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Abstract

In 2024, the European Commission confirmed that the residential sector is responsible for
40% of total energy consumption in the EU and for 36% of greenhouse gas emissions, while
75% of buildings are still energy-inefficient. To cope with the climate crisis and to achieve
the EU objectives of union climate neutrality, gas emission reduction and decarbonization,
energy management systems of residential houses and energy optimization techniques
are key aspects to investigate. In this context, this work focuses on the real-time energy
optimization of energy communities whose customers cooperate to satisfy both the energy
community’s and customers’ objectives. In particular, this work addresses the real-time
energy management of an energy community composed of consumers and prosumers by
proposing a cooperative multi-objective and multi-agent DQN control framework that
takes into account the following: (a) the satisfaction of customers’ load demand, (b) the
maximization of individual and collective self-consumption under fair energy sharing
policies, (c) the management of the charging process of energy storage systems, (d) the
efficient use of renewable energy sources, and (e) the guarantee of customer privacy.
Simulation results have confirmed that an efficient scheduling of the available sources
in a well-dimensioned energy community—in terms of load demand, renewable energy
production and energy storage systems—meets the listed objectives, improves the flexibility
of the energy community network, and reduces Grid usage.

Keywords: real-time energy management; distributed energy sources; deep reinforcement
learning; cooperative multi-agent control framework; fairness

1. Introduction
In recent decades, economic and population growth, as well as social development,

have led to an exponential consumption of energy that has caused the depletion of con-
ventional energy resources and an increase in temperatures and greenhouse gas emissions
(GHEs). Many initiatives were implemented to address the continuous growth of energy
demand and load demand in the industrial and residential sectors [1–5]: the use of smart
home appliances and the application of demand response (DR) programs [2,6] for home
energy management systems (HEMSs) were, unfortunately, not as successful as expected.
The diffusion of renewable energy sources (RESs) and energy storage systems (ESSs) and
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their integration in microgrids and residential units have partially solved the problem, but,
unfortunately, GHEs are still high [7].

To cope with this climate emergency [8], starting in 2019, the European Commission
delivered the “Clean Energy for all Europeans” legislative package aimed at facilitating
(i) a clean energy transition, and (ii) the setup of energy communities (ECs) to address the
EU objectives of Union climate neutrality, GHE reduction and decarbonization [9–12]. To
this end, many research activities have been launched on energy management systems
for smart homes, smart buildings and microgrids, but the energy management of energy
communities and the optimization techniques suitable for managing large and distributed
environments as ECs still require further investigation. Furthermore, mechanisms to push
energy trading in energy communities and the use of virtual energy plants for overcoming
difficulties in encouraging authorization to install renewable energy sources in urban areas
are recently gaining more attention [13]. In [14], the authors provide an excellent summary
of the experiences gained from ECs in several European countries.

An energy community can be defined as a legal entity composed of customers that,
through voluntary adherence to a contract, collaborate with the goal to produce, consume
and share energy, in order to provide environmental, economic or social benefits rather
than financial profits [9]. Member cooperation and privacy, energy sharing policies, optimal
use of RESs and ESSs, and customer privacy preservation, as well as EC flexibility, Grid
independence, price uncertainties, and energy forecasting, have been recognized as key
aspects to be investigated.

Several energy management systems for the residential sector have been proposed
in the literature, but most of them focus on the load balancing of smart homes, buildings,
districts, and microgrids [4], using centralized or decentralized control architectures [15].
However, these studies do not focus on the aspects of customer cooperation.

In recent years, EC management and optimization techniques suitable for handling
large and distributed environments have been gaining interest, but (i) most of the papers
that focus on EC management address the analysis of the economic and environmental
benefits from a systemic point of view without addressing the optimization control problem
from the customer point of view [16], and (ii) the majority of the works that assess control
algorithms suitable for EC energy management mostly rely on optimal or hybrid control
model-based approaches. Optimal techniques have the advantage of providing optimal
solutions but require knowledge of the models and high computational costs, limiting their
applicability in real time and for large and distributed environments.

To overcome these limitations, AI-based solutions seem to be a promising R&D
area [17], as (i) they reduce the computational burden and (ii) the need to derive a precise
mathematical model of the considered systems, and (iii) are very efficient with complex
models composed of a high number of variables.

1.1. Related Work

The European Union and the United Nations continue to support actions toward
sustainable development goals and, in particular, the European Commission is pushing
initiatives related to energy communities as legislative frameworks to develop “sustainable
cities and communities”, as well as to guarantee “affordable and clean energy”. These
actions and initiatives have pushed research activities on investigating different aspects.

Some researchers have focused on the economic aspects of ECs, such as Kandpal et al. [18],
who applied machine learning (ML) classification algorithms to obtain more advantageous
power price negotiations in long-term negotiations by proposing a power purchase agree-
ment method capable of taking advantage of the possibility of storing renewable energy
in ESSs and tuning energy consumption based on the available energy. Other authors
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have concentrated on the social aspects, the regulatory frameworks and establishment of
ECs, such as (i) Marchetti et al. [19], who addressed the important role of energy sharing
mechanisms in accelerating the sustainable development goals and outlined that the distri-
bution of energy community developments is unfortunately not uniform among the Union
Member States because harmonized regulatory and financial frameworks are still missing;
(ii) Lucas et al. [20], who underlined that the relevance of the EC customer acceptance of
collective consumption depends upon how the individual customer load and RES profiles
are complementary; and (iii) Di Nucci et al. [21], who described a method for transferring
lessons learned in the establishment of ECs from one context to another, possibly also
between neighboring regions.

With regard to the investigation of innovative technologies and energy management
algorithms suitable for managing large and distributed environments as ECs, as this
paper aims to do, recently, AI-based techniques have been gaining interest. For example,
Dogan et al. [22] outlined the importance of forecasting renewable energy production in
real time, and proposed tree-based learning models capable of providing more accurate
and reliable renewable energy predictions than traditional econometric methods; while
Alam et al. [23,24] proposed a data-driven optimal energy sharing algorithm to achieve
load balancing in a PV-community with shared ESSs (CESS) using a long short-term
memory (LSTM) algorithm combined with a predictive algorithm in the first article, and
a clustering method combined with bidirectional long short-term memory (BiLSTM), in
the second one, under a centralized control architecture. Cicceri et al. [25] performed
the energy management of a REC with PVs by analyzing the energy production and
consumption. The authors promoted the efficient use of renewable energy without ESSs
and a reduction in Grid usage, eventually asking customers to reduce energy consumption
when it is greater than PV production, by using LSTM and BiLSTM method and real
datasets. Khan et al. [26] addressed the energy management of a smart EC equipped
with PV and ESS using a hybrid method that combines LSTM with a genetic algorithm
(GA) to predict energy consumption and schedule load appliances so as to reduce energy
consumption and share surplus energy within the community and with the Grid. Their
centralized control framework also ensures data integrity and confidentiality through a
software-defined perimeter framework that addresses cybersecurity challenges. As far
as data-driven techniques are concerned, Giannuzzo et al. [27] proposed a non-intrusive
machine learning methodology, based on k-means clustering, random forest algorithm
and data-driven rescaling procedure, to estimate the energy shared within an REC by
reconstructing residential electrical consumption profiles—with a resolution scale of 1 h—
using only monthly consumption data (i.e., energy bills), while Elomari et al. [28] presented
a data-driven framework—based on life cycle cost (LCC), life cycle assessment (LCA) and a
machine learning algorithm—to determine suitable sizes for PVs, wind turbines, and ESSs
of RECs by evaluating energy, economic, and environmental criteria.

With regard to the EC management in the presence of uncertainties, Mo et al. [29]
proposed a soft actor–critic RL agent to promote electricity low carbonization in a com-
munity with integrated DERs under load, power, temperature and EVs uncertainties. The
authors also considered customer uncertainty behavior in DR programs and curtailable
and shiftable electric/gas load to achieve low-carbon economic dispatch under uncertain
scenarios. Li et al. [30] presented a Smart Energy-Water Systems (SEWS) framework to opti-
mize the scheduling of EC resources and increase EC flexibility under uncertain conditions.
This framework integrated Deep Q-Networks (DQN) and a Multi-Objective Evolutionary
Algorithm based on Decomposition (MOEA/D) to integrate diverse and fluctuating energy
resources, including power grid, water grid, gas grid, RESs, ESSs, etc., while minimizing
operational costs and maximizing customer willingness in peer-to-peer energy trading. To
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overcome the uncertainties issues due to the intermittent nature of RESs and to minimize
the day-ahead energy cost, Duque et al. [31] proposed the efficient use of CESS using an
RL approach based on temporal difference (TD) with eligibility traces (ET). Liu et al. [32]
assessed an adaptive optimization design of a smart elderly care community to improve
health and life quality for elder people by using an actor–critic algorithm to refine a deep
deterministic policy gradient (DDPG) algorithm. The authors considered (i) an EC model
composed of DERs, including PVs, wind turbines, gas turbines and boilers and electric
storage, (ii) supply and demand uncertainties as well as (iii) internal thermal comfort of
customers. Vetter et al. [33] addressed (i) an economic optimization of an EC using a DQN
method and (ii) a comparison with an MILP solution using both synthetic and real data
and considering a heat pump, thermal energy storage (TES), PVs and economic incentives
driven by real-time electricity prices. The optimization problem focused on the training
of a single RL agent who can shift the heat pump operation—thanks to the flexibility pro-
vided by the TES—so as to avoid high-price intervals and reduce the overall energy costs.
Dolatabadi et al. [34] performed the energy scheduling of an REC using a decentralized
optimization algorithm based on the LimitedMemory Broyden–Fletcher–Goldfarb–Shanno
(L-BFGS) method, to reduce the computational burden required for solving the mixed
integer programming (MIP) problem.

As far as customer cooperation is concerned, our previous work (Tortorelli et al. [35])
addressed the development of a cooperative multi-stage and multi-agent control framework
for the energy optimization of an energy community made up of consumers, prosumers
and a shared HUB. The multi-stage control framework had been developed using a tabular
Q-learning and a multi-agent and distributed environment where each customer had an
associated agent in charge of learning the best strategy to (i) satisfy customer load demand,
(ii) manage prosumer ESSs recharge, (iii) handle prosumer energy surplus, and (iv) guar-
antee customer privacy, while (v) maximizing individual and collective self-consumption
under a fair energy sharing policy. Tostado-Veliz et al. [36] proposed a multiple aggregators
architecture to (i) optimize the collective energy bill of the EC, (ii) manage the uncertainties
of load and RES generation profiles and (iii) preserve customer privacy. Customer coopera-
tion is performed by the minimization of the collective energy bills, under the assumption of
flexible and not-flexible loads, using an MILP-based technique. Berg et al. [37] described an
optimization model to quantify the benefits of using community-owned battery storage for
an energy community and a DSO, while Xie et al. [38] emphasized the reduction in the total
annual cost and the annual operation cost of communities with community-shared storage,
by proposing a distributed and cooperative sharing model-based on (a) the Alternating Di-
rection Method of Multipliers (ADMM) to solve the sizing and configuration problem, and
(b) the bilateral Shapley method to optimize the total annual cost issue. However, always
in the context of cooperative game theory based algorithms, Choucair et al. [39] adopted
a Gaussian Fuzzy number (GFN) method to effectively model real-world uncertainties
applicable to distributed energy systems. Lilliu et al. [40] analyzed the impact of coalition
sizes on the flexibility of the EC net by introducing novel incentive mechanisms to achieve
peak shaving. In particular, cooperative and non-cooperative game-theory approach has
been investigated to promote good behavior for Grid users in terms of load shifting,
self-consumption, production curtailment and congestion, while Abedrabboh et al. [41]
concentrated on the minimization of collective disutility—in terms of costs, emissions and
demand pick reduction—by modeling an energy community with consumers and pro-
sumers, distributed energy resources (DERs) and optimized ESSs, and implementing Nash
equilibrium and CIS-value algorithms to analyze coalition stability. Toderean et al. [42]
proposed a decentralized solution for prosumer coordination in self-sufficient energy
communities using blockchain technology to handle security and privacy issues and a
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cooperative game framework. In particular, a model based on self-enforcing smart con-
tracts has been implemented to optimize the payoff distribution, while also considering
uncertainties in energy production and consumption, while Mitre et al. [43] developed a
blockchain market mechanism model-based on the Hawk–Dove game which incentivizes
the cooperative behaviors of prosumers (Doves) and penalizes selfish prosumers (Hawks).

With regard to the investigation of scheduling methods for EC management, many re-
searchers have still focused on optimal algorithms such as Mignoni et al. [44], who assessed
the optimal scheduling of an EC composed of prosumers equipped with unidirectional
vehicle-to-grid (V2G) and vehicle-to-building (V2B) capabilities by proposing an MPC
approach based on variational inequality (VI) theory, and solved in a distributed fashion
leveraging on the accelerated distributed augmented Lagrangian method (ADALM). The
authors formalized the problem as a Nash equilibrium problem where, acting as selfish
agents, prosumers and EVs interact in a rolling horizon control framework with the aim
of achieving an agreement on their operating strategies. Kong et al. [45] addressed the
energy management of a commercial community integrated with a hydrogen ESS (HESS)
by developing a community integrated energy system (CIES) that relied on a two-stage
optimal scheduling model to (i) optimize the energy flow of the HESS, and (ii) the reliability
of energy supply. Ye et al. [46] and Zhang et al. [47] also addressed the energy management
of a CIES by proposing, respectively, an optimal scheduling based on twin data for the cor-
rection of the equipment efficiency and a multi-temporal spatial-scale flexibility scheduling
strategy considering multiple sources with uncertainties and system inertia components.
The first used polynomial regression (PR) and backpropagation neural network (BPNN),
while the second relied on stochastic model predictive control (SMPC). Yang et al. [48]
proposed an optimal scheduling model to address the energy management, based on
segmental control of solid oxide fuel cells (SOFCs), of a community with heat and power
(CHP) units where the gas turbine of the CHP had been replaced with an SOFC array to
reduce carbon emissions and to improve CHP efficiency, while He et al. [49] performed
the energy management of an EC equipped with ESS and EVs by developing a two-stage
optimal framework with the aim of increasing the flexibility of the EC by managing the ESS
parameters in the first stage, and maximizing the EC profits and real-time scheduling in
the second stage. Dinh et al. [50] performed an MILP-based control framework to provide
economic benefits and user thermal comfort of an energy community, and also including
different types of homes and energy trading scenarios, while Foroozandeh et al. [51] and
Lilla et al. [52] addressed the energy management of ECs, respectively, using a centralized
mixed binary non-linear programming controller and a distributed procedure based on the
alternating direction of multipliers.

The majority of the works presented above that addressed the energy management of
ECs relied on (i) optimal control methods, (ii) hybrid methods or (iii) ML-based methods.
However, papers that used data-driven, DRL-, or RL-based techniques focused more on
the integration of heterogeneous energy sources with uncertainties or on the forecasting of
renewable energy rather than on customer cooperation for the maximization of individual
and collective self-consumption.

Most of the papers that assessed both the energy management of ECs and the maxi-
mization of the use of renewable energy, by using ML-based technology, used centralized
architecture and, as far as the authors believe, did not focus on fair energy sharing processes
or customer privacy issues.

As far as cooperation aspects or shared community storage are concerned, most of
the papers that assess these topics usually rely on (a) optimal control methods, taking
advantage on the use of DSOs or aggregators, or (b) blockchain technology and game
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theory algorithms, and only few also took into account customer privacy preservation
under fair energy sharing processes.

Therefore, the authors of this article believe that there is a lack of a real-time and
scalable approach to jointly tackle (a) the satisfaction of EC customer load demand, (b) the
efficient use of renewable energy and storage while managing storage charging process and
surplus energy selling, (c) the maximization of individual and collective self-consumption
under fair energy sharing policies, (d) the guarantee of customer privacy, and (e) customer-
to-customer cooperation in a distributed environment such as an EC.

Motivated by these considerations, the proposed distributed control framework adopts
a multi-agent DQN approach, where each EC customer has an associated DQN agent in
charge of (i) learning efficient energy management strategies with respect to all the above-
mentioned issues, and (ii) executing in real-time the scheduling operation of EC customers
in a cooperative and distributed environment.

With respect to our previous work [35], where the energy optimization problem was
solved by decomposing the whole problem into three subsequential subproblems (stages)
and by using a tabular Q-learning control framework, this work addresses the whole
problem as a single energy optimization problem and adopts a DQN control framework.
Deep reinforcement learning methods, as a matter of fact, have been recognized in the
literature as valid technologies to (a) handle more complex functionalities and (b) improve
scalability issues related to the management of complex systems with large state and
action spaces.

Moreover, the learning process of the proposed DQN control framework has been
optimized—with respect to the Q-learning framework—by training a single agent over
three agents (one for each stage), in charge of learning efficient strategies to address the
energy management problem. This work allows authors to explore

• The tuning of the hyperparameters of the DQN technique;
• Policies for updating the Q-Target Network (hard and soft update policies);
• Hidden layer normalization to better control the stability of the learning process;
• The analysis of the main metrics, as cumulative reward and loss shape, to detect

overfitting issues.

This can be considered as a starting point for investigating the DQN algorithm in the
context of energy communities to handle complex functionalities and, in general, improve
scalability in large and complex systems.

1.2. Contributions

The proposed control framework addresses the real-time management of energy
communities, specifically focusing on the coordination of both individual and shared
energy sources and storage systems. The main contributions of this work are

• The development of an integrated approach for real-time satisfaction of customer load
demand, and the management of the charging and discharging processes of energy
storage systems and the EC renewable energy;

• The enforcement of peer-to-peer cooperation between community members enhancing
the exploitation of individual and shared resources;

• The adoption of fair energy management mechanisms and transparent decisional
processes.

The framework can be deployed for the operational management of existing ECs or
used as a decision-support tool for the optimal sizing of communities during the design
phase. Furthermore, the functional behavior of the proposed solution has been validated
through realistic scenarios featuring diverse customer profiles, heterogeneous storage
configurations, and varying scales of EC membership. Finally, the validation of the pro-
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posed DQN control framework has been carried out through a comparative functional and
performance analysis with a rule-based algorithm and a Q-Tabular algorithm.

1.3. Paper Structure

The remainder of the paper is organized as follows: Section 2 describes the system
model, the energy management strategy, and the cooperative multi-agent DQN control
framework; Section 3 explains the training phase, the validation process, the different
scenarios used in the simulations, the obtained results including the performance and com-
parative analysis between rule-based, Q-Tabular and DQN control frameworks; Section 4
reports authors’ conclusions and outlines possible future works; Appendix A describes
the comparative analysis between the proposed DQN solution and our previous 3-stage
Q-Tabular solution.

2. Materials and Methods
2.1. System Model

The proposed energy community (EC) consists of N customers, including both con-
sumers and prosumers, and a shared community HUB. Each prosumer is equipped with
a photovoltaic (PV) system and may also include an energy storage System (ESS), while
consumers are characterized only by their electrical loads. Each customer can exchange
energy with the other members of the EC, with the shared HUB, and with the utility grid;
see Figure 1.

Figure 1. EC model.

The proposed EC architecture distinguishes between the renewable energy individu-
ally consumed by a prosumer and the renewable energy made available to the community
to be shared. Specifically, each prosumer first exploits its generated renewable energy to
satisfy its own load demand; then, if the instantaneous renewable production exceeds its
load demand, the remaining renewable production becomes available to the community;
this remaining renewable production is named prosumer renewable surplus. The aggregation
of the prosumer renewable surplus generated by all prosumers constitutes the community
renewable energy, which represents the renewable energy available for sharing among the
EC customers.
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The proposed energy management control framework considers the community re-
newable energy as a shared and dynamically evolving resource. Once generated, the
prosumer renewable surplus immediately becomes available to all EC members and, there-
fore, may be exploited by any customer according to the decisions made by the control
framework. Consequently, the amount of prosumer renewable surplus still available to the
originating prosumer may decrease over time, or even become zero, as a result of concurrent
energy requests from the other EC customers.

The shared HUB is capable of storing only the community renewable energy that
remains unused after meeting the energy demands of the EC customers. Therefore, the
HUB acts as a community-level renewable energy storage, making unused renewable
energy available during subsequent time intervals. The HUB cannot be charged from the
power grid but only by residual community renewable energy. This operating principle
increases the operational flexibility of the energy community and improves collective self-
consumption and energy sharing aimed at reducing the dependence on externally imported
energy (i.e., from the Grid).

2.2. Energy Management Strategy

The proposed energy management system (EMS) coordinates the energy exchanges
among the prosumer renewable energy sources (RESs), the prosumer energy storage sys-
tems (ESSs), the community renewable energy (CRE), the shared HUB, and the utility grid.

At each time interval, the EMS determines the energy source to be exploited according
to the current state and the adopted dispatch strategy.

The value of the community renewable energy available for each customer is customer
dependent, as it represents the customer private vision of the available community re-
newable energy to buy: the EMS computes this value as aggregated data to avoid the
detailed knowledge of the energy production and surplus of each EC customer, thereby
preserving customer privacy. Moreover, to guarantee data integrity and consistency of
(i) the community renewable energy and (ii) the HUB state of charge, these entities are
atomically updated by the EMS at each step of the system dynamic evolution.

For a generic customer i and time interval k, the instantaneous power balance is

Pi
RES(k) + Pi

ESS_Dis(k) + Pi
CRP_OUT(k) + Pi

HUB_Dis(k) + Pi
GRID_OUT(k)

= Pi
L(k) + Pi

ESS_Ch(k) + Pi
CRP_IN(k) + Pi

HUB_Ch(k) + Pi
GRID_IN(k),

(1)

where

• Pi
RES is the renewable power generated by the prosumer photovoltaic system;

• Pi
ESS_Dis is the used ESS discharge power;

• Pi
CRP_OUT is the community renewable power used by customer i, obtained deriving

the CRE over time;
• Pi

HUB_Dis represents the used discharge power of the shared HUB;
• Pi

GRID_OUT is the Grid power used by customer i;
• Pi

L is the customer load demand;
• Pi

ESS_Ch denotes the provided ESS charging power;
• Pi

CRP_IN is the renewable power contributed by customer i to the community renew-
able power;

• Pi
HUB_Ch is the provided charging power of the shared HUB;

• Pi
GRID_IN is the renewable power sold to the utility Grid.

All power quantities are expressed in kW and are obtained by deriving the correspond-
ing energy over time.
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The primary objective of the EMS is the mandatory satisfaction of the customer load
demand. Therefore, the prosumer-generated renewable power is first exploited to supply
its load demand (individual self-consumption) according to

Pi
L_RES(k) = min

(︂
Pi

RES(k), Pi
L(k)

)︂
. (2)

The remaining renewable production defines the prosumer renewable surplus (PRS):

Pi
PRS(k) = max(0, Pi

RES(k)− Pi
L_RES(k)), (3)

which represents the prosumer renewable power potentially available for the remaining EMS
objectives. As the prosumer renewable surplus immediately becomes available to all EC
members, this surplus is not reserved for the originating prosumer. In addition, customers
may concurrently make power requests; hence, such potentially available prosumer surplus
may change as a result of the energy requests from the other EC customers. Therefore,
the aggregation of the available prosumer renewable surplus generated by all prosumers
defines the available community renewable power for the generic customer i:

Pi
SURPLUS_AV(k) =

NP

∑
j=1,j ̸=i

Pj
PRS,av(k), (4)

where NP denotes the number of prosumers and Pj
PRS,av(k) is the amount of available

prosumer renewable surplus generated by prosumer j that is still available at time interval k.
With regard to the storage systems, ESSs and HUBs are modeled as “black-boxes”

with the following characteristics:

• Minimum and maximum operative capacities CMIN(kWh) and CMAX(kWh);
• Nominal power charging and discharging rate PIN(kW) and POUT(kW);
• Efficiency µ.

The charging/discharging process of storage is performed according to
Equations (5) and (6):

C[k + 1] = C[k] + µPIN∆T − (POUT∆T)/µ, ∀k (5)

CMIN ≤ C[k] ≤ CMAX , ∀k (6)

where k is the current time instant and ∆T is the interval duration.
To satisfy the customer load demand, the EMS sequentially exploits the available

energy sources according to the priority hierarchy summarized below.

Prosumer RES
↓

Prosumer ESS
↓

Community Renewable Energy
↓

Shared HUB
↓

Utility Grid

where each source is considered only if all higher-priority sources are unavailable or
insufficient to completely satisfy the requested load demand. This priority hierarchy
between the energy sources guarantees the maximization of individual and collective
self-consumption.

https://doi.org/10.3390/en19215102
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Once the customer load demands have been supplied, the EMS may (a) recharge the
prosumer ESS, (b) manage the community renewable energy, and (c) recharge the HUB,
according to the priority hierarchy of energy sources, except for the shared HUB that can
be recharged exclusively using the residual community renewable energy.

In this context, the primary EMS objectives can be summarized as follows:

• The mandatory satisfaction of costumer load demand;
• The management of the recharge process of storage—ESSs and HUB;
• The maximization of individual and collective self-consumption throughout the effi-

cient use of the community renewable energy aimed at reducing Grid usage.

The proposed EMS has been designed to guarantee a fair renewable energy sharing
policy and customer privacy.

To this end, input data required for the EC energy management system are
the following:

• Customer load demand PL;
• Customer RES power profiles PRES;
• ESSs and HUB characteristics;
• Purchase and selling cost of EC and Grid energy;
• A personalized and configurable cost threshold (customer preference) used to upper

bound the cost of each customer ESS recharge process.

Customer load demand and RES power profiles, as well as purchase and selling cost
of energy, are modeled as step-functions continuous in amplitude but discrete in time. The
descriptions of training and validation load demand and RES profiles are, respectively,
provided in Sections 3.1 and 3.2, while examples of purchase cost and selling price profiles
are reported in Figure 2. The internal community prices have been selected according to
the pricing principles commonly adopted in local energy markets, where the community
buying price is lower than the retail grid price, while the community selling price is higher
than the feed-in tariff offered by the utility. This pricing structure provides economic
incentives for both consumers and prosumers and is widely adopted in the literature on
renewable energy communities [53–56].

Figure 2. Daily purchase cost and selling price profiles.

Based on input data and state variables, the solution proposed in this work will
provide the efficient scheduling of the available energy sources to satisfy EC and cus-
tomer objectives.
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2.3. Cooperative Multi-Objective Multi-Agent DQN Control Framework

The proposed EC energy management system has been implemented by developing
a cooperative multi-objective and multi-agent DQN control framework. Such a control
framework aims at (i) satisfying costumer load demand, (ii) managing the energy storage
system charge processes, (iii) managing the community renewable energy, and (iv) maxi-
mizing individual and collective self-consumption. These control objectives are achieved
while preserving customer privacy and enforcing fair and cooperative energy sharing
policy. In the developed control framework, one DQN agent is associated with each EC
customer, where the DQN agent is in charge of implementing the decision process. In the
resulting multi-agent distributed framework, the agents interact with the environment
in a cooperative way, with the objective of implementing efficient strategies to meet the
objectives listed above.

The DQN architecture of the single agent–environment interaction is shown in
Figure 3.

Figure 3. DQN architecture.

The main characteristics of the DQN architecture are the following:

• One main network and one target network updated using hard-update policy;
• Each network includes:

– One input layer of 12 components (dimension of the state space, represented as
one-hot vector);

– Two fully connected hidden layers of 128 neurons each;
– An output layer of 11 components (dimension of the action space);
– ReLU activations in hidden layers.

• One experience replay buffer to reduce correlation among sequential experiences;
• A mapping function to transform the continue state representation into the corre-

sponding one-hot representation;
• Environment state representation, based on the one-hot state representation, (a) to in-

crease the reliability of the Q-value function approximation, (b) to reduce dependence
on the quality of training data (i.e., dimension of training dataset and statistical data
properties), and (c) to reduce the training complexity.

To improve learning stability and generalization during the training process, and,
thus, the quality of the learned model, the one-hot state representation and the layer
normalization technique have been used; this last technique [57], in particular, has been
used to reduce the internal weight co-variate shift between hidden layers caused by the
weight changes during the learning process.

2.3.1. State Space

The optimization problem addressed arises as a continuous space optimization prob-
lem as it relies on energy exchanges that are described by intrinsically continuous and
time-dependent variables. In reinforcement learning, the definition of the environment
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state is a design choice that directly affects both the learning process and the quality of
the resulting policy. In particular, the selection of the observable state variables and the
dimensionality of the state space determine the amount of information available to the
agent, the complexity of the optimization problem, and the convergence rate of the learning
algorithm. Based on the experience gained in our previous work [35], the state space
adopted in this control framework has been designed according to the following principles:

• The selected state variables should satisfy the Markov property, so that the future state
evolution depends only on the current state and the action executed by the agent;

• The state should include all observable quantities that influence either the environ-
ment dynamics (e.g., load demand, available renewable power, information on the
SOC of storage) or the optimal decision-making process (e.g., information on accumu-
lated costs);

• Variables defining operational constraints or determining the feasibility of specific
actions should be explicitly represented in the state (for example, an agent should not
select the action to recharge its own ESS if the battery is already fully charged);

• Redundant or highly correlated variables should be avoided whenever possible, as
they increase the dimensionality of the state space without providing additional
information, thereby slowing the learning process and potentially reducing the model
generalization capability;

• The size of the state space should be kept as small as possible while preserving the
information required for effective decision making, as larger state representations
generally increase both the computational and the learning time.

Thus, according to these principles, the continuous state vector is composed of the
variables described in Table 1, where Pi

L and Pi
RES are input data to the model, while

the environment computes and updates the remaining state variables at run time during
the dynamic evolution of the environment. Note that Pi

ESS_IN , Pi
ESS_OUT , Pi

HUB_IN , and
Pi

HUB_OUT are continuous variables that embed information on the state of charges of ESS
and HUB; thus, no other redundant information is required.

Table 1. Description of i-th customer state components.

Id Description

Pi
L Power required to satisfy the customer load demand

Pi
RES RES available output power

Pi
ESS_IN Maximum power allowed to charge ESS

Pi
ESS_OUT Maximum ESS available output power

Pi
SURPLUS

Private vision of the available community renewable power, for the
current customer

Pi
HUB_IN Maximum power allowed to charge EC HUB

Pi
HUB_OUT Maximum EC HUB available output power

Flag_Costi True when the customer reaches the maximum costs for recharging its
own ESS

As the reliability and the performance of a DQN model highly depend on the envi-
ronment state representation (for example, it has impact on the neural network ability
to generalize and to reach a stable learning), it has preferred to transform each above-
described continuous state vector into the corresponding one-hot state representation, that
is, a binary vector where only one position is 1 and the rest are 0. This state transformation
is carried out using the mapping criteria reported in Table 2.
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Table 2. State transformation.

Id Mapping Criteria

S0 Pi
L = 0 and (Pi

ESS_IN = 0 or Flag_Costi = True) and Pi
RES = 0

S1 Pi
L > 0 and Pi

RES > 0

S2 Pi
L > 0 and Pi

RES = 0 and Pi
ESS_OUT > 0

S3 Pi
L > 0 and Pi

RES = 0 and Pi
ESS_OUT = 0 and Pi

SURPLUS > 0

S4 Pi
L > 0 and Pi

RES = 0 and Pi
ESS_OUT = 0 and Pi

SURPLUS = 0 and Pi
HUB_OUT > 0

S5 Pi
L > 0 and Pi

RES = 0 and Pi
ESS_OUT = 0 and Pi

SURPLUS = 0 and Pi
HUB_OUT = 0

S6 Pi
L = 0 and Pi

ESS_IN > 0 and Pi
RES > 0

S7 Pi
L = 0 and Pi

ESS_IN > 0 and Flag_Costi = False and Pi
RES = 0 and Pi

SURPLUS > 0

S8
Pi

L = 0 and Pi
ESS_IN > 0 and Flag_Costi = False and Pi

RES = 0 and Pi
SURPLUS = 0

and Pi
HUB_OUT > 0

S9
Pi

L = 0 and Pi
ESS_IN > 0 and Flag_Costi = False and Pi

RES = 0 and Pi
SURPLUS = 0

and Pi
HUB_OUT = 0

S10 Pi
L = 0 and (Pi

ESS_IN = 0 or Flag_Costi = True) and Pi
RES > 0 and Pi

HUB_IN > 0

S11 Pi
L = 0 and (Pi

ESS_IN = 0 or Flag_Costi = True) and Pi
RES > 0 and Pi

HUB_IN = 0

Note that the environment continues to use only the continuous state representation,
for example, state of charge of storage is updated in accordance with Equations (5) and (6),
while prosumer renewable surplus and community renewable energy are computed using
the continuous Pi

L and Pi
RES variables. On the other hand, the agent uses an abstract discrete

representation obtained by grouping continuous operating conditions that require the same
type of energy management decision; thus, the agent and the NNs work by adopting the
one-hot representation associated with the (current) continuous state vector.

Therefore, before performing the agent selection process and providing a new input
state to NNs, the (current) continuous state is transformed into the one-hot state using
the mapping criteria. The agent and NNs perform their own activities using the one-hot
state representation.

This approach does not limit the agent ability to take decisions, and, for the NN, it
ensures that each input state is distinct and unique, preventing the neural network from
inferring a false relationship between states and reducing the probability of using wrong
Q-values approximation owing to poor generalization. Section 2.3.4 provides further details
about the state representation transformation.

2.3.2. Action Space

The proposed energy management control framework is implemented as a Deep
Q-Network (DQN) operating over a discrete action space composed of eleven mutually
exclusive actions. Each action represents a predefined energy management decision cor-
responding to one feasible power-routing path among the prosumer renewable energy
source (RES), the prosumer energy storage system (ESS), the community renewable power,
the EC HUB, and the utility grid. The complete set of actions is reported in Table 3.
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Table 3. Actions.

Id Description

RESxPL use RES to satisfy load demand
ESSxPL use customer ESS to satisfy load demand

SURPLUSxPL use EC surplus to satisfy load demand
HUBxPL use HUB to satisfy load demand
GRIDxPL use Grid to satisfy load demand
RESxESS use RES source to recharge the ESS

SURPLUSxESS use EC surplus to recharge the ESS
HUBxESS use EC HUB to recharge the ESS
GRIDxESS use Grid to recharge the ESS
SELLxHUB sell surplus to charge EC HUB
SELLxGRID sell surplus to the Grid

At each decision step h, an agent observes the current continuous environment state,
which is transformed into the corresponding one-hot state representation sh before being
processed by the DQN, and estimates the Q-values associated with all eleven available
actions. The action associated with the highest Q-value is selected according to

ah = arg max
a∈A

Q(sh, a, θ), (7)

where A denotes the discrete action set, and θ represents the neural network parame-
ters. Only one action can be selected at each decision step h; thus, only one predefined
power-routing path is activated during the corresponding step, while all remaining actions
are inactive.

For example, if the estimated optimal strategy is to satisfy the customer load using
the energy currently generated by the prosumer photovoltaic system, the agent selects
the action RESxPL, thereby enabling the corresponding power flow from the prosumer
RES production to the prosumer load. Conversely, if charging the prosumer ESS from
the community HUB maximizes the expected cumulative reward, the action HUBxESS is
selected, activating the power transfer from the community HUB to the prosumer ESS.

Although only one action is executed at each decision step, an agent continuously
interacts with the environment over successive control steps. As the environment evolves,
an agent may select different actions at subsequent decision steps, thereby generating
a complete energy management strategy over the optimization horizon. Therefore, the
interaction between an agent and the environment can be described by the trajectory

τ = {s0, a0, r1, s1, a1, r2, . . . , sT , aT , rT+1}, (8)

where each selected action determines the power-routing path adopted during the corre-
sponding time step h.

The continuous amount of energy drawn from each specific energy source or sold
to the EC HUB and Grid is calculated at run time by the environment during its dy-
namic evolution.

2.3.3. Reward Assignment Criteria

In reinforcement learning (RL)-based techniques, reward shaping is one of the key
concepts. During the agent–environment interaction, at each time step h and based on
the observed state sh, the agent selects an action ah; then, the environment returns the
(immediate) reward rh+1, i.e., a scalar feedback information (i.e., a number), to the agent to
express how good or bad was the action ah selected based on the state sh. This (immediate)
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reward is used during the RL training process to maximize the cumulative reward Gh,
named return or cumulative reward; return represents the long-term feedback.

In RL, the sparse reward concept refers to an MDP where the environment returns
meaningful (immediate) reward only in rare cases, e.g., when a final goal is reached. On
the other hand, dense reward environments provide meaningful rewards at each step to
provide guidance on progress towards the final objective. Sparse reward environments
normally lead to a very inefficient learning process because the agent must perform a
huge number of explorations to learn high value state, action couples. Moreover, in
such environments, the learning process might reach suboptimal policies only instead of
optimal ones. In addition, to improve learning stability and reduce the variability of the
loss function (hence, the gradient), reward shaping and reward normalization techniques
would normally be adopted. To this end, different reward assignment criteria have been
investigated, and rh values have been selected; see Table 4.

Table 4. Reward assignment.

Reward Condition

+1.0 All objectives are satisfied
+0.0 No wrong action
−0.1 Wrong action with low penalty
−0.5 Wrong action with high penalty
−1.0 Unavailable energy source

2.3.4. Algorithm Description

The cooperative multi-agent DQN control framework has been designed as one dis-
tributed system with a set of agents—one for each EC customer—and an environment
which the agents interact with. Each agent state vector is composed of the variables de-
scribed in Table 1; these variables can logically be classified as customer variables and
community variables.

Customer variables are customer load, RES power, allowed ESS recharge and discharge
powers, and the flag; these variables only depend on (a) the customer appliances and energy
sources, (b) customer comfort needs and (c) customer electricity habit. The community
variables are the Pi

SURPLUS and the allowed HUB recharge and discharge powers, where
the former is the cumulative community renewable power observable by the customer.
Thus, each agent has access to the private variables of the customer that it represents and
to the private vision of the community variables.

At each step of the dynamic evolution of the environment, the environment is respon-
sible for atomically updating customer variables and community variables, guaranteeing
data consistency and data integrity.

As far as the fairness concept is concerned and its application in energy communities,
EU Directives and EU legislation define principles and objectives related to the concept
of fairness but they do not provide a formal legal definition of “fairness” or quantitative
metrics. According to EU Directives, renewable energy communities and citizen energy
communities must satisfy principles such as the following:

• Accessibility, open and voluntary participation; this implies no unjustified exclusion
of citizens. For example, the social state of citizens cannot impose limits on their
participation. Membership must be based on objective, non-discriminatory criteria;

• Autonomy and effective control by members or shareholders;
• Democratic control; one participant should not dominate the community, indepen-

dently of how much renewable energy power it provides.
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The primary purpose of energy communities is environmental, economic and social
community benefits, rather than financial profit. For example, participants with house-
holds in energy poverty have the same rights as other types of participants to access the
community economic benefits and, according to the European Commission report [58], no
person and no place should be left behind in the EU energy transition program.

Coherently with these principles, the proposed control framework guarantees that
community renewable energy and HUB are used to satisfy load demand without any form
of discrimination, especially based on the type of participant and the amount of power the
participant requires. Thus, time slot per time slot, households in energy poverty, consumers,
and prosumers equally compete to obtain community renewable energy and HUB, and
prosumers race to sell residual community renewable energy to the Grid (i.e., when the
other participants and HUB do not require it). Whenever EC participants request to access
shared community energy—renewable and HUB energy—these requests are randomly
served to avoid the introduction of biases. Thus, the structural design of the DQN algorithm
and the randomizing of customers’ energy requests guarantee the EU fairness principles.

The proposed control framework has been implemented in Python and using Pytorch
functions; it is made up of mainly three functional blocks:

• Agent class—it implements the agent controller with the two neural networks, main
and target networks, the circular reply buffer initialized with capacity = 100,000, and
the methods for (a) the action selection, according to the chosen policy, and (b) the
update of the weights of the main NN based on a batch of experiences sampled from
the reply buffer (training step function). The proposed control framework uses the
Adam optimizer [59] with learning rate equal to 0.0001, and the mean squared error
loss function [60].

• Environment class—it implements the energy community environment, i.e., state vari-
ables (private to each customer and shared between customers) along with methods
(a) to set the state variable for starting a new episode trajectory and (b) to implement
the dynamic evolution of the environment based on (i) the current state and (ii) the
action selected by the agent.

• Main engine—it creates the environment and agents’ objects and controls both the
training and the performance evaluation phases, including (i) training loop, (ii) verifica-
tion loop as well as ad hoc scenarios, and (iii) monitoring and plotting of main RL met-
rics; see Section 3 for more details. During the training or the verification/validation
loop, each agent observes its own state vector using the environment class’s methods
reset() and step() only, and the environment guarantees the protection and the atomic
access to the state vector.

With respect to our previous work [35], based on a tabular Q-learning control frame-
work, this work uses NNs to approximate the Q-value function and a technique called
experience replay to reduce the correlation between consecutive experiences (state, a, r, next
state, d), where state is the observed state, a is the action selected according to the chosen
policy and associated with state, r is the immediate reward received from the environment,
next state is the new environment state as a consequence of the implemented action a, and d
is a variable which is true when next state is a terminal state, otherwise it is false.

The interactions between the agents and the environment use these continuous vari-
ables and the main environment class methods “reset” and “step”, as outlined in the
pseudocode reported in Algorithm 1.
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Algorithm 1 Deep Q-Network training with continuous-to-one-hot state mapping

Require:
Environment E, agent with replay buffer M with capacity=100,000, number of episodes N,
Policy π, batch size B = 128

1: for each episode = 1 to N do
2: initial state s← E.reset()
3: transform continuous into corresponding one-hot state one_hot← map_state(s)
4: total_reward← 0
5: while not terminated do
6: select action a← agent.select_action(one_hot, π)
7: execute action a from state s (s′, r, terminated)← E.step(s, a)
8: transform continuous into one-hot state next_one_hot← map_state(s′)
9: agent.replay_buffer.push(one_hot, a, r, next_one_hot, terminated)

10: s← s′

11: one_hot← next_one_hot
12: total_reward← total_reward +r
13: batch loss← agent.train_step(B)
14: end while
15: update target network parameters
16: end for

The reset method in line 2 initializes the environment and returns the initial continuous
observation. The step method in line 7 implements the environment evolution based on
the continuous state environment and the action selected by the agent and returns the next
continuous observation, the reward, and the termination condition.

The while loop, from line 5 to line 14, implements the environment evolution, step
by step, along the episode’s trajectory started from the initial state. At each step and for
each customer, the environment state variables are updated based on continuous entities
without losing information.

As both agents and NNs use the one-hot state representation, any continuous observa-
tions returned by the environment methods are transformed into the one-hot representation
before their uses (lines 3 and 8); the state representation transformation is performed using
the mapping criteria described in Table 2.

An accurate design analysis has been carried out to define the proposed mapping
criteria, and the defensive programming checks, added in the programming code to detect
anomalous mapping, have been never activated during debug, training and verification
processes as a proof of the absence of state transformation inconsistencies.

The DQN training loop decouples data collection—the collection of the experiences
to be stored in the reply buffer—from the actual learning process, i.e., the updates of the
weights of the main network. Data collection is in line 9 and learning process is in line 13.

During data collection, for each episode, based on the observed state and chosen
policy, the agent (i) selects the action, (ii) interacts with the environment, and (iii) collects
the experiences, while during the learning process, for each episode, the agent randomly
samples batches from the replay buffer, computes batch MSE losses, and performs the
optimization task (loss computation, backward propagation and weights update), as shown
in Algorithm 2.
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Algorithm 2 Training step for Deep Q-Network

Require:
Replay buffer M, batch size B, discount factor γ, Q-network Q(s, a; θ), target network
Q̂(s, a; θ−), optimizer

1: if |M| < B then
2: return 0
3: end if
4: Sample minibatch (s, a, r, s′, d) of size B from M
5: Compute current Q-values: q← Q(s, a; θ)
6: Without gradient:
7: Compute next Q-values q′ ← maxa′ Q̂(s′, a′; θ−)
8: Compute target y← r + (1− d) · γ · q′
9: Compute loss: L← MSE(q, y)

10: Zero optimizer gradients
11: Backpropagate loss and update θ
12: return updated parameters θ

3. Simulations and Results
Simulations were performed on a HP Pavilion Laptop 15-EH1xxx, equipped with

AMD Ryzen 7 5700U processor, 16 GB and Windows 11 Home and exploiting Python
(version 3.12.7) and Pytorch (torch package version 2.5.1).

3.1. Training Process

The training process foresees the training of a unique and generic agent, represen-
tative of all the energy community agents. Once this agent is trained, the trained agent
will be instantiated a number of times equal to the number of EC customers during the
validation process.

For the training process, customer load demand and RES production profiles were
opportunely built to explore a large number of different state–action pairs to reach a stable
and robust trained model also capable of performing a good generalization. Generalization
is the ability of the trained model to work reliably on new, unseen data.

Three daily load demand reference profiles were synthetically generated representative
of customers with different habits and different numbers of occupants. These reference
profiles were designed according to the typical Italian consumptions for costumers with
2.8 kW, 3.3 kW or 6.6 kW power contracts and based on a real dataset of an REC located in
Sardinia. The three load demand reference profiles were named low, medium, and high,
and were synthesized according to the following rationale:

• During late evening and night hours, load demand is lower than that in the other parts
of the day because only refrigerators and some small appliances (e.g., some clocks,
routers, lamps) are powered on. High load demand customers may have additional
consumption owing to the use of other appliances such as garden pump, garden lights,
and electric vehicle stations.

• Around mealtimes, several additional appliances (e.g., coffee machine, oven, mi-
crowave, dishwashers) are powered on.

• During the rest of the day, load demands depend on the number of occupants staying
at home and on the number of operative appliances.

• Large families or large houses normally require more power; these types of family or
residential units are associated with high load demand customers.

Figure 4 shows the three load demand reference profiles.

https://doi.org/10.3390/en19215102

https://doi.org/10.3390/en19215102


Energies 2026, 19, 5102 19 of 44

Figure 4. Training daily low, medium and high load demand reference profiles.

At the beginning of each day, the daily load demand reference profile to be assigned
to the unique generic agent is randomly selected using the numpy random function
np.random.randint(0, 3). Moreover, in order to have robust training, the customer load
profile is built with variations of 20% of the value of the assigned reference profile. These
variations were obtained using the numpy library np.random.uniform(−1,1). In addition,
to guarantee reproducible training results, the seeds used by each random function were
set at the beginning of the training phase (see the description related to multiple runs with
different seeds, reported roughly at the end of this section).

With regard to the RES reference profiles, we used the Photovoltaic Geographical
Information System (PVGIS) web tool, developed by the European Commission Joint
Research Centre [61]. We considered three PV systems with 4 kWp, 6 kWp and 10 kWp
installed in Rome (Italy) with installation parameters as reported in Table 5, and we selected
3 July 2023 as the reference day.

Table 5. PV installation parameters.

Name Value

Latitude 41.893°
Longitude 12.465°
Aspect (Azimuth) 10° (South-facing)
Tilt Angle 30°
System Losses 14%

The RES reference profiles are, respectively, associated with the customers having
2.8 kW, 3.3 kW, and 6.6 kW power contracts, and are named low, medium and high RES
reference profiles, as depicted in Figure 5.

At the beginning of each day, the daily RES reference profile to be assigned to the
unique generic agent is chosen coherently with the assigned load reference profile, e.g.,
low RES reference profile is associated with low load demand reference profile, and the
same applies for medium and high reference profiles. To increase training robustness, each
RES profile is built with variations of 20% of the values of the reference profiles. These
variations are obtaining using the numpy function np.random.uniform(−1,1).

ESSs with different capacities and charging/discharging rates were randomly assigned
to the unique generic agent at the beginning of each day. Consequently, different usages of
ESSs were exercised during training, to improve model generalization. Table 6 provides
the main characteristics of the storage used, where CMIN and CMAX are the minimum and
maximum operative capacity (kWh), PIN and POUT are the maximum allowed charging and
discharging powers (kW) in a step (i.e., 1-h time slot), and µ is the efficiency (pure number).
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Figure 5. Training daily low, medium and high RES reference profiles.

Table 6. Characteristics of ESSs.

Name CMIN (kWh) CMAX (kWh) PIN (kW) POUT (kW) µ

Type 1 2.295 7.65 2 2 0.89
Type 2 2.295 7.65 0.2 2 0.89
Type 3 0.5 3 0.3 0.3 0.95

The ESSs characteristics were derived from datasheets of batteries such as BYD Battery-
Box Premium HVS 7.7 and Pylontech US3000C (or functional equivalent batteries), where
some charging and discharging power rates are voluntary limited to create scenarios with
slow charging rate.

The assignment of the storage to the prosumer is performed using the numpy random
function np.random.randint(0, 3).

With the aim to obtain generalized, robust and reliable learning, the training process
was initially monitored for detecting the presence of poor exploration of state–action pairs.
These initial training activities outlined that the state–action pairs related to ESS charging
process and surplus management were poorly explored. Therefore, to overcome this poor
exploration, the training dataset was enriched to force the required exploration at run time.
The run time injection of the desired scenario is performed whenever the returned value of
the numpy function np.random.random() is less than specific parameters—one for each
different kind of injected scenarios—tuned during the learning process. The details of the
run time injections (the tuned parameters, the baseline values and the different kind of
injected scenarios) are described in the code, available on demand.

The hyperparameters of the DQN algorithm were tuned to reach a good training
stability and reliability, i.e., a learning process that (a) converges with less variance and
spike, (b) does not overfit to short-term noise and (c) generalizes across unseen states. The
tuned hyperparameters are reported in Table 7.

The proposed algorithm adopts an ε-greedy policy, with an ε parameter that exponen-
tially decays over time.

The convergence and robustness of the training process was verified using random
seeds. Indeed, in deep reinforcement learning, seeds impact the following:

• Randomness environment dynamics (e.g., environment state reset, state transitions);
• Exploration randomness (e.g., ε-greedy policy, random action selection);
• Replay buffer sampling (e.g., experience replay introduces randomness via sampling);
• Neural network initialization (i.e., weights and bias have to be initialized with small

and random values).
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Table 7. DQN algorithm hyperparameters.

Name Value

training_episodes 20,000
discount_value 0.99
constant_learning_rate 0.0001
epsilon 1.0
epsilon_min 0.0001
epsilon_decay 0.9993
update_target_NN 240
batch_size 128
hidden_layer_size 128

Hence, for building a control framework robust with respect to given initialization
configurations [62,63], seeds were initialized with the UTC seconds obtained at the begin-
ning of each training loop, and 20 cycles with different seed values were performed. The
random generators were initialized using the following instructions:

seed = int(time.time()) # get current time seconds
random.seed(seed) # for python RNG
np.random.seed(seed) # for numpy RNG
torch.manual_seed(seed) # for torch RNG

The cumulative rewards over episodes were collected from the 20 multiple runs with
different random seeds, and Figure 6 depicts the average cumulative rewards per episode,
with a standard deviation of ±1 shown as a shaded band.

Figure 6. Training returns using 20 runs—each with a different random seed.

This plot outlines the absence of overfitting with respect to specific randomness
environment dynamics, training data randomness, and random action selection patterns.
Moreover, it also shows that a good training quality is reached around 15,000 episodes.

Figure 7 shows the behavior of the average loss over the episodes, still collected from
multiple runs with different seeds; small values of loss confirm that the predicted Q values
computed with the online neural network are very close to the target Q values computed
with the target neural network; low loss values, combined with the good trend of the return,
confirm the good obtained learning stability and reliability.

Moreover, assuming that the efficient use of energy resources requires the selections of
actions that maximize individual and collective self-consumption—i.e., privilege the use of
individual energy sources, then EC sources, and, as last chance, Grid—Figure 8 shows the
decreasing trend of the number of wrong actions per time slots over episodes.
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Figure 7. Loss over episodes using 20 runs—each with a different random seed.

Figure 8. Number of wrong actions over episodes using 20 runs—each with a different random seed.

It appears evident that this trend reaches zero and remains zero for the last thousand
episodes for a training with 20,000 episodes.

Finally, with regard to the execution time of the training, the training process was
deliberately carried out to train one generic agent to be instantiated for each EC customer
once the training was completed successfully. Consequently, the training execution time is
independent of the number of EC customers and its duration is measured equal to around
240 s for training with 20,000 episodes.

3.2. Validation Process

To validate the effectiveness of the proposed algorithm, an energy community com-
posed of six customers—two consumers and four prosumers—was considered. Each
prosumer has its own ESS and the energy community is equipped with one shared HUB
out of the two possible HUBs, according to the chosen EC configuration.

Table 8 reports the characteristics of ESSs and HUBs used. The parameters of the
HUBs were derived from the Pylontech 81/36 and FENECON Commercial series.

Table 8. Characteristics of storage systems.

Name CMIN (kWh) CMAX (kWh) PIN (kW) POUT (kW) µ

ESS 2.295 7.65 2 2 0.89
Small HUB 11.475 38.25 10 10 0.89
Large HUB 27 90 36 36 0.89
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The validation process requires the use of a dataset different from that used during the
training process. To this end, the validation load and RES reference profiles were generated
using the following rationale:

• Use of different random seed (i.e., 1 in this case) with respect to those used in the
training phase. Moreover, the use of a known initialization seed value guarantees
reproducible validation results.

• Generation of the validation load and RES reference profiles with different shapes
and amplitudes.

• The three validation load demand reference profiles are representative of customers
having different power contracts (i.e., 2.8 kW, 3.3 kW, and 4.5 kW), and the three
validation RES reference profiles are representative of PV installations of different
sizes (i.e., 3 kWp, 4.5 kWp, and 6 kWp).

• Low RES reference profile is associated with customer having low load demand
reference profile, medium RES reference profile with medium load demand reference
profile, and high RES reference profile with high load demand reference profile.

The validation reference profiles are reported in Figures 9 and 10.

Figure 9. Validation daily load reference profiles.

Figure 10. Validation daily RES reference profiles.

For verifying the functional behavior and the robustness of the proposed control
framework under different weather conditions (e.g., cloudy, nominal or sunny), the valida-
tion RES profiles were generated applying a variation of the RES amplitude up to 50% of
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the reference value (instead of the 20% adopted in the training process), according to the
following formula:

RESAmplitudeVariation = RESre f erence_value · (1 + ∆) (9)

where ∆ is a random number between −0.50 and +0.50.

3.2.1. Functional Verification

The first validation activity was performed to check the correct behavior of the trained
model, using an EC configured with a small shared HUB. Figure 11 depicts the correct
scheduling of the energy sources for all the EC customers, where positive bars represent
the power exchanged due to the energy drawn from the available energy sources, and the
negative bars represent the power exchanged due to the energy sold to EC—for charging
the HUB—or to the Grid when the HUB is fully charged.

Figure 11. Efficient resource scheduling—small HUB.

As RES energy is available from time slot 5 (inclusive), from time slots 0 to 4 the two
consumers satisfy their own load demands using the EC HUB, while each prosumer first
satisfies its own load using its own batteries and, then, recharges the battery using the EC
HUB. From time slots 5 to 7, the consumers use HUB and EC surplus for PL, while the
prosumers use RES and ESS. HUB is used to recharge ESS. At the end of time slot 7, HUB is
totally discharged; thus, GRID is used for PL and for recharging ESS in time slot 8. From
time slots 9 to 17, PL demand is mainly satisfied with RES and EC surplus. During the time
interval from 9 to 15, some prosumers sell the residual renewable surplus to the Grid and
to EC for recharging the HUB. From time slots 20 up to 23, no RES energy is available; thus
ESS, HUB, and Grid sources are used.

3.2.2. HUB Capacity Sensitivity Analysis

The second validation activity has focused on the analysis of the role of the HUB for
storing the community renewable energy instead of immediately selling it to the Grid. The
use of the shared HUB allows the use of the community renewable energy during later
time slots, thus improving EC flexibility, collective self-consumption and reducing Grid
usage (i.e., improving Grid independence). Figure 12 shows the correct scheduling of the
energy sources for all the EC customers when the large HUB is used.
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Figure 12. Efficient resource scheduling—large HUB.

The differences in the resource scheduling with respect to the EC configuration with
small HUB are as follows:

• In time slot 7, ESSs have been charged using only the HUB and not the Grid;
• In time slot 8, Grid usage has disappeared as only HUB has been used to satisfy load

demand and to recharge the ESSs;
• In time slots 15 and 16, because more HUB energy has been used in previous time slots,

more renewable energy has been used to recharge the HUB and, thus, less renewable
energy has been sold to the Grid. These differences imply the power differences
reported in the plot;

• In time slots 19–23, Grid usage has totally disappeared as the HUB has been used for
load demand and for recharging the ESSs.

The utilization of a large HUB has enabled a more efficient use of the community
renewable energy as Grid usage is totally disappeared. This has led to the maximization
of the renewable energy exchanged inside the community allowing the access, for the
community, to large incentives. This aspect satisfies one of the main objectives of an energy
community: providing environmental, sustainable, and social–economic benefits.

Figure 13 compares Grid utilization when a small or a large HUB is used, keeping
invariant load demand, RES production, and ESS characteristics between the two scenarios.
The EC configuration with large HUB has reached complete independence from the Grid.

In particular, the figure outlines the following:

• Grid utilization has disappeared in time slots 7 and 8 because the EMS objectives have
been reached using RES, ESS, EC SURPLUS, and HUB sources;

• Grid utilization has disappeared in time slots 19–23 because the EMS objectives have
been reached using RES, ESS and HUB sources;

• The amount of energy sold to the Grid disappeared in time slot 15 and reduced in
time slot 16 because more community renewable energy has been used for recharging
the large HUB. Thus, the exchanged powers decrease.

With regard to the ability to recharge ESSs, Figure 14 shows the advantages obtained
with the large HUB EC configuration with respect to the small HUB EC configuration: ESSs
have been totally recharged using only HUB and not the Grid.

With regard to the recharge of the shared HUB using only the community renewable
energy and the selling of the renewable energy in surplus to the Grid, Figure 15 (bottom)
outlines the reduction in the exchanged power with the Grid in time slots 15 and 16 owing
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to an increased use of the community renewable energy to recharge the large HUB. As was
described during the analysis of the scheduled resources using Figure 12, the recharge of
the HUB has been motivated by its use during previous time slots.

Figure 13. Grid utilization—small (top) vs. large HUB (bottom).

Figure 14. Cont.
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Figure 14. Recharge of batteries—small (top) vs. large HUB (bottom).

Figure 15. Power exchanged owing to the selling energy—small (top) vs. large HUB (bottom).
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3.2.3. Performance Analysis

This activity was aimed at evaluating the performance of the control framework in
terms of (i) the daily processing time, (ii) the episode processing time for the whole EC and
for a single customer, and (iii) the decision time to select an action.

The measured daily processing time for the whole community, named daily EC
processing time TDaily_EC, refers to the time required to satisfy all the energy needs—over
an entire day—of all the EC customers.

The episode processing time for the whole community, named EC episode processing
time TEpisode_EC, refers to the time required to satisfy all the energy needs—over an entire
episode (1 h)—of all the EC customers.

The episode processing time for a single customer, named customer episode processing
time TEpisode_Customer, expresses the amount of computational time to complete all the
operation to manage one customer over a 1-h episode.

Finally, the decision time to select an action, named customer decision time TD_Customer,
quantifies the computational time required to make a single decision (i.e., an ac-
tion selection).

The measured customer episode processing time, customer decision time, daily EC
processing time and EC episode processing time are stored in the related data structures;
see Algorithm 3 lines 7 and 15 and Algorithm 4 lines 10 and 13.

The setup of the ECs used for measuring the defined metrics are related to ECs
composed of different numbers of customers (6, 12, 18, 24, 30, 36, 42, 48).

Table 9 reports the measured metrics at EC level—the daily EC processing time, the EC
episode processing time and their maximum values—under the different EC configurations.

Figure 16 plots the daily EC processing time (top) and the EC episode processing time
(bottom). This figure also includes the tendency line and the related second-order equation.

The measured values show an approximately quadratic empirical scaling with Nc over
the investigated range, i.e., it appears to be consistent with a quadratic complexity O(N2

c ),
where Nc is the number of EC customers.

Algorithm 3 Customer agent—performance measurements

Require:
For each agent (customer), data structures to store the decision time and the episode process-
ing time

1: t_c_episode_start = time.perf_counter_ns()
2: [. . . ]
3: while not terminated do
4: t0 = time.perf_counter_ns()
5: select action a← agent.select_action(one_hot, π)
6: t1 = time.perf_counter_ns()
7: decision_times_ns[agent].append(t1 - t0)
8: execute action a from state s (s′, r, terminated)← E.step(s, a)
9: transform continuous into one-hot state next_one_hot← map_state(s′)

10: s← s′

11: one_hot← next_one_hot
12: total_reward← total_reward +r
13: end while
14: t_c_episode_end = time.perf_counter_ns()
15: t_c_episode = c_episode_times_ns[agent].append(t_c_episode_end - t_c_episode_start)
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Algorithm 4 Energy community—performance measurements

Require:
Number of episodes NEP = 24, data structures to store the daily EC processing time and the
EC episode processing time

1: Daily_EC_processing_start = time.perf_counter()
2: for each episode = 1 to NEP do
3: EC_episode_start = time.perf_counter_ns()
4: . . .
5: for each agent do
6: Algorithm 3
7: end for
8: . . .
9: EC_episode_end = time.perf_counter_ns()

10: EC_episode_times_ns.append(EC_episode_end− EC_episode_start)
11: end for
12: Daily_EC_processing_end = time.perf_counter()
13: Daily_EC Processing = Daily_EC_processing_end - Daily_EC_processing_start

Figure 16. Daily EC processing time (top); EC episode processing time (bottom).

Instead, Table 10 reports the measured episode processing time for a single customer
and the decision time for action selection for a single customer under the different EC con-
figurations. Note that TDaily_EC/TEpisode_EC is roughly equal to 24 for each EC configuration,
as expected.

Figure 17 plots the customer episode processing time (top), and the decision time for
action selection for each customer (bottom).

With regard to the customer decision time to select an action, the measured values
show an approximately linear empirical scaling with Nc over the investigated range.
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Table 9. EC-level computational performance for different EC configurations. Values are reported as
mean ± standard deviation.

EC Setup TDaily_EC (s) TMAX_Daily_EC (s) TEpisode_EC (s) TMAX_Episode_EC (s)

6 0.149± 0.001 0.151 0.006± 0.001 0.009
12 0.725± 0.020 0.771 0.030± 0.006 0.051
18 2.073± 0.024 2.124 0.086± 0.016 1.134
24 4.646± 0.049 4.732 0.194± 0.037 0.303
30 8.729± 0.032 8.774 0.364± 0.074 0.569
36 14.580± 0.046 14.643 0.607± 0.122 0.959
42 23.177± 0.138 23.339 0.966± 0.192 1.509
48 34.340± 0.234 34.959 1.431± 0.303 2.201

Table 10. Customer-level computational performance for different EC configurations. Values are
reported as mean ± standard deviation.

EC Setup TEpisode_Customer (ms) TD_Customer (ms)

6 1.187± 0.275 0.124± 0.014
12 2.974± 0.806 0.140± 0.036
18 6.979± 1.727 0.143± 0.034
24 10.251± 2.153 0.154± 0.041
30 14.860± 4.372 0.149± 0.035
36 24.584± 6.333 0.171± 0.050
42 29.847± 6.090 0.219± 0.055
48 37.127± 10.951 0.207± 0.047

Figure 17. Customer episode processing time (top); customer decision time (bottom).

The proposed control framework uses a 1-h time interval, during which input data (e.g.,
for example, load demand, RES power generation, and energy tariff profiles) are treated as
representative constant values for that hour. This 1-h time interval is compliant with the
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GSE [64] (Gestore dei Servizi Energetici) that adopts incentive mechanisms based on the
computation of shared energy on an hourly basis. GSE and ARERA [65] are the main Italian
public organizations that manage and regulate the Italian energy and environmental sectors.

The European directive [10] and the regulations on electricity balancing and mar-
ket [11,66] (i) define the imbalance settlement period (ISP) as the time interval to compute
the difference between what market participants planned to generate or consume and what
they actually used or produced, and (ii) state that metering data resolution would not be
worse than the ISP temporal resolution. This period has been set to 15 min and, thanks to
these regulations, the European electricity market has progressively started the migration
toward a 15-min ISP; ARERA is recently migrating towards such a 15-min energy data
resolution and to 15-min ISP.

As reported in Table 9, the measured EC episode processing time is largely less than
3 s (i.e., 0.08% of the 1-h interval) under the explored configurations. However, even in the
case of the 15-min time slot instead of the actual 1-h time slot, the measured EC episode
processing time is largely less than 0.3% of 15 min-ISP, so as to leave a time margin for
communication and actuation. These results indicate a substantial computational margin
for real-time EMS operations even under the worst-case scenario that uses the maximum
EC episode processing time. Note that the proposed control framework was implemented
using a single Windows process where agents and environment communicate and co-
operate using a shared memory communication mechanism, and EMS operations run
sequentially. The computational margin is expected to relax the impact of communica-
tion delays when energy control frameworks are implemented as physically distributed
platforms cooperating via communication networks.

3.2.4. Comparative Functional and Performance Analysis Between
RB–Q-Tabular–DQN Algorithms

This section describes the comparative functional and performance analysis to validate
the proposed DQN control frameworks with respect to a rule-based (RB) algorithm and a
Q-Tabular algorithm.

The RB algorithm constitutes a deterministic engineering baseline in which the energy-
scheduling strategy is explicitly encoded through predefined rules following the hierarchi-
cal logic described in Section 2.2. In general, the control logic behind a rule-based algorithm
shall be explicitly designed by EMS developers based on their experience and must be
known a priori. It is worth pointing out that this kind of policy may be optimal in the
specific time instant but not with respect to the whole control horizon. Furthermore, in
complex systems, such a priori knowledge may not be easy to derive.

On the other hand, Q-Tabular and DQN methods are normally used as model-free
approaches, particularly suitable for complex systems where the complete a priori knowl-
edge of the model is not available. To this end, these methods require the training of an
artificial agent, which learns how to behave by interacting with a given environment and
following a given exploration policy. The objective of the RL agent is to maximize the total
expected reward based on the immediate reward. One main difference between these two
RL methods is that the Q-Tabular agent updates the Q-values using the Bellman Equation
and stores the Q-values in a table, while the DQN agent uses an approximation of such
Q-value function by using NNs.

The comparison between the RB, the Q-Tabular and the DQN algorithms evaluates
whether both RL methods learn the desired RB policy and reproduce the expected strategy.
Furthermore, under adequate exploration and convergence conditions [67], the Q-Tabular
algorithm converges to the optimal policy; thus, this policy can be used as an optimal
reference policy to validate the proposed DQN control framework.
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Algorithm 5 reports the verification loop used to carry out the comparative analy-
sis. The three algorithms use the same methods for interacting with the environment to
guarantee that, under the same experimental scenarios, the three algorithms operate under
the same integrated MDP; the difference in the verification loop is only how the action
is selected.

Algorithm 5 Verification loop for comparative analysis between RB, Q-Tabular (Q-Tab),
and DQN control strategies

Require:
Environment E, a customer agent, number of episodes N, Policy π

1: for each episode = 1 to N do
2: initial state s← E.reset()
3: total_reward← 0
4: while not terminated do
5: if RB == 1 then
6: select action a← agent.select_action_RB(state, π)
7: end if
8: if Q-Tabular == 1 then
9: select action a← agent.select_action_Q-Tab(state, π)

10: end if
11: if DQN == 1 then
12: select action a← agent.select_action_DQN(state, π)
13: end if
14: execute action a from state s (s′, r, terminated)← E.step(s, a)
15: s← s′

16: total_reward← total_reward +r
17: end while
18: end for

In Figure 18, the outputs of the RB (top), the Q-Tabular (center), and the DQN (bottom)
resource scheduling algorithms under the same operative scenarios are reported.

The visual analysis outlines the same energy resource scheduling for the three algo-
rithms. Moreover, a detailed comparative analysis, based on the selected actions and the
corresponding power exchanged, was carried out for each time slot.

To enhance readability, Table 11 reports the measured daily exchanged power for
each action, obtained as the sum of the 1-hour time slot exchanged power, for the
whole community.

Table 11. Daily exchanged power for the whole community using the RB, Q-Tabular and
DQN algorithm.

Action RB (kW) Q-Tabular (kW) DQN (kW)

RESxPL 44.77 44.77 44.77
ESSxPL 42.44 42.44 42.44

SURPLUSxPL 9.92 9.92 9.92
HUBxPL 23.82 23.82 23.82
GRIDxPL 9.15 9.15 9.15
RESxESS 0.0 0.0 0.0

SURPLUSxESS 0.0 0.0 0.0
HUBxESS 23.97 23.97 23.97
GRIDxESS 29.63 29.63 29.63
SELLxHUB 30.24 30.24 30.24
SELLxGRID 8.65 8.65 8.65

https://doi.org/10.3390/en19215102

https://doi.org/10.3390/en19215102


Energies 2026, 19, 5102 33 of 44

Figure 18. RB Resource Scheduling (Top), Q-Tabular Resource Scheduling (Center), and DQN
Resource Scheduling (Bottom).

The plots and the values reported in the table confirm the perfect functional equiva-
lence of the three methods in terms of (i) energy resource scheduling and (ii) exchanged
power. Despite the identical functional behavior, the three algorithms differ in the required
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a priori knowledge of the model to optimize: RB algorithm executes predefined rules that
must be entirely known a priori, while Q-Tabular and DQN do not require the a priori
knowledge of the model but they need a training phase to learn the desired policy.

With respect to computational performance, RB, Q-Tabular and DQN solutions have
comparable daily execution times, as reported in Table 12.

Table 12. Daily execution time for the whole community using the RB, Q-Tabular and DQN algorithms.

EC Setup TRB (s) TQ_Tab (s) TDQN (s)

6 0.114 0.116 0.149
12 0.658 0.657 0.725
18 2.007 1.984 2.073
24 4.518 4.511 4.646
30 8.651 8.648 8.729
36 14.506 14.450 14.580
42 22.730 22.846 23.177
48 33.883 33.965 34.340

The obtained results show that the proposed DQN control framework not only
(i) learns the desired policy (throughout the comparison with RB), but also (ii) converges to
the optimal solution (the Q-Tabular one), and (iii) despite the presence of NNs, has almost
the same daily computational performance of the other two methods under the explored
EC configurations. These results are very promising considering the following:

• The RB method is not always applicable to complex system;
• The Q-Tabular technique converges to the optimal policy only if Watkins and Dayan

conditions are met (e.g., for example, each coupled state–action should be visited
infinitely often). When the complexity of the system grows, this requirement is
difficult to be granted;

• DQN offers an alternative solution to Q-Tabular because it may provide a greater
representational flexibility and the ability to generalize. Moreover, it allows the use of
a continuous state representation.

As our optimization problem arises as a continuous optimization problem, future
works may focus on the use of a continuous state representation and on an improved
EMS model characterized by bigger state and action spaces owing to, for example, (i) load
and RES forecasting, (ii) improved ESSs recharge strategy, and (iii) dynamic energy tariff
that require the use of a DQN technique. This latter aspect is particularly relevant and
helps to understand the novelty of the DQN proposed control framework. Rule-based
techniques are designed to optimize the control actions for a given instant of time. On the
other hand, RL-based solutions allow maximization of the expected return over the whole
time horizon. This characteristic is particularly relevant in the presence of uncertainties
and deviations from the expected values (e.g., load and RES forecasts, dynamic energy
tariffs and personalized habits in terms of load and ESS charging strategies). Therefore,
this paper can be considered as a starting point to develop more complex and smarter EMS
control frameworks.

4. Conclusions and Future Works
Energy consumption, greenhouse gas emissions and climate crisis have been recog-

nized as critical and urgent aspects to be addressed for limiting catastrophic climate events.
Moreover, energy poverty has been globally acknowledged as a critical sustainability issue
to investigate. To mitigate these critical aspects, EU has launched several initiatives to
support the diffusion of renewable energy sources and the setup of energy communities.

https://doi.org/10.3390/en19215102

https://doi.org/10.3390/en19215102


Energies 2026, 19, 5102 35 of 44

In this context, this work provides a contribution to overcome such critical issues
throughout the development of a real-time energy management control framework that
efficiently manages the renewable energy and the storage systems of an energy community
and, thus, allows (a) the reduction in the amount of energy drawn from the Grid with
a positive impact on greenhouse gas emission, (b) the maximization of the use of the
renewable energy produced inside the energy community with positive consequences on
customer cooperation and the accessible economical incentives, and (c) fair access to the
renewable energy produced inside the energy community by any EC customer without
any discrimination. These objectives are coherent with the main EU goals for energy
communities in terms of autonomy, accessibility and environmental sustainability (by
providing economic and social benefits rather than financial profit).

Our control framework is applicable to a generic energy community, composed of
consumers and prosumers, and a shared community HUB. Each prosumer is equipped
with a photovoltaic (PV) system and an energy storage system (ESS). The proposed control
framework aims at satisfying both energy community and customer objectives, in particular,
customer load demand, the maximization of individual and collective self-consumption
under a fair energy sharing policy, and the management of both storage systems and
renewable community surplus.

The simulations described in our paper show that a well-dimensioned EC in terms
of load demand, RES production, and storage systems allows efficient management of
the renewable energy produced inside the EC. In particular, we have verified that a well-
dimensioned EC can reach Grid independence and maximize the renewable energy ex-
changed inside the EC, with positive consequences for economical incentives. For example,
under the same load and RES profiles and operational scenarios, the EC equipped with the
90 kWh capacity HUB has exchanged a power equal to 0 kW with the Grid instead of the
38.78 kW exchanged using the 38.25 kWh capacity HUB.

Moreover, during the DQN performance analysis, we obtained the following results:

• The decision time per action selection exhibits a linear dependence on the number
of EC customers, and the measured values are always less than 0.3 ms over the
investigated EC configurations;

• The EC episode processing time exhibits an approximately quadratic empirical scaling
with the number of EC customers over the investigated range, and this maximum
measured value equal to 2.201 s has been reached for the EC composed of 48 customers.
Considering this maximum value as the worst-case scenario, our DQN control frame-
work is feasible for real-time applications as this time is largely less than 3 s (i.e., 0.08%
of the 1-h interval used during the simulations, and 0.3% of 15 min ISP as required by
EU regulations), so as to leave time margin for communication and actuation.

The novelty of our work comes from the application of a DRL model-free DQN solu-
tion, implemented as a multi-agent cooperative control framework, where a set of agents
jointly cooperates to pursue both community-level and customer objectives. In addition, the
comparative functional and performance analysis of the proposed DQN control framework
with RB and Q-Tabular algorithms has shown that the DQN algorithm (i) learns the desired
policy, (ii) converges to the Q-learning optimal solution, and, (iii) despite the presence of
NNs and the overhead introduced, has almost the same daily computational performance
of the other two methods for the explored EC configurations.

Although the present optimization problem could be handled by the Q-Tabular algo-
rithm, future extensions involving additional state variables, finer discretization, load and
RES forecasts, dynamic tariffs, and smarter ESS recharge strategy may substantially increase
the number of discrete state–action combinations and the exploration effort required by a
tabular representation. Therefore, a Q-Tabular representation may not be suitable to handle
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these larger spaces, while a DQN method may provide greater representational flexibility
and the ability to generalize across related observations.

Moreover, with the aim of using a continuous state representation instead of the dis-
crete one, the Q-Tabular technique cannot be used anymore and, thus, the promising results
obtained in the comparative functional and performance analysis validate our intention to
carry out further investigation on the use of the DQN technique in such contexts.

The investigation of the DQN technique using a continuous state representation and
extended EMS formulations are out of the scope of this article and are left for future work.
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ADMM Alternating Direction Method of Multipliers
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DDPG Deep Deterministic Policy Gradient
DQN Deep Q-Network
DR Demand Response
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ECEMS Energy Community Energy Management System
ESS Energy Storage System
EU European Union
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GA Genetic Algorithm
GFN Gaussian Fuzzy Number
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HEMS Home Energy Management System
HESS Hydrogen Energy Storage System
L-BFGS Limited-memory Broyden–Fletcher–Goldfarb–Shanno
LCA Life Cycle Assessment
LCC Life Cycle Cost
LSTM Long Short-Term Memory
MDP Markov Decision Process
MILP Mixed-Integer Linear Programming
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MIP Mixed-Integer Programming
ML Machine Learning
MSE Mean Squared Error
PR Polynomial Regression
RB Rule-based
R&D Research and Development
REC Renewable Energy Community
ReLU Rectified Linear Unit
RES Renewable Energy System
SMPC Stochastic Model Predictive Control
SOFC Solid Oxide Fuel Cell
TES Thermal Energy Storage
V2G Vehicle-to-Grid (Unidirectional)
VI Variational Inequality

Appendix A. Comparative Analysis Between 3-Stage Q-Tabular and
DQN Control Frameworks

To perform a further assessment of the proposed DQN-based control framework
with respect to those carried out in Section 3.2.4, a comparative analysis between the
proposed framework and the 3-stage Q-Tabular control framework developed in our
previous work [35] was performed. This Appendix reports the results of this comparative
analysis, performed using the load and RES profiles described in Section 3.2.

It has been verified that the DQN and the 3-stage Q-Tabular implementations produce
the same functional behavior apart from a very few specific cases owing to some design
improvement implemented in the DQN solution. The equivalence has been assessed
by comparing the actions selected under the same observed environment states and by
evaluating both policies under identical operating scenarios. Identical action decisions have
yield equivalent renewable energy utilization, energy exchanges, and grid-independence
indicators, with the exception of very few specific cases. Figure A1 shows the comparison
between the energy resources used to satisfy the energy community load demand using
the Q-Tabular (top) and the DQN (bottom) implementations.

The resources used and the amounts of power exchanged for each time slot are
identical in the two plots apart from time slot 21. In this time slot, some customers have
used the Grid to satisfy load demand in the DQN control framework, while HUB has
been used in the Q-Tabular solution. This difference comes from the functional evolution
related to the HUB management implemented in the DQN solution where a customer
can use the HUB more than one time inside the same time slot to saturate the HUB
charging/discharging rate.

Due to this functional evolution, in time slots 19 and 20, the HUB has been used both
to satisfy load demand and to charge ESSs in the DQN solution, reaching the condition
of HUB discharged at the end of time slot 20; in addition, the HUB has been only used to
satisfy load demand in the Q-Tabular control framework, resulting in being still charged at
the end of time slot 20. Therefore, the Q-Tabular framework has used the HUB in time slot
21 instead of the Grid, similar to the DQN solution.

Table A1 numerically confirms the above considerations.
Figure A2 depicts the energy resources used to recharge ESSs using the Q-Tabular

(top) and the DQN (bottom) implementations.
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Figure A1. Q-Tabular vs. DQN—load power exchanged (top: Q-Tabular; bottom: DQN).

Table A1. Comparison between Q-Tabular and DQN load power exchanged.

Timeslot
Q-Tabular DQN

RES ESS SUR HUB GRID RES ESS SUR HUB GRID
0 0 2.9 0 0 0 0 2.9 0 0 0

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
6 3 2.2 0 0 0 3 2.2 0 0 0
7 7.2 1.2 0 0 0 7.2 1.2 0 0 0

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
19 0.6 12 0 5.6 0 0.6 12 0 5.6 0
20 0 12 0 7.6 0 0 12 0 7.6 0
21 0 9.8 0 1.0 0 0 9.8 0 0 1.0
22 0 3.9 0 0 0 0 3.9 0 0 0
23 0 3.3 0 0 0 0 3.3 0 0 0

Where, RES, ESS, SUR, HUB, and GRID represent the energy source used.
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Figure A2. Q-Tabular vs. DQN—ESS recharge power exchanged (top: Q-Tabular; bottom: DQN).

The Q-Tabular implementation had been developed using three sequential stages for
respectively load demand satisfaction (stage 1), ESS recharge management (stage 2), and
renewable energy surplus selling (stage 3). Stage 3 includes the recharge of the HUB that
cannot be performed before the termination of the previous stages. The DQN solution does
not use sequential stages and, thus, allows the concurrent execution of ESS recharge, HUB
recharge and the selling of the community renewable energy.

The differences between the two plots are only related to the time slots 7 and 19–23,
and are caused by the elimination of the 3-stages approach and the functional evolution
of the use of the HUB implemented in the DQN solution. In particular, in time slot 7,
DQN solution enables the HUB recharge using the community renewable energy and,
thus, the HUB returns available to recharge ESSs, while, as in the Q-Tabular solution, the
HUB remains unavailable and the ESSs recharge is performed only using the community
renewable energy and the Grid.

Table A2 numerically confirms the above considerations and outlines minor differences
in the use of both the HUB and the GRID in time slots 19–23. It is worth pointing out that
the daily cumulative power used for the ESS recharging in Q-Tabular implementation is
equal to 83.82 kW and is the same for the DQN implementation; the punctual differences
in HUB and GRID values only depend on the different use of the HUB, as explained above.
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Table A2. Comparison between Q-Tabular and DQN ESS recharge power exchanged.

Timeslot
Q-Tabular DQN

RES SUR HUB GRID RES SUR HUB GRID
0 0 0 3.66 0 0 0 3.66 0

. . . . . . . . . . . . . . . . . . . . . . . . . . .
6 0 0 1.35 1.42 0 0 1.35 1.42
7 0 0.6 0 0.92 0 0.3 0.24 0.98

. . . . . . . . . . . . . . . . . . . . . . . . . . .
19 0 0 0 12.0 0 0 4.4 8.0
20 0 0 0 12.0 0 0 0.93 12.0
21 0 0 4.33 7.67 0 0 0 11.38
22 0 0 0 9.26 0 0 0 8.94
23 0 0 0 6.11 0 0 0 6.51

Figure A3 shows the power exchanged, associated with community renewable energy
exchanged to recharge the HUB and to be sold to the Grid. Only time slot 7 is different,
as HUB has been used for ESS recharge in DQN control framework with respect to the
Q-learning algorithm, where the Grid has been used to recharge the ESSs. Table A3
numerically confirms the above considerations.

Figure A3. Q-Tabular vs. DQN—power selling (top: Q-Tabular; bottom: DQN).
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Table A3. Comparison between Q-Tabular and DQN power selling.

Timeslot
Q-Tabular DQN

HUB GRID HUB GRID

0 0 0 0 0
. . . . . . . . . . . . . . .
6 0 0 0 0
7 0 0 0.3 0
8 3.8 0 3.8 0
9 10.0 0.9 10.0 0.9

. . . . . . . . . . . . . . .
17 0 1.2 0 1.2
18 0 0 0 0
. . . . . . . . . . . . . . .
23 0 0 0 0

Finally, Figure A4 shows the comparison between the Q-Tabular resource schedule
(top) and the DQN resource schedule (bottom).

Figure A4. Resources schedule (top: Q-Tabular; bottom: DQN).
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The two plots always show identical use of the resources apart from the time slots 7
and 19–21. The causes of these differences are already provided in the descriptions related
to Figures A1–A3.

With regard to the training time, the DQN solution design of the learning process
has been improved using one generic agent representative of all the energy community
agents. The trained agent has been instantiated a number of times equal to the number of
EC customers during the validation process. In contrast, the Q-Tabular implementation has
foreseen the training of all the energy community agents.

Table A4 reports the training times of both solutions under different EC configurations,
and outlines that the DQN training time is constant and less than the Q-Tabular one—also
in the EC configuration with six customers.

Table A4. Training execution times.

EC Setup Q-Tabular (s) DQN (s)

6 304.35 240
12 1062.92 240
18 2334.72 240
24 4189.23 240
30 6670.10 240
36 9559.55 240
42 13418.60 240
48 16861.95 240
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