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Abstract—As renewable energy and environmental protection
gain prominence, community microgrid has become crucial for
promoting resource sharing and improving energy efficiency.
This paper presents a multi-stage optimization strategy of com-
munity microgrid considering fair allocation and risk manage-
ment, utilizing the Vickrey-Clarke-Groves (VCG) mechanism
and the glue value-at-risk (GluevVaR) method. The proposed
strategy integrates carbon with the collective self-consumption
(CSC) framework, using GlueVaR to manage uncertainties in
photovoltaic (PV) power generation by balancing economic per-
formance with extreme risk management. Compared with tradi-
tional risk management, the GlueVaR method offers a more
comprehensive characterization of both tail risks and central
tendency, enabling more robust decision-making under uncer-
tainties. The VCG mechanism ensures accurate supply and de-
mand reporting, thereby optimizing resource allocation. The
proposed strategy aims to promote fair allocation, enhance com-
munity welfare, reduce carbon emissions, and optimize energy
utilization. A distributed alternating direction method of multi-
pliers (ADMM) algorithm is employed to improve the computa-
tional efficiency and preserve the privacy of community mem-
bers, making the proposed strategy scalable to various commu-
nity microgrid sizes. Case studies confirm that the proposed
strategy significantly enhances community welfare, reduces car-
bon emissions, and strengthens system stability and security.
Furthermore, by fostering fair and transparent transactions
among members, the cohesion of the community is reinforced
for long-term sustainability.

Index Terms—Carbon emission, renewable energy, communi-
ty microgrid, risk management, uncertainty, distributed optimi-
zation, resource allocation, Vickrey-Clarke-Groves (VCG).
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1. INTRODUCTION

SCALATING energy shortages and environmental pollu-

tion have intensified the pursuit of sustainable develop-
ment. With advancements in smart grids and renewable ener-
gy technologies, distributed energy systems are becoming in-
creasingly prevalent. More community members are install-
ing distributed generation equipment such as photovoltaic
(PV) units and energy storage systems (ESSs), enhancing en-
ergy self-sufficiency and enabling participation in transac-
tions [1]. However, it remains challenging to coordinate ener-
gy production and consumption within a community amidst
a volatile environment. Community energy management
emerges as a proactive solution, optimizing the energy con-
sumption while improving energy efficiency and environmen-
tal outcomes [2].

The European Union has made considerable strides in ad-
vancing sustainable energy development, notably through the
issuance of the Clean Energy Package (CEP) [3], which
aims to foster a green society. The CEP has enabled the de-
velopment of community microgrid by supporting energy
communities [4], with collective self-consumption (CSC)
emerging as a prominent framework. In the CSC framework,
community microgrid members (both energy producers and
consumers) engage in local production and consumption
through sharing mechanisms, thereby lowering energy costs
and enhancing resource utilization efficiency [5]. The com-
munity microgrid is organized around the Personne Morale
Organisatrice (PMO), a French term that denotes an entity re-
sponsible for managing community activities and liaising
with utilities and third-party stakeholders. The CSC frame-
work not only boosts self-sufficiency in energy but also fos-
ters local economic growth and strengthens community
bonds. Reference [6] shows that peer-to-peer (P2P) and CSC
framework can enhance energy efficiency and grid resil-
ience, while [7] proposes a three-stage strategy of the CSC
framework and coordinates the energy consumption within
grid limitations for optimization.

It is essential to ensure fairness and efficiency in commu-
nity microgrid. Traditional electricity scheduling strategies
are not always effective in incentivizing accurate supply and
demand reporting, risking manipulation, and unfair practices.
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While blockchains enhance transparency through decentral-
ized ledgers [8], their high implementation costs may burden
resource-limited communities [9]. The Vickrey [10]-Clarke
[11]-Groves [12] (VCG) mechanism offers an effective alter-
native by ensuring truthful bidding through its core princi-
ple: each participant pays an amount equal to the externality
they impose on others, calculated as the difference between
total welfare with and without their participation. The VCG
mechanism operates by making truthful reporting of the dom-
inant strategy regardless of actions of other participants, as
any misrepresentation will either have no effect or result in
less favorable outcomes for the misreporting participant. In
community microgrid, this addresses the critical challenge of
strategic misreporting in energy demand and supply declara-
tions, where members might otherwise overstate the needs
or understate the generation capacity for favorable alloca-
tions. The VCG mechanism provides key advantages includ-
ing incentive compatibility for truthful bidding, individual ra-
tionality ensuring no participant loses by participation, and
automatic maximization of social welfare. Reference [13] in-
troduces a VCG-based allocation method that deters decep-
tive behaviors in demand response, promoting fairness and
maximizing social welfare. By aligning individual incentives
with truthful bidding [14], VCG supports efficient market op-
erations.

Community microgrid continues to face significant chal-
lenges, particularly beyond the scope of electricity schedul-
ing. Current research often focuses on basic strategies of lo-
cal power sharing, neglecting the complexities introduced by
high penetration of PVs and ESSs [15]. These factors can
cause system fluctuations, adversely impacting grid stability
and introducing economic risks. Reference [16] introduces a
multi-consumer distributed scheduling strategy based on con-
ditional value-at-risk (CVaR), considering distribution net-
work constraints and uncertainties. Additionally, [17] propos-
es a dual-layer energy management strategy to coordinate
P2P energy trading among multiple consumers, using CVaR
to estimate the potential losses of retailers. However, a sin-
gle risk metric may struggle to balance risk management for
extreme events with system flexibility [18].

Existing CSC framework has considerable potential for ex-
pansion in carbon quota allocation. Integrating carbon into
the CSC framework allows communities to optimize the con-
sumption of renewable energy sources such as PV and wind
power, thereby reducing the dependence on fossil fuel and
lowering carbon emissions [19]. Participants in carbon quota
allocation can generate additional income by selling carbon
quotas or offset their emissions by buying the quotas, maxi-
mizing economic benefits [20]. This incentivizes communi-
ties to cut carbon emissions and enhance energy efficiency,
supporting environmental protection and sustainable develop-
ment [21]. Embedding carbon into the CSC framework
could attract greater policy and regulatory support, further
advancing the adoption of renewable energy.

Existing research works highlight the need for improve-
ments in community microgrid, particularly in information
transparency, risk management, and carbon quota allocation.
This paper introduces a multi-stage optimization strategy of
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community microgrid considering fair allocation and risk
management, utilizing the VCG mechanism and incorporat-
ing the glue value-at-risk (GlueVaR) method to quantify and
manage risks. The GlueVaR method enables a balanced as-
sessment of both expected and extreme losses under uncer-
tainties by combining the strengths of value-at-risk (VaR)
and CVaR. The proposed strategy minimizes operational
costs and risk exposure by employing the alternating direc-
tion method of multipliers (ADMM) algorithm for distribut-
ed computation, which ensures both computational efficiency
and privacy protection for community microgrid members.
The primary contributions of this paper are described as fol-
lows.

1) The VCG mechanism is implemented in allocation to
prevent fraudulent behaviors in quantity reporting. During
the monthly settlement stage, the VCG mechanism effective-
ly eliminates misreporting, promotes honest fair allocation,
and enhances operational efficiency. Furthermore, accurate
quantity of reporting contributes to the stable operation of
the community microgrid.

2) A GlueVaR method is proposed to address the PV un-
certainties for risk management. In the day-ahead stage,
GlueVaR captures both average and extreme operational
risks associated with PV fluctuations, providing a more bal-
anced and robust measure for risk-aware decision-making.

3) An improved CSC framework is introduced by incorpo-
rating carbon quota allocation to enhance the benefits for
community microgrid members. Unlike general scheduling,
which focuses on overall stability of power grid, the CSC
framework emphasizes local energy sharing and direct com-
munity welfare, incentivizing renewable adoption and reduc-
ing dependence on centralized systems.

This paper is structured as follows. Section II presents the
community microgrid models, detailing both the global com-
munity microgrid model and local community member mod-
el. Section III outlines the proposed strategy of community
microgrid considering energy and carbon based on the VCG
mechanism. Section IV describes the model solution. Section
V presents case studies to evaluate the proposed strategy. Fi-
nally, Section VI outlines the conclusion of this paper.

II. COMMUNITY MICROGRID MODELS

This section outlines the community microgrid models
used in this paper, categorized into the global community mi-
crogrid model and the local community member model
based on objects and scope. Figure 1 shows the framework
of the community microgrid, illustrating the relationship be-
tween community microgrid members and the PMO. In Fig.
1, DSO represents the distribution system operator.

Community microgrid members can interact with each oth-
er or with retailers. Prices within the community microgrid
are more favorable compared with direct transactions with re-
tailers: selling prices within the community microgrid are
higher, and buying prices are lower. Additionally, members
actively coordinate with the PMO to address issues in both
the day-ahead and real-time stages.
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Fig. 1. Framework of community microgrid.

A. Global Community Microgrid Model

In this paper, each community microgrid member engages
in autonomous transactions within the community microgrid,
submits proposed quantity in the day-ahead stage, and then
conducts them in the real-time stage. After the community
interaction concludes, the PMO collects data from both stag-
es to assess whether the voltage of community microgrid
will exceed the system safety limits. During the monthly set-
tlement stage, the PMO determines the allocation coefficient
of each member based on their participation, and submits it
to the DSO, which then performs the actual allocation.

The relationship between p;" and other variables is de-
fined:

) R e A O (1)

is the line power of member i at time #; p# and

lin

where p}
p§; are the electricity bought from and sold to retailers by
member i at time ¢, with prices 72 and 7%, respectively; and
psy and p§ are the electricity bought and sold within the
community microgrid by member i at time ¢, with prices 7"
and 7%, respectively.

It is essential to ensure that the total electricity bought
and sold within the community microgrid at any given time
t is equal to maintain the balance and safety:

Q,=>pb=>r5

ield ield (2)
where Q, is the total amount of electricity bought or sold
within the community at time ¢. Based on (2), the allocation
coefficients of electricity bought and sold for member i at
time ¢, denoted by A7, and 1, respectively, can be computed

as:
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These coefficients must satisfy the following condition to
ensure that their sum equals 1:
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where U is the set of community microgrid members.

In addition to managing allocation benefits for community
microgrid members, the PMO must ensure the voltage stabil-
ity for individual members and the community microgrid.
Therefore, the global community microgrid model must in-
clude the transmission network model. The community is
connected to a low-voltage distribution network with A
nodes. We then have:

Pt
oy

i2 =1

/AN

. 5)
Lt
where i, , p; , and g, are the current, active power, and re-
active power flowing from bus 7 to bus j through the resis-
tance r; and reactance x; at time 7, respectively; and v,, and
I, are the squared voltage at bus i and the squared current
on line ij, respectively.

The network equations are expressed using DistFlow mod-
el [22] as:

lin _
Pyi—Pji= Z Pit il (©6)
IES/B.((
i
qu.t_qj,l;l: z qjl,t+xijlij.t (7)
lesP
2, .2
vj.tzVi,t_z(p;‘j.trij+qij,txly') + (r(/+xi/)li/,t (8)

.d s : .
where S¢ is the set of branches starting at node ;. z P
lesP

and 2 q;, represent the total active and reactive power
leS’B.d

flows of all branches connected downstream of node j, re-

spectively.

B. Local Community Member Model

In this paper, the load is non-flexible, meaning that there
is no reducible or transferable load. However, some mem-
bers have PV units and ESSs. This paper includes residential
members and some members with gas units, who primarily
demand and buy carbon quotas. Community microgrid mem-
bers are therefore categorized as gas members, PV members,
and ESS members.

1) Gas Members

For gas members (members with gas units), the model

must account for their output [23].

SZr: ’7TQCH4Vi,Tr )
pi,=s. cosl] (10)
q;,=s;, sinf (11)

where s/, is the apparent power generated by the gas unit for
member / at time 7 7, is the efficiency of the gas unit; Oy
is the calorific value of natural gas combustion; V! is the
amount of natural gas consumed by the gas unit for member
i at time #; ;' is the power angle of the gas unit; and p;, and
q;, are the corresponding active power and reactive power,
respectively.
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CIC,H , determined by

. is defined by:
(12)

The operational cost of the gas unit
gas consumption and natural gas prices 7~
CH4V-T

CH, _
Ci,t 4_77'-t

VT is zero; thus, sT

For members without gas units, V, Lo Do
and ¢, are also zero.
2) PV Members
PV members must meet the following constraints.
0<p;/<pi; (13)
pv)> pv)> pv )2
(pi,t ) + (qi,t ) < (Si ) (14)
‘q ‘ <pi tan 6} (15)

where p!) is the active power generated by the PV unit; p!,
is the upper limit of PV output; s!) and ¢;, are the apparent
and reactive power generated by the PV unit, respectively;
and 0!V is the power angle of the PV unit.
3) ESS Members

For ESS members, the state of charge (SOC) must be con-
sidered. The SOC during the charging and discharging pro-
cesses of member i at time ¢ is SOC,,. We have:

dis
SOC, ., =SOC, + | " pth— it )Az (16)
50CT=S0C" (17)
p?tzplt p?]ts (18)

S

where p and p!® are the charging power and discharging
power of member i at time ¢, respectively; ™" and 7

the charging and discharging efficiencies, respectively; p?, is
the net power of the battery at time # and the SOC at the
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end of the scheduling horizon (SOC) is required to equal
that at the beginning (SOC)), ensuring energy neutrality
within each operation period. 7, is the 30 min interval in the
day-ahead stage. The SOC is constrained by its maximum ca-
paticity SOC,; and minimum capacity SOC » and the charging
power and discharging power are also limited by p¢" and

P, respectively.
SOC <S0C, < SOC, (19)
0 szcl; Spf}; (20)
0<pir<pi @1)

Finally, the balance of active and reactive power transmis-

sion also needs to be considered [24] as

lin load

pi=pS+pl—pi -l (22)
qit=q5+qt,—qi) —4q;, (23)
(pit) + (att) < () 4

load load

where p7¢ and ¢
mands of member i at time ¢, respectively. p}), p?, i, a
q;, remain zero for members without PV units or ESSs.

are the active and reactive power de-
and

III. PROPOSED STRATEGY OF COMMUNITY MICROGRID

This section models the community microgrid members
and PMO based on the descriptions in Section II. The com-
munity interaction is divided into three stages (I-III): day-
ahead management, real-time adjustment, and monthly settle-
ment, each addressing different issues. Figure 2 illustrates
the proposed strategy of community microgrid, where OPF
represents the optimal power flow.

Stage II: real-time adjustment

Real- tlme
proﬁles Correction Correction
;""Stage I: day-ahead management | Initial Adjusted 4 Stage III: monthly settlement
i 5 dispatch i
: Energy : P Energy
: Forecast, and : . —
: d : prices
ienergy and Local carbon [ Global | o )
carbon optimization optimization| | iReal-time Carbon il 5 ellossisn
prices i 1 profiles prices problem
b, 25, ib, g5 Billings of
) ) e community
Day-ahead interaction Real-time dispatch members
Community member; Community manager; Output of stage; —— Communication link; Connection between stages

Fig. 2. Proposed strategy of community microgrid.

A. Stage I: Day-ahead Management

In Stage I, each member submits planned energy transac-
tions for the following day to the PMO. The PMO then esti-
mates and allocates these transactions to minimize costs for
members. Reactive power and grid models are excluded in
this stage to simplify computations.

To maximize the benefits for members with renewable en-
ergy generation units, the CSC framework is enhanced. In
this stage, community microgrid members can utilize carbon
quotas in addition to electricity. They can buy carbon quotas
or sell excess ones based on their usage. A specific amount
of carbon quotas [25] wg, is allocated to each member with a
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generation unit, determined by their installed capacity:
w?,=D( !V +pP+pl,)
where D is the carbon quota allocation coefficient, which de-
termines the amount of carbon quotas granted per unit of in-
stalled generation capacity.

The gas units emit a specific amount of CO, during pow-
er generation calculated by:

(25)

Cco,_ T
Wi =0D;,

(26)

where a is the carbon emission factor of gas units, represent-
ing the amount of CO, emissions per unit of electricity gen-
erated by the gas turbine.

Consequently, the required carbon quota buying or selling

quantities, denoted by wi*" and w{ *, respectively, can be

determined:
CO,b CO, 0
W =max(w,.’,~—w,.’,,0) 27)
CO, 0 CO,
we?* =max (w!,—wE,0) (28)
where w!,, wi, wi*, and wi,** are zero for members with-

L Lt > it
out generation units.

buy __ _gbDA__gb cbDA __cbDA
Ci,t _pi,t T +pi,t T,

(29)

CO,buy __ _ ,CO,cb__cbCO CO,gb__gbCO
Ci =wom T w (30)
sell _ _gsDA __gs csDA __cs
Ri,t _pi,t T +pi,t T (31)
CO,sell __ . CO,cs___csCO, CO,gs___gsCO,
Ri,z _W[,r ’ T +Wi,t U (32)

where CP¥ is the electricity buying cost for member i at

time ; C; ™ is the carbon buying cost; R} is the electrici-
ty selling revenue; R is the carbon quota selling reve-
nue; p°* and p®P* are the electricity bought within the
community microgrid and from retailer by member i at time
t during the day-ahead stage, respectively; w > and wff)lgb
are the carbon quotas bought within the community mi-
crogrid and from retailer by member 7 at time ¢, respectively;
70 and 7% are the prices for buying and selling carbon
quotas within the community microgrid for carbon quota al-
location, respectively; p#™* and p¢™* are the electricity sold
to retailer and within the community microgrid by member i
at time ¢ in the day-ahead stage, respectively; wi > and

w are the carbon quotas sold within the community mi-

crogrid and to retailer by member i at time ¢, respectively;
and 72 and 78 are the prices for buying and selling
carbon quotas with external entities, respectively.

In this stage, each community microgrid member seeks to
minimize operational costs, as defined by the following ob-

jective function:

2 ( C}j;ly " C[SOZbuy 4 Clgm _ R?.Ct“ _ RE;)zseu) At,
e’ (33)
s.t. (1. 9)-(22), (29)-(28)

where the day-ahead decision variable x* comprises p{",
dis b b CO,b S S CO,s, .
pis» SOC,,, pti, piv, wii?, Pt piy and wi > and At is the

i, it

. DA __
min /"=

time interval of each day-ahead step.
To account for PV uncertainties, which may impact sys-
tem operation and pose certain risks to community schedul-

ing, several multiple scenarios are generated from historical
PV data, where S is the set of scenarios. The objective func-
tion for each member is then defined as:

mul\n fl_DAz z z ¢k< szuy"'Cftozbuy"'Cfrm_Rietll_REz()ZSdl)Atd

Xi keSteT,

s.t. (1), (9)-(22), (25)-(28)

(34)
where ¢, is the probability of each scenario.

While CVaR provides a coherent risk management by con-
sidering the expected value of losses beyond the VaR thresh-
old, it has limitations in capturing the full risk profile. CVaR
focuses primarily on tail risks at a single confidence level,
which can be overly conservative at high confidence levels
or insufficient for extreme events at moderate confidence lev-
els. To overcome these limitations, this paper adopts Glue-
VaR, which integrates two CVaRs and one VaR at different
confidence levels a and g, with a typically reflecting moder-
ate deviations and S addressing more severe risk events. In
contrast to the single threshold of CVaR, GlueVaR enables
multi-dimensional risk management across different confi-
dence levels, allowing for flexible risk preferences through
adjustable weights, as illustrated in (37). This comprehensive
risk management, combined with improved economic effi-
ciency, makes GlueVaR particularly well-suited to communi-
ty microgrid that faces significant uncertainties from renew-
able energy sources. The formulation of GlueVaR is ex-
pressed as:

C[G]ucVaR —w . C[CVaR/: T wZCiCVaR" + 0)3C[VaR" (35)
1
CVaR, _ ~VaR, "
C;=C, +71_a;¢kzi’k (36)
CVaR, _ ~VaR, 1 5
C "=, t13 y gqﬁkzi,k (37)
where C"V*® is the GlueVaR cost of member i; CS¥**« and

CV™ are the CVaR costs of member i at confidence levels
of a and p, respectively; 0<a<f<1; C'™ is the VaR cost
of member i at confidence level a; w,,w,,w; are the
weights, w;=1-m,-w,; and z, and z/, are the slack vari-
ables. By adjusting the weights @, and w,, GlueVaR can rep-
resent any risk measure within the range of both VaR and
CVaR [26].

To implement GlueVaR in the day-ahead stage, an equiva-
lent reformulation is introduced using auxiliary variables.
The CVaR terms at confidence levels o and f are linearized
by introducing z{, and z/,, which capture the cost excess
over the corresponding VaR thresholds in scenario k. The re-
sulting constraint set is defined as:

z/,20
) 38)
P (
27,20
22 DCHE+ LA™ =R =R =CY™ (39
t
B b CO,buy sell CO,sell VaR,
Zik2 E(Ci,tu,)llr+ci,t,k —Ry R ) -G (40)
t

The GlueVaR-based model can be expressed as:
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min (1
s.t. (1), (9)-(22), (25)-(28), (37)-(40)
where L, is the risk preference indicating the risk aversion of
members, with values ranging within [0, 1]. Higher L, values
indicate higher risk aversion, i.e., more emphasis on risk
management rather than on cost minimization.

Upon solving their optimization problems, community mi-
crogrid members submit their proposed volumes to the
PMO, which then verifies and adjusts them to minimize the
overall costs while ensuring balance in the community mi-
crogrid.

With carbon incorporated in this stage, the PMO must ac-
count for carbon balance constraints and establish the alloca-
tion coefficients for buying and selling:

@ = zwcma zlwcoZ

_Li)f}DA+LiCiGlucVaRj|
(41)

ield ield (42)
Wi
/‘Erz bt

t

43

LW “
K= T[
D=1

ield S (44)
z:ui,t =1

ield

Consequently, the optimization problem in the first stage
is:
min 0= 3 3 (ChY+ CEOM 4 O = R =R A,
ielUreT,
s.t. (2), (42)
(45)

B. Stage II: Real-time Adjustment and Voltage Regulation

This stage focuses on real-time control of community mi-
crogrid constraints, addressing the gaps left by the previous
stage, in which these constraints are not accounted for. To
mitigate uncertainties, the goal in this satge is to minimize
deviations between the proposed and actual quantities. Car-
bon is excluded from this stage due to its longer time peri-
od, which is incompatible with the requirements of real-time
response.

Stage I is divided into two parts: correcting deviations be-
tween stage I and stage II, and addressing the voltage viola-
tions.

First, community microgrid members use devices such as
ESSs to make adjustments, minimizing deviations between
actual and proposed volumes. This is represented by:

SOCPA— 54, <SOCR" <SOCP* + 95 (46)

where SOC]? is the day-ahead state of charge of member i
at time f#; Jgy is the tolerance of allowed SOC deviation;
and SOC f,TQ is the initial real-time state of charge of member
i at time ¢.

Each member addresses the correction problem to mini-
mize deviations, and submits the initial power pl‘“RT to the
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PMO.
2
min (pii™ =p}i")
RT (47)
s.t. 9)-(24), (46)
where p““DA is the day-ahead line power of member i at time
t; and x}" is the initial decision variable in the real-time

lin dis

stage that comprises p}", pl7, g/, ph, p¥, SOC, ,, and g7,

The PMO collects and verifies the initial decision vari-
ables x,.RTO from community microgrid members. If no volt-
age violations are detected, the submitted power meets the
requirements p!"™"=p"*" and no further adjustments are
needed.

If the PMO detects voltage violations, where p;;

linRT’
it

lmRT

the problem becomes a multi-objective optimal power flow
issue, which can be optimized using second-order cone pro-
gramming (SOCP) [27].

During voltage adjustments, each member submits new
power pi"*" to the PMO. This local optimization problem for
each member involves decision variables x!" similar to the
overall set of all decision variables xX" The objective func-
tion and constraints are given as:

( linDA linRT ) 2

min f*'= ( p/iP* —pih
xr

(48)
s.t. (9)-(24), (46)

Each community microgrid member aims to minimize the
deviations from the scheduled values.

After members complete adjustments, the PMO solves the
optimization problem to verify the new quantities and reduce
voltage violations across the community microgrid. To facili-
tate solving the problem, (5) is relaxed to (49) by SOCP.
Voltage limits are imposed to ensure safe operation, as
shown in (50).

2 g

1,2 P ) (49)
it

Vizv,, zgf, Vi (50)

where v, =0.95 p.u. and v;,=1.05 p.u. are the lower and up-

per limits of v, ,, respectively.
The problem of the PMO involves the following objective
function and constraints:

z ( piutlDA leRT)

ield

s.t. (6), (22)-(24), (49), (50)

RT
min /,

zljtl/

@j)eU

(51

where X*" is the variable set for the objective function; and
pi*" is the real-time line power injection of member i at
time ¢. The objective function minimizes the overall commu-
nity deviations between operations in day-ahead and real-

time stages as well as the grid losses.

C. Stage III: Monthly Settlement

At the end of each month, the PMO allocates community
energy and carbon quota to each member based on Stages I
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and II. By determining the allocation coefficients, the total
cost for each member is calculated.

Energy scheduling costs are computed based on real-time
transactions, with allocation coefficients updated every 30
min. The energy bought and sold by community microgrid
members during this interval is determined as the real-time
average as:

P?, 2 max (0 pl‘“RT)

“L’ ter,

2‘ min O p““RT) ‘

ter,

(52)

where P, and P;, are the average buying power and selling
power of member i over the 30 min interval, respectively;
and 7, is the interval between ¢ and ¢+ Af,—A¢,, and At, is
the duration of real-time interval.

The total actual energy available for distribution at time ¢
is [7] expressed as:

Q,= mm(EPl - ZP;,)

iel iel

(53)

where Q, is the total distributed energy that aligns with the
buying and selling.

The carbon quota allocation differs from energy allocation
as carbon trading is not considered in the real-time stage due
to its longer settlement period. Therefore, the carbon quota
quantities are determined based on the results of day-ahead
stage, and averaged over the day-ahead time intervals as:

zwcob

tet,

COb _
W

|Td

1
CO,s
e

Tylter,

CO, s
Wi (54)
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ield ield

where W.%" and W are the average carbon quota buying

Lt
and selling quantities of member i at time 7, respectively;
and 7, is the set of day-ahead time intervals.

However, some community microgrid members may en-
gage in fraudulent behaviors to increase profits. Stage II
aims to minimize deviations between operations in day-
ahead and real-time stages, enhancing grid safety and indi-
rectly deterring fraud, as excessive reporting may lead to
voltage violations. Nevertheless, this does not fully eradicate
the fraud, as fraudulent reports may not always violate volt-
age constraints of a member but can still impact other mem-
bers. To eliminate fraudulent behaviors, ensure fair alloca-
tion, and incentivize honest transactions, this paper employs
the VCG mechanism for adjustments and corrections during
the monthly settlement.

The VCG mechanism is described as follows [28].

First, the utility of community microgrid member 7 at time
t is calculated separately for energy trading and carbon quo-
ta trading as:

ugt:PEr_)Lthr
ZPS —/ﬁ 2,

SO Oy

COs WCOS lLt”Q

(35)

where ub and u;, are the utilities of member i at time ¢ for
buying and sellmg in energy trading, respectively; and u}, "

and u{>* are the utilities of member i at time ¢ for buying
and selling in carbon quota trading, respectively.

Next, the total utility excluding member i (denoted by sub-
script “—i”) is determined for both energy and carbon quota
trading as:

ulzi,t: 2 (P/bt_’l/bt‘Qt)
jetjzi
> (P-5.2)
jetji (56)
uor= S (WP,
jelUj=i
ui-_otzs: z (I/Vj,cfozs_#;tét)
jelUj#i

The actual contribution of member i under the VCG mech-
anism (denoted by superscript VCG) is computed for energy
and carbon quota trading as:

V(,Gb
- Zult - 71'.,
ield
VCGs
zuz t 7i,t
ield
VCG(O b_ CO b (57)
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ield
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Finally, the corresponding allocation coefficients are calcu-
lated for energy and carbon quotas as:
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The VCG mechanism, a truth-inducing mechanism for op-
timal solutions in community microgrid, effectively incentiv-
izes accurate reporting from community microgrid members.
Settlements are based on the marginal contribution of each
member to the overall welfare. Members are motivated to re-
port truthfully, as misreporting can lead to less optimal allo-
cations. Overstating demand diminishes the benefits of oth-
ers and lowers payments, while understating demand increas-
es the cost and payments. Reporting accurate energy demand
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and supply is the optimal strategy, regardless of actions of
others [29]. This paper focuses on individual fraudulent re-
ports instead of the collusion among multiple members.

The cost for each community microgrid member i at time
t is determined according to £, and @,. The internal schedul-
ing costs C™ and C;7'“* rely on the allocation coefficients
A¢, and A, for energy, and u, and 4, for carbon quotas, re-
spectively:

cmE __ VCGb cb VCGs cs
Ci,t _(ii,t ‘Qtﬂ:t _ii,r ‘Qr”r )5tm

(39)

cmCO, __ VCGb cbCO, _ , VCGs ¢sCO,
Ci,t - (lui,t ¢tﬂt Hiy ¢tﬂ:t )Cstm

where J,, is the monthly settlement time interval. The costs
with retailers C&* and C%* for energy and carbon quotas,

respetively, are expressed as:
Ccui=[(Po-2YC0, )at~ (P; -2V, )x |6,

gdCO, __ CO,b VCGb gbCO, CO,s VCGs gsCo,
Ci,t 2_l:(I/Vi.,t Tl ¢t)7rt _(Wi,t Ty Qt)nz ]5

tm

(60)
The total energy scheduling cost C\S is formulated as:
Ci=Cir+Cl
Cr=Cr+ ey (61)

gd _ vedE gdCoO
CH=CE"+CE™

To assess the fairness of the allocation method, this paper
employs Jain’s fairness index [30] to measure fairness.
Jain’s fairness index for buying and selling is defined as:

N 2
37
[Jbain ij\/l
NY(P)
N‘ , (62)
2]
IJSain_ l;\/ 2
V(P

where N is the total number of community microgrid mem-
bers; P" and P; are the average buying power and selling
power of member i, respectively. The available funds for the
PMO are expressed as:

2 z CIC;" = Csu[plus

ieUteT (63)
where 7 is the set of time intervals that constitute the sched-
uling horizon; C;}" is community microgrid cost of member i
at time #; and C,,,, is the community surplus (funds for the
PMO). The PMO can utilize the community surplus in vari-
ous ways. It may adjust the differences between buying and
selling prices to generate personal income or investment. Ad-
ditionally, the surplus can cover community microgrid costs
such as operational expenses or distribute additional benefits
to members.

Equation (64) caps the total cost for community microgrid
members, ensuring that it does not surpass the traditional
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cost of scheduling energy solely with retailers.
> C< D P at- > P Vield
teT,

(64)
where T is the set of monthly settlement time intervals. The
problem in this stage is an optimization task, where the allo-
cation coefficients 17, A}, u}, and x, are the decision vari-
ables. The objective is to minimize the discrepancy between
the actual monthly operational cost and the predicted cost
from Stage I, which is expressed as:
2
2 Cil,)zA - Ci.t

teT,

min E TS o
1b s b s
A N iy E Ci,t

ieT,

(65)

s.t. (D)-(4), (42)-(44), (52)-(61), (63), (64)

where CP* is the expected total cost for member i at time ¢
in the day-ahead stage.

IV. MODEL SOLUTION

The previous section outlines the proposed multi-stage op-
timization strategy for community microgrid, including the
associated optimization objective functions and constraints.
This section details the distributed optimization algorithm
used to address these problems. The distributed algorithm ac-
commodates differences among members and adapts to vary-
ing numbers of participants. Moreover, it ensures privacy
and security, as the PMO relies on current measurements
from smart meters and carbon emission data from sensors.

To address the aforementioned problems, this paper adopts
the ADMM algorithm, a distributed algorithm that solves the
augmented Lagrangian function through iterative updates of
local solutions, global coordinations, and dual variables [31].

The objective functions of members for Stages I and II,
given by (41) and (51), respectively, can be reformulated in
the following augmented Lagrangian form, where « is the it-
eration index.
min l:(l _Li)ﬁDA+LiCIQlucVaR+ %u x’!)A(K)_XiDA(x—l) ”z+

x’DA(»)

K— K K— 66
yPA( l)(xiDA()_XiDA( 1)):' ( )

s.t. (1), (9)-(22), (25)-(28), (35)-(40)

min |:f;RT+ y}zT(K- ])(x’RT(K)_XiRT(K—l)) + %H x:{T(K)_XiRT(K-l) uz:'

s.t. (9)-(24), (46)

(67)
where « is the iteration index of the ADMM algorithm; p is
the penalty parameter of the augmented Lagrangian function;
and pPA*"" and p*™* ) are the day-ahead and real-time dual
variables of member i at iteration k-1, respectively.

After the members complete their local optimizations, the
PMO collects all variables x* to solve the global problem Se
and update the global variables X®:
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min

)
min| f+ > 7"
i ield
s.t. Community microgrid constraints

Figure 2 illustrates the refined flowchart of the ADMM al-
gorithm, highlighting key decision points and coordination
within the community microgrid. In this algorithm, each
community microgrid member solves their own local prob-
lems independently based on personalized objectives. These
local problems are updated using the dual variables, penalty
factors, and convergence criteria initialized at the beginning

of the process.

‘ Initialize problem and parameters ‘

]

‘ Set penalty factor, dual variables, and convergence tolerance ‘

)
v

Solve local problems 1 to N independently for community
microgrid members

xO-XE) 4 %” XWX D uj )

a[rje?rizzrs Collect local results and solve global coordination
P problem to achieve PMO global optimization
N Does it coverge?
Fig. 3. Flowchart of ADMM algorithm.

After solving their problems, all members submit their op-
timized variables to the PMO, which performs a global coor-
dination step by solving a centralized problem that integrates
the results and enforces consensus across the network. This
global step ensures compatibility with power flow con-
straints, voltage safety limits, and balance requirements. Once
global coordination is completed, the PMO verifies conver-
gence. If the convergence is not achieved, the dual and local
variables are updated accordingly, and the process iterates.

This process provides the foundation for the settlement in
Stage III. The optimized results from the ADMM algorithm
in Stages I and II, including energy schedules, carbon alloca-
tions, and real-time adjustments, form the basis of calculat-
ing marginal contributions. Also, these results ensure that the
VCG mechanism is grounded in validated operational out-
comes, enabling fair and incentive-compatible settlements.

Since Stage III aims to minimize the deviations between ac-
tual billing and operational costs in day-ahead stage, it is suffi-
cient to directly solve (65) without requiring a distributed algo-
rithm.

V. CASE STUDIES

The multi-stage strategy for community microgrid pro-
posed in this paper is applied to the IEEE European low-
voltage (LV) test feeder with 55 community microgrid mem-
bers [32], as shown in Fig. 4.

The load power factor is assumed to be a constant 0.95 in

this paper. Distributed generation units have a unified power
factor, with capacities varying randomly. The power genera-
tion capacity of PV units ranges from 10 kW to 20 kW,
while ESS power and capacities range from 5 kW/10 kWh to
10 kW/20 kWh. The PV data are sourced from Paris, France,
based on historical reanalysis datasets from the European Cen-
tre for Medium-range Weather Forecasts (ECMWF) and the
National Aeronautics and Space Administration (NASA).

16 12

3336292534231822 19 21
- ~ Z
35 14

37 31 30 20
54 45 47 55

\ 52
112427 26 44 323846 4240 5141 43 50 53

39

m Main/upstream grid; 4+ Member without DER; m Member with PV
® Member with PV and ESS; @ Member with gas turbine

Fig. 4.
bers.

IEEE European LV test feeder with 55 community microgrid mem-

In all cases, electricity bought by community microgrid
members from the retailer 72* follows time-of-use (ToU)
pricing: peak-hour prices are at 11.75 c€/kWh and off-peak-
hour prices are at 7.97 c€/kWh. The selling price to the re-
tailer 72 is 6.5 c€/kWh. Within the community microgrid,
the electricity prices are 7.5 c€/kWh for buying and 7 c€/
kWh for selling. While the carbon quotas are relatively sta-
ble, the prices are at 7.2 c€/kg for buying and 6.7 c€/kg for
selling. Based on the contract prices of the EU Emissions
Trading System, the buying price from the retailer is 8.4 c€/
kg, and the selling price is 6.2 c€/kg.

This section develops five distinct PV power output sce-
narios to comprehensively analyze the PV uncertainties, as il-
lustrated in Fig. 5. These scenarios are generated through a
two-step method: first, Monte-Carlo simulation based on his-
torical PV data creates a wide range of possible profiles of
PV power output; then, K-means clustering is applied to
identify five representative scenarios. The first scenario mod-
els typical clear weather conditions with minor fluctuations
and stable PV power output. The other four scenarios incor-
porate increasing degrees of fluctuations, simulating varying
weather conditions such as cloud cover and overcast condi-
tions. This two-step method ensures that the selected scenari-
os comprehensively capture the instability of practical PV
power output and support the development of robust trading
and risk management strategies.

This section compares several cases of the proposed multi-
stage optimization strategy.

1) Case 1 is the traditional strategy that focuses solely on
electricity without GlueVaR, using proportional allocation
based on contribution.

2) Case 2 includes carbon alongside electricity but does
not use GlueVaR for PV risk, with proportional allocation
based on contribution.

3) Case 3 expands on Case 2 by replacing proportional al-
location with the VCG mechanism.
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Fig. 5. PV power output scenarios.

4) Case 4 expands on Case 3 by incorporating both elec-
tricity and carbon using the VCG-based allocation method
and considering multiple PV power output scenarios with
GlueVaR for risk management in Stage I.

5) Case 5 employs stochastic programming for risk man-
agement in Stage I to manage the PV uncertainties, using
the VCG mechanism in Stage III.

6) Case 6 uses robust optimization for risk management in
Stage I to address the PV uncertainties, also adopting the
VCG mechanism in Stage II1.

A. Convergence Analysis

All simulation is conducted on a computer with an Intel
Core 17-12700H processor and 16 GB of memory. The model
code, developed in MATLAB R2020b, is solved using Gurobi
11.01.

Table I shows that including carbon results increases solu-
tion time in Stage I compared with focusing solely on elec-
tricity scheduling. Additionally, considering multiple scenari-
os further extends iteration time. However, Stage Il is com-
pleted faster than Stage I, satisfying real-time operation re-
quirements. Parallel computing tools are used to enhance
computation speed and efficiency for both stages.

TABLE I
ITERATION TIME

Iteration time (s)

Case
Stage I Stage 11 Stage 111
1 68.014 294.127 348.951
2 112.165 294.127 348.951
3 112.165 294.127 567.442
4 236.243 387.481 567.442

Figure 6 illustrates the iterative convergence of primal and
dual residuals in Stage I of Case 4. After 15 iterations, both
primal and dual residuals closely align and approach zero,
confirming the convergence requirements of the ADMM al-
gorithm.

B. Economic Analysis

Figure 7 illustrates the allocation of electricity within the
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community microgrid different in Case 4 on a particular day,
where the different colors represent community microgrid
members. Most electricity scheduling occurs during the day-
time when PV output is high, while members with gas turbines
provide a baseline electricity supply. After 18:00, PV output
decreases, but electricity consumption rises due to the evening
peak, prompting gas turbines to ramp up output. Additional-
ly, members with ESSs begin discharging to maintain volt-
age stability.

12, ——Primal

0 5 10 15

Tteration No.
Fig. 6.
Case 4.

Iterative convergence of primal and dual residuals in Stage I of
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Fig. 7. Allocation of electricity within community microgrid in Case 4 on
a particular day. (a) For buyers. (b) For sellers.

Figure 8(a) compares the total costs and revenues of com-
munity microgrid members across six different cases. Com-
pared with Case 1, which involves only electricity schedul-
ing, the inclusion of carbon quota allocation in subsequent
cases raises both costs and revenues, significantly increasing
the overall profit. Compared with Case 2, the VCG mecha-
nism in Case 3 promotes more accurate reporting of informa-
tion, enhancing the overall welfare and boosting the revenue.
Case 4, which incorporates GlueVaR, enables community mi-
crogrid members to manage risks more effectively, leading
to a slight reduction in costs, a modest increase in revenue,
and an overall increase in profit of about 8%. Compared
with alternative risk management methods, Case 4 demon-
strates superior performance: it achieves higher revenues
than Case 5 while avoiding the excessive conservatism in
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Case 6, which shows the highest costs but relatively lower
revenues.

2500 ™= Cost
mm Revenue
2000
L
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=15 Export
Z 20
— 15
>
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Case 1 Case2 Case3 Case4 Case5 Caseb6
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(b)
Fig. 8. Cost, revenue, and energy in different cases. (a) Total cost and rev-

enue of community microgrid members. (b) Energy import and export.

Figure 8(b) illustrates a substantial increase in total electri-
cal energy when carbon is introduced. This development is
due to the carbon incentives for community microgrid mem-
bers with renewable energy sources, boosting renewable gen-
eration. Consequently, more electricity becomes available for
sale both in the community microgrid and the external grid.
Additionally, by accounting for the PV uncertainties and ex-
treme scenarios, community microgrid members can better
adjust their generation strategies, improving the risk manage-
ment.

C. Carbon Quota Allocation Analysis

Figure 9 provides a detailed view of the carbon repartition
coefficients on a specific day. Figure 9(a) shows that gas tur-
bine units progressively increase their output from early
morning, with a notable rise during peak periods to meet
the load demand, leading to higher carbon quota require-
ments. Conversely, Fig. 9(b) demonstrates that PV units can
sell carbon quotas. Consequently, during peak periods, PV
units sell carbon quotas within the community microgrid to
both gas turbine units and external buyers, enhancing the
revenue.

Figure 10 depicts the import and export of carbon quotas
in different cases. In Case 1, which excludes carbon emis-
sions, the values for both buying and selling are zero. In
Case 3, the VCG mechanism promotes increased sales by
fostering more honest transactions across the community. Ad-
ditionally, in Case 4, where GlueVaR is used to manage risk,
members manage uncertainties more effectively, leading to
further increases in earnings compared with Cases 2 and 3.
Cases 5 and 6 show intermediate performance in carbon quo-
ta trading, with Case 5 demonstrating moderate trading vol-
umes, while Case 6 exhibits more conservative carbon quota
transactions due to its risk-averse management.
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Fig. 9. Carbon repartition coefficients on a specific day. (a) For buyers.

(b) For sellers.
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Fig. 10. Import and export of carbon quotas in different cases.

D. Risk Management Analysis

Figure 11 illustrates total cost and GlueVaR under differ-
ent risk preferences L for each community microgrid mem-
ber. Figure 12 presents the relationship between total cost
and GlueVaR under different risk preferences L. Each red
marker corresponds to the average value of all 55 communi-
ty microgrid members under a specific L, and the vertical er-
ror bars depict the variability in cost among members. As L
increases, indicating stronger risk aversion, the correspond-
ing GlueVaR decreases, reflecting improved protection
against extreme events. However, this also leads to a higher
value of total cost. In contrast, lower values of L reflect
more risk-tolerant behavior, resulting in increased GlueVaR
but reduced costs. The inclusion of error bars captures the di-
versity of member responses, highlighting that cost-risk out-
comes vary across the community even under the same risk
preference setting due to differing resource configurations and
operational behaviors.

Table II presents comparative results obtained by different
weights under the commonly used confidence levels a=0.9
and £=0.95, which capture moderate fluctuations and more
extreme tail risks in power system and financial risk manage-
ment, respectively.
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TABLE 11
COMPARATIVE RESULTS OBTAINED BY DIFFERENT WEIGHTS

Risk measure ®, w, W, Risk value
VaR, 0.00 0.00 1.00 2015.62
CVaR, 0.00 1.00 0.00 2325.75
CVaR, 1.00 0.00 0.00 2095.37
GlueVaR 0.40 0.40 0.20 2240.51
GlueVaR 0.33 0.33 0.33 2155.16
GlueVaR 0.50 0.40 0.10 2375.83

Unlike traditional CVaR methods that rely on a single con-
fidence level, GlueVaR integrates multiple risk perspectives
within a coherent method, offering greater flexibility to bal-
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ance typical and extreme PV uncertainties. When only
CVaRﬂ is used, the risk estimate reaches 2095.37, indicating
a conservative but potentially rigid method. In contrast, rely-
ing solely on CVaR, produces a higher estimate of 2325.75,
which captures broader uncertainties but focuses less on ex-
tremes. The lowest risk of 2015.62 arises from relying only
on VaR, while the highest value of 2375.83 appears in a
mixed scheme dominated by CVaR, and CVaR, with
weights of 0.5 and 0.4, respectively. An equal-weight scenar-
io across the three risk measures yields a moderate estimate
of 2155.16. These results suggest that greater emphasis on
CVaR produces more conservative risk management, where-
as stronger reliance on VaR can lead to lower but potentially
underestimated risks.

E. Voltage Security Analysis

Figure 13(a) illustrates the voltage profiles for all communi-
ty microgrid members in the real-time stage, while Fig. 13(b)
focuses on a specific community microgrid member. The data
show that node voltages of members remain within the safe
upper and lower limits, demonstrating that the real-time ad-

justment effectively maintains voltage near the upper thresh-
old.
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Time

(b

Fig. 13. Voltage profiles. (a) For all community microgrid members. (b)
For a specific community microgrid member.

Figure 14 depicts the SOC of ESS for a specific day. The
SOC follows a preset trajectory with a tolerance margin of
040, and remains consistently within the allowable range
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of 20%-100%. The ESS units are configured with power ca-
pacities between 5 kW and 10 kW and energy capacities
ranging from 10 kWh to 20 kWh, operating under a round-
trip efficiency of 95%. This configuration allows the ESS to
dynamically respond to power fluctuations. The SOC profile
implicitly reflects the charging and discharging processes,
preventing overcharging or over-discharging and enhancing
voltage regulation and system stability, particularly during
peak demand periods.
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0.9+ —Scheduled SOC . {;------ .
0.8+ ----SOC limit

1 1 1

0 1 1 1 1 1
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Fig. 14. SOC of ESS for a specific day.
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E Fairness Analysis of VCG Mechanism

To assess the effectiveness of the VCG mechanism in en-
suring fairness and improve overall welfare, this subsection
employs Jain’s fairness index to measure allocation fairness.

Reference [28] shows that Jain’s fairness index ranges
from 0 to 1, with higher values signifying greater fairness.
Table III demonstrates that the VCG-based allocation meth-
od achieves the highest fairness scores of 0.71561 for import
and 0.64314 for export, outperforming other cooperative
game methods including Shapley value, nucleolus, and Nash
bargaining methods. This superior performance highlights
the effectiveness of VCG mechanism in eliminating fraudu-
lent behaviors and promoting fairness through its inherent in-
centive compatibility, which ensures truthful reporting as the
dominant strategy for all participants.

TABLE III
JAIN’S FAIRNESS INDEX

Jain’s fairness index

Method
Import Export
Proportional 0.42582 0.39651
Shapley value 0.64892 0.61573
Nucleolus 0.61247 0.58394
Nash bargaining 0.57428 0.54836
VCG-based 0.71561 0.64314

VI. CONCLUSION

This paper proposes a multi-stage optimization strategy of
community microgrid considering fair allocation and risk
management, based on the VCG mechanism and GlueVaR.
The propsoed strategy optimizes the energy consumption
and carbon emissions of the community by integrating car-
bon into the traditional CSC framework to enhance the total
welfare. It considers multiple PV units to address uncertain-
ties and employs GlueVaR to quantify risks arising from PV
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fluctuations, offering a more flexible and comprehensive
method for decision-making under risks. Additionally, the
VCG mechanism is used in the final stage to allocate reve-
nues fairly and mitigate fraudulent behaviors. Case study
analysis verifies the following conclusions.

1) By introducing the Jain’s fairness index to measure
fairness, the VCG mechanism significantly reduces fraudu-
lent behaviors by incentivizing members to report their ener-
gy supply and demand honestly. This enhances fairness in
transactions, improves the overall community welfare effec-
tively, and reinforces the system stability, ensuring the long-
term sustainability of community energy sharing.

2) The GlueVaR method offers a flexible and comprehen-
sive way to manage PV uncertainties by incorporating multi-
ple confidence levels for assessing both average and extreme
risks. By tuning risk preference parameters, community mi-
crogrid members can balance cost and risk, improving indi-
vidual outcomes and the overall community welfare.

3) The improved CSC framework increases income for re-
newable energy members. By combining carbon with local
energy sharing, it promotes renewable energy sharing and
more efficient consumption of energy. In addition, it is capa-
ble of contributing to the sustainable growth of the communi-
ty energy systems.
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