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Abstract

We report on the EI-TWIN project, aimed at developing an Al-based platform for energy digital twins. The
EI-TWIN platform relies on ASP for implementing some specific reasoning-based modules. The project targets
two use cases: industrial energy efficiency in a pharmaceutical production facility, and optimization of Renewable
Energy Communities (RECs). In this paper, we provide background on RECs, and as an example of activities
carried out in the project, present an application of Answer Set Programming to the REC composition problem,
i.e. selecting which members to include in a community as to maximize shared energy in the REC.
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1. Introduction

The European Union has committed to reaching at least 42.5% renewable energy in its overall energy
mix by 2030 [1]. This is driven by the need to reduce emissions, reduce external energy dependencies,
and support industrial development strategy [2, 3]. Historically, Italy has met a large share of its overall
energy demand through imports. This makes transitioning towards domestically produced renewable
energy a national priority [4], especially in times of geopolitical tensions [5, 6, 7].

Unfortunately, deploying more renewable energy production infrastructure is not a sufficient nor
viable solution to reach these goals. Power grids are designed for unidirectional flow from large
centralized plants to passive consumers, while renewable energy sources are characterized by distributed
and intermittent generation. Thus, renewable energy capacity growth poses several technical challenges
in power grid management, such as increasing congestion and voltage instability [8, 9]. At the same
time, increasing availability of smart metering, sensor networks, and cloud computing has created the
preconditions for a data-driven approach to energy management [10, 11].

The EI-TWIN Project. Artificial Intelligence can play a central role in forecasting demand, optimiz-
ing asset dispatch, and coordinating distributed resources [12]. In this context, two complementary
paradigms have emerged. On the one hand, the concept of an Energy Digital Twin—a virtual, continu-
ously updated replica of a physical energy system, capable of predictive analysis and automated control
through Al—offers a general-purpose tool for optimizing energy consumption at the level of individual
buildings or industrial processes. On the other hand, the EU legislative framework on Renewable Energy
Communities (RECs) has opened a new frontier: enabling groups of citizens, businesses, and local
authorities to collectively produce, share, and benefit from renewable energy at the local level, with
direct incentives tied to the amount of energy shared within the community.

This paper presents work carried out at the intersection of these two paradigms, within the EI-TWIN
project (Energy digital TWIN), a 36-month research and innovation initiative funded under the Italian
Ministry of Enterprises and Made in Italy’s “Accordi per I'Innovazione” programme (D.M. 31/12/2021).
The project brings together a consortium of four partners with complementary expertise:
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« Evogy! (project lead), a green-tech company of the Plenitude/Eni group, specializing in IoT-based
energy monitoring and Al-driven optimization of building energy assets;

« Alens?, an independent energy consulting firm (certified ESCo), with extensive experience in
energy audits, energy management, and monitoring across industrial and tertiary-sector buildings;

« SALF?, a mid-sized pharmaceutical manufacturer whose energy-intensive production processes
provide a concrete industrial testbed;

« UNICAL* (University of Calabria), contributing through the Artificial Intelligence research group
of the Department of Mathematics and Computer Science (DEMACS), with expertise in machine
learning, knowledge representation and reasoning, Answer Set Programming, and explainable
Al

The goal of EI-TWIN is the design and development of an Al-based platform for energy digital
twins, validated on two complementary use cases that span different scales and domains of the energy
landscape.

The first use case targets industrial energy efficiency within a pharmaceutical production facility.
The manufacturing process involves multiple production lines with significant electricity and thermal
consumption. The digital twin models the energy behavior of the plant’s critical processes, enabling
predictive analytics and automated control of HVAC systems and production scheduling to reduce
energy waste while respecting operational and regulatory constraints.

The second use case—and the focus of this paper—targets renewable energy communities (RECs). Here,
the digital twin models a community of buildings equipped with photovoltaic generation and battery
storage, with the objective of maximizing shared energy (i.e., the portion of locally produced energy
that is simultaneously consumed within the community) and minimizing exchanges with the national
grid. The platform monitors consumption and production profiles across community members, and
leverages Al techniques to optimize the dispatch of flexible assets (storage, controllable loads) in real
time.

Role of UNICAL. Within the consortium, UNICAL is responsible for the research and development
of the AI components of EI-TWIN. This includes both the training of machine learning components,
the development of knowledge representation and reasoning modules based on Answer Set Program-
ming (ASP). Examples include development of predictive models for energy consumption/production
forecasting, and optimization algorithms for shared energy maximization.

From the research perspective, a major theme within the project concerns the scalability of ASP over
large datasets. It is well known traditional ASP systems suffer from the so-called grounding bottleneck,
which limits their applicability when the input data grows into thousands of facts. To address this,
UNICAL is investigating compilation-based solving techniques [13, 14], in which non-ground rules are
compiled into ad-hoc propagators that bypass the grounding phase entirely, enabling efficient reasoning
over the large volumes of energy data handled by the EI-TWIN platform. Other research directions
being investigated are the design of ASP solving algorithms to run over Big Data platforms [15], and
the investigation of explainability [16, 17] and compliance-checking techniques [18].

2. Renewable Energy Communities

Renewable Energy Communities (RECs) are non-profit legal entities, where a group of participants
(citizens, businesses, local authorities) collectively produce and consume renewable energy within the
same geographical area. The primary purpose of RECs is to provide environmental, economic and social
benefits to members and territory, rather than financial profits [19]. Participants may own generation
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assets (“producers”), only consume (“consumers”), or both (“prosumers”). RECs achieve their purpose
by promoting sharing renewable energy between its members. Different states interpret the notion
of “shared energy” differently [20, 21, 22]. In the Italian regulation, shared energy is defined as the
minimum between the total renewable energy fed into the power grid by the members, and the total
energy withdrawn by its consumers [23]. Intuitively, this is energy that is both produced and consumed
locally, and impacts the power grid only at a local level.

Sharing energy tackles structural issues in the power grid. Grid congestion (i.e., electricity demand
or distributed renewable generation exceeds available transmission capacity) is one of the biggest
bottlenecks in Europe’s energy transition [4, 8, 9].

The root cause is a collision between the rapid growth of distributed generation and electrification of
transport and heating on one side, and aging infrastructure designed for unidirectional power flow from
centralized plants on the other [9, 8]. By promoting local self-consumption, RECs reduce the volume of
energy flowing through transmission and distribution infrastructure, alleviating congestion without
requiring massive infrastructure upgrades. They also reduce transmission losses by shortening the
distance between generation and consumption, and smooth load profiles, reducing stress on distribution
network.

Optimizing shared energy From an optimization perspective, maximizing shared energy within
a given community requires integrating multiple techniques, including optimization and machine
learning [24, 25]. A classic approach, which we also applied in EI-TWIN, is model predictive control
(MPC) [26]. In MPC, one learns the dynamics of controllable assets (in our usecase, HVACs and CO,
fans) from data and computes an optimal actuation sequence via linear programming over a finite
horizon, so as to shift the community’s consumption profile to better overlap with local production
while maintaining comfort bounds [27]. The effective deployment of this approach in RECs faces some
practical issues. Members may be unwilling, due to domain constraints, to actuate certain actions;
models may be inaccurate due to limited data availability; and, most critically, the controllable share of
total consumption may simply be too small to affect the shared energy metric meaningfully. Moreover,
at the time of writing, REC adoption in Italy is modest [28], which makes appropriate real-world
scenarios where this approach is feasible hard to come by.

Composing RECs These factors motivate the focus on appropriately composing the community itself.
Rather than shifting consumption profiles in real time—which may have only a marginal effect—one
can select which producers and consumers to group together on the basis of their average historical
consumption and production profiles [29, 30]. Indeed, complementary behaviors (i.e., pairing producers
whose generation peaks coincide with the consumption peaks of selected consumers). In the next
section, we discuss this problem.

3. An Example Application: Optimizing RECs Composition

We propose the use of Answer Set Programming to support the composition of RECs. Answer Set
Programming (ASP; [31]) is a declarative programming paradigm based on the stable model semantics
of logic programs [32]. Availability of efficient systems makes it a popular choice for addressing
combinatorial and knowledge representation and reasoning problems in academic [33, 34] and industrial
settings [35].

LetU = {u1,...,u,} be aset of prosumers, with each one of them being characterized by an average
energy consumption and production behavior. We denote by p; ; € R* and ¢;; € R the production
and consumption of u; at time ¢. The self-consumption of u; at time t is equal to s;; = min(p; ¢, Cit).
Intuitively, the self-consumption is the share of energy that is produced by u; that is also consumed,
locally, by w; itself, and is not transferred over the network. Conversely, the injection and withdrawal
are the quantities p; ; — s; s and ¢; ; — s; ¢, i.e. the share of energy that is put into the grid and withdrawn
from the grid.



Given a set S C U, we define its total injection and total withdrawal at time ¢ respectively as:

I(S, t) = Z pi,t - Siﬂg W(S, t) = Z Ci,t - Si,t
u; €S u; €S
We define the shared energy at time ¢ as the quantity Shared(S,t) = min(I1(S,t), W (S,t)), and the
total shared energy as Shared(S) = >, Shared(S,t). We are interested in selecting S* (“composing
a CER”) such that Shared(S*) is maximized. The problem can be straightforwardly modeled in ASP,
in the classic guess, define and check fashion. In the rest of the section, we use the input language of
the clingo [36] system.

Inputs. We assume input facts of the form injection(m,t,v) and withdrawal(m,t,v) to denote
that the m-th prosumer withdraws (consumes) or injects (produces) respectively v units of energy
at time-step ¢. For this application, we assume consumption and production are already net, that is
self-consumption component has been removed both from production and consumption, yielding the
net power withdrawal and injection in the grid. These may encode the average behavior of a prosumer
(i.e., average weekly behavior), or the real consumption patterns over a time-window. As customary in
ASP, real-valued inputs are mapped to integers assuming fixed-precision arithmetic.

We use the atom member(p) to denote that p is a unique identifier for a prosumer, and time(t)
marks valid (discrete) steps in the input timeseries:

member(P) :- injection(P,_,_).
member (P) :- withdrawal(P,_,_ ).
time(T) :- injection(_,T,_).
time(T) :- withdrawal(_,T,_).

Selecting a REC. We use a choice rule to guess a subset of the input members, with min_members
and max_members being clingo run-time constants that denote respectively the minimum size and
maximum size of the community:

#const min_members.
#const max_members.
min_members { selected(P): member(P) } max_members.

Computing shared energy. We use the #sum aggregate to compute shared energy, as the point-wise
minimum between total injection and withdrawal from the network:

total_injection(T,I) :- time(T), I=#sum{V,M: injection(M,T,V), selected(M)}.
total_withdrawal(T,W) :- time(T), W=#sum{V,M: withdrawal(M,T,V), selected(M)}.
shared(T,S) :- total_injection(T,I), total_withdrawal(T,w), S=#min{I;W}.

Finally, we optimise for the member selection that yields the most (cumulative) shared energy. As a
tie-breaker, we also maximize the least shared energy.

:~ shared(T,E). [-Ee2,T]
min_shared(W) :- wW=#min{Z: shared(_,Z)}.
:~ min_shared(w). [-Wel]

Thus, optimal answer sets of the logic program represent subsets that yield the optimal (maximum)
shared energy. As a proof of concept, we apply our encoding to the simulated environment shown in
Figure 1. This includes n = 8 synthetically-generated production-consumption profiles. Figure 2 shows
the cumulative shared energy of 100 random communities (of size at least 3), with the optimal CER
computed with the ASP solver (bold).



Production

—e— solar-factory-0 —a— factory-0
wind-restaurant-0 solar-0

50 1 —*— solar-restaurant-0  —+— wind-factory-0

—&— solar-restaurant-1 == Total

—¥— wind-0

40 A

w
o
L

Production

N
o
L

—
0 T T 2 T + T

Elapsed Hours

Consumption

—e— solar-factory-0 —+— factory-0
wind-restaurant-0 solar-0

50 4 —*— solar-restaurant-0  —+— wind-factory-0

—&— solar-restaurant-1 == Total

—¥— wind-0

40 A

w
o
L

Consumption

N
o
L

101

T T T T

T
0 5 10 15 20
Elapsed Hours

Figure 1: A synthetic scenario with 8 members, characterized by a production pattern (top) and a consumption
pattern (bottom), over a 24 hours horizon.

3.1. Extensions

One advantage of a declarative solution for this problem is that it can be extended and customized to
requirements’ variants. On top of this base encoding, we can layer several extensions that help the
development of support tools for REC composition, which have been or will be considered during the
EI-TWIN project.

What-if analysis on community membership. Solving under the assumption (or, adding as facts)
of some include(m) atoms enables to understand what would be the best member to add to an existing
REC, or what would be the impact on shared energy metrics of including a particular member. This can
be useful for energy community managers to perform what-if analyses. Similarly, slight changes to the
encoding enable to partition a set of members into several energy communities.

Storage elements. The role of storage elements (such as batteries) is also being investigated. The
effect of including a battery is to shift the consumption and production curves for a specific prosumer.
Indeed, the idea is to avoid waste by releasing on the grid energy that can’t be readily used by other
prosumers, charging a battery that will later release on the grid with discharge actions. Here, we plan
to use ASP to “optimally control” the charge-discharge events of a battery, to provide an upper bound
on the effect installing the battery would have on the shared energy of the community. We plan to do
this by modeling batteries (over a fixed community) as a fictitious member, with charge and discharge
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Figure 2: Shared energy (left) and cumulative shared energy (right) as a function of time, for different com-
munities of size at least 3. Each line represents a community obtained as a random sample, out of 100 random
samples. The bold line represents the community obtained by ASP optimization, which achieves the highest
cumulative shared energy.

actions mapping to consumption and production.

Economic incentives. Whenever additional data about energy price or regulatory-specific economic
incentives is available, additional optimization criteria may be added to the logic program. As an
example, one might be interested in minimizing the impact of non-shared energy, i.e., the cost of
withdrawn energy minus sold energy. Although this is not the primary aim of RECs, this has a direct
impact on its members. Lexicographic multi-objective optimization criteria can be easily expressed by
means of weak constraints, while more complex preferences can be expressed using asprin [37].

4. Conclusion

We presented a report on the EI-TWIN project, a research and innovation initiative aimed at developing
an Al-based platform for energy digital twins. Within the consortium, the University of Calabria is
responsible for the Al components of the platform, spanning machine learning models for energy
forecasting and knowledge representation and reasoning modules based on Answer Set Programming.
As an example of the activities carried out in the project, we presented an ASP-based approach to
the REC composition problem, where the goal is to select community members so as to maximize
shared energy. Current and future work includes the investigation of compilation-based ASP solving
techniques to address the grounding bottleneck over the large-scale energy datasets handled by the
platform.
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