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Abstract: In recent years, the distribution of local and renewable generation plants has introduced
significant challenges in the management of electrical energy. In order to increase the usage of
renewable energy, the prosumers, i.e., the residential users that can act both as producers and
consumers, can benefit from joining together and forming energy communities. The deployment of
an energy community is based both on technological advancements and on a deep understanding
of human decision-making, which in turn requires knowledge about the factors that influence the
behavior of residential users. This new scenario calls for great research investigations aimed to
improve the management of energy exchanges inside energy communities. An important role in this
context is played by the Internet of Things (IoT) technology, as smart IoT objects are used both as a
source of real-time information regarding the energy production and the users’ requirements, and as
actuators that can help to regulate the distribution and use of energy. In this paper, an IoT-aware
optimization model for the energy management in energy communities is presented. The main
novelty consists in modeling the entire energy community as a whole, rather than each prosumer
separately, with the goal of optimizing the energy sharing and balance at the community level.
Experimental results, performed in an university campus, show the advantages of the approach and
its capability of reducing the energy costs and increasing the community’s energy autonomy.

Keywords: energy sharing; renewable energy; internet of things; local generation; energy community;
user participation and behavior; optimization model

1. Introduction

The entire energy chain is in the midst of a major global transformation fueled by multilateral
efforts focused on the shift towards an increasingly clean, intelligent, mobile, and distributed energy
ecosystem. The rapid diffusion of renewable energy production plants, and the opening of national
energy markets, have encouraged end-users to form energy communities, in which the producers can
sell energy directly to consumers at advantageous local market prices [1,2].

The European Parliament has published a Renewable Energy Directive (RED II) [3] that defines
an energy community as a legal autonomous entity that is based on open and voluntary participation
and is effectively controlled by its members. As underlined in [4], the members of energy communities
are entitled to: (i) produce, consume, store, and sell renewable energy; (ii) share, within the community,
renewable energy that is produced locally; (iii) access and negotiate directly with the energy provider
that applies wholesaler energy prices. The main advantages are the increase of energy self-consumption,
the reduction of energy costs for the consumers and the increase of revenues for the producers.
To achieve these advantages, appropriate models for the management of energy communities need to
be envisioned.
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The efficient management of energy needs to be assisted by a massive use of information and
communication technology (ICT), in order to integrate the distributed energy systems with the Internet
of Things (IoT). Indeed, smart IoT objects are used both as a precious source of real-time information,
for example regarding the energy production and the users’ requirements, and as actuators that can
help to regulate the distribution and use of energy. In this context, the new term Internet of Energy
(IoE) [5] is used to identify the research area that aims to understand how the increasingly prominent
market of the Internet of Things technology can be applied to energy management and smart grids.

In [6], the authors have proposed an energy management model for residential users.
The model solves the so-called prosumer problem, and is capable of satisfying the user needs with
minimum energy costs, by optimally managing local loads, storage systems, and controllable plants.
Common goals are shared in the two-stage approach proposed in [7], which enables the redistribution
of the amount of renewable energy, produced within a community, which is in excess after the solution
of the prosumer problem in the first stage. The model minimizes the costs and maximizes the revenues
both for single prosumers and for the community as a whole.

This paper in an extended and revised version of the conference paper [8]. We present a new
optimization approach that applies the concept of energy community to a set of individual prosumers.
Starting from input information about energy tariffs, energy needs, and energy production forecasts
obtained by means of IoT devices, the model computes the scheduling plan of the electrical loads,
and the amounts of energy exchanges, which minimize the overall cost. The objective function forces
the minimization of the global energy cost obtained by summing the energy costs/revenues incurred
by all the users of the community. The prosumers are enabled and encouraged to exchange energy
with the other prosumers, as such energy is priced at a more convenient tariff, and are induced to limit
energy exchanges outside the community, priced at a worse tariff. To clarify the novel contribution, in
the following, we describe the main peculiarities of the approach evaluated in [6] and [7]—referred to
as “Separated”—and of the approach assessed here–referred to as “Unified”—and illustrate the most
important aspects:

• Separated. In [6,7], the optimization problem is solved separately for each prosumer, taking into
accounts his/her energy needs and production. Therefore, the solution of the problem for a
prosumer cannot consider the demand and production of all the other prosumers.

• Unified. With the new approach presented here, the optimization problem takes into account the
energy needs and production profiles of all the prosumers, by considering not only the energy
exchanges of each prosumer with the grid, but also the exchanges between the prosumers.

The main advantages of the Unified model are: (i) the optimal solution minimizes the energy cost
of the community as a whole; (ii) the fraction of self-consumption i.e., of the amount of energy that is
produced and consumed locally, is increased; (iii) it is possible to reduce the peaks of power demand,
which is beneficial for the system management.

The paper is organized as follows: Section 2 discusses related work regarding both the
technological advancements that enable energy communities and the factors that influence the user
behavior; Section 3 presents the Internet of Things architecture that supports the energy management
approach discussed in this paper; Section 4 illustrates the optimization model that computes the daily
scheduling plan of energy loads that optimizes the energy exchanges and minimizes the energy cost
incurred by the community; Section 5 evaluates the effectiveness of the proposed model in a specific
scenario, i.e., the University of Calabria Campus, in Italy. Finally, Section 6 concludes the paper and
suggests some possible avenues for future work.

2. Related Work

As mentioned in the introductory section, the Internet of Energy paradigm provides the digital
foundation for transforming the traditional energy system, in order to improve its efficiency and
its ability to exploit the diffusion of local energy communities that are willing to share the energy
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produced by local renewable sources. The change to the IoE model is already underway thanks to the
availability of smart meters and new communications networks, and is stimulated by huge investments
in the area of energy distribution automation [9]. Indeed, the integration of smart meters within the
distributed energy systems allows for monitoring the physical state of loads and production systems,
and for collecting data that is useful to forecast energy needs and energy production, as required by
several optimization models for energy communities.

In [10], the authors propose an IoT-based framework for Energy Communities that enables
the optimization of networked micro-grids, where each micro-grid is managed as a single
consumer/producer from both electrical and market perspectives. A real-world practical application
of energy community management is presented in [11], in which the implementation of the ICT
architecture and other enabling technologies are discussed in detail.

The authors of [12] consider peer-to-peer (P2P) energy trading as a next-generation energy
management mechanism for the smart grid that enables each prosumer of the network to participate in
energy trading with one another and the grid. The principles and mechanisms for P2P cost and energy
sharing are also presented in [13–16]. In [17], a coalition-based optimization problem is introduced to
coordinate the operations of energy management systems in multiple households. The works presented
in [18,19] propose real-time cooperative models for the energy management among grid-connected
micro-grids. In the former paper, a cooperative logarithmic-barrier method is used to solve the
predictive control problem in a distributed fashion, while, in the latter paper, a greedy search algorithm
is adopted to match the energy needs of the prosumers.

Numerous recent studies have focused on energy management systems with energy storage
devices. In [20], the authors aim to understand the potential of energy storage devices for residential
energy management, and the ability of these devices to address intermittent nature of renewable
energy generation. Innovative enabling IoT technologies and systems, such as smart meters, energy
controllers, and communication systems, are also described. In [21], the exchange of energy among
the house in a community is investigated by adopting a cooperative game theory model that aims
to reduce the overall battery usage and prolong the life of batteries. An analytical framework is
developed in [22] to define optimal mutual goals for prosumer communities using multiple-criteria
goal programming techniques.

The deployment of an energy community is based not only on technological advancements, but
also on a deep understanding of human decision-making, which in turn requires knowledge about
the factors that influence human behavior. Identifying these factors provides a basis for theoretical
and empirical work related to energy behavior. A large amount of research work have analyzed the
consumption behavior [23–26]. However, the shift from a pure consumption role to a mixed role that
includes production, storage, and consumption is dramatically changing both the electricity market
and the user behavior. In this context, the need emerges for approaching the more human-centric
electricity system shaped by active prosumers.

In [27], the authors identified a number of parameters, both quantitative and qualitative,
which directly or indirectly influence the prosumers’ energy sharing behaviors. The quantitative
effect of these parameters can be assessed as an increase or decrease in the amount of energy shared by
a prosumer. The authors analyze two types of parameters: internal and external. Internal parameters
can be captured within the prosumer’s operating domain and directly influence the amount of shared
energy. Such parameters include the user’s energy consumption and the energy generation activities.
Internal parameters also include contextual factors that add positive or negative weights to the final
amount of energy shared with the grid. Some of those factors are the prosumer’s socio-cultural views,
the financial ability to afford the cost of the technical infrastructures needed to energy sharing, the user’s
availability to be involved in the energy sharing process, the educational knowledge on energy
sharing concepts and benefits, and the living and residential conditions (urban or rural). Unlike the
internal parameters, the external parameters are captured from various different domains other than
the prosumer’s environment. They include energy market conditions, energy trading possibilities,
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electricity price, incentives, contracts, government jurisdiction, technical infrastructures, and weather
forecasts. All of these factors indirectly influence the energy sharing activities of prosumers.

In [28], the authors analyzed the prosumers’ energy profiles in terms of energy generation, energy
consumption, and energy sharing, using a dataset of 500 prosumers. They deduced that the energy
sharing profiles of prosumers are not static, as they can vary both within a day and along an entire year.
Therefore, the research contributions that aim to investigate the prosumer behavior should consider
this variable nature of energy profiles. In [29], the authors introduced the concept of a goal-oriented
Prosumer Community Group (PCG) as an improved method of grouping prosumers, which consists
in the aggregation of the prosumers that present similar energy behaviors. Each prosumer community
group is associated with a set of prequalification criteria that a new prosumer should match in order to
join the group. Two key parameters are the upper and lower energy boundaries of the PCG: to receive
the membership within the group, the prosumer’s energy sharing capacity should lie within those
boundaries.

In [30], the authors present a framework that provides a basis for understanding and
forecasting the prosumer behavior in an energy community. The framework focuses on the roles
of different prosumer acts, such as consuming, storing, sharing, and selling. Different factors,
related to both personal and contextual domains, influence the individual prosumer’s preferences,
the decision-making processes and the selection of one or more of the mentioned prosumer acts.
A prosumer operates to achieve not only individual goals, but also collective values, beliefs, norms,
and goals.

In addition to the human behavior, public policies also influence the deployment of energy
communities. Public policies can operate directly, with interventions that affect the deployment of
smart grids, or indirectly, by altering the economic and regulatory landscapes that influence grid
and end-user interactions. To be effective, policies should address the key barriers that hinder the
deployment of smart grids, and should be designed to leverage the drivers that promote investments
in smart-grid technologies [31]. Policy and regulatory drivers include, for example, feed-in tariffs
and net-metering rules that provide incentives to deepen the aggregation in energy communities,
policies that aim to minimize carbon emissions, incentives or requirements for green building practices,
participation in demand-response programs, incentives for metering at on-site renewable energy
systems, etc. Policies can also stimulate the development of new platforms for delivering energy
services, reduce the financing costs for infrastructure investments, and offer tax advantages for smart
grid assets and renewable sources [32]. Public procurement rules can help smart energy communities
to diffuse widely, and reach critical mass in the market in the next few years [33].

3. IoT Architecture for the Energy Community

In order to optimize the energy exchange inside the energy community, this latter needs to be
purposely instrumented by IoT devices that are able to interact with the physical components and
inject smartness into the management of the whole energy community.

IoT devices, together with the communication network and data management system, constitute
the Advanced Metering Infrastructure (AMI), which plays a vital role in energy community and power
delivery systems by recording the consumption and production profiles and facilitating bi-directional
information flows. IoT devices for residential users include state-of-the-art hardware and software
devices, capable of measuring and collecting data in real time or at desired time intervals. These devices
transmit information to a remote data center with which they have an established Internet connection.
Communication in an AMI is bidirectional, as IoT and smart devices can accept command signals
and act accordingly. Common IoT devices used in this context are electronic platforms such as the
Arduino, with a limited computing capacity, and the Raspberry Pi, which is more powerful. In both
cases, communication is established on an Internet connection.

In this section, we introduce the Internet of Things architecture, also referred to as energy district,
which enables the application to the energy community of the optimization model described in the



Electronics 2020, 9, 1003 5 of 17

rest of the paper. The energy district comprises a number of prosumers that join together and form an
energy community. Each prosumer is equipped with the following components:

• a nanogrid system, which manages the energy exchange between the prosumer and the
distribution grid, the local energy production plants, and the storage system;

• a home automation system, which manages the activation and deactivation of the loads hosted
inside the dwellings.

All the prosumers of the community communicate with a centralized component that is in charge
of managing the whole community. Each prosumer hosts a software system, the Smart Energy Aware
Gateway (SEAG), which manages both the nanogrid and the home automation system, and interacts
with the centralized component.

In particular, the SEAG is designed to cope with the heterogeneity of devices that are built by
different vendors with different technologies. The SEAG is an IoT system which intelligently controls
the physical devices included in the nanogrid and in the home automation system, and interacts with
the local smart meters to build a detailed and comprehensive profile of the user’s energy production
and consumption. In addition, the SEAG is in charge of interacting with the centralized component
that includes the aggregator of the district and a service provider that supplies to the SEAGs high-level
information needed for their local optimization tasks. Figure 1 shows the whole IoT architecture,
including the prosumers and the centralized component.

Figure 1. The energy district.

As mentioned before, the centralized component is composed of two entities: (i) the aggregator
and (ii) the service provider. The former is in charge of managing the energy exchanges among
the prosumers and between the whole community and the main grid. The latter executes a set of
algorithms on a daily basis with the goal of obtaining information concerning:

• the hour-by-hour energy production forecasts based on the weather forecast and the physical
characteristics of the generation plants;

• the hour-by-hour prices of energy, which are determined by the conditions of the energy market.

This information is retrieved every day for the following day and is taken into account by the
aggregator in order to elaborate a proper working plan for the nanogrid and the home automation
system for all the prosumers with the aim of optimizing the energy consumption and reduces costs.
In particular, the aggregator solves the optimization model presented in the next section, which takes
the energy production forecasts and the electrical energy prices as input and computes the optimal
schedule for: (i) the activation/deactivation of the loads, (ii) the use of the storage systems, and (iii) the
amount of energy exchanged by the prosumers or imported/exported from/to the grid.

The prosumer SEAG is composed of two layers, as shown in Figure 1: the Smart Energy Gateway,
devoted to the communications with the centralized component, and the Smart Physical Gateway
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which is in charge of interacting with the physical component, namely the nanogrid and the home
automation system. Several technologies can be used to implement a home automation system.
We adopted one of the most popular, i.e., Konnex, a standard developed by the KNX Association,
which is open, platform-independent and approved as an European Standard (EN 50090 - EN 13321-1).

In the experimental testbed described in this paper, the SEAG is installed on a Raspberry Pi 3
single-board computer [34]. The Raspberry Pi is a general-purpose computer that represents a good
solution since its performances are adequate to the goal, and at the same time it has a low energy
consumption and a small size, which allows it to be deployed in a domestic environment.

In order to communicate with the home automation system, an Arduino Mega micro-controller
is adopted since it is a small and inexpensive electronic board that allows for connecting to various
external accessories (such as sensors) and create applications to use the collected data. In particular,
an actuation on a load is managed through the Arduino Mega by operating an on/off command.
The energy consumption and the state of loads can be monitored through the same micro-controller.

Nanogrid systems are instead conceived for managing the usage of energy in a dwelling, which is
especially useful when the dwelling is equipped with local renewable energy generation plants or
storage devices. Low-level information such as the values of energies and the state of battery charge
are regularly monitored by an Atmel board and sent to the SEAG.

All the interactions among the physical components are managed by a software IoT platform [35],
written in Java that includes several layers. The core component, in particular, contains two layers that
provide the essential abstractions and functionalities: an agent layer and a virtual object layer.

A set of agent servers, ubiquitously located in the system, form the the agent layer on which a set
of agents execute and interact with each other. Agents are computational entities able to pursue their
goals in a flexible and autonomous fashion by interacting with each other and with the environment.
A peculiar property of the multi-agent systems [36] is the so-called emergent behavior, i.e., a complex
behavior that emerges from the interaction of simple individual behaviors. The emergent behavior
paradigm is able to ensure important properties such as adaptivity, resilience, and fault tolerance.

The virtual object layer is used as the container of the so-called virtual objects, which are software
abstractions of the actual physical components. Virtual objects hide the heterogeneity of the hardware
by supplying a standardized and flexible interface for abstracting the functionalities of the physical
IoT devices. In particular, the virtual object interface generalizes the read and actuation operations
that allow the applications to retrieve information and control the physical devices. The virtual object
interface also provides an event-based mechanism that allows the agents to be asynchronously notified
about some event occurrences, i.e., when a resource state changes. Moreover, agents can subscribe to
complex events defined by boolean rules over groups of functionalities.

The two layers, the agent and the virtual object layer, are co-located in the same process in order
to speed up the execution and cope with real-time scenarios. Instead of transferring data to a central
processing unit (the cloud component), agents are enabled to execute locally on the SEAG that is
directly connected to the physical devices. As a consequence, less data need to be transferred towards
remote hosts and local access and computation are fostered in order to achieve better performance
and scalability.

4. A Model for the Optimal Energy Sharing in an Energy Community

This section describes the Unified optimization model for the optimal energy sharing in an energy
community. The optimization problem can be classified as a mixed integer linear programming
problem, in which some variables are constrained to be integer or binary, and some others can assume
real values. The model takes as input the user energy needs, the energy production forecasts (obtained
by analyzing the data acquired by means of IoT devices), and the energy tariffs related to the following
day and then computes the optimal daily scheduling plan for controllable loads, local plants, and
storage systems located at the users’ dwellings. The optimal solution also gives information about
the energy values that the users exchange during the day. The definition of the objective function,
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presented in the following, forces the model to minimize the global energy cost obtained by summing
the energy costs/revenues of the users that join the community. As mentioned before, the model
encourages the energy sharing within the community and limits energy exchanges with the external
grid, which are priced at a worse tariff. The unified model allows for increasing self-consumption and
fosters the energy autonomy of the community.

The next subsection focuses on the electrical tariffs applied to compute the energy cost. Then, we
provide a description of the sets, the variables, the objective function, and the constraints of the
proposed model, emphasizing the differences between the Separated and the Unified models.
The temporal granularity for all the quantities is the hour, e.g., the power consumed by the loads as
well as the power produced by the plants or exchanged with the storage systems at a given hour h
(say, 9:00) are assumed to be constant within a one-hour interval (between 9:00 and 10:00).

4.1. Electrical Energy Tariffs

The electrical energy tariffs are defined by the daily trend of the energy market. In our scenario,
the Italian energy market defines the wholesaler energy prices: the zone price (PZh) and the single
national price (PUNh), i.e., the selling price and the basic buying cost applied at hour h when
importing/exporting energy from/to the external grid. Conversely, the selling price and the buying
cost applied to exchange energy inside the community are denoted, respectively, by ch, ph. To ensure
that users are encouraged to share energy among them, it must hold that PUNh ≥ ch and PZh ≤ ph.

To be more specific, the values of ch and ph should be set depending whether an economical gain
is to be guaranteed to the community manager, for example to incur the maintenance costs. In such
a case, the value of ph should be lower than the value of ch. On the other hand, if the objective is to
maximize exclusively the profit of the prosumers, the two values must be set equal to each other, i.e.,
to a single value eqh. Figure 2 shows an example of the trend of the prices and costs for a specific day,
i.e., 18 February 2020. In the following, we consider the general case in which ch and ph can assume
different values.
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Figure 2. Example of daily trends for the costs and prices of electrical energy.

4.2. Definition of Sets and Variables

In the following, we report the sets and variables that are used in the optimization model.
The quantities that are used exclusively in the Unified model, i.e., which are not present in the
Separated model, are reported in bold:

4.2.1. Sets

H set of the hours of a day
U set of users joining the community
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Au set of schedulable loads of user u ∈ U
A∗u set of schedulable and non-interruptible loads of user u ∈ U
Bu set of non-schedulable loads of user u ∈ U

4.2.2. Variables

Eh,u
imp electrical energy imported from the community at hour h ∈ H by user u ∈ U [kWhe]

Eh,u
exp electrical energy exported to the community at hour h ∈ H by user u ∈ U [kWhe]

Eh,u
impG electrical energy imported from the grid at hour h ∈ H by user u ∈ U [kWhe]

Eh,u
expG electrical energy exported to the grid at hour h ∈ H by user u ∈ U [kWhe]

yh,u
a state of the schedulable load a ∈ Au at hour h ∈ H by user u ∈ U [1 = ON; 0 = OFF]

Eh,u
cha electrical energy stored in the energy storage system during hour h ∈ H by user

u ∈ U [kWhe]
Eh,u

dis electrical energy drawn from the energy storage system during hour h ∈ H by user
u ∈ U [kWhe]

4.3. Objective Function

The objective function of the optimization model aims to minimize the global energy cost obtained
by summing the energy costs (positive values) and the revenues (negative values) of the community
users. The expression in Label (1) is defined as the sum of four terms for each user u ∈ U:

• ch ∗ Eh,u
imp, the cost incurred by user u at hour h to import energy from the community;

• ph ∗ Eh,u
exp, the revenue obtained by user u at hour h by selling energy to the community;

• PUNh ∗ Eh,u
impG, the cost incurred by user u at hour h to import energy from the external grid;

• PZh ∗ Eh,u
expG, the revenue obtained by user u at hour h by selling energy to the external grid:

min ∑
u∈U

∑
h∈H

(ch ∗ Eh,u
imp − ph ∗ Eh,u

exp + PUNh ∗ Eh,u
impG − PZh ∗ Eh,u

expG). (1)

The terms ch ∗ Eh,u
imp and ph ∗ Eh,u

exp are present only in the Unified model.

4.4. Constraints

The optimization model comprises a set of constraints, which are discussed in the following.
In particular, Equations (2), (5)–(10) hold in both the Separated and the Unified model, while
Equations (3) and (4) hold only for the Unified model, as they constrain the energy exchanges among
the community users.

In detail, Equation (2) describes the energy balancing for each user u ∈ U and at each hour h ∈ H:

Eh,u
imp + Eh,u

impG − Eh,u
exp − Eh,u

expG + ηu
dis · E

h,u
dis −

1
ηu

cha
· Eh,u

cha −∑a∈Au yh,u
a · Eu

a = ∑b∈Bu xh,u
b − Eh,u

PV ∀h ∈ H, ∀u ∈ U (2)

In the balance, the following energy components are considered: the energy produced from other
prosumers of the community (Eh,u

imp), the energy imported from the grid (Eh,u
impG), the energy supplied

by u to the community (Eh,u
exp), the energy injected to the grid (Eh,u

expG), the energy supplied by the

storage system of u (ηu
dis · E

h,u
dis , where ηu

dis is the discharging efficiency factor), the energy charged in
the storage system of u ( 1

ηu
cha
· Eh,u

cha, where ηu
cha is the charging efficiency factor), the sum of the energy

quantities consumed by the schedulable loads a ∈ Au (yh,u
a · Eu

a ), computed as the products of the
variables yh,u

a and the rated powers (the rated power, expressed as energy/hour, can be considered



Electronics 2020, 9, 1003 9 of 17

as an amount of energy since the time interval is equal to an hour) Eu
a , the sum of the forecast energy

quantities consumed by non-schedulable loads b ∈ Bu (xh,u
b ) and the forecast energy produced by the

local photovoltaic (PV) generators (Eh,u
PV).

Equation (3) balances the energy exchanges within the community:

∑
u∈U

(Eh,u
imp − Eh,u

exp) = 0 ∀h ∈ H (3)

The inequality (4) forces the total amount of imported energy, i.e., from the community (Eh,u
imp) or

from the external grid (Eh,u
impG), not to exceed the maximum operation power (the maximum operation

power, expressed as energy/hour, can be considered as an amount of energy since the time interval is
equal to an hour) of the Point Of Delivery (POD), Eu

maxGrid:

Eh,u
imp + Eh,u

impG ≤ Eu
maxGrid ∀h ∈ H, ∀u ∈ U (4)

For each user u, and for each schedulable load a ∈ Au, let us introduce the duration in hours of the
working time θa and the range of hours [αa, βa] to which the working time must belong. The auxiliary
variable zh,u

a is set to 1 at the hour h at which the schedulable load a is activated, and is set to 0
at any other hour. Equations (5) and (6) force the activation of load a to occur at a single hour
h ∈ [αu

a , βu
a − θu

a + 1]. The upper bound of the latter interval is set to βu
a − θu

a + 1, instead of βu
a , in order

to ensure that the working time of the load a ends before βu
a :

βu
a−θu

a +1

∑
h=αu

a

zh,u
a = 1 ∀u ∈ U, ∀a ∈ Au (5)

zh,u
a = 0 ∀h ∈ H \ [αa, βa − θa + 1], ∀u ∈ U, ∀a ∈ Au (6)

Equation (7) ensures that the load a of user u is activated exactly for θu
a hours inside the

[αu
a , βu

a ] interval:
βu

a

∑
h=αu

a

yh,u
a = θu

a ∀u ∈ U, ∀a ∈ Au (7)

Inequalities (8) force every non-interruptible load a ∈ A∗u to operate during its working time,
without interruptions. Indeed, for all h where zh,u

a is 1, the variables yh,u
a , yh+1,u

a , ..., yh+θa−1,u
a can

assume values greater or equal than 1. On the other hand, Equation (7) forces the same variables to
assume values lower or equal than 1. As a consequence, the variables yh,u

a are equal to 1 for each hour
h ∈ [h∗a,u, h∗a,u + θa,u − 1], where h∗a,u is the activation hour of the load a, i.e., the hour at which zh

a,u = 1:

yh,u
a ≥ zh,u

a , yh+1,u
a ≥ zh,u

a , ..., yh+θa−1,u
a ≥ zh,u

a ∀h ∈ [αa, βa], ∀u ∈ U, ∀a ∈ A∗u (8)

With reference to users that hold electric storage systems, inequalities (9) and (10) express the fact
that the total stored energy at each hour h ∈ H is within the allowed minimum and maximum states of
charge (SOCu

min and SOCu
max). As introduced, Ei,u

cha is the stored energy and Ei,u
dis is the energy supplied

by the storage system of user u during the hour i. The constant Eu
STOel

is defined as the amount of
electrical energy stored at the end of the previous day, while Cu

max is the maximum capacity of each
electrical storage system:

Eu
STO +

h

∑
i=0

Ei,u
cha −

h

∑
i=0

Ei,u
dis ≥ SOCu

min ∗ Cu
max ∀h ∈ H, ∀u ∈ U (9)

Eu
STO +

h

∑
i=0

Ei,u
cha −

h

∑
i=0

Ei,u
dis ≤ SOCu

max ∗ Cu
max ∀h ∈ H, ∀u ∈ U (10)
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4.5. Upper and Lower Bounds of Variables

Inequalities (11) and (12) force the hourly energy exported by user u to the community (Eh,u
exp) and

to the grid (Eh,u
expG) to be positive values:

0 ≤ Eh,u
exp ∀h ∈ H, ∀u ∈ U (11)

0 ≤ Eh,u
expG ∀h ∈ H, ∀u ∈ U (12)

Inequalities (13) and (14) force the hourly energy imported by user u from the community (Eh,u
imp)

and from the grid (Eh,u
impG) to be positive values, lower than or equal to the maximum operation

power (Eu
maxGrid):

0 ≤ Eh,u
imp ≤ Eu

maxGrid ∀h ∈ H, ∀u ∈ U (13)

0 ≤ Eh,u
impG ≤ Eu

maxGrid ∀h ∈ H, ∀u ∈ U (14)

The constraints related to the maximum amounts of energy drawn and stored by the electrical
storage systems are expressed by inequalities (15) and (16), where Eu

maxCha and Eu
maxDis are the

maximum amounts of energy that can be charged/discharged in an hour:

0 ≤ Eh,u
cha ≤ Eu

maxCha ∀h ∈ H, ∀u ∈ U (15)

0 ≤ Eh,u
dis ≤ Eu

maxDis ∀h ∈ H, ∀u ∈ U (16)

5. Numerical Results and Discussion

In this section, we evaluate the effectiveness of the Unified optimization model in a specific
scenario: the Unical (University of Calabria) Campus, in Italy. The analysis is related to a specific day,
i.e., 18 February 2020. The optimization problem was solved with the Branch and Bound technique, in
particular we exploited the implementation provided by the CPLEX Library (https://www.ibm.com/
us-en/marketplace/ibm-ilog-cplex). We computed the energy exchanges and the costs/revenues for a
community of three grid-connected prosumers. With reference to Figure 2, we considered the case in
which the selling price is equal to the buying cost, and both are denoted as eqh. User1 and User2 are
prosumers equipped with PV systems and storage systems, while User3 is a simple consumer, devoid
of local generation and storage systems. More details about the peak PV power, the grid operation
power and the storage capacity are reported in Table 1.

Table 1. Local PV, grid connection, and storage systems for the three prosumers.

PV Size Grid Operation Power Storage Capacity

User 1 5 kWp 6 kW 8 kWh
User 2 9 kWp 10 kW 15 kWh
User 3 - 4.5 kW -

Tables 2–4 show the user preferences and the details of the schedulable loads, i.e., of electrical
appliances such as washing machines, dishwashers, electric ovens, for the three prosumers, respectively.
We recall that, for each schedulable load, θ is the duration in hours of the working time, and [α, β] is
the range of hours to which the working time must belong; one or more interruptions of the working
time are allowed for interruptible loads, while non-interruptible loads cannot be interrupted.

In addition to the schedulable loads, a fixed daily profile is considered (given by the sum of all
non-schedulable electrical loads).

https://www.ibm.com/us-en/marketplace/ibm-ilog-cplex
https://www.ibm.com/us-en/marketplace/ibm-ilog-cplex
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Table 2. Schedulable loads of User1.

Rated Power α β θ Interruptible

load 1 1800 W 15:00 23:00 2 h yes
load 2 1000 W 07:00 15:00 2 h no
load 3 2000 W 10:00 22:00 1 h no

Table 3. Schedulable loads of User2.

Rated Power α β θ Interruptible

load 1 2300 W 18:00 22:00 1 h yes
load 2 1200 W 07:00 14:00 3 h no
load 3 800 W 00:00 23:00 4 h no

Table 4. Schedulable loads of User3.

Rated Power α β θ Interruptible

load 1 2500 W 14:00 22:00 3 h no
load 2 1800 W 07:00 17:00 3 h yes
load 3 1200 W 12:00 22:00 2 h no

The results are compared to those obtained with the Separated model presented in [6], which does
not take into account the energy sharing among the users, as specified in the introductory section.
The comparison between the two models, Unified and Separated, provides important results, useful to
highlight economic and energy advantages achieved when adopting the Unified model.

Figures 3 and 4 show the profiles of the three prosumers with the Separated and the Unified
model, respectively. In the figures, positive values correspond to the injection of energy by the user
(either to the community or to the external grid), while negative values correspond to the withdrawal
of energy from the community or from the grid.

Figure 3 shows that, when adopting the Separated model, User1 and User2 make limited energy
exchanges with the external grid. These two users own renewable energy plants that are able to match
their energy needs, and therefore are nearly autonomous: they withdraw energy only in the earliest
and last hours of the day, when the local PV plants are not productive, while they inject energy to the
grid mainly in the hours between 15:00 and 19:00, when the selling price is higher. User3 does not own
a local plant, so it withdraws energy from the grid during the whole day, and mostly between 11:00 and
17:00. When compared to Figure 3, Figure 4 confirms a better usage of the available energy produced
locally when using the Unified model, and a better coordination between production and demand
among the users. The profiles appear to be complementary, i.e., the local producers (User1 and User2)
supply energy at the hours when User3 needs such energy for its loads. Moreover, User1 and User2
are equipped with storage systems, so they find it convenient to buy energy from the grid, and charge
their batteries, in the hours in which the energy is cheaper, i.e., between 02:00 and 04:00. Later in the
day, the storage systems will be discharged to match the energy requirements of User3.

The energy sharing among the users of the community, enabled with the Unified model, ensures
the optimal use of local energy sources. To show this, Figure 5 reports the total amount of energy
produced by the PV plants, and the aggregated demand profile of the three users, i.e., the sum of the
energy amounts required by the loads and accumulated in the storage systems, with the Separated and
the Unified model. A comparison between the two models confirms that the Unified model ensures a
better coordination between demand and production profiles, as can be noticed in the figure. In more
detail, with the Separated model, the loads are scheduled and the storage systems are charged when
the PV plants are productive, i.e., between 08:00 and 17:00. However, the curve of the demand profile is
higher than the production curve, meaning that the a portion of the energy required by the loads—the
area between the two curves—is bought from the grid. Conversely, the Unified model schedules
some loads in the hours when the energy can be bought at a low cost, i.e., between 01:00 and 05:00
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and between 22:00 and 24:00. Moreover, the storage systems are partially charged in the same hours.
In this way, the community is able to exploit all the energy produced locally to fulfill its loads in the
hours when the external energy is more expensive. Indeed, the curves of production and demand are
nearly coincident.

−4000

−3000

−2000

−1000

 0

 1000

 2000

 3000

 0  1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23

P
o

w
e
r 

(W
)

Time (h)

User 1
User 2
User 3

Figure 3. Daily profile of the three users with the Separated model.
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Figure 4. Daily profile of the three users with the Unified model.
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In detail, the “self-consumed” energy (i.e., the amount of energy produced locally and consumed
by the prosumers of the community) is equal to 31.53 kWh with the Separated model, while it increases
to 37.45 kWh when adopting the Unified model. On the other hand, the energy withdrawn from the
grid is equal to 30.53 kWh with the Separated model, while it is reduced to 23.10 kWh when adopting
the Unified model.

Figure 6 compares the energy profile of the whole community (obtained by summing the profiles
of User1, User2, and User3), for the Separated and Unified models. Positive values of the profile
correspond to the injection of energy from the community to the grid, while negative values correspond
to the withdrawal of energy from the grid. We observe that the Unified model enables a significant
reduction of the time interval in which energy is withdrawn from the grid, meaning that the community
becomes more autonomous: in particular, it does not need external energy between 06:00 and 22:00.

Figure 7 shows the values of the objective function during the considered day, i.e.,
the costs/revenues of the whole community obtained with the Separated and the Unified model.
In the figure, negative values correspond to the purchase of energy while positive values correspond
to the sale of energy. The Unified model allows the community to obtain significant cost savings with
respect to the Separated model, especially in the second half of the day, when the energy produced
by internal renewable sources can be exploited by other prosumers of the community. In particular,
with the Unified model, no cost is incurred between 06:00 and 22:00, when the community is completely
autonomous. Overall, the energy cost decreases from e 5.281 with the Separated model to e 3.584
with the Unified model.
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Figure 6. Daily profile of the community for Separated and Unified models.
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Table 5 reports the costs/revenues of the three users with the Separated and the Unified
model, detailed both for the energy exchanges with the grid and for the energy exchanges within
the community.

Table 5. Costs/revenues for the Separated and Unified model.

Cost(−)/Revenue(+) [e]
Separated Unified

Grid Community Tot. Grid Community Tot.

User 1 −0.173 0.000 −0.173 −1.038 0.825 −0.213
User 2 −0.550 0.000 −0.550 −2.067 1.645 −0.422
User 3 −4.558 0.000 −4.558 −0.455 −2.495 −2.949
Total −5.281 −3.584

Figure 8 shows the economical gain achieved when using the Unified model with respect to the
Separated model, computed as the difference between the values of the objective function obtained
by solving the two models. This analysis is made by varying the overall storage capacity and the
total PV size, in order to assess the impact of these parameters. The figure confirms that the Unified
model always ensures a gain, whose value depends on the storage capacity and the PV size. To be
more specific, the value of the gain increases with the total PV size: indeed, a larger availability of
energy produced by local sources allows the users of the community to share a larger amount of
energy and therefore to reduce the energy costs. The figure also shows that the economical gain is very
low for values of the total PV size between 0 kW and 3 kW: the reason is that the energy produced
locally is not sufficient to match the energy demand of the users, who need to withdraw energy
from the grid with both the Separated and the Unified model. Another interesting insight is that the
economical gain saturates to about e 1.772 when the total PV size exceeds 10 kW, i.e., the Unified
model does not ensure further gains: the local sources produce an over-generation of energy that
cannot be used by the community and is directly sold to the external grid, and the corresponding
revenue is the same with both of the models. Finally, it can be seen that, with values of the total PV
size between 3 kW and 10 kW, the economical gain increases when the total storage capacity decreases.
In particular, with small values of the total capacity, the autonomy of users is limited: in such a case,
a great advantage derives from sharing the available energy, which is only possible with the Unified
model. On the other hand, with large values of the storage capacity, a large amount of energy can
be stored and used at a later time, thus reducing the energy exchanges with the grid: in this case,
the Separated model provides a solution of the optimization problem that is very close to that ensured
by the Unified model. Figure 8 also shows the value of the gain for the specific case study considered
so far, and detailed in Table 1: when the total capacity is 23 kWh and the total PV size is 14 kWp,
the gain is equal to e 1.697. From the plot, it can be observed that this scenario corresponds to a
nearly optimal sizing of the PV size and storage capacity, as the gain is close to the maximum value,
also shown in the plot, and equal to e 1.789.

As a conclusive remark, the Unified approach is applicable and leads to the optimal solution
when the number of prosumers is limited, but it is not fully scalable, as the size of the optimization
problem increases quadratically with the number of prosumers, and so does the computation burden
needed to solve the problem. To improve the scalability behavior, an efficient strategy can adopt a
hierarchical approach, in which the problem is first solved for single groups of prosumers, using the
model presented here, and then the energy exchanges among these groups are computed. This strategy
is currently under assessment.
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Case study
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Figure 8. Economical gain of the Unified model when varying the total storage capacity and the total
PV size.

6. Conclusions and Future Work

This paper has presented a novel approach for the optimal management of energy communities,
in which some of the prosumers are equipped with renewable energy plants. Differently from other
approaches proposed in the literature, where each prosumer is modelled separately, a unique model
of an entire energy community is developed here, with the goal of fostering the energy exchanges
among the prosumers of the community. Experimental results, performed on the University of
Calabria Campus, show the advantages of the approach and its capability of matching the production
availability of some prosumers with the energy requirements of other prosumers. This matching allows
the prosumers to reduce the need for external energy, or to withdraw such energy at hours when it is
cheaper, store the energy in local accumulators and provide it to other users at a later time, thus leading
to significant cost savings for the whole community. The presented model exploits the Internet of
Energy paradigm, which integrates the distributed energy systems with the Internet of Things (IoT)
technologies. Indeed, the energy community is instrumented by hardware and software devices that
are able to interact with the physical components and inject smartness into the management of the
energy community. The main limitation of the approach is that computational complexity costs can
become excessive as the number of prosumers increases. Consequently, future work will be geared
at improving the scalability of the approach, using swarm intelligence techniques that allow energy
exchanges to be optimized and not determined at a unique central point, but in parallel among subsets
of prosumers.
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AMI Advanced Metering Infrastructure
SEAG Smart Energy Aware Gateway
PZ Zone Price
PUN Single National Price
PV Photovoltaic
POD Point Of Delivery
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