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Abstract—Recent Italian regulation rewards Local Energy
Communities (LECs) through two distinct channels: an incentive
for virtual shared energy and market access for distributed bat-
teries that provide up-regulation. These incentives often conflict,
as charging batteries to maximize the shared energy limits the
capacity to provide ancillary services, and vice versa. Currently,
quantitative tools for effectively balancing these objectives are
lacking respecting the electrical constraints of the low-voltage
grid. To fill this gap, a multi-objective optimization is proposed
that co-maximizes the revenue from up-regulation and the virtual
shared energy reward, under the constraint that the daily energy
bill does not exceed a predefined baseline. The implemented
mathematical programming formulation utilizes multi-objective
second-order cone programming (SOCP) with linear constraints
to incorporate the network’s physical constraints. Linearization
and decomposition techniques are employed to simplify the
problem. By adjusting the physical constraints of the network,
the impact of energy communities on the distribution network
can also be evaluated with different objectives. The model allows
the representation of real peer-to-peer trading, quantifying its
effects on both revenue streams and voltage profiles as well as
power losses. Trade-off analyses performed on an 84-bus radial
distribution network, under both constant and variable prices,
show that the framework adapts smoothly to market volatility,
highlighting when it is advantageous to prioritize up-regulation
and when it becomes preferable to maximize the virtual shared
energy incentive.

Index Terms—Local energy community, ancillary services,
distributed optimization, reserve, tradeoff, up-regulation, virtual
energy sharing.
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NOMENCLATURE AND ACRONYMS

A. Nomenclature

Q The set of all the prosumers.

At The time step.

t The index for time intervals.
The index for prosumers.

T The time horizon.

Uj t The square rms value of the current.
The square rms value of the voltages at each

input and output terminals respectively.

Vini,t> Vouti,t

Ti, Tj The line resistance and reactance respec-
tively.

Piits Pouti,y The input and output active power flows
respectively.

Qini t> Qouti,+ The input and output reactive power flows
respectively.

Pyit, Qgir  The active and reactive power generation
output respectively.

P ¢, Qui The active and reactive power load consump-
tion respectively.

Periai The power exchanged by the prosumer with
the grid.

Perid_init» The power flows of the transactions between

Perid_outit prosumer ¢ and the utility grid respectively.

Bouy_gridi ¢ The power bought at price Thyy¢.

Paen_gridi¢ The power sold at price mgelys-

Pirci The power exchanged by prosumer i with
the others in the energy community.

PrLEC init The power flows due to transactions with
other prosumers.

Piserit The aggregate active and reactive power ex-

Quseri,t changes for each user respectively.

PViys The active power generated by the external
PV resources connected to the substation.

E;, The energy level of the BES.

Lohargei, ts The losses incurred during battery charging

and discharging respectively.
The prices of buying from and selling to the
grid respectively.

gdischargei,t
Thuyts Tsellt

Tchargei» BES charge and discharge efficiencies re-

T)dischargei SpeCtively.

PPiss The baseline power profile of prosumer 7 at
time t.
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Bidyp The offered price for the up regulation re-
serve.
Inc The incentive due to the shared energy re-
ceived by the LEC, expressed in €/ MWh.
PrEsit,s The power output of BES.
PgESz‘, . The charging and discharging power of BES
Pgisis respectively.
\ossi, 50 The real and imaginary parts of the losses
Qiossit,s respectively.
B. Acronyms
BES Battery Energy Storage.
DERs Distributed Energy Resources.
GSE Gestore dei Servizi Energetici.
HV/MV  High Voltage/Medium Voltage.
LP Linear Programming.
LEC Local Energy Community.
MGs Microgrids.
SOCP Second-order Cone Programming.
SOC Second-order Cone.
UVAMs Virtually Aggregated Mixed Units.

I. INTRODUCTION
A. Research Motivation and Problem Statement

ESEARCH on local energy communities (LECs) can

address some challenges related to microgrids (MGs),
given the more synergies than differences between LECs
and MGs. LECs and MGS have similar goals but different
objectives and business models [1], [2]. However, in the
context of community microgrids, which consist of consumer
or prosumer groups managing distributed energy resources
(DER) and significant distribution assets, these differences can
become blurred. Nonetheless, advances in microgrid technol-
ogy can greatly support the establishment and functionality
of LECs [1]. Thus, research on LEC services and flexibility
can support MG advancement, aiding the transition to fully
renewable future energy systems.

Energy communities address crucial needs by promoting
energy independence, sustainability, cost savings, community
empowerment, and grid support. LECs reduce dependence on
centralized energy sources and increase resilience to disrup-
tions. By prioritizing renewable energy sources, communi-
ties mitigate environmental impact and contribute to global
sustainability goals. By collectively investing in renewable
technologies and energy efficiency, participants can realize
long-term cost savings and potential revenue generation. Par-
ticipating in decision-making processes strengthens commu-
nity engagement and supports local economies. Moreover,
energy communities can supply ancillary services, enhancing
grid stability and reliability. Overall, LECs offer sustainable,
affordable, and resilient energy solutions while empowering
local stakeholders to shape their energy future. One of the
main open challenges that motivates research on LEC is the
issue related to the services and flexibility that communities
can provide to meet operational goals. Therefore, there is a
need to find a tradeoff between energy costs, revenue from
the virtual energy-sharing incentive, and revenues for ancillary
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services provision for energy communities while considering
power exchanges among participants within the LEC.

B. Related Work and Literature Review

Recent efforts in energy communities have addressed energy
exchanges and pricing models [3]-[10], employing various
methodologies such as game theory [3], decentralized bilateral
trading [4], [5], and market models for distribution networks
[6]. Sensitivity analysis, in [7], evaluated the impact of trans-
action effects on network constraints, while [8] proposed an
energy-trading method to alleviate peak demand by incentiviz-
ing prosumers. Additionally, a game-theoretic approach in [9]
introduced a method for heterogeneous prosumers to trade
energy within virtual microgrids, while [10] tackled an energy
block contract market using a privacy-preserving distributed
algorithm, enabling flexible service trading.

Local energy communities are anticipated to play a vital
role in offering flexible services for power system operation
and control. The integration of energy storage systems will
improve the management of electric vehicle charging and
the implementation of demand response initiatives. Moreover,
exploring options, such as converting electricity into heat,
compressed air, or hydrogen, can further enhance grid flexibil-
ity. Additionally, the reactive power capability of photovoltaic
converters can be used to optimize voltage profiles [11]. Re-
search conducted across various European countries indicates
that the flexibility of mid-sized energy communities reduces
the costs for heat and electricity systems while deferring the
need for additional generation capacity [12]. Furthermore,
studies employing methodologies like Markov modeling and
reinforcement learning demonstrate that energy trading within
local energy pools enhances prosumers’ income and surplus,
facilitating more effective utilization of renewable energy
resources [13].

In the analysis detailed in [14], the concept of frequency
restoration reserve, crucial for maintaining balance in the
transmission network, has been ingeniously achieved through
the collective power of prosumers. By leveraging the sheer
number of prosumers involved, a distributed approach has
been meticulously crafted, showcasing remarkable scalabil-
ity. Meanwhile, the strategy outlined in [15] has focused
on optimizing end-user benefits through peer-to-peer energy
trading, prioritizing users’ interests while overlooking net-
work constraints. A centralized day-ahead energy and reserve
scheduling system for a LEC that tackles the uncertainties
inherent in electricity pricing and renewable energy sources
with a robust optimization framework, particularly targeting
spinning reserve scheduling, has been studied in [16]. Ref-
erence [17] has proposed a sophisticated two-stage stochastic
programming model within a centralized market framework to
analyze the provision of reactive power by distributed energy
resources as an ancillary service. Likewise, [18] has adopted
a centralized approach in a LEC, harnessing the potential
of flexible energy resources such as electric vehicles and
batteries for day-ahead and real-time operational scheduling,
along with providing a frequency restoration reserve, albeit
without directly considering network constraints. In [19], a
stochastic method is employed to schedule energy and reserve
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for numerous PV-battery units, shedding light on the engage-
ment of aggregators and end customers in the ancillary service
market. A distributed parallel optimization technique has been
introduced in [20] to clear the day-ahead and real-time ancil-
lary service markets, ensuring scalability for a large number
of prosumers equipped with PV-battery systems. Collectively,
these approaches significantly advance energy management
practices and grid stability. In previous studies, the ADMM is
employed to solve the distributed optimization by using off-
the-shelf solvers such as GUROBI, CPLEX, or MOSEK. The
main challenges in finding trustable solutions are the computa-
tion burden and linearization tasks, which need more research
efforts to empower the computational and energy tools. Virtual
peer-to-peer exchanges are analyzed in [20] without directly
evaluating network constraints and power losses. An optimal
conic projection method based on local computations has been
proposed to preserve the privacy of prosumers [21], where
the objective function calculates only the baseline, and the
obtained cost is used to determine the constraint related to
the energy cost. Energy and reserve scheduling for a LEC are
achieved by using a distributed optimization with technical
limits in [22]. The method proposed in [21] only minimizes the
cost of the energy exchanges with the main grid. By contrast,
the method proposed in [22] also maximizes the revenue from
the provision of ancillary services. The SOCP formulation
embedded in sequential Alternating Direction Method of Mul-
tipliers (ADMM) procedures are adopted in [23] and [24]. In
[25], a real-time distributed parallel optimization is proposed
for scalable and privacy-preserving energy scheduling of a
large energy community. Still, the peer-to-peer energy ex-
changes are virtual, and network constraints and power losses
are not considered.

C. Description of the Considered LEC and Regulatory Frame-
work

A LEC is a place where prosumers can flexibly purchase
energy from the reseller (here considered as the external
grid) or use locally generated electricity for self-consumption
according to their demands and decisions by the LEC manager.
Also, prosumers can trade surplus energy through peer-to-peer
(P2P) energy exchanges or store it in their local batteries.

In recent years, new revenue opportunities have arisen for
LECs equipped with flexible resources, such as energy storage
systems. A LEC can not only minimize the costs related to
the energy absorbed from the main grid but can also generate
revenues through the provision of ancillary services, such as
up-regulation, or from the virtual energy-sharing incentive.

It is worth noting that in the context of the proposed
methodology, we focus on the concept and definition of energy
sharing, which is specific to the Italian regulatory context
and linked to a particular incentive mechanism, as explained
below. In alignment with the Italian regulatory guidelines,
the incentive tariff is related to the energy shared within
the energy community; additionally, both members and the
photovoltaic (PV) installation must reside within the distribu-
tion network segment served by the same HV/MV substation.
The computation of shared energy is performed by Gestore
dei Servizi Energetici (GSE), which utilizes measurements
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provided by the distribution system operator. Specifically, GSE
compares hourly data of energy injection from the PV plant
and hourly energy consumption by all users, generating 24
distinct hourly pairs each day. For each pair, the hourly shared
energy corresponds to the lesser of the two values. In contrast,
the daily shared energy is the cumulative total of these hourly
minimum values, as will be detailed in Section II.

It is worth noting that the concept of energy sharing we
refer to is related to the Italian regulatory framework for the
promotion of energy communities, which is also adopted by
other regulations. Here the energy sharing is referred to as
virtual energy sharing, and is different from real peer-to-peer
energy exchange within the community.

The maximization of revenues from the virtual energy-
sharing incentive under the Italian regulatory formula is gener-
ally in conflict with the maximization of the revenue from the
provision of ancillary services, especially in the context of up-
regulation in the secondary reserve or Balancing Market (BM)
with the Italian Virtually Aggregated Mixed Units (UVAMs),
which we consider in the proposed methodology. The inte-
gration of ancillary services, especially up-regulation as in the
proposed method, requires operational flexibility that may con-
flict with the revenue maximization from the virtual energy-
sharing incentive, where trade-off analysis becomes essential.
For example, suppose the community prioritizes maximizing
the revenue from the virtual energy-sharing incentive. It may
limit the availability of energy to respond to grid requests
for up-regulation since the batteries of the prosumers may not
have been charged to the state of charge (SOC) level necessary
to provide the up-regulation agreed with the system operator
after the offer is accepted in the balancing market.

One of the primary reasons for the conflict between the
revenues from the virtual energy-sharing incentive and the
revenue from the provision of up-regulation is the timing
requirement. For example, up-regulation services often require
batteries to be discharged at certain times of the day. On
the other hand, to maximize the revenue from the virtual
energy-sharing incentive according to the Italian regulatory
framework, it would be more advantageous to discharge or
charge the batteries at different times of the day, considering
the energy generated by the external photovoltaic generation
system. These different optimal time frames for battery usage
introduce a clear trade-off between the two objectives, mo-
tivating a multi-objective optimization approach proposed in
this paper.

To the authors’ knowledge, a research gap exists regarding
the necessity for LEC managers to explore a range of potential
solutions that balance the conflicting objectives related to
the revenue maximization due to the up-regulation flexibility
provided by a LEC and to the virtual shared energy defined
considering the Italian regulatory framework while constrain-
ing the energy cost below the baseline costs incurred when no
additional revenues are pursued.

Thus, a new multi-objective optimization is proposed to
evaluate the trade-off between the conflicting objectives in
a timely and effective manner. By considering the technical
network limits, the impact of energy communities on the
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distribution network can be assessed in presence of different
objectives.

Another innovative contribution of the proposed method is
its consideration of real peer-to-peer energy exchange impacts
on virtual energy sharing maximization under the Italian regu-
latory framework. We investigate how the interaction between
real and virtual energy sharing affects the overall community
energy management, and how it can be optimized together
with the provision of up-regulation.

The implemented mathematical programming formulation
is based on multi-objective second-order cone programming
(SOCP) plus linear constraints and considers network con-
straints and power losses since they can limit the energy shared
or the provision of up-regulation.

The LEC manager can evaluate the impact of energy com-
munities on the distribution network by assessing physical
constraints, power losses, line thermal loading, and steady-
state voltages.

The proposed method is also based on a new technique
based on the L;-norm to decompose the SOCP into LPs plus
conic projections, which allows solving the problem by using
standard simplex LP solvers. In the iterative procedure, the
objective function penalizes the L; distance of the solution of
the new LP to the conic projection of the LP of the previous
step. As a result, the sequence of the LP solutions gradually
tends to the conic feasible region. The proposed approach
introduces several original features and advantages, including a
linearization technique that decomposes the SOCP into a series
of alternating conic projections and LPs. Also, we simplify the
implementation by linearizing a non-linear term related to the
shared energy results without relying on SOCP solvers.

D. Paper Contributions

The papers catalogued in Table I tackle isolated aspects
of local-energy optimization, but none achieves the joint
maximization of the Italian virtual shared-energy incentive and
up-regulation revenue under explicit network limits.

TABLE I
THE RELATIONSHIP OF THE PROPOSED METHOD WITH OTHER
RELATED ONES

Trade-off analysis

Network P2P considering Ancillary

References  physical energy energy sharing services
constraints  transitions and the provision  provision

of up regulation

[3] X v X X

[6] v v X v

[8] X v X X

[9] X v X X

[10] X v X X

[19] X X X v

[20] X X X v

[21] v v X X

[22] v v X v

[23] v v X X

[25] X v X v

This paper Vv v v v

“v” means that this aspect is considered in the implemented method; “X”
means that it is not considered.

In [3] the authors design a game-theoretic peer-to-peer
market with fixed import/export tariffs; but the ancillary-
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service provision and voltage constraints are not modeled. In
[8] a grid-influenced P2P scheme is proposed, again under
static prices and without reserve services or branch flows. In
[9] the authors introduce a virtual micro-grid for heteroge-
neous prosumers, focusing on energy trading only. In [10] a
privacy-preserving block-contract market is formulated, still
omitting service provision and grid physics. In [6] peer-to-
peer transactions are co-optimized with reserve scheduling via
distribution locational prices, but the Italian measurement rule
for shared energy and its incentive are not represented. In
[19] battery-based up-regulation revenue is quantified through
a MILP, which neglects the shared-energy tariff and uses a
simplified radial network.

In [20] the authors employ a privacy-preserving distributed
alternating LP-conic projection method to minimize energy
cost for PV-battery aggregations. Price inputs are determin-
istic, the shared-energy incentive is excluded, and only a
single objective is addressed; hence, the conflict between up-
regulation and virtual sharing is beyond the study scope. In
[21] a scalable scheduling algorithm based on sequential LP
plus conic projection is presented, targeting cost minimization
under virtual peer-to-peer exchanges. Ancillary services, price
volatility, and the Italian incentive are not considered. In [22]
an L-BFGS distributed solver schedules energy and reserve
while accounting for network limits. Although up-regulation
revenue is modeled, the shared-energy premium and variable
day-ahead prices are omitted. In [23] peer-to-peer trading is
embedded in a DSO loop that respects AC constraints, yet the
objective is cost minimization only, and the Italian incentive
is absent. In [25] real-time optimization is assessed from a
scalability and privacy standpoint; the objective is again cost
minimization, with no physical grid model or revenue stacking.

As summarized in the comparative columns of Table I,
the proposed methodology advances the state of the art by
integrating, for the first time, the following contributions:

o Dual-incentive formulation: a multi-objective optimiza-
tion is proposed, which jointly maximize the Italian vir-
tual shared-energy premium and the revenue from battery
up-regulation while enforcing a strict daily energy-cost
cap.

o Physics-aware economics: full DistFlow equations, in-
cluding branch losses and nodal-voltage limits, are em-
bedded directly into the multi-objective framework, al-
lowing each economic solution to be accompanied by a
technically consistent assessment of grid impact.

e Solver innovation: a L;-regularized LP together with a
conic-projection routine removes the need for dedicated
SOCP software and converges on standard hardware.

o Real peer-to-peer interaction: internal peer-to-peer trans-
actions can be switched on within the same model,
quantifying how intra-community power re-allocation re-
shapes both revenue streams and the resulting trade-off
surface.

o Decision-oriented output: the method delivers a Pareto
frontier that converts complex regulatory interactions
into grid-feasible schedules and clear economic metrics,
providing community operators and policymakers with
ready-to-use guidance.
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E. Paper Organization

This paper is organized as follows. Section II introduces
the model formulation. Section III presents the proposed
methodology and discusses the numerical results in detail.
Section IV concludes the paper.

II. MODEL FORMULATION

Similar to [19], the system model represents the internal
network of the LEC as a mixture of radially arranged and
balanced interconnected lines, thus using a single-phase rep-
resentation. Each line ends with a connection to a prosumer.
Each prosumer, together with the power supply line, is char-
acterized by two connection points, represented here as the
input side and the output side. The input side is connected to
the slack bus (i.e., the MV secondary side of the substation
transformer) or the output side of the previous branch. The
output side is connected to the input side of the next branch or
remains disconnected in the case of terminal branches within
the network.

The local market is replaced by the community, which
allows direct transactions between participants and collects
the revenue from the virtual energy-sharing incentive and
from the provision of ancillary services (i.e. up-regulation)
to the transmission system operator. {2 denotes the set of all
prosumers. Prosumers and periods are denoted by ¢ and ¢,
respectively. At denotes the time step and 7" denotes the time
horizon. In what follows, the main variables used to design
the model are introduced briefly:

E;; is the energy of the BES and {chargei, > Ldischargei,: the
losses incurred during charging and discharging, respectively.
Prosumers can conduct energy transactions both with the grid
and other prosumers of the LEC.

Input parameters are:

z

)

PV-battery
system /
Iz

A
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1) Thuyts> Tsellts Tis Tis Pli,ta Qli,ta Pgi,ta and ng‘,t;

2) BES charge and discharge efficiencies, respectively rep-
resented by nchargei and ndischargei;

3) Minimum and maximum limits of Pegsi ¢ Eits Vinit
and Vouti,t»

4) The upper limit of w; ;.

Pyria_ini,t and Pgria_outs,+ represent the power flows between
prosumer ¢ and the grid and Ppgc_ini,+ represents the power
flow with other prosumers.

As shown in Fig. 1, the LEC consists of several prosumers
that are connected to a distribution network. The network has
radial topology. The prosumers, connected to a given node, are
aggregated. Each prosumer has a PV system (generation units
in the general case), electrical loads, and a BES. Prosumers
are allowed to receive energy from the main grid and sell their
excess power to the main grid. They are also free to exchange
energy with each other.

Fair prices for energy exchanges are automatically deter-
mined by the optimization procedure, taking into account both
the temporal and spatial aspects of the participating prosumers.
These prices are computed based on the dual variables derived
from the balancing constraints within the optimization model
[21].

The relationship between the community manager and the
community members is beyond the scope of this paper. The
prices of the internal transactions are the main aspect that
characterizes the relationship between the community and its
members. In the proposed model, each user is free to be part of
the community or not. Moreover, users are free to choose their
reseller. Each user can transact with the reseller and with the
community. The meter is unique, and the meter reading should
be equal to the sum of the energy exchanged with the reseller
and the community for each period (e.g., 15 minutes). The
price of the internal transaction can be provided by the shadow
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Radio communication (SN)

Ancillary services
market

Flexibility
procurement

meter

£
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meter
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Fig. 1. A single-line diagram representative of the local energy community.

_\Price forecast 'y



SIANO et al.: MULTI-OBJECTIVE OPTIMIZATION FOR ASSESSING TRADEOFFS BETWEEN ENERGY SHARING AND ANCILLARY SERVICES IN LOCAL ENERGY COMMUNITIES

price of such a balancing constraint. This pricing method
ensures that no member of the community is disadvantaged by
participating in the community and can also serve as a guide
for the distribution of revenues from the virtual energy-sharing
incentive and revenues for the provision of up regulation.

To account for the uncertainties associated with PV produc-
tion and load forecasting, this paper focuses on a scenario-
based stochastic approach and presents test results over a one-
day horizon consisting of 96 15-minute periods.

To account for forecast uncertainty, multiple scenarios of PV
production and load are created by adjusting the forecasted
profiles using random variations. These variations represent
possible forecast errors and are generated by using a stochastic
process that evolves over time. The randomness can include a
correlation between time steps to reflect the fact that forecast
errors are not entirely independent and tend to persist. The
level of uncertainty increases as the forecast horizon extends,
and this is modeled by gradually increasing the standard
deviation of the random variations over time. A large number
of scenarios can be generated to capture a wide range of
possible outcomes. However, solving stochastic optimization
problems with too many scenarios can be computationally
demanding. To reduce complexity, it iS common to group
similar scenarios using a clustering method such as k-means.
This method identifies scenarios that have similar time profiles
by measuring the Euclidean distance between them. Scenarios
that are closer to each other in this sense are grouped, and each
group is represented by the average scenario. If the original
scenarios are assumed to be equally likely, the probability
of each clustered scenario is proportional to the number of
original scenarios it represents. The resulting optimization
model is then formulated as a deterministic problem, where
the objective functions for each representative scenarios are
summed, each weighted by its corresponding probability 7.

The calculation of the reference baseline when the following
objective function is minimized is:

Ogrid = § ’/Ts{ § § (7rbuy, thuy_grid i,t,8

seS i€EN teT
— Tell, ¢t Prell_grid i,t,s)At} (1)

Since the buying prices are generally higher than the selling
prices, the LEC prefers to maximize the internal energy
balance.

The revenue due to the flexibility (up-regulation) offered by
the LEC is:

the
Rﬂcx = Z Ts BidUP Z Z Pikf?:ie - Z Pgridi,t,s At
s€S thp LiEN iEN
2)
where Plb,?ze represents the baseline. The offered price for the

regulation is denoted as Bidyp. Up- and down-regulation are
referred to and evaluated at the point of connection (HV/MV
substation) of the test system to the transmission grid (i.e.,
nodes from A to K) in Fig. 3. Rgex is the revenue due to the
total offered flexibility the time period [tip, t/,0].
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Equation (2) is for up-regulation and a similar equation
would hold for down-regulation [19], [20].

In alignment with the Italian regulatory guidelines, the
incentive tariff is exclusively dedicated to the energy shared
within the energy community; additionally, both members
and the photovoltaic (PV) installation must reside within the
distribution network segment served by the same HV/MV
substation. Within each LEC, PV systems are categorized
into internal and external installations. Internal systems are
directly located at prosumer sites, while external systems
consist of larger installations situated near the community
and are connected to the same HV/MV substation of the
distribution grid. Managed collectively or by third parties,
these external installations are specifically counted because,
under current Italian regulation, energy shared from these
larger-scale external systems is eligible for incentive tariffs.
The computation of shared energy is performed by Gestore
dei Servizi Energetici (GSE), which utilizes measurements
provided by the distribution system operator as explained in
the previous section. The shared energy is defined as follows:

Eshared = § IHiIl( § Pbuy_grid i,t,8) E (Psell_grid i,t,8

teT €N i€EN

+ PViys )) At 3)

where At = %.

Specifically, the GSE compares hourly injections from the
external PV system against the hourly withdrawals by all com-
munity members, resulting in 24 hourly pairs per day. For each
hour, the shared energy is the lower value within each pair, and
the total shared energy during a day is obtained by summing
these hourly values. The concept described here is known as
virtual energy sharing, as defined by the Italian regulatory
framework for energy community incentives. This approach,
also used in other regulatory contexts, differs from the actual
peer-to-peer energy trading among community members.

The revenue due to the shared energy is calculated as
follows:

Ishared_energy = Inc X Egared 4

The incentive for the energy community, indicated as Inc,
represents the remuneration associated with shared energy,
measured in €/MWh. Given the objective of simultaneously
maximizing both Rgex and Ihared_energy, the optimization prob-
lem is structured as:

max (Rﬁex P I shared_energy ) (5)

The following constraint is included:
Cgrid < C(grid—base (6)

where Clrig-base denotes the cost obtained from the baseline
optimization scenario, which minimizes Cgig to define the
base-case power profile of each prosumer Pff;c.

This profile is included in the constraint, presented in (7),

related to the minimum power flexibility P that should be
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provided by the local energy community for the provision of
up-regulation:

D PP =N Paiains > PP VEE [typ,thp] Vs ()

ieEN iEN

While constraints (6) and (7) are global constraints, there are
also some local constraints to consider, which are described

below.

The constraints related to batteries are as follows:
Pgrsiyt,s — Popsis T Popsis = 0 (®)
gchargei,t,s = (1 - nchargei)P]g_ESi7t7s )

1
Edischargei,t,s = < - 1) P];FESi,t,s (10)
Tldischargei
Ei,t,s = Ei7t717s - (PBESi,t7S + Echargei,tﬁs
+ gdischargci,t,s)At (1 1)

Here the battery energy storage (BES) output is indicated by
PsEgi.+,s while non-negative variables P];FESZ-J’S and PB*ESM’S
represent BES charging and discharging power, respectively,
and 7charges aNd Ndischarges Symbolize their respective effi-
ciencies. Charging and discharging power losses, represented
by Lenargei,t,s and Laischargei,t,s are minimized by using a
penalty terms that is incorporated into the objective function.
Additionally, (11) describes the battery SOC evolution over
consecutive intervals, assuming equal initial and final SOC
values across the evaluation horizon.

For each prosumer, the active and reactive energy exchanged
is expressed as follows:

12)
(13)

Puseri,t,s = Ijli,t,s - sz',t,s - PBESi,t,s
Quseriﬁt,s = Qli,t,s - Qgi,tﬁs - QBESi,t,s

where Piseriyt,s and Quseri t,s Tepresent each prosumer's net
active and reactive power demand for power exchange, re-
spectively. Variables F;;, and ;¢ represent each pro-
sumer's active and reactive power demand, respectively. For
this analysis, Qgit,s = @BESi,¢,s are set to zero. Aggregating
the prosumers’ contributions to network losses, the power
exchanged with the grid and other prosumers is expressed as
follows:

(14)
5)

Pi,t,s = luseri,t,s + -Plossi,t,s
Qi,t,s = Quseri,t,s + Qlossi,t,s

Real and reactive losses are indicated as Plogsi¢,s and
Qiossi,t,s respectively, while power exchanged between the
prosumer and the grid is denoted by P;; ; and @); ¢ s respec-
tively (when the power loss is taken into account).

The energy exchange between prosumers, the main grid, or
within the community adheres to the following constraints:

(16)
a7

Pt s = Paridit,s + PLECI L,

Pgridi,t,s = Pbuy_gridi,t,s — Isell_gridi,t,s

Pyridi e,s signifies the energy exchanged between the pro-
sumer and the main grid and Ppgci. s represents the in-
teraction among prosumers, with positive values indicating
consumption and negative values production. The cumulative
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sum of P_LEC across all prosumers at each time ¢ and scenario
s equals zero.

The summation of all the Ppgc for all users ¢, at the
same time t and scenario s, is supposed to be 0. Once
the optimization is solved, the shadow price of Prgc is
obtained from the dual variables corresponding to (16), which
represents the price of energy exchange between the prosumers
of the LEC in each period and scenario.

The so-called branch flow model or Distflow [26] provides
the square of the rms values of the terminal voltages, v;, and
Vout, as Well as the current for each branch u. At each branch,
we denote the series resistance and series reactance by r and z,
respectively. The power losses, Ploss and Q1oss, in each branch
are r v and x u, respectively. In [14] a fair way of branch loss
distribution is proposed.

A. Trade-off Analysis

In multi-objective problems, the decision maker must sub-
jectively decide the final compromise solution based on multi-
ple criteria and sometimes conflicting goals. There are several
methods to tackle this problem, and the one that we have
chosen to use in this paper is the constrained technique [27],
in which a set of so-called non-dominated solutions can be
computed from which the final decision maker can choose a
satisfactory solution subjectively.

In the special case of bi-objective optimization, one objec-
tive function is chosen as the “master” objective and the other
“slave” objective is considered as a new constraint.

Therefore, the formulation becomes:

(18)
(19)

max f1(x)
st. fo(z) >

where ¢ is incremented by Ae in a range. Suppose that € €
{e0 + Ae, -+ ;0 + nAc} and for e; = ¢ + iAe the optimal
value of the objective function in (19) is equal to z;, then
we call (e;,2;) is dominated by (g;, z;) if €; > &;&z; > 2
or ¢; > g;&z; > z;. Among the solutions corresponding to
(e1,21), "+, (€n, zn) only the non-dominated ones are kept.

Now, in (5), we choose the first objective function as the
“master” objective, and the second “slave” objective will be
newly constrained as follows:

(20)
21

max Rgey
s.t. Ishared_energy =€

The proposed scheduling framework couples a bi-objective
revenue maximization with a physics-aware representation of
the community grid. Decision variables appear in the equations
for power flows and battery operation. As the original problem
is bi-objective SOCP, the problem can be simplified by taking
the following two steps:

e The e-constraint method is used [27] to turn the
bi-objective optimization into several single objective
SOCPs which maximize revenues for up regulation, with
a new constraint added to the problem that requires the
shared energy to remain above the threshold ¢.

Given e, and €5« as the lower and upper bounds for

€ and n being a positive integer number, € is set t0 ey +
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Smax—fmink for k = 0,--- ,n. For each choice, the following
step is taken.

e Every SOCP is solved using an iterative method that
alternates between linear programs (LPs) and conic pro-
jections. This goal is achieved by adding a penalty term
to the objective function that penalizes the deviations of
the solution of the LP from a point obtained from a conic
projection.

The flowchart in Fig. 2 provides a visual representation of
the algorithm's flow, highlighting the iterative nature of the
process to handle the conic constraint within the € - constraint
method.

Project a starting point
on the cone

[
V<

Solve the LP penalized with the distance from
the point obtained from conic projection

v

The solution from
the penalized LP satisfies
in the conic constraints

Project the solution of
the LP on the cone

¢Yes

’ Store the solution corresponding the threshold €

)

k+k+1 es

¢No

Fig. 2. The flowchart of the proposed method.

B. Linearization Technique

In general, the existing linear program solvers work in a
way that they require the input problem to be in the form
of min{c'z|Ar = b, Az < b,lb < x < ub}. Therefore,
it is up to the user to recast seemingly different types of
constraints into the standard format that is digestible by the
commercial/free software. Of course, commercial software has
more flexibility to transform more high-level input from the
user side, but most of the time, there are simple mathematical
tricks that, when combined, can linearize many non-standard
input formats. In our problem, since the majority of the
constraints are linear in this section, we try to address the
seemingly non-linear ones to see if there are ways to linearize
them. First, to linearize constraint (21), any constraint in type
of min(a, b) > ¢ are replaced by two linear constraints a > ¢
and b > c.

Following the same idea,

2975
min (Inc x At X Z Pouy_ridi,t, s
ieN
Ine x At X Y (Pyy gigivs + vays)> >a;  (22)
ieN
can be linearized as follows:
Ine X At X Y Phuy gridit,s > o Vi (23)
ieN
Inc X At X Y Pl gridits + PVags > 0p V¢ (24)
ieN
Now (3), (4), (23), and (24) imply that
Ienergy shared = Z min (IHC X At x Z Pbuy_gridi,t,sy
teT iEN
Inc x At x Z(Psell_gridi,t,s + P‘/sys)>
ieN
=B
teT
Therefore, (21) is satisfied by the following condition:
Z Qi > € (25)

teT

In summary, we can substitute (3), (4), and (21) with (23),
(24), and (25).

C. Penalty Coefficient Term

In the proposed model, the objective function (20) is aug-
mented by subtracting (as it is a maximization problem) three
nonnegative penalty terms as represented in (26). The first
penalty (with p0ss) and the second penalty (with upgs) keep
the network losses small and prevent simultaneous battery
charging and discharging. The third penalty (with pp ..)
involves a nonnegative variable PLEC that is constrained to be
larger than Prpc and —Ppgc. Assuming a uniform grid price
(Tbuyt, Tsell¢) for all the prosumers, this penaly, Pen, avoids
the reselling of grid energy.

Pen = Z 71'3{ Z Z Z(Mlossiriui,t,s

sES SsESIEN teT
+ MBESigchargei,t,s + MBESiniSChargei,t,s

+ IUPLECPLECi,t,S)}At (26)

where [40ss, UBES, and pp, ., denote the penalty coefficients.
Also, there is another penalization term to add to the objective
function to ensure the conic constraints are satisfied, which is
explained in the next subsection.

D. Conic Constraints

The nonlinear constraint (Pini¢)? + (Qinit)? = v, Uit
can be managed by replacing it with (27): '

(Pinit)? + (Qunie)® < Vg 4 Wit 27
2-Pini,t
In turn, (27) can be re-written as 2Qini ¢ < ui+

Uit — Vinit ||
Vini,t, Which represents a second-order cone. Commercial or
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open-source second-order conic programming (SOCP) solvers
can be used to solve the resultant problem. The interior-point
method is generally used by these solvers [28], [29], but a
common disadvantage of the interior-point method is that the
final solutions often have many non-zero variables, which is
problematic since we require only one of Fuy_gridi¢,s and
Picnl_gridi,¢,s to be non-zero at each period.

A modified version of the two-step method presented in
[21] and [22] is adopted in which we iteratively calculate
a sequence ¥1,T9,T3,--- where xj11 = argmin{cTx +
d(z, projc(z;))| Az = byAr < blb < z < wub} and
projc(xj) is the projection on the cone of z; [21] or [22].
But in this paper, the difference is that, unlike [21] and [22],

in which d(z,projo(z;)) = ||z — projc(xj)H% is called
the Lo-norm or sum of the squared errors, instead we call
d(z,projo(z;)) = ||z — projo(z;)|1 as Li-norm or sum of

the absolute values of the errors. The main advantage for L -
norm over Lo-norm is that it allows the objective function
to stay linear while Lo-norm introduces a quadratic term in
the objective function, and in general, quadratic programming
(QP) solvers are not as fast as the LP solvers. Another
advantage here is that with Li-norm, the LP can be solved
by simplex-based algorithms, while in [21] and [22] the first-
order methods are used to deal with a quadratically perturbed
objective function, which are not as fast as the simplex-based
ones.

To satisfy the constraint of not buying and selling at the
same time, we use an extension of the two-step procedure
presented in [21], where the LP solver is based on the Simplex
algorithm and the Simplex algorithm is known to keep non-
basic variables equal to zero at each iteration and this in turn
helps avoid the situation where buying and selling happen at
the same time.

Indeed, if (Pni¢)? + (Qinit)® > Vinitiy, as explained in
Appendix B of [21], we find new values (Puit)c, (Qini,t)es
(Uini,t)w (uini,t)c such that’

(Pnit)? 4+ (Qinit)2 = (Vinit) e (Winit)e
The error is defined as follows:

error = Z Z | Pini,t — (Pinit) el

i€EN teT
+ ‘Qini,t - (Qini,t)c‘ + |vini,t - (vini,t)c‘

+ ‘Uini,t - (uini,t)c‘

(28)

(29)

A key difference here from the method presented in [21]
(see Section III-B, step 4) is that, instead of the La-norm,
we use the L;-norm which can be easily linearized by con-
sidering the error = Y.\ >0, o0l + 07, + 3, + b,
and adding new constraints —1/12»17t < Piit — (Pit)e < 1/11»1775,
*U’z‘%ﬁ Qinit — (Qinit)e < Z-Q’t, — ?,t < Uinit — (Vinit)e <
V2, and = < wing g — (Winiye)e < 07

When the error is lower than the threshold, we iteratively
maximize the following:

Rgex — Pen — T X error (30)

where the magnitude of the positive value 7 controls how
severe and fast we want to keep the solutions of LP close
to the cone.
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The procedure includes an automatic check that the solu-
tion is obtained at the equality of the relaxed second-order
constraints of (27). The conditions are adequately satisfied at
the equality in the solution for all the considered case studies.

E. Scenario Generation Based on Clustering

To account for the uncertainties associated with PV pro-
duction and load forecasting, we have developed a stochastic
mathematical model and a stochastic optimization. Consider-
ing the scenario-based stochastic approach, test results over
a one-day horizon consisting of 96 15-minute periods are
presented.

A clustering algorithm is used to address the challenge of
the simultaneous consideration of uncertain parameters such
as load demand and renewable generation output. We employ
the basic version of the k-means algorithm, which is readily
available in standard commercial or open-source optimization
software. Essentially, the k-means algorithm groups scenarios
into clusters based on their similarity, with the number of
clusters determined by using the elbow method [30]. This
method iteratively increases the number of clusters until fur-
ther additions no longer significantly reduce the minimum sum
of squares error, thus obtaining the optimal number of clusters
for analysis.

III. SIMULATION RESULTS

The proposed method is implemented in MATLAB R2022b
on an Intel(R) Core(TM) i7-10700 CPU system running at
2.90 GHz with 16 GB RAM. The simulation tests are carried
out on an 84-bus distribution network at 11.4 kV, structured
with eleven feeders. Each day is divided into 96 intervals of
15 minutes each. All buses host users with electrical loads, 66
of which are also equipped with combined PV-battery systems.
The battery capacity to rated power ratio is one hour. Batteries
are assumed to start and end each day at minimum stored
energy.

Monte Carlo sampling generates 100 scenarios for both
load demand and PV production, employing normal and beta
probability distributions, respectively, based on real industrial
and commercial prosumer data.

Then, assuming no interdependence between these vari-
ables, the scenario tree method is used to generate joint
scenarios that include both load demand and PV generation.

To evaluate the effectiveness of the proposed method in
assessing the trade-off between the revenues for up regulation
and the revenues from the virtual energy-sharing incentive, it
is assumed that the LEC manager assesses the revenue derived
from the up regulation provision defined in (2) in the period
from 2 p.m. to 6 p.m. (or in periods 56—72) and the incentive
Ighared_energy derived from the shared energy as defined in (4) at
first by separately optimizing the two objective functions and
then by solving a multi-objective optimization and selecting a
‘best compromise solution’ among the non-inferior solutions
of the Pareto front.

The following three case studies are evaluated:

A. Energy exchanges between prosumers are not allowed,
and Thyuyt, Tsell¢ are constant. This case study is evaluated
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Fig. 3. The 84-bus radial distribution test system.

on a summer and a winterday, and the different results
are compared.

B. Energy exchanges between prosumers are not allowed
and Thyuyt, Teell¢ are variable during a summer day.

C. Energy exchanges between prosumers are allowed within
the whole LEC (connected feeders) and mpyy¢, Tserr are
constant.

Over 24 hours (96 periods of 15 minutes), the community
consumes a total of 238.77 MWh. The internal PV systems
inside the community contribute 174.63 MWh of energy.
During the summer day, 65.43 MWh are supplied by the
external PV systems that are connected to the substation.
During the winter day these values decrease to 104.78 MWh
for the internal PV systems and to 39.26 MWh for the external
PV systems. The installed capacity of batteries within the
energy community is equal to 56.7 MWh. Bidyp is equal
to 300 €/MWh, and Inc to 100 €/MWh.

o Case Study A:

Assuming constant prices mhuy¢ = 333.5 €/MWh and
Tselr = 166.7 €/ MWh, and that power exchanges between
prosumers within the community are not allowed, the Pareto
front shown in Fig. 4 is obtained for a summer day.
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i’/ @ ¢ Non-inferior solutions
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<
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5 ° o,
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(_8

21300 ® .
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= 2150 2200 2250 2300 2350 2400 2450 2500 2550 2600 2650

Remuneration for the provided flexibility (euro)

Fig. 4. Pareto front during a summer day with constant prices.

It can be observed that the revenue for the provided up
regulation varies between €2186 and €2608, while the rev-
enue from the virtual energy-sharing incentive varies between
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TABLE 11
RESULTS FOR A SUMMER DAY WITH CONSTANT PRICES AND WITHOUT
ENERGY EXCHANGES AMONG PROSUMERS

Non-inferior solution Max Rfex Max Ispared_energy fgllsfifj
Revenue for the provided 2608 2186 2374
up-regulation (€)

Revenue from the virtual 1252 1485 1375
energy-sharing incentive (€)

Cost for energy (€) 28443 28443 28443
Energy losses (MWh) 12.13 12.12 12.13

€1252 and €1485. As shown in Table II, the energy cost is
equal to the baseline due to the considered constraint and is
equal to €28443, while the energy losses during the day vary
between 12.12 and 12.13 MWh.

Assuming that the energy community manager, according to
its contractual agreement, should guarantee at least 13.7 MWh
of shared energy, the ‘best’ compromise non-inferior solution
is chosen as shown in Fig. 4. This choice ensures that the
LEC receives €2374 for the provided up-regulation and a
revenue of €1375 from the virtual energy-sharing incentive.
From Fig. 5, which shows the mean power exchanged with
the grid for the selected solution and the baseline, it is evident
that in periods 56-72, compared to the baseline, more energy
is injected into the main grid to provide flexibility for up-
regulation. Consequently, the batteries are charged more in the
periods before the provision of up-regulation compared with
the baseline in Fig. 6.

The shared energy is shown in Fig. 7 for the extreme
non-inferior solutions of the Pareto front. It is evident that
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Fig. 5. Mean power exchanged with the grid during a summer day.
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Fig. 6. Total energy in BES units during the summer day.
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Fig. 7. Shared energy during the summer day.

the solution that maximizes the shared energy, significantly
increases the shared energy in the periods 56-72 compared
with the solution that maximizes the provided up-regulation,
since the batteries are charged more in these periods and less
energy is injected into the main grid.

If we consider a winter day, the corresponding Pareto front
is such that the revenue for the provided up-regulation varies
between €110 and €173. In comparison, the revenue from
the virtual energy-sharing incentive varies between €1520 and
€1608.

As expected, due to the lower energy production of the
PV systems, the energy cost increases and the energy losses
decrease compared with the summer day, with the energy cost
reaching the value of €47077 and the energy losses varying
between 7.10 and 7.11 MWh, as shown in Table III.

TABLE III
RESULTS FOR A WINTER DAY WITH CONSTANT PRICES AND WITHOUT
ENERGY EXCHANGES AMONG PROSUMERS

. . . Max Selected
Non-inferior solution Max Rex Lared energy _Solution
Revenue for the provided 173 110 141
up-regulation (€)

Revenue from the virtual 1520 1608 1375
energy-sharing incentive (€)

Cost for energy (€) 47077 47077 47077
Energy losses (MWh) 7.10 7.11 7.11

It is worth noting that in this case, it is not convenient for the
energy community manager to make the offer for the provision
of up-regulation while it can be convenient to maximize the
shared energy.

For the solutions that maximize the shared energy on a
summer and a winter day, the average power exchanged with
the grid is shown in Fig. 8, and the shared energy is shown
in Fig. 9.

A higher value of the shared energy can be achieved during
a winter day, which is mainly due to an increase in the shared
energy in periods 37-45 compared with the corresponding
periods on a summer day. As shown in Fig. 8, this increase
in the shared energy stems from the difference in the average
power absorbed from the main grid, which varies from 2.3
to 2.6 MW in the periods 37-45 during the winter day. By
contrast, during the summer day, as also shown in Figs. 8
and 9, an average power, varying between 1 and 2.5 MW,
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Fig. 9. Comparison of the energy shared during a summer and a winter day.

is injected into the grid in the same periods 37-45, thus
determining a shared energy of zero in these periods.

o Case Study B:

Under the conditions of the variable prices shown in Fig. 10
and that energy exchanges between prosumers within the
community are not allowed, the Pareto front shown in Fig. 11
is obtained for a summer day.

It can be observed that the revenue for the provided up-
regulation varies between €1560 and €1698, while the rev-
enue from the virtual energy-sharing incentive varies between
€1046 and €1183. As shown in Table IV, the energy cost is
constrained to be equal to the cost of the baseline optimization,
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Fig. 10. Variation of energy trading prices over time.
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TABLE IV
RESULTS FOR A SUMMER DAY WITH VARIABLE PRICES AND WITHOUT
ENERGY EXCHANGES AMONG PROSUMERS

Non-inferior solution Max Rfex Max Ispared_energy Sgllsfifj
Revenue for the provided 1698 1560 1663
up-regulation (€)

Revenue from the virtual 1046 1183 1146
energy-sharing incentive (€)

Cost for energy (€) 18208 18208 18208
Energy losses (MWh) 13.81 13.82 13.81

according to which only the energy cost is minimized and is
equal to €18208 while the energy losses during the day vary
between 13.81 and 13.82 MWh.

The adoption of variable prices enables a reduction of
energy costs compared to those of the previous case with
constant prices. A reduction in the variability ranges of both
the revenue from the provided up-regulation and the revenue
from the virtual energy-sharing incentive can also be observed,
since in this case, the determination of non-inferior solutions is
more influenced by the constraint related to the cost of energy.

If we assume that, according to its contractual agreement,
the energy community manager should guarantee at least
11.4 MWh of shared energy, the best compromise non-inferior
solution is chosen as shown in Fig. 11. This choice ensures
that the LEC receives €1663 for the provided up-regulation
and €1146 from the virtual energy-sharing incentive.

Figure 12 shows the average power exchanged with the
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Fig. 11. Pareto front during a summer day.
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grid for the baseline and for the solution that maximizes the
compensation for the provided up-regulation.

It is evident that the adoption of variable prices, when
compared with the case of constant prices, results in:

1) An increase in the average power drawn from the grid
during periods of low purchase prices (30-32 and 69-72);

2) A reduction in the average power drawn from the grid
during periods of high purchase prices (72-84);

3) An increase in the average power injected into the grid
during periods of high selling prices (35-45).

¢ Case Study C:

In this case study, we consider a summer day and constant
prices similar to case study A, but power exchanges between
prosumers within the community are allowed.

As a result of the exchanges between prosumers, shown in
Fig. 13, we can observe:

e An increase in the energy self-consumed by the local
energy community in the periods when the PV systems
are producing energy, compared to that of case study A.
This is also shown in Fig. 14, where a reduction in the
power exchanged with the main grid can be observed.

o A reduction of the shared energy when compared to case
study A, which is mainly due to the increase of the self-
consumed energy within the local energy community, as
also shown in Figs. 13 and 15. This reduction is evident
in periods 25-28, 33-36, 57-60, and 65-68 as shown in
Fig. 15. In periods 25-28, the internal power exchanges
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Fig. 13. Internal power exchanges.
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Fig. 14. Comparison of the mean power exchanged with the grid with and
without energy exchanges among prosumers.
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Fig. 15. Comparison of the energy shared with and without energy exchanges
among prosumers.

determine a reduction of the power injected into the grid;
in periods 33-36 they determine a reduction of the power
absorbed from the grid; in periods 57-60 and 65-68 they
make the power exchanged with the main grid equal to
zero.

As a result, the revenue for shared energy varies between
€739 and €827, with a reduction of about 44% compared to
that of case study A shown in Table V. Exchanges between
prosumers within the community have a positive impact on
the revenue for the provision of up-regulation and the energy
cost. The revenue varies between €2567 and €3124, with
a maximum value increasing by around €516 (around 20%)
compared with that of case study A. The cost of energy
decreases to €27187, with a reduction of €1256 (around
4%) compared with that of case study A. An increase in
energy losses, varying between 13.16 and 13.20 MWh, can
be observed due to internal power exchanges.

TABLE V

RESULTS FOR A SUMMER DAY WITH CONSTANT PRICES AND WITH
ENERGY EXCHANGES AMONG PROSUMERS

Non-inferior solution Max Rfex Max Isnared_energy S(fllstcit)e:
Revenue for the provided up- 3124 2567 2584
regulation (€)

Revenue from the virtual 739 827 827
energy-sharing incentive (€)

Cost for energy (€) 27187 27187 27187
Energy losses (MWh) 13.20 13.16 13.17

o Performance of node voltages

For the solution that maximizes the revenue for the provided
up-regulation Rgeyx on a summer day, the voltages at buses
without and with energy exchanges among prosumers are
shown in Figs. 16 and 17, respectively.

Observations from Figs. 16 and 17 highlight that voltage
profiles remain more stable without P2P energy exchanges,
showing reduced voltage variations among buses compared to
those in scenarios with energy exchanges. Voltage profiles at
buses, without and with prosumer energy exchanges, during
summer days when maximizing shared energy Ishared_energy are
displayed in Figs. 18 and 19, respectively.

A comparative analysis of the extreme voltages across buses
in both situations, illustrated in Fig. 20 for the scenario
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Fig. 16. Voltages at buses without energy exchanges among prosumers when
maximizing Raex-
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Fig. 17.  Voltages at buses with energy exchanges among prosumers when
maximizing Rgex-
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Fig. 18. Voltages at buses without energy exchanges among prosumers when
maximizing Ishared_energy-
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Fig. 19. Voltages at buses with energy exchanges among prosumers when
maximizing Ishared_energy-

maximizing Rgeyx shows minimum voltages occurring in the
evening, aligning with low PV production and high electrical
load. Conversely, voltage peaks emerge during up-regulation
phases, primarily due to battery discharge and photovoltaic
production. P2P energy exchanges result in pronounced tem-
poral and spatial voltage variations, particularly evident in
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Fig. 20. Comparison of the maximum and minimum voltages with and
without energy exchanges among prosumers when maximizing Raex.

periods 38-56 preceding up-regulation activities (from 2 p.m.
to 6 p.m., periods 56-72), and periods 68—84 immediately
following these operations.

IV. CONCLUSION

This paper proposes a multi-objective optimization for a
LEC manager that allows to assess the trade-off between con-
flicting objectives related to the maximization of the revenue
from the LEC flexibility for up-regulation and the revenue
from virtual shared energy while keeping the energy cost
constrained below the baseline value.

Simulation results confirm that maximizing revenue from
virtual energy sharing often conflicts with maximizing revenue
from up-regulation provision. Accordingly, a trade-off analysis
is performed by selecting a ‘best’ non-inferior compromise
solution from the obtained Pareto front in different cases, i.e.
on a summer or winter day with constant or variable prices.
Also, in other case studies, the presence of real peer-to-peer
energy exchanges within the community is investigated to
explore how the interaction between real and virtual energy
sharing affects the different objectives and constraints of
multi-objective optimization. The simulation results show that
optimization opportunities are significantly influenced by the
presence of real peer-to-peer energy exchanges within the
community, mainly leading to a reduction of both energy costs
and revenues for shared energy and an increase in the revenue
for the provision of up-regulation, compared with those of the
case without peer-to-peer energy exchanges.

While constant energy prices can simplify the optimization
process, variable prices more accurately reflect real market
conditions, but reduce the variability of both the revenue
for the provided up-regulation and the revenue from the
virtual energy-sharing incentive. Seasonal changes in energy
consumption and production patterns influence the trade-off
analysis between the revenue from the virtual energy-sharing
incentive and the revenue for providing up-regulation, as it
is more convenient for the energy community to provide up-
regulation during the summer season and to maximize the
shared energy during the winter season. The proposed method,
by providing practical insights into the interdependent factors
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influencing optimal community management, allows a better
understanding of the dynamics involved and provides the basis
for maximizing the benefits for all stakeholders.

Future work will investigate the relationship between the
community manager and community members, as well as the
pricing method for real peer-to-peer energy exchanges within
the community. The price of the internal transaction can be
provided by the shadow price of such a balancing constraint.
This pricing method ensures that no member of the community
is disadvantaged by participating in the community and can
also serve as a guide for the distribution of revenue from
the virtual energy-sharing incentive and the provision of up-
regulation.
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