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Abstract

In this paper we propose an innovative multi-objective methodology to optimally size and operate an Energy

Community under social, environmental, and economic considerations, where both user preferences demand

side management have been incorporated to manage flexibility that can be provided by appliances and Electric

Vehicles using a Mixed-Integer Linear Programming model. The problem is efficiently decomposed using the

A-AUGMECON2 technique that has confirmed its efficiency for an Italian case study. Results show that

Renewable Energy Communities enable significant savings even beyond 10–20% while keeping adequate level

of user satisfaction, especially when grid prices are high. Demand response and demand side management

confirmed to play a relevant role to achieve higher self sufficiency, economic, and social goals, in agreement to

the energy transition targets.

Keywords: Renewable Energy Communities (REC), Mixed Integer Linear Programming (MILP),

Multi-objective, Demand Side Management (DSM), Demand Response (DR)

1. Introduction

1.1. Motivation

Renewable Energy Communities (RECs) are promising tools for promoting local renewable energy produc-

tion and consumption to support the decarbonization of the energy system, in line with the 2030 Agenda. The

corresponding policy schemes enable members of the community to be rewarded when they adapt their con-

sumption and production pattern within the group. This is expected to facilitate investments in decentralised

generation by citizenry while reducing the need for network reinforcements due to the users’ coordination.

However, the willingness of users to adapt their consumption pattern is strictly linked to their consumption

preferences, hence social considerations combined with demand response (DR) and demand side management

(DSM) techniques must be considered in the planning of the technical design, to ensure business models sta-

bility over the years. Flexibility provided by DR and DSM can facilitate the penetration of renewable sources,
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yet without disregarding economic considerations, suggesting that energy transition cannot be tackled with

investments alone. The involvement of users is a major need which can substantially reduce the investments.

However, the citizenry needs to be better involved in energy matters, supported by appropriate policy measures.

In this perspective, aggregations of energy users in the form of Energy Communities (ECs) are expected to be

a promising instrument to achieve the energy transition challenge [1]. As members of ECs, citizens do have an

active role as they can adjust their behaviour to maximise the use of local resources, also in accordance with

possible local/public market conditions, that are expected to promote a cultural change in energy consumption,

even though experimental testing and development is still lacking of a proper regulatory framework [2]. Mem-

bers can also participate in shared investments in energy assets, even when they may have limited economic

means. In this framework, the willingness of users to adapt their preferences in accordance with environmental

targets and potentially increased economic costs is a critical aspect that is generating interests in the scientific

community. The literature is exhaustive regarding optimal sizing and dispatching of energy systems [3], but

comprehensive energy modelling of ECs including users preferences, demand flexibility, and business dimensions

are rarely addressed.

Therefore, in this work we have developed a comprehensive optimal sizing and management methodology for

Energy Communities from a multi-objective perspective which incorporates the flexibility by appliances in the

form of demand side management (DSM) and demand response (DR), also providing insights on the impacts

of ECs on relevant energy and grid indicators. The multi-objective problem is also efficiently addressed by

the state-of-the-art A-AUGMECON2 that employs several Mixed-Integer Linear Programming optimisations

to derive the nexus between economic, social, and environmental goals.

1.2. Literature analysis

1.2.1. Renewable Energy Communities

Renewable energy sources and energy efficiency have been proposed in last decades as the main drivers to

achieve the decarbonization of the energy system. In the European context, the European Union is pushing

towards the achievement of a sustainable energy systems and societies by a set of directives under the so called

Clean Energy Package. In this perspective, community energy systems retained a particular focus highlighted

in Renewable Energy Directive REDII 2018/2001 [4] and Electricity Market Directive 2019/944 [5]. The former

defines a Renewable Energy Community as a group of users belonging to both residential or industrial sector

whose participation should contribute to improve social welfare and achieving environmentally friendly goals

as a no-profit entity. The virtual aggregation of users in RECs is crucial because it allows them to retain the

freedom to choose the energy provider and the desired electricity purchase price according to the needs, while

providing opportunities to participate in the electricity market through DSM or DR programs. Each user has

the ability to join the community through the personal point of delivery (POD) and thus keeping the possibility

to leave it in case of dissatisfaction, unlike physical aggregation. In the Italian context, for example, virtual
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aggregation is achieved by grouping residential users and local authorities under the same MV/LV substation

(Renewable Energy Community) or users belonging to the same building (Collective Self Consumption) by using

the already in place distribution grid. The concept of Shared Energy, defined as fraction of energy produced by

members of the community and consumed in the same 15-/60-min time frame, is proposed as the main subsidy

to promote local self consumption and reduce grid losses [6]. The connections between sustainable energy

systems and social related goals are considered of primary importance even outside Europe. For instance, in

the case of Sub-Saharan Africa interconnecting RECs can provide opportunities for local communities to access

energy facilities and foster a renewed approach to energy resources to address energy injustice [7]. In Latin

American and Caribbean regions, ensuring adequate access to education for local communities, researchers, and

policymakers is considered crucial in sustainable renewable energy projects that aim to preserve biodiversity

[8]. It’s also important to remark that new issues arise from general low technical skills of community members,

assets ownership, and how benefits should be shared amongst users in an adequate manner with respect to their

active participation [9].

1.2.2. Energy modelling

Energy Communities modelling can take advantage on the existing literature on energy systems modelling.

The complexity through which components, users, and their interactions are modelled shall be chosen as a

trade-off between computational time and accuracy of the results. Mixed Integer Linear Programming (MILP)

is widely the most used technique in the existing literature about energy systems modelling and optimisation

[3]. MILP has been proposed in [9] to optimally size ECs, while introducing the concept of exit clauses and a

comparison of different sharing mechanism of collective benefits amongst the members. The work presented in

[10] further investigates internal energy transactions between users also including an environmental objective

to the methodology by the use of MILP formulation. Furthermore, the same approach has been used within

an energy hub model optimisation, comprehensive of both electrical and thermal renewable assets sizing and

management is proposed in [11]. Notwithstanding MILP wide use in energy modelling, it is well known than

its computational time increases significantly with the size of the problem. To overcome this issue, in [12] a

combined evolutionary and a search method algorithms are adopted for a bi-level optimisation model.

However, the RECs smaller assets portfolio compared to sector coupling energy hubs or micro-grids doesn’t

justify the need of evolutionary or bi-level approaches in the proposed methodology. Accordingly, in this study

we proposed a mathematically proven MILP formulation to solve joint sizing and optimal dispatch problem

of both loads and resources. Furthermore, being Renewable Energy Communities virtual aggregation of end-

users according to some geographical constraints, we decided to not include in our model analysis related to

power system physics, such as reliability assessment of renewable and conventional generation units and storages

proposed in [13] or a detailed load factor analysis conducted as in [14].

3



1.2.3. Demand side management

Another dissimilarity found in manuscripts in the literature concerns demand modelling. Generally, demand

is provided as an input time series of load consumption the optimisation model shall feed. For instance, in [15],

domestic electric and thermal energy profiles are either collected through measurements or simulated starting

by monthly energy bills and weather conditions. However, it is known that households may be willing to modify

the usage of certain devices as long as they receive a benefit. In this second approach, load profiles are indeed

themselves a result from the optimisation, yet the mathematical model shall include a model of the appliances to

accurately model its flexibility option. A Linear Programming (LP) mathematical framework for load shifting

is provided by [16] where three categories of loads are described: shiftable, thermal controlled, and non shiftable

loads are included. Shiftable appliances are those whose working cycle occurs at constant power for the whole

duration and their operation can only be shifted in different hours of the day through the use of binary variables.

Instead, thermal loads operation is controlled by indoor temperature. Authors in [17] provide a MILP load

management model for shiftable, interruptible, and weather-based loads in a multi-objective approach, where

energy cost and a technical peak load objectives undergo a minimisation problem. A dynamic price signal has

been modelled using non-linearities in a Mixed Integer Non Linear Programming (MINLP) model in [18]. A

similar technique has been used in [19], where non-linearities arise from a quadratic formulation of an incon-

venience to schedule loads in advance or in delay with respect to users preference. Authors in [20] proposed

a MILP based optimal dispatch of EVs, BESS, and users appliances on a hour base aiming to maximise load

factor. The model is then extended in [14] adding in objective function a term to penalise higher storages deep

discharges to study how DR-DSM with BESS can alleviate grid power exchange while storing energy for later

uses, smoothing load consumption profiles, and provide further financial benefits to end-users. From a system

perspective, the Energy Hub model in [21] shows how implementation of DR programs for electric, heating, and

cooling loads can provide economic and environmental benefits in a micro-grid serving multiple energy carriers,

especially in peak-load hours.

The reviewed papers highlighted how DR and DSM can promote renewables penetration while providing eco-

nomic benefits to the system, while considering load as input data would provide a limited estimation of the

contribution that end-users can provide in the form of flexibility. In addition, such models pave the way to

introduce social factors into our methodology in the form of the associated social comfort. Therefore, here we

modelled both resources and load management using again a MILP formulation on a 15 minutes resolution,

which is a good compromise between 10 minutes [22, 19] and 1 hour [20] already proposed in literature, as these

models don’t consider assets sizing in their formulation.

1.2.4. Objective functions

In this section, we divide the main manuscripts in the literature on Energy Communities problems into

clusters based on the objective functions used. Therefore, 4 areas are obtained, namely economic, environmental,
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technical, and social.

• Economic objective is by far the mostly investigated target in single objective models presented in litera-

ture for energy systems. In [11], investment and operative costs are formulated as discounted annualised

costs through the use of Capital Recovery Factor (CRF) coefficient. A different approach is used in [23],

where, the NPV is maximised over the entire lifetime of the plant. Authors in [9] presented a methodology

aimed to size and manage energy assets within an Energy Community so that Net Present Value (NPV)

is maximised from both users and aggregator perspectives.

• Environmental objective has been proposed in [10] to reduce CO2 emissions associated to the electrical

grid. Authors in [24] presented an economic and environmental optimisation where CO2 emissions are

minimised. In addition, carbon taxes are added in economic term to further include environmental efforts

also in economic side.

• Technical objective is adopted in [25] to investigated different business models within an Energy Com-

munity by minimising energy exchange with the electrical grid. The work [26] used a multi-objective

approach to study to consider minimisation of grid peak power exchange as well as investment and energy

costs of the system.

• Social objective has been formulated mainly as discomfort or inconvenience associated to a specific DSM

strategy. In [16] a social related component is expressed as a discomfort associated to a reduced thermal

load accepted by users, which involves a lower internal temperature. Similarly, in [18] the load manage-

ment model includes thermal discomfort investigates user willingness to shift loads from their preferences

according to a nonlinear dynamic Demand Response scheme. Authors in [19], the social component is

expressed as a quadratic term to be minimised by comparing binary variable associated to user preferences

and scheduling proposed on/off time of appliances.

The relevant literature regarding objective functions indicate that most of the paper introduced economic and

environmental evaluation, where the latter is often modelled as an economic penalty. On the other hand,

Energy Communities joint optimal design and dispatch, including social factors while coordinating end-users

loads, has not been sufficiently investigated. Social objectives have already been considered either as thermal

comfort associated to internal temperature change or willingness to shift consumption from users’ preferences,

but rarely they represent a dedicated objective in a multidisciplinary perspective. According to literature and to

authors knowledge, no papers investigated in detail the interactions occurring between economic, environmental,

and social factors.

For these reasons, we proposed a multi-objective methodology where economic, environmental, and social

factors interactions are investigated while designing a Renewable Energy Community, as well as an innovative

formulation to include social influences directly on the DR-DSM model.

5



1.3. Contribution to the state of art

The contributions provided by the methodology are the following:

1. a comprehensive MILP-based methodology aimed to optimally size and dispatch Energy Communities

assets, including the coordination of households appliances with DR and DSM;

2. a fully comprehensive multi-objective analysis to investigate Pareto frontier solutions in terms of costs,

emissions, and perceived social comfort, thus taking into account economic, environmental, and social

factors. Moreover, assets sizes and net power exchanged between the proposed case study and the electrical

grid are investigated;

3. an innovative formulation of a social-based objective function is proposed to efficiently account for user

preferences implications while coordinating appliances energy consumption;

4. a sensitivity analysis to investigate socio-economic interactions with respect to a change in energy market

prices and self sufficiency thresholds.

1.4. Organisation of the paper

The paper is structured as follows. Section 2 describes the proposed approach, whose mathematical formu-

lation is discussed in Section 3. Sections 4 and 5 detail the selected case study and the corresponding results,

respectively. Finally, the conclusions are drawn.

2. Problem description

Figure 1: Renewable Energy Community general layout

The general layout of an Energy Community is represented in Figure 1. Each member and community

owned assets are connected to the same primary substation of power grid through their own point of delivery.

A public authority, having access to the billing and metered data at the PODs, monitors the energy flows and

rewards the Energy Community proportionally to the so-called shared energy, i.e., the energy that is generated

and simultaneously consumed by members of the EC. It is worth noticing that the proposed concept of Shared
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Energy is virtual: the energy flows on the grid flow according to the load-flow equations, while the proposed

scheme only focuses on the metered information at PODs and their corresponding billing information. The

contractual obligations of each member are not changed, while a new connection is established for community

assets. Beyond economics, the members of the community are sensible to environmental and social factors and

are willing to adapt their behaviour to maximise the overall benefits for the entire community. New renewable

generation assets and storage can be installed in selected common areas, yet subject to space limitations. Assets

are available in standard commercial sizes, therefore the EC may decide the number of units to install for each

asset technology. Members of the community own a pre-defined list of appliances and have full control over

their use. However, for selected appliances, each member can decide to let a third entity, be it EC or its delegate

(e.g., an energy service company (ESCO)), to manage its operation under predefined limits, for example refill

an electric vehicle within a time window or run the dishwasher in a preset list of options. Similarly to [27], in

this work electrical appliances are grouped into the following categories:

1. Shiftable appliances: appliances belonging to this group are washing machine, dishwasher, microwave, etc.

Once switched on, their consumption profile occurs at constant power between start and end hours of

working cycle. Power consumption here is assumed to be not modifiable.

2. Adjustable appliances: for instance, Electrical Vehicles (EVs) charging. This category foreseen a start

time, however, the cycle end time is not defined since power consumption is bounded rather than fixed.

3. Fixed appliances: this category includes load whose power consumption is an input data.

3. Mathematical formulation

In following section, the proposed mathematical model is detailed. Here, the sets are G for generators, B

for batteries, T for timesteps, H for households, and three sets for shiftable, adjustable, and fixed appliances

I ′
h, J ′

h, and K′
h each user owns, respectively, which are subsets of I, J , and K. Shiftables include a set

for proposed scheduling options Si, parameterised with schedule start timestep t0,i,s, and working cycle length

µi, determining the timesteps in T ′
i,s, where for each scheduling option the device is switched on. Similarly,

adjustable loads require a set T ′
j determining timesteps into which their power profiles can be modulated by

using start timestep t0,j and user predefined maximum working cycle length µj . Xg is the set of cost slot for

each generator each one with Ψg elements, while for battery model Q is a set of partitions of T , i.e., each q in

Q has a corresponding T ′′
q period starting with Ťq and ending with T̂q to model the cyclic operation occurring

for each seasonal reference period. Length of each T ′′
q depends on the chosen number of days to represent each

reference seasons and daily timesteps.
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3.1. Objective functions

3.1.1. Economic objective

In the proposed formulation, Total Annualised Costs (TAC) are minimised [28]. The complete formulation

is therefore here discussed with economic parameters detailed in Table 2:

minTAC = Ifρ
CAP + ρOM + ρOP (1)

ρCAP =
∑
g∈G

CRFgzgP
N
g ρCAP

g +
∑
b∈B

CRFbzbC
N
b ρCAP

b (2)

ρOM =
∑
g∈G

zgP
N
g ρOM

g +
∑
b∈B

zbC
N
b ρOM

b + ρPPPmax
grid (3)

ρOP =
∑
t∈T

(
∑
h∈H

ρinh P l
h,t − ρout(

∑
g∈G

Pg,t +
∑
b∈B

(P d
b,t − P c

b,t))− ρSHDPSHD
t )∆t (4)

Equation (2) refers to the annualised investment costs for zg generator modules, with size PN
g and specific

costs ρCAP
g (e/kWe), and to storage zb modules, with capacity CN

b and specific cost ρCAP
b (e/kWh). Yearly

generators and storages maintenance costs are modelled in (3) by means of ρOM
g and ρOM

b , here expressed as

upfront costs fraction. The third term penalises assets grid fed peak power at cost ρPP . Last, (4) accounts

for running energy net costs at each timestep t, where purchase and selling electricity prices ρinh and ρout are

constant. The latter Shared power revenue ρSHD is evaluated as ρTP + ρR+ cprρ
out. CRF has been evaluated for

both all generators and storages by using LTg and LTb, respectively. In addition, governments can foresees tax

deductions for renewable plants installation in the form of a fraction of investment costs αI to be reimbursed as

yearly amount within a given time span LTtd, which has been modelled as a discounted yearly amount through

the coefficient If as in (5).

If =
αI

LTtd

LTtd∑
y=1

1

(1 + r)y
(5)

3.1.2. Environmental objective

Greenhouse gases emissions in general should consider both emissions associated to the raw material and

energy consumption to build a specific asset through a Life-Cycle Assessment (LCA) approach and operative

emissions. The objective CO2 here proposed can be formulated similarly to the formulation provided by authors

in [29]:

minCO2 = COLCA
2 + COOP

2 (6)

COLCA
2 =

∑
g∈G

egzgP
N
g

LTg
+
∑
b∈B

ebzbC
N
b

LTb
(7)

COOP
2 = egrid

∑
t∈T

(
∑
h∈H

P l
h,t − PSHD

t )∆t (8)

Equation (7) evaluated the annualised new assets installation emissions from a LCA perspective by taking into

accounts the total size installed of each generator and storages multiplied by the specific emission factors eg and
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eb expressed in kgCO2/kW and kgCO2/kWh, respectively. Net total emissions from electric grid are evaluated

as the difference between sum of each user load P l
h,t and the total energy shared by the Energy Community

PSHD
t in (8).

3.1.3. Social objective

The proposed social objective function JSC is aimed to maximise the Social Comfort associated to shiftable

and adjustable loads is formulated as follows:

max JSC = Jshf + Jadj (9)

Jshf =
∑
h∈H

∑
i∈I′

h

∑
t∈T ′

i,s

∑
s∈Si

θshfi,s xi,s (10)

Jadj =
∑
h∈H

∑
j∈J ′

h

θadjj

(
1− Esj

Ej

)
(11)

Equation (10) refers to the flexibility introduced by the users by their willingness to change consumption patterns

about shiftable appliances, while (11) address users willingness to reduce required daily energy of adjustable

loads by means of the variable Esj . Here, same load in different days is considered as a different load (hence,

different j), thus with a different associated weight. The coefficients θshfi,s and θadjj are weights whose values

have been sampled through a random uniform distribution in the range 0-1 and are proportional to the change

of comfort introduced by a shift/modulation of appliances energy consumption.

3.2. Constraints

3.2.1. Electric power balance

Virtual electric power balance that ensures energy conservation at each time step t is represented in (12).

Pgrid,t =
∑
g∈G

Pg,t −
∑
h∈H

P l
h,t +

∑
b∈B

(P d
b,t − P c

b,t) ∀t ∈ T (12)

On the left Pgrid,t represents the equivalent net interaction of the community with electric grid, while on the

right side the power terms refers to the local loads P l
h,t, generators Pg,t and storages (in discharge, P d

b,t, or

charge, P c
b,t,) power profiles. Taking into account that the distribution has no storage capability and must be

balanced instantaneously, this equations ensure that the sum of the power deriving by generators-like terms and

loads-like terms is zero. It is worth noticing that Pgrid,t represents the equivalent net power flow seen by the

power system at the transformer of the common substation all users are connected, which enables estimating

the relief the proposed EC scheme provides towards the large system, as discussed in Section 5.

3.2.2. Grid power exchanges

A constraint is required to limit the power consumption of each user to its maximum contractual cap agreed

with the electricity provider.

P l
h,t ≤ Pmax

provider ∀t ∈ T , h ∈ H (13)
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Pmax
provider is the maximum power that a specific customer can absorb from the grid and in general is pre-

established by the contractual obligations between energy supplier and users. In the case of the community

assets, the contractual obligations are to be optimised and their simplified modelling is reported in (14).

∑
g∈G

Pg,t +
∑
b∈B

(P d
b,t − P c

b,t) ≤ Pmax
grid ∀t ∈ T (14)

3.2.3. Renewable plants sizing

In the following, the procedure used to both size and assess the electricity production of each generators

at each timestep is detailed. In the following formulation, it is possible that multiple generators belong to the

same electrical power plant, thus the defined set G is representative of the different available energy resources,

as solar and wind, to be exploited by means of a single installation.

Pg,t = (zg +Ng)P
N
g Pnorm

g,t ∀ g ∈ G, t ∈ T (15)

0 ≤ zgP
N
g ≤ PN,max ∀ g ∈ G (16)

0 ≤ zgsg ≤ Sg ∀ g ∈ G (17)

Constraints (15) evaluates for each technology the production profile, while (16) ensures that for each generators

the total installed power satisfies the upper bound PN,max [6] also considering Ng already existing modules in

place, and in (17) land use is introduced as a bound for renewable plants installation by means of modules

specific surface sg and total available surface Sg. In addition, economy of scale non-linear behaviour is modelled

as a piece-wise function with certain number of cost ranges/slots c and sizes, each one with fixed cost in the

power range [Pc, Pc], respectively, resulting in Constraints (18) and (19), where xc is a binary variable allowing

to size generators by using only one cost slot.

xcPc ≤ zgP
N
g ≤ xcPc ∀ c ∈ Xg, g ∈ G (18)

Ψg∑
c

xc = 1 ∀ g ∈ G (19)

3.2.4. Demand Side Management model

In this section, the modelling of each class of appliances is described. The instantaneous total power

consumption of each user can be described by (20) as sum of shiftable (P shf
i,t ), adjustable (P adj

j,t ), and fixed

(P fix
k,t ) loads:

P l
h,t =

∑
i∈I′

h

P shf
i,t +

∑
j∈J ′

h

P adj
j,t +

∑
k∈K′

h

P fix
k,t ∀h ∈ H, t ∈ T (20)
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The first term of user energy balance refers to shiftable loads power consumption, whose devices can be modelled

as:

P shf
i,t = xi,sP

shf
i ∀ i ∈ I ′

h, h ∈ H, s ∈ Si, t ∈ T ′
i,s (21)

P shf
i,t = 0 ∀ i ∈ I ′

h, h ∈ H, s ∈ Si, t ∈ T : t ̸∈ T ′
i,s (22)∑

s∈Si

xi,s ≤ 1 ∀ i ∈ I ′
h h ∈ H (23)

Afterwards, adjustable loads require a proper power consumption model defined in (24). The model proposed

in this paper is based on the approach adopted in [30] for EVs charging.

P adj
j ≤ P adj

j,t ≤ P adj
j ∀ j ∈ J ′

h, h ∈ H, t ∈ T ′
j (24)

P adj
j,t = 0 ∀ j ∈ J ′

h, h ∈ H, t ∈ T : t ̸∈ T ′
j (25)∑

t∈T ′
j

ηcjP
adj
j,t ∆t = Ej − Esj ∀ j ∈ J ′

h, h ∈ H (26)

The power profile of the shiftable appliance P shf
i,t is parameterised in Si through starting time t0,i and cycle

length timesteps µi, obtaining the set T ′
i,s comprehensive of timesteps t in the range [t0,i,s, t0,i,s + µi - 1].

Outside this range, power profile will be zero, as formulated in (21) and (22). Constraints (23) allow to pick

up to one available schedule per day through the use of the binary variable xi,s. Then daily power profiles for

each adjustable appliance P adj
j,t belonging to the user J ′

h set are determined as specified in (24) where from

timesteps in the range [t0,j , t0,j + µj - 1] (that is, the set T ′
j) upper and lower bounds are applied, while outside

this range the power is set to zero, see (25). Each appliance ideally requires a certain energy Ej that must be

provided within timesteps in T ′
j (26). Last, fixed load profiles P fix

k,t of the set K′
h are considered as input data

in the energy balance occurring at the appliance power P fix
k when in on-status during user preferred time.

3.2.5. Shared energy

In this section the shared power PSHD
t model is provided by Constraints (27) and (28):

PSHD
t ≤

∑
g∈G

Pg,t +
∑
b∈B

(P d
b,t − P c

b,t) ∀ t ∈ T (27)

PSHD
t ≤

∑
h∈H

P l
h,t ∀ t ∈ T (28)

In addition, some indicators are needed to evaluate virtual sharing from an energy point of view, namely

Self Consumption Index (SCI) and Self Sufficiency Index (SSI) defined as [31]. SCI ratio represents the how

much energy locally generated by renewable plants is instantaneously self consumed (0 ≤ SCI ≤ 1), while

SSI is representative about the ratio between much the energy self consumed and the total energy of the

loads (0 ≤ SSI ≤ 1). To include these indicators in the model, it is possible to use above definitions by the
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introduction of the coefficients SS and SC in the form of a set of constraints:∑
t∈T

PSHD
t ∆t ≥ SS

∑
t∈T

∑
h∈H

P l
h,t∆t (29)∑

t∈T
PSHD
t ∆t ≥ SC

∑
t∈T

∑
g∈G

Pg,t∆t (30)

3.2.6. Battery Energy Storage System

In this section, the proposed energy model for the management and sizing of a generic modular Battery

Energy Storage System (BESS) is discussed, which energy balance is based on the formulation presented in [25].

Similarly to generators sizing, the decision variable zb is therefore integer, while charge and discharge power to

be optimally scheduled are reals.

Eb,t+1 = Eb,tη
sd
b +∆t

(
P c
b,tη

c
b −

P d
b,t

ηdb

)
∀ b ∈ B, t ∈ T ′′

q\{T̂q}, q ∈ Q (31)

Eb,Ťq
= Eb,tη

sd
b +∆t

(
P c
b,tη

c
b −

P d
b,t

ηdb

)
∀ b ∈ B, t ∈ T ′′

q : t = T̂q, q ∈ Q (32)

zbSOCminCN
b ≤ Eb,t ≤ zbSOCmaxCN

b ∀ b ∈ B, t ∈ T (33)

P d
b,t −NbP

d,max
b ≤ zbxb,tP

d,max
b ∀ b ∈ B, t ∈ T (34)

P c
b,t −NbP

c,max
b ≤ zb(1− xb,t)P

c,max
b ∀ b ∈ B, t ∈ T (35)

P c
b,t ≤

∑
g∈G

Pg,t ∀ b ∈ B, t ∈ T (36)

0 ≤ (zb +Nb)C
N
b ≤ Cmax ∀ b ∈ B (37)

The operational efficiencies (ηsdb for self-discharge, ηdb for discharge, and ηcb for charge) are used in the description

of the energy content of the storage Eb,t in (31) as a balance with charge and discharge power (namely, P c
b,t and

P d
b,t). Constraints (32) ensure cyclic storage operation at the end of each reference period in Q (e.g., winter

or summer days periods). Total BESS stored energy is then bounded by means of (33) and the minimum and

maximum states of charge SOCmin and SOCmax. Charge or discharge power occurrences are described in (34)

and (35) by means of the binary variable xb,t and removing the already installed batteries Nb. Constraints

specified in (36) force the storage to be charging only during renewable production and (37) limit BESS size to

Cmax. The maximum module power discharge can be computed as P d,max
b =

CN
b (SOCmax

b −SOCmin
b )

tdb
and in this

work we assume it equal to maximum charging power P c,max
b . Constraints (34) and (35) are bi-linear equations,

thus McCormick inequalities are used for reformulation in order to retrieve a set of linear constraints. Detailed

parameters used for BESS model can be seen in Table 1.

3.3. Multi-objective optimisation by A-AUGMECON2

3.3.1. A-AUGMECON2

In this work, the multi-objective sizing and management of Energy Communities problem is addressed using

the novel A-AUGMENCON2 algorithm presented and validated in [29]. The algorithm relies on a priority-based
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lexicographic optimisation to solve multi-objective problems combined with a pruning methodology aimed to

skip redundant configurations. First, a pre-processing stage is performed with the aim to identify the boundary

values of the objective function wherein the Pareto frontier shall be explored, representing the solutions search

space. Once objectives ranges and extremes are obtained, each range of variation of a objective function is

discretized to reduce the computational burden, hence leading the search space of A-AUGMENCON2 to be

described by a multidimensional matrix. Then, an iterative algorithm is executed to identify which points of the

multi-dimensional matrix belong to the Pareto frontier. To this goal, the multi-objective problem is represented

by a series of single-objective optimisation problems for every point of the matrix, and a pruning procedure is

applied to skip redundant dominated points, hence saving computational time. Details on the mathematical

procedure are denoted below.

3.3.2. The mathematical procedure

In this section, the mathematical procedure involved in the multi-objective approach is described in detail.

Assuming that p objective functions fk (indexed by k) are considered, the multi-objective methodology main

steps can be summarised as follows:

1. A pre-processing methodology is executed to delimit the region of values of the objective functions wherein

to search the Pareto frontier [29]. To do so, an iterative procedure is performed to identify the extreme

value of variation of the objective functions. Given p objective functions indexed with k = 1, . . . , p, a

lexicographic optimisation on all objective functions is performed on all possible priority orders, that sum

up to a total of p! permutations. For every combination c described by the set of variables kco, o = 1, · · · , p,

an iterative procedure is used to identify a subset of objective values f̂ c
ko

that may belong to the extreme

values of the Pareto frontier.

2. The extremes values, ek and ek, of each objective function k are evaluated as the minimum ad maximum

of f c, respectively, of the results of all permutations of the previous step ({f̂ c
k , c = 1, · · · , p!});

3. The ranges rk (as ek - ek) and grid resolution (stepk = rk
gk
) are computed. Therefore, the range of variation

of each objective value is discretised and the equivalent search space is discretised, hence creating its matrix

representation. The total number of points to be investigated is then
∏p

k=2(gk + 1);

4. Optimal solutions already evaluated in payoff tables are denoted as ”explored” and hence excluded from

the subsequent iterative algorithm to save computational time.

5. An iterative algorithm is executed to decompose the original multi-objective problem in a number of

single-objective problems one for each point in the matrix. The following procedure is applied for every

point of the matrix identified in the previous steps.

(a) For each unexplored point of the search space matrix, or iteration it, the single-objective problem

(38) is created and solved to identify whether that point belongs to the Pareto frontier. β is a small

coefficient (10−3) to promote the collection of efficient Pareto solutions, sp and rp are respectively the
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p-th function slack variable and range, eitp the p-th objective bound at it-th iteration, x is the set of

decision variables and yi(x) the set of inequality constraints. In (38), all objective functions but the

first are bounded according to the search space point of the iteration it that can be calculated as eitk

= ek + stepk*it. In other words, the Pareto frontier is obtained by solving the problem optimising

for the main objective function and setting remaining p− 1 both as constraints and additional costs

in objective function. Furthermore, the value of the variables sk are saved to be used as input for

later pruning process.

min

[
f1(x)− e1

r1
+ β

(
s2
r2

+ 10−1 s3
r3

+ · · ·+ 10−(p−2) sp
rp

)]
s.t. f2(x) + s2 = eit2

. . . (38)

fp(x) + sp = eitp

yi(x) ≤ 0

(b) By using the slack variables sk, the results of each iteration are parsed to identify points of the matrix

that are dominated and hence redundant. The redundant points are denoted as explored and hence

not executed in the following iterations of the previous step.

(c) The value of the objective functions fk obtained in the iteration are then stored to be part of the

final Pareto frontier.

6. Once step 5 is complete for all the points of the matrix, the collection of results of the algorithm represent

the final Pareto frontier.

4. Case Study

4.1. Description

In order to show the features of the proposed methodology, a representative Italian multi-family building

with 10 households [32] located in Pisa (43.716°, 10.402°), Italy, has been proposed as a case study to show the

benefits of the proposed methodology for Collective Self Consumption, which is one of the allowed ECs layout

foreseen by Italian legislation [6]. Every user is a consumer and no existing renewable generators or storages

are in place (that is, setting Nb and Ng to 0). In addition, three households are assumed to be equipped

with EVs whose charging efficiencies ηEV
ch has been assumed equal to the BESS one. Given the abundance of

solar potential and its limited deployment constraints, PV and BESS technologies have been considered, also

in agreement to the literature [3].

4.2. Input data

In this section, major input parameters are detailed. EV energy EEV is obtained by an average distance

travelled by a typical user and a consumption of 0.15 kWh/km [33], while PEV has been set to 1.4 kW [34].
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By [35], PN
PV has been set to 330 Wp and sPV to 1.94 m2. Year 2019 has been used as reference to retrieve

both by an average distance travelled by a typical user normalised photovoltaic production Pnorm
PV,t by PVGIS

[36] and electricity market selling price [37] to avoid COVID-19 pandemic and Ukraine war influences. Average

selling electricity selling price in 2019 was 52.3 e/MWh. Time resolution ∆t has been set to 15 minutes, using

2 periods each one of 3 days as representative for winter and summer seasons. No building common energy

usage (e.g., common area lighting, elevator) have been considered in this paper. Lifetime of PV, BESS, and tax

deduction has been set to 30, 15, and 10 years respectively and the latter is assumed to payback the 50% of

initial investment. In Table 2, PV investment cost ρCAP
PV is reported for the three adopted power ranges 0 → 20,

20 → 200, and 200 → 1000 kWp. For the environmental objective, ePV has been set to 1400 kgCO2/kWp,

eBESS to 56.45 kgCO2/kWh, and egrid to 266.3 gCO2/kWh ([29, 38, 39]). Avoided grid losses coefficient cpr

is set to 2.6% and grid reimbursement term ρR to 8.22 e/MWh [40]. The roof slope of the building has been

assumed to 20°.

Table 1: Electrochemical storage parameters [10, 41]

CN
b Cmax ηsdb ηcb ηdb tdb SOCmin

b SOCmax
b

kWh kWh - - - h - -

3.84 100 0.998 0.95 0.95 2.4 0.2 1

Table 2: Economic parameters [42, 43, 44]

ρCAP1
PV ρCAP2

PV ρCAP3
PV ρOM

PV ρCAP
BESS ρOM

BESS r ρPP ρTP ρinh ρout

e/kW e/kW e/kW % e/kWh % % e/kW/y e/MWh e/MWh e/MWh

1550 1350 1100 1.5 587 5 5 20 100 230 52.3

Electrical appliances data has been retrieved and adapted to 15 minutes resolution from [22] and some rated

power have been modified according to the standard values in [45]. Washing machine, dishwasher, hair dryer,

steam iron, and vacuum cleaner have been considered as shiftable loads, while the remaining ones as fixed. For

each user, operating ranges and corresponding User Preferred Times (UPTs) have been randomly shifted by ±

3 hours. A total of five scheduling options are here assumed, which are UPT, begin/end of operational range

and in intermediate hours. To preserve UPT as the real user preference specified in [22], the corresponding

θshfi,s coefficients have been set to 1. EV is the only adjustable load considered in this work and three users are

assumed to charge it during nigh-time, that is in the allowed ranges 8 p.m. - 8 a.m., 7 p.m. - 6 a.m., and 9

p.m. - 8 a.m., respectively.

4.3. Simulation procedure

The workflow behind the proposed methodology is detailed in this section to better understand the main

steps required:
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1. the algorithm described in Section 3.3.2 evaluates Pareto non-dominated solutions given a set of objective

functions, using as objectives economic (TAC), environmental (CO2), and social (JSC) goals.

2. results are post-processed to identify relevant information with respect to the Pareto frontier, assets sizes,

loads energy consumption, and distribution grid usage.

3. a sensitivity analysis on the electricity tariff is performed, also including the effect of DSM and DR

measures on the output Pareto frontier;

4. finally, an analysis is performed to identify the effects of the Self Sufficiency Index (SSI) into the economic

performances and the optimal design.

The order used to prioritise objective functions for A-AUGMENCON2 algorithm in Section5.1 is first economic

(f1 = TAC), then environmental (f2 = CO2), and social (f3 = JSC), while in Sections 5.2 and5.3 social

objective JSC has been considered as prioritised and subject to TAC constraints.

4.4. Model implementation

The model has been implemented in MATLAB environment through the open source toolbox YALMIP [46]

and using IBM ILOG CPLEX 12.10 [47] as solver with 1% tolerance. All the simulations were executed on a

Intel® Core™ i7-12700H processor clocked at 2.70 GHz and 16 GB RAM.

5. Results

5.1. 3D multi-objective analysis

In Figure 2, the results of the multi-objective analysis are shown both in 2D and 3D maps with a total

number of 30 points per each axis; blank values correspond to unfeasible solutions. Each point of the plot

in Figure 2a belongs to the Pareto frontier among economic (TAC), environmental (CO2) and social goals

(JSC). On the other hand, Figure 2b shows the system net power exchanged with the grid under environmental

and social targets. The Pareto frontier highlights that the lower environmental targets, the higher the system

cost. However, flexibility by users, quantified using social goals, can improve economic and environmental

performances by increasing renewable penetration and use of batteries, as shown respectively in Figures 3a

and 3b. Indeed, when users do not accept any flexibility (JSC=100%), it can be observed how in this region

environmental emissions are reduced up to 60% through the installation of PV power in the range 4.3 - 53.5

kWp and BESS capacities from 49.9 to 99.8 kWh, achieving their highest values over the whole map. On the

other hand, the proposed results also highlight how improved social contribution can lead to lower emissions

at the same asset sizes, but paying a lower social comfort as a cost. An improved active participation to DR

and DSM programs would bring higher flexibility to the system, as loads can be either shifted or modulated,

leading to economical benefits for the entire community at the cost of having lower value of social comfort JSC

associate to lower of shifted energy consumption in both adjustable and shiftable loads, as shown in Figures
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(a) Pareto surface (b) Normalised net grid power map

Figure 2: Multi-objective analysis

(a) Installed PV kWp (b) Installed BESS kWh

Figure 3: PV and BESS sizes maps

4a and 4b. For instance, if the community accept a relatively small 10% reduction on the comfort, PV sizes

installation can decrease up to 80% as well as BESS installation may even not be occurring in the same CO2

reduction range.

Given such considerations, the proposed model can be used to quantify trade-offs between economic, envi-

ronmental and social considerations, in agreement to the local needs of the community. Indeed, by accepting

a 10% decrease in the social comfort, total cost may decrease up to 40.6%. Using the same approach and

visualisation tool, policy-makers may perform similar considerations for what concerns environmental targets:

decreasing CO2 emissions by 50% will increase costs by 3.2% when REC users accept a 10% comfort reduction,

and 14.5% if they don’t accept any penalisation.
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(a) Adjustable loads (b) Shiftable loads

Figure 4: Shiftable and adjustable loads consumption

To further analyse the net equivalent effect of the members of the REC with respect to the substations all

users are connected to, a map is proposed in Figure 2b representing the 99th percentile of the net absolute peak

power (Pgrid,t). To ease the visualisation, the number is normalised with respect to the business-as-usual value

(27.4kW): all demand appliances fed at their user preference, with no renewable or battery assets. The entire

map shows values lower than 1, with maximum values of Pgrid,t are located in the region with CO2 ≥ 4 tCO2/y

and JSC close to user preferences, with a highest value of 21.3 kW occurring at highest cost solution (78% the

reference value). This suggests that even in the worst case, the creation of an EC reduces the net impact of the

members towards the grid, hence deferring the upgrade of the network with benefits for the system in terms of

reliability, efficiency, and environment.

5.2. Energy price sensitivity

In this section, a sensitivity analysis over the electricity price is proposed to assess how the Pareto frontier

changes with electricity tariffs (ρin/out) in the range 50-500 e/MWh. In particular, to further investigate the

effect of flexibility provided by users, we denote in Figure 5a the results with both DSM and DR measures and

5b with only DSM. Both figures highlight that the more users adapt their appliances consumption, the lower

the costs are; in particular, in Figure 5a at higher selling tariffs the community makes profits as TAC becomes

negative. Indeed, when market selling price is higher than the PV production cost, it is profitable for the

community to maximise the installation of renewable assets. Indeed, in the lowest price cases, PV and BESS

sizes are lower than 20 kWp and 4 kWh, respectively, in the second (ρin=300 e/MWh, ρout=100 e/MWh)

half of the available roof is exploited PV (84 kWp), and in last two cases, the whole surface available in the

roofs is covered by photovoltaic modules. The above applies in both Figures 5a and 5b. Moreover, when users

accept to perform only DSM (Figure 5b), still about 12-16% cost reduction can be achieved, thus suggesting
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(a) Price sensitivity with DR and DSM. (b) Price sensitivity with DSM and no DR.

Figure 5: Cost sensitivity analysis

that at the cost of deferring some appliances, ECs enable relevant economic benefits. This confirms that our

methodology enables quantifying the value of both DR and DSM in ECs subject to price signals. Hence, policy

measures shall promote this behaviour of maximising the economic, social and environmental impacts that ECs

can obtain, as remarked in this study.

5.3. Self-Sufficiency Index (SSI) analysis

In this section, a focus on socio-economic interaction is proposed through a sensitivity analysis on SSI.

Conversely to the approach adopted in the 3D analysis, the model is increasingly constraint to meet values (0.2,

0.6, and 1) of SSI, in agreement to its mathematical formulation in (29); a value of SS=1 represents an EC that

completely produces and consume its needs. The higher the SSI, the higher the TAC to meet the same value

Figure 6: Socio-economic Pareto frontiers at different SSI
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of Social Comfort, as higher SSI requires higher installations of photovoltaic and storage assets. For instance,

at JSC = 1.2104 and SS = 20%, the expected TAC is 2.8 k€/y, whereas increasing SS to 0.6 and 1, leads

TAC to reach values of 2.9 and 3.3 k€/y, respectively, as reported in Figure 6. This highlights that increased

values of SSI, forced by policies or induced by citizen awareness of climate concerns, can increase costs due to

higher investment in PV and BESS sizes, shown in Figure 7. Indeed, results in Figure 7 show an increase of

(a) Installed PV kWp at different SSI (b) Installed BESS kWh at different SSI

Figure 7: Installed assets sizes

PV sizes with both required SSI and higher JSC . Installed sizes ranges result to be in the range 4 - 20 kWp

at SS=20% and between 10 - 66 kWp at SS=100%. Same situation is monitored for the BESS where capacity

limit is violated for TAC higher than 8.4 k€/y occurring in fully self sufficient case.

6. Conclusions

This paper presents a novel comprehensive multi-objective methodology to provide policy makers and de-

velopers with a design tool for Energy Communities that includes Demand Side Management and Demand

Response, as well appropriate sensitivity analyses. Multiple conflicting goals are integrated in an optimisation

problem, in the form of objective functions, and efficiently solved by A-AUGMECON2. Our results confirm that

the proposed methodology can be a suitable support decision making tool for business and policy applications,

as the proposed multi-objective economic, environmental, and social analysis highlights that economic benefits

and self sufficiency of the whole system are maximised when the entire community is willing to modify their

behaviour towards more sustainable environmental and economic goals. Significant reductions in emissions

even beyond 50% can be achieved while also reducing the net impact to the power grid at substation by no

less than 22%, thus confirming that ECs can alleviate power system contingencies and support higher pene-

tration of renewable sources. Results also suggest that remarkable economic and environmental benefits from

community perspective can be achieved while penalising their comfort by a relatively small percentage in the
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order of 10%. Furthermore, the proposed sensitivity analysis on energy prices demonstrated how the proposed

methodology successfully calculate socio-economic benefits that REC obtain at increasing market prices: the

higher the energy prices, the higher the benefits when members accept behavioural change in energy consump-

tion alongside economic goals. Same approach has been used to evaluate how an increased social participation

in loads management can alleviate required system costs while increasing minimum SSI to be achieved by the

community.

The analysis presented in this paper shows how energy modelling can support the optimal design of ECs and

promote sustainable behaviour by the citizenship in energy matter, in alignment to the energy transition goals

set by the European Union. Future developments may address multi-energy considerations, hence including

thermal energy system and its flexibility, or long-term energy considerations. In addition, future activities may

investigate the contribution of ECs to network congestion, peak load reduction, and ancillary services under

social factors, identified as the best compromise between the different goals of the community.
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Appendix A. Nomenclature

Table A.3: Model nomenclature

Parameters Description Unit

∆t Unit timestep h

Ng Number of already available g-th generator modules #

Nb Number of already available b-th battery modules #

ρCAP
g Purchase cost per single module of generator g e/kW

ρCAP
b Purchase cost per single unit of battery b e/kWh

ρOM
g , ρOM

b Maintenance cost of g-th generator and b-th battery e/kW/y

ρinh Purchased energy values for h-th household e/kWh

ρoutt Electric energy market value at t timestep e/kWh

ρTP , ρR Shared ”Feed in Tariff” and grid reimbursement values e/kWh

cpr Avoided grid losses coefficient -

ρPP Grid peak power penalisation cost e/kW/y

r Interest rate -

LTg, LTb, LTtd Lifetime of g-th generator, b-th battery, and tax deduction y

αI Tax deduction investment cost ratio -

sg, Sg Specific land use and available surface for g-th generator m2

eg LCA emission coefficient of the g-th generator kgCO2/kW

eb, egrid LCA emission coefficient of the b-th storage and grid kgCO2/kWh

PN
g Nominal power of a single unit of g-th generator kW

Pnorm
g,t Normalized power profile of the g-th generator at time t -

PN,max Max generator installable power kW

Pc, Pc Power bounds of cs-th cost slot kW

CN
b Nominal capacity of b-th generator kWh

Cmax Max generator nominal capacity kWh

tdb Minimum discharge/charge time of b-th generator h

SOCmin
b , SOCmax

b Min/max state of charge for b-th generator -

P c,max
b , P d,max

b b-th generator max charge and discharge power kW

ηsdb , ηcb , η
d
b b-th storage self discharge and charge/discharge efficiency -

Pmax
provider, P

max
grid Maximum user and grid injected power kW

SS, SC SSI and SCI lower bounds -
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Table A.4: Model nomenclature

Parameters Description Unit

P shf
i Nominal power of shiftable appliance i kW

P fix
k Nominal power of the k-th fixed load kW

xi,s On-Off binary variable for s-th scheduling option of the i-th shiftable load #

P adj
j , P adj

j Max/min power of the j-th adjustable load at time t kW

t0,j j-th adjustable appliance starting timestep #

µj j-th adjustable appliance max number of timesteps #

t0,i,s i-th shiftable appliance starting timestep of s-th scheduling #

µi i-th shiftable appliance cycle length timesteps #

Ej Energy requirement of j-th adjustable load kWh

Esj Energy penalisation of j-th adjustable load kWh

θshfi Social discomfort coefficient for the i-th shiftable appliance -

θadjj Social discomfort coefficient for the j-th adjustable appliance -

Table A.5: Model sets

Sets Index Description

G g = {1, . . . , αg} Renewable energy generators

B b = {1, . . . , αb} Electrochemical batteries

H h = {1, . . . , αH} Households

I i = {1, . . . ,m} Shiftable loads

I ′
h i = {1, . . . ,m′

h} Shiftable appliances of h-th household

J j = {1, . . . , n} Adjustable loads

J ′
h j = {1, . . . , n′

h} Adjustable appliances of h-th househould

K k = {1, . . . , f} Fixed loads

K′
h k = {1, . . . , f ′

h} Fixed loads of h-th household

T t = {1, . . . , αt} Timesteps

T ′
i,s t = {Ťi,s, . . . , T̂i,s} Available periods for i-th shiftable load

T ′
j t = {Ťj , . . . , T̂j} Available periods for j-th adjustable load

T ′′
q t = {Ťq, . . . , T̂q} Set of available periods for each interval

Q q = {1, . . . , αq} Batteries reference intervals

Si s = {1, . . . , αs} Scheduling option for i-th shiftable load

Xg c = {1, . . . ,Ψg} Set of available periods for each interval
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