it does not inherently allow for energy sharing
with neighbors or provide system-wide grid services.

2.4.3. Emerging and Specialized V2X Modalities

Beyond the primary modalities of V2G and V2H, the literature explores several other
V2X technologies that serve more specialized, although equally important, roles within the
P2P ecosystem:
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https://doi.org/10.3390/wevj17080383

World Electr. Veh. ]. 2026, 17, 383

10 of 36

*  V2B: This can be conceptualized as V2H at a commercial scale. In this mode, a fleet
of EVs, typically corporate or employee vehicles, can be used to power a commercial
building. Its primary application is in peak shaving to help the building avoid high
demand charges from the utility. This capability is highly relevant to the energy
management models for smart building clusters, such as the one explored by [47],
where a V2B-capable fleet could act as a significant shared energy resource.

¢ Vehicle-to-Vehicle (V2V): V2V represents the most decentralized form of P2P energy
trading, enabling direct energy exchange between EVs without relying on fixed charg-
ing infrastructure [53,54]. This capability can facilitate localized energy sharing and
help reduce demand at public charging stations during periods of high utilization [55].
However, conventional V2V implementations generally exhibit lower energy transfer
efficiency than direct vehicle-to-DC load applications because many existing systems
rely on an intermediate AC conversion stage. In these architectures, energy is con-
verted from DC to AC by the supplying vehicle and then back to DC by the receiving
vehicle, introducing additional conversion losses [56,57]. Emerging DC-coupled V2V
architectures, which employ a common DC bus or dedicated DC charging infras-
tructure, eliminate the intermediate AC conversion stage and can therefore improve
overall energy transfer efficiency while reducing power conversion losses [58].

*  Vehicle-to-Load (V2L): This is the simplest form of bidirectional capability, where an
EV’s battery is used to power standalone appliances or loads via a standard outlet,
effectively acting as a mobile generator. While useful for off-grid applications such as
emergency response or worksites, its impact on the structured energy trading within
P2P networks is negligible, and as such, it is not a primary focus of the market models
reviewed in this paper.

While Table 3 classifies V2X modalities according to their technical functions and grid
impacts, it does not show how these technologies are integrated with other components in
practical energy systems. To address this, Table 4 categorizes studies based on their level of
system integration, ranging from single-modality implementations to hybrid frameworks
that combine V2X with demand-side management, energy storage, and renewable energy
sources. Together, these tables provide complementary perspectives by highlighting both
the functional roles of V2X technologies and their integration within broader EV-P2P
energy systems.

Having reviewed the various V2X modalities and their integration with complemen-
tary technologies such as Demand-Side Management (DSM), Energy Storage Systems, and
Renewable Energy Sources, it is evident that EVs are increasingly being positioned as
active participants in modern energy systems. These technical advancements, including
V2G, V2H, and V2V interactions, provide the operational foundation for decentralized
energy trading. Building upon these capabilities, the next stage of research focuses on
the market mechanisms that enable energy exchange among participants. Consequently,
the following section examines the market models underpinning P2P energy trading, in-
cluding blockchain-based platforms, auction mechanisms, and decentralized optimization
frameworks that support efficient energy trading and grid stability.
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Table 4. Comparative Analysis of V2X Modalities in P2P Energy Networks.
Integration Category Description of Integration V2X Type Primary Research Focus/Goal Key Representative Paper(s) = Remarks
iticrl;iisofgc(;s;rsliorllet?/;x To prove the fundamental
. P . & V2G, V2H, concept; to design a core market [46] (V2H focus); [48]. Foundation
Basic V2X modality (e.g., V2G only, or . o
2 V2v mechanism for that specific (V2V focus) stage
V2H only) without other .
: . modality.
complex integrations.
Combines V2X capabilities with EO creaf)e a.llg(.)hsm Enh
. broader DSM strategies, such as ome/building energy nhances
V2X with DSM . I, V2G & DSM management system where the [59,60] demand
smart appliance scheduling or . . g
. o EV is one of several flexible flexibility
price-based load shifting.
resources.
Models that co-optimize the To find the optimal dispatch
V2X with Stationary operation of EVs (mobile V2G + BESS between mobile and stationary [19,61] Mobility vs.
Energy Storage storage) and stationary Battery batteries; to enhance community ! Stationarity
Energy Storage Systems (BESS). resilience and self-sufficiency.
Explicitly models the synergy To use EVs to absorb excess [62] (PV-Grid-EV
V2X with Renewable between V2X and intermittent renewable generation, reduce . . Improves RE
V2G + PV/WT . . transactions); [63] (managing kA
Energy (RE) renewables (e.g., solar curtailment, and firm renewable PV uncertainty) utilization
PV, wind). output. Y
The complex models, To create a compfeh.er\s.lve, [64] (Microgrids + Parking
. . . . . system-wide optimization Ny 11
Fully Integrated/Hybrid  integrating V2X with multiple V2X+RE + ES framework for a complete Lot); [47] (Smart Building Full-stack
Systems other components (e.g., RE+ES  +DSM P Clusters); [65] (Fast Charging  integration

+DSM).

microgrid or local energy
community.

+ Renewables)

3. Functional Roles of EVs in P2P Energy Markets

EVs have evolved from passive electricity consumers to active participants in decen-

tralized energy markets, where they simultaneously perform multiple functions as flexible

loads, distributed storage resources, and ancillary service providers. Figure 7 illustrates

these complementary roles, while Table 5 summarizes their primary functions, market

interactions, and associated benefits. Rather than operating independently, these roles

create technical and economic synergies that improve renewable energy utilization, reduce

operational costs, and enhance distribution network resilience [46,47,66].

Ancillary
Services

Flexible

Storage
Resources

Figure 7. Roles of EVs in P2P Energy Networks and their synergies.
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Table 5. Functional Roles of EVs in P2P Energy Markets.

Functional Role  Description Primary Action in P2P Market Key Benefit Key Paper(s)

The EV adjusts its charging schedule Purchases energy during
. according to electricity prices, low-price periods or when Reduces charging costs and

Flexible Load renewable generation availability, or excess local generation is mitigates peak demand. [46,59]
network conditions. available.

Storage The EV battery stores energy obtained = Trades stored energy and Enhances self-sufficiency,

Resogrce from peers or the grid and later functions as a distributed flexibility, and energy [19,67]
discharges it through V2X services. community energy storage asset.  autonomy.

Ancillary Tl}rlc)ev]ia(}l]ir?uggﬂ?eggfcip;;it;)tg bey Offers flexibility to local markets  Improves grid stability while

Service lrge ulatioi frequency support a%l d or responds to aggregator creating additional revenue [68,69]

Provider 5 red ¥ support, dispatch signals. streams.

reserve capacity.

3.1. EVs as Flexible Loads and Storage Resources

Recent studies have extensively investigated the use of EV flexibility to improve de-
centralized energy management. For example, ref. [59] formulated EV charging as a flexible
scheduling problem that adapts to real-time market conditions to improve community-
wide energy efficiency. Likewise, ref. [70] demonstrated that coordinated charging can
shift electricity demand toward periods of high renewable generation, reducing network
loading and improving renewable utilization. Specifically, ref. [22] utilized empirical data
from an Australian commercial fleet to demonstrate that hybrid PV-wind integration can
postpone peak demand by three hours and reduce overall grid consumption by 7% through
optimized charging/discharging cycles.

Within P2P energy markets, this flexibility is commonly achieved through DSM
strategies that coordinate charging and discharging while satisfying user mobility require-
ments [71-74]. Such scheduling approaches reduce peak demand, increase local renewable
self-consumption, and enable economically viable participation in decentralized electricity
markets [8,75,76].

Beyond flexible demand, EV batteries are increasingly utilized as distributed energy
storage resources. Rather than serving only transportation needs, they provide temporary
energy storage that facilitates P2P trading and improves local energy balancing. For ex-
ample, ref. [67] proposed an energy-backed token mechanism that rewards EV owners for
providing storage capacity, whereas [19] demonstrated significant reductions in household
electricity costs through V2H integration within P2P markets. Similar benefits have been
reported using blockchain-enabled charging systems and distributed optimization frame-
works, where EVs act as short-term energy buffers that mitigate fluctuations in distributed
renewable generation [47,77].

3.2. EVs as Ancillary Service Providers and Coordination Agents

In addition to energy trading, EVs increasingly support power system operation
by providing ancillary services and enabling decentralized coordination. Although
widespread EV adoption can introduces operational challenges, coordinated charging
and discharging enable EV fleets to contribute to voltage regulation, frequency control, and
overall grid reliability [66,78]. For example, ref. [48] proposed a blockchain-enabled V2V
trading framework that simultaneously facilitates secure energy exchange and supports
grid operation, while [68] demonstrated that aggregated EV fleets can effectively provide
frequency regulation services comparable to conventional stationary storage.

Recent research has also emphasized the role of EVs as coordination agents within
decentralized P2P markets. Auction-based trading strategies [79], reactive power sup-
port during fast charging [80], smart building energy management [44], and coordinated
charging station control [69,81] collectively demonstrate how coordinated EV operation

https:/ /doi.org/10.3390/wevj17080383


https://doi.org/10.3390/wevj17080383

World Electr. Veh. ]. 2026, 17, 383

13 of 36

improves network performance while reducing charging costs and congestion. These
studies highlight that effective coordination is fundamental to realizing the technical and
economic benefits of EV-integrated P2P energy systems.

4. Models for EV Participation in P2P Energy Markets
4.1. A Layered Architectural Framework

The participation of EVs in P2P energy networks relies on the coordinated operation
of physical infrastructure, market mechanisms, and intelligent decision-making rather than
any single technology. To provide a systematic analysis of the literature, this review adopts
the layered architectural framework shown in Figure 8. The framework organizes the
EV-enabled P2P ecosystem into three interdependent layers, as summarized in Table 6.

Table 6. Hierarchical Three-Layer Architecture for EV-P2P Energy Networks.

Layer Domain Core Technologies & Components Primary Function in the P2P Ecosystem
EVs, Battery Systems, Bidirectional Eﬁ%ﬁiﬁ;ﬁgiggﬁ?E;:Zir ixcgz?ﬁe,
Physical Layer ~ Physical ~ Chargers (V2G/V2H/V2B/V2V), ) : Y Operatng
Lo . constraints, and interfaces with the
Distribution Grid, Smart Meters L.
distribution network.

. Blockchain, Smart Contracts, Manages P2P energy trading through
Transactional . ) . : . . —
Laver Virtual Auction Mechanisms, decentralized pricing, transaction validation,

y Game-Theoretic Market Models market clearing, and financial settlement.
MILP, ADMM, MPC, Deep Optimizes charging, discharging, and energy
Intelligence Virtual Reinforcement Learning, trading decisions to improve economic
Layer Distributionally Robust performance, renewable energy utilization,

Optimization (DRO)

and grid stability.

Intelligence & application layer
Adv. Optimization Algorithms ¢ AI/DRL Models ® Game-Theoretic Strategies

A

data & state decisions & prices

< -----

Transactional layer

Blockchain ® Smart Contracts ® Auction Mechanisms ® P2P Trading Protocols

A

measurements dispatch cmds

< -----

Physical layer

EVs & Batteries ® Charging Stations ® Grid Infrastructure ® V2X Communication

—> Upward: data & state --> Downward: commands & prices

Figure 8. Layered architecture framework for EV-P2P energy trading systems.
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The Physical Layer comprises grid infrastructure, V2X technologies, and battery oper-
ating constraints. The Transactional Layer encompasses market mechanisms, blockchain
platforms, pricing strategies, and trading protocols within the virtual domain. The Intelli-
gence & Application Layer incorporates optimization techniques and intelligent decision-
making algorithms for energy management and market coordination. Together, these three
layers illustrate how physical energy exchange, market transactions, and intelligent control
operate to enable efficient and reliable P2P energy networks.

The Physical Layer was discussed in Section 2. The remainder of this section focuses
on the two upper digital layers, namely the Transactional Layer and the Intelligence &
Application Layer. This organization provides a consistent basis for comparing existing
approaches and evaluating their contributions to the efficiency, scalability, reliability, and
intelligence of EV-integrated P2P energy networks.

4.2. The Transactional Layer: Market Mechanisms

While the Physical Layer provides the hardware for energy to flow, the transactional
layer provides the fundamental rules and environment that govern how, why, and with
whom that energy is traded. This layer is the socio-economic heart of the P2P ecosystem,
moving beyond simple physical connections to create a true market. It addresses the
critical challenges of establishing trust between unknown peers, discovering fair prices
in a dynamic environment, and formalizing the strategic interactions of self-interested
participants. At the core of these market designs is the economic objective of maximizing
social welfare, which aims to find the optimal allocation of energy that provides the greatest
collective benefit to all participants.

The transactional layer is deconstructed into its three foundational pillars as identified
in the literature: blockchain-based platforms for establishing decentralized trust, auction
and bidding mechanisms for enabling efficient price discovery, and game-theoretic models
for analyzing the strategic behavior of market agents. These pillars work in concert to
create a robust and viable marketplace for P2P energy exchange, as explored in studies
such as [82,83].

4.2.1. Blockchain-Based Platforms

Blockchain technology serves as the foundational trust layer for many decentralized
P2P markets, providing a secure, transparent, and immutable ledger for transactions
without relying on a central intermediary. Its adoption has been a dominant theme in the
literature, evolving from simple conceptual models to highly specialized and integrated
platforms. This evolution can be understood through three primary research thrusts:
enhancing core performance, increasing economic sophistication, and integrating with
external intelligence. As shown in Table 7.

Early conceptual models, such as those by [84,85], were pivotal in establishing the
viability of using distributed ledgers for securely processing and logging EV charging trans-
actions. These foundational works proved the principle of a decentralized, tamper-proof
record for energy trading. However, they did not address the significant scalability and
latency challenges inherent in first-generation blockchains (like Bitcoin’s Proof-of-Work),
which would be unsuitable for the high-frequency transactions required in real-time energy
markets. Recognizing these limitations, a major research thrust has focused on enhancing
the performance and efficiency of the underlying distributed ledger technology (DLT). This
represents a maturing of the field from a generic one-size-fits-all blockchain approach to
application-specific designs. For instance, ref. [48] proposed a custom consensus mecha-
nism (BAC-SDS) specifically for the high-mobility, low-latency demands of V2V networks,
while [86] explored Hashgraph as a faster alternative. For stationary charging, ref. [87] ex-
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plored Federated Byzantine Agreement (FBA) as a more energy-efficient consensus model
for coordinating EV supply equipment. To address data throughput, ref. [88] applied
sharding techniques to improve scalability. This focus on the core protocol layer is crucial
for making blockchain a viable real-world platform.

Table 7. Critical Evaluation of Key Innovations in Blockchain for EV-P2P Trading.

Paper Key Challenge Addressed Proposed Innovation Critical Bottleneck
[48] Slow consensus for mobile ﬁ)ﬁsgehr:x?%gz é}_jspélg;l SZISTSE :(C;i)cr The security of a new consensus protocol is
V2V networks. - 1 & less battle-tested than established ones.
high mobility.
. . Economic penalties (demurrage) Adds economic rules that may slow down
[67] }1\14 al;l;(i;mstablhty from token integrated into the token’s smart the real-time market clearing (ADMM
o4 & contract to encourage spending. convergence).
. . Use of Non-Fungible Tokens (NFTs) to  High transaction costs and data overhead
Inability to trade unique o . .
[89] represent specific energy contracts or of NFTs may be impractical for low-value
assets/contracts.
EV assets. energy trades.
Computational limit of Integration of Quantum Reinforcement  Highly theoretical; relies on quantum
[90] finding optimal trading Learning (QRL) for Al-driven simulation as practical hardware is not yet
strategies. decision-making. commercially viable.
Disconnect between the Hybridizing blockchain with Model Assumes perfect, low-latency
[91] market and physical grid Predictive Control (DMPC) to link the =~ communication, which is a major challenge
control. layers. in real-world energy systems.

A parallel trend involves increasing the economic sophistication of the on-chain assets.
While early models relied on simple, fungible energy tokens, more recent frameworks
demonstrate a move towards more complex and functional economic models. A prime
example is the energy-backed token market proposed by [67], which introduces a demur-
rage mechanism to penalize token hoarding and prevent market inflation. Taking this a
step further, ref. [89] introduced a novel framework using Non-Fungible Tokens (NFTs)
through their TokenGreen concept, allowing unique energy contracts or even the EV assets
themselves to be represented and traded on-chain.

Finally, the most significant trend is the integration of blockchain with external intel-
ligence, transforming it from a simple ledger into a platform for smart decision-making.
Instead of a standalone solution, blockchain is now increasingly treated as a trust layer
upon which advanced control and Al models can operate. This is powerfully demonstrated
by the combination of blockchain with Machine Learning for profit optimization [92], and
futuristic concepts like Quantum Reinforcement Learning [90].

Many studies, while technologically advanced, rely heavily on simulations [93] or
private testnets [94] and do not fully address the challenges of real-world deployment.
Key unresolved issues include communication unreliability between EVs and the network,
the high computational and financial cost of transactions on public blockchains, and the
conspicuous absence of clear regulatory frameworks to govern these decentralized markets.
Therefore, while blockchain has been proven effective for security and decentralization in
principle, the foremost challenge for future work is to bridge the gap from simulation to
scalable, economically viable, and operationally resilient pilot projects.

4.2.2. Auction and Bidding Mechanism

While blockchain provides a secure platform for transactions, it is the auction and
bidding mechanism that acts as the economic engine for the P2P market. These mechanisms
are the formal rules that govern how prices are discovered and how buyers and sellers are
matched, a process critical for achieving the social welfare objective outlined previously.
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The literature showcases a progression from standard auction models to more sophisticated
designs tailored specifically to the unique challenges of EV energy trading.

A continuous double auction is the most common and intuitive choice, as it allows
both buyers (EVs) and sellers (prosumers) to submit bids and offers simultaneously, with a
central clearinghouse (often a smart contract) matching them to find a market-clearing price.
This approach is fundamental to the models proposed by [45], where it is used to manage
demand response, and is a core component of the market designs in several other studies.

However, researchers have identified that a simple auction model may not be sufficient
for the complexities of e-mobility. One major theme of innovation is designing auctions for
non-traditional scenarios. Recognizing that EV charging can be mobile, ref. [95] designed a
novel distributed auction specifically for energy trading between EVs and mobile charging
stations. Their mechanism ensures truthfulness and fairness without a central auctioneer, a
key innovation for fully decentralized and dynamic markets.

Another critical theme is the integration of non-monetary factors into the auction
process to ensure market quality. In a purely price-driven auction, there is a risk of a race
to the bottom, where unreliable sellers might win bids but fail to deliver. To counter this,
ref. [96] integrated a reputation scheme with a reverse auction. In their model, sellers with
a higher reputation score are given an advantage, ensuring that EVs receive reliable service,
not just a low price. This aligns economic incentives with operational reliability. A similar
focus on quality is seen in [97], who propose a framework based on Quality of Service
(Qo0S) metrics.

The intelligence of the market also depends on the intelligence of its participants. A
human cannot be expected to constantly monitor prices and submit optimal bids. There-
fore, a significant body of research focuses on the design of sophisticated bidding agents.
Studies [98,99] develop automated agents that can act on behalf of EV owners. These
agents use predictive models to navigate market uncertainties, deciding on the best times
and prices to bid for charging or discharging services [100] also propose a smart bidding
strategy that allows prosumers and consumers to interact more effectively. The process
through which these mechanisms operate, from bidding to final settlement, is illustrated in
the simplified flowchart in Figure 9.

4. Physical
dispatch

5. Financial
settlement

3. Transaction

1. Biddi h
1dding phase execution

EVs and prosumers
submit buy/sell
offers to the
market platform.

2. Market clearing

Algorithm or

smart contract
matches bids and
sets clearing price.

Parties noti-
fied; transaction
logged immutably
on blockchain.

N EV begins charging; N
prosumer delivers
committed energy

via the grid.

Payment auto-
transferred from
buyer to seller via

smart contract.

Figure 9. A simplified horizontal flowchart of a typical P2P auction process. The sequence progresses
from the initial bidding phase and market clearing to the automated execution, physical dispatch,
and final financial settlement, a process often facilitated by smart contracts on a blockchain.

4.2.3. Game-Theoretic Models

While auction mechanisms define the rules for market clearing, they do not inherently
capture the strategic decision-making of the market participants themselves. P2P energy
networks are complex ecosystems populated by numerous self-interested, autonomous
agents, such as EV owners seeking low-cost charging, prosumers aiming to maximize profit
from solar generation, and aggregators managing entire fleets. To understand how these
agents will behave and to design stable market rules that prevent undesirable outcomes
(e.g., market manipulation or instability), the literature widely employs game theory.
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In game-theoretic P2P models, each participant i (EV or prosumer) aims to maximize
its individual utility function, which can be expressed as

Ui(qi) = a;jIn(14q;) — Apop g (1)

where g; is the quantity of energy traded by participant i, &; denotes the user’s preference
or comfort coefficient, and Apyp represents the market-clearing price determined by the
P2P trading mechanism. This utility function captures the self-interested behavior of
individual participants while enabling the market to converge to a Nash equilibrium,
where no participant can improve its utility by unilaterally changing its trading strategy.

Game-theoretic models provide a mathematical framework for analyzing strategic
interactions and predicting market equilibrium. The choice of game depends on the specific
power dynamic being modeled. A popular approach for modeling hierarchical interactions
is the Stackelberg game, which features a leader and one or more followers. This is
particularly well-suited for markets with a dominant player, such as a utility, an aggregator,
or a distribution system operator. As demonstrated by [101], this model effectively captures
the dynamic where an aggregator (the leader) sets a price, and EV owners (the followers)
react by optimizing their individual charging strategies in response. Similarly, ref. [102]
modeled the complex interaction between the main distribution network and multiple P2P
energy hubs as a single-leader, multi-follower game to find a stable operational equilibrium.

For negotiations between peers on a more level playing field, where no single player
dominates, different game structures are used. To model direct, bilateral negotiations
between groups, ref. [103] utilized a generalized Nash-bargaining model. This cooperative
game theory approach is used to derive optimal and provably fair trading contracts between
entire aggregations of peers, such as an EV fleet and a coalition of smart homes. In contrast,
ref. [104] employed a supermodular game to design a secure trading system that allows for
efficient energy exchange both within a local region and between different regions.

These game-theoretic frameworks are rarely used in isolation; they are often integrated
with other layers, as shown in Table 8. They provide the intelligence for bidding strategies
in auction markets and define the objective functions used in optimization problems. Ulti-
mately, game theory is essential for designing P2P markets that are not only economically
efficient but also robust to the strategic, self-interested behavior of their participants, ensur-
ing that the pursuit of individual gain aligns with the overall goal of system-wide stability
and social welfare.

Table 8. Analysis of Market Designs and Strategic Models for EV-P2P Trading.

Paper Market Design Problem Addressed Proposed Model Key Insight

How to set prices and manage demand in ~ Stackelberg Game & Double

Effectively models the hierarchical power

[431 a hierarchical V2G environment. Auction dynamic !Detween a lead service provider
and reactive EV owners.
.. . . A novel solution for dynamic
H ff; f L . . !
[95] ow to manage efficient and fair trading Distributed Auction Game location-based markets that ensures

with non-static, mobile charging stations.

truthfulness without a central auctioneer.

How to ensure service quality and
[96] prevent a race to the bottom in a
price-driven auction.

An innovative design that prevents
Reverse Auction with a market failure by explicitly rewarding
Reputation Scheme reliable sellers, linking economic
incentives to QoS.

Captures the complex strategic

[102] How the main grid should strategically Single-Leader, Multi-Follower  decision-making process between a
interact with multiple P2P energy hubs. Game utility (leader) and multiple P2P markets
(followers).
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Table 8. Cont.

Paper Market Design Problem Addressed Proposed Model Key Insight

How groups or coalitions of peers (not A cooperative model that provides a
[103] just individuals) can find a fair trading Nash-Bargaining Solution provably fair way to divide the economic

agreement. surplus for group-based trading.

HOVY 1.nd1V1due.11 EV owners can Intelligent Bidding Agent Focuses on the participant level, creating
[99] participate optimally in a volatile and . automated agents to navigate market

. Design .

uncertain market. risks on behalf of users.

How to create a market for and properly =~ Double-Sided Auction for A specific mark.et design that unlocks the
[79] value of a key circular economy asset

value aging, retired EV batteries. Second-Life Batteries

(retired EV batteries).

4.3. The Intelligence Layer: Control Strategies

While the Transactional Layer defines the market rules, the Intelligence Layer provides
the operational logic required for market participants to optimize their decisions. This layer
comprises the optimization and control algorithms employed by EV owners, aggregators,
and system operators to determine charging, discharging, and energy trading strategies
under dynamic operating conditions. The primary objectives include minimizing electricity
costs, maximizing revenue from P2P energy trading and grid services, and mitigating
battery degradation [21,105].

Within the intelligence layer, EV energy management problems are typically solved
locally by individual EVs, coordinated through aggregators, or executed by decentralized
agents, depending on the underlying market architecture [106]. Despite differences in
implementation, most studies formulate EV-P2P energy management as a constrained
optimization problem with a broadly consistent mathematical structure [59,64,107]. In
particular, the majority of frameworks adopt a cost-minimization objective that accounts
for electricity procurement costs, battery degradation, and revenues from P2P energy
exchange [64,106].

A general form of the objective function can be expressed as:

T
min ) (an‘d(t) (Pgria(t) + Caeg (£) (EV“(t) — Rpap(t) (szp(t))> )
=1

where T is the optimization horizon, t is the time step, Cg/ig (t) denotes the cost of electricity
imported from the grid at power level Py,;4(t), Cgeq (t) represents the battery degradation
cost associated with the equivalent cycling energy E%Y°(t), and Rpyp(t) denotes the revenue
obtained from P2P energy transactions involving power Ppyp(t).

The optimization is subject to operational constraints, the most fundamental of which
is the power balance equation:

Ppy (t) + Pwr(t) + Pyria(t) + Pais(t) = Pioaa(t) + Pen(t) + Ppap(t) 3)

where Ppy (t) and Pyr(t) are the power generated by solar PV and wind turbines, Pg,(#)
is the power exchanged with the utility grid, Py;s(t) and P, (t) are the battery discharging
and charging power, and Pj,,;(t) represents the local electrical load. Ppyp(t) is positive
when the EV exports power to the P2P market and negative when it imports energy.

The battery state of charge evolves as:
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where 7., and 774;5 are the charging and discharging efficiencies, respectively, and E,) is
the battery energy capacity, and At represents the duration of the time step. The state of
charge is constrained as:

S0Cin < SoC(f) < S0Cax o)

to ensure battery longevity and preserve sufficient energy for mobility requirements, typi-
cally enforcing a minimum reserve threshold between 20% and 30%.
Charging and discharging power limits are given by:

0 < Pyy(t) < PU™, 0 < Py(t) < P ©)

while grid exchange and P2P trading power are constrained by converter and network limits:

,P{Jnj"[;( < PP2P(t) < szﬂg’ 0< Pgrid(t) < pmax @)

— *grid

Equations (2)—(7) define a generalized EV-P2P optimization framework commonly
adopted in the literature. While studies differ in their treatment of uncertainty, market
clearing mechanisms, and network constraints, the underlying formulation remains largely
consistent. The primary variation lies in the modeling of battery degradation. Many studies
adopt simplified linear or convex approximations, which do not fully capture the nonlinear
aging behavior associated with high-frequency V2X cycling [49].

This simplification has direct economic implications. The inclusion of Cg,, reflects
the significant levelized cost of storage (LCOS) associated with EV batteries, which are
primarily designed for mobility rather than frequent energy arbitrage. Unlike stationary
battery energy storage systems, EV batteries experience accelerated degradation under
bidirectional cycling, leading to higher effective LCOS and limiting their economic compet-
itiveness in energy trading applications [108,109].

Although the optimization problem remains largely unchanged, the methods used to
solve it have evolved considerably. Early studies primarily relied on centralized mathemat-
ical programming to obtain globally optimal solutions. As EV participation and market
complexity increased, research gradually shifted toward decentralized optimization and,
more recently, artificial intelligence-based methods to improve scalability, preserve data
privacy, and enable real-time decision-making. Based on this evolution, the optimization
strategies reviewed in this paper are classified into centralized, decentralized, and Al-
driven approaches. Their characteristics and representative applications are summarized
in Table 9.

Table 9. Comparative Analysis of Key Optimization and Control Methodologies.

Methodology Core Principle/Goal Key Paper(s)  Key Strength Critical Limitations
. A single controller solves Guarantees a Re.:qulres a centra.l entity
Centralized L . with complete private data
L one large optimization mathematically provable, ]
Optimization (e.g., [110] . . from all users;
problem for all system-wide optimum for : .
MILP) . . . computationally expensive
participants. the defined community.
for large systems.
The global problem is Agents only share limited T?:Cg::igzebzorzﬁ?ahon
Decentralized broken into smaller information, making it Slower than centralized
Coordination (e.g., subproblems solved by [64,106] suitable for large networks methods. posing a
ADMM) individual agents who without compromising challen érfjor regl— time
coordinate. user privacy. &

applications.
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Table 9. Cont.

Methodology Core Principle/Goal Key Paper(s)  Key Strength Critical Limitations
Agents learn optimal Can find excellent Can be difficult to interpret
Al/Deep strategies through strategies in complex, or guarantee stability;
Reinforcement trial-and-error interaction [59,65] dynamic environments requires massive amounts
Learning (DRL) with the market without needing an explicit  of training
environment. mathematical model. data/simulations.
To protect against the
Finds a solution that . worst case, the solution
o Ensures the system will not L
Robust Optimization = performs well even under . . - may sacrifice significant
. [69,111] fail even if conditions are . .. .
(e.g., DRO) the worst-case realization economic efficiency in

much worse than expected.

of uncertainty. average or normal

conditions.

4.3.1. Centralized and Decentralized Optimization Frameworks

The fundamental architectural choice in designing an EV-P2P control strategy is the
degree of centralization. This choice represents a critical trade-off between achieving
system-wide optimality and ensuring scalability, privacy, and agent autonomy. Current
literature explores both paradigms, with a clear trend moving away from purely centralized
models toward more flexible, decentralized frameworks.

Centralized optimization represents the classical control approach, where a single,
omniscient entity, such as a microgrid central controller (MGCC) or a community aggre-
gator, collects detailed information from all participants and solves a single, large-scale
optimization problem to determine the optimal schedule for everyone. The most common
tool for this is Mixed-Integer Linear Programming (MILP), due to its ability to handle
both discrete decisions (e.g., on/off state of a generator) and continuous variables (e.g.,
power output). A clear example is [46], who employed a MILP-based Energy Management
System to co-optimize the schedules for an entire community of smart homes with EVs.
While this approach can guarantee a truly global optimum for the defined system, its
real-world applicability is severely limited. It requires all participants to share private
data, such as EV state of charge and personal travel schedules, creating significant privacy
concerns [112]. Furthermore, the computational complexity of solving a large-scale MILP
problem grows exponentially with the number of participants, rendering the centralized
approach intractable for large fleets, and city-scale networks.

To overcome these limitations, decentralized optimization has emerged as the domi-
nant paradigm. Instead of a single central brain, this approach breaks the global problem
into smaller, manageable subproblems that are solved locally by each individual agent.
These agents then coordinate with each other, typically through a limited message-passing
scheme, to converge toward a system-wide optimal solution. This preserves the privacy of
each agent and is significantly more scalable for high-density EV environments. Hierar-
chical frameworks have also gained traction; for instance, ref. [113] developed a two-stage
optimization model, while [114] proposed a hierarchical strategy enabling individual EV
users to engage directly in transactive markets without aggregators, effectively balancing
hardware constraints with travel uncertainty.

The most widely employed technique for achieving this coordination is the Alternating
Direction Method of Multipliers (ADMM), which forms the core of many hierarchical and
transactive energy frameworks. In this framework, an individual agent # iteratively updates
its local decision variables using a proximal operator to reach a global consensus:

2
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where f,(x,) is the local objective function, p is the penalty parameter, k denotes the
iteration index, x, represents the local decision vector (e.g., charging power), z is the
global consensus variable, and u’r‘l is the dual variable facilitating coordination between
the peer and the wider network. In the model proposed in [64], ADMM is used to achieve
the equilibrium point for P2P trading between networked microgrids and smart parking
lots without a central clearinghouse. Similarly, ref. [106] designed a fully decentralized
framework using ADMM that enables coordination between multiple EV aggregators
and the distribution system operator. While ADMM and similar distributed methods
offer compelling advantages in scalability and privacy, they exhibit slower convergence
compared to centralized solvers and can be sensitive to communication delays, presenting
a critical challenge for real-time applications.

4.3.2. Intelligent Control Through Reinforcement Learning Paradigms

While deterministic and decentralized optimization models provide robust frame-
works for scheduling, they generally depend on accurate system models and point-forecasts.
To address the high degree of stochasticity and real-time dynamism inherent in P2P markets,
driven by intermittent renewable generation and unpredictable EV user behavior, current
research is increasingly adopting model-free approaches, specifically Deep Reinforcement
Learning (DRL).

DRL is uniquely suited for decentralized energy management as it allows an agent,
such as an individual EV or a home energy management system (HEMS), to learn optimal
control policies directly through interaction with the environment without requiring an
explicit mathematical model of the entire system. The objective is to derive a policy that
maximizes long-term cumulative rewards, a process governed by the foundational Bellman
equation. This equation defines the optimal action-value function, Q*(s, a), representing
the maximum expected future reward for taking action a in state s:

Q*(s,a) = E|r+ymaxQ*(s',a') | s,a )

In this formulation, E denotes the expectation operator, s’ and a4’ represent the sub-
sequent state and action, r is the immediate reward (e.g., trading profit or a penalty for
grid non-compliance), and 7y € [0,1] is the discount factor. DRL architectures, such as
Deep Q-Networks (DQN)and advanced actor-critic models like Proximal Policy Optimiza-
tion (PPO) [115], utilize deep neural networks to approximate this complex Q* function.
Ref. [115] demonstrates that PPO agents can effectively manage dynamic pricing in VPP
environments to balance prosumer fairness with grid stability.

The efficacy of these learning-based paradigms is demonstrated in several recent
studies. For instance, ref. [59] developed a DRL-based EMS for a cluster of prosumers
with EVs; their multi-agent framework achieved a 19.18% reduction in overall energy costs
and improved cluster self-sufficiency by 9.39% while maintaining user comfort constraints.
This highlights DRL’s capacity to navigate the multi-objective trade-off between economic
optimization and end-user requirements.

Further advancing the state-of-the-art, ref. [65] proposed a hybrid framework com-
bining metaheuristic optimization with DRL. In their model, the Dragonfly Algorithm
(DFO) performs strategic power allocation, while a DQN agent facilitates fast, adaptive
adjustments in response to real-time grid fluctuations. This synergistic approach represents
a sophisticated research direction where Al serves as an intelligent layer that enhances
the robustness of classical optimization. Furthermore, ref. [116] showed that the Hunter-
Prey Optimization Algorithm (HPOA) effectively manages stochastic EV usage, achieving
significantly higher revenues in real-time electricity markets than conventional swarm-
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based optimization methods. Despite these advantages, the primary limitations of DRL
remain high sample complexity and significant computational training requirements, which
continue to pose challenges for deployment on low-cost, embedded EV hardware.

4.3.3. Models for Uncertainty and Risk Management

A primary challenge in designing effective P2P energy markets is the pervasive pres-
ence of uncertainty. Deterministic optimization models, which assume perfect knowledge
of future conditions, are inherently fragile and likely to fail in real-world scenarios. The
key sources of uncertainty are twofold: the intermittent nature of renewable energy gen-
eration (e.g., fluctuating solar PV output) and the stochastic behavior of EV owners (e.g.,
unpredictable arrival times, departure times, and initial states of charge). To address this,
a significant portion of the literature is dedicated to developing models that can produce
reliable and cost-effective schedules despite these uncertainties. These approaches can be
broadly categorized into stochastic and robust optimization paradigms:

1. Stochastic optimization is employed when the uncertainty can be characterized by a
known or estimated probability distribution. This approach does not seek a single
optimal schedule, but rather one that is optimal in an expected sense over a multitude
of possible scenarios. A common technique is the use of Monte Carlo methods to
generate a large number of scenarios that represent the range of possible outcomes.
For instance, ref. [117] explicitly focus on modeling the uncertainty of EV user behav-
ior, using Monte Carlo simulations to create a rich dataset of potential arrival and
departure patterns. The energy trading system is then optimized to perform well on
average across these scenarios, making it more resilient to real-world variations than
a simple deterministic model.

2. In contrast, robust optimization is used when the probability distribution of the un-
certain variables is unknown or difficult to trust. Instead of optimizing for an average
case, this paradigm seeks a solution that is feasible and performs well even under
the worst-case realization of uncertainty within a defined set. While powerful, tra-
ditional robust optimization can be overly conservative, leading to high operational
costs. To overcome this, many recent studies have turned to Distributionally Robust
Optimization (DRO), a more advanced technique that is robust against the worst-case
probability distribution from a family of distributions. A leading example is [69,118],
who developed a risk-aware coordination framework using DRO and distributionally
robust chance constraints. Their model protects EV charging stations from the un-
certainties of renewable generation and electricity prices, successfully reducing total
operation costs by 26.65% by providing a guaranteed level of performance. Another
approach in this domain is the use of Information Gap Decision Theory (IGDT), a
non-probabilistic method for decision-making under severe uncertainty, which was
applied by [111] to create a risk-averse P2P trading strategy. Beyond probabilistic
models, fuzzy-informed optimization has emerged as a powerful tool for handling
the inherent imprecision of EV arrival times and load profiles. The framework in [113]
demonstrates that fuzzy logic can effectively inform two-stage optimization to miti-
gate peak demand even under highly uncertain operating conditions.

Ultimately, the choice between these modeling paradigms represents a critical trade-
off. Stochastic models can achieve lower costs on average but may perform poorly if the
true probability distributions differ from what was assumed. Robust models provide a
powerful worst-case guarantee, ensuring system stability, but this security often comes at
the price of higher average operational costs. The increasing sophistication of these models
demonstrates a clear trend in the field towards creating P2P energy markets that are not
just economically efficient, but also fundamentally reliable and resilient.

https://doi.org/10.3390 /wevj17080383


https://doi.org/10.3390/wevj17080383

World Electr. Veh. ]. 2026, 17, 383

23 of 36

Table 9 draws these threads together, contrasting centralized, decentralized, Al-driven,
and robust approaches side by side. While centralized frameworks offer mathematically
provable global optima, the analysis reveals a clear industry pivot toward decentralized
coordination (e.g., ADMM) and Al-driven models to address the fundamental challenges
of scalability and data privacy. Furthermore, the integration of robust and distribution-
ally robust optimization (DRO) highlights an increasing focus on managing the inherent
stochasticity of renewable generation and EV user behavior, albeit at the cost of higher
average operational expenses.

5. Discussion and Future Perspectives
5.1. Quantitative Performance

One of the most consistently reported benefits is in economic savings and market
efficiency. The primary driver for EV participation in P2P markets is the potential for cost
reduction, and the data strongly supports this, Table 10 collects the headline figures across
the reviewed studies. Models routinely demonstrate the ability to lower energy costs for
prosumers and EV owners by over 20%, as shown by the centralized MILP approach [46]
and the DRL-based EMS of [59] (19.18% cost reduction). In some cases, the financial benefits
are even more pronounced; for example, the risk-aware coordination framework proposed
in [69] reduced total charging station operation costs by 26.65%. The study in [19] provided
a tangible, real-world estimate, suggesting annual household bill savings of up to £200.
These economic gains are typically achieved by shifting EV charging to low-price periods
and enabling prosumers to sell surplus energy at a better price than standard feed-in tariffs.
While these simulation results are promising, the high variance in reported savings suggests
that performance is highly dependent on local grid constraints and EV penetration levels.

Table 10. Summary of Key Quantitative Performance Metrics Reported in Literature.

Paper Key Metric Evaluated

Reported Value Context of the Finding

Compared to a baseline without the hybrid

[65]  Power Mismatch Reduction 35% DFO-DON optimization in a fast-charging scenario.
Energy Cost Reduction 19.18% For a cluster of prosumers using a DRL-based EMS
[59] compared to a standard, unoptimized system.
Self-Sufficiency Ratio (SSR) 9.39% Increase The DRL—l?ased model improved the local
consumption of locally generated energy.
Prosumer Energy Cost Reduction Up to 23% For prosumers utilizing the YZH mode within the
(46] P2P system compared to acting as a load only.

Community Energy Cost Reduction 15%

The overall cost reduction for the entire microgrid
community with V2H.

Achieved by the proposed risk-aware DRO

[69] EVCS Operation Cost Reduction 26.65% coordination framework compared to a

non-robust model.

For households participating in a P2P market with

[191  Annual Household Bill Savings Up to £200 per year V2H, compared to a standard utility tariff.
Overall increase for all participants in the proposed
[119] Financial Benefit Increase 21.6% Local Energy Market compared to a
Business-as-Usual (BAU) model.
. . Reduction in voltage drops and cable loading,
— 00
[80] Network Congestion Reduction 5-10% achieved even at a low EV penetration level of <5%.
[67]  Prosumer Welfare Increase 20% Increase in total welfare specifically from the

participation of EVs in the P2P token market.
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Table 10. Cont.

Paper Key Metric Evaluated

Reported Value Context of the Finding

Achieved for EV owners participating in a P2P

[120] EV Net Energy Cost Reduction 70.8% market that includes a smart traction system.
Consumer Cost Reduction Rs.92.76 (Consumer 1) The .absol}lte qally cost reduction folr consumers

[121] participating in the proposed P2P bidding strategy.
Prosumer Profit Increase Rs.78.21 (Prosumer 1) The absolute daily profit increase for prosumers

selling energy via the enhanced bidding strategy.

Beyond direct economic savings, these models show a significant positive impact on
grid stability and performance. The framework in [65], for instance, demonstrated a 35%
reduction in power mismatch in fast-charging scenarios. In terms of direct grid impact, the
P2P transaction model in [80] was shown to reduce local network congestion, measured
by voltage drops and cable loading, by a notable 5-10%, even with a low EV penetration
of less than 5%. Furthermore, EVs are playing an increasingly important role in disaster
recovery. Ref. [122] demonstrated that a coordinated P2P-VPP strategy increased load
restoration from 55.05% to 94.20% during severe grid outages while significantly reducing
economic losses and Energy Not Supplied (ENS).

Finally, the models also demonstrate improvements in energy autonomy and renew-
able integration. By creating a local market for energy, P2P frameworks encourage the
consumption of locally generated renewable energy, thereby increasing the self-sufficiency
of the community. The Al-driven model in [59], for example, increased the Self-Sufficiency
Ratio (SSR) of the prosumer cluster by 9.39%.

It is critical, however, to interpret these quantitative results with caution. The reported
percentage improvements are highly dependent on the specific business-as-usual baseline
used in each study, the local tariff structures, and the assumed penetration levels of EVs
and renewables. Nevertheless, the consistent and significant magnitude of these reported
gains across a wide variety of models, from centralized optimization to decentralized Al,
provides powerful, converging evidence that the architectures reviewed in this paper offer
substantial and tangible benefits for integrating EVs into future energy systems.

5.2. System Architectures and Technical Trade-Offs

The reviewed studies show that the design of EV-P2P energy systems is shaped by
trade-offs rather than a single optimal solution. Figure 5 traced the chronological evolution
of these approaches, whereas Figure 10, in contrast, organizes them according to their
position along the centralization-decentralization spectrum, highlighting how existing
research is distributed across different architectural designs.

The primary tension exists between centralization and decentralization. As illustrated
in the quadrant framework (Figure 10), purely centralized optimization models, such
as community-level MILP solvers, provide mathematically provable global optima but
suffer from poor scalability and significant privacy vulnerabilities due to the required
disclosure of user-specific data [64]. Conversely, early-stage purely decentralized models,
often based on uncoordinated bidding or Proof-of-Work blockchains, prioritize agent
autonomy but frequently incur high communication overhead and lack mechanisms to
enforce grid-level constraints. Consequently, the much of the recent research is concentrated
in the coordinated decentralization quadrant. Frameworks utilizing ADMM or hierarchical
multi-agent architectures [106] represent a pragmatic compromise, preserving peer-level
autonomy within a structure that ensures system-wide stability.
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Figure 10. Research landscape of EV-enabled P2P energy trading frameworks.

A secondary critical trade-off concerns model complexity versus practical feasibility.
The literature demonstrates an accelerating trend toward sophisticated Al-driven DRL
frameworks [59] and nascent concepts such as Quantum Reinforcement Learning [90].
While these paradigms improve decision making under uncertainty and high-dimensional
operating conditions, their computational overhead remains a significant barrier to practical
deployment. The intensive resources required for training DRL agents and the current
reliance on quantum simulators pose substantial challenges for deployment on the low-cost,
embedded hardware typically found in EV chargers or home energy gateways.

These developments also highlight the challenge of ensuring physical grid integrity.
An economically optimal P2P market is of limited practical value if it results in voltage
violations or transformer overloading. Current research is therefore shifting toward ex-
plicitly grid-aware designs. Models incorporating Dynamic Operating Envelopes (DOEs)
have emerged as an effective approach for assessing and enhancing the hosting capacity of
DERs in the Australian grid [123,124]. Their integration into EV-P2P markets represents an
important convergence of market design and power systems engineering.

Finally, the architectural shift toward increasingly digitalized and decentralized P2P
energy networks introduces new cybersecurity and privacy trade-offs. As decentralized
system architectures interconnect large numbers of heterogeneous devices, the attack sur-
face expands beyond the blockchain layer to include IoT communication protocols and
other supporting platforms. Although blockchain provides secure and tamper-resistant
transaction records, conventional consensus mechanisms often introduce high computa-
tional overhead and latency, making them less suitable for real-time EV energy trading. To
address this, lightweight alternatives such as Federated Byzantine Agreement (FBA) [87]
and Hashgraph [86] have attracted growing interest because they provide faster transaction
validation while maintaining network security.

Beyond optimization performance and grid integration, architectural choices also
influence the security, privacy, and resilience of EV-P2P energy systems. Protecting user
privacy is also an important challenge, as detailed charging and transaction records may
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reveal individual travel patterns or energy usage. Differential Privacy (DP) and statistical
aggregation [125] have emerged as an effective approach for protecting sensitive infor-
mation by adding controlled statistical noise during market-clearing processes [126]. In
parallel, researchers have proposed intrusion detection and attack-resilient frameworks to
strengthen the resilience of decentralized energy trading platforms against cyber threats
such as false data injection and Denial-of-Service (DoS) attacks [127,128]. As EV-P2P
systems increasingly rely on synchronized communication and measurement infrastruc-
tures, specialized detection methods have also been developed to address emerging cyber-
physical threats. For example, the VNN-DM (vector neural network-based detection model)
has been proposed to detect time synchronization attacks in park-level energy systems,
while importance-driven DoS strategies have also been investigated for evaluating the
vulnerability of remote state estimation in multi-agent environments [129,130].

5.3. From Theory to Practice: Real-World Pilot Projects

This review reveals a persistent challenge across the EV-P2P research landscape: the
gap between theoretical models and practical implementation. Of the studies reviewed,
most, particularly those within the Intelligence Layer, validate their frameworks exclusively
through simulation.

Simulation studies, including the sophisticated architectures proposed in [59,65], are
invaluable for demonstrating theoretical potential and quantifying benefits such as cost
reduction and improved grid stability. However, they commonly rely on idealized assump-
tions, including perfect communication networks, negligible computational constraints,
and simplified representations of user behaviour and power system dynamics. Ref. [22]
further underscores that the lack of high-resolution empirical data, particularly for week-
end driving patterns, remains a major barrier to accurately aligning EV participation with
actual community energy demand.

Only a limited number of studies have attempted to address these limitations. The
hardware-in-the-loop demonstration in [131] and the data-driven pilot projects reported
in [132] represent important steps toward practical validation. Nevertheless, the simulation-
to-reality gap remains one of the primary barriers to large-scale deployment of EV-P2P
trading systems. Solutions that perform effectively in MATLAB or Python environments
may encounter significant challenges when exposed to communication failures, uncertain
human behaviour, and the complexities of real distribution networks.

Several pioneering pilot projects have already demonstrated the practical feasibility of
decentralized energy trading (Table 11) and provide valuable insights into implementation
challenges. These trials demonstrate that the barriers to EV-P2P integration are multi-
dimensional. While the Tata Power-DDL and Silicon Valley Power projects proved the
technical feasibility of blockchain-based energy and carbon credit trading [133,134], other
trials highlighted systemic challenges. For instance, the Brooklyn Microgrid [13] identified
significant regulatory and legal hurdles in operating local markets within traditional
utility territories, while the Cornwall Local Energy Market [135] revealed that customer
engagement and social behavior are as critical as technical optimization. Furthermore, the
Share & Charge initiative [136] underscored the urgent need for interoperability standards
to allow EVs to roam across different decentralized charging network.

A notable example is the Tata Power-DDL project in Delhi, developed in collaboration
with Power Ledger. The project integrated EV charging stations into a blockchain-enabled
solar P2P trading platform, demonstrating the feasibility of managing real-time energy
transactions across more than 150 sites. Consumers with EVs were able to directly purchase
excess solar energy from prosumers, illustrating the potential role of EV infrastructure
within urban energy communities [133].
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Another significant initiative was conducted by Powerledger and Silicon Valley Power
in California. By connecting a 370 kW solar installation with 49 EV charging stations
through a blockchain platform, the project enabled tokenized carbon credit trading linked
to EV charging activities. The trial demonstrated how P2P platforms can create additional
value streams beyond energy trading, including participation in environmental commodity
markets [134].

Table 11. Global Pilot Projects and Trials Integrating EVs in P2P Energy Networks.

Project Name Location Key Focus Area Key Learning and Identified Barriers Ref.
Blockchain-enabled Validated that DLT can handle
Tata Power-DDL Delhi, India high-frequency P2P transactions across 150+ [133]
Solar & EV P2P . . .
sites using real-time smart meter data.
Proved that P2P platforms can monetize EV
Silicon Vallev Power California. USA Tokenized Carbon assets via environmental commodities [134]
y ’ Credits (carbon credits) rather than simple energy
arbitrage.
Community Ener Highlighted significant legal barriers to
Brooklyn Microgrid New York, USA Markets ty 8y behind-the-meter trading within traditional [13]
utility franchise territories.
Successfully integrated EV charging stations
Chiang Mai University = Thailand Smart Cal'npus VPP & into a university-wide Virtual Power Plant [137]
EV Charging . . .
using a P2P trading architecture.
Cornwall Local Ener Revealed that social behavior and consumer
Market gy Cornwall, UK Grid Flexibility & V2G  fatigue are as critical as technical optimization ~ [135]
in sustaining P2P participation.
Identified the urgent need for standardized
Decentralized EV communication protocols to allow seamless
Share & Charge Germany/Global Roaming P2P trading across different charging [136]

networks.

Although limited in scale, these pilot projects provide critical insights that cannot be
captured through simulation alone. They highlight practical challenges such as regulatory
constraints, customer participation, and integration with existing utility infrastructure.
Consequently, lessons learned from these demonstrations will play a vital role in devel-
oping robust, scalable, and commercially viable EV-P2P ecosystems. Ultimately, while
the theoretical foundations of EV-P2P trading are well established, widespread adoption
will depend on proving that these architectures can perform reliably under real-world
operating conditions.

5.4. Future Research Directions

While the analysis presented in this paper identifies a field rich with sophisticated mod-
els, a significant gap remains between theoretical potential and practical deployment. Fu-
ture research must pivot from proving algorithmic feasibility to solving multi-dimensional
implementation hurdles across the following four priority areas.

5.4.1. Grid-Aware Modeling and Physical Layer Validation

Most existing studies validate P2P energy trading frameworks in simplified computa-
tional environments, often relying on linearized power flow models (e.g., refs. [64,106]).
While these models provide valuable insights into market behavior, they do not fully cap-
ture the nonlinear characteristics of practical distribution networks, particularly three-phase
unbalanced systems with high EV penetration [138]. Consequently, there is a growing need
for co-simulation frameworks that integrate agent-based market platforms with industry-
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standard power system simulators (e.g., PSS/E or OPAL-RT) and communication network
emulators. Such frameworks enable P2P algorithms to be evaluated under realistic oper-
ating conditions, including voltage unbalance, harmonic distortion, and communication
delays. For example, ref. [139] showed that the placement of EV charging stations can
significantly influence voltage profiles and power losses in hybrid microgrids, highlighting
the importance of evaluating market decisions alongside physical network performance.
Beyond realistic network modeling, Charging-station planning and placement also
plays a key role in the effectiveness of P2P energy trading [65]. The location of charging
stations influences network loading, available hosting capacity, and access to nearby re-
newable generation, all of which affect local energy trading opportunities [140]. Charging
stations installed at electrically constrained buses may experience limited charging flexibil-
ity, reducing the number of feasible energy transactions and the overall efficiency of local
P2P markets [139]. While many existing studies optimize charging schedules assuming
fixed charging infrastructure, charging-station planning is often treated as a separate prob-
lem [141]. Future research should therefore focus on integrated optimization frameworks
that jointly consider charging-station placement, charging scheduling, and P2P market
design while accounting for both electrical network constraints and market dynamics.

5.4.2. Transparent and Distributed Intelligence Paradigms

The trend toward DRL introduces impressive adaptive capabilities but creates a black
box problem; decision-making processes in models such as [59] can be opaque and difficult
to verify. For grid operators and regulators to trust decentralized control infrastructure,
future research must focus on explainable AI (XAI) for energy markets. Furthermore, to
overcome the computational and data-privacy barriers of central training, the next frontier
lies in federated and transfer learning, enabling EV fleets to train models collaboratively
without exposing raw user data or requiring costly retraining from scratch.

5.4.3. Socio-Economic Dynamics and Behavioral Modeling

Current literature largely assumes that EV owners are rational, economically motivated
actors. However, real-world human behavior is driven by a complex mix of convenience,
trust, risk aversion, and altruism. While some models have begun using Monte Carlo
methods to simulate behavior [117], the field still lacks mature socio-economic frameworks
capable of predicting long-term participation patterns. Future research must integrate
insights from behavioral economics to design market mechanisms, such as the reputation-
based schemes proposed in [96], that are resilient to the inherent unpredictability of human
decision-making.

5.4.4. Regulatory Frameworks and Interoperability Standards

The widespread deployment of EV-enabled P2P energy trading remains constrained
not only by market regulations but also by the lack of interoperability between charging
infrastructure, communication networks, and market platforms [142,143]. Most proposed
P2P frameworks assume regulatory support for local energy trading, although such frame-
works are still limited in many jurisdictions. Consequently, future research should address
regulatory development alongside technical design, enabling engineers, utilities, and poli-
cymakers to co-design market rules and operational frameworks.

Interoperability is essential for enabling cross-vendor operation of P2P platforms
across different hardware vendors and distribution networks. At the vehicle level, ISO
15118-20 provides standardized communication between EVs and charging stations, sup-
porting features such as Plug & Charge authentication and bidirectional power transfer
required for V2G and EV-P2P applications [144]. Communication between charging sta-
tions and backend management systems is commonly achieved using the Open Charge
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Point Protocol (OCPP 2.0.1), allowing charging infrastructure from different manufacturers
to interface with common energy management and trading platforms [145]. At the grid
level, standards such as IEEE 2030.5 and OpenADR 2.0b facilitate communication between
aggregators and DSOs, enabling demand response, congestion management, and coordi-
nated network operation [146]. In addition, interoperability between Advanced Metering
Infrastructure (AMI) and secure market settlement platforms, including blockchain-based
solutions, is necessary to ensure trusted energy measurements and transparent financial
settlement. Without harmonized communication and interoperability standards, large-scale
EV-P2P deployment will remain limited by the complexity of integrating heterogeneous
hardware, software, and market platforms [147,148].

6. Conclusions

This review examined the technical and economic evolution of EV integration within
P2P energy networks. By organizing the ecosystem into its foundational physical, trans-
actional, and intelligence layers, the literature reveals a clear transition of EVs from a
passive load into a flexible grid resource. Through V2X technologies and decentralized
market mechanisms, EVs are now positioned to act as critical storage resources and ancil-
lary service providers that enhance grid resilience. The reviewed studies provide strong
evidence for the effectiveness of these architectures. Collectively, the reviewed studies
indicate that optimized P2P-EV coordination can deliver substantial benefits, including
grid congestion relief, enhanced local self-sufficiency, and prosumer cost savings often
exceeding 20%. The convergence of secure, blockchain-based market layers with adaptive
Al-driven control strategies represents a promising direction toward a fully autonomous
and efficient decentralized energy system. Despite this progress, a substantial gap remains
between theoretical potential and practical implementation. While the literature is rich in
sophisticated optimization models, most of these frameworks rely on idealized simulations
that do not fully capture real-world communication latency, human behavior, or non-linear
power flows. Closing this simulation-to-reality gap is a major challenge for the next decade
of research. Future research should prioritize integrated co-simulation frameworks and
physical testbeds to address multidisciplinary hurdles such as cybersecurity, regulatory
uncertainty, and technical interoperability. Ultimately, the successful deployment of EV-P2P
frameworks in real power systems will be essential for realizing a sustainable, resilient,
and participatory energy future.
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