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13 ARTICLE INFO ABSTRACT

15 Keywords: The dynamics of electric vehicles (EVs) charging significantly influence the current power system

dynamics. However, with advancements in battery technology and charging infrastructure, EVs
can also serve as energy storage systems through vehicle-to-grid (V2G) technology. This opens up
possibilities for novel approaches, such as a coalition-based V2G-enabled vehicle-to-vehicle (V2V)

16 electric vehicle
17 vehicle-to-grid technology
flexibility provision

18 vehicle-to-vehicle sharing energy and reserve sharing mechanism. Unlike traditional transactive energy models that often
19 coalitional approach under-utilize EVs due to mismatches with smaller renewable outputs and peak loads, the proposed
20 cooperative V2V sharing mechanism aims to maximize the use of EVs’ charging and discharging
21 capabilities. It forms a grand coalition of EV users to optimize energy and reserve market participation.
22 The model introduces mathematical formulations to describe how EVs collaborate in both energy and
23 reserve markets. It ensures fairness and stability in pay allocations among users within the cooperative
framework. The theoretical foundation includes proof of balance in the coalition approach and a two-
24 stage imputation method to achieve fair and optimal payoff distribution. This minimizes incentives
25 for users to defect from the coalition, ensuring stability. To address scalability challenges inherent
26 in coalition formation problems, a decomposition algorithm is proposed. This algorithm enhances
27 efficiency in solving problems that grow exponentially with the number of users. The effectiveness
28 and superiority of this approach are validated through applications to various community energy
systems of different sizes. The proposed plan can increase 22.21% of the total payoff in 10-users case
29 and 22.39% in 30-users case. The computation time scales near-linearly with the number of users,
30 although the computation scales exponentially with it. These demonstrations highlight its capability
31 in modeling and solving complex energy sharing scenarios.
32
33

34 1. Introduction Addressing these challenges of integrating charging sta-

L . . . . . tions has spurred exploration of various solutions in both re-
35 The rise in electric vehicle (EV) adoption, driven by their P P

36 . search societies and practical engineering communities. For
eco-friendly nature [1], has spurred concurrent mass con- fast-charging stations, researchers have proposed methods
gg struction of EV infrastructures [2]. The charging dynamics to coordinate traffic f’low and power usage. These include
of these EVs exert a significant influence on the existing imol . f d charei heduline f
39 power system dynamics due to their unique load charac- implementing commute fees and charging scheduling fees to
manage traffic and mitigate impacts on the power grid [6]-
jg teristics, which are intermittent and distributed [3]. These [7] A% the practical c]o]rimuLitg level efforf)s Iv:]avegfc])cu[se] d
effects manifest primarily in load and voltage concerns. The ' . . . .
42 . . . on slow charging to ease grid strain. An effective strategy
43 increased load from EVs can lead to higher active power s the EV haroi h hich shifts the charei
| d ionin th stine distributi d infras- 1S the smart charging scheme, which shifts the charging
44 osses and congestion 1n the existing distribution grid infras load to off-peak periods, thereby preventing overloads [8].
45 tructure [4], potentially causing equipment degradation and Furthermore. smart char,ging has been shown to synergize
46 failures by overloading transformers or lines. Voltage issues th o . S .
) . . . with photovoltaic (PV) generation by aligning EV charging
47 resulting from EV charging can degrade service quality for . S ;
. . with solar energy availability, thereby reducing the overall
48 end-users [5], causing voltage drops and phase imbalances im FEVi . . . .
L ) . . pacto integration on power grids. For instance, in [9],
49 beyond the grid’s capacity. The severity of these impacts harei h imized load variability i
50 varies based on various factors such as EV adoption rates a smart charging scheme minimized net-loac varlabriity In
: . . .. P ’ residential buildings equipped with PV systems. Similarly,
51 grid configuration, user behavior, and pricing schemes. The [10] assessed the combined hosting capacity of PV and EVs
52 uncertain nature of these impacts places significant pressure . idential 1 | distributi d
53 on power system operations. in a residential low-voltage distribution grid.

54 While smart charging schemes effectively reduce the

55 *This document is the results of the research project funded by the impact of EV integration on power systems, they just rep-
56 National Science and Technology Council (NSTC) of Taiwan with grant resent just the beginning of exploring EV charging and
57  number 112-2221-E-007-023, 112-2622-E-007-026, 112-2927-1-007-505.  discharging behaviours. EVs contribute substantial load to
113-2223-E-007-015, 113-2221-E-007-047-MY2. th t but al . ionifi t tential f

58 *Corresponding author: E-mail address: ccchu@ee.nthu.edu.tw (C. C. e .ps)\_)ver System but also o el: Slgm_ C_an potential for
59 Chu); Co-corresponding: E-mail address: ganw4 @cardiff.ac.uk (W. Gan) flexibility [11]. On one hand, with individual EV battery
60 ORCID(8): capacities now exceeding 100 kWh and advancements in
61 charging technologies, EVs can actively participate in power
62 system operations as effective energy storage units [13],
63

64
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facilitated by vehicle-to-grid (V2G) technology [14; 15]. On
the other hand, from a temporal standpoint, EVs spend a
significant amount of time idle, more than 80 % [12], and can
typically recharge their average daily consumption within 1
to 2 hours using a standard 7 kVA home charger. Therefore,
it is crucial to synchronize the charging and discharging
patterns of EVs with power system operations. This pro-
cess can transform EVs from mere energy consumers into
producers and providers of flexibility, maximizing the value
and potential of EV batteries due to their large capacity and
extended idle periods. This capability significantly bolsters
the resilience and efficiency of power system operations.

More recently, researchers have focused on coordinating
V2G-enabled EVs with power systems, proposing diverse
methods to optimize EV dispatch and harness their V2G
capabilities. In [16] and [17], deep learning techniques have
been introduced to utilize domestic EVs for tasks like peak
shaving, valley filling, and enhancing photovoltaic (PV) self-
consumption. Meanwhile, [18] explored leveraging electric
taxis in large numbers to provide effective load support.
To address transactive energy challenges such as power
imbalances, [19] advocated managing EVs’ charging and
discharging dynamics through multiple aggregators to coor-
dinate their actions effectively. Additionally, to uphold pri-
vacy concerns, [20] proposed a blockchain-based method for
EV dispatching that reduces data overhead and ensures se-
cure content delivery. Although these methods significantly
bolster power system operations by stabilizing frequency
and balancing power, they predominantly prioritize benefits
to the power system and may overlook advantages for EV
users.

In contrast, some researchers focus on studying charging
and discharging strategies through the lens of the energy
market, emphasizing the benefits to EV users. Transactive
energy, including peer-to-peer energy trading, is particu-
larly suited for energy consumers with PV systems or EVs
in community energy setups, enabling each participant to
optimize their gains in a market-driven manner [21]. Nu-
merous studies have contributed to this field, proposing
various modes of transactive energy mechanisms. These
include auction-based methods [22]-[23], bilateral negotia-
tion approaches [24]-[25], and game theory-based strategies
[26]-[27]. Further advancements consider decentralized and
privacy-preserving techniques using the alternating direc-
tion method of multipliers [28] and blockchain technologies
[29]. Additionally, deep reinforcement learning approaches
have been explored to model community energy trading
involving EVs, taking into account uncertainties from dis-
tributed energy resources [30].

Despite these efforts to better serve the interests of
EV users compared to grid-centric energy management ap-
proaches, existing studies on transactive energy and peer-to-
peer trading often do not fully address the specific needs
of EVs. This is primarily because traditional methods like
auctions, price matching, bilateral negotiations, and game
theory do not fully exploit the potential of EVs. Given that
EV batteries can store up to 100 kWh and home chargers

can deliver 7 kW or more, surpassing the peak load and PV
capacities of individual users in community energy systems,
conventional peer-to-peer methods may under-utilize the
flexibility potential of EVs. Thus, there is a pressing need
to develop specialized mechanisms that maximize the value
of EVs as providers of flexibility.

This paper proposes a novel coalitional approach-based
vehicle-to-vehicle (V2V) sharing mechanism tailored for
V2G-enabled EVs. Under this framework, all participants
form a large coalition to exchange energy and reserves,
allowing a single EV owner to provide these services to
multiple neighboring users seeking flexibility. This approach
optimizes the charging power and energy storage capacity of
EVs, particularly leveraging their high charging capabilities.
In summary, this paper makes the following contributions:

1. Proposes a specialized coalitional approach-based
V2G-enabled V2V sharing mechanism designed for
energy and reserve markets. This innovative approach
contrasts with conventional transactive energy meth-
ods that often under-utilize EVs’ robust charging
capabilities and battery capacities when paired with
smaller PV outputs and peak loads. Based on this,
demonstrates a grand coalition of EV users under
this cooperative V2V sharing mechanism, facilitating
effective engagement of EVs in both energy and
reserve markets.

2. Provides theoretical proofs and a solution methodol-
ogy to ensure the existence and achievability of a fair
and stable payoff allocation scheme for all coalition
members within the cooperative V2V sharing frame-
work. Establishes the balance condition required for
the coalitional approach in solving the V2V sharing
problem.

3. Presents a two-stage imputation method to determine
a fair and optimal payoff allocation scheme, minimiz-
ing incentives for coalition members to defect. Then,
introduces a decomposition algorithm to iteratively
solve complex problems that grow exponentially with
the number of users, ensuring efficiency in finding
stable solutions.

These contributions collectively aim to enhance the inte-
gration of EVs into energy systems by maximizing their role
as flexible energy providers, thereby supporting overall grid
stability and efficiency.

The remaining paper is organized as follows. Sec. II
will describe the coalitional approach for cooperative V2V
sharing. The payoff allocation for cooperative V2V sharing
will be addressed in Sec. III. The solution algorithm of im-
putation determination will be stated in Sec. IV. Numerical
studies will be presented in Sec. V. Finally, some conclusions
are made in Sec. VL.

2. Coalitional-based cooperative V2V sharing

In this section, the cooperative V2V sharing among a
coalition is modeled. The users play both consumer and
prosumer roles in the energy and reserve trading according
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Figure 1: The trading mechanism between users and power system.

to the price of buying and selling energy and reserve. More-
over, the charging and discharging dynamic model of EVs
which considers the power reserve is proposed in this section
to meet the reserve requirement and maximize the payoff of
users in the reserve market.

2.1. Framework of cooperative V2V sharing

In a modern residential community, the household micro-
grid (MG) consists of residential loads, household gener-
ation like PV systems, and EVs which can act as either
uncertain loads or energy storage systems. Users can opti-
mize their benefits by adjusting power consumption plans,
including intra-household power and reserve sharing, as
depicted in Fig. 1. Typically, EVs function as loads, but
advancements in charging station technology enable them
to discharge and provide Vehicle-to-Grid (V2G) services
when necessary for urgent power supply needs from users
or the power grid. PV systems, as uncontrollable generators,
primarily supply electricity to their owners, with surplus
electricity sold to the grid at lower prices during periods of
excess generation. Each household user is solely responsible
for their profits or losses, and the flexibility of EVs is often
underutilized under these conditions.

To fully leverage the flexibility of EVs, an energy coor-
dinator is introduced to manage energy distribution within
the household MG. Users can achieve higher profits by
operating as a unified coalition. For instance, EVs typically
arrive during peak customer power consumption times when
electricity prices are highest. By utilizing surplus energy
from EVs during peak periods, users can significantly re-
duce EV charging costs. The energy coordinator engages
in trading with both the power grid and users to maximize
user benefits while meeting grid backup requirements. This
Peer-to-Peer (P2P) trading mode consolidates all users into a
cohesive group, enhancing profitability. In this framework,
each user c, belongs to a grand coalition C, where every
member (¢ € C := {1,2,...,1}) cooperates. Additionally,

subsets S’ can form within grand coalition C, comprising
various smaller coalitions of users from C (thus .S C C).

2.2. Objective function of V2V sharing coalition

The energy coordinator’s objective is to maximize the
payoff for each user. This translates to maximizing the total
benefits of users before the second round of payoff distri-
bution. If a user chooses not to participate in the coalition
S, the payoff of this user remains a fixed value. Therefore,
the objective of the energy coordinator can be reconverted
to maximize the total payoff of users within coalition S. The
objective function O(SS) : 2R 5 R of coalition .S can be
expressed as follows:

O(S) = max R® )]

where RS represents the total payoff for users in coalition .S,
and 2€ denotes the power set of coalition S within the grand
coalition C.

The total payoff function RS comprises several com-
ponents, including electricity load revenue for users and
electricity costs:

S _ cl r
RE=YYUd->F+)F 2)
€S t t 1
Here:
1. Uf[’ denotes the revenue from electricity consumption
for user i at time ¢, defined as:

2
I _ el i i I .
vl = x'pLd-p (PLY) ViesvieT @)

2. F, represents the electricity costs incurred by users at
each time interval:

buy _b
F=Y (e -pizt) vieT @
ieS
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3. F/ accounts for users’ payoffs from participating in
the reserve market:

Fr = 2 <r§ell+zrs+ + r;ell—zrs—>

t it t it t
ieS

— 2 < buy+ rb+ + rbuy ;b—) vieT
iesS

&)

The quadratic term in U"l is linearized using piece-wise
linear methods [7]. This mvolves dividing the function into
(H — 1) segments with H points, ensuring each segment is
linear:

Uf,i=§‘,( W U, ) ®)

h=1

H

i
PLe =Y (wyn- PLY,) )

h=1

where w; , , are weighting coefficients satisfying ZZI w
land 0 < w;,, < 1. The selection of segments is deter-

mined by binary variables an; , ,, ensuring the constraints:

H-1

Z an; p =1,

=1

an;, , € {0,1} (3)

>

wl-yt,h_'_l S ani’,,h + ani’,’h_'_l, Vh = 2, ey H -2 (9)

Wi 2an, 1, Wi g S an, g (10)

(8) guarantees only one segment can be selected, (9) and (10)
restrict that the selection of w;; ;; is within the ends of this
segment. These formulations ensure efficient linearization of

2
the quadratic term g/ (PLfi) within U¢!, optimizing the

calculation process while maintaining accuracy.

2.3. Charging and discharging dynamics of EVs in
V2V sharing

After arriving home, EVs can be connected to charg-
ing stations, allowing the control center to schedule opti-
mal charging and discharging plans to maximize revenue.
EVs are capable of providing V2G services by discharging
electricity back to the power system when necessary. This
capability transforms EVs into flexible and reliable power
sources while they are parked at home. The dynamics of EVs
considering their charging and discharging actions within
the residence are described by equations (11)-(17):

t
1 ch , 1 dis>
— E nP> + =P At,
E; ,X:1< Ms oo Ms (11

Vi, € [l’ti,dep] U (ti,arr’T]

S0C;, = SOC;| +

ith =

soc,  =S0C,, -ASOC, VieC (12)

SOCy;, £S0C;, < 50C

min = max?

13
vieC,vte [t dep] U (a0 T (13)

1 1 dis
S0C;; = SOC, , + & <nPif{1 + ZPSF) At (14)
1

h h .
0< Pft <P, VieS, VteT (15)
0<Pi<pls  vies, VteT (16)
PEV P°h PYs vies, VieT 17

it
Here:

1. SOC;, denotes the State of Charge (SOC) of the
ith EV at time ¢, accumulated from the initial SOC
SOC; ; in equation (11).

2. P and Pdlb represent the active power for charging
and dlscharglng at time # respectively.

3. 1j gep and 1; 5, represent the departure time and arrival
time of the ith EV respectively.

4. n is the charging/discharging efficiency coefficient of
the EV battery.

5. E,; denotes the rated battery capacity of the ith EV.

It is worthy of mentioning that equations (12)-(16)
impose constraints on SOC levels, continuity of charg-
ing/discharging schedules, and limits on active power based
on the maximum and minimum values. On the other hand,
the interaction between EVs and the power grid is directly
captured by equation (17), ensuring that at any given time
1, either P! or P& must be zero, reflecting the physical
hmltatlons of EV operatlons

Conventionally, the power system mandates that renew-
able energy and MGs must provide power reserves to stabi-
lize fluctuations and support the grid during faults. These re-
serves are categorized into three types based on time scales:
primary reserve (within 30 seconds), secondary reserve (be-
tween 10-15 minutes), and tertiary reserve (up to hourly
scale) [37]. With the introduction of energy coordinators and
the increasing adoption of EVs, households with EVs have
the potential to act as reserve suppliers due to EVs’ rapid
charging/discharging capabilities. The battery capacity and
flexible power management of EVs enable them to function
as viable energy storage systems participating in reserve
markets.

In recent years, several European countries have estab-
lished reserve markets coordinated with transmission system
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operators [38]. In this study, the power system requires
households to provide reserves for their loads and PV gen-
eration, corresponding to daily demand and PV output.
Additionally, the power system acts as a buyer, purchasing
excess reserves from households. Another advantage of EV
participation in reserve markets is their ability to supply both
upward and downward reserves simultaneously. The reserve
market model is structured as follows:

+ _ ch _ _ret
Fia =Tip = Vg

VieS, VteT (18)

— _ . dis re—
ri,t - ri,t ri,t >

vieS, ViteT (19)

ret=af PLS +a}, PLY, VieS, VieT (20)
M =ay PLY, +ap, PLY, VieS, VieT (1)
h h h
PC + rlct - Prftax’
Pdls + rdls < Pdls (22)

max’

ViesS, Vi€ [l )V (tiuT]

rh=0, K8=0, VieS, Vi€ (fgeptian] 23)

it it

50C,, - E, + <P;§1 + r,?};) At < SOCy - By )
VieS, Vi€ |1t U (tiamT]

L ( pdis , i
SOCyn £ S SOC, - ;= (Pl ) 05
VieS, Vi€ Lt U (tiamT]

Here:

1. r . and r;, denote the upward and downward reserves
that each user can supply; users must purchase re-
serves if these values are negative.

2. r ’” and 7%~ represent the upward and downward re-
serves that users are required to supply based on their
daily load and PV generation described by equations
(20) and (21) respectively.

3. a coefficients (al+, a, a;v, a5,,) are used to calculate
the required reserves.

4. r and r‘]lls represent the reserves provided by EVs.
These reserves are regulated by equation (22) to en-
sure that EV charging and discharging stay within
acceptable limits for the subsequent interval.

ﬁ\/s are charging

\

[Upwards reserve range|

P
100%SOC [ ======- B —mmmmm o
Chargeable Chargeable
energy power
Current |\ . ____" = ===--
soc (o mm===-
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energy power
0%SoC | ______.. B --____.
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Figure 2: Possible upwards/downwards reserve

5. PPV represents the active power output produced by

the PV system, while PEV denotes the active power
consumed by the EV load

Fig. 2 depicts the constraints on the reserves that each user
can utilize. The range of reserves that each EV can provide
is limited by its current charging/discharging power, the
SOC of its battery, and the maximum charging/discharging
power. Consequently, under these conditions, equation (23)
guarantees that EVs do not charge or discharge while they
are away from the residence. Additionally, equations (24)
and (25) ensure that the SOC of EV batteries remains within
optimal ranges for future intervals.

2.4. Load dynamic of users

The constraints governing the total load of each user
are detailed in this subsection. For each household, the
daily load comprises of the combined contributions from PV
generation and EV dynamics. Based on this total load, users
devise their plans for purchasing and selling electricity. The
daily load of each user falls within a specified range, with
lower and upper bounds determined by empirical values of
rated daily load.

VieS, VieT (26)

Prmin

1 1 1
PLfJr < PL?,: < pmaxPLftr,
Here, p,;, and p,,.. denote the lower and upper coefficients
defining the range of daily load. PLClr represents the rated
daily load. The total load can then be expressed as:

1 EV _ pPV
PL{, =PL; + P, - P,

it

vieS, vteT (27)

Under this framework, EVs can operate in one of the
following two modes when connected to the charging sta-
tion: (i) charging mode, where they act as a load; and (ii)
discharging mode, where they can function as a power source
to support the user’s daily load.
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2.5. Reserve and electricity sharing

As previously mentioned, each user has the option to
either buy or sell electricity and reserves within a specified
time interval. This process can be represented by the follow-
ing constraints (28)-(30):

b
= prell = Z PL, VteT (28)
ieS

rfe”+ - rf”y+ = Z r?:t VieT (29)
ieS

rfe”_ - rf"y_ = Z r, VteT (30)
ieS

Under the coordination of a central entity, all users within the
coalition S can engage in trading electricity and reserves as
a unified entity. Users can exchange electricity or reserves
amongst themselves, reducing the overall cost of procuring
electricity and reserves from the central power system.

3. Payoff allocation for cooperative V2V
sharing

In this section, payoff allocation for cooperative V2V
sharing will be addressed. First, theoretical proof of the ap-
propriateness of the coalitional approach will be discussed.
Then, a formulation of two-stage imputation problem will be
presented.

3.1. Theoretical proof of the appropriateness of
the coalitional approach

In the previous section, we have introduced the cooper-
ative payoff for all users in coalition .S. The total payoff for
users in the grand coalition can be computed similarly. This
subsection aims to demonstrate that the maximum payoff
for all users occurs when every user participates in a single
coalition (the grand coalition). Subsequently, it will address
the allocation problem of distributing the payoff among
individual users.

Definition 1. (Imputation) Define the payoff of the user
when they all participate in the grand coalition C is denoted
as b. Therefore, the payoff of each user can be expressed as a
vector b. b is called an imputation if the following conditions
are held:

e FEfficiency: If the total payoff of the grand coalition
satisfies the relationship Y, b; = O(C), then the
payoff allocation b is efficiency. In this condition, all
the payoff is allocated to the users.

e [ndividual Rationality: The payoff of each user under
the condition of participating in the grand coalition
should be no less than trading with the power system
individually b; > O({i}) Vi € C. Under this cir-
cumstance, each user will prefer to stay in the grand
coalition rather than leave.

Note that the above two criteria ensure that each user can
achieve greater payoff by not acting individually, yet they
still have the option to join other coalitions .S to potentially
increase their payoff. Therefore, the following definitions are
introduced.

Definition 2. (Excess) Define the total payoff of users in
coalition S when every user consists of a grand coalition
C as o(S), and it has o(S) = ZieS b;. And the gap between

0(S) and O(S) is defined as the excess € of coalition S.
e(S) = 0(S) — o(S) 31

The excess € denotes the satisfaction of users willing to join
the grand coalition C. The higher value of the £(.5) means
that users are more likely to consist of a smaller coalition .§
to obtain more benefit.

Definition 3. (Core) If a set of payoff b can guarantee each
user are more willing to participate in the grand coalition ¢
(obtain the maximum payoff), this set of payoff b is defined
as core. Core should meet the following equation:

beY, whereY ={b|e(S)<0, VS}  (32)

For the core b, the excess of every smaller coalition should
be no more than 0.

Definition 4. (Balanced Game) If the core b exists in the

grand coalition, Then the following balanced game holds
[39],[40]:

Y 1($)0(S) < 0(C) (33)
se2¢
where y(S) 2€ = [0,1] is the balanced map and is

obtained by the following equation:

Y S =1 vieC (34)
Sea2C

where If is a binary variable. If the value is 1, the i-th user
belongs to coalition S; if not, the value is 0. It should be
noted that this balanced game is a cooperative game.

After introducing several notations, the following theo-
rem shows that the cooperative game is indeed balanced.

Theorem 1. The cooperative game is balanced and stable.

Before proving the above main theorem, some lemmas
will be stated first.

Lemma 1. The objective function of coalition described by
(1) is a linear problem. Therefore, a - O(S) = O(asS)

Lemma 2. The objective of the energy coordinator is max-
imizing the payoff of each user which can be expressed as
(1), and (1) is equal to O(S) = —min (—RS). Since —RS is
a convex problem, we have:

min (—R51+SZ) < min (—Rsl) + min (—RSZ) 35)

J. Wen et al.: Preprint submitted to Elsevier
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where S| and S| are two non-overlapping coalitions belong-
ing to the grand coalition. Moreover, by using (1), we have

O(S;+5,)=0(S))+0(S,) (36)

Proof of Theorem 1: By employing the above two lemmas,
the left side of (33) can be re-written as:

Y a$)0(S) = Y va(S)-S) < 0( D a(S)-S)

5e2¢ se2¢ =S
(37)

Meanwhile, the right side of (37) can be derived as:

0< > a(S)-S) <Z a(s) - 215{1}>

5e2¢ =S

- o(Z Z a(S)IiS{i}> = O<Z{i}> = 0(C)

n §e2¢

(38)

By combining (37) and (38) together, the cooperative
game described by (33) is shown to be balanced and stable
as stated in [41].

3.2. Formulation of two-stage imputation problem

In the previous subsection, it has been established that
the maximum payoff for every user is achieved only when
participating in the grand coalition. The next step involves
determining the allocation that minimizes the highest excess.
Given a specific set b, we can identify the coalition with the
highest excess which is referred to as the worst coalition.

To address this issue, a two-stage optimization problem
is formulated to determine the allocation of payoffs:

m1n max ( Z q; ,) (39
ieC

where q is a binary variable indicating whether each user i
belongs to the coalition with the highest excess.

In the first stage, the vector b is adjusted to minimize
the excess in the second stage. The objective function R
and its constraints are based on the household MG model
introduced in sec. 2. It is worthy of mentioning that R here
also represents the total payoff of these users who tend to
form a sub-coalition, which is the same as RS. However, the
components of the sub-coalition will change under different
imputations. Therefore, R is used to represent the total
revenue of any sub-alliance. An additional constraint (40)
is included to ensure the efficiency of b, and the variables
in (39) are expressed as (41)-(47). To handle the nonlinear
terms in (41) and (45)-(47), binary variables q are introduced
in (39), and these are linearized using the big-M method.
Constraints (65)-(72) represent the linearized forms where
kll " k:2 B k? B k4 replace the original nonlinear terms, ensur-
ing the entire problem remains within the framework of the
grand coalition C.

Y b;=0(C),0; 20 (40)

R=) Y qUil-Y F+ ) F 41
t t

ieC t

2
Ul =4l pLY - g (PL) VieCwieT (@2)

F Z( buy bu)’ _ ;‘ell Se”)VteT (43)
ieC

Ftr — Z (r;s,(;ll+z:s+ + i7t;vell—2;'s—>

iec 44)
_ 2 ( buy+ rb+ :Jt:y— zﬁb ) VieT
ieC
buy sell Z qPL;, VteT (45)
ieC
r;vell+ _ ri’”y"' — Z qir:—t VieT (46)
ieC
_ buy— -

ieC
Compared to the objective function (1) described in Sec. 2,
the binary variable g; is introduced in the current objective
function (39) to capture the worst coalition. It should be no-
ticed that every constraint in this two-stage problem is under

the grand coalition C. Therefore, the remaining constraints
can be re-written as:

PminPLET < PLE < p,  PLET Vie C,VteT (48)

PL:, =PL + PEV — PRV vieC,VieT (49)

SOCi,I = SOCl,l +

t
1 ch 1 dis)
— nP + =P At
E; tsz:‘l ( Ms g s (50)

Vi e C,Vl‘s c [Lt,‘,dep] U (ti,arr’T]

soC, =S0C,

iarr 1; .dep

- ASOC, VieC 51

SOCi, £ S0C;, <.50C

min = max

52
VieC,vte [1,t,.,dep] U (40 T 62

1 h 1 opdi
SOC;; =S0C, +— |nP +-P° ) At
i1 ti,T Ei <7’] i1 n i1 > (53)

VieC
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O<PT<Ph, VieC, VieT (54)
0<PI <P, vieC, VieT (55)
PV =P} -P¥, VieC, VieT (56)
rf=rh—rtt, VieC, VieT (57)
ro=ris e vieC, VteT (58)

it it it

Pt =af PLY +a}, PLY, VieC, VieT (59)
- l PV :
rlrel =aq, PLC tap, B0, VieC, VieT (60)

Pch +rch < PIC:l’PFlli +rd1§ < Pdl§ (6])
VieC, Vi€ |litg|ul(t ,-,m,T]

h _ d _
| =0, r;=0 62)
VieC, Vte (ti,dep ti,arr]

S0C,, - E; +u (PCh + rCh) A< S0Cyg B

VieC, Vi€ |[Litgep|U(tiw T]

i,arr °

1 . .
S0C,,, - E; <S0C;; - E; - ; (Pzdtlg + rgll‘s) At (64)
VieC, Vte|[Litgep|U(tiu T]
Note that constraints (48)-(64) are the linear constraints,
while constraint (41) and constraints (45)-(47) contain the
nonlinear items. For constraint (41), the first item of the
right side of the equation is a binary variable multiple with
a continuous variable, and this variable contains quadratic
terms. Therefore, the continuous variable U, Cl should be
linearized first by (6)-(10), then applied w1th the big M
method as described by (65)-(66) [42]. The right side of
these constraints (45)-(47) can also implement with big M
method to complete the linearization as shown in constraints
(67)-(72) below:

1 )
_Ml(] _ql) < k - Ulct < Ml(] _qi) (65)
VieC, VYteT

-M, <kl,<M, VieC, VteT (66)

—~My(1 - q) <kj, — PL?, < My(1 - g;)

(67)
VieC, VieT

-M, <k, <M, VieC, VteT (68)

3

-M3(1—-g;) < ki,, - r:'t <M;(1—gq;) 69)
VieC, VteT

-M;<k, <M; VieC, VteT (70)

-My(1-g;) < ki, - r;, <M1 -gqg;) an
VieC, VieT

~M,<ki, <M, VieC, VteT (72)

where M-M, are big enough numbers, kl.1 t-k;‘ , are equal to
I + - : :
U,Ct’ q; P Li t”qiri, o ar;, .respectwe'ly. They can subst1t'ute
the origin nonlinear items in constraint (41) and constraints
(45)-(47). It should be noted that in constraints (25)-(28),

Ufﬁ is a linear continuous variable.

4. Solution techniques of imputation
determination

In Sec. 3, the cooperative and allocation problem is
converted as a two-stage optimization problem. In this sec-
tion, a solution technique based on the column constraints
generation algorithm is implemented to solve this problem
[43]. The master problem aims at minimizing the excess of
the worst case obtained by the sub-problem, while the sub-
problem will search for the worst case with the imputation
obtained by the master problem in each iteration. Technical
details of both the master problem and the sub-problem will
be described as follows.

4.1. Master problem
The master problem can be established as follows:

J. Wen et al.: Preprint submitted to Elsevier

min ¢ (73)
st.p> R, - g b, Vme M, and (74)
ieC
D b;=0(C), b; >0 (75)
i
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The master problem aims at minimizing the excess of the
worst case obtained by the sub-problem. ¢ is an auxiliary
variable to guarantee the latest imputation b; can cover all the
worst cases obtained by the sub-problem. M represents the
aggregation of the worst cases in the previous iterations. The
right side of (74) denotes the excess of the worst case, and
after each iteration, a new worst case as well as its constraint
(74) is appended to the master problem. Constraint (75)
ensures the efficiency of the updated imputation.

4.2. Sub-problem

The objective of each sub-problem is to search for the
worst case with the imputation obtained by the master prob-
lem in each iteration. The sub-problem is set as (76)-(77):

ieC

max (R -y q,.b,.'> (76)

s.t. (48) — (72) (17

where b7 is the imputation obtained by the master problem
in this iteration. Through the sub-problem, the users who
are dissatisfied with the current allocation plan b can be
obtained, which is represented by g;.

4.3. Solution algorithm
The solution algorithm of this two-stage algorithm can
be outlined as follows:

(1) Initialize all parameters, set m as 0.

(2) Set all elements in ql.*o as 1, calculate the total payoff of
the grand coalition. ’

(3) Make an initial imputation b; by solving the master
problem. Here the total payoff can be allocated to each
user randomly. In this step, (74) is not included yet.

(4) Update the imputation b; ,, (the first is b; () to the sub-
problem to search for the worst case (g; ,,+) with the
updated imputation. Set m = m + 1.

(5) Update the worst case g; ,, to the master problem, and
obtain a new imputation b, ,,.

(6) Go back to Step (4) to obtain a new worst case with g; .
If the g; ,, remains stable and all users participate in the
grand coalition, the best imputation b, ,, is achieved. If
not, go to Step (5) and continue iteration.

The flowchart of the solution process is shown in Fig. 3.

5. Numerical validations

The proposed optimization model is applied to various
residential communities to assess its effectiveness. The elec-
tricity pricing follows a tiered structure: 32.094¢/kWh from
5 p.m. to 10 p.m., and 16.723¢/kWh during all other time
periods. The selling price of electricity from users to the
power system is set at one-third of the purchasing price.

Initial the parameters, set m = 0

!
Set q; o = 1, calculate an initial imputation b;
!
— Update b; ,, to the sub-problem, calculate q; ;41
1!

Setm=m+1

— Update q; ,,, to the master-problem, calculate b; ,,

!

Obtain the final imputation

End

Figure 3: Flowchart of the solution algorithm.

Similarly, the pricing for purchasing and selling reserves
mirrors that of electricity.

The charging and discharging efficiency of EVs are both
assumed to be 0.95. 40% users possess EVs and 60% users
are implemented with PV. Initially, a random distribution of
EVs and PVs is carried out to ensure the model’s general
applicability. In this setup, users may have both an EV and
PV system installed at their residence. The capacity of each
EV is a random value between 40 and 80, and the max
charging/discharging power is set as 7 KW. The arrival time
and the departure time of these EVs are obtained through
the empirical probability density function (PDF) sampling.
Each day is divided into 24 one-hour time intervals.

5.1. A small-scale V2V sharing residential
community

Initially, a small-scale residential community with 10
users is utilized to validate the efficiency of the proposed
optimization strategy under the supervision of a power co-
ordinator. Fig. 4 illustrates the payoff allocation for each
user trading individually with the power system compared to
their participation in the grand coalition. The results clearly
demonstrate that each user achieves higher payoff when
part of the grand coalition. This improvement is facilitated
through coordinated actions as follows:

(1) During several time intervals, the output power from PV
exceeds the users’ electricity demand as shown in Fig. 5,
notably peaking between 10 a.m. and 4 p.m.. Users
with PV systems can directly sell surplus electricity to
those without PV systems if they are part of the grand
coalition. In contrast, trading individually would force
them to sell surplus electricity to the power system at

J. Wen et al.: Preprint submitted to Elsevier
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Figure 4: Payoff of user trade individually and jointly (10
users).

(@)

3)

a significantly lower price than the purchasing price of
electricity.

Between 5 p.m. and 10 p.m., electricity prices reach
their peak, coinciding with peak domestic electricity
consumption when people return home. Users with EVs
can optimize their electricity usage by utilizing EV bat-
tery power during this period and charge the EVs during
off-peak hours when prices are lower. Typically, an EV’s
battery capacity can sufficiently supply a user for an
extended period, allowing surplus electricity from EVs
to be shared with users without EVs within the grand
coalition. This peer-to-peer electricity trade can increase
overall payoff. Fig. 6 illustrates the total discharging
power of EVs engaged in V2G scenarios under both
individual trading and within a grand coalition. Users
benefit from using cheaper electricity from EVs between
5 p.m. and 10 p.m., and those with EVs also gain
revenue by selling electricity during this peak-priced
period. The assumption is that EV batteries can recharge
after 10 p.m., leveraging lower electricity prices more
cost-effectively. Then after 10 p.m., EVs are charging
immediately when the electricity price decreases to the
off-peak value, which can illustrated in Fig. 7. EVs take
full advantage of the off-peak price period to save the
total cost with our plan being implemented.

Each user must provide reserve capacity related to their
load and PV generation. Users with EVs can supply both
upward and downward reserves, akin to energy storage
systems. However, users without EVs must purchase
reserves from the power system if they opt for individual
trading. Thus, participating in a coalition for reserve
trading ensures higher revenue. Fig. 8 and Fig. 9 depict
the total upward and downward reserves supplied by all
users within the grand coalition, respectively. It should
be noted that forming a grand coalition may reduce the
total reserves supplied compared to individual trading
scenarios. However, the total cost or payoff related to
reserves in a coalition may not necessarily be lower, as
users with EVs absorb reserves that users without EVs
would otherwise need to purchase.

Load/PV power(KWh)
N

123456 7 8 91011121314 151617 18 1920 21 22 23 24
Time interval (h)

—e—Load —e—PV

Figure 5: Power output of PV and load (10 users).

= = ) N
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Discharging power(KWh)

o

1234 56 7 8 9 10111213 14 15 16 17 18 19 20 21 22 23 24
Time interval (h)

—&—-Coalition =—e=Individual

Figure 6: Total V2G power of EVs with/without coalition
approach (10 users).

30

25

Charging power(KWh)

123 456 7 8 91011121314 1516 17 18 19 20 21 22 23 24

Time interval (h)

—m—Coalition —e—Individual

Figure 7: Total charging power of EVs with/without coalition
approach (10 users).

To validate the effectiveness of the proposed cooperative
allocation model, a comparison of four scenarios is estab-
lished:

e sc(i): Each user trades individually with the power
system without considering reserve requirements.

e sc(ii): Each user trades as a grand coalition with the
power system without considering reserve require-
ments.

e sc(iii): Each user trades individually with the power
system, considering reserve requirements.

e sc(iv): Each user trades as a grand coalition with the
power system, considering reserve requirements.

J. Wen et al.: Preprint submitted to Elsevier
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Upward reserve(KWh)
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Figure 8: Total upward reserve with/without coalition ap-
proach (10 users).
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Figure 9: Total downward reserve with/without coalition
approach (10 users).

The model proposed in this study corresponds to sce-
nario sc(iv). Table 1 illustrates the total payoff for all users
in these scenarios. It shows that whether or not reserve
requirements are considered, the total revenue for all users
is higher when they form a grand coalition. Additionally,
even though some users may not individually meet reserve
requirements, the collective approach of the grand coalition
can still generate higher revenue from reserves.

Table 1
Total payoff for all users in four scenarios
item sc (i) sc (ii) sc (iii) sc (iv)

Total payoff ($)  14323.58 15713.32 14213.42 17370.36

Electricity cost($) 9709.96 8320.23 10609.04  9045.93
Revenue($) 24033.54 24033.55 24034.54 24034.55
Reserve payoff($) 0 0 787.92 2381.74

The iterative process is depicted in Table 2. gq; =
{c1, ¢y, . c19} shows whether each user is willing to join
the grand coalition under the payoff allocation plan in the
i — th iteration. Initially, at the start of the solution process,
the payoff is evenly distributed among all users as the
initialization of the imputation. Subsequently, using this
initial imputation, the sub-problem identifies the maximum
excess and determines the corresponding ¢;, as shown in
the second row of Table 2. Upon updating g;  in the master
problem, the solution process continues by searching for

another imputation and iterates according to the procedure
outlined in Sec. 4.3 until achieving the optimal imputation.

Table 2
The iteration process of g;.

Iteration ¢, ¢, ¢ ¢4 €5 ¢ € €5 €y Cp
1 o o 1 1 0 1 0 1 0 O
2 1 1 0 1 1 1 1 1 1 1
3 1 1 1 0 1 1 1 1 1 1
4 1 1 1 1 1 1 1 0 1 1
5 1 1 1 1 1 0 1 1 1 1
6 1 1 0 0 0 1 1 1 1 1
7 6o 1 o0 o 1 1 1 1 1 1
8 1 1 0 0 1 1 1 1 1 0
9 1 0 0 0 1 1 1 1 1 1
10 11 o o0 1 1 1 1 0 1
11 1 1 0 0 1 1 0 1 1 1
12 o 0 o o 0o 0 O O o0 O

5.2. A large-scale V2V sharing residential
community

To demonstrate the applicability of the proposed coop-
erative allocation model in a larger-scale residential com-
munity, the optimal imputation is presented in Fig. 10. It
shows that each user achieves significantly higher payoffs
when they participate in a grand coalition. When users trade
individually with the power system, those with EVs tend to
refrain from supplying V2G services, as indicated by the
orange line in Fig. 11, but they contribute more to reserves,
as shown by these orange lines in Fig. 13 and Fig. 14.
Conversely, users with EVs actively participate in V2G
systems to take advantage of the flexibility in charging and
discharging their EVs. This engagement can be illustrated
by these blue lines in Fig. 11 and Fig. 12. As a result, these
users contribute less to the reserve supply, as shown by these
blue lines in Fig. 13 and Fig. 14.

Fig. 15 depicts the total load trading dynamics between
users and the power system. A notable distinction between
individual and coalition-based load trading is evident from
6 p.m. to 10 p.m., corresponding to peak electricity prices.
During this period, users opt to utilize their EVs as their
primary energy source instead of selling reserves to the
power system. Notably, within the grand coalition, the total
user load peaks between 11 p.m. and 1 a.m. the following
day. This observation underscores the effectiveness of the
proposed cooperative allocation model in efficiently coordi-
nating user behaviors.

5.3. Computational performance under various
scales of residential communities

Finally, the iteration of the excess in this case is de-
picted in Fig. 16, demonstrating the method’s convergence.
Additionally, the simulation time is illustrated in Fig. 17.
The computational complexity increases exponentially with
the number of users. In greater detail, without the proposed
method, the relationship between computation burden and

J. Wen et al.: Preprint submitted to Elsevier
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Figure 10: Payoff of user trade individually and jointly (30
users).
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Figure 11: Total V2G power of EVs with/without coalition
approach (30 users).

the number of users is given by f(CB) ~ 2C, where
f(CB) represents the computation burden. Fig. 17 shows
the complexity as the common logarithm of the computation
burden. Since the computation time increases near-linearly,
this result highlights the method’s efficient convergence rate
and computation time.

6. Conclusion

This study introduces a novel coalitional mechanism for
V2G-enabled V2V sharing in energy and reserve markets.
The cooperative V2V sharing approach consolidates EV
users into a grand coalition to maximize the utilization of
EVs’ substantial charging and discharging capabilities. The
modeling of V2V sharing is provided, detailing how EVs
collaboratively engage in both energy and reserve markets
through mathematical formulations. The study offers the-
oretical proofs and a solution methodology to establish a
fair and stable pay allocation scheme within this cooperative
framework. The feasibility of the coalitional approach is
initially validated theoretically. Subsequently, a two-stage
imputation problem is formulated to achieve an equitable
and optimal payoff allocation. A decomposition algorithm
is proposed to efficiently solve the exponentially growing
problems associated with increasing numbers of users.

Comparing the total payoff between users trading in-
dividually with the power system and those in a grand
coalition, the proposed method shows a significant increase

Charding power(KWh)
IS

40 123 456 7 8 910111213 14151617 18 19 20 21 22 23 24
Time interval (h)

—&—Coalition =—e—Individual

Figure 12: Total charging power of EVs with/without coalition
approach (30 users).
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Figure 13: Total upward reserve with/without coalition ap-
proach (30 users).
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Figure 14: Total downward reserve with/without coalition
approach (30 users).

in total payoff: a 22.21% increase for 10 users and a 22.39%
increase for 30 users. In the case of 10 users, the pro-
posed method also achieves a 14.73% reduction in total
electricity costs and a remarkable 202.28% improvement in
total reserve payoff. These results underscore the method’s
capability to fully leverage users’ potential in power re-
serve management. Furthermore, the solution time of the
proposed method scales near-linearly despite the system’s
complexity growing exponentially with the number of users.
This highlights the efficient performance of the proposed
method in delivering satisfactory solutions. In future work,
we will investigate the dynamic interactions between the
residential electric network and the power system. Our goal
is to develop a more detailed model that accurately reflects
the dynamics of this coupled system.

J. Wen et al.: Preprint submitted to Elsevier
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Figure 15: Total load of users with/without coalition approach
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