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Highlights 

 
• A three-layer graph-based architecture for V2V energy sharing with pre- 

dictive congestion management 

• GAT-based model achieves 87.4% accuracy in forecasting network bottle- 
necks 30 minutes in advance 

• 85.0% fulfillment rate with 29.6-minute average response time in real-world 
simulation scenarios 

• Multi-objective optimization balances response time, energy efficiency, 
load distribution, and cost 

• System reduces congestion-induced failures by 51.7% compared to baseline 
approaches 
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Abstract 

The widespread adoption of electric vehicles (EVs) is constrained by charg- 
ing infrastructure limitations, range anxiety, and temporal-spatial mismatches 
between energy demand and supply. Vehicle-to-vehicle (V2V) energy sharing 
presents a promising solution by leveraging EVs as distributed energy storage 
units, yet existing approaches lack predictive capabilities for managing net- 
work congestion and optimizing resource allocation at scale. This paper intro- 
duces a novel three-layer graph-based architecture for intelligent V2V energy 
sharing that integrates dynamic graph construction, Graph Attention Network 
(GAT)-based congestion prediction, and multi-objective routing optimization. 
The system models EVs and charging stations as nodes in a temporal bipartite 
graph, employs deep learning to forecast network bottlenecks, and implements 
an enhanced matching algorithm that simultaneously optimizes response time, 
energy efficiency, load distribution, and cost-effectiveness. Evaluated on 10,000 
real-world DC fast-charging sessions transformed into V2V scenarios, the pro- 
posed framework achieves an 85.0% fulfillment rate with an average response 
time of 29.6 minutes, representing a 9.0% improvement in service success and a 
30.0% reduction in wait times compared to greedy baselines. The GAT predictor 
demonstrates 87.4% accuracy in anticipating congestion, enabling proactive re- 
source allocation that reduces congestion-induced failures by 51.7%. This work 
extends existing urgent charge-sharing models by introducing predictive graph 
learning for large-scale V2V networks, offering a scalable solution for sustainable 
urban mobility infrastructure. 

Keywords: Graph Neural Networks, Vehicle-to-Vehicle Energy Sharing, 
Electric Vehicles, Load Balancing, Predictive Analytics, Congestion 
Management, Sustainable Transportation 

 

 
1. Introduction 

The shift toward electric road transport is transforming mobility and power 
grids. While electric vehicles (EVs) deliver clear benefits in efficiency and lower 

mailto:2470125@std.hu.edu.jo


2  

 

 
emissions compared to traditional vehicles, widespread adoption faces three ma- 
jor barriers: insufficient public charging points, slow charging speeds, and driver 
concerns over range, particularly during emergencies or away from the grid 
[1, 2, 3]. Advances in fast-charging technology and the rollout of stationary sta- 
tions [4, 5, 6] have not fully resolved the core problem: charging demand often 
occurs at different times and places than available infrastructure, especially in 
cities, older residential areas, and on highways. 

Existing solutions generally follow three paths. First, improvements in bat- 
teries, motor design, and on-board chargers boost range and performance but 
do not solve the fundamental mismatch between where charging is needed and 
where stations are located [7, 8, 9, 10, 11]. Second, smart charging and vehicle- 
to-grid (V2G) strategies use flexible scheduling and bidirectional power to aid 
the grid and cut user costs, but these depend on grid connection and offer 
less help in off-grid or urgent situations [12, 13, 14, 15]. Third, wireless and 
dynamic charging increase convenience by allowing charging during travel, yet 
they demand expensive dedicated infrastructure and precise vehicle-to-roadway 
alignment [16, 17, 18, 6]. 

An alternative approach, vehicle-to-vehicle (V2V) energy sharing, treats EVs 
as mobile energy storage units that can transfer charge directly to one another, 
either through cables or wirelessly [19, 20, 21, 22]. By separating urgent charg- 
ing from fixed infrastructure, V2V methods can assist stranded vehicles, support 
temporary mobility services, and make better use of the total battery capacity 
spread across a fleet. Considerable research has developed the underlying hard- 
ware power converters, bidirectional chargers, and hybrid interfaces that allow 
efficient energy transfer between different vehicles [19, 22, 23, 24, 25, 26, 27]. 
However, these studies mainly address the technical challenges of point-to-point 
transfer, assuming a suitable donor vehicle is already identified. They pay less 
attention to the system-wide problems of matching many vehicles, routing en- 
ergy, and managing congestion in large-scale V2V networks. 

At a higher level, cooperative V2V charging, social charging models, and 
game-theoretic coordination have been suggested to pair requesting EVs with 
nearby donors and to organize groups of participants [28, 13, 12? ]. These show 
V2V sharing can work alongside fixed stations, but they often use static or 
short-sighted matching rules, simplified models of movement and demand, and 
limited ways to represent network congestion. As EV numbers grow and demand 
becomes more unpredictable, coordination systems must become predictive and 
data-driven, anticipating congestion, balancing loads across different providers, 
and respecting user choices in real time. 

Meanwhile, progress in graph-based deep learning demonstrates that Graph 
Neural Networks (GNNs) can effectively model the spatial and temporal re- 
lationships in EV charging demand, traffic patterns, and grid conditions [29]. 
Spatial–temporal graph models have successfully forecast charging demand at 
stations, predicted charger availability, and optimized how infrastructure is used 
under complex conditions [29, 2]. So far, however, these methods have been 
applied mainly to fixed stations, not to dynamic, hybrid V2V and vehicle-to- 
station (V2S) networks where both suppliers and consumers are moving and the 
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network connections change constantly. 

In this landscape, the e-Fuel model by Quttoum et al. is a notable advance 
toward urgent, preference-aware charge sharing independent of the traditional 
grid [30]. e-Fuel frames urgent electrical charge sharing as a matching problem 
between EVs needing charge and a mix of off-grid and grid-connected providers. 
It directly incorporates user preferences for distance, price, and service type. 
The model introduces an "EV-friendly" framework for urgent off-grid services 
that can operate when normal infrastructure is overloaded, unavailable, or too 
expensive. However, e-Fuel uses a centralized matching logic with a limited 
view of the evolving network state and does not employ predictive graph learn- 
ing to forecast congestion or balance loads across a large, dynamic V2V–V2S 
ecosystem. 

This study bridges that gap by introducing a graph-based, three-layer ar- 
chitecture for V2V energy sharing. The system combines dynamic graph con- 
struction, GNN-based congestion prediction, and multi-objective routing within 
a discrete-event simulation built on real fast-charging data. It models EVs and 
stations as nodes in a time-varying bipartite graph, uses a Graph Attention Net- 
work (GAT) to predict future congestion on possible connections, and applies 
an improved matching algorithm that simultaneously optimizes response time, 
energy efficiency, load distribution, and cost. Tested on 10,000 real DC fast- 
charging sessions converted into V2V matching scenarios, the proposed method 
achieves higher success rates, shorter response times, and better load balancing 
compared to greedy, price-based, and nearest-neighbor baseline strategies. 

Within the existing research, e-Fuel is the closest direct precursor to this 
work, as it specifically targets urgent charge-sharing with preference-based off- 
grid services in a multi-provider setting [30]. Consequently, this paper uses 
e-Fuel as a primary benchmark, presenting the proposed GNN-enhanced V2V 
system as a generalization and extension of e-Fuel’s urgent sharing concept into a 
fully graph-based, predictive, and data-driven framework. The following litera- 
ture review details this relationship, contrasting e-Fuel and the proposed system 
with prior work on V2V hardware, cooperative charging, wireless infrastructure, 
and graph-based forecasting. 

 
2. Literature Review 

2.1. EV Charging Technologies and Smart Charging Architectures 

Initial EV research concentrated on powertrains, batteries, and basic charg- 
ing systems. Comparative studies of batteries, electric motors, and drivetrains 
offered essential insights for selecting and integrating components [7, 8, 9, 10, 
31, 32]. These works established that while better battery energy density and 
drive efficiency can increase range, the user experience and system performance 
depend critically on the availability and layout of charging infrastructure. 

Later surveys examined the broader technological and infrastructural context 
of EVs, including charging methods, standards, and grid integration. Sangüesa 
et al. reviewed EV technologies, underscoring the relationship between charging 
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time, range anxiety, and infrastructure deployment [1]. Arif et al. surveyed EV 
technologies, charging methods, and optimization strategies, stressing the need 
for coordinated charging to reduce grid stress and improve user satisfaction [2]. 
Mude provided a historical and technical summary of wired and wireless on-road 
charging, outlining trade-offs between infrastructure cost, user convenience, and 
system efficiency [4]. Together, these works present EV charging as a multi- 
faceted design space linking vehicle technology, infrastructure planning, and 
operational control. 

Related research investigated battery and energy management within indi- 
vidual vehicles and fleets. Reviews of battery balancing techniques [33], ad- 
vanced battery management systems, and hybrid energy management for bat- 
tery/ultracapacitor EVs [34] highlight that battery health, cell balancing, and 
charge-rate control are essential for any V2G or V2V application. Recent work 
on pulse-charging-based intelligent BMS designs further shows that charging 
profiles can be tuned to extend battery life while meeting service requirements 
[14]. 

2.2. V2H, V2G, and Cooperative Energy-Sharing Models 

Vehicle-to-home (V2H), vehicle-to-vehicle (V2V), and vehicle-to-grid (V2G) 
concepts have been comprehensively surveyed by Liu et al., who discuss the op- 
portunities and challenges of using EVs as distributed energy resources across 
multiple applications [12]. Kesler et al. analyzed off-board bidirectional chargers 
that supply reactive power and grid support, showing how EVs can act as con- 
trollable assets in distribution networks [5]. These studies collectively confirm 
that bidirectional power flow is technically feasible and economically beneficial 
when properly managed. 

Game-theoretic and market-based approaches have been proposed to coor- 
dinate charging and discharging among many EVs and aggregators. Yu et al. 

modeled plug-in hybrid electric vehicle (PHEV) charging and discharging co- 
operation in V2G networks as a coalition game to reduce operating costs while 
honoring user constraints [13]. Queueing-based protocols for EV charging and 
discharging, such as the management protocol by Said and Mouftah [15], ex- 
plicitly model random arrivals and service times to size charging resources and 
schedule services under congested conditions. These approaches are relevant for 
system-level coordination but typically assume stationary charging points and 
do not address the mobile, peer-to-peer nature of V2V energy exchange. 

2.3. Wireless Charging and Interoperable Infrastructures 

Wireless power transfer (WPT) has been studied extensively as a way to 
eliminate physical connectors, improving safety and convenience. Ahmad et al. 
surveyed wireless charging technologies for EVs, covering inductive, resonant, 
and capacitive methods and classifying topologies by coupling design and com- 
pensation networks [6]. Machura and Li provided a critical review of wireless 
EV charging, focusing on efficiency, sensitivity to misalignment, and techno- 
economic assessment [16]. Amjad et al. further analyzed the design space of 
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wireless systems, including system architectures and control strategies for high- 
power transfer [17]. 

Recently, focus has shifted to interoperability and standards. Song et al. 
reviewed interoperability challenges for wireless charging, covering coil designs, 
compensation strategies, communication protocols, and cross-vendor compati- 
bility [18]. These works affirm that wireless charging can greatly improve user 
experience but requires close integration between infrastructure and vehicles 
integration that is not directly applicable to V2V emergency scenarios unless 
vehicles are equipped with compatible WPT interfaces. 

2.4. Hardware-Level V2V Charging and Charge-Sharing Topologies 

A significant part of the V2V literature focuses on power electronics and 
hardware architectures for direct energy transfer between vehicles. Mahure et 
al. proposed an off-board bidirectional DC–DC converter for conductive V2V 
charging that reduces power conversion stages and manages charging automat- 
ically based on battery voltage and state of charge [19]. This design increases 
efficiency by minimizing redundant conversions and provides a reference archi- 
tecture for infrastructure-side V2V chargers. 

Complementary research has explored on-board V2V capabilities. Taghizadeh 
et al. introduced a multifunctional single-phase on-board charger that supports 
G2V, V2G, and V2V modes, enabling charge assistance between vehicles using 
the same hardware platform [35]. Ucer et al. presented a flexible V2V charger 
as a new layer of vehicle–grid integration, demonstrating how V2V can supple- 
ment grid services and improve system resilience [20]. Nanjappa and Channaiah 
analyzed a dual-mode on-board charger capable of both grid and V2V opera- 
tion, offering design guidelines for integrated AC–DC and DC–DC stages in EV 
chargers [36]. 

Beyond purely conductive solutions, hybrid wired–wireless and reconfig- 
urable topologies have been suggested. Vijayan et al. developed and compared 
wired and wireless V2V charge-sharing schemes based on battery monitoring, 
supported by a fuzzy-logic battery management system and validated via hard- 
ware prototypes [21]. Xie et al. proposed a hybrid wired and wireless V2V 
charging system using a reconfigurable series–series resonant topology that can 
transform into a bidirectional DC–DC converter for wired operation, allowing 
constant-voltage wired charging and constant-current wireless charging with 
high efficiency [22]. These hybrid designs aim for maximum flexibility, support- 
ing both plug-in and contactless V2V operation under varied conditions. 

Several contributions have refined specific interface and converter designs. 
Shafiqurrahman et al. presented an EV-to-EV energy transfer system using 
on-board converters, integrating traction drive components into the V2V path 
to avoid extra hardware [23]. Dutta et al. designed a single-phase bridge- 
less Cuk-derived DC–DC converter for on-board EV chargers, supporting V2V 
charge transfer with better efficiency and fewer components [24]. Umesh et 

al. demonstrated direct V2V power transfer using existing drivetrain and mo- 
tor windings, leveraging traction hardware for energy exchange without separate 
high-power chargers [25]. A strongly coupled V2V wireless charging system with 
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constant-current and constant-voltage modes for emergency charging has also 
been proposed, achieving high transfer efficiency and tolerance to misalignment 
[26]. 

At the infrastructure level, recent surveys have begun to treat V2V as a 
distinct energy-sharing layer. Shafiqurrahman et al. reviewed electrical and 
communication developments in V2V power transfer, synthesizing converter 
topologies, communication protocols, and safety requirements into a unified 
view of the V2V ecosystem [37]. Alghawi and Mounsef provided an overview of 
V2V energy-sharing infrastructure, discussing architectural options, regulatory 
issues, and integration with existing charging networks [27]. These works col- 
lectively show that V2V is technologically viable and maturing at the converter 
level, but they devote less attention to network-wide matching, routing, and 
congestion-aware coordination among many vehicles and stations. 

2.5. Cooperative V2V Charging and Matching Mechanisms 

A smaller but important set of studies considers system-level coordination of 
V2V interactions. Zhang et al. proposed a stable-matching-based cooperative 
V2V charging mechanism where vehicles form buyer–seller pairs to exchange 
energy under stability and fairness constraints [28]. Liu et al.’s V2H/V2V/V2G 
survey also mentions coordinated scenarios where EVs act as both loads and 
sources in local energy communities [12]. These approaches show how classical 
matching and game theory can structure bilateral V2V trades, but they typi- 
cally assume static or slowly changing network topologies and do not integrate 
predictive models of future congestion or demand spikes. 

Queueing-based protocols like that of Said and Mouftah [15] offer a more dy- 
namic perspective by modeling arrival processes and service times at charging 
points, but again, vehicles are generally assumed to connect to stationary in- 
frastructure rather than mobile V2V donors. Coalition game models for PHEV 
charging and discharging in V2G networks [13] illustrate how cooperative struc- 
tures can lower costs and improve reliability, suggesting similar coalition and 
matching mechanisms could help in dense V2V networks if they can scale to 
large, time-varying graphs. 

2.6. Graph Neural Networks for EV Charging and Load Forecasting 

Spatial–temporal graph models have recently been used to forecast EV charg- 
ing loads and optimize infrastructure. Zhang et al. introduced ASTNet-T, an 
adaptive spatial–temporal graph neural network with Transformer layers, for 
load forecasting at EV charging stations [29]. ASTNet-T builds optimal node 
graphs that capture both macro geographic correlations and micro fluctuations, 
then uses stacked temporal convolutional and graph convolutional layers fol- 
lowed by a Transformer to predict multi-step station load trajectories. Tests 
on real data from Palo Alto and Dundee showed significant error reduction 
compared to earlier methods. 
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Beyond ASTNet-T, other studies have used graph convolutional networks, 

graph recurrent networks, and diffusion-based graph models for charging de- 
mand prediction and infrastructure optimization, demonstrating that graph- 
based deep learning can effectively capture spatial–temporal dependencies in 
EV charging data [2]. These models, however, mostly operate on fixed graphs 
of charging stations. They do not directly address dynamic, bipartite V2V/V2S 
networks where providers and consumers are mobile, connections are created 
on-demand based on proximity and state of charge, and congestion arises from 
routing and matching policies, not just fixed station capacities. 

 
2.7. Urgent, Ofl-Grid, and Preference-Based Charge Sharing: Position of e-Fuel 

and This Work 

Closer to the present study, Quttoum and co-authors have developed a se- 
ries of EV-centric resource management models that explicitly include routing, 
load balancing, and user preferences. The PLUG model proposes a city-friendly 
navigation scheme that directs EVs along routes and charging decisions that bal- 
ance grid loads and improve service metrics, focusing mainly on grid-connected 
infrastructure [38]. Building on this, the e-Fuel model extends the paradigm 
to urgent electrical charge sharing with preference-based off-grid services [30]. 
In e-Fuel, urgent charging requests are matched with a mixed set of providers 
including off-grid mobile units through a preference-aware matching framework 
that considers distance, price, and service type, with the explicit goal of provid- 
ing EV-friendly urgent assistance beyond traditional stations. 

Within the existing literature, e-Fuel is distinctive in simultaneously tar- 
geting (i) urgent charge-sharing scenarios, (ii) integration of off-grid mobile 
providers, and (iii) explicit modeling of user preferences over multiple service 
attributes. This combination makes e-Fuel the most relevant conceptual base- 
line for this work. However, e-Fuel’s matching logic works with a relatively 
coarse representation of the energy-sharing network and does not include pre- 
dictive spatial–temporal models of congestion, nor does it fully exploit the graph 
structure of large V2V–V2S systems. 

The proposed GNN-enhanced V2V energy-sharing framework differs from 
and extends e-Fuel in several key ways. First, the network is modeled as a dy- 
namic bipartite graph built at fine time intervals from real fast-charging data, 
with EVs and stations together as nodes and potential matches as edges. Second, 
a Graph Attention Network is trained to predict future congestion on candidate 
edges, allowing proactive avoidance of bottlenecks rather than reactive rerout- 
ing after congestion occurs. Third, the matching and routing engine optimizes 
a multi-criteria objective that jointly considers response time, energy efficiency, 
provider utilization, congestion risk, and dynamic provider reputation, whereas 
e-Fuel focuses mainly on preference satisfaction and urgent feasibility. Finally, 
the proposed system is validated on 10,000 real fast-charging sessions trans- 
formed into V2V scenarios, using a comprehensive set of baselines and statisti- 
cal tests, while e-Fuel uses a more traditional simulation tailored to its urgent 
off-grid context [30]. 
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Table 1: Representative V2V and charge-sharing approaches compared with this work 

 
 

Work Primary focus Energy transfer 
mode 

Network / matching 
model 

Predictive component Off-grid  /  urgent 
support 

Mahure et al. [19] Off-board V2V charger 
topology 

Conductive, off- 
board DC–DC 

Point-to-point; no large- 
scale matching 

None (local control) Emergency V2V 
feasible, but not 
system-level 

Taghizadeh et al. 

[35] 
Multifunctional on- 
board charger 

G2V, V2G, V2V Vehicle-level mode selec- 
tion 

None V2V assistance pos- 
sible where chargers 
exist 

Vijayan et al. [21] Wired vs wireless V2V 
schemes 

Xie et al. [22] Hybrid  wired/wireless 
V2V 

Conductive and in- 
ductive 

Reconfigurable 
S–S resonant + 
DC–DC 

Two-vehicle topology; 
SoC-based control 

 
Two-vehicle topology; 
mode switching 

None Emergency and in- 
motion charging; lo- 
cal scope 

None Designed explicitly 
for emergency sce- 
narios 

Shafiqurrahman et 

al. [23, 37] 
 

Alghawi & Moun- 
sef [27] 

On-board V2V using 
traction hardware 

 
V2V infrastructure 
overview 

Conductive, drive- 
train based 

Generic 
(converter- 
agnostic) 

Vehicle-centric; no 
network-wide coordina- 
tion 
Conceptual infrastruc- 
ture architectures 

None Emergency assis- 
tance; integration 
with traction system 

None Highlights urgent 
and off-grid use 
cases conceptually 

Zhang et al. 

(ASTNet-T) [29] 
Station load forecasting Grid-connected 

stations only 
Fixed graph of charging 
stations 

Adaptive GNN + Trans- 
former 

Not targeted at ur- 
gent or off-grid sce- 
narios 

e-Fuel [30] Urgent, preference- 
based charge sharing 

 
This work Predictive, multi- 

objective V2V energy 
sharing 

Grid and off-grid 
mobile services 

 
V2V and V2S; 
mobile and static 
providers 

Preference-based match- 
ing among heteroge- 
neous providers 
Dynamic  bipartite 
graph; GNN-informed 
multi-objective match- 
ing 

None (static optimiza- 
tion per request set) 

 
GAT-based congestion 
prediction on temporal 
graphs 

Explicitly designed 
for urgent and off- 
grid assistance 
Explicit   support 
for urgent requests, 
off-grid  providers, 
and congestion 
avoidance 

 

 

2.8. Comparative Summary 

To clarify the position of the proposed system relative to prior work, Table 1 
compares key V2V and charge-sharing approaches, and Table 2 contrasts e-Fuel 
directly with the present GNN-based framework. 

 
3. Methodology 

Our proposed system extends traditional V2V energy sharing frameworks 
by introducing a comprehensive three-tier graph-based architecture that inte- 
grates real-time load balancing with predictive congestion management. The 
system is implemented using a robust Python-based simulation environment 
that leverages PyTorch Geometric for graph neural network operations, SimPy 
for discrete-event simulation, and integrates real-world electric vehicle charg- 
ing data from 10,000 sessions. This section details our architectural design, 
implementation specifics, and the complete simulation workflow. 

3.1. System Architecture Overview 

The architecture of our GNN-enhanced V2V energy sharing system con- 
sists of three interconnected computational layers that operate in a coordinated 
pipeline. Each layer serves a distinct purpose in the energy matching and rout- 
ing process: 
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Table 2: Focused comparison between e-Fuel and the proposed GNN-based V2V framework 

 
Aspect e-Fuel [30] This work 
Scenario Urgent EV charge- 

sharing with grid 
and off-grid service 
providers 

City-scale V2V/V2S 
energy-sharing net- 
work with mixed 
urgent and non- 
urgent requests 

Network representa- 
tion 

 
 
 

 
Optimization objec- 
tive 

Logical set of 
providers and re- 
quests; matching 
based on preferences 

 

 
Preference satisfac- 
tion, feasibility, and 
service fairness under 
urgency 

Temporal bipartite 
graph over EVs 
and stations; edges 
encode distance, 
price, SoC, queue, 
predicted congestion, 
and reputation 
Joint optimization of 
fulfillment rate, re- 
sponse time, energy 
efficiency, load bal- 
ancing, provider par- 
ticipation, and cost- 
effectiveness 

Learning / prediction  No explicit learning; 
matching on static or 
slowly changing pa- 
rameters 

 
 
 

Data basis Simulated scenarios 
tailored to urgent 
charge-sharing and 
off-grid services 

 
 
 

Off-grid support Yes, explicit model- 
ing of off-grid mobile 
providers 

 
 
 

Role in this paper Conceptual and algo- 
rithmic baseline for 
urgent preference- 
aware sharing 

Graph Attention 
Network predicts 
congestion probabil- 
ities on candidate 
edges using historical 
patterns and online 
updates 
10,000 real DC fast- 
charging sessions 
transformed into 
V2V scenarios, with 
extensive simulations 
and statistical test- 
ing 
Modeled as provider 
nodes within the 
same dynamic graph, 
with differentiated 
attributes and con- 
straints 
Extended and gen- 
eralized to graph- 
based, predictive, 
and  multi-objective 

 coordination  

 
• Layer 1: Dynamic Graph Construction - Processes real-time EV data 

and constructs temporal bipartite graphs representing the V2V network 
state 

• Layer 2: GNN-Based Congestion Prediction - Employs Graph At- 
tention Networks to predict future network congestion and optimize re- 
source allocation 

• Layer 3: Multi-Objective Routing Engine - Implements an enhanced 
matching algorithm that considers multiple optimization objectives simul- 
taneously 

The system operates on a configurable time-step basis (default 15 minutes) 
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and handles energy requests through a discrete-event simulation framework im- 
plemented in Python using the SimPy library. 

3.2. Layer 1: Dynamic Graph Construction and Data Processing 

3.2.1. Data Acquisition and Preprocessing 

Dataset Foundation: DESL-EPFL Level 3 EV Charging Dataset. Our simu- 
lation is grounded in the DESL-EPFL Level 3 EV Charging Dataset, which 
provides real-world DC fast charging data from fixed charging stations. This 
dataset serves as the empirical foundation for our V2V energy sharing simula- 
tions through a sophisticated transformation pipeline. 

Dataset Characteristics: 

• Source: EPFL (École Polytechnique Fédérale de Lausanne) - DESL re- 
search group 

• Type: Level 3 (DC Fast Charging) EV charging sessions 

• Scope: Real-world charging data from fixed charging stations 

Dataset Statistics: 

• 10,000 charging sessions over a 70-day period (January 1, 2023 - March 
11, 2023) 

• 4,306 unique vehicles and 100 unique charging stations 

• Total energy: 428,397 kWh transferred 

• Average session: 42.84 kWh over 44 minutes 

How This Dataset Fits Our V2V Model. We adapt this fixed charging station 
data to model V2V energy sharing through the following transformations: 

Data Transformation: 

• Fixed charging stations → Simulated mobile energy providers (EVs) 

• Charging sessions → Simulated V2V energy transfer requests 

• Session energy/timing → Vehicle SOC and availability patterns 

Simulation Approach: 

• Uses real charging patterns (when/where/how much energy is needed) 

• Simulates vehicles as both consumers and providers 

• Applies V2V constraints (distance, SOC, preferences) to real charging data 

Realism Benefits: 

• Real temporal patterns (peak hours, daily/weekly cycles) 
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• Real energy demand distributions 

• Real spatial distribution (from station locations) 

• Real vehicle behavior patterns 

• Data Availability: Real V2V datasets are extremely rare 

• Behavioral Patterns: Charging behavior at stations proxies for V2V 
energy needs 

• Scalability: Can simulate larger V2V networks by extrapolating from 
station data 

• Validation: Can compare V2V system performance against traditional 
charging 

Data Processing Pipeline. 

DESL-EPFL Dataset (fixed stations) ↓ 

[Download & Process] ↓ 

Extract: Timing, Energy, Location patterns ↓ 

Simulate: Vehicle mobility, V2V availability ↓ 

Generate: V2V matching scenarios ↓ 

Run: GNN-enhanced matching algorithm ↓ 

Evaluate: Against traditional methods 

Key Insight. This study used real charging behavior data to create a realistic 
simulation environment for V2V energy sharing. This approach: 

• Grounds simulations in reality (vs. purely synthetic data) 

• Captures real-world complexities (peak demand, spatial distribution) 

• Allows meaningful comparisons with traditional charging systems 

• Provides realistic training data for the GNN congestion predictor 

The paper uses the DESL-EPFL Level 3 EV Charging Dataset as the foun- 
dation, transforming fixed-station charging data into a simulated V2V energy 
sharing environment for algorithm development and evaluation. 
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Technical Preprocessing Implementation. Key preprocessing steps implemented 
include: 

• Temporal feature extraction (hour of day, day of week, weekend flags) 

• Geographic coordinate validation and normalization 

• Energy consumption pattern analysis 

• Session duration and power rate calculations 

• Missing data imputation using temporal interpolation 

The processed dataset, saved as csv, provides the foundation for our simu- 
lation’s realistic parameterization. 

3.2.2. Temporal Graph Model 

The V2V network is modeled as a dynamic bipartite graph Gt = (Ut, Vt, Et, Wt) 

at each discrete time step t, where: 

• Ut = {u1, u2, ..., um} represents requesting EVs (energy consumers) with 
average energy demand of 42.8 kWh per session 

• Vt = {v1, v2, ..., vn} represents providing entities including both EVs (with 
SOC > 50%) and charging stations 

• Et ⊆ Ut×Vt denotes potential matching edges within a configurable spatial 
radius (default 5km) 

• Wt : Et → R6 encodes edge weights representing distance, price, SOC, 
queue length, provider type, and predicted congestion 

Each requesting node ui ∈ Ut is characterized by an 8-dimensional feature 
vector: 

x
(t) = [soci, capi, lati, loni, typei, preq, τi, αi, βi, γi]T (1) 

where soci ∈ [0.1, 0.3] indicates urgent charging need, capi ∈ [40, 100] kWh rep- 
resents battery capacity, preq is the maximum acceptable price, τi is an urgency 
factor derived from remaining range, and αi, βi, γi are preference weights for 
distance, price, and provider reliability respectively. 

3.2.3. Graph Update Mechanism 

The DynamicGraphManager class handles graph construction and updates 
at configurable intervals (default 30 minutes). Updates incorporate: 

• Real-time EV state changes (SOC updates, location changes) 

• New charging station availability 

• Historical pattern integration 

• Spatial clustering of nearby nodes for computational efficiency 
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3.3. Layer 2: GNN-Based Congestion Prediction System 

3.3.1. Graph Neural Network Architecture 

We implement a 3-layer Graph Attention Network (GAT) using PyTorch 
Geometric with the following specifications: 

• Input Layer: 8 node features → 64-dimensional embedding 

• Hidden Layer 1: 64 → 128 dimensions with 4 attention heads 

• Hidden Layer 2: 128 → 128 dimensions with 4 attention heads 

• Output Layer: 128 → 1 dimension (congestion probability) 

• Activation: LeakyReLU with α = 0.2 between layers 

• Dropout: 0.2 during training to prevent overfitting 

• Normalization: Batch normalization after each hidden layer 

The attention mechanism computes coefficients as: 

αij = (2) 

 
where W ∈ RF 

′×F is the weight matrix, a ∈ R2F 
′ 
is the attention vector, and 

 denotes concatenation. 

3.3.2. Training Protocol and Data Preparation 

The GNN model is trained using a multi-stage approach: 

1. Pre-training: On historical charging patterns from the 10,000-session 
dataset 

2. Fine-tuning: During simulation using experience replay from completed 
matches 

3. Online Adaptation: Continuous parameter adjustment based on pre- 
diction accuracy 

Training hyperparameters specified : 

• Learning rate: 0.001 with AdamW optimizer 

• Batch size: 32 for mini-batch training 

• Epochs: 100 for pre-training, continuous for online learning 

• Loss function: Mean Squared Error for regression, Binary Cross-Entropy 
for classification 

• Validation split: 20% of data held out for performance monitoring 
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3.3.3. Congestion Prediction Output 

The model outputs cˆ(t+∆t) ∈ [0, 1] representing the predicted congestion 
probability for each potential edge (ui, vj) at future time t + ∆t. These predic- 
tions are used to: 

• Redirect requests away from predicted high-congestion areas 

• Pre-allocate resources in anticipation of demand surges 

• Adjust pricing dynamically based on predicted scarcity 

• Trigger preventive load balancing measures 

3.4. Layer 3: Multi-Objective Routing and Optimization Engine 

3.4.1. Enhanced Weight Function 

We extend traditional single-objective matching with a multi-criteria opti- 
mization function: 

 
 

W enhanced = α 
1 

 
 

i 
Sj 

(Provider stability weight) 

+ βiPj (Price weight) 

+ γiDij (Distance weight) 

+ δcˆ(t+1) (Predicted congestion) 

+ ϵ(1 − socj) (Provider SOC incentive) 

+ ζqj (Queue length penalty) 

+ ηR(t) (Provider reputation) (3) 

where Sj represents provider stability score, Pj is price per kWh, Dij is 
Haversine distance, socj is provider’s state of charge, qj is current queue length, 

and R(t) is dynamic reputation score. The weights (αi, βi, γi, δ, ϵ, ζ, η) are con- 
figurable with default values learned through reinforcement learning. 

3.4.2. Load Balancing Mechanism 

The LoadBalancer class implements continuous load redistribution with the 
following components: 

• Real-time Utilization Monitoring: Tracks provider utilization every 
15 minutes 

• Proactive Rebalancing: Redirects requests from overloaded to under- 
utilized providers 

• Dynamic Pricing: Adjusts prices based on utilization levels (surge pric- 
ing during peaks) 
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• Provider Incentivization: Rewards high-performing providers with pri- 

ority in future allocations 

Provider load is calculated as: 

 

L(t) = 
1 

 

 

T 
τ =t−T 

(τ ) 
p 

 

 

Qmax 

 

soc(τ ) 
+ + 

socmax 

(τ ) 
prov,p 

 
 

Ē prov  

 

(4) 

where T = 4 (1 hour) is the averaging window, Qmax = 10 is maximum queue 
length, and Ēpr ov is average energy provision. 

3.4.3. Provider Reputation System 

A dynamic reputation system encourages reliable participation: 

 

R(t+1) = (1 − η)R(t) + η Nfulfilled,p 
· 

T¯
response,p 

· 
 Eprovided,p

 

(5) 

 
where η = 0.1 is the learning rate, Nfulfilled,p/Nassigned,p is fulfillment ratio, 
T¯

response,p is average response time, and Eprovided,p/Erequested,p is energy deliv- 
ery ratio. Providers with Rp > 0.8 receive preferential treatment. 

3.5. Implementation Details and Simulation Framework 

3.5.1. Software Architecture and Dependencies 

The complete system is implemented in Python with the following depen- 
dency stack: 

 
Table 3: Software Dependencies and Versions 

 

Package Purpose 
 

PyTorch Deep learning framework 
PyTorch Geometric Graph neural networks 
SimPy  Discrete-event simulation 
NumPy Numerical computations 
Pandas Data processing and analysis 
Scikit-learn Machine learning utilities 
NetworkX Graph operations 
Matplotlib Visualization and plotting 

 

 

3.5.2. Simulation Configuration and Parameters 

The simulation is configured with the following key parameters: 

3.5.3. Simulation Execution Workflow 

The main simulation workflow implemented follows these steps: 

1. Initialization: Load configuration, initialize SimPy environment, create 
vehicles and stations 

t 
E 

! 
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Table 4: Simulation Configuration Parameters 

 
Parameter Value Description 

num_vehicles 1000 Total EVs in simulation 
num_stations 50 Charging stations available 
simulation_duration_hours 24 Default simulation length 
time_step_minutes 15 Discrete time step size 
v2v_range_km 5 Maximum V2V transfer distance 
v2v_power_kw 22 Maximum V2V transfer power 
energy_transfer_efficiency 0.92 Efficiency of energy transfers 
max_wait_time_minutes 60 Maximum acceptable wait time 
graph_update_interval 30 Graph reconstruction interval (minutes) 

 

 

2. Request Generation: Generate energy requests based on real session 
patterns (every 5 minutes average) 

3. Graph Construction: Build temporal graph representing current net- 
work state 

4. GNN Prediction: Run congestion prediction for all potential edges 
5. Provider Selection: Execute Algorithm 1 to find optimal providers 
6. Energy Transfer: Simulate energy transfer with configurable efficiency 

(92%) 
7. Metrics Collection: Record all performance metrics for analysis 
8. Model Update: Fine-tune GNN based on prediction accuracy 
9. Periodic Evaluation: Generate reports and visualizations at config- 

urable intervals 

3.5.4. Data Flow and State Management 

The system maintains several key data structures during execution: 

• Vehicle Dictionary: 1000 entries with real-time SOC, location, and 
request status 

• Station Dictionary: 50 entries with available energy, queue length, and 
utilization 

• Request Queue: Priority queue of pending energy requests 

• Graph Representation: Adjacency lists with edge weights for efficient 
matching 

• Metrics Registry: Time-series recording of all performance indicators 

• Historical Database: Archive of completed matches for learning and 
analysis 

3.6. Enhanced Matching Algorithm Implementation 

Algorithm 1 presents our improved matching process with the following key 
enhancements over traditional approaches: 
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Algorithm 1 Enhanced GNN-Based Matching Algorithm 

Require: Request set Ut, Provider set Vt, Historical data Ht−∆:t, Current time 
t 

Ensure: Optimal matching M∗, Performance metrics Pt 

1: Gt ← BuildTemporalGraph(Ut, Vt, Ht−∆:t)  ▷ Layer 1 
2: Ĉ ← GNN_Predictor(Gt) ▷ Layer 2: Predict congestion 
3: Initialize empty matching M∗ ← ∅ 

4: Initialize performance metrics Pt ← {} 

5: for each request ui ∈ Ut sorted by urgency τi do 
6: Ci ← FilterProviders(Vt, ui) ▷ Apply spatial and SOC constraints 
7: if Ci = ∅ then 
8: Expand search radius by 50% ▷ Dynamic radius adjustment 
9: Ci ← FilterProviders(V expanded, ui) 

10: end if 

11: if Ci = ∅ then ▷ No providers available 
12: Add ui to waiting queue with priority τi 

13: Continue to next request 
14: end if 

15: for each candidate vj ∈ Ci do 

16: Calculate base weight: wij ← αi  1  + βiPj + γiDij 

17: Calculate enhanced weight: wenh ← wij +δcˆij +ϵ(1−socj)+ζqj +ηRj 

18: Apply provider capacity constraints 
19: Apply time window constraints 
20: end for 

21: v∗ ← arg minv ∈C 
enh 
ij ▷ Select optimal provider 

22: M∗ ← M∗ ∪ {(ui, v∗)} 
23: Update provider queue: qv∗ ← qv∗ + 1 

24: Update provider energy: Ev∗ ← Ev∗ − Erequested 

25: Record match metrics 
26: end for 
27: Execute load balancing if any provider utilization > 80% 

28: Update historical data: Ht ← Ht−1 ∪ M∗ 

29: Calculate Pt including fulfillment rate, avg response time, etc. 
30: return M∗, Pt 

w i 



18  

 

 

3.6.1. Algorithm Complexity Analysis 

The enhanced matching algorithm has the following computational complex- 
ity: 

 
• Graph Construction: O(|V | + |E|) where |V | ≤ 1050 (1000 EVs + 50 

stations) 

• GNN Prediction: O(L · |E| · d2) where L = 3 layers, d = 128 hidden 
dimension 

• Provider Filtering: O(|V | · log |V |) using spatial indexing (R-trees) 

• Weight Calculation: O(|U|·|Cavg|) where |Cavg| ≈ 15 average candidates 
per request 

• Overall Complexity: O(N · M) where N is requests/hour (average 42), 
M is average candidate providers 

With optimization, the complete matching process executes in under 100ms 
per time step on standard hardware, supporting real-time operation. 

 
4. Comprehensive Results and Analysis 

Our simulation results are based on extensive testing with real EV charging 
data comprising 10,000 sessions from 4,306 unique vehicles over a 70-day period. 
The system was evaluated across multiple dimensions including fulfillment rates, 
response times, energy efficiency, load balancing, and scalability. The hourly re- 
quest pattern shown in Figure 1 demonstrates the realistic demand distribution 
used in our simulations. 

4.1. Experimental Setup and Testing Environment 

4.1.1. Hardware and Software Environment 

All simulations were conducted on a standard computing environment with 
the following specifications: 

Table 5: Testing Environment Specifications 

 

Component Specification 
 

Processor Intel Core i7-12700K, 12 cores, 3.6GHz 
Memory 32GB DDR4 RAM 
Storage 1TB NVMe SSD 
Operating System Windows 11 Pro 
Python Version 3.9.13 
PyTorch Version   2. 0.1 with CUDA 11.8 
Simulation Runs   100 independent runs for statistical significance 
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Figure 1: Hourly request pattern showing the distribution of energy requests across a typical 
24-hour period. Peak demand occurs between 17:00-20:00, while lowest demand is observed 
during early morning hours (03:00-06:00). This pattern informed our load balancing strategies 
and congestion prediction models. 

 
 

4.1.2. Evaluation Metrics 

We evaluate system performance using a comprehensive set of metrics: 

• Fulfillment Rate: Percentage of energy requests successfully served (vi- 
sualized in Figure 8) 

• Response Time: Time from request submission to energy transfer initi- 
ation (distribution shown in Figure 3) 

• Energy Efficiency: Ratio of delivered energy to requested energy 

• Load Balance Score: Gini coefficient of provider utilization (lower is 
better) 

• Provider Participation: Percentage of available providers utilized 

• Congestion Avoidance: Reduction in peak-hour wait times and queue 
lengths 
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• Scalability: Performance degradation with increasing network size 

• Cost Effectiveness: Trade-off between service price and delivery speed 

4.2. Overall System Performance 

The system performance scores across multiple metrics are summarized in 
Figure 2, showing our GNN-enhanced system’s comprehensive superiority over 
baseline approaches. Table 6 presents a detailed comparison of our GNN- 
enhanced system against three baseline approaches using data from 100 sim- 
ulation runs. 

Table 6: Comprehensive Performance Comparison Across All Metrics 

 
Metric Our GNN System Greedy Baseline Price-Based Nearest Neighbor Improvement Over Best Baseline 

Fulfillment Rate 85.0 ± 2.1% 78.0 ± 3.2% 62.0 ± 4.1% 71.0 ± 3.5% +9.0% 
Avg. Response Time (min) 29.6 ± 3.2 42.3 ± 4.8 67.8 ± 6.3 52.1 ± 5.1 -30.0% 
Energy Efficiency 92.0 ± 1.5% 89.0 ± 2.1% 82.0 ± 2.8% 85.0 ± 2.4% +3.4% 
Load Balance Score 0.780 ± 0.032 0.650 ± 0.045 0.420 ± 0.056 0.580 ± 0.041 +20.0% 
Provider Participation 100.0% 85.0 ± 6.2% 65.0 ± 8.1% 78.0 ± 7.3% +17.6% 
Energy Transferred (kWh) 12,500 ± 320 10,200 ± 410 8,200 ± 520 9,500 ± 380 +22.5% 
Peak Hour Wait Time (min) 48.2 ± 5.1 72.6 ± 6.8 94.3 ± 8.2 81.5 ± 7.2 -33.6% 

Congestion Failures 42 ± 8 87 ± 12 153 ± 18 112 ± 15 -51.7% 

Note: Values shown as mean ± standard deviation across 100 simulation runs 

 

 

4.2.1. Detailed Performance Analysis 

Our system demonstrates significant improvements across all key perfor- 
mance indicators: 

• Fulfillment Rate Improvement: The 9% increase from 78% to 85% 
represents 70 additional requests served per 1000, equivalent to approxi- 
mately 1.96 MWh of additional energy delivered annually in a medium- 
sized city deployment. 

• Response Time Reduction: The 30% reduction in average response 
time (from 42.3 to 29.6 minutes) translates to substantial improvements 
in user satisfaction and enables more efficient vehicle utilization. 

• Energy Efficiency Gains: The 3.4% improvement in energy efficiency 
reduces transmission losses by approximately 250 kWh per 1000 requests, 
contributing to both economic and environmental benefits. 

• Load Balancing Superiority: The 20% improvement in load balance 
score (0.780 vs 0.650) indicates more equitable distribution of demand 
across available providers, reducing strain on individual resources. 

4.3. Response Time Distribution Analysis 

Figure 7 illustrates the cumulative distribution of response times, showing 
our system’s superior performance across all percentiles. The detailed response 
time distribution is further visualized in Figure 3. 
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Figure 2: System performance scores across multiple evaluation metrics. The radar chart 
visualizes our GNN-enhanced system’s comprehensive superiority over baseline approaches in 
fulfillment rate, response time, energy efficiency, load balancing, and congestion avoidance. 

 

 

4.3.1. Percentile Analysis 

Table 7 provides detailed percentile analysis of response times, highlighting 
the consistency of our improvements. 

4.3.2. Statistical Significance Testing 

We conducted paired t-tests on response time distributions from 100 simu- 
lation runs: 

• Our System vs. Greedy Baseline: t(99) = 12.45, p <0.001, Cohen’s 
d = 1.24 (large effect) 

• Our System vs. Price-Based: t(99) = 18.72, p <0.001, Cohen’s d = 
1.87 (very large effect) 

• Our System vs. Nearest Neighbor: t(99) = 9.84, p <0.001, Cohen’s 
d = 0.98 (large effect) 
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Figure 3: Response time distribution showing the frequency of different response times across 
all fulfilled requests. Our system achieves 70% of responses within 30 minutes and 90% within 
70 minutes, significantly outperforming baseline approaches. 

 

 

All improvements are statistically significant with large effect sizes, confirm- 
ing the robustness of our approach. 

4.4. Provider Utilization and Load Distribution 

Our system achieves exceptional load distribution with 147 EV providers 
(100% participation) and 53 station providers. The balanced utilization is a 
direct result of our multi-objective optimization and dynamic load balancing 
mechanisms. Figure 4 shows the average energy contribution breakdown by 
provider type. 

4.4.1. Load Distribution Analysis 

Figure 5 illustrates the balanced load distribution achieved by our system: 

4.4.2. Provider Reputation Impact 

The dynamic reputation system significantly impacts provider behavior: 
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Table 7: Detailed Response Time Percentile Analysis 

 
Percentile Our System Greedy Baseline Improvement Significance (p-value) 

10th 8.4(12) min 12.7(18) min -33.9% < 0.001 

25th 14.2(16) min 21.8(23) min -34.9% < 0.001 

50th (Median) 20.2(21) min 32.7(32) min -38.2% < 0.001 

75th 38.4(38) min 61.2(54) min -37.3% < 0.001 

90th 68.9(62) min 104.5(87) min -34.1% < 0.001 

95th 94.5(81) min 142.8(103) min -33.8% < 0.001 

99th 142.3(124) min 198.6(152) min -28.4% < 0.001 

 
Table 8: Detailed Provider Utilization Statistics 

 
Utilization Metric EV Providers Station Providers Combined 

Number of Providers 147 53 200 
Participation Rate 100% 100% 100% 
Avg. Energy Provided 92.1(153) kW h 110.2(187) kW h 98.4(168) kW h 

Avg. Utilization Rate 65.2 ± 8.4% 72.4 ± 9.1% 67.8 ± 8.7% 
Std. Deviation of Utilization 18.3% 15.6% 17.2% 
Max Provider Utilization 98.7% 99.2% 99.2% 
Min Provider Utilization 12.3% 15.8% 12.3% 
Providers >90% Utilized 4.5% 7.2% 5.4% 
Providers <20% Utilized 8.0% 3.8% 6.8% 

Energy Provided/Received Ratio 1.83 ± 0.32 N/A 1.83 ± 0.32 

 

 

• High-reputation providers (R > 0.8): 42 providers, average fulfillment rate 
96.3% 

• Medium-reputation providers (0.6 < R ≤ 0.8): 118 providers, average 
fulfillment rate 84.7% 

• Low-reputation providers (R ≤ 0.6): 40 providers, average fulfillment rate 
67.2% 

Providers with higher reputation scores receive 2.3 times more requests on 
average, creating a positive feedback loop that encourages reliable participation. 

4.5. Energy Transfer Efficiency Analysis 

Table 9: Comprehensive Energy Transfer Performance 

 
Energy Metric Our System Greedy Baseline Improvement 

Total Energy Transferred 12 500.0(3200) kW h 10 200.0(4100) kW h +22.5% 
Avg. Energy per Request 27.7(21) kW h 25.4(24) kW h +9.1% 
Energy Transfer Efficiency 92.0(15) % 89.0(21) % +3.4% 
Peak Transfer Rate 850(45) kW 720(52) kW +18.1% 
Transmission Losses 1000.0(850) kW h 1250.0(1020) kW h -20.0% 
Energy Delivered/Requested 0.98(2) 0.94(3) +4.3% 

Peak-to-Average Ratio 2.15(18) 2.68(23) -19.8% 
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Figure 4: Average energy contribution by provider type showing the distribution of energy 
provided by different types of providers. EV providers contribute 68% of total energy, while 
charging stations provide the remaining 32%. 

 

 

4.5.1. Efficiency Breakdown by Provider Type 

• V2V Transfers: 68% of total energy, average efficiency 91.2% 

• Station-to-Vehicle: 32% of total energy, average efficiency 93.5% 

• Fast Charging: 15% of station transfers, efficiency 89.8% due to higher 
losses 

• Standard Charging: 85% of station transfers, efficiency 94.1% 

4.6. Congestion Avoidance and Prediction Accuracy 

Our GNN-based congestion prediction system demonstrates high accuracy 
in anticipating network bottlenecks: 

4.6.1. Congestion Prediction Performance 

The GNN model achieves impressive prediction accuracy: 
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Figure 5: Provider load distribution showing balanced utilization across 200 providers. The 
histogram demonstrates our system’s ability to avoid both underutilization (wasted capacity) 
and overutilization (congestion and delays). 

 
Table 10: Congestion Management Performance Metrics 

 
Congestion Metric Our System Greedy Baseline Improvement 

Peak Hour Wait Time 48.2(51) min 72.6(68) min -33.6% 
Congestion-Induced Failures 42 ± 8 87 ± 12 -51.7% 
Avg. Queue Length 3.2 ± 0.8 5.8 ± 1.2 -44.8% 
Max Queue Length 12 ± 2 18 ± 3 -33.3% 
Network Downtime 2.3 ± 0.6% 4.7 ± 0.9% -51.1% 
Prediction Accuracy 87.4 ± 3.2% N/A N/A 
False Positive Rate 8.2 ± 1.8% N/A N/A 
False Negative Rate 4.4 ± 1.2% N/A N/A 

Preventive Actions Taken 156 ± 24 N/A N/A 

 

 

• Overall Accuracy: 87.4% across all time steps 

• Precision: 89.2% for predicting congestion events 

• Recall: 85.6% for detecting actual congestion 

• F1-Score: 87.3% balanced measure 

• AUC-ROC: 0.912 area under curve 

The model successfully predicts 78% of congestion events at least 30 minutes 
in advance, enabling proactive mitigation measures. 

4.7. Scalability and Computational Performance 

4.7.1. Computational Complexity Analysis 

Our system demonstrates near-linear scalability with respect to network size: 

• Time Complexity: O(n log n) for graph construction, O(m) for GNN 
inference 
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Figure 6: Energy transfer distribution showing the range and frequency of energy transfer 
amounts per transaction. Most transfers (65%) range between 10-30 kWh, with an average 
transfer size of 27.7 kWh. 

 
 

• Space Complexity: O(n + m) for graph storage, O(b · d2) for GNN 
parameters 

• Memory Usage Growth: 0.28 MB per additional EV-station pair 

• Processing Time Growth: 0.095 ms per additional node 

The system maintains real-time performance (under 250ms processing time) 
for networks up to 5000 nodes, suitable for city-scale deployments. 

4.8. Cost-Benefit and Economic Analysis 

4.8.1. Economic Impact Calculation 

The Cost-Effectiveness Index (CEI) is calculated as: 
 

CEI = 
Time Saved (vs Price-Based) 

Price Increase (vs Price-Based) 
× 

1 
 

 

Baseline Time 
×Fulfillment Rate Ratio 

(6) 
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Table 11: Scalability Performance Across Different Network Sizes 

 
Network Size Method Processing Time (ms) Fulfillment Rate Response Time (min) Memory Usage (MB) Throughput (req/s) 

Our System 45 ± 8 88.2 ± 2.3% 26.3 ± 2.8 145 ± 12 11.2 ± 1.3 
500 EVs, 25 Stations 

Greedy 
38 ± 7 82.1 ± 3.1% 37.8 ± 3.5 112 ± 10 13.1 ± 1.5 

Price-Based 22 ± 5 68.4 ± 4.2% 59.2 ± 4.8 98 ± 8 22.8 ± 2.1 

Nearest 28 ± 6 76.3 ± 3.7% 45.7 ± 4.1 105 ± 9 17.9 ± 1.8 

Our System 102 ± 15 85.0 ± 2.1% 29.6 ± 3.2 285 ± 18 9.8 ± 1.1 
1000 EVs, 50 Stations 

Greedy 
87 ± 12 78.0 ± 3.2% 42.3 ± 4.8 218 ± 15 11.5 ± 1.2 

Price-Based 48 ± 9 62.0 ± 4.1% 67.8 ± 6.3 185 ± 13 20.8 ± 2.0 

Nearest 61 ± 10 71.0 ± 3.5% 52.1 ± 5.1 198 ± 14 16.4 ± 1.7 

Our System 235 ± 28 82.7 ± 2.8% 34.2 ± 4.1 562 ± 32 8.5 ± 0.9 
2000 EVs, 100 Stations 

Greedy 
195 ± 24 73.8 ± 3.8% 51.6 ± 5.7 428 ± 26 10.3 ± 1.0 

Price-Based 105 ± 18 55.3 ± 4.9% 82.4 ± 7.2 362 ± 22 19.1 ± 1.9 

Nearest 132 ± 21 66.4 ± 4.3% 64.8 ± 6.2 389 ± 24 15.2 ± 1.6 

 
Table 12: Cost-Performance Trade-off Analysis 

 

Parameter Our System Greedy Baseline Price-Based Nearest 

Avg. Service Price ($/kWh) $0.42 ± 0.05 $0.38 ± 0.06 $0.32 ± 0.04 $0.35 ± 0.05 
Avg. Delivery Time (min) 29.6 ± 3.2 42.3 ± 4.8 67.8 ± 6.3 52.1 ± 5.1 
Price per Minute Saved $0.0095 $0.0072 - $0.0058 
Cost-Effectiveness Index 1.00 0.76 0.47 0.68 
User Satisfaction Score 8.7/10 7.1/10 5.3/10 6.4/10 
Provider Revenue Increase +24.3% Baseline -18.2% +6.7% 
System ROI (1 year) 142% 98% 67% 85% 

 

 

Our system achieves 32% better cost-effectiveness than the greedy baseline 
and 113% better than price-based matching when considering both time savings 
and fulfillment rates. 

4.9. Statistical Significance and Robustness Testing 

We conducted comprehensive statistical analysis on 100 independent simu- 
lation runs to validate the robustness of our results: 

Table 13: Statistical Significance Analysis of Key Metrics 

 

Comparison t-statistic p-value Cohen’s d Confidence Interval (95%) 

Our System vs. Greedy (Fulfillment) 8.73 < 0.001 0.87 [6.2%, 11.8%] 
Our System vs. Greedy (Response Time) -12.45 < 0.001 1.24 [-15.2, -10.2] min 
Our System vs. Price-Based (Fulfillment) 15.62 < 0.001 1.56 [20.1%, 25.9%] 
Our System vs. Nearest (Response Time) -9.84 < 0.001 0.98 [-26.3, -18.7] min 
Load Balance Improvement 6.92 < 0.001 0.69 [0.105, 0.155] 
Energy Efficiency Gain 5.47 < 0.001 0.55 [2.1%, 4.7%] 
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Table 14: System Performance Under Stress Conditions 

 

Condition Our System Greedy Baseline Degradation (Our) Degradation (Greedy) 

Normal Operation (Baseline) 85.0% 78.0% - - 
Peak Demand (+300%) 72.3 ± 4.2% 61.8 ± 5.7% -15.0% -20.8% 
Low Provider Density (5/km²) 63.4 ± 5.1% 54.2 ± 6.3% -25.4% -30.5% 
High Mobility (50% moving) 78.6 ± 3.8% 69.3 ± 4.9% -7.5% -11.2% 
Communication Latency (2s) 83.2 ± 2.9% 76.1 ± 3.7% -2.1% -2.4% 
Partial Network Failure (20%) 79.8 ± 3.5% 70.4 ± 4.6% -6.1% -9.7% 
Adversarial Pricing 81.3 ± 3.2% 74.6 ± 4.1% -4.3% -4.4% 
Energy Price Surge (+50%) 83.7 ± 2.8% 75.9 ± 3.5% -1.5% -2.7% 

 

4.9.1. Robustness Under Boundary Conditions 

4.10. Limitations and Future Research Directions 

While our system demonstrates significant improvements, several limitations 
warrant discussion and suggest directions for future research: 

4.10.1. Current Limitations 

• Communication Assumptions: Our simulation assumes perfect, in- 
stantaneous communication between all nodes. Real-world implementa- 
tions would need to account for network latency, packet loss, and inter- 
mittent connectivity. 

• Mobility Model Simplification: Vehicle movement patterns are based 
on probabilistic models rather than real trajectory data, potentially over- 
looking complex urban mobility dynamics. 

• Energy Price Dynamics: The pricing model uses simplified economic 
assumptions without considering market fluctuations, regulatory constraints, 
or time-of-use tariffs. 

• Hardware Heterogeneity: The simulation assumes homogeneous charg- 
ing hardware, while real-world deployments involve diverse connector types, 
power ratings, and compatibility constraints. 

• Privacy and Security: Our current implementation does not incor- 
porate advanced privacy-preserving techniques or security protocols for 
financial transactions. 

4.10.2. Future Research Directions 

1. Federated Learning Implementation: Develop privacy-preserving GNN 
training where EVs train models locally and share only parameter updates, 
addressing data privacy concerns. 

2. Real-time Adaptive Pricing: Implement reinforcement learning for 
dynamic pricing that responds to real-time supply-demand imbalances 
and user elasticity. 
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Figure 7: Energy transfer vs response time correlation showing our system’s efficient match- 
ing. The plot demonstrates minimal correlation between requested energy and response time, 
indicating effective load distribution regardless of request size. 

 

 

3. Multi-modal Integration: Extend the system to integrate with public 
transportation, renewable energy sources, and grid balancing services. 

4. Hardware-in-the-loop Testing: Validate the system with real EV hard- 
ware and charging infrastructure to identify implementation challenges. 

5. Blockchain Integration: Explore blockchain-based solutions for trans- 
parent, tamper-proof transaction recording and settlement. 

6. Cross-city Scalability: Test the system across multiple interconnected 
urban areas with different demographic and geographic characteristics. 

7. Human Factors Integration: Incorporate user behavior models, pref- 
erence learning, and interface design considerations. 

4.11. Summary of Contributions and Impact 

Our work makes several significant contributions to the field of V2V energy 
sharing and smart grid management: 

4.11.1. Technical Contributions 

1. Integrated GNN-Simulation Framework: We developed a novel inte- 
gration of Graph Neural Networks with discrete-event simulation, creating 
a realistic testbed for V2V energy sharing algorithms. 

2. Multi-Objective Optimization Algorithm: Our enhanced matching 
algorithm simultaneously optimizes for response time, energy efficiency, 
load balancing, and cost-effectiveness. 
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Figure 8: Request fulfillment rate comparison across different system configurations. Our 
GNN-enhanced system maintains consistently high fulfillment rates even during peak demand 
periods, outperforming all baseline approaches. 

 

 

3. Real Data Validation: We validated our approach using 10,000 real EV 
charging sessions, ensuring practical relevance and real-world applicability. 

4. Comprehensive Evaluation Methodology: We established a rigor- 
ous evaluation framework with multiple baselines, statistical testing, and 
boundary condition analysis. 

5. Open-Source Implementation: We provide a complete, modular im- 
plementation with detailed documentation for reproducibility and further 
research. 

4.11.2. Practical Impact and Implications 

• For EV Owners: 30% faster charging access and 9% higher success rates 
for energy requests 
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• For Grid Operators: 20% better load balancing and reduced peak de- 

mand stress 

• For Service Providers: Increased revenue opportunities through higher 
utilization and participation 

• For Policymakers: Demonstrated feasibility of decentralized energy shar- 
ing for sustainable transportation 

• For Researchers: Established benchmarks and methodologies for future 
V2V energy sharing research 

4.11.3. Performance Achievements 

Our GNN-enhanced V2V energy sharing system achieves: 

• 85% fulfillment rate with 29.6-minute average response time 

• 92% energy efficiency with balanced provider utilization 

• 100% provider participation through effective incentivization 

• Real-time performance with sub-250ms processing for city-scale net- 
works 

• Robust operation under various stress conditions and network sizes 

These results, as visualized across all performance figures, demonstrate that 
intelligent, predictive load balancing using graph neural networks can signifi- 
cantly enhance the performance and reliability of V2V energy sharing networks, 
paving the way for more sustainable and efficient urban transportation ecosys- 
tems. 

 
5. Conclusion 

This study has presented a comprehensive graph-based, three-layer archi- 
tecture for optimizing vehicle-to-vehicle energy sharing within dynamic urban 
networks. By integrating dynamic graph construction, GNN-based congestion 
prediction, and a multi-objective routing engine, the proposed framework ad- 
dresses critical limitations in existing V2V coordination systems, particularly 
their reactive nature and limited capacity for network-wide load balancing. 

Our extensive evaluation, grounded in the transformation of 10,000 real- 
world DC fast-charging sessions, demonstrates the system’s significant efficacy. 
The architecture achieves an 85.0% request fulfillment rate while reducing the 
average response time to 29.6 minutes, representing a 9.0% increase in success- 
ful service and a 30.0% reduction in wait times compared to a greedy baseline. 
The GNN predictor, with an 87.4% accuracy in forecasting congestion, enables 
proactive resource allocation, cutting congestion-induced failures by 51.7%. Fur- 
thermore, the multi-criteria matching algorithm ensures superior load distribu- 
tion, achieving a high load balance score of 0.780 and engaging 100% of available 
providers through effective incentivization. 
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This work extends the urgent charge-sharing paradigm introduced by models 

like e-Fuel by generalizing it into a predictive, data-driven framework. While e- 
Fuel establishes a preference-aware matching logic for urgent off-grid scenarios, 
our system introduces a temporal graph representation of the entire V2V/V2S 
ecosystem and employs deep learning to anticipate and mitigate bottlenecks be- 
fore they impact service quality. The results confirm that predictive graph-based 
modeling can significantly enhance the reliability, efficiency, and scalability of 
peer-to-peer EV energy networks, paving the way for more resilient urban mo- 
bility infrastructures. 

The research acknowledges certain limitations, including assumptions about 
communication reliability and simplified mobility models, which provide clear 
avenues for future investigation. Promising directions include implementing fed- 
erated learning for privacy-preserving model training, developing reinforcement 
learning agents for real-time adaptive pricing, and conducting hardware-in-the- 
loop validation with actual EV hardware. By providing a modular, open-source 
simulation framework validated against real-world data, this study establishes 
a foundation for further exploration of intelligent, decentralized energy-sharing 
systems and their role in sustainable transportation ecosystems. 
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