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Abstract—The difficulty in capital recovery for distributed re-
newable energy operators (DREQOs) and the high charging costs
at electric vehicle charging stations (EVCSs) have long been sig-
nificant challenges in power systems. Collaborative operation of
DREOs and EVCSs can effectively address these challenges, yet
few studies have approached incentivizing collaboration from
the perspective of profit allocation. Therefore, this paper pro-
poses a fair and efficient profit allocation method. Incorporat-
ing the Gauss-Legendre quadrature formula into the Aumann-
Shapley value (GL-AS) method enables efficient calculation of
the profit allocation of cooperative members. However, existing
literature only discusses the profit allocation method of conven-
tional power generation units, limiting its applicability. This pa-
per addresses the problem of energy storage system (ESS)
switching between charging and discharging in any time inter-
val and the time-varying problem of renewable energy power
output, thereby ensuring the efficiency of the solution process.
Furthermore, a novel profit allocation adjustment model is pro-
vided through the adoption of triangular fuzzy comprehensive
evaluation (TFCE). Finally, the effectiveness of the proposed
profit allocation method is validated through numerical simula-
tions in various scenarios.

Index Terms—Electric vehicle charging station, distributed re-
newable energy operator, profit allocation, Aumann-Shapley val-
ue, analytic hierarchy process, entropy weight.

1. INTRODUCTION

N recent years, the installed capacity of renewable energy
has significantly increased on a global scale. It is project-
ed that by 2030, the installed capacity of wind power (WP)
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and photovoltaic (PV) in China will reach 1200 GW, with
the majority existing in a distributed form [1]. However, dis-
tributed renewable energy generation faces challenges relat-
ed to profitability and extended periods for capital recovery
[2], [3]. Concurrently, electric vehicles (EVs), as a new gen-
eration of transportation electrification tools, are being wide-
ly adopted, yet the high electricity purchasing costs for elec-
tric vehicle charging stations (EVCSs) contribute to their ele-
vated operational expenses [4], [S]. Reducing the operational
costs of EVCSs is a critical issue that needs to be addressed
in the context of transportation electrification.

Collaborative operations between distributed renewable en-
ergy operators (DREOs) and EVCSs can effectively solve
their profitability issues. DREOs can supply EVs with clean
energy for charging, thereby providing cheaper power for
EVCSs. Meanwhile, DREOs also avoid selling power to sys-
tem operator (SO) at relatively low prices [6], [7]. Currently,
some studies have explored the collaborative operations of
DREOs and EVCSs. Planning for the optimal scale and sit-
ing of distributed renewable energy and EVs, which reduces
the costs of collaborative operation, has been discussed in
[8], [9]. The economics of collaborative operation between
multiple types of EVs and distributed PV systems have been
evaluated in [10]. However, few studies have been conduct-
ed from the perspective of profit allocation to motivate the
cooperation between DREOs and EVCSs.

Addressing profit allocation problems is crucial as it im-
pacts the fairness and stability of cooperative alliances, en-
suring that each cooperative member is adequately compen-
sated for their contributions, thereby fostering sustainable
long-term cooperation. The existing profit allocation meth-
ods mainly include the Nash bargaining theory, Vickrey-
Clarke-Groves (VCG) mechanism, and Shapley value meth-
od. The Nash bargaining theory is used to allocate the prof-
its from the cooperative operation of integrated energy sys-
tems [11], [12]. However, the disagreement point in Nash
bargaining theory is difficult to determine in practice [13],
and the complexity of the model significantly increases as
the number of cooperating members grows. The VCG mech-
anism is used to allocate profits among market participants
cooperating in the energy market, ancillary service market,
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and carbon market. While the allocation results satisfy incen-
tive compatibility [14], [15], they do not meet the budget
balance condition [16], [17]. The Shapley value method is
the only allocation method that satisfies a series of axioms
such as efficiency, fairness, and symmetry. It is applicable to
any cooperative game and can be used in various fields such
as cost-sharing, profit allocation, and resource allocation.
However, it is observed that the computation time for the
Shapley value method increases exponentially with the num-
ber of cooperative members. As an improvement over the
Shapley value method, the Aumann-Shapley value (AS)
method has been effectively employed to enhance computa-
tional speed and has been widely adopted in the field of
power systems [18], [19]. The participation of ESSs in the
carbon emission allocation market is analyzed using the AS
method in [20], but the problem of ESS charging and dis-
charging switching in any time interval is not discussed. Sim-
ilarly, the Gauss-Legendre quadrature formula into the Au-
mann-Shapley value (GL-AS) method is proposed to achieve
efficient resolution of profit allocation problems within coop-
erative alliances in [21], yet it only discusses the profit allo-
cation of conventional power generation units. The profit al-
location method that is widely applicable to various resourc-
es in power systems while balancing fairness and efficiency
has not yet been proposed.

Furthermore, as an evolution of the Shapley value meth-
od, the GL-AS method also inherits the limitations of assign-
ing equal status to all cooperative members without consider-
ing the responsibility and the factors affecting cooperation.
Improvements to the Shapley value method have been at-
tempted by introducing risk factors, cost factors, and contri-
bution factors [22], [23], yet these modifications fail to ad-
dress the problem of weight allocation among various fac-
tors and fail to take into account the subjective opinions of
cooperative members. The triangular fuzzy comprehensive
evaluation (TFCE) method, integrating the subjective assess-
ment of the analytic hierarchy process with triangular fuzzy
numbers (TFN-AHP) and the objective assessment of the en-
tropy weight (EW), has been demonstrated to effectively han-
dle the uncertainty and fuzziness of multiple evaluation indi-
cators, thereby enhancing the accuracy of weight distribution
among indicators. This method has been extensively applied
in solving problems related to risk assessment [24], [25], per-
formance evaluation [26], decision-making assessment [27],
etc. Yet, the TFCE method has not been applied to the profit
allocation adjustment model under the multi-factor situation
of the GL-AS method.

In summary, given the scarcity of research on the collabor-
ative operation and profit allocation between DREOs and
EVCSs, as well as the imperfections in existing methods, an
fair and efficient profit allocation method is proposed in this
paper. In the process of profit allocation, all cooperative
members must adhere to the cooperative alliance agreement,
working together to ensure that the cooperative alliance
achieves the maximum profit. Using scenario generation
methods, typical output scenarios of WP and PV are generat-
ed. Since the power outputs of WP and PV vary across each
time interval, progressively analyzing each time interval can
effectively address the time-varying problem in the power
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output of DREOs. Due to the potential for ESSs to charge or
discharge in any time interval, employing the GL-AS meth-
od and AS method for direct resolution presents considerable
difficulties. The Big-M method is introduced to address
these difficulties. In the process of collaborative operation
between EVCSs and DREOs, the risk level (RL), profit con-
tribution rate (PCR), and profit growth rate (PGR) are con-
sidered as factors influencing profit allocation. Finally, the
TFCE method is used to conduct both subjective and objec-
tive assessments of the wights of these factors, thereby
achieving fairness in profit allocation. The main contribu-
tions of this paper are threefold.

1) The collaborative and independent operation models
are established for DREOs and EVCSs, with the DREOs in-
cluding distributed WP and PV. The charging models in
EVCSs are primarily composed of smart charging (SC) mod-
el and vehicle-to-grid (V2G) model.

2) A detailed solution method for the profit allocation be-
tween EVCSs and DREOs based on the GL-AS method is
proposed. The profit allocation solution speed is nearly ten
times faster than the AS method, which is adaptable to vari-
ous resources within the power system.

3) By employing the TFCE method, subjective and objec-
tive assessments are conducted on various factors including
RL, PGR, and PCR, thereby achieving fairness in profit allo-
cation.

The specific structure of this paper is as follows. The
DREO and EVCS models are formulated in Section II. The
independent and collaborative operation models are present-
ed in Section III. The proposed profit allocation method is
discussed in Section IV. The profit allocation adjustment
model is presented in Section V. Section VI presents case
studies and simulation results. Finally, Section VII concludes
this paper.

II. MODEL FORMULATION

A. General Description

As depicted in Fig. 1, the collaborative operation model
established in this paper is primarily composed of three enti-
ties: DREOs, EVCSs, and SO. DREOs are equipped with
ESSs. In EVCSs, EV owners have the option to select from
two charging models, i.e., SC and V2G.

Fig. 1.

Collaborative operation model.
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When operating independently, DREOs are constrained to
sell their generated power to SO at relatively low prices.
When operating independently, EVCSs are compelled to pur-
chase power from SO at relatively high prices. However,
when DREOs and EVCSs engage in collaborative operation,
DREOs can sell power to SO while also providing power to
EVCSs. EVCSs can directly utilize the power provided by
DREOs, thereby reducing operational costs and achieving a
win-win situation.

B. Typical Scenario Generation Methods

Copula theory is frequently employed in scenario genera-
tion by decomposing the joint distribution function into mar-
ginal distribution functions and a Copula function, thereby
investigating the randomness and correlation among vari-
ables and simplifying the computation of joint distributions
[28]. From the scenario set generated using Copula theory, S
typical scenarios are then selected through the application of
the K-means method [29].

C. Arrival and Departure Charging Time for EV Owners

Based on the charging requirements of EV owners, EV
charging is generally categorized into two patterns: residen-
tial charging and public charging.

In the public charging pattern, EV owners initiate charg-
ing upon arrival at their workplace and conclude charging
upon completion of their work. The distribution functions of
EV arrival time 7, and departure time tl‘f are given in (1) and
(2), respectively.
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where u, and o, are the normal distribution parameters of
EV arrival time in the public charging pattern; x, and o,

are the normal distribution parameters of EV departure time
in the public charging pattern; and f () is the distribution
function.

In the residential pattern, EV owners initiate charging up-
on returning their home and conclude charging upon depar-
ture. The distribution functions of EV arrival time ¢; and de-
parture time ¢; can be shown as in (3) and (4), respectively.
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where u, and o, are the normal distribution parameters of
EV arrival time in the residential charging pattern; and g,
and o, are the normal distribution parameters of EV depar-

ture time in the residential charging pattern.

D. Charging Urgency Indicator (CUI) Model

In this paper, a day is divided into 7 intervals to facilitate
the scheduling of EV charging based on the demands across
different time intervals. The charging start and end time of
each EV can be described as:

a __ tla ;] —

T[._[ Tl i=1,2,...N )
Ti= £ i=1,2,...N 6
i T T Lo L9 eeny ( )

where N is the amount of EVs; i is the index of EV; AT is
the time interval; ¢ and ¢/ are the arrival time and the depar-
ture time of the i EV, respectively; 7, is the time when the
i" EV commences charging, which is rounded up; and T/ is
the time when the i" EV concludes charging, which is round-
ed down accordingly.

The CUI is defined to reflect the urgency of EV charging
demand [30], which can be expressed as:

EM=(SOCM"™—-SOC?) - Cap®” (7

®)
where Cap®” is the battery capacity of the i" EV; SOC™" is
the minimum required state of charge (SOC) that EV owners
provide before charging in EVCS; P%,  is the slow charg-
ing power; E™ is the minimum required energy after the
completion of charging; SOC/ is the initial SOC for the i"
EV; and CUI, and 5%, are the CUI and charging efficiency

of the i" EV, respectively.

CUIL= (de_T[H)PcE/«Ifszow’?fhlf'AT_E;nin

1

E. Charging Model Selection

EV owners have the option to select from two charging
models, i.e., SC and V2G.
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o P, CUL<0 o
o PCEhl./Slow CU[I 2 O
le’;mﬂx = Pf;zl,/}max = Pfhl./slow (10)

where PZ/,, is the fast charging power; P/, is the charging
power of the i" EV; and P.;™ and PZ/\™ are the maxi-
mum discharging and charging power of the i EV, respec-
tively. The maximum discharging power is equal to the maxi-
mum charging power.

In the SC model, EVCS can schedule charging time adap-
tively according to the charging requirements of the EVs. If
CUI, <0, emergency charging is carried out at a power level
of P..; if CUIL >0, charging is performed at time of rela-
tively low electricity prices through scheduling.

In the V2G model, EVs are considered as ESSs, thus
EVCS can assist EV owners in charging at relatively low
electricity prices and utilizing the EV battery more efficient-
ly. If CUI, <0, emergency charging is once again executed at
a power level of P/, ; if CUI,>0, arbitrage is conducted
through scheduled charging and discharging. The charging
and discharging power is depicted as shown in (10).

F. Energy Storage Model
DREOs and EVCSs all incorporate ESSs. The energy stor-

age model of DREOs is depicted in (11)-(16), and the ener-
gy storage model of the EV is outlined in (17)-(22).

E=E> +Pj, AT~ Py AT/ng (11)

SOC < EJ/E e <SOC, (12)

0< P2 < pugD (13)

0< PP < puUgP (14)

SP4SP<] (15)

CP=ay( P ub+ P2 a5 ) AT (16)

0<PL, <PL™ S, (17)

0< P, <pEimngEy (18)

SE 4 SE <] (19)

SOCE' =SOCE" | + P len = ffy Mt 7 (20)
' ’ Cap;

SOCH<SOCE <SOC™ 1)

SOCTmSSOCfLSSOCF“ (22)

where E” is the energy state of the ESSs at time ¢, E., is
the maximum battery capacity of the ESSs; P/, , and P7, are
the charging and discharging power of the ESSs, respective-
ly; n5, and 5", are the charging and discharging efficiencies
of the ESSs, respectively; PL™ and PJ™ are the upper
bounds of charging and discharging power, respectively;
SocC,,, and SOC,, are the minimum SOC and maximum
SOC, respectively; S5 and S7 are the charging and discharg-
ing indicators, respectively, wherein charging and discharg-
ing cannot occur simultaneously; C? is the cost incurred by

the ESSs; a,, is the battery degradation parameter; SOC™ is
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the maximum SOC of the i" EV; SOC// and SOC}, are the
SOCs of the i" EV at time ¢ and T/, respectively; PZ., and

ch,i,t

P}, are the charging and discharging power of the i" EV at
time ¢, respectively; S7/; and S/, are the charging and dis-
charging indicators of the /" EV, respectively; and 77/, is the

discharging efficiency of the i" EV.

III. OPERATION MODELS

A. Independent Operation Model

When operating independently, DREOs engage in arbitrage
via ESSs, storing energy during low electricity price periods
and selling it to SO during peak electricity price periods. The
profit obtained from the independent operation of the DREOs
F, p is outlined in (23). The power balance constraint is

shown in (24). Due to the limited capacity of transmission
lines, the network operation constraint is shown in (25).

S T
max F, ,= > p, (74 PLH AT - PEM 7 AT CP,) (23)
s=1

24

(25)
where p, is the probability of occurrence of scenario s;
P2 and P2 are the power that DREOs sell to and pur-
chase from SO, respectively; P” is the power generated by
distributed renewable energy; 7% and 7 are the prices of
purchasing and selling power from/to SO, respectively; C?, is
the cost incurred by the ESSs of scenario s; P, , and P7. , are
the charging and discharging power of scenario s, respective-
ly; and G,,,, is the maximum capacity of transmission lines.

EV owners can choose between two charging models, i.e.,
SC and V2G, as illustrated in Fig. 2. F,, ;, and F,, ;, are
the profits obtained from the independent operation of
EVCS in the SC model and V2G model described in (26)
and (27), respectively. The power balance constraint for the
V2G model is shown in (28), with P2/ being 0 in the SC
model. The network operation constraint for the V2G model
is shown in (29), with PZ/** being 0 in the SC model.
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s=1

PP+ P}

de,s,t

D,buy _ pD.sal D
+P;" =P+ P

ch,s,t
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-G <Ps,t _Ps,t SGmax

max —

ch,s,t*¥s,t ch,s,t st
t=1
(26)
S T
_ EV,v2g __EV,2 EV,fast __EV,3 _
maXFin2,EV_ szz(Pch,x.t ns,t +Pch.s,t ﬂx,t
s=1 t=1
EV.buy __buy EV.sale _sale _ pEV.sum __EV,cop
Ps,t 77:3,1 +Ps,t ﬂs,t Pdc,s.t n-s,t )AT (27)
EV,sum EV.sale _ pEV,buy EV,sum
Pz:h,x,t +Ps,t _Ps.t +Pdc,s,r (28)
EV.sale _ pEV,buy
_GmaxSPs.t Ps,t < Gmax (29)

where P[5 and PJ’‘" are calculated based on the total
charging and discharging power as illustrated in Fig. 2;
PV and PL)/*" are the total charging power for EVs in the
SC model and the fast charging model, respectively; P~
is the actual total power for EVs in the V2G model, which
is equal to the total charging power minus the total discharg-
ing power; x’]"', xf]?, and x’]’ are the charging prices

when EV owners choose the SC model, the V2G model, and
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the fast charging model, respectively; =/;"*” is the discharge

compensation price for EVs in the V2G model; and P’}
and PE/" are the power that EVCSs sell to and buy from
SO, respectively.

| Collect charging data for all EVs |

Is it V2G model?

Y Y
The it" EV The it EV The it EV The i EV is
charges with charges with charges with selected in
slow charging | | fast charging fast charging V2G model
power power power 7
v v i jth 3
The it EV The i EV The i EV ThecilarEg\e]Sf;’gbly
adjusts charging continues continues discharges based
time flexibly || charging until charging until on electricity
based on departure departure prices
electricity prices

Calculate total charging
power through the objective
function and constraints

Calculate total discharging and
charging power through the objective
function and constraints

End

Fig. 2. Flow chart of independent operation in V2G and SC models.

B. Collaborative Operation Model

During collaborative operation, the power balance con-
straint for V2G model is shown in (30), with P};"" being 0
in the SC model. In DREOs, the network operation con-
straints are shown in (31) and (32). In EVCSs, the network
operation constraints for V2G model are shown in (33), with

PE/* being 0 in the SC model.

PDPD, i+ PL i+ DIV 4 pDi = pEele
Phs s PY 4 PE (30)
—GmaxﬁPf;”’e—Pf;b”ySGmax 31

_Gmax Spft+Pc?L',s,r +Pf}b”y _Pf;sale _Pth,s,t < Gmax (32)
~Go SPI =PI <Gy (33)

The total profit for collaborative operation in the SC mod-
el F,,, and the V2G model F',, can be described as:
S T
le — zps z[(PxE,;/,salen;iIe+P£);.vule7[;atle _Pf;/,bz¢.vn£1;y_
s=1 1

t=

D, buy __buy EV,sc__EV,1 EV. fast__EV.3 _ (D
Ps,t ns,t +P(:h,s,tn-s,t +P(fh,S,t n-x,t )AT Cs.t} (34)
S T
_ EV,sale __sale D,sale _sale _ pEV,buy__buy _ pD.buy
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V. fas g oS V.c
ﬂ_ﬁlzy“l‘Pg,[/;:,zgnf[Kz+PEVfaAt7l'EV3 _PEVAumn_E cop)AT_ CR] (35)
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IV. PROPOSED PROFIT ALLOCATION METHOD

In cooperative games, the Shapley value method is fre-
quently utilized for addressing the allocation of profits
among cooperative members. By calculating the marginal
contribution of each member, profits are allocated according-
ly. The AS method is an improvement over the Shapley val-
ue method, enabling faster resolution of profit allocation
problems. In [21], the GL-AS method is proposed, thereby
achieving a more efficient solution to profit allocation prob-
lems. The GL-AS method and the AS method are described
as:

F=mawa(xw,1,xwY2,... X X )

27veo,k 2V eon,, (36)
st. Kk=1,2,..,n,,
where F' is the overall profit maximization function for the
cooperative alliance; x,,, is the power output of the k™ coop-
erative member; n,, is the number of cooperative members;
and x encompasses all constraint conditions. The profit allo-
cated to the k" cooperative member F, is calculated by the
AS method in (37).
S OF
F=|

p axm. k

mir
Xeok

dx,, ¢ (37)

where x™, and x™* are the minimum and maximum power
outputs of the k" cooperative member, respectively. Divide
the power output of the £" member equally into U segments,
thereby achieving the discretization of (37). The specific pro-
cess is described as:

min
cok

X, X

cok

g~ 38)
Fo= (x| Pl amioam) g

ax co k

where 4 is the auxiliary parameter that comprises U values
indexed by u=1,2,..., U, with each value constrained within
the interval [0, 1]. As the number of segments approaches in-
finity, the profit from each segment AF takes on the follow-
ing form:

(st i) <P (st et -

co,k co,k co.k co,k co,k co,k
(40)

nqugo,kzﬂuxco,k(j’u_/lufl)
where A, is the u™ auxiliary parameter; and 7, is the value of
the unknown expression function 0F/ox,,, on the point x7, .
The profit allocated to the k" cooperative member in the dis-
cretized solution of the AS method is given by:

r U

u,t
zznu,lmca,k
t=lu=1 F

neo T U

u,t
22 n:u,t Axco,k

k=1t=1u=1

Fy= @1

where 7, , can be calculated in (36), approximately solved us-
ing finite difference approximation. Since the output of each
member is divided equally, the value of Ax/, is fixed.

Furthermore, it can be observed that (37) is highly consis-
tent with the Gauss-Legendre quadrature formula, thus can
be modified as:
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_ a1 oF () _x:'::‘;—x‘zw
Fy= = o, dz= EA z(z,) (42)
z‘,=%(zm+1)(xj;fj1 X)X v=1,2,..m (43)
1
2= 5 (24 D) (xD =2l ) +x00 (44)

where m is the total number of interpolation points. Interpo-
lation point weight coefficient 4, can be calculated using the
Gauss-Legendre  quadrature formula and interpolation
point z; .

Due to the profit allocation problem of the cooperative al-
liance composed of DREOs and EVCSs being highly consis-
tent with cooperative game theory, it is solved using the GL-
AS method and AS method. However, during the process of
profit allocation, as each member of the cooperative alliance
is equipped with ESSs, which may either charge or dis-
charge during each time period, it is found that (36)-(44) do
not address the issue of state transformation between charg-
ing and discharging of ESSs directly. Meanwhile, P” repre-
sents typical scenarios of WP and PV power output, where
the power output exhibits volatility across different time in-
tervals. Therefore, the profit allocation cannot be directly
solved. Consequently, these cases are discussed and analyzed
in this paper.

In the AS method, the constraints on charging and dis-
charging ESSs are modified by using the Big-M method to
calculate the profit allocation of ESSs in (45)-(48). The max-
imum charging and discharging power need to be multiplied
by 4,, so as to ensure that the charging and discharging pow-
er is segmented. Meanwhile, it also addresses the non-con-
vex problem during the operation of ESSs.

{O<P§,,_i P

u’ ch
D max
0<P, <A,Pg

0<Ph <MSh
0<P) <MSP

de,t —

(45)

(46)

ut chyi

O<PEV </1 Pch,mdx

de,it —

O<PEV _/'{ PEVmax
{ ch,it (47)

chit = chi

0<Py SMS,,

where M is considered to be a large number. In the profit al-

location of DREOs, DREOs contain distributed renewable

energy and ESSs, where x  is 0, and x*}, is P? plus the

maximum charging power, respectively. The maximum charg-

ing power and discharging power are equal in this paper. In

the profit allocation of EVCSs, xi‘;‘j‘zt equals 0 and xg, is
the sum of the maximum charging power of all EVs.

In the GL-AS method, after modifying the constraints us-
ing the Big-M method, the ESS charging and discharging
power constraints are consistent with the general solution
form of the GL-AS method, which can be calculated direct-
ly. In the profit allocation of EVCSs, the process is the same
as that of the AS method.

In the profit allocation of DREOs, since the output power
of DREOs varies in each time period, it is necessary to mod-

0<PEV <M EV
{ S 48)
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ify the GL-AS method accordingly for each period. The spe-
cific process is given as:

o (zk,v+ 1)(x2

i(

max min
co, k,t _xco,k,t)

xm (49)

co, k,t

dz)=

max _,min
co,kt xwkt
Av7r

mm 1
L‘okt mk.tf 6F<stt)

-1 axco,k‘t

(50)

V. PROFIT ALLOCATION ADJUSTMENT MODEL

In the process of profit allocation, the Shapley value meth-
od faces some limitations, notably its failure to consider the
factors affecting cooperation. As an improvement to the
Shapley value method, the GL-AS method enhances solution
efficiency, yet also fails to take into account the factors af-
fecting cooperation.

In this paper, to ensure a more fair profit allocation
among cooperative members, several factors affecting coop-
eration are selected to adjust the profit allocation results.
The primary factors identified as impacting profit allocation
include RL, PCR, and PGR.

The RL is determined by the S-shaped utility function ¢(:),
with its specific expression provided in Supplementary Mate-
rial A. Since EVCSs have two charging models, both of
which involve energy arbitrage amid electricity price fluctua-
tions, risk preference functions are selected to quantify their
risks. In DREOs, ESSs are similar to EVCSs in that they
tend to be risk preferring. However, since the power output
of distributed renewable energy is non-dispatchable, risk aver-
sion functions are chosen to quantify the associated risks. The
RL of the k" cooperative member can be described as:

0(x0i)

> 0 ()
=1

The GL-AS method allocates results based only on the
marginal contributions of each cooperative member (indepen-
dent operation profits plus the excess profit (EP) generated
after collaborative operation), without taking into account
the proportion of EP that each member gains after collabora-
tive operation. The PCR of the k" cooperative member can
be calculated as:

RL= (51)

co.k Fin. k

52
( F, A) (52)

k=1

PCR, =

where F,,, and F,, are the profits of the k" member before
and after cooperation, respectively.

PGR reflects the profit growth situation before and after
cooperation, which will affect the cooperative willingness of
each member. Therefore, to promote the stable development
of the cooperative alliance, the impact of PGR cannot be ig-
nored. The PGR of the k" cooperative member can be de-
scribed as:
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(53)

;(Fca,k_Fin.k)/Fin.k

The impact of these factors affecting cooperation is not to
be ignored. Consequently, the subjective and objective evalu-
ations within the TFCE method are utilized for the fair prof-
it allocation. This method is capable of effectively managing
the uncertainties and ambiguities inherent in multiple evalua-
tion indicators, thereby ensuring the fairness and rationality
of the profit allocation scheme. With the contributions and
corresponding cooperative impacts of each member calculat-
ed, profits are allocated in a manner that promotes the long-
term stable development of cooperative relationships.

A. TFN-AHP Method

For most individuals, accurately addressing complex and
chaotic decision-making challenges is perceived as a signifi-
cant difficulty. This is attributed to the tendency to rely on
vague judgments unconsciously during the process of mak-
ing choices and judgments. The triangular fuzzy number
model is highlighted as particularly crucial, as it employs
three elements to depict the accuracy of a judgment, thereby
thoroughly accommodating the characteristic fuzziness in hu-
man judgment. By quantifying uncertainties within decision-
making, a deeper understanding and analysis of decision-
making issues are facilitated, allowing for a more objective
evaluation of various potential outcomes. In this paper, there
are V evaluation items (equal to the number of scenarios) and
R evaluation indicators. The fuzzy judgment matrix is de-
scribed as A= (ar/.)RxR, where a,,= [l m,,u } and a,=a,.

1 1
1 1 2 h H
a,=1; & (a,y-+a,j+...+a,j+...+arj) h=1,2,...H (54)

where m,; is the expert judgment on the relative importance
of two indicators; /,; and u,; are the lower and upper bounds
of the fuzzy evaluation interval, respectively; H is the num-
ber of experts participating in the evaluation; and af?/. is the
triangular fuzzy number given by the 4" expert during the
evaluation process. The fuzzy weight of the #" evaluation in-

dicator W, is calculated as:

R R
! m
Sa, [ Sa S
W,.= = , /

r R R R

22% SSa SSa S5,

r=1j= r=1j=1 r=1j=1 r=1j=1

R

u
Z%

1

r=12,...R

(55)
To calculate the non-fuzzy weight, it is necessary to make
pairwise comparisons of the fuzzy weights. The comparison

probability matrix B (Wrz W]) = <brj)R . is depicted as:

1 m.2m,
b,= W, m.<mju2u, (56)
0 Lzu,

where W, is the value of(lj—u )/(m,.—u,—mj+lj). Indicated

by the possibility matrix B, the comprehensive importance
of the 7" factor relative to other factors O, is given by:

r
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O,=minb,; j=1,2,. (57)
The weight vector [01,02,..., OR] is obtained based on

th

(57). Therefore, the subjective weight of the r
can be described as:

,jil”

indicator w,,

0

r

R
So,

r=1

w =

ar

(58

B. EW Method

The EW method is identified as an objective weighting
method based on the principle of information entropy, utilized
for determining the weights of various evaluation indicators.
By analyzing the entropy values among indicators, differences
and significance among indicators are effectively identified,
thereby providing a quantified basis for decision-making.

Calculating the objective weight of EW o, requires obtain-
ing the objective evaluation coefficient matrix Q= ( qu)VxR

through objective calculations. Subsequently, the evaluation
coefficient matrix is to be subjected to normalization as:

d,=
qu‘
v=1

where d, is the element of matrix D after normalization,
whose dimension is V'xR. The entropy value e, and redun-
dancy degree h, of the 7" indicator are to be calculated
through (60) and (61).

v=12,...V,r=1,2,...R

(39)

Vv
e,=—lnR- >d, Ind, (60)
v=1
h.=1-e, (61)
The " objective weight . according to the entropy meth-
od can be calculated as:
h

r

R
>h,

r=1

w,=

(62)

C. Comprehensive Weight

In this paper, by adopting the principle of minimum dis-
crimination information [31], a combination of subjective
and objective weights is achieved, thereby allowing for the
derivation of a comprehensive weight @, for each evaluation
indicator in (63).

r=1 ar qr

. (63)
s.t. zw,,zl ®,20,r=1,2,...R

r=1
The comprehensive weight for the " evaluation indicator
can be calculated as:

w, .

ar™ qr

=z
r=1

Therefore, the revised profit allocated to the 4" member
F, can be described as:

(64)
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x L 1
Fk =F/(+F(zwrwr,k_ n) (65)

r=1 co

VI. CASE STUDIES

In this paper, DREOs are divided into two categories:
DREOI1 (WP and ESSs) and DREO2 (PV and ESSs). EVC-
Ss are divided into two categories: EVCS1 (public charging
pattern) and EVCS2 (residential charging pattern), each with
50 EVs. Five typical scenarios of WP and PV power outputs
are selected, with the original scenario dataset sourced from
real power output data in Guangdong Province, China. A
day is divided into 96 intervals, with each interval spanning
15 min. The travelling data for EVs in EVCS1 and EVCS2
are displayed in Fig. 3, with specific parameters as described
in [32]. The probability density function (PDF) curves in
Fig. 3 illustrate the distribution of travel data for EV owners
at EVCS1 and EVCS2. The ESS data for DREO1 and
DREO?2 are presented in Table I. The charging data for EVs
are presented in Table II. The charging and discharging effi-
ciency is 0.9. The electricity price data are obtained by ran-
dom sampling from actual PJM market prices. The charging
prices in SC model and V2G model are $0.18. The charging
price in fast charging model is $0.20. The proposed model is
constructed using MATLAB/YALMIP and optimized using
the CPLEX solver.

A. SC Model

The results of profit allocation in the SC model are shown
in Table III. Compared with the total profit from indepen-
dent operation, the total profit from collaborative operation
has an increase of $145.58, with an overall PGR of 38.10%.
During the collaboration operation between DREOs and
EVCSs, the profits of all cooperative members increase sig-
nificantly.

The charging power of EVCSs operating independently
and collaboratively in the SC model is displayed in Fig. 4,
where the legend “In” represents independent operation, and
“Co” represents collaborative operation. These definitions
are consistent across the legends of other figures. The selling/
purchasing power to/from the SO during independent and
collaborative operation in the SC model is displayed in Fig.
5. Compared with EVCS1, EVCS2 operates in a home charg-
ing pattern where the electricity purchasing prices are rela-
tively low during the charging periods, thereby resulting in
relatively high profit. During the collaborative operation,
DREOs can supply power to EVCSs. Since EVCS1 operates
in a public charging pattern where the electricity selling pric-
es are relatively high during the charging periods, the in-
crease of profit from the collaborative operation is larger.
Compared with DREO2, DREO1 gains more profit due to
its continuous power supply to EVCSs.

The weights of profit allocation of each cooperative mem-
ber in the SC model are displayed in Fig. 6. The AS method,
as an extension of the Shapley value method, has allocation re-
sults generally close to the Shapley value method. The GL-AS
method has higher precision compared with the traditional dis-
cretization method.
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Fig. 3. Travelling data for EVs in EVCS1 and EVCS2. (a) Arrival time of
50 EVs in EVCSI. (b) Departure time of 50 EVs in EVCSI. (c) SOC of 50
EVs in EVCSI. (d) Arrival time of 50 EVs in EVCS2. (e) Departure time
of 50 EVs in EVCS2. (f) SOC of 50 EVs in EVCS2.

TABLE I
ESS DATA FOR DREO1 AND DREO2

DREO E . (kWh) PL (kW) P (kW)
DREOI1 100 30.0 30.0
DREO2 125 37.5 37.5
TABLE II
CHARGING DATA FOR EVS

EVCS Cap , (kWh) P o (KW) P (KW)
EVCSI1 40 10 15
EVCS2 40 10 15
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TABLE III
RESULTS OF PROFIT ALLOCATION IN SC MODEL

Profit ($)
Method
EVCS1 EVCS2 DREOI DREO2 Total
F, 121.86 156.66 53.05 50.57 382.14
Shapley 177.17 194.52 83.06 72.97 527.72
AS 175.46 193.29 84.28 74.69 527.72
GL-AS 176.40 193.89 83.78 73.65 527.72
EP 54.54 37.23 30.73 23.08 145.58
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Fig. 4. Charging power of EVCSs operating independently and collabora-

tively in SC model.
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Fig. 5. Selling/purchasing power to/from SO during independent and col-

laborative operations in SC model.

The weights of cooperative risk factors in the SC model
such as PCR, PGR, and RL are comprehensively assessed
and displayed in Fig. 7, through the integration of the TFN-
AHP and EW methods. Modifications to profit allocation,
based on these weights, lead to the final results of profit allo-
cation results presented in Table IV. By replacing the exist-
ing assumption of equal weights for the factors that influ-
ence cooperation, it is evident that profit allocation becomes
more fair. Due to the relatively low proportion of profit allo-
cation weight of EVCS2 compared with the average weight,
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the profit allocation weights of other collaborating members
are higher than the average weight. As a result, part of the
profit obtained by the EVCS2 is compensated to other coop-
erative members. The final profit allocation is larger than
what each member would earn when operating independent-
ly, which ensures incentive compatibility and individual ra-
tionality.
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Fig. 6. Weights of profit allocation of each cooperative member in SC
model.
PCR
0.45
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’ Objective weight
0 3/5 -®- Comprehensive weight
7 -®- Equal weight
RL PGR
Fig. 7. Weights of cooperative risk factors in SC model.
TABLE IV
FINAL RESULTS OF PROFIT ALLOCATION
Profit ($
Model ®)
EVCS1 EVCS2 DREOI1 DREO2 Total
SC 183.57 182.84 86.29 75.02 527.72
V2G 188.13 188.04 95.77 76.32 548.26
B. V2G Model

The results of profit allocation in the V2G model are
shown in Table V. The weights of profit allocation of each
cooperative member in the V2G model are shown in Fig. §,
the weights of cooperative risk factors in the V2G model are
displayed in Fig. 9, the charging and discharging power of
EVCSI1 and EVCS2 operating independently and collabora-
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tively in the V2G model are shown in Fig. 10 and Fig. 11,
and the selling/purchasing power to/from the SO during inde-
pendent and collaborative operation in the V2G model is dis-
played in Fig. 12. Compared with the total profit from the in-
dependent operation of EVCSs in the SC model, the profit
in the V2G model increases significantly. The reason is that
in the V2G model, EVs serve as ESSs, enabling them to
store power during periods of relatively low electricity pur-
chasing prices, and discharge to provide power when the
electricity purchasing prices are relatively high, thereby
significantly reducing the charging costs for EVCSs. Dur-
ing collaborative operation, EVs can store power provid-
ed by DREOs when electricity purchasing prices are rela-
tively low and discharge power when electricity purchas-
ing prices are relatively high, thereby achieving higher
profit growth. Since the comprehensive weights of
EVCS2 is relatively low than the average weight, part of
the profit earned by EVCS2 is compensated to other co-
operative members. The final allocation results are dis-
played in Table IV.

TABLE V
RESULTS OF PROFIT ALLOCATION IN V2G MODEL

Profit ($)
Method
EVCSI  EVCS2  DREOI DREO2 Total
F, 127.77 163.28 53.05 50.57 394.67
Shapley 185.25 203.19 85.98 73.84 548.26
AS 183.32 201.88 86.72 76.34 548.26
GL-AS 184.05 202.41 86.72 75.08 548.26
EP 56.28 39.13 33.67 2451 153.59
801 [15.68%]| [15.82%| [15.82%
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S
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= 37.06%| [36.82%| [36.92%| [25.47% | |24.15%
o
= 40p
0,
13.31%) |56 8304
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Fig. 8. Weights of profit allocation of each cooperative member in V2G

model.

C. Comparison of Calculation Speed

The calculation number of each profit allocation method
is shown in Fig. 13. The results calculated by the GL-AS
method and the AS method are almost the same. Since the
AS method requires selecting at least 30 interpolation points,
while the GL-AS method only needs 3 points, the calcula-
tion speed of the GL-AS method is about 10 times that of
the AS method. In this paper, there are a total of four cooper-
ative members.
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Fig. 9. Weights of cooperative risk factors in V2G model.
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Fig. 10. Charging and discharging power of EVCSI operating independent-
ly and collaboratively in V2G model.
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Fig. 11. Charging and discharging power of EVCS2 operating independent-

ly and collaboratively in V2G model.

Consequently, the Shapley value method requires 16 optimi-
zation calculations, the AS method requires 120 optimization
calculations, and the GL-AS method only requires 12 optimi-
zation calculations. As the number of cooperative members in-
creases, the differences become even more pronounced, there-
by ensuring the efficiency of profit allocation calculations.
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Fig. 12. Selling/purchasing power to/from SO during independent and col-
laborative operation in V2G model.
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Fig. 13. Calculation number of each profit allocation method.

VII. CONCLUSION

This paper proposes a profit allocation method for the col-
laborative operation of DREOs and EVCSs. Firstly, a collab-
orative operation model is established for DREOs and EVC-
Ss. In the SC model, the collaborative operation increases
profit by 38.10% compared with independent operation, and
by 38.92% in the V2G model. Secondly, the GL-AS method
solves the profit allocation problem 10 times faster than the
AS method. Additionally, issues related to ESS switching be-
tween charging and discharging in any time interval and the
time-varying problem of renewable energy power output in
the GL-AS method are addressed, enabling broader applica-
tion in power systems. Finally, the TFCE method is used to
evaluate the weight of factors influencing cooperation,
achieving fairness in profit allocation compared with the
equal weight used in traditional methods.
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