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H I G H L I G H T S

• A virtual vehicle-to-vehicle energy sharing framework is firstly proposed.
• A statistically similar network method is implemented and enhanced.
• A bottom-up model of electric vehicles travel and plugging patterns is introduced.
• Flexibility provision from virtual vehicle-to-vehicle is quantified.
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A B S T R A C T

The rapid rise in electric vehicle (EV) adoption presents significant capacity challenges for power grids, but with 
effective charging management, EVs can also serve as flexible resources, underscoring the need for relevant 
innovative solutions. This paper proposes a virtual vehicle-to-vehicle (V-V2V) framework, enabling EVs to share 
energy with each other, either at public charging stations or home, as long as they are connected to the same 
distribution network. The framework eliminates the need for physical proximity and peer-to-peer matching seen 
in traditional V2V, enhancing grid flexibility and reducing capacity pressures by harmonizing EV charging with 
other demands and photovoltaic generation. To quantify the flexibility provision of the V-V2V framework, this 
paper implements and enhances the statistically similar networks method, where simulations are based on 
generated networks that share similar electrical and topological characteristics, rather than relying on a single 
network. Using graph theory, the method preserves statistical similarity in both electrical and topological fea-
tures, along with their internal correlations, ensuring the practicality of the network simulations. To improve 
flexibility quantification accuracy, this paper introduces a bottom-up, high-granularity model of EV travel and 
plugging patterns that accounts for diverse user archetypes. Monte Carlo simulations are employed to provide a 
detailed analysis of travel and charging behaviors by categorizing EV users. The effectiveness of the proposed 
method is tested through numerical results using real-world UK distribution networks.

1. Introduction

Amid the global shift toward a low-carbon economy and the 
concerted efforts by nations to achieve net-zero emissions, the trans-
portation sector is experiencing rapid decarbonization and electrifica-
tion [1]. This transformation is particularly evident in the aggressive 
adoption of electric vehicles (EVs), driven by policy mandates [2], 
technological advancements [3], and a growing consumer preference for 
sustainability [4]. In the UK, 80 % of new cars sold are projected to be 
zero-emission by 2030, rising to 100 % by 2035. The cumulative number 

of EVs is expected to surpass 15 million by 2035 and double to 30 million 
by 2050 [5]. Globally, nearly 14 million new EVs were registered in 
2023, bringing the total number of EVs on the road to 40 million. This 
number is projected to grow to 250 million by 2030 and 525 million by 
2035, with more than one in four vehicles expected to be electric. The 
global EV stock is anticipated to grow at an average annual rate of 23 % 
from 2023 to 2035 [6].

Despite being widely recognized as low-carbon and clean trans-
portation solutions with numerous benefits, EVs also introduce signifi-
cant challenges for the power distribution network. The integration of 
EVs can alter load profiles, strain the capacity of distribution network 
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components, and result in voltage and frequency imbalances, excessive 
harmonic injection, power losses, and grid instability [7,8]. One of the 
most pressing concerns is the uncontrolled charging of EVs during peak 
hours, which places significant stress on the grid, given its limited ca-
pacity [9]. Moreover, the existing distribution infrastructure was not 
originally designed to accommodate the substantial additional load from 
EVs, which could result in overloading, connection queues, and network 
bottlenecks that hinder the integration of new EVs [10,11].

In response to these challenges, research and innovation have 
focused on developing EV charging management strategies. Smart 
charge, as a key approach, optimizes charging times by shifting EV 
charging from peak evening hours to off-peak periods, such as early 
morning, when demand is lower [12]. This can be supported by dynamic 

pricing models that incentivize users to adjust their charging behavior, 
flattening demand curves and reducing grid stress. Furthermore, smart 
charge can be coordinated with photovoltaic (PV) systems, aligning EV 
charging times with peak PV output [13,14]. This strategy has gained 
traction and is being implemented by energy suppliers. EV-specific 
tariffs offering reduced rates for off-peak charging are increasingly 
being used to encourage grid-friendly charging patterns [15,16]. How-
ever, while these initiatives play a crucial role in harmonizing EV 
charging with grid capacity, they are only one aspect of the broader grid- 
interactive potential of EVs.

Beyond simple demand shifting through smart charge, the integra-
tion of EVs as active grid assets introduces a deeper synergy between 
transportation electrification and power system operations. In this 

Nomenclature

Indices and Sets
i, ij, t Indices of nodes, lines, and hours
O(m) Index of public-charged EVs at the m-th charging point in a 

public parking lot, which varies across different scenarios 
and dates

Ωsub, Ωhome, Ωpublic Set of nodes with substations, home-charging 
chargers, and public parking lots

ED(i), ST(i) Set of lines ending at node i and starting at node i

Parameters
ρbuy

t , ρsell
t Electricity purchase and sell prices when trading with the 

utility company during hour t
Assetij Asset value (i.e., investment cost) of line ij
ΔHRij Max value for each segment, where the headroom rate of 

line ij is divided into K segments
Slopeij,k Slope of the piecewise linear APVij-HRij function at 

segment k
Asseti Asset value of the substation at node i
ΔHRi Max value for each segment, where the headroom rate of 

the substation at node i is divided into K segments
Slopei,k Slope of the piecewise linear APVi-HRi function at segment 

k
AssetEVhome

i Battery asset value of the home-charged EV at node i

EEVhome
i Battery energy capacity of the home-charged EV at node i

Pi
Homecharger Max charging power of the home-charged EV at node i

SOCarr
i , SOCNextdep

i Arrival and departure SOCs of the home-charged 
EV at node i

tarr
i , tNextdep

i Arrival and departure times of the home-charged EV at 
node i

SOCthreshold
i SOC threshold for home-charged EV at node i to start 

charging (i.e., EV user will charge when SOC falls below 
this value)

AssetEVpub
i,o(m)

Battery asset value of the public-charged EV at the m-th 
charging point in the public parking lot at node i

EEVpub
i,o(m) Battery capacity in kWh of the public-charged EV at the m- 

th charging point in the public parking lot at node i

Pi,m
Pubcharger Max charging power of the m-th charging point in the 

public parking lot at node i
SOCarr

i,o(m),

SOCNextdep
i,o(m)

Arrival and departure SOCs of the public-charged EV at 
the m-th charging point in the public parking lot at node i

tarr
i,o(m)

, tNextdep
i,o(m)

Arrival and departure times of the public-charged EV 
at the m-th charging point in the public parking lot at node 
i

η Charging and discharging efficiency of the EV battery

PDnonEV
i,t ,

QDnonEV
i,t

Active and reactive non-EV loads of the household at 
node i (non-EV loads include lighting, household 
appliances, and heating/cooling loads)

PVi,t Max PV generation power at node i during hour t
Rij, Xij Resistance and reactance of line ij
SLij, Si Capacity of line ij and the substation at node i
U , U Lower and upper voltage limits

Variables
Pbuy

t , Psell
t Electricity bought from and sold to utility company during 

hour t
yij, yi Binary variables indicating the expansion planning status 

of line ij and the substation at node i
PDEVhome

i,t ,

PCEVhome
i,t

Discharging power and charging power of the home- 
charged EV at node i during hour t

PEVhome
i,t , EEVhome

i,t Power injection and stored energy of the home- 
charged EV at node i during hour t

PDEVpub
i,m,t , PCEVpub

i,m,t Discharging power and charging power of the m-th 
charging point in the public parking lot at node i during 
hour t

PEVpub
i,m,t Power injection of the m-th charging point in the public 

parking lot at node i during hour t
EEVpub

i,o(m),t Stored energy of the public-charged EV at the m-th 
charging point in the public parking lot at node i during 
hour t

APVij APV of line ij
HRij, ΔHRij,k Headroom rate of line ij and the k-th segmental 

headroom rate value, where each segment is defined as the 
headroom rate of line ij divided into K segments

SLPeakflow
ij The peak apparent power flow of line ij during the entire 

simulation period
PLij,t , QLij,t Active power and reactive power of line ij during hour t
APVi APV of the substation at node i
HRi, ΔHRi,k Headroom rate of the substation at node i and the k-th 

segmental headroom rate value, where each segment is 
defined as the headroom rate of the substation at node i 
divided into K segments

SPeakflow
i The peak apparent power flow of the substation at node i 

during the entire simulation period
Psub

i,t , Qsub
i,t Active power and reactive power of the substation at node 

i during hour t
PVi,t Actual PV generation power at node i during hour t
Pin

i,t , Pout
i,t Power injection and output at node i during hour t

Ui,t , Uj,t Voltage at node i and node j during hour t
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context, vehicle-to-grid (V2G) technology is a promising innovation that 
enables EVs to discharge energy back to the grid, thereby enhancing grid 
flexibility. As illustrated in Fig. 1, grid flexibility refers to the capability 
of flexible resources within the power grid to swiftly adjust their power 
output—either increasing or decreasing—in response to uncertain 
changes in generation, demand, network conditions or price signals of 
the bulk power grid. Unlocking the V2G potential of EVs allows them to 
actively contribute to grid flexibility, enabling participation in ancillary 
services such as peak shaving, load balancing, and emergency backup 
[17,18]. Consequently, leveraging V2G not only enhances grid flexi-
bility but also creates new revenue opportunities for EV owners [19–21]. 
However, despite promising prospects, the real-world effectiveness of 
V2G in alleviating grid capacity pressures and optimising charging costs 
remains suboptimal, largely due to regulatory or market barriers and the 
unpredictability of user charging behavior [22,23].

At the low-voltage distribution level, EV users typically respond to 
economic signals, primarily electricity prices, when making charging 
and discharging decisions [24]. However, relying solely on price signals 
to influence user behavior has its limitations. EV users tend to prioritise 
immediate economic gains over grid benefits, such as reducing capacity 
pressures. In regions where feed-in tariffs offer low compensation for 
returning energy to the grid, users are discouraged from discharging 
their EVs, particularly due to concerns over battery degradation [25]. 
Conversely, in some markets, higher feed-in rates can lead to adverse 
effects, such as the simultaneous discharging of multiple EVs during off- 
peak periods, inadvertently creating new peak load challenges and 
exacerbating network congestion [26]. Therefore, there is a need for 
mechanisms that effectively harness the battery storage capacity of EVs 
to benefit both users and grid operations, particularly in mitigating grid 
capacity pressures.

In contrast to V2G, which focuses on interactions between the grid 
and EVs, vehicle-to-vehicle (V2V) technology offers an alternative so-
lution for meeting EV charging needs. V2V allows EV owners with sur-
plus energy to sell it to other EVs, helping to alleviate energy demand 
[27,28]. For EVs in need of energy, participation in a V2V framework is 
driven by their charging requirements. Meanwhile, EVs providing en-
ergy are motivated by financial incentives or mutual benefit, supplying 
energy with the expectation of compensation or future support [29,30]. 
However, traditional V2V requires substantial time commitments from 
both energy providers and recipients, as they need to be physically 
present or available during the energy exchange process. This limitation 
hinders large-scale adoption, making V2V more suitable for emergency 
situations, such as when an EV is low on battery and cannot reach a 
charging station, rather than for everyday use.

In response to these limitations, this paper introduces a virtual 
vehicle-to-vehicle energy sharing (V-V2V) framework, an innovative 
system where grid-connected EVs can share energy via the distribution 
network. Within this framework, two EVs at different locations on the 

grid—one discharging and the other charging—participate in a virtual 
energy exchange, with the grid facilitating the transaction as if the EVs 
were directly sharing energy. Compared to the traditional V2V, V-V2V 
offers several key advantages: 1) EVs connected to the same distribution 
network can share energy without being physically co-located, and users 
do not have to wait for the energy transfer to finish; 2) traditional V2V is 
limited to one-to-one transactions, while V-V2V enables one-to-many or 
many-to-many exchanges; 3) V-V2V not only provides economic bene-
fits to users but also creates an aggregation effect, improving grid flex-
ibility and alleviating grid capacity pressures.

In addition to proposing the V-V2V framework, this paper aims to 
quantify its capability on grid flexibility provision, with a particular 
focus on mitigating grid capacity pressures. The key contributions are as 
follows: 

1) This paper firstly proposes the V-V2V framework, enabling EVs to 
share energy with each other regardless of their location at public 
charging stations or home, as long as they are connected to the same 
distribution network. Unlike traditional V2V energy sharing, the 
proposed V-V2V framework eliminates the need for physical prox-
imity and peer-to-peer matching. This approach not only maximizes 
the benefits of V2G technology by providing economic advantages to 
EV users, but more importantly, it enhances grid flex-
ibility—mitigating grid capacity pressures by harmonizing EV 
charging with other demands as well as photovoltaic generation.

2) To quantify the flexibility provision from the proposed V-V2V 
framework, this paper implements and enhances statistically similar 
networks, using a set of generated networks that share statistically 
similar electrical and topological characteristics, rather than relying 
on a single network. This approach ensures more robust and statis-
tically significant findings, as analyses based on a single network 
may not generalize well and could lead to substantial differences in 
other networks. Using graph theory, the method developed here 
preserves statistical similarity in both electrical and topological 
features, along with their internal correlations, ensuring the gener-
ated networks are practical and avoid mismatches.

3) To achieve more accurate and meaningful flexibility quantification, 
this paper introduces a bottom-up, high-granularity model of EV 
travel and plugging patterns that accounts for diverse EV user ar-
chetypes. With limited data, traditional models rely on aggregated 
probabilistic functions without distinguishing between user types (e. 
g., retirees, professionals, families with two EVs), which reduces the 
precision of charging simulations and flexibility quantification. This 
study employs bottom-up Monte Carlo simulations, which model 
individual user behavior through categorized probabilistic scenarios, 
to provide a more detailed and accurate analysis of travel and 
charging patterns by categorizing EV users in greater detail.

Fig. 1. Illustration of grid flexibility provision of flexible resources such as EVs.
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The remainder of the paper is organized as follows. Section 2 pre-
sents the V-V2V energy sharing framework. Section 3 details the bottom- 
up, high-granularity EV travel and plugging patterns modeling, 
considering diverse EV user archetypes. Section 4 focuses on modeling 
V-V2V with grid flexibility provision. In Section 5, the statistically 
similar network-based method for quantifying grid flexibility is 
explained in detail. Section 6 applies and validates the proposed 
framework and method using real UK distribution networks. Conclu-
sions are drawn in Section 7.

2. V-V2V Energy Sharing Framework

This paper introduces the innovative concept of V-V2V Energy 
Sharing, which differs from traditional methods where EVs share battery 
power via physical charging cables. Instead, this approach leverages the 
public power distribution network for connection. While the EVs are not 
directly connected by a single cable, they are linked through the public 
network, enabling one EV to discharge while another charges. This 
effectively creates a virtual energy-sharing mechanism, simulating a 
direct V2V energy exchange. Unlike conventional direct V2V energy 
sharing, which is restricted by the geographical proximity of the vehicles 
and can only occur on a one-to-one basis, the V-V2V approach enables 
energy sharing among all EVs connected to the network within a com-
munity, including both home-charged and public-charged EVs. As 
illustrated in Fig. 2, in a community powered by a low-voltage sub-
station, various EVs are connected via the public distribution network. 
Additionally, V2V wireless communication is employed to coordinate 
the V-V2V process, allowing for dynamic adjustment of charging and 
discharging times and quantities across different EVs.

Implementing V-V2V requires only minor additional hardware and 
software enhancements, making it a cost-effective solution relative to its 
benefits. Most modern EVs are already equipped with communication 
modules (Wi-Fi, 4G/5G), eliminating the need for major modifications 
to individual vehicles. However, to enable coordinated energy ex-
change, a centralized coordination unit may be required within the 
public power network to match energy demand and supply among EVs. 
On the software side, a lightweight energy management platform can be 
seamlessly integrated into existing smart charge and V2G frameworks, 
enabling real-time scheduling of charging and discharging between 
vehicles at minimal cost. Given the benefits of V-V2V in lowering energy 
costs and enhancing grid flexibility, the modest investment in V-V2V is 
well justified by its substantial long-term advantages.

3. Bottom-up High-Granularity Modeling of EV Travel and 
Charging Patterns

A key innovation of this paper is the proposed V-V2V architecture, 
along with the introduction and enhancement of a statistically similar 
network method to assess EV grid flexibility. However, before quanti-
fying EV grid flexibility provision, it is essential to model EV travel 
patterns and charging behaviors. Traditionally, these models rely on 
aggregated statistical features of EVs, generated probabilistically, 
without distinguishing between different EV user types (e.g., retirees, 
professionals, families with two EVs). This approach lacks the precision 
needed to accurately quantify flexibility. Therefore, this study employs 
bottom-up Monte Carlo simulations to achieve high-granularity 
modeling, enabling a more precise and detailed analysis of travel and 
charging patterns by categorizing EV users.

3.1. EV user archetypes

According to a UK research report from Project Sciurus, one of the 
largest V2G demonstration projects in the world, which focuses on the 
development and deployment of V2G charging technology in the UK 
[31], the primary residential EV user archetypes can be categorized into 
three groups. It is worth noting that this study specifically focuses on 
residential EV users and their grid flexibility provision, excluding other 
types of EVs such as electric buses or trucks. The three categories of 
residential EV user archetypes are as follows: 

1) One-EV Retiree Household (Ret-EV): This household is occupied 
by retirees and owns a single EV. Ret-EV is equipped with a medium- 
sized battery and has relatively low annual electricity consumption, 
reflecting its typical yearly mileage. The EV’s time availability, 
defined as the percentage of hours it is parked and available to 
connect to the grid throughout the year, is high. The household’s 
trips include shopping and other trips (e.g., for leisure purposes), 
with no work- or education-related trips.

2) One-EV Professional Household (Pro-EV): This household, occu-
pied by working professionals, also owns a single EV. The Pro-EV is 
equipped with a medium-sized battery but has moderate annual 
electricity consumption. Its EV time availability is lower than that of 
the Ret-EV (further detailed in Section 6.1). The types of trips taken 
by this household are more varied, covering a wider range of pur-
poses, which will be detailed in the next subsection.

Fig. 2. V-V2V energy sharing framework.
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3) Two-EV household (Sho-EV and Fam-EV): This household owns 
two EVs. The Sho-EV is a smaller vehicle primarily used for short 
trips, such as commuting, equipped with a small battery and mod-
erate annual electricity consumption. Its EV time availability is high, 
and it is not used for long-distance travel. The Fam-EV, a larger 
vehicle suited for family trips, has a relatively large battery and 
higher annual electricity consumption. Its time availability is also 
high, and it is not used for work-related trips such as commuting.

3.2. Travel pattern of different EV user archetypes

Based on data from the UK Department for Transport [32], car travel 
trips are categorized into four main types: 

1) Work-related trips (e.g., commuting, business travel);
2) Education-related trips (e.g., escorting children to school);
3) Shopping trips, made specifically for purchasing goods;
4) Other trips (e.g., leisure, personal purposes).

The four types of trips primarily differ in terms of time of occurrence 
and travel distance. Regarding time of occurrence, work-related trips 
and education-related trips are assumed not to take place on weekends 
(any weekend business travel is classified as other trips). These trips 
typically occur during weekday morning and evening peak hours, 
aligning with commuting periods for work and school. Their specific 
departure and arrival times follow certain distributions, which will be 
discussed in the subsequent paragraphs. In terms of travel distance, 
based on statistics from the UK Department for Transport [32], the 
distances for different trip types are assumed to follow a log-normal 
distribution, with varying mean values. Work-related trips and other 
trips tend to be longer, averaging 11–13 miles, whereas education- 
related trips and shopping trips are relatively shorter, with mean dis-
tances ranging between 4 and 6 miles.

According to statistical data, EV users typically make between 2 and 
5 trips per day (with one trip being a single journey and a round trip 
counting as 2 trips), averaging about 1000 trips per year. Additionally, 
based on the characteristics of EV travel, daily trips can be categorized 
into main trips (which may include adjacent trips) and post-home trips, 
such as shopping or leisure activities after returning home.

Main trips: These include scenarios with 2 trips (e.g., commuting to 

and from work) and 3 trips (e.g., commuting combined with an adjacent 
trip, such as dropping off children at school before heading to work). 
Scenarios involving 4 or more trips are relatively rare and complex, and 
thus excluded from this study. To model the probability of main trips 
and their adjacent trips, a transition matrix (τ) is used. This 5 × 4 matrix 
represents the probability of transitioning from one trip to the next 
adjacent trip, with the fifth row indicating the probability of starting 
each of the four trips from home. For each main trip, departure and 
arrival times at home are determined using a statistical probability 
distribution (ρ) derived from official data. It is essential to ensure that 
arrival times occur after departure times, with minimum intervals 
adjusted according to travel distance. Any generated trip data not 
meeting these criteria is discarded and regenerated. For adjacent trips, 
the time intervals between the arrival home time and the departure 
home time are adjusted based on the distance and type of the adjacent 
trip.

Post-home trips: These refer to additional round trips made after 
returning home, usually for activities such as shopping or leisure. These 
trips typically occur in the afternoon or evening. The final arrival home 
time for post-home trips is calculated by adding an extra time interval 
(usually 2 to 3 hours) to the main trip’s arrival home time, depending on 
the type and distance of the post-home trip.

The distribution of trips for the three EV user archetypes during 
weekdays and weekends is illustrated in Fig. 3. Notably, the Ret-EV 
maintains a consistent trip pattern across both weekdays and weekends, 
with neither work-related nor education-related trips. In contrast, the 
Pro-EV may include all four types of trips on weekdays but excludes 
work-related and education-related trips on weekends. The combination 
of the Sho-EV and Fam-EV represents a two-EV household, with each 
vehicle designated for different types of trips. On weekdays, the Sho-EV 
is primarily used for work-related travel, while the Fam-EV is utilized for 
education-related trips, shopping, and other activities. On weekends, the 
Sho-EV typically remains at home and is not used. The proportions of 
main trips for each EV user archetype, such as the percentage of families 
using the Ret-EV for shopping or other trips, as well as the proportion of 
families making post-home trips, are determined using a heuristic 
method. This approach ensures that the resulting trip counts and pro-
portions, including aggregated charging curves, align with data from the 
UK Department for Transport [32].

In developing a heuristic method for understanding EV user 

Fig. 3. Associated trips of EV user archetypes on weekdays and weekends.
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behavior, several steps are methodically followed: (1) The process be-
gins by estimating the total number of trips annually and weekly based 
on the annual mileage of each EV user archetype and the average dis-
tance per trip, providing foundational data for accurate trip allocation. 
(2) Trips are allocated between weekdays and weekends, noting specific 
patterns such as the Ret-EV archetype, which shows no significant dif-
ference in trip distribution between weekdays and weekends, and the 
Sho-EV archetype, which does not take trips on weekends. (3) Key ratios 
are determined for each archetype, including the distribution of main 
trips between shopping and other activities, the proportion of adjacent 
trips, and the proportion of post-home trips. Initial rough estimations of 
these ratios are conducted based on statistics from the UK Department 
for Transport. (4) Using the daily trip patterns, travel behavior and 
corresponding charging patterns are simulated under an immediate 
charging strategy to model real-world usage and charging scenarios. (5) 
Finally, the total mileage, departure time distribution, return time dis-
tribution, and charging curves are validated against empirical data from 
the UK Department for Transport. If discrepancies are found, the ratios 
determined in Step 3 are adjusted in a targeted manner (either 
increasing or decreasing) to better align with the data, followed by re- 
simulation. This structured approach guarantees a thorough analysis 
and accurate validation of EV user behaviors, closely mirroring real- 
world data, ensuring the reliability and applicability of the findings.

3.3. Charging Patterns

EV users exhibit different charging patterns based on their individual 
habits and preferences. Generally, they do not always connect their 
vehicles to a charging point immediately upon arriving home; rather, 
the decision is primarily influenced by the state of charge (SOC). If the 
SOC falls below a certain threshold, the EV is plugged in for charging; 
otherwise, it remains disconnected, leading to zero power injection at 
those nodes, as reflected in the equation below 

PEVhome
i,t = 0, ∀i ∈ Ωhome, if SOCarr

i ≥ SOCthreshold
i (1) 

Depending on the frequency of plugging in and the SOC threshold, 
EV charging patterns—also referred to as charging habits—can be 
categorized into two types: “graze charge” and “guzzle charge.” In the 
graze charge pattern, users plug in their EVs frequently, even when the 
SOC is relatively high. In contrast, the guzzle charge pattern is charac-
terized by less frequent charging, occurring only when the battery is 
nearly depleted. Naturally, the graze charge pattern results in a higher 
plug-in rate, increasing the potential for EVs to contribute to grid 
flexibility.

The frequency of EV users’ participation in V-V2V activities pri-
marily depends on whether they follow a graze charge or guzzle charge 
pattern. Under graze charge, EV users typically connect to a charging 
station daily or every two days, allowing them to participate in V-V2V 
frequently, whereas under guzzle charge, they charge their vehicles only 
once every one to two weeks. The charging frequency of different EV 
user archetypes varies due to factors such as battery capacity and daily 
energy consumption. For instance, Pro-EV users tend to have slightly 
higher travel and charging frequencies compared to Ret-EV users, and 
given the same charging pattern, Pro-EV users also connect to the grid 
and participate in V-V2V more frequently than Ret-EV users. However, it 
is important to note that charging patterns have a significantly greater 
impact on charging and V-V2V participation frequency than differences 
in battery capacity or daily energy consumption among users.

4. Modeling V-V2V Incorporating Grid Flexibility Provision

In the previous sections, the concept of V-V2V was defined, along 
with a high-granularity modeling of EV travel and charging patterns 
considering categorized EV user archetypes. In this section, the focus 
shifts to modeling V-V2V grid flexibility provision. This includes a 

detailed mathematical model of the V-V2V framework that captures 
energy sharing among home-charged EVs, as well as between home- 
charged and public-charged EVs through the low-voltage distribution 
network. It explains how different EVs share energy within the low- 
voltage distribution network during charging and discharging. Addi-
tionally, the model incorporates a grid flexibility quantification module. 
EVs can provide multiple forms of grid flexibility through timely 
charging and discharging, such as backup power and frequency 
response. However, this paper focuses primarily on the flexibility EVs 
offer in reducing peak power flows within the grid, including substations 
and distribution lines. By mitigating peak loads, the model seeks to delay 
the need for grid expansion, enabling a more efficient and equitable 
transition using the existing grid infrastructure, without the necessity for 
costly large-scale upgrades.

4.1. Objective

The objective of the V-V2V model incorporating grid flexibility is to 
minimize the total energy cost for all users within the low-voltage dis-
tribution network, the asset’s present value (APV) cost of grid facilities 
(e.g., substations and distribution lines), the cost of grid expansion 
planning, and the degradation cost of EV batteries, whether home- 
charged or public-charged, as formulated in eqs. (2a)-(2f). 

min F = CEner +CPeakflow +CExpan +CV2Ghome +CV2Gpub (2a)  

CEner =
∑

t
ρbuy

t ⋅Pbuy
t −

∑

t
ρsell

t ⋅Psell
t (2b)  

CPeakflow =
∑

ij

(
1 − yij

)
⋅APVij +

∑

i∈Ωsub

(1 − yi)⋅APVi (2c)  

CExpan =
1

365
∑

ij
Assetij⋅yij +

1
365

∑

i∈Ωsub

Asseti⋅yi (2d)  

CV2Ghome =
∑

i∈Ωhome

θdegra

100
⋅

∑

t
PDEVhome

i,t

EEVhome
i

⋅AssetEVhome
i (2e)  

CV2Gpub =
∑

i∈Ωpublic

∑

m

θdegra

100
⋅

∑

t
PDEVpub

i,m,t

EEVpub
i,o(m)

⋅AssetEVpub
i,o(m) (2f) 

Specifically, eq. (2b) represents the total energy cost for all users, 
which is the cost of energy purchased from the utility company minus 
the revenue from energy sold back to the utility company. In the V-V2V 
framework, users share energy through the low-voltage distribution 
network, with any energy deficit being purchased from the utility 
company, while surplus energy is sold back. Eq. (2c) accounts for the 
sum of APVs of substations and distribution lines. For each grid facility, 
its APV is modeled as a piecewise linear function that varies with 
headroom. As peak power flow on the grid increases, the headroom rate 
(i.e., the ratio of the remaining capacity of a grid facility to its total 
capacity) decreases, signaling a greater need for future investment (i.e., 
earlier expansion planning). As a result, the present value of the asset’s 
investment cost rises. The detailed relationship between APV and the 
headroom rate is discussed in subsection 4.5.

Eq. (2d) represents the sum of daily investment costs for grid facil-
ities. It is important to note that APV and investment costs are treated as 
mutually exclusive in this study. If a grid facility requires immediate 
expansion due to insufficient capacity, only the investment costs are 
considered. Conversely, if there is remaining capacity (i.e., headroom 
rate is greater than 0), only the APV is taken into account. This is why 
both yij and yi binary variables are included in eqs. (2c) and (2d) to 
reflect this non-additive relationship. Eqs. (2e) and (2f) represent the 
degradation costs of home-charged EV and public-charged EV batteries, 
respectively. In these equations, θdegra denotes the percentage of battery 
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capacity degradation per complete charge-discharge cycle, while 
∑

tPDEVhome
i,t /EEVhome

i represents the proportion of discharge energy rela-
tive to the EV battery’s capacity over the simulation period. Since the 
discharged energy is recharged during the corresponding period, this 
proportion can be interpreted as the charge-discharge cycle proportion 
coefficient. In these equations, i denotes the index of the node, and ij 
represents the index of the lines connecting nodes i and j.

The objective function and its components described in (2a)-(2f) are 
based on the V-V2V framework. In the non-V-V2V framework, where 
each EV user independently determines their charging and discharging 
behavior primarily based on time-of-use pricing, the objective function 
is structured as shown in eqs. (3a)-(3c). 

min F = CEner +CExpan +CV2Ghome +CV2Gpub (3a)  

CEner =
∑

i,t
ρbuy

t ⋅Pin
i,t −

∑

i,t
ρsell

t ⋅Pout
i,t (3b)  

(2d) − (2f) (3c) 

First, regarding the total energy cost, since each user independently 
interacts with the utility company without V-V2V energy sharing, the 
total energy cost is represented by eq. (3b), differing from (2b). Addi-
tionally, because individual users cannot directly perceive or influence 
the peak flow of grid facilities through their charging and discharging 
actions, the objective function does not include the costs related to the 
APV of grid facilities, which are affected by peak flow and headroom 
rate. However, the cost components described in eqs. (2d)-(2f) are still 
applicable in the non-V-V2V framework, as reflected in eq. (3c). This is 
because EV charging and discharging must still adhere to the constraints 
of the low-voltage distribution network. If capacity limits are exceeded, 
grid facility expansion planning remains necessary. Moreover, EV bat-
tery degradation costs continue to apply as long as EVs engage in V2G 
operations.

4.2. Distribution network constraints

In this study, a simplified AC power flow model for distribution 
networks is adopted [33]. This model accounts for voltage drops caused 
by impedance when transmitting active and reactive power. To enable 
rapid computation across large-scale networks and various scenarios, 
network losses are ignored. However, it is worth noting that the model 
can be extended to include network losses. This could be achieved by 
either assuming a relatively fixed loss coefficient or by expanding the 
current model into a classic second-order cone optimization problem 
that incorporates network loss constraints in radial distribution net-
works [34]. 
∑

j∈ST(i)

PLij,t = Psub
i,t ,

∑

j∈ST(i)

QLij,t = Qsub
i,t , ∀i ∈ Ωsub, ∀t (4) 

∑

j∈ED(i)

PLji,t −
∑

j∈ST(i)

PLij,t +PVi,t = PDnonEV
i,t +PEVhome

i,t , ∀i ∈ Ωhome, ∀t (5) 

∑

j∈ED(i)

PLji,t −
∑

j∈ST(i)

PLij,t +PVi,t = PDnonEV
i,t +

∑

m
PEVpub

i,m,t , ∀i ∈ Ωpublic, ∀t (6) 

∑

j∈ED(i)

QLji,t −
∑

j∈ST(i)

QLij,t = QDnonEV
i,t , ∀i ∈ Ωpublic ∪ Ωhome, ∀t (7) 

Pin
i,t − Pout

i,t = PDnonEV
i,t − PVi,t + PEVhome

i,t , ∀i ∈ Ωhome, ∀t (8) 

Pin
i,t − Pout

i,t = PDnonEV
i,t − PVi,t +

∑

m
PEVpub

i,m,t , ∀i ∈ Ωpublic, ∀t (9) 

∑

i

(
Pin

i,t − Pout
i,t

)
= Pbuy

t − Psell
t , ∀t (10) 

Pin
i,t ,P

out
i,t ,P

buy
t , Psell

t ≥ 0, ∀i,∀t (11) 

Firstly, constraints (4)–(11) introduce the nodal power balance 
constraints, along with the representation of nodal power injection or 
output and the hourly power purchase or selling. Specifically, constraint 
(4) enforces the active and reactive power balance at nodes with sub-
stations, ensuring that the power from the substation equals the sum of 
the power flowing through the downstream lines connected to that 
node. Constraints (5) and (6) represent the active power balance for 
nodes with home-charged EVs and public parking lots, respectively. On 
the left side of these equations is the net active power inflow (i.e., the 
active power injected from upstream lines minus the power flowing to 
downstream lines) plus PV generation, while the right side represents 
the total load at the node, which is the sum of non-EV and EV loads. 
Similarly, constraint (7) ensures the reactive power balance for these 
two types of nodes. Additionally, constraints (8) and (9) define the 
formulaic expressions for active power injection or power output at 
nodes with home-charged EVs and public parking lots, respectively. The 
relationship between active power injection or output at each node and 
the power purchase or sale by all users to the utility company is gov-
erned by constraint (10). Finally, constraint (11) ensures the non- 
negativity of active power injection, power output, and electricity 
transactions with the utility company. 

0 ≤ PVi,t ≤ PVi,t , ∀i,∀t (12) 

Ui,t − Uj,t = PLij,t⋅Rij +QLij,t⋅Xij, ∀ij,∀t (13) 

U ≤ Ui,t ≤ U, ∀i,∀t (14) 

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

PLij,t
2 + QLij,t

2
√

≤ SLij⋅
(

1+ yij

)
, ∀ij,∀t (15) 

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(

Psub
i,t

)2
+
(

Qsub
i,t

)2
√

≤ Si⋅(1+ yi), ∀i ∈ Ωsub,∀t (16) 

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

PLij,t
2 + QLij,t

2
√

≤ SLPeakflow
ij + SLij⋅yij, ∀ij,∀t (17) 

HRij =
(

SLij − SLPeakflow
ij

)/
SLij, ∀ij (18) 

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(

Psub
i,t

)2
+
(

Qsub
i,t

)2
√

≤ SPeakflow
i + Si⋅yi, ∀i ∈ Ωsub,∀t (19) 

HRi =
(

Si − SPeakflow
i

)/
Si, ∀i ∈ Ωsub (20) 

Then, constraints (12)–(20) cover the security constraints, which 
include the power limits of PV systems, the voltage limits, and the ca-
pacity limits of power lines and substations. Constraint (12) sets the 
upper and lower limits for PV generation. Constraints (13) and (14) are 
voltage constraints: constraint (13) defines the relationship between 
voltage drop across each line, power flow, and line impedance, while 
constraint (14) provides the upper and lower voltage limits. Constraints 
(15) and (16) impose capacity limits for each line and substation, 
respectively. Constraints (17) and (18) establish the relationship be-
tween the line headroom rate and its peak flow, where the peak flow is 
defined as the maximum apparent power of the line during the simu-
lation period, as described in (17). Similarly, constraints (19) and (20) 
define the relationship between the substation headroom rate and its 
peak flow, with the peak flow representing the maximum apparent 
power of the substation during the simulation period, as shown in (19).

4.3. Home-charged EVs operational constraints

In this section, the operational constraints for home-charged EVs are 
defined. As previously mentioned, it is assumed that every node without 
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a substation or public parking lot is a node with home-charged EVs. 
However, in reality, not every household owns an EV. Therefore, nodes 
with home-charged EVs may also include users without EVs, where the 
EV battery capacity is effectively zero. It is important to note that while 
the majority of EV charging in the UK typically occurs at home, and this 
study primarily focuses on EV charging within residential communities, 
the use of public charging facilities outside of these communities (e.g., at 
workplaces) is also accounted for in the analysis. This external charging 
is mainly reflected in the calculation of the arrive-home SOC SOCarr

i . 
When EVs leave home for long trips or start with a low depart-home 
SOC, the remaining battery SOC after the departure trip may not suf-
fice for completing the return journey. In such instances, it is assumed 
that the EVs will charge at locations outside of the home. The arrive- 
home SOC is then updated based on the EV’s remaining trips for the day.

To account for this, constraint (21) is introduced to represent users 
without EVs, ensuring that the EV power injection at these nodes is zero. 

PEVhome
i,t = 0, ∀i ∈ Ωhome, if EEVhome

i = 0 (21) 

Additionally, it is important to note that some households have one 
EV, while others have two. For households with two EVs, it is assumed 
that both vehicles share a single charging point. Given the typical 
driving range of EVs, which often allows for more than ten days of usage 
before the battery is fully depleted, it is feasible for two EVs to alternate 
their charging schedules at a shared private charging point. In this study, 
it is assumed that within a 24-h simulation period, only one of the two 
EVs will be connected to the home charging point at any given time, 
following a first-come, first-served principle based on the SOC of each 
EV. 

PEVhome
i,t = PCEVhome

i,t − PDEVhome
i,t , ∀i ∈ Ωhome,∀t (22) 

0 ≤ PCEVhome
i,t ≤ Pi

Homecharger
, ∀i ∈ Ωhome, ∀t (23) 

0 ≤ PDEVhome
i,t ≤ Pi

Homecharger
, ∀i ∈ Ωhome,∀t (24) 

0 ≤ EEVhome
i,t ≤ EEVhome

i , ∀i ∈ Ωhome, ∀t (25) 

EEVhome
i,t = SOCarr

i

/
100⋅EEVhome

i , ∀i ∈ Ωhome, ∀t = tarr
i (26) 

EEVhome
i,t = SOCNextdep

i

/
100⋅EEVhome

i , ∀i ∈ Ωhome,∀t = tNextdep
i (27) 

In addition to the constraints in (21), constraint (1) is incorporated to 
account for charging patterns, while constraints (22) through (27) 
represent standard operational constraints governing battery storage 
charging and discharging. Constraint (22) defines the power injection of 
home-charged EVs, accounting for their charging and discharging 
power. Constraints (23) and (24) establish the bounds for charging and 
discharging power, ensuring that it is non-negative and does not exceed 
the maximum charging power (i.e., the rated power of the charger). 
Constraint (25) limits the stored energy of home-charged EV batteries to 
remain between zero and the battery’s rated capacity. Constraint (26) 
assigns values to the time periods when home-charged EVs are con-
nected to the charging point (i.e., upon arriving home) and their cor-
responding SOC. Constraint (27) specifies the time periods when home- 
charged EVs disconnect from the charging point (i.e., the next time they 
depart from home) and their SOCs.

It should be noted that an EV may arrive and depart from home 
multiple times within a single day, resulting in several non-continuous 
periods when it is connected to the grid. However, this study focuses 
only on the primary connection hours, typically from the evening arrival 
after work to the next morning’s departure. This assumption is reason-
able given current EV user plug-in behaviors, as most owners do not plug 
in their EVs every time they return home. Under this assumption, there 
are two possible scenarios for the arrival (tarr

i ) and next departure 

(tNextdep
i ) times. The first scenario is when the EV arrives in the evening 

and departs the next day during daylight hours, which is quite common. 
The second scenario occurs when the EV arrives home in the early 
morning (e.g., 1 a.m.) and departs later that same day. In both cases, the 
difference in stored energy between adjacent time periods, as well as the 
corresponding charging and discharging relationships, are captured by 
constraints (28) and (29), respectively. 

∀i ∈ Ωother, if tarr
i and tNextdep

i are not on the same day
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

EEVhome
i,t+1 = EEVhome

i,t + PCEVhome
i,t ⋅η − PDEVhome

i,t

/
η,∀t = tarr

i ...23

EEVhome
i,t+1 = EEVhome

i,t + PCEVhome
i,t ⋅η − PDEVhome

i,t

/
η, ∀t = 1…tNextdep

i − 1

EEVhome
i,1 = EEVhome

i,24 + PCEVhome
i,24 ⋅η − PDEVhome

i,24

/
η

PEVhome
i,t = 0, ∀t = tNextdep

i …tarr
i − 1

(28) 

∀i ∈ Ωother, if  tarr
i andtNextdep

i are on the same day
⎧
⎨

⎩

EEVhome
i,t+1 = EEVhome

i,t + PCEVhome
i,t ⋅η − PDEVhome

i,t

/
η, ∀t = tarr

i …tNextdep
i − 1

PEVhome
i,t = 0, ∀t ∕= tarr

i …tNextdep
i − 1

(29) 

Specifically, the first three mathematical expressions in constraint 
(28) define the relationship between the change in stored energy across 
adjacent time periods and the charging or discharging power during 
those periods (considering charging and discharging efficiency). This 
relationship applies from the EV’s arrival time on the previous day to its 
departure time the following day. The fourth expression indicates that 
during other periods, when the EV is not connected to the grid, there is 
zero power injection, meaning no charging or discharging power. 
Similarly, the first mathematical expression in constraint (29) defines 
the relationship between the change in stored energy across adjacent 
time periods and the charging or discharging power during those pe-
riods, from the EV’s arrival time to its departure time on the same day. 
The second expression shows that during other periods, when the EV is 
not connected to the grid, the power injection is zero.

4.4. Public-charged EVs operational constraints

In the previous subsection, the operational constraints for home- 
charged EVs were introduced. This section focuses on the operational 
constraints for public-charged EVs. Unlike home-charged EVs, which 
charge only when the SOC falls below a threshold, public-charged EVs 
do not have dedicated charging points and must share limited charging 
stations in public parking lots with other vehicles. As a result, the 
number of public-charged EVs exceeds the available charging points, 
leading to “charging anxiety.” Due to this charging anxiety, the plugging 
and charging strategy for public-charged EVs differs from that of home- 
charged EVs. First, public-charged EVs with an SOC below the threshold 
upon arrival are given the highest charging priority, assuming they have 
secured a charging point in advance through a reservation system. For 
public-charged EVs with an SOC above the threshold, charging anxiety 
persists due to the uncertainty of securing a charging point in the 
following days. Therefore, if there are unoccupied charging points upon 
their arrival and their SOC is not excessively high, they will attempt to 
secure a charging point and begin charging. In such cases, the first-come, 
first-served principle applies until all charging points are occupied. 
Based on these settings and assumptions, the operational constraints for 
public-charged EVs are formulated in constraints (30)–(37). 

PEVpub
i,m,t = PCEVpub

i,m,t − PDEVpub
i,m,t , ∀i ∈ Ωpublic,∀m, ∀t (30) 

0 ≤ PCEVpub
i,m,t ≤ Pi,m

Pubcharger
, ∀i ∈ Ωpublic,∀m, ∀t (31) 
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0 ≤ PDEVpub
i,m,t ≤ Pi,m

Pubcharger
, ∀i ∈ Ωpublic,∀m, ∀t (32) 

0 ≤ EEVpub
i,o(m),t ≤ EEVpub

i,o(m) , ∀i ∈ Ωpublic, ∀m,∀t (33) 

EEVhome
i,o(m),t = SOCarr

i,o(m)

/
100⋅EEVhome

i,o(m) , ∀i ∈ Ωpublic, ∀m,∀t = tarr
i,o(m) (34) 

EEVhome
i,o(m),t = SOCNextdep

i,o(m)

/
100⋅EEVhome

i,o(m) , ∀i ∈ Ωpublic,∀m, ∀t = tNextdep
i,o(m)

(35) 

Specifically, constraint (30) defines the power injection for each 
charging point in the public parking lot, relating it to the charging and 
discharging power. Constraints (31) and (32) establish charging and 
discharging power limits, ensuring it remains non-negative and does not 
exceed the maximum charging capacity. Constraint (33) restricts the 
stored energy of public-charged EV batteries to between zero and their 
rated capacity. Constraint (34) assigns values to the arrival times of 
public-charged EVs and their corresponding SOC, while constraint (35) 
assigns values to their next departure times and SOC. 

∀i ∈ Ωpublic, if tarr
i,o(m)andtNextdep

i,o(m) arenotonthesameday
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

EEVhome
i,o(m),t+1 = EEVhome

i,o(m),t + PCEVhome
i,m,t ⋅η − PDEVhome

i,m,t

/
η,∀t = tarr

i,o(m)...23

EEVhome
i,o(m),t+1 = EEVhome

i,o(m),t + PCEVhome
i,m,t ⋅η − PDEVhome

i,m,t

/
η,∀t = 1…tNextdep

i,o(m) − 1

EEVhome
i,o(m),1 = EEVhome

i,o(m),24 + PCEVhome
i,m,24 ⋅η − PDEVhome

i,m,24

/
η

PEVhome
i,m,t = 0, ∀t = tNextdep

i,o(m)
…tarr

i,o(m) − 1

(36) 

∀i ∈ Ωpublic, iftarr
i,o(m)andtNextdep

i,o(m)
areonthesameday

⎧
⎨

⎩

EEVhome
i,o(m),t+1 = EEVhome

i,o(m),t + PCEVhome
i,m,t ⋅η − PDEVhome

i,m,t

/
η,∀t = tarr

i,o(m)…tNextdep
i,o(m)

− 1

PEVhome
i,m,t = 0,∀t ∕= tarr

i …tNextdep
i − 1

(37) 

Similar to home-charged EVs, this study only considers the contin-
uous primary connection hours with the grid during the 24-h simulation 
period, typically from evening arrival after work to the next morning’s 
departure. There are two possible scenarios for the arrival and next 
departure times. The first is when they occur on different days, such as 
when the EV arrives in the evening and departs the following day during 
daylight hours. The second scenario occurs when the EV arrives in the 
early morning and departs later the same day. The first case is modeled 
in constraint (36), where the first three mathematical expressions define 
the relationship between the change in stored energy across adjacent 
time periods and the corresponding charging and discharging power. 
This relationship applies from the EV’s arrival on the previous day to its 
departure the next day. The fourth expression indicates that during 
other periods, when the EV is not connected to the grid, there is zero 
power injection. The second case is captured in constraint (37), where 
the first mathematical expression establishes the relationship between 
the change in stored energy across adjacent time periods and the 
charging and discharging power for the span from the EV’s arrival to its 
departure on the same day. The second expression specifies that during 
other periods, the EV is not connected to the grid, resulting in zero 
power injection.

4.5. Operational constraints for quantifying grid flexibility provision

In this subsection, operational constraints for quantifying grid flex-
ibility provision are detailed. The primary focus of this paper’s V-V2V 
grid flexibility quantification is to assess the contribution of V-V2V in 
reducing the peak flow of grid facilities, thereby increasing the head-
room rate. Specifically, the relationship between the headroom rate of 
grid facilities and the APV is established. By incorporating and 

minimizing the APV in the V-V2V framework’s objective function, the 
headroom rate can be effectively enhanced. The relationship between 
APV and headroom rate (HR) is presented in eq. (38a). 

APV =
Asset

(1 + DR)− log(1− HR)/log(1+LGR) (38a) 

The derivation of expression (38a) is detailed through eqs. (38b) to 
(38e). Specifically, assume the grid facility’s capacity is S, and its current 
peak flow is SPeakflow. Given a relatively fixed annual load growth rate 
LGR, it means that in nyear years, the grid facility’s capacity will be 
exhausted, as shown in (38b). Considering the relationship between HR 
and SPeakflow as shown in eq. (38c), the derived relationship between nyear 

and HR can be expressed in eq. (38d). Additionally, the net present value 
of the APV is given by expression (38e) as a function of the asset value, 
discount rate (DR), and nyear. By substituting (38d) into (38e), the final 
expression shown in (38a) is obtained. 

S = SPeakflow(1 + LGR)nyear
(38b)  

HR = 1 − SPeakflow/S (38c)  

nyear = − log(1 − HR)/log(1+ LGR) (38d)  

APV = Asset
/
(1 + DR)nyear

(38e) 

Constraint (38a) is a highly nonlinear equation that can be refor-
mulated into a piecewise linear form. Eqs. (39a)-(39c) describe the 
piecewise linear relationship between the APV and the headroom rate 
for each line. Specifically, (39a) indicates that the headroom rate for 
each line is divided into K segments, and the APV is the initial value of 
the function (i.e., the asset value) plus the incremental function value for 
each segment (i.e., the slope of the piecewise linear function, which is a 
negative value, multiplied by the k-th segmental headroom rate), as 
shown in (39b). The upper and lower bounds of the segmental headroom 
rate are constrained by (39c). 

HRij =
∑K

k=1
ΔHRij,k, ∀ij (39a)  

APVij = Assetij +
∑K

k=1
Slopeij,k⋅ΔHRij,k, ∀ij (39b)  

0 ≤ ΔHRij,k ≤ ΔHRij, ∀ij,∀k (39c) 

Similarly, eqs. (40a)-(40c) describe the piecewise linear relationship 
between the APV and the headroom rate for substations. The interpre-
tation of these constraints is entirely analogous to the corresponding 
constraints in eqs. (39a)-(39c). 

HRi =
∑K

k=1
ΔHRi,k, ∀i ∈ Ωsub (40a)  

APVi = Asseti +
∑K

k=1

Slopei,k⋅ΔHRi,k, ∀i ∈ Ωsub (40b)  

0 ≤ ΔHRi,k ≤ ΔHRi, ∀i ∈ Ωsub,∀k (40c) 

5. Statistically Similar Network-Based Method for Quantifying 
Grid Flexibility

While Section 4 develops a mathematical model to assess V-V2V 
incorporating grid flexibility provision, that model is based on a single 
power distribution network, and applying it alone limits its broader 
statistical generalisability. To address this, Section 5 introduces the 
statistically similar network-based method, which extends the analysis 
by evaluating V-V2V’s impact across a series of statistically similar 
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networks defined by topological and electrical parameters rather than 
relying on just one. By incorporating multiple statistically similar net-
works, Section 5 enhances its robustness and applicability compared to 
relying solely on the model from Section 4, ensuring that the results can 
be more confidently extended to real-world power distribution systems.

Specifically, the proposed statistically similar networks method en-
hances the assessment of V-V2V grid flexibility by addressing both 
substation-level and internal line-level impacts. At the substation level, 
it provides more robust, credible, and universally applicable results by 
incorporating statistical diversity across multiple networks rather than 
considering variations in distributed energy resources (DERs) alone. 
Beyond substation-level flexibility provision, the method further ac-
counts for internal line congestion, a critical issue in low-voltage dis-
tribution networks with large-scale EV integration. By considering the 
statistical characteristics of peak flow and headroom at the internal line 
level, it enables a more granular analysis of how V-V2V improves 
network capacity utilization and reduces congestion. Overall, by 
generating a set of networks that share similar topological and electrical 
characteristics, this approach allows for quantitative analyses that are 
both diverse and comparable, ensuring statistically meaningful insights 
at both substation and internal line levels. The following subsections will 
detail the methodology for generating statistically similar networks and 
the associated quantification process.

5.1. Network division and key topological and electrical parameter 
identification

The generation of statistically similar networks in this study is based 
on identifying key topological and electrical features from the input 
networks and establishing probability distributions for these features, 
whether discrete (e.g., the total number of nodes, line types, capacities, 
and impedances) or continuous (e.g., the length of each line). The to-
pological parameters include basic network information such as the total 
number of nodes, as well as key features that provide a comprehensive 
understanding of the network’s structure. These features include the 
node degree, which indicates the connectivity of a particular node by 
counting its direct connections (lines), and the node height, defined as 
the length of the longest path from the node to any of its leaf nodes 
(terminal nodes with no further branches). As shown in Fig. 4, each 
node’s degree and height values are provided. Based on node height 
within the radial distribution network, the network is divided into three 
levels: near-substation, intermediate, and near-terminal user levels. For 
example, in Fig. 4, six nodes with a height of 0 belong to the near- 

terminal user level, nine nodes with heights of 1 or 2 fall into the in-
termediate level, and six nodes with heights between 3 and 5 are clas-
sified in the near-substation level. This classification ensures a balanced 
distribution of nodes across levels, with the 21 non-substation nodes 
distributed among the three levels, ranging from 6 to 9 nodes per level, 
averaging approximately 7 nodes per level.

Once the levels are defined, discrete probability distribution func-
tions for node degree and height are calculated for nodes within each 
level, alongside continuous probability distribution functions for line 
lengths within those levels. Additionally, key topological features such 
as the number of leaf nodes, the total number of nodes, the number of 
nodes per level, and the overall network height (substation node height) 
are identified. In terms of electrical features, this includes generating 
probability distribution functions for the capacity or peak values of 
substations and loads, as well as the types of lines, which determine their 
rated capacity and unit length impedance. After dividing the network 
into near-substation, intermediate, and near-terminal levels, and 
obtaining probability statistics for key topological and electrical char-
acteristics at each level and across the entire network, the process of 
generating the network can begin.

5.2. Network topology and electrical parameters generation

The generation process begins with the leaf nodes. Nodes directly 
connected to the leaf nodes are then generated and assigned node degree 
and node height values based on the pre-generated probability distri-
bution functions for the near-terminal user level. Line length values are 
also assigned according to their probability distribution functions. Once 
the number of nodes in this level falls within its predefined range, the 
network generation process proceeds to the next level. Similarly, nodes 
and lines are generated according to the corresponding probability 
distribution functions. After the nodes and lines in the near-substation 
level are completed, the network topology and topological parameters 
are generated. A check is conducted to ensure that the overall top-
ology—such as network height and total number of nodes—is compa-
rable to the input networks. If the check is successfully passed, the 
process moves forward to generating the electrical parameters. Other-
wise, the network topology is discarded, and the generation process is 
repeated.

For electrical parameter generation, the capacity or peak values of 
substations and loads, as well as the types of lines determining the rated 
capacity and unit length impedance in each level, are assigned via their 
probability distribution functions. Once all electrical parameters for the 

Fig. 4. Illustration of an exemplified low-voltage distribution network.
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loads, lines, and substation are assigned, a check is performed. Specif-
ically, a power flow calculation is conducted to ensure that the assigned 
electrical parameters for the current network topology do not cause any 
thermal capacity or voltage violations. If the check fails, the network is 
discarded, and the generation process is repeated for both topological 
and electrical parameters. If the check is successfully passed, the topo-
logical and electrical parameters are considered matched and 
reasonable.

5.3. Graph theory-based network similarity validation

It’s important to note that even though the topological and electrical 
parameters are considered matched and reasonable, and both sets of 
parameters are generated from the probability distribution functions 
identified from the input networks, there is no guarantee that the 
generated networks are truly similar to the input networks. This is pri-
marily due to the lack of consideration for the correlation between to-
pological and electrical parameters. Specifically, while the topology of 
the generated network may resemble the input network, and the elec-
trical characteristics may also be similar, the overall similarity could be 
weak if the correlation between these parameters is not preserved. 
Therefore, it is necessary to verify whether the generated network is 
similar to the input network by considering the correlation between 
topological and electrical parameters. This study proposes a graph 
theory-based network similarity validation to ensure that the generated 
networks are similar to the input networks, not only in individual to-
pological and electrical parameters but also in the correlation between 
these two categories.

Specifically, the matrix representation of the graph is introduced 
using an adjacency matrix to depict the network topology. This matrix 
shows the connections between nodes, where traditionally a value of 1 
indicates the presence of a line between nodes. To enhance this repre-
sentation, the value of 1 is replaced with values that reflect line 
impedance, thereby capturing more detailed electrical characteristics. 
Additionally, to represent the electrical properties of the nodes, the load 
values are placed on the diagonal of the matrix. This results in a modi-
fied node-node adjacency matrix. The similarity between the generated 
network and the input network is then evaluated using this modified 
adjacency matrix. Three metrics are employed for this evaluation: cosine 
similarity, spectral similarity using the Laplacian matrix, and graph edit 
distance. Together, these metrics provide a comprehensive assessment 
of the correlation between the generated and input networks.

Cosine similarity is a measure of similarity between two non-zero 
vectors in an inner product space. It is calculated as the cosine of the 
angle between the two vectors, which is also the dot product of the 
vectors divided by the product of their magnitudes. In the context of 
graph adjacency matrices, the matrices can be flattened into vectors, and 
cosine similarity can then be used to measure the similarity between 
these vectors. To calculate the cosine similarity between two matrices Ag 
and Ai from the generated network and the input network, respectively, 
first flatten the matrices into vectors vec(Ag) and vec(Ai). The formula 
for cosine similarity is: 

cosine similarity
(
vec

(
Ag

)
, vec(Ai)

)
=

vec
(
Ag

)
⋅vec(Ai)

⃦
⃦vec

(
Ag

) ⃦
⃦‖vec(Ai) ‖

(41) 

The Laplacian matrix L of a graph is defined as L = D − A, where D is 
the degree matrix (a diagonal matrix where each element Dii is the de-
gree of node i), and A is the revised adjacency matrix. Spectral similarity 
involves comparing the eigenvalues (or spectrum) of the Laplacian 
matrices of the generated and input networks. Similar eigenvalues 
suggest similar structural properties of the networks. To compare 
spectral similarity, the eigenvalues of the Laplacian matrices of both the 
generated network Lg and the input network Li are computed. Let λg,k and 
λi,k be the sorted eigenvalue vectors of Lg and Li, respectively. The 
spectral similarity can then be quantified by measuring the distance 

between these eigenvalue vectors: 

spectral similarity
(
Lg, Li

)
=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

k

(
λg,k − λi,k

)2
√

(42) 

where λg,k and λi,k are the k-th eigenvalues of the generated and input 
networks’ Laplacian matrices, respectively.

Graph Edit Distance (GED) is a measure of similarity between two 
graphs, quantifying the minimum number of operations needed to 
transform one graph into the other, including node and edge insertions, 
deletions, and substitutions. As shown in formula (43), GED combines 
two key components: Edge Edit Distance, which measures the sum of 
absolute differences in the edge weights between the adjacency matrices 
of the two graphs, normalized to account for symmetry; and Node Edit 
Distance, which accounts for the differences in nodal parameters rep-
resented by the diagonal elements of the adjacency matrices. By sum-
ming these components, GED provides a comprehensive metric that 
captures both the topological and electrical differences between the two 
graphs. 

GED
(
Lg, Li

)
=

1
2
∑N

m=1

∑N

n=1

⃒
⃒Lg,mn − Li,mn

⃒
⃒+

∑N

n=1

⃒
⃒diag

(
Lg
)

n − diag(Li)n

⃒
⃒ (43) 

5.4. Quantification process of V-V2V’s grid flexibility provision using 
statistically similar networks

The flowchart presented in Fig. 5 outlines the quantification process 
of V-V2V’s grid flexibility provision using statistically similar networks.

It begins with the division of the network, followed by identifying 
key topological and electrical parameters. These parameters are then 
statistically analyzed, and their probability density functions are 
calculated. Afterward, the process generates new network topologies, 
which are compared against the input network to check for similarity. If 
the topologies are sufficiently similar, electrical parameters are gener-
ated for the new network. These electrical parameters are then vali-
dated, and only networks that pass the validation proceed. The next step 
involves a graph-theory-based similarity measurement between the 
input and generated networks. If the generated network passes the 
graph-theory validation, it is used for quantifying grid flexibility, spe-
cifically for V2V flexibility provision. If any step in this process fails, the 
network is discarded, and the process repeats with a new topology. This 
ensures the generation of statistically robust and valid networks.

6. Case Studies

6.1. Cases and system descriptions

To validate the effectiveness of the proposed V-V2V framework, four 
EV charging modes and corresponding cases are designed for compari-
son: 1) Immediate Charge: Once the EV is connected to the distribution 
network, it begins charging at maximum power until it reaches the 
target battery SOC; 2) Smart Charge: Only unidirectional charging is 
allowed, and while discharging to the grid is prohibited, EVs can adjust 
their charging times based on time-of-use pricing; 3) V2G: Bidirectional 
charging and discharging are allowed, and EVs can optimize their 
charging and discharging power and times according to time-of-use 
electricity prices to minimize electricity costs; 4) V-V2V: Bidirectional 
charging and discharging are allowed, and energy sharing is permitted 
between both home-charged and public-charged EVs connected to the 
same distribution network. Accordingly, EV charging and discharging 
decisions are based not only on electricity prices but also on mitigating 
network capacity pressures—reducing peak loads on facilities such as 
substations and power lines. Additionally, the statistically similar 
network method is applied using a British low-voltage distribution 
network (shown in Fig. 6) as the input network.

A set of networks are then generated that are statistically similar in 
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both electrical and topological parameters, as well as their internal 
correlations. In addition to using a series of statistically similar net-
works, this study also considers the spatial randomness of EV user ar-
chetypes, PV installation capacities, and non-EV loads (including 
lighting, appliances, and heating/cooling loads) within the network, as 
well as the temporal randomness of loads and outputs across different 
days. Since the focus of this paper is on the impact of various EV 
charging modes on network power flows, flexibility from non-EV loads 
and household storage systems is not considered. The scenarios assume 
100 % EV penetration, corresponding to the UK’s 2050 net-zero goals.

Beyond different charging modes, the study also examines the dif-
ferences in flexibility provision by V-V2V under various household 
charging power ratings (7 kW, 11 kW) and different plug-in habits 
(“graze charge” and “guzzle charge”). For graze charge, it is assumed 
that EV users will plug in when the SOC drops below 75 %, meaning they 
charge whenever the battery SOC is not very high. In contrast, guzzle 
charge assumes EV users only plug in when the SOC falls below 25 %, 
resulting in significantly shorter connection times. The key parameters 
of the EV user archetypes considered in this study, including battery 

size, average annual electricity consumption, average percentage of EV 
potential availability time, and journey features, are listed in Table 1.

Four key metrics are defined to quantify the grid flexibility provision 
benefits of V-V2V: peak flow measurements for substations and power 
lines, annual APV, peak-to-average ratio, and annual electricity cost of 
all users. Peak flow measurements evaluate the impact of V-V2V on 
reducing peak demand across substations and different network levels, 
providing insights into how V-V2V mitigates loading constraints in the 
distribution system. Annual APV, mathematically defined in Section 4.5, 
represents the aggregated present value of asset costs, calculated based 
on the peak flow rate of substations and power lines relative to their 
capacity, offering a measure of the long-term financial and operational 
impact on the grid. Peak-to-average ratio captures the shape and 
smoothness of the load curve, indicating how effectively V-V2V re-
distributes charging demand to balance network utilization. Annual 
electricity cost of all users quantifies the direct financial impact of V- 
V2V on EV owners, highlighting potential cost savings. Together, these 
metrics provide a comprehensive evaluation of V-V2V’s effectiveness in 
reducing network peak flows, increasing headroom capacity for 

Fig. 5. Illustration of the quantification process based on the proposed statistically similar networks method.
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additional EVs, and delivering tangible economic benefits to EV users.

6.2. Charging curve generation for different EV user archetypes in base 
charging mode

In this section, charging curves for different EV user archetypes are 
generated in the base charging mode (Immediate Charge) based on the 
proposed bottom-up high-granularity EV travel and charging patterns 
modeling. Charging power is set to 7 kW and the plug-in pattern follows 

the guzzle pattern (i.e., users charge less frequently, only when the SOC 
is relatively low, aligning with current EV user charging habits). 
Through simulation, Figs. 7–9 illustrate the charging curves for three 
types of EV users: One-EV household with Pro-EV, One-EV household 
with Ret-EV, and Two-EV households.

Specifically, Fig. 7 presents the generated EV charging curves for 
One-EV households with Pro-EV, illustrating the weekly charging pat-
terns on an hourly timescale over several weeks. Each dashed curve in 
Fig. 7 represents the average value for all EVs, assuming the entire 118- 

Fig. 6. Topology of the input network—a British 118-node low-voltage distribution network—used for the statistically similar networks method.

Table 1 
Typical features of various EV user archetypes.

EV user archetypes Battery size Average annual electricity consumption (kWh) Average percentage of EV potential availability time Journey features

One-EV household Ret-EV Medium 1700 80 % Varied trips
One-EV household Pro-EV Medium 2200 50 % No commuting

Two-EV household
Sho-EV Small 2400 80 % No long trips
Fam-EV Large 3100 80 % No commuting

Fig. 7. Generated EV charging curves for one-EV households with Pro-EV, each representing the average for all EVs assuming the community consists of this EV 
user archetype.
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node low-voltage distribution network consists solely of this user 
archetype. Here, the average hourly value, represented by the average of 
these dashed curves, is highlighted in blue, while the maximum hourly 
value curve is highlighted in red. Generally, the peak charging power for 
each weekday occurs around hour 21 or 22, while on weekends it 
typically falls between hours 19 and 23. The peak charging power across 
all days and weeks is approximately 0.83 kW, the highest value shown in 
the figure. It is evident that, compared to the peak power of an indi-
vidual charger (with a rated power of 7 kW), the aggregated peak 
charging power per charger—at 0.83 kW for over a hundred vehicles in 
this distribution network—is significantly lower. However, this value is 
slightly higher than the peak per charger value observed in larger ag-
gregations (tens of thousands or more EVs) on the National Grid, which 
is around 0.5 kW.

Similarly, Fig. 8 presents the generated EV charging curves for One- 
EV households with Ret-EV. The peak charging power for each day oc-
curs between hours 19 and 23, with an overall peak across all days and 
weeks of approximately 0.65 kW, which is 22 % lower than the 0.83 kW 
peak of the Pro-EV. Notably, there are no significant differences between 
weekdays and weekends, as the travel patterns for Ret-EV users remain 
consistent. Fig. 9 shows the generated EV charging curves for Two-EV 
households with Sho-EV and Fam-EV. In this household type, where a 
single charger serves two EVs, the overall peak charging power across all 
days and weeks is approximately 1.14 kW—37 % higher than that of Pro- 
EV households and 75 % higher than Ret-EV households. Notably, the 
peak charging power during weekdays is also much higher than on 
weekends, with a weekend peak of 0.62 kW. The peak charging power 
for each day occurs between hours 19 and 23.

Overall, the peak charging power for One-EV households with Pro- 

EV, One-EV households with Ret-EV, and Two-EV households with Sho- 
EV and Fam-EV is 0.83 kW, 0.65 kW, and 1.14 kW, respectively (rep-
resenting the average per vehicle across approximately one hundred EVs 
aggregated in the 118-node distribution network). This highlights the 
differences in their peak values. Notably, while the total charging de-
mand for Two-EV households (as shown in Table 1) may be 2–3 times 
higher than that of One-EV households, their peak charging power is 
only 1.4–1.8 times higher. This underscores the importance of detailed 
classification of EV user archetypes. Additionally, these households 
typically reach their peak charging power between hours 19 and 23 on 
weekdays, emphasizing the need for effective energy management and 
the importance of exploring new charging modes, which will be 
analyzed in detail in the next section.

6.3. Impact of V-V2V on network flow indicators and electricity costs 
across different charging habits and charger power ratings

This section presents a detailed analysis of the substation power flow 
under different charging modes, showing the weekly values on an hourly 
timescale for various networks. The results for different EV charger 
power ratings (7 kW and 11 kW) and different charging habits (graze 
charge and guzzle charge) are compared. Specifically, three scenarios 
were designed: Scenario I, where the EV charger power is set to 7 kW 
and charging habits follow the guzzle charge pattern; Scenario II, where 
the EV charger power is set to 11 kW with guzzle charge habits; and 
Scenario III, where the charger power is set to 7 kW and charging habits 
follow the graze charge pattern. As expected, higher-rated EV chargers 
allow for faster charging and stronger V2G capabilities, while graze 
charge habits lead to more frequent grid connection hours compared to 

Fig. 8. Generated EV charging curves for one-EV households with Ret-EV, each representing the average for all EVs assuming the community consists of this EV 
user archetype.

Fig. 9. Generated EV charging curves for Two-EV households, each representing the average for all EVs assuming the community consists of this EV user archetype.
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guzzle charge. Results and Impact comparison of different charging 
modes, charging habits, and charger power on network flow indicators 
and electricity costs are illustrated in Table 2 and Figs. 10–12.

In all three scenarios, immediate charge results in the highest peak 
substation flow compared to the other charging modes (Smart Charge, 
V2G, V-V2V). Specifically, both Smart Charge and V2G slightly reduce 
the peak flow relative to Immediate Charge. For example, in Scenario I, 
the peak substation flow decreases from 164 kW to 137 kW with Smart 
Charge and to 135 kW with V2G. Notably, although V2G unlocks 
additional flexibility by allowing EVs to discharge back to the grid, the 
network flow—both the peak flow at substations and power lines, and 
the annual APV, which captures the combined peak flow of substations 
and power lines—does not show a significant reduction compared to 
Smart Charge. In fact, in Scenario III, the peak substation flow increases 
from 137 kW to 146 kW with V2G. This occurs because, without a proper 
mechanism (or when influenced solely by time-of-use pricing), EV users 
tend to leverage V2G primarily for cost-saving arbitrage rather than for 
reducing network peak flows. For example, in Scenario III, V2G reduces 
annual energy costs from £157.4 k to £145.4 k, but this does not 
necessarily help mitigate peak network flow. Instead, it can create new 
peaks during low-price periods (traditionally low-load times), as illus-
trated in Fig. 12, where the peak load in V2G is delayed by several hours 
compared to Smart Charge. While high-price period loads are reduced, 
the delayed peak load is even higher.

Unlike V2G, V-V2V not only allows EVs to discharge back to the grid, 
but also enables virtual energy sharing between EVs through the dis-
tribution network. This includes sharing between home-charged and 
public-charged EVs of the same type, as well as between different types 
of EVs. In this framework, the charging and discharging management of 
EVs is not solely based on individual cost minimization. Instead, it 
considers the collective benefit of all EV users connected to the same 
distribution network while also taking into account network peak flow 
indicators (such as the APV metric used in this study). The goal is to 
optimize overall electricity costs while reducing peak flow, thereby 
potentially alleviating network capacity pressures. As shown in Table 2
and Figs. 10–11, V-V2V achieves the lowest peak substation flow 
compared to the other three charging modes across all scenarios (I, II, 
and III). Correspondingly, it also has the lowest peak-to-average ratios 
and APV values. Additionally, V-V2V significantly reduces electricity 
costs compared to the other charging modes, making it a win-win so-
lution for both EV users and network operators.

Notably, the flexibility improvement brought by V-V2V to the dis-
tribution network—such as reducing peak flow and lowering electricity 
costs—is influenced to varying degrees by charger power ratings and EV 

user charging habits. Charger power ratings have a modest impact on V- 
V2V’s ability to provide flexibility. For example, in Scenario II compared 
to Scenario I, V-V2V shows slight improvements in peak substation flow, 
peak-to-average ratio, and annual APV, indicating better network per-
formance with smaller values. Additionally, there is a small reduction in 
annual electricity costs.

However, the impact of EV user charging habits is much more pro-
nounced. Both Scenario I and Scenario III have the same charger power 
rating of 7 kW, but in Scenario III, EV users follow the graze charge 
habit, where they are more willing to connect to the grid even when the 
SOC is relatively high. Under V-V2V in Scenario III, the substation peak 
flow decreases from 118 kW to 93 kW, a reduction of 21 % compared to 
Scenario I. Furthermore, V-V2V in Scenario III reduces substation peak 
flow by 36 % compared to V2G in the same scenario, where the peak 
flow is 146 kW. As shown in Fig. 12, the peak flow curve under V-V2V in 
Scenario III is much smoother, with no significant spikes, and the peak- 
to-average ratio is reduced to 121 %, demonstrating V-V2V’s excellent 
ability to reduce network peak flow. Moreover, Scenario III also shows 
the greatest reduction in electricity costs. This indicates that in the 
future, as EV user charging habits shift toward graze charge—where 
users frequently connect their EVs to chargers, such as plugging in daily 
after returning home—V-V2V will play a significant role in reducing 
both network peak flow and electricity costs. Even under current EV user 
habits, where users only connect to the grid when SOC falls below a low 
threshold (e.g., 25 %), V-V2V’s flexibility capabilities are still clearly 
demonstrated, as seen in Table 2 and Figs. 10–11.

6.4. Spatio-temporal analysis of V-V2V impact on power line flows across 
different levels of the low-voltage distribution network

The previous section demonstrated the impact of V-V2V on sub-
station peak flow, including a detailed analysis of substation flow on an 
hourly timescale over a week. This sub-section presents a spatio- 
temporal analysis of V-V2V’s impact on peak power line flows across 
different levels of the low-voltage distribution network, examining how 
V-V2V affects power line flows at various network levels. The results are 
presented in Table 3 and Figs. 13–16. Specifically, the average value of 
power line peak flow at different network levels under various charging 
modes is shown in Table 3. First, the impact of different charging modes 
on power line peak flows across the network levels is similar to the 
impact on substation peak flow, as discussed in subsection 6.3. That is, 
Smart Charge and V2G show minimal reduction in peak flow, whereas 
V-V2V has a significant effect across all network levels. For the near- 
substation level (Level 1), V-V2V reduces the average peak flow of 
power lines by 57 %. At the intermediate level (Level 2), the reduction is 
also 57 %, while at the near-terminal user level (Level 3), V-V2V reduces 
peak flow by 55 %. This demonstrates that the flexibility provided by V- 
V2V in reducing power line peak flow is comprehensive, greatly alle-
viating capacity pressures across all parts of the network.

Figs. 13–16 show the average hourly power line flow at each network 
level for a typical day under four charging modes: Immediate Charge, 
Smart Charge, V2G, and V-V2V. It is evident that moving from Imme-
diate Charge to Smart Charge (or V2G), the power line peak flow at 
different network levels decreases slightly. Although V2G shows a 
slightly higher peak flow compared to Smart Charge, this is due to larger 
peaks during low-price hours. V-V2V, without a doubt, results in the 
lowest peak flows. Its hourly power line flow curve is much smoother 
across all network levels, with minimal differences in flow between 
hours and no sharp peaks. Additionally, during high-price hours, a 
valley in power line flow is observed due to coordinated EV discharging. 
Overall, these figures further demonstrate the effectiveness of V-V2V in 
reducing peak flows of power lines across the entire network, regardless 
of their position within the network levels.

Table 2 
Impact of charging modes on network flow indicators and electricity cost.

Scenarios Charging 
mode

Peak 
substation 
flow (kW)

Peak-to- 
average 
ratio (%)

Annual 
APV (k 
£)

Annual 
electricity 
cost (k£)

Scenario 
I

Immediate 
Charge

164 229 % 12.1 163.2

Smart 
Charge

137 192 % 8.5 156.6

V2G 135 188 % 8.8 155.4
V-V2V 118 164 % 5.3 146.3

Scenario 
II

Immediate 
Charge 169 236 % 13.8 164.3

Smart 
Charge

137 192 % 9.4 156.5

V2G 134 188 % 10.2 155.3
V-V2V 110 152 % 5.2 143.9

Scenario 
III

Immediate 
Charge 164 229 % 12.0 164.1

Smart 
Charge 137 192 % 8.5 157.4

V2G 146 201 % 10.7 145.4
V-V2V 93 121 % 2.1 124.5
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7. Conclusions

This paper proposes the V-V2V framework, enabling EVs to share 
energy with each other, whether at public charging stations or home, as 
long as they are connected to the same distribution network. The 
framework eliminates the need for physical proximity and peer-to-peer 
matching seen in traditional V2V, enhancing grid flexibility and 
reducing capacity pressures by harmonizing EV charging with other 
demands and photovoltaic generation. To quantify the benefits of V-V2V 
framework’s flexibility provision in reducing network peak flows, this 
paper implements and enhances the statistically similar networks 
method, where simulations are based on generated networks that share 
similar electrical and topological characteristics, rather than relying on a 
single network. Using graph theory, the method preserves statistical 
similarity in both electrical and topological features, along with their 
internal correlations, ensuring the practicality of the network simula-
tions. To improve flexibility quantification accuracy, this paper 

introduces a bottom-up, high-granularity model of EV travel and plug-
ging patterns that accounts for diverse user archetypes. Monte Carlo 
simulations are employed to provide a detailed analysis of travel and 
charging behaviors by categorizing EV users. The effectiveness of the 
proposed method is tested through numerical results using real-world 
UK distribution networks.

The results show that V-V2V consistently achieves the lowest peak 
substation flow compared to the other three charging modes across all 
scenarios, regardless of charger rated power and charging habits, with 
network peak flow reductions of up to 36 % compared to the non-V-V2V 
case (e.g., V2G charging modes). It also exhibits the lowest peak-to- 
average ratios and asset’s present values, with the latter showing a 
reduction of up to 80 %. Moreover, V-V2V significantly reduces elec-
tricity costs relative to other charging modes, with savings ranging from 
6 % to 14 % compared to the non-V-V2V case, offering a mutually 
beneficial solution for both EV users and network operators. As charging 
habits shift toward “graze charge”, where users frequently connect their 

Fig. 10. Substation power flow comparison for different charging modes in Scenario I.

Fig. 11. Substation power flow comparison for different charging modes in Scenario II.
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EVs to chargers (such as daily plugging in after returning home), V-V2V 
will play an increasingly crucial role in lowering both network peak 
flows and electricity costs. Overall, these results highlight the effec-
tiveness of V-V2V in reducing peak line flows across the entire network, 
regardless of the specific network level.

While this study focuses on validating the V-V2V framework within 
local distribution networks, future research could explore the scalability 
of the proposed method to higher-level power networks for V-V2V 
sharing. Scaling the framework to a broader level would require incor-
porating the spatiotemporal locations of EV users’ trips and accounting 
for charging and V-V2V activities beyond home charging, such as at 
offices, commercial districts, and other public locations. Additionally, 

expanding the framework would require further investigation into the 
modeling of larger networks and their key components, as well as re-
finements to the statistically similar network-based method to better 
accommodate meshed transmission structures. Additionally, future 

Fig. 12. Substation power flow comparison for different charging modes in Scenario III.

Table 3 
Average value of power line peak flow at different network levels under various 
charging modes.

Average value of peak flow of 
power lines at each network level 
(kW)

Immediate 
Charge

Smart 
Charge

V2G V- 
V2V

Near-substation level (level 1) 28.8 25.4 28.4 12.5
Intermediate level (level 2) 16.9 15.7 17.8 7.2
Near-terminal user level (level 3) 10.7 10.3 11.9 4.8

Fig. 13. Average hourly power line flow at each network level for a typical day 
(immediate charge).

Fig. 14. Average hourly power line flow at each network level for a typical day 
(smart charge).

Fig. 15. Average hourly power line flow at each network level for a typical 
day (V2G).
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work will further refine the analysis of V-V2V implementation, partic-
ularly in terms of ensuring sufficient EV energy availability and driving 
safety. This is especially critical as users may have unexpected long- 
distance travel needs, yet their EVs might lack sufficient charge due to 
prior participation in V-V2V energy sharing. Addressing these practical 
concerns will be essential for facilitating the real-world adoption of V- 
V2V, ensuring an effective balance between grid flexibility and indi-
vidual travel needs.
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