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Abstract

The transition to sustainable energy systems is driven by decarbonization and
decentralization of energy production, necessitating community-level integration
of renewables for optimal use. Integrated Community Energy Systems (ICES)
and Renewable Energy Communities (RECs) have emerged as key paradigms in
this context. ICES offer a framework for managing multi-energy systems across
communities, while RECs provide a practical means to implement these models
within existing regulatory and market landscapes.

This thesis advances ICES and REC modeling, optimization, and assessment
by developing methodologies to address key challenges in their design and opera-
tion. A multi-node, multi-energy model is formalized to capture the complexities
of community energy systems, incorporating sector coupling and storage. Key
Performance Indicators (KPIs) are introduced to evaluate ICES from energy, en-
vironmental, and economic perspectives. Three key areas are explored: optimal
energy management, energy consumption prediction, and many-objective design.

First, a Mixed-Integer Linear Programming (MILP) framework is developed
to optimize operational energy flows in complex ICES, enabling assessment of
energy, environmental, and economic performance. Results show the benefits of
coordinated optimization strategies and detailed multi-node modeling for accu-
rate economic evaluations. However, scalability analysis highlights that trade-offs
between model accuracy and computational complexity are required, suggesting
that data-driven approximations could enhance scalability.

Second, a data-driven methodology is proposed to predict hourly electricity
consumption profiles from minimal data, such as time-of-use bills. This is often
necessary due to the lack of measurements, while other data (e.g., renewable gen-
eration or prices) can be derived from historical records or consolidated methods.
A regression approach is shown to outperform traditional benchmarks, particu-
larly for non-residential end users. This method is validated for ICES optimization,

offering solutions in data-limited scenarios. Future work could refine this ap-



proach by incorporating category-specific models and accounting for seasonal
variability.

Finally, the thesis explores many-objective design optimization of ICES, fo-
cusing on scalarization approaches to identify compromises between conflicting
objectives. Game-theory concepts are used to treat objectives as players in a
cooperative game, identifying equilibria. A preliminary study samples the design
space, highlighting the increasing complexity of Pareto-dominance relationships
as objectives increase. Scalarization metrics offer insights into many-objective op-
timization strategies, though further research is needed to validate these findings
in real-world scenarios.

Overall, key contributions and innovations to the current state-of-the-art

include:

* Formalization of a multi-node modeling and optimization framework for

assessing physical and virtual energy flows within ICES.

e Integration of sector coupling, storage, and multi-energy modeling in ICES

for integrated assessment.

* Comparison of individual node and overall ICES perspectives through opti-
mization and KPI assessment.

* Testing the scalability of MILP-based optimization in relation to an increas-
ing ICES size.

* Data-driven approach for predicting hourly load profiles to improve ICES

assessment in data-limited contexts.

* Preliminary exploration of game theory-inspired strategies for multi and

many-objective optimization in ICES design.

These contributions advance the understanding and capabilities of ICES and
RECs, laying a foundation for their broader adoption and the transition to sus-
tainable energy systems. While offering impactful methodologies and insights,
this work highlights the need for further research in areas not covered, includ-
ing sensitivity analysis and optimization under uncertainty, real-time resource

management, and scalable data-driven methods.
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Introduction

The formal recognition of Renewable Energy Communities (RECs) by the Euro-
pean Union (EU) through the EU 2018/2001 Directive (REDII) [1] marked a turning
point in shaping the future energy landscape. By establishing a clear legal frame-
work for energy communities, REDII empowered citizens to take energy matters
into their own hands [2], highlights the active role of end users in achieving the
EU’s ambitious targets for climate neutrality in 2050 [3].

RECs represent a new energy paradigm where local energy producers, pro-
sumers, and end users own and collectively manage distributed energy resources
(DERs) and other assets to increase renewables penetration and energy self-
sufficiency [4]. A defining feature of RECs is energy sharing, enabling the local
consumption of self-produced renewable energy, and addressing traditional bar-
riers which enables local consumption of self-produced renewable energy and
overcomes traditional barriers associated with individual self-generation and
self-consumption [5, 6]. Typically, RECs prioritize energy and environmental tar-
gets over profits and focus strongly on social impacts, such as addressing energy
poverty and promoting energy democracy [5, 7].

While RECs are defined within specific regulatory boundaries, Integrated Com-
munity Energy Systems (ICES) represent a broader and more comprehensive
concept. ICES encompasses multifaceted energy systems designed to meet local
community needs across multiple energy vectors. They provide a holistic frame-
work for managing energy generation, consumption, and sharing by leveraging
advanced technologies, such as renewable energy systems and energy storage, and
the integration of multiple energy vectors through sector coupling [8]. Moreover,
ICES integrates infrastructure and information and communication technologies
to enable optimal management of DERs [7]. In this context, ICES serve as the
theoretical and methodological foundation for designing and optimizing energy
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communities, while RECs put in effect the principles of ICES within the existing
regulatory landscape.

Background

Community-energy projects have a long history, particularly in Europe, where
local initiatives laid the groundwork for energy democratization and renewable
energy adoption [2]. However, the formal recognition of these initiatives under
REDII has established a structured framework that incentivizes their spread and
development. This recognition has stimulated renewed interest across regulatory,
business, social, and research spheres [9].

Over the past few decades, research has advanced significantly in distributed
and multi-energy systems. These efforts have introduced diverse concepts, span-
ning infrastructure (e.g., microgrids, smart grids), business models (e.g., peer-
to-peer energy trading, virtual power plants), and technological solutions (e.g.,
energy hubs) [7].

ICES integrates many of these concepts and therefore faces similar challenges.
In particular, several studies highlight the challenges inherent in modeling and
optimizing distributed and community energy systems. Key issues include:

* Integrating DERs, managing demand, and incorporating storage solutions
to enhance flexibility and mitigate variability in renewable energy genera-
tion [9, 10].

¢ Addressing sector coupling to optimize the interaction between electricity,

heating, and cooling systems [11].

e Addressing data challenges, such as ensuring high-resolution spatial and

temporal data while maintaining confidentiality.

* Balancing multiple and conflicting energy, environmental, economic, and

social goals.

* Developing regulatory and business models that support energy sharing
and collective self-consumption [6, 12].



Nomenclature

Motivation and objectives

The emergence of RECs as a means of implementing ICES principles underscores
the need to formalize their modeling and assessment. One critical question is
whether existing methodologies are adequate to address the specific needs of
RECs. These needs include managing the complexities of configurations with mul-
tiple energy production and consumption locations, integrating storage technolo-
gies, and coupling different energy carriers. Additionally, they involve facilitating
energy sharing and aligning with socio-environmental objectives

ICES appear as complex multi-energy systems, and the objective of this thesis
is to address these challenges by:

1. Developing a comprehensive framework for modeling ICES as multi-node,

multi-energy systems, incorporating sector coupling and storage solutions.

2. Establishing performance evaluation metrics across energy, environmental,

and economic dimensions.

3. Formalizing and testing optimization models for ICES energy management,

including regulatory and technical constraints.

4. Investigating multi and many-objective approaches to system design, ad-
dressing trade-offs between conflicting objectives.

5. Leveraging data-driven methods to predict energy consumption when in-

formation is scarce or unavailable.

Contribution

This thesis advances the state of the art in the modeling, optimization, and as-
sessment of ICES and RECs by addressing three critical areas: modeling and
assessment, optimal energy management, and many-objective design.

The thesis contributes to the field by formalizing a multi-energy, multi-node
framework that captures the complexities of energy systems within communities.
Building on existing optimization methodologies, it tests their applicability and
scalability with growing ICES size.

Data-driven methodologies are integrated to predict consumption profiles,
which are essential for optimizing real-world systems where high-resolution data

3
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is often scarce. In contrast, data such as energy prices or renewable generation
or can be derived from historical records or consolidated methods (e.g., weather-
based models).

Additionally, game theory-inspired optimization methods are explored to ad-
dress the multi-objective nature of community energy systems. These approaches
allow for the analysis of both the individual perspective within the community
and the community as a whole, laying the foundation for more comprehensive
and scalable solutions.

The following paragraphs detail the specific contributions.

Modeling and assessment The first contribution lies in formalizing a compre-
hensive framework for analyzing ICES, integrating key concepts such as energy
nodes, multi-energy flows, and virtual energy-sharing mechanisms. The model
represents a multi-node energy system, where each node corresponds to a distinct
energy entity within the community (with its own physical energy flows), though
interacting through virtual energy sharing. The framework offers a structured
approach to understanding the operational complexities of energy communities.
Additionally, performance metrics are proposed based on energy, environmental,
and economic key performance indicators (KPIs), providing a quantitative basis

for evaluating REC performance.

Optimal energy management A Mixed-Integer Linear Programming (MILP)
framework is developed to optimize the operational energy flows in ICES, address-
ing technical and regulatory constraints. The adopted optimization framework
is tested across multiple scenarios to assess the impact of key modeling choices,
such as coordinated optimization strategies and detailed multi-node modeling.
Scalability problems are analyzed with increasing number of nodes to be collec-

tively optimized.

Data-driven load prediction The third key contribution addresses the issue
of limited energy consumption data, which often lacks detailed measurements.
A k-nearest neighbors (k-NN) regression model is proposed to predict energy
load profiles from time-of-use (ToU) bills, accommodating a range of end users.
The model’s predictions are validated for use in system optimization and design,

demonstrating its practical applicability in real-world scenarios.
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Many-objective design optimization Lastly, the thesis explores the design op-
timization of ICES as a many-objective problem. A preliminary analysis investi-
gates the growing complexity of Pareto-dominance relationships with increasing
objectives and effective scalarization approaches to manage trade-offs among
conflicting goals. In particular, an approach based on game theory is explored,
that treats objectives as players in a cooperative game.

Structure of the Thesis

The thesis is organized into chapters as shown in Fig. 1. This diagram illustrates
the interrelations between the chapters, showing how each section builds upon
other ones to provide a comprehensive approach to ICES and RECs modeling,
optimization, and assessment.

The following paragraphs describe the content of each chapter in more detail.

Chapter 1 provides the foundational framework for ICES, offering a taxonomy
of local energy systems and highlighting their synergies with RECs. It explores
key concepts such as multi-node and multi-energy modeling, energy sharing
mechanisms, and relevant regulatory frameworks. The chapter also introduces the
performance evaluation framework using energy, environmental, and economic
Key Performance Indicators (KPIs), which will be used in subsequent analyses.

Chapter 2 focuses on the data sources used in subsequent analyses of the mod-
eling and optimization frameworks. It describes the collection and preparation
procedures of key data, including electricity demand, photovoltaic generation,
heating loads, and energy prices. Finally, this chapter establishes a preliminary
baseline assessment of an ICES scenario.

Chapter 3 formalizes the operational optimization framework for ICES, a
key step for assessing these complex systems performance. The chapter adopts
Mixed-Integer Linear Programming to optimize their performance. Test cases are
evaluated to benchmark the effects of key modeling choices —collective optimiza-
tion, multi-node modeling, and storage modeling- on energy, environmental, and
economic KPIs, and on computational complexity.

Chapter 4 addresses the challenge of predicting hourly electricity consump-
tion profiles using limited input data as an alternative source when historical data
are unavailable. In fact, the optimization models requires these data as input,

but they are seldom available, particularly in heterogeneous end-user settings
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(while other data like renewable generation already have consolidated method-
ologies). A data-driven approach based on k-nearest neighbors (k-NN) regression
is introduced and benchmarked against standard load profiles and other data-
driven methods. The applicability of the predicted load profiles is validated for
operational optimization and design tasks.

Building on the operation optimization, Chapter 5 shifts focus to the design
optimization of ICES, exploring the mani-objective nature of this problem. Con-
sidering a simplified layout of REC in a multifamily building with sectors-coupling,
the chapter examines trade-offs among conflicting objectives, such as energy self-
sufficiency, emission reduction, and cost minimization. Scalarization metrics
inspired by game theory are evaluated to identify balanced compromise solutions,
paving the way for future studies on many-objective optimization.

Finally, Conclusion summarizes the key findings of the thesis, outlining poten-
tial directions for advancing the modeling, optimization, and assessment of ICES
and RECs.

Chapter 1: Integrated Community Energy Systems

Chapter 2: Chapter <
Optimal energy
Data sources and  — )
. management of multi-node,
processing

multi-energy systems

| <

Chapter 4: Chapter 5:

Data-driven Towards game theoretic
prediction of typical many-objective design
hourly load profiles optimization

Fig. 1 Outline of the thesis structure and relations between chapters.
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ployed in Chapter 2 concerning data sources and processing also draw from [11].
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Chapter 3 expands on the modeling and optimization framework introduced in

[16], offering a thorough analysis of energy sharing and multi-node configurations.

Chapter 4 builds upon [13], reporting the core ideas and results while extending

the application of data-driven methodologies to ICES assessment and design.

Finally, Chapter 5 incorporates results from [14, 15], presenting a new exploratory

analysis of the many-objective optimization problem for ICES design.

Other papers The following works, while focusing on other fields of application
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and data-driven modeling.
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on Modeling and Simulation of Cyber-Physical Energy Systems (MSCPES),
Milan, Italy, 2022, pp. 1-6 [20].

L. Solimene et al., “Data-Driven Approaches for Electromagnetic Analysis
of Traction Electrical Motors: A Proposal for a Benchmark Problem,” 2024
International Conference on Electrical Machines (ICEM), Torino, Italy, 2024,
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G. Lorenti, C.S. Ragusa, M. Repetto, and L. Solimene, “Support Vector Clas-
sifier for Constraints Handling in the Design of Inductors for DC-DC Con-
verters,” 2023 24th International Conference on the Computation of Electro-
magnetic Fields (COMPUMAG), Kyoto, Japan, 2023, pp. 1-4 [22].



Chapter 1

Integrated Community Energy

Systems

Summary

This chapter introduces the key concepts of Integrated Community Energy Sys-
tems (ICES), providing a foundational framework for the thesis. It frames ICES

within the broader landscape of local energy systems, focusing on their community-
level and multi-energy integration. Synergies with Renewable Energy Commu-
nities (RECs) are highlighted, positioning them as practical ways to put ICES in

effect under current regulatory frameworks. Additionally, the chapter establishes

the modeling and multi-criteria assessment frameworks adopted throughout the

thesis, laying the ground for the methodological developments in subsequent

chapters (Chapters 3, 4, and 5).

Key objectives

* Establishing a taxonomy of local and community energy systems, position-
ing ICES as a holistic framework for optimizing energy use at the community

level.

* Highlighting synergies between the concepts of ICES and RECs and explor-

ing the regulatory frameworks in Europe and Italy.
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* Formalizing a modeling framework for ICES, covering their multi-node and
multi-energy nature, and their performance evaluation, including energy,

environmental, and economic objectives.

The chapter is organized as follows. Section 1.1 introduces key concepts in
local energy systems, including microgrids, smart grids, energy hubs, and energy
communities, positioning ICES as a comprehensive framework to manage multi-
energy systems, and discussing their relationship with RECs as practical imple-
mentation tools. Section 1.2 presents European and Italian regulatory frameworks
for RECs, focusing on virtual energy-sharing mechanisms in Italy. Then, the mod-
eling of ICES as multi-node and multi-energy systems is detailed in Section 1.3,
framing the energy-sharing mechanism as a foundational element. Finally, the
performance evaluation framework for ICES is outlined in Section 1.4, focusing
on energy, environmental, and economic key performance indicators (KPIs).

1.1 Taxonomy

The evolving energy landscape has given rise to varied concepts in the context
of local energy systems, each addressing different aspects of decentralization,
resource optimization, and community participation. This section provides a
taxonomy of key concepts and definitions essential for understanding integrated
community energy systems. These definitions not only clarify the distinctions
between various system types but also highlight their complementary roles in

advancing sustainable energy systems.

1.1.1 Key definitions and concepts

Microgrid Alocalized, self-contained electricity network capable of operating
independently (off-grid) or in conjunction with the centralized grid. Microgrids
integrate distributed energy resources (DERs), such as solar photovoltaics and
battery storage, to supply electricity within defined boundaries [8], and are often
considered a foundational infrastructural element for broader energy systems
concepts. They span different sizes depending on the context and application,
ranging from the hundreds of kW to tenths of MW [23].
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Smart Grid An electricity network enhanced by information and communication
technologies (ICT) to enable real-time monitoring, automation, and integration
of renewable energy sources. Smart grids are designed to improve reliability,

efficiency, and resilience in energy distribution [7].

Sector Coupling The integration of multiple energy sectors —such as electricity,
heating, cooling, and transportation— to improve overall system efficiency and
flexibility, facilitating decarbonization and the large-scale integration of renewable

energy [24].

Energy Hub Alocal system that manages the flow and conversion of multiple en-
ergy carriers (electricity, heat, gas) to optimize local energy systems. Energy hubs
are equipped with storage, conversion, and distribution technologies, enabling

multi-carrier optimization [8].

Virtual Power Plant (VPP) An aggregation of DERs (generation, storage, and
flexible loads) managed to act as a single power plant [8]. VPPs can be either
technical (location-specific) or commercial (location-agnostic), enabling DERs to
participate in energy markets and grid services.

Prosumer An individual or entity that, differently from traditional “passive”
consumers, both produces and consumes energy, typically from RES, their own
needs, or within a community setting [25].

Peer-to-Peer (P2P) Energy Trading Direct energy transactions between pro-
sumers within a community, enabled by smart grid technologies, supporting
decentralized energy exchanges.

Energy Community Collaborative groups of producers, consumers, and pro-
sumers who generate, share, and consume energy locally. These communities
may focus on optimizing self-consumption, reducing energy costs, or meeting
sustainability goals. Some are geographically bound (place-based), while others

operate across wider regions without physical boundaries [7].
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Renewable Energy Community A regulatory concept under the EU RED-II
directive, promoting local renewable energy generation and consumption. RECs
prioritize social and environmental goals over profit, emphasizing inclusivity,

community engagement, and local governance [7].

Integrated Community Energy System A multifaceted energy system aimed at
providing a comprehensive approach to managing local energy systems. ICESs
integrate multiple energy carriers (e.g., electricity, heat, gas) and optimize dis-
tributed energy resources to fulfill the needs of local communities. They in-
corporate advanced technologies, promote energy autonomy, and emphasize
community-scale integration, enabling collective decision-making and resource
sharing, thus merging technological and social dimensions [7, 8].

The taxonomy reveals overlaps and distinctions between these concepts, all
of which fall under the broader category of local energy systems but address
different dimensions. Some concepts focus on infrastructure (e.g., microgrids,
smart grids), others on energy management (e.g., energy hubs, VPPs), on the
economic organization or business model (e.g., P2P energy trading, VPPs), or
on regulatory frameworks and governance structures (e.g., energy communities,
RECs). Despite their differences, these concepts are not mutually exclusive; they
are largely complementary and collectively contribute to the transition toward
decentralized and sustainable energy systems.

Among these concepts, ICES stands out as a more comprehensive and general
framework, synthesizing technological, economic, and social dimensions into
a unified system. ICES integrates elements of smart grids (e.g., optimized oper-
ation), energy hubs (for multi-carrier management), and energy communities
(for collective action and decision-making). While microgrids are technologically
sophisticated, they do not necessarily encompass the broader multi-carrier scope
of ICES. Energy hubs, incorporating multiple energy carriers, do not inherently
address the community-scale integration that ICES demands or ensure the in-
clusion of all relevant stakeholders. VPPs and P2P energy trading lack the social
structures that ICES embodies, focusing primarily on economic structure and
without addressing the full spectrum of technological integration and community

collaboration.

12
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1.1.2 Synergies between ICES and RECs

RECs are conceptually aligned with ICES, focusing on renewable energy genera-
tion, energy self-sufficiency, local scale, and sector coupling (i.e., integration of
multi-energy carriers). Both emphasize energy efficiency, environmental sustain-
ability, and economic viability. However, ICES is a broader concept encompassing
multi-energy systems at the local level, while RECs represent a regulatory frame-
work specifically designed to facilitate the implementation of such systems under
existing governance structures. In the future, these schemes can extend their
role to other energy markets thanks to their community-scale organization and
the collective management of distributed energy resources, enabling them to
contribute to grid stability through ancillary services, such as balancing supply
and demand or supporting voltage regulation, further enhancing their value to
the wider energy system.

In this sense, ICES can be viewed as a paradigm for comprehensive local energy
systems, integrating technical, economic, and social dimensions, whereas RECs
serve as a practical structure to implement these systems within the current regu-
latory landscape. However, RECs are constrained by specific national regulations
(see Section 1.2), limiting their range of applicability. In contrast, ICESs provide a
more flexible and forward-looking framework, enabling advanced multi-carrier
optimization and integration of diverse energy sources.

The next section, therefore, provides an overview of REC definitions and reg-
ulations, with a particular focus on the Italian context and the mechanisms of
virtual energy sharing. This discussion highlights the practical implementation
of REC principles and their potential to serve as a foundation for the broader
adoption of ICES.

1.2 Renewable Energy Communities

In recent years, RECs have emerged as a viable paradigm for citizens, local au-
thorities, and SMEs, to collectively own and manage renewable generation assets
and energy storage systems. A key feature of RECs is the possibility of sharing
energy among local producers, prosumers, and consumers, facilitated through
virtual energy-sharing mechanisms. Before RECs, self-consumers could install
RES generation systems only for their consumption; a practice referred to as
“behind-the-meter” or individual self-consumption. In contrast, energy sharing

13
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within RECs allows members to collectively consume self-produced renewable
energy through the public distribution grid.

Energy sharing increases local self-consumption due to the potential for serv-
ing multiple consumers and leveraging diversity in production and consumption
profiles. Moreover, utilizing the public grid for these virtual exchanges makes
energy sharing accessible without needing private infrastructure.

1.2.1 European and Italian regulatory frameworks

Although energy communities have a long history in Europe, RECs have been
formally defined and legally recognized only recently. The Clean Energy for All
Europeans package [3], aimed at empowering energy consumers and promoting
the adoption of renewable energy, provides the primary regulatory basis for RECs.
Specifically, Directive (EU) 2018/2001 on the promotion of the use of energy
from renewable sources (RED II) [1] offers the foundational legal definitions and
framework. This directive introduced the concept of the renewable self-consumer
as a final customer capable of producing and consuming their energy from RES (a
“one-to-one” paradigm!), therefore engaging in individual self-consumption. It
then expanded this concept to:

e Jointly-acting renewable self-consumers, renewable self-consumers located
within the same building or building block who can consume and share

energy from a collective renewable plant (“one-to-many”).

* Renewable energy communities, groups of multiple producers, consumers,
and prosumers located in proximity to community-managed RES genera-

tion plants, enabling energy sharing among members (“many-to-many”).

Fig. 1.1 provides a qualitative representation of the different levels of end user
aggregation defined by the directive.

The directive outlined the rights of individuals and entities to establish RECs,
allowing them to collectively produce, consume, store, and sell renewable energy
while preserving their rights as end users. However, the directive left some aspects,
such as the specific geographic perimeter of RECs and the detailed economic

regulations, open for interpretation by individual member states. Additionally,

10nly one producer and one consumer, as opposed to “one-to-many” (i.e., one producer but
multiple consumers) and “many-to-many”.
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Fig. 1.1 Different levels of end user aggregation according to the directive RED II. (Adapted
from https://ibmix.de/en/blog/energy-communities).

the directive allowed flexibility regarding whether RECs could own and manage
private distribution grids and participate in ancillary services. Notably, the direc-
tive emphasizes that RECs should prioritize environmental and social objectives
rather than economic benefits for their members, promoting sustainability and
community engagement.

In Italy, the legislative journey towards the European directive transposition
began in 2020 with the Decree-Law Milleproroghe [26], which introduced defini-
tions aligned with those in RED II. According to this decree, RECs can consist of
various end-user types, including citizens, local governments, and SMEs, utilizing
renewable energy sources to produce, consume, and share electricity through
the same public distribution grid. Initially, the regulatory framework limited REC
participation to plants with capacities up to 200 kW, and all members had to
be connected to the same low-voltage distribution grid, corresponding to the
same secondary substation. This preliminary framework was complemented by
regulations from the Italian Regulatory Authority for Energy, Networks, and Envi-
ronment (ARERA) [27], decrees from the Ministry of Economic Development [28],
and technical guidelines from the Energy Services Manager (GSE) [29].

15
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The regulatory landscape progressed with the full transposition of the EU
directive through Legislative Decree 199/2021 [30], which broadened the scope
of energy-sharing configurations to include general collective self-consumption
schemes. Additionally, the regulatory updates raised the allowable renewable
plant capacity to 1 MW and extended the REC perimeter to encompass all mem-
bers connected to the same medium-voltage distribution grid (primary substa-
tion). The full transposition process was finalized between 2022 and 2024 with
the introduction of new regulations by ARERA [31], the revised incentive frame-

work [32], and updated technical guidelines [33].

1.2.2 Virtual energy sharing

A significant feature of RECs is the concept of virtual energy sharing, as defined
and regulated in Italy (and other European countries). Unlike individual self-
consumption, which pertains to a single end user, energy sharing enables collec-
tive self-consumption among REC members. In the transposition of EU directives,
RECs were restricted from operating private distribution grids, making the public
grid essential for energy sharing. In this model, end users and renewable gener-
ation plants exchange electricity with the public grid through their connection
points. Energy is considered shared when injected by some REC members and
withdrawn by others in the same time frame.

Individual self-consumption occurs behind the meter and is measurable
(hence called “physical”), as the difference between what is produced and what is
injected into the grid. Energy sharing through the grid is instead a virtual mech-
anism, relying on measurements at each REC member’s POD without tracing
physical energy flows. The shared energy is calculated hourly as the minimum
value between total injections and withdrawals by REC members.

While primarily an accounting method, regulatory frameworks treat shared
energy similarly to physical self-consumption, as general “local self-consumption”
—although some differences arise in the economic regulation, as detailed later.
Given the geographic proximity of REC members to generation plants, it is reason-
able to assume that most shared energy is consumed locally.

Tab. 1.1 summarizes this comparison between physical self-consumption
and virtual energy sharing. An indirect difference between the two is the energy
vectors that can be involved, aside from electricity. Physical self-consumption can
theoretically involve any energy vector —unless specific regulations. In contrast,
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Table 1.1 Comparison between physical self-consumption and virtual energy sharing.

Physical self-consumption Virtual energy sharing

Through a direct —private—

connection Through the public grid

Collective (one-to-many,

Individual (one-to-one) many-to-many)

Measurable Calculated
Instantaneous Hour by hour
Depending on the existin
Any energy vector ! P . 8 2 8
infrastructure
Economic savings Incentivized?

Local self-consumption

!In theory; in practice specific regulations apply; 2 Under the current regulations, only
electricity; 3 Details are provided later on.

virtual energy sharing depends on existing public infrastructure and is currently
limited to electricity under the regulatory framework. Furthermore, accurate
implementation of virtual energy sharing requires precise measurement of energy
flows for each REC member. This necessitates the use of advanced metering
infrastructure, such as 2G smart meters, which can provide the granularity and
reliability of data required to calculate shared energy accurately.

Despite energy sharing currently being limited to electricity, RECs enable a
more integrated approach to energy self-consumption through sector coupling.
For instance, electric vehicle charging stations could be part of a REC, allowing
for a potentially more flexible energy load. Coupling multiple energy carriers is
also possible—for example, converting surplus electricity generated within the
community to meet other needs, such as heating through heat pumps—adding

flexibility and enhancing overall self-consumption.

1.2.3 Economic regulation

Under the virtual scheme implemented in Italy, all electricity injected into the
grid (i.e., all RES generation not consumed on-site) is eligible for the dedicated

withdrawal service (“ritiro dedicato”). This service remunerates injected electricity
at the hourly zonal market price, which is generally lower than the retail price.
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Conversely, electricity withdrawn from the grid is still purchased by users at the
retail rate from their energy suppliers.
The economic viability of RECs in Italy is supported by specific financial in-

centives designed to promote energy sharing:

e REC members receive a 20-year incentive for shared energy, established by
the Ministry of Energy (MASE) [32]. While specific calculations are detailed

in Section 2.4, a reference value of 130 €/ MWh can be considered.

» Shared energy is regarded as locally consumed, exempting it from variable

transmission and distribution charges, worth roughly 10 €/ MWh as of 2024.

Overall, the economic value of shared energy in RECs is estimated at approxi-
mately 140 €/ MWh. By comparison, market and retail electricity prices in 2024
were roughly 110 and 310 €/MWHh, respectively [34, 35].

The significant gap between market and retail prices arises from various addi-
tional costs included in the retail rate: retail marketing (i.e., revenue for electricity
suppliers), metering and transportation fees, system charges, and taxes. These
costs typically consist of a variable component, proportional to energy consump-
tion, and a fixed component based on the contracted power level of each end user,
making the effective retail price higher for end users with low consumption.

As shared energy is reimbursed for transportation fees, the incentive can be
interpreted as an additional compensation to offset the other costs for shared
energy. System charges are intentionally applied to shared energy since RECs
remain integrated into the broader energy system [26]. Considering that each unit
of shared energy is injected (by some members) and withdrawn (by others), the
incentive narrows but does not fully bridge the gap between retail and market
prices. As a result, shared energy is less economically attractive than physical
self-consumption, although it is generally easier to achieve.

Tab. 1.2 summarizes the economic regulations for RECs (in Italy), which how-
ever can differ across countries. For instance, in France, shared electricity is
directly deducted from the end users’ bills without remuneration to the produc-

ers, while a network fee is applied to account for the use of the public grid [36].

1.3 Multi-node and multi-energy modeling

The insights about RECs presented in Section 1.2 highlight their role as a bridge
between theoretical energy community concepts and practical energy-sharing ap-
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plications. RECs provide an effective approach for implementing an ICES within
current regulatory frameworks, particularly in Italy. This is largely due to their
capacity for virtual energy-sharing mechanisms, which facilitate the distribution
of renewable energy among multiple members using the public grid. Understand-
ing these mechanisms helps frame the ICES modeling presented in the following,
where multiple interconnected energy nodes can coordinate the local energy
production and consumption.

ICES is modeled as an ensemble of “energy nodes”, interconnected through
one or more energy networks. Each energy node is characterized by its point(s) of
connection to the energy network(s), which enables energy withdrawal and/or
injection: active nodes can inject energy (e.g., producers and prosumers), while
passive nodes can only withdraw energy (pure consumers).

Fig. 1.2 shows a simple example of an ICES that complies with the definition
of a REC: a set of electricity consumers, prosumers, and producers, all connected
to the same (public) electricity distribution grid.

Within an energy node, it is possible to meet the demand of different energy
carriers using a combination of local generators, and conversion and storage
technologies (“components”), thus creating an individual multi-energy system.
Since they are interconnected, any energy surplus generated by one node and
injected into the network can be utilized by others. In such cases, energy is shared
among nodes, and consumed within the ICES boundaries. Conversely, any locally
produced energy vector without an interconnecting network must be consumed
internally, i.e., within the boundaries of a single node.

Based on these considerations, two spatial scales are considered in the model:

the individual energy nodes and the overall ICES. Regarding temporal resolution,

Table 1.2 Summary of the economic regulation for RECs in Italy.

. Reference value
Flow of energy Economic value (€/MWh)
Withdrawn Retail price? 330
Injected Market price® 110
Incentive 130
Shared Network fee 10

4 Cost for REC members; ° Revenue for REC members.
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Fig. 1.2 Simple example of ICES as a group of electricity consumers, prosumers, and
producers. (Adapted from [16]).

instantaneous power balances are ideally considered. However, a discrete-time
approach is adopted due to computational constraints and the unavailability of
high-resolution data, typically using hourly time steps, as detailed later on. This
aligns with regulatory requirements for RECs, where shared energy is evaluated
hourly.

Despite the discrete-time approach the term ‘power’ is still used, indicating the
uniform average value corresponding to the same energy during each time step.
The term ‘energy’ is used instead for quantities with coarser granularity (e.g., daily
or monthly). Each variable is assigned a name along with a set of subscripts and
superscripts, which uniquely identify it by its associated energy node, compo-
nent, type (e.g., input or output power), energy vector, and specific time step, as
depicted in Fig. 1.3. However, subscripts and superscripts are omitted wherever
they are not strictly necessary, to lighten the notation.

1.3.1 Energy nodes

Energy nodes integrate multiple components —i.e., technologies for energy produc-
tion, conversion, and storage- to fulfill local energy demands. Loads —electricity,
heating, etc.— are also considered components, functioning as energy sinks. De-
tailed models for these components are provided in Section 3.2, while this section
focuses on the general equations governing energy nodes and their interactions
with the networks.
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Quantity Component Energy Type

vector Quantity Power, energy,
I cost, etc.
‘ Component  Generator (e.g.,
- .
photovoltaic), load
I V (e.g., electric),
= | battery)
Energy Electricity, heat,

storage (e.g.,
vector etc.

\ Type Input, output, etc

Energy node Time step

Fig. 1.3 Notation adopted in the ICES model equations.

All nodes in an ICES are connected to one or more energy networks. Certain
networks —e.g., the gas distribution network- only allow energy withdrawal, while
others —such as the electric grid— support withdrawal and injection, enabling en-
ergy sharing with other nodes. Fig. 1.4 presents a detailed, though not exhaustive,
example of a “multi-energy” node.

Nodes within an ICES must maintain individual balances between the energy
they consume, produce, and exchange with the networks, ensuring the demand
for each energy vector is met at all time steps. This power balance is expressed

mathematically for each node j as follows:

y phin | pinj _ Y phout  pwith (1.1)

iEIjin ie]jout

where P¥™ and P"°" represent the inflows and outflows of power to/from com-
ponent i in node j, while P™ and P are the exchanges with the network

(injection and withdrawal, respectively). Sets Ijin and I].Ollt

include the components
for which the vector v (whose superscript is omitted) is an inflow and an outflow,
respectively. The balance holds at each time step, for each energy node.

Network exchanges in (1.1) may not always be present, for instance for an
energy carrier that is only internal to the node. When network injections are not
feasible —due to infrastructure constraints or regulatory limitations- the balance
states that any self-generation must be consumed locally.

According to (1.1), all components involving a specific energy carrier —as an

inflow or outflow- contribute to this balance equation. Additional energy vectors
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Fig. 1.4 Example of an energy node as a multi-energy system. (Adapted from [16] and [37]).
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can then be incorporated into the model to represent particular situations and
adapt to specific needs. For example, waste heat is included in the node depicted
in Fig. 1.4, to avoid unrealistic scenarios. However, only the solar collectors can

dissipate heat, and a distinct vector is introduced to represent this process.

1.3.2 ICES

Fig. 1.5 shows a general representation of an ICES as an ensemble of energy nodes
of different types (active, passive) involving different energy vectors, intercon-

nected by multiple energy networks.

ENERGY NETWORKS Exchanges outside
of the ICES

th, ENERGY
ith, NODE N
PlCEsi"j’d\ "
ENERGY
ENERGY NODE N-1
NODE 1
ENERGY ENERGY
NODE 2 NODE n

Fig. 1.5 Example of an ICES as an ensemble of energy nodes interconnected by some
energy networks. The exchanges outside of the ICES are highlighted.

The nodes in an ICES exchange energy with each other through the avail-
able networks. As mentioned earlier, energy is shared when it is simultaneously
injected by some nodes and withdrawn by others. Thus, it is calculated as the
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minimum between the total injections and withdrawals from the nodes, as follows:

pshared _ iy , (1.2)

inj, -~ pwith
2B A

i e

where J is the set of nodes in the ICES. This equation is written for each vector
and each time step.

Shared energy is assumed to be produced and consumed within the ICES
boundaries, reducing the energy flows to and from external networks. In fact, the
global energy balance on each network is given by:

inj ith _ inj ith
PICES_p;/gES_ZPj _ijWl ’ (1.3)
jeJ jeJ

where PlingS and P}"g]t;é represent the powers exchanged by the ICES beyond its
boundaries (injections and withdrawals, respectively). As before, subscripts for

the energy vector v and time step h have been omitted.
By combining (1.2) and (1.3), and noting that power injections and with-
drawals from the ICES cannot occur simultaneously (i.e., they are mutually exclu-

sive in each time step), the following equations are derived:

infj _ inj shared
Picps = ) Py — P, (1.4)
jeJ
P;/gjlél’é — Z P]\Nlth _ Pshared_ (1.5)
JeJ

These equations explicitly show how shared energy reduces the exchanges
outside the ICES compared to what would occur if only individual nodes were
considered.

1.3.3 Time discretization

As mentioned earlier, time step length and overall time horizon are crucial aspects
of ICES modeling. A finer time resolution and an extended time horizon provide a
more accurate representation of variability in input quantities, improving model
fidelity. In real applications, a sufficiently long time horizon should be considered
to capture key aspects such as the lifespan of system components and, where

relevant, the duration of policy incentives (e.g., 20 years for REC support schemes).
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However, enhancing time quality comes at the cost of computational complex-
ity, particularly when optimization is involved (see Chapter 3). Furthermore, data
availability usually plays a significant role in determining the level of detail that
can be incorporated into the model. A resolution finer than one hour may not al-
ways be achievable, especially considering energy consumption data, limiting the
granularity of the time discretization. Likewise, data covering periods longer than
one year are seldom available, restricting the time horizon that can be considered.

To maintain generality, the ICES modeling equations presented earlier and
the performance assessment in the following section are formulated for a general,
sufficiently long time horizon.

However, in the practical evaluations conducted in this thesis, a one-year
time horizon with an hourly time step is adopted for ICES operation, balancing
data availability (see Chapter 2) with computational burden (see Chapter 3). For
long-term performance evaluations, such as for economic and environmental
assessment (e.g., 20 years), this one-year horizon serves as a reference period,
assumed to repeat over time.

This choice balances computational feasibility and model accuracy, allow-
ing seasonal variations in renewable generation and energy consumption to be
captured.

1.4 Multi-criteria evaluation

ICES are assessed from different perspectives to capture their multiple (and often
conflicting) objectives, including environmental, social, and economic aspects.
Key Performance Indicators (KPIs) provide an easy-to-grasp yet comprehensive
method for evaluating these systems. They are valuable for assessing efficiency,
sustainability, and economic viability, and enabling comparisons between differ-
ent configurations thus supporting decision-making during the design phase.

A key aspect of ICES evaluation is the dual perspective of individual nodes
versus the entire community. Energy balances are first performed at the node
level and then aggregated for the whole ICES, as described in the previous sec-
tions. Consequently, energy-related quantities -such as production, consumption,
and self-consumption- can be assessed at both scales. Accordingly, KPIs can be
defined for both individual nodes and the entire system, although in this thesis,

they are primarily reported at the community level.
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As briefly introduced in Chapter 2 and further detailed in Chapter 5, KPIs
often conflict with each other (e.g., economic vs. environmental objectives). This
complexity is further amplified at the individual node scale, where additional
layers of conflict may emerge, not only in economics but also in energy and
environmental performance. Moreover, as the number of individual KPIs grows,
so does the complexity of multi-criteria decision-making. Methods to address this

increased complexity and facilitate decision-making are analyzed in Chapter 5.

1.4.1 Individual energy node

The calculation of KPIs begins with assessing relevant energy quantities within the
ICES. For each energy node j and energy vector v (whose superscript is omitted in
the notation), two quantities can be calculated, by integrating over the considered

time horizon (or summing over discrete time steps):
* The energy produced (E].p 1d) is the sum of the output across generators.

e The energy consumed (chons) is the sum of the input across loads.

Energy exchanges with the network, such as injections (Ejinj) and withdrawals

(EJ.With), are similarly assessed by integrating the respective power flows over time.

Individual self-consumption, representing the portion of local generation used

directly within the node, is calculated by subtracting network injections from the
total production, as follows:

self-cons _ pprod  pinj
Ej = Ej Ej . (1.6)
Based on the energy balance at each node from (1.1), and under the assump-

tion that network injections and withdrawals cannot occur simultaneously, indi-

vidual self-consumption can alternatively be expressed as:
self-cons _ pcons _ pwith
E = E E7 (1.7)

When components, such as heat pumps or storage systems, modify the energy
consumption of a node beyond its direct loads, the definitions of Ejproel and E].Cons
must be carefully reconsidered. The decision to evaluate node consumption
and production based on only direct loads or to include all components can
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1.4 Multi-criteria evaluation

significantly impact metrics such as self-consumption and self-sufficiency rates
(described in the following) [38].

In this thesis, all components involving energy storage or conversion are in-
cluded in this calculation, ensuring consistency between the energy balances and
the definition of quantities like Ejself‘cons at the node level. For instance, in the
case of a heat pump, its output power is included as heat production (treated as if
it were a generator in this vector), while its input power is classified as electricity

consumption (treated as if it were a load).

1.4.2 ICES-level

ICES-level quantities for these relevant energy quantities can be obtained by

summing the respective values across all nodes, as follows:
prod _ pl‘Od
EProd — Z E™,
J
cons __ cons
E°™S = Z E{°™,
J
inj _ inj
E7= ;Ej ’ (1.8)
with _ with
EV™ = ;Ej ,

Eself—cons — Z Eself—cons.
— )
]

The total energy consumed locally within the ICES, encompassing both indi-
vidual self-consumption and shared energy;, is given by:

Elocal — Eself—cons + Eshared. (1.9

Using the energy balance equations for individual nodes and the overall ICES:

Elocal — Eself—cons + Eshared

d ] ] inj
EP™ _/Z):%{)"’(Z i~ Eyces

_ pprod _ rinj
=E EICES'

Elocal — Eeons _ Ewith

Similarly, it can be shown that ICES*
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1.4.3 Energy KPIs

Two fundamental indicators for assessing the performance of an ICES are the self-
consumption (SC) and self-sufficiency (SS) rates [4]. Self-consumption represents
the proportion of locally produced renewable energy consumed within the ICES,
while self-sufficiency measures the extent to which the energy demand in the ICES
is met by local generation.

Physical self-consumption and self-sufficiency consider only individual self-

consumption, at the level of each energy node, or across the entire ICES as follows:

[self-cons 3 i Ejinj
SCphy:WZI_W’ (110)
If- . EVith
SSppy = oy _E1 0 (1.11)
phy Econs Econs :

Here, the alternative expressions for each KPI utilize the definitions of self-consumption
from (1.6) and (1.7), respectively.

Virtual self-consumption and self-sufficiency represent the proportion of
shared energy relative to total injections and withdrawals and are calculated

as follows:
Eshared Einj
SCuir = = = 1~ — 5, (1.12)
LiE XiE
Eshared Ewith
SSvir = with Icsl?vsith’ (1.13)
2B LiE

where the alternative expressions on the right leverage the relations from (1.4)
and (1.5).
Unique KPIs encompassing physical self-consumption and virtual energy
sharing can be derived by considering the local self-consumption defined in (1.9).
Based on these definitions, the global self-consumption and self-sufficiency

rates are calculated as follows:

Elocal E;EJE s

SC:W: _Eprod’ (114)
Elocal EWith

SS = =1 —<ES (1.15)
[Econs [Econs
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Production and consumption are used as denominators in (1.14) and (1.15)
(instead of injection and withdrawal) to ensure that the KPIs range between 0

and 1, maintaining consistency with other metrics.

1.4.4 Environmental KPIs

The environmental performance is assessed by evaluating the equivalent CO,
emissions in the ICES configuration, denoted as EMco,. These emissions depend
on the ICES operations. Specifically, individual self-consumption and virtual
energy sharing from renewable sources reduce the need for energy withdrawals
from external grids, which typically have associated emission factors (¢). The
operative emissions at the ICES level are calculated as follows:

oper _ with,v pwith,v 111] v with,v pwith,v
EMCOZ o Z (6 EICES ICES) Z € EICES . (1.16)
v

where the emissions are summed over all energy vectors v.

The term emj"’EIigjl::‘g, which could represent avoided emissions due to renew-
able energy produced by the ICES but not consumed locally, is excluded to main-
tain the local focus of the ICES.

Renewable generators, coupling technologies, and energy storage systems
typically have emissions associated with their production, maintenance, and
dismantling cycles. These “life-cycle” emissions are incorporated into the overall
assessment. They are generally proportional to the size of the technologies and
are determined using specific emission factors. If the lifetime of a technology is
shorter than the chosen time horizon, these emissions are scaled to account for
multiple replacements over the analysis period.

Considering the component i, its life-cycle emissions, denoted as EME%?’I, are

calculated as follows:
EMLCA i- gleisi
n (1.17)
where ¢' = [—-‘ .

nl
Here, n represents the analysis time horizon, ni, el and S' are the useful life, size,
and life-cycle emission factor of the component, respectively. The operator [-]
denotes the ceiling function, and g' indicates the number of times the component
needs to be replaced within the time horizon —including the first purchase.
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For example, a photovoltaic generator typically has a useful life of 25-30 years
[39], meaning that over a 20-year horizon, only one purchase would be required.
Electrochemical batteries, on the other hand, generally have a shorter lifespan due
to degradation [40]. For instance, assuming a 10-year useful life (see Section 2.5
for details), a 20-year analysis horizon would require two purchases, effectively
doubling the associated LCA emissions.

The total CO, emissions for the ICES are expressed as:
_ oper LCA
EMco, = nEMq, + EMcg,, (1.18)

where the annual operative emissions are adjusted according to the time hori-
zon of the ICES operation, and the life-cycle emissions EM]é%‘z are obtained by
summing across all components in the ICES.

A KPI for the environmental performance of the ICES can be calculated by
comparing its emissions against a baseline scenario. In this thesis, the baseline
assumes that all energy demands of the nodes are met exclusively using existing
energy networks without any local generation. The emissions for this base case
are calculated as follows:

0 _ oper(0) _ with,v zwith(0),v _ with,v cons,v
EM¢), =EM(y = n;e Etgs " = n;e ECOnSY, (1.19)
Here, El“ggg(o)"’ represents the network withdrawals of the ICES in the base case

and is equal to E“°"*", the total energy consumption by loads requiring an input
of energy vector v.
Finally, an emissions reduction coefficient (ER) can be evaluated to quantify

the environmental improvement provided by the ICES compared to the baseline:

EM? —EMco
ER = — =22 - 2 (1.20)
EMS),

Since the avoided emissions from network injections outside the ICES are
excluded from (1.16), the total ICES emissions will always be greater than zero.
As a result, the ER value cannot exceed 1. However, unlike self-consumption and
self-sufficiency, ER could, in principle, be negative. This scenario could occur
if the lifecycle emissions of the ICES components are significantly higher than
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1.4 Multi-criteria evaluation

the baseline emissions. Numerical considerations regarding the choices for ICES
emissions calculation are discussed in Section 2.6.

1.4.5 Economic KPIs

The economic performance of an ICES is assessed by evaluating the total costs
over its operational period, including both initial investments (CAPEX) and opera-
tional expenditures (OPEX). The total actualized cost (TAC) is used to capture the
combined financial burden of capital and operational costs:

n (COPex +Ctenergy Cresidual

TAC = C%Pe ! .
; (1+7)t (1+71)"

(1.21)

Here, C“®P®* represents the initial capital expenditure for purchasing and installing
components, and cresidual Jengtes the residual value of the assets at the end of the
analysis period, properly actualized. C;*** includes annual operational costs -e.g.,
maintenance, insurance, taxes— while Cte nergy encompasses yearly energy expenses
and incomes. Finally, n and r refer to the project lifetime and the discount rate,
respectively.

Similarly to LCA emissions, calculating costs accounts for the possibility of
multiple purchases for a given component. These purchases are determined
based on the component’s replacement cycle, occurring at intervals equal to its
useful life. Each expenditure is discounted to its present value at the initial (0-th).
For each component i, the capital expenditure C°@P%! s calculated by summing

up the costs of all purchases required over the considered time horizon, as follows:

n Ccapex,i
Ccapex,i — Z t
Za+nt’
o . . (1.22)
here CC2PES c's', ift=|n'k], fork=0,...,q' -1,
whnere "=

t
0, otherwise.

Here, c! is the unit purchase cost of component i, Slis its size, and n' its useful
life. The term g' represents the total number of replacements required within the
considered time horizon 7 —-including the initial purchase- and is calculated as in
(1.17). The operator |-] is the “floor” function, which returns the first useful year

at which the component must be replaced.
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Consequently, the residual value of each component i at the end of the time
horizon is computed as:

P IS | o
RGN gt (1.23)

Cre51dual,1 — —
which represents the remaining lifetime of the most recently purchased compo-
nent at the end of the horizon, expressed as a fraction of its useful life, multiplied
by the purchase cost. As described in (1.21), this residual value is discounted to
its present value at the end of the time horizon.

Fig. 1.6 illustrates three examples of the calculation (and discounting) of capital
expenditure and residual value for components with different life spans over a
conventional 20-year time horizon. Components with a life span longer than the
time horizon (A) do not require replacement and retain a residual value at the
end of the period. Components with a shorter life span require replacement upon
reaching the end of their useful life, and the new expenditure is discounted based
on the year in which it occurs. Then, if the time horizon is an exact multiple of
their lifetime, they will not have a residual value (B); otherwise, they will (C).

Yearly operative costs, which primarily include maintenance and insurance
expenses for the components are proportional to the size of each component and
are evaluated based on unit cost rates.

The calculation of yearly energy costs depends on the specific regulations
governing the ICES. These typically include expenditures for energy withdrawn
from the network(s) and revenues from energy injected into the network. When
shared energy is allowed, incentives like those described in Section 1.2.3 for RECs
can also be considered. Energy costs are further discussed in Section 3.3.2.

) . N Reci
IYear of purchase First purchase Second purchase Third purchase x\\ Residual value

0O |1 (2 |3 |4 |5 |6 (7 |8 (9 |10|11 (12|13 |14 |15|16 |17 |18 (19|20 |21 (22|23 |24 |25

Component A

Component B

Component C

% (le)t _'////'

Fig. 1.6 Examples of capital expenditure and residual value calculation (and discounting)
for three components with different life spans over a conventional 20-year time horizon:
components A, B, and C have a useful life of, respectively, 25, 10, and 8 years.
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A baseline scenario provides a benchmark for economic evaluation. Similar
to the environmental performance, this cost (TAC©) considers the energy costs
incurred when all demands are met using only existing energy networks, without

local generation:

n energy(0)
TAC? =y 1.24
; 1+nt ( )

The cost reduction (CR) KPI quantifies the financial savings achieved by im-

plementing the ICES:
_ TAC?' -TAC

TAc(O)
In addition to CR, other financial metrics, such as Net Present Value (NPV),

(1.25)

Internal Rate of Return (IRR), and Payback Time (PBT), are used to assess the
economic performance.
The NPV is calculated by considering ICES costs and revenues, while the costs

in the baseline scenario are treated as additional revenues, i.e., savings:

n CtOpex " Ctenergy _ Cfnergy(o) Cresidual

NPV = — X _ + :
; A+7)t A+

(1.26)

The IRR is defined as the discount rate (r) that makes the NPV equal to 0 in
(1.26). PBT is the earliest year (f) at which the NPV becomes positive, provided
such a year exists within the considered time horizon.

As mentioned earlier in this section, these KPIs can be calculated either for
the entire ICES or at the level of individual nodes. The latter approach introduces
an additional layer of complexity, as it requires defining internal transactions and
allocating costs and benefits. For example, in the context of a REC, the incentive
for shared energy must be distributed among members according to criteria set
by the REC itself. These criteria could be based on fair-sharing mechanisms [41],

among other possible allocation strategies.
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Chapter 2

Data sources and processing

Summary

This chapter presents the data used throughout the thesis, providing the founda-
tion for assessing the modeling, evaluation, and optimization frameworks devel-
oped in subsequent chapters. Without a real-world case study, these data were
collected from multiple sources to construct a comprehensive dataset. The chap-
ter emphasizes the processing and preparation of these data to ensure consistency

and applicability to the proposed methodologies.

Key objectives
* Detailing the sources and processing methods of the data used in the thesis.

* Constructing a consistent and representative dataset to support the pro-

posed analyses.

 Establishing a preliminary baseline assessment of the ICES under consider-

ation.

The chapter is organized as follows. Hourly electricity consumption data col-
lected from about one hundred end users in a small city near Turin (Northern
Italy) are presented in Section 2.1. Section 2.2 describes photovoltaic generation
data sourced from the Photovoltaic Geographical Information System (PVGIS).
Section 2.3 outlines the modeling approach for estimating the heating demand
based on a typical multi-family residential building using meteorological data.
Electricity price data, including market values, incentives, and retail tariffs, and
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2.1 Electric Load

their processing is described in Section 2.4, while Section 2.5 complements with
data about the technologies considered in the different cases. Finally, a prelimi-
nary baseline assessment is performed in Section 2.6, evaluating an ICES scenario
with varying photovoltaic capacities and establishing trends in energy, environ-

mental, and economic KPIs.

2.1 Electric Load

The electric load data used in this thesis are derived from a dataset of hourly
electricity consumption spanning April 2021 to the end of March 2022. The
dataset, provided by a local multi-utility, contains measurements of 114 end-users
from a small city near Turin, in Piedmont (Northern Italy). As the first filtering,
users with extremely high consumption were identified from the histograms of the
annual energy consumption and removed from the dataset, leaving 103 end-users.

The remaining end-users are categorized into households (DOM) and non-
domestic users (BTA — bassa tensione altri usi). They can be further divided based
on the rated power level at the point of delivery (POD), as detailed in Tab. 2.1, or
by specific end-user category. Fig. 2.1 illustrates the composition of the dataset
according to these classifications, where the class DOM1, having just one sample,
was merged into DOM2 to form a new category, DOM1-2.

Household (DOM) end-users typically exhibit distinct consumption patterns
compared to non-domestic (BTA) users, who are more influence by specific energy
uses. For instance, a bakery may consume more energy at night, whereas an office
usually has peak consumption during daytime hours. Additionally, household
users generally have lower energy consumption, as shown in Fig. 2.2.

Therefore, the annual consumption profiles are presented separately for house-
holds and non-domestic users to enhance clarity. Fig. 2.3 shows the hourly profile
of household energy consumption over the entire year (top), along with the cor-

Table 2.1 Codes assigned to end-user classes according to type (DOM and BTA) and level
of contractual power at their POD (in kW), as defined by ARERA.

1 2 3 4 5 6

DOM <15 15-3 >3 V6 n.a. n.a.
BTA <15 15-3 3-6 6-10 10-165 >16.5

6 Non-resident.
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BTA2 Cultural and sports
BTA3 Municipal
BTA1L Commercial
BTA4 . Office
'DOM4
T W
BTAG pom3  Residential Residential
DOM1-2 Unknown

= DOM N BTA

Fig. 2.1 Composition of the dataset based on user types (household, DOM, and non-
domestic, BTA). The left plot represents the distribution according to the level of contrac-
tual power, while the right plot shows the distribution by end-user category.
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Fig. 2.2 Histogram of the yearly energy consumption across end-users, divided by type
(households, DOM, and non-domestic, BTA).

responding monthly energy usage (bottom). Similarly, Fig. 2.4 displays the same
data for non-domestic end-users.

Fig. 2.5 highlights the daily consumption patterns for two end-users randomly
selected from the dataset: one household (left) and one non-domestic (right). The
figure illustrates the distinct consumption behaviors depending on the type of
end-user. Household profiles typically feature two peaks, one around noon and
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Fig. 2.3 Electricity consumption profile the household end-users. The top subplot depicts
the hourly electricity demand profile throughout the year. The bottom subplot shows the
corresponding monthly energy consumption as a bar plot.

another in the evening, whereas the non-domestic user —-commercial activity—
shows peak consumption during the central hours of the day.

The total yearly electricity consumption of the dataset’s end-users amounts
to 345.0 MWh for non-household end-users and 59.46 MWh for households,
resulting in a combined total of 404.5 MWh. Among the 31 households in the
dataset, the average yearly consumption is roughly 1.92 MWh, lower than the
Italian residential average of 2.5 MWh in 2022 [42]. This discrepancy is likely due
to the presence of households with very low consumption (around 0.5 MWh/year),

potentially reflecting non-resident household end users.

2.2 Photovoltaic generation

In the absence of an existing PV plant, photovoltaic generation data were obtained
at the geographical coordinates of Turin, using the PVGIS (Photovoltaic Geograph-
ical Information System) [43] developed by the European Commission’s Joint
Research Centre (JRC). This tool provides detailed estimates for specific geograph-
ical locations, employing high-resolution solar irradiance and temperature data
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Fig. 2.4 Electricity consumption profile the non-domestic end-users. The top subplot
depicts the hourly electricity demand profile throughout the year. The bottom subplot
shows the corresponding monthly energy consumption as a bar plot.
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Fig. 2.5 Daily electricity consumption profiles for a household (left) and a non-domestic
end-user (right). The background in each subplot displays all daily profiles throughout
the year, with the highlighted line representing the profile closest to the median daily
consumption.
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—in this case, sourced from the PVGIS-ERA5 weather database. PVGIS calculates
the hourly photovoltaic generation by considering the installation plane azimuth
(orientation) and tilt (elevation). Default total system losses of 14% account for
factors such as dusting of panels and inverter inefficiencies. The generation data
were normalized by setting the peak power to 1 kW, yielding power generation
values per unit of installed power and facilitating subsequent analyses.

Fig. 2.6 provides an overview of the photovoltaic output throughout the year, in-
cluding the hourly generation profile and a bar plot of the corresponding monthly
energy values. Fig. 2.7 focuses on typical daily variations in photovoltaic genera-
tion: the left subplot shows a day with lower photovoltaic output, while the right
subplot presents a day with higher generation. The estimated annual photovoltaic
generation per unit of installed power for Turin was 1.353 MWh/kW,, according to
PVGIS.

Advanced software such as PV*SOL premium [44] can be utilized for more de-
tailed and site-specific modeling. This tool allows 3D models of building rooftops,
accounting for shadowing, barriers to PV placement, and panel string layouts.
Such advanced modeling is beneficial for precise energy yield predictions and is

more suited for detailed planning phases or specific project assessments.

2.3 Heatingload

The heating load is estimated considering a 40-apartment multi-family residen-
tial building, typical of the Italian residential stock [11], employing a simplified
steady-state approach based on [45]. This approach calculates thermal losses
through the building’s external walls, roof, ground, internal walls, windows, and
ventilation. These losses are influenced by the temperature difference between the
internal environment (Ti,¢) and the external air (T3 1,), as well as building-specific
characteristics such as thermal transmittance and surface areas.
The hourly heating load P}?T (in W) at each time step h is calculated as:

pUT _ Qexth + Qrh + Qgh + Qih + Qw,h + Quh
T =

Nd
_ UextSext + Ur Sy + Ugsg + UiSib + Uy Sw + PaiGC,airnVnet

Nd

(2.1)

(Tint - Ta,h) ’
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Fig. 2.6 Estimated specific photovoltaic generation per unit of installed power for Turin
(Northern Italy). The top subplot depicts the hourly generation throughout the year,
normalized per unit of installed capacity. The bottom subplot shows the corresponding
monthly energy generation per installed power unit as a bar plot.
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Fig. 2.7 Daily profiles of photovoltaic generation per unit of installed power in Turin
(Northern Italy). The left and right subplots show a day with lower and higher photovoltaic
generation, respectively. The background depicts the generation profiles in lighter shades
for all days of the year.
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2.3 Heating load

Table 2.2 Physical characteristics of the reference building [11, 46].

Quantity Value Unit  Description

nd 0.86 - Distribution system efficiency

b 0.4 - Correction factor for unheated spaces
n 1.67x10™*  h™!  Airexchange rate

Sext 2514 m? External wall surface area

Sg 325 m? Ground surface area

Si 770 m?2 Internal wall surface area

Sr 325 m? Roof surface area

Sw 407 m? Window surface area

Uext 1.10 W/m?K External wall thermal transmittance
Ug 1.56 W/m?K  Ground thermal transmittance

Ui 1.13 W/m?K Internal wall thermal transmittance
U; 1.65 W/m?K  Roof thermal transmittance

Uy 4.90 W/m?K Window thermal transmittance

Vet 6815 m? Net heated volume

Other parameters

Napartments 40 - Number of apartments

Nioors 8 - Number of floors

SIvV 0.46 m~! Surface-to-volume ratio

Table 2.3 Seasonal and daily limits of heating system operations for different Italian
climatic zones. Limits specific to the studied case (Turin, Northern Italy) are in bold.

Climatic HDDs Max daily Heating season Operating
zone hours (dates in dd-mm) hours

7:00-10:00

A 0-600 6 from 01-12 to 15-03 18:00-21:00
7:00-11:00

B 601-900 8 from 01-12 to 31-03 17:00-21:00
7:00-12:00

C 901-1400 10 from 15-11 to 31-03 17:00-22:00
6:00-10:00

D 1401-2100 12 from 01-11 to 15-04  12:00-16:00
18:00-22:00

5:00-10:00

E 2101-3000 14 from 15-10 to 15-04 12:00-16:00

18:00-23:00

F >3000 No Limitations
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where p.ir and Cp iy are air density (1225 kg/ m?®) and specific heat capacity
(1005 J/kgK), respectively. The physical characteristics of the reference build-
ing are detailed in Tab. 2.2.

A temperature of 20 °C was assumed for the internal environment of the build-
ing, while external temperature data T, , were sourced for Turin using the typical
meteorological year (TMY) dataset from the JRC [47]. The heating demand was
adjusted according to Italian regulations for heating schedules based on climatic
zones, identified by the heating degree days (HDDs) values [11], as detailed in
Tab. 2.3.

The estimated heating demand profiles for the reference residential building
in Turin are presented in Fig. 2.8 and Fig. 2.9. Fig. 2.8 provides an overview of the
seasonal variations in heating demand throughout the year, including the hourly
profile and a bar plot of monthly (or half-month) heating consumption. Fig. 2.9
focuses on typical daily variations in heating demand: the left subplot shows a
day with lower heating consumption, while the right subplot presents a day with
higher consumption. The external air temperature is also shown to contextualize
the heating demand throughout the day. The total heating consumption over the
year was estimated at 276.9 MWh for the 40 apartments in the reference building.

2.4 Energy prices

The analysis of energy prices for electricity is based on the market price for Italy
known as “prezzo unico nazionale” (PUN), which is the average among hourly
prices (“prezzo zonale orario”) of the 7 Italian market zones [48]. Fig. 2.10 shows
the evolution of PUN from 2019 to October 2024, highlighting key events that
influenced price fluctuations. In 2020, a substantial drop in market prices was
observed, directly linked to the COVID-19 pandemic and subsequent lockdown
measures. This trend reversed sharply in 2022 due to geopolitical conflicts, while
in the second half of 2023 and 2024, the price stabilized, although at a higher
average value than before and with more pronounced variations.

Given these significant price fluctuations, only the most recent year (October
2023 to October 2024) was used for the subsequent analyses. Due to the hourly
frequency of electricity price variations, the analysis required a method to avoid

potential biases when comparing prices with energy load profiles, especially since
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the load data were sourced from different years. To address this, the following
method was employed to process the PUN data:

1. For each month in the selected year, an hourly median price profile was
calculated by averaging the prices at each hour across all days of that month.

2. These monthly median profiles were repeated for all days within their re-
spective months, reconstructing a full year-long price profile.

It is worth noting that using a median profile as representative for each month
results in some information loss regarding individual daily variations, particularly
on Saturdays, Sundays, and holidays, when price profiles may differ significantly.
A self-correlation analysis of the price data was conducted to assess the extent
of this loss. As shown in Fig. 2.12, the highest correlation values occur at lags of
24 and 168 hours (i.e., 1 day and 1 week), indicating a clear weekly seasonality.
Despite this, a single representative day was adopted for each month for simplicity
in the subsequent analyses.
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Fig. 2.8 Estimated space heating demand for the 40-apartment residential building in Turin
(Northern Italy). The top subplot depicts the hourly heating demand profile throughout
the year, showing the external air temperature for reference. The bottom subplot shows
the corresponding monthly (or half-monthly) heating energy consumption as a bar plot.
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Fig. 2.9 Daily profiles of estimated hourly space heating demand for a residential building
in Turin (Northern Italy). The left and right subplots show a day with lower and higher
heating consumption, respectively. The external air temperature is shown for reference,
providing context for the variation in heating load. The background depicts the heating
demand profiles for all days within the heating season in lighter shades.
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Fig. 2.10 Trend of the Italian hourly market price (PUN) from 2019 to October 2024. The
left plot shows the full period, while the right plot provides a magnified view of the last
available year (October 2023 to October 2024), highlighting more recent variations.
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Fig. 2.11 Electricity market price in two months with small (left) and large (right) intra-day
price fluctuations. The plots show the median hourly profiles, with all daily profiles of
each month shown in the background for comparison.
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Fig. 2.12 Self-correlation of the electricity retail price in the last available year (October
2023 to October 2024), at different time lags from 1 to 168 hours (i.e., 1 week).

Fig. 2.11 presents the electricity market price data for two months, with small
and larger intra-day price fluctuations. Each subplot shows the median hourly
price profile, which is used as the injection price (¢iy;) in the subsequent anal-
yses, with the profiles of all days in the corresponding month displayed in the
background for context.

In addition to the market price for electricity, incentives for shared energy and

retail prices for energy withdrawals are considered.
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Fig. 2.13 Relation between market price and incentive on the shared energy according to
the plant nominal power, as shown in (2.2) and Tab. 2.4.

Shared energy incentive The shared energy incentive consists of a fixed and a
variable part, which depends on the hourly market price cjy;. In particular, the
variable part ranges between 40 (when the market price is below 140 €/ MWh) and
0 (when the market price is higher than 180 €/MWh) [32]. Globally, the incentive,
Cinc, is calculated through the following relationship:

Cinc = Cbase + Min (40; max (0; cinj — 140)). (2.2)

Here, cphage is the fixed part of the incentive, determined by the installed capacity
of the PV plant as indicated in Tab. 2.4.

Fig. 2.13 shows how the shared energy incentive varies according to the market
price. For simplicity, the first range was adopted for all analyses, even in scenarios
where the installed PV capacity exceeded 200 kW. Moreover, an average value
across each month was calculated for cgpare, using the mean market price from

the hourly profiles calculated earlier.

Table 2.4 Base value of the incentive for shared energy based on the plant nominal power.

Chase Plant nominal power

[€/MWh] (kW]
80 <200
70 200-600
60 =600
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Table 2.5 Average value and variations range (when applicable) of the energy prices in the
considered year.

Mean value Variation range

Energy price [€/MWHh]
Cinj 108.6 (50.0-190.4)
Cshare 141.6 n.a.
Cwith 312.8 (285.2 -347.3)
Cgas 160.0 n.a.

An additional incentive of 10 €/ MWh is applied for regions in Northern Italy,
along with a network tariff reimbursement of 11.57 €/ MWh. Therefore, the total
economic value of the shared energy, cghare is given by cinc +21.57 €/ MWh.

The electricity retail price can vary significantly based on user type, consump-
tion levels, and individual supplier agreements. Therefore, a simplified method
was used to calculate the retail electricity price, by summing the incentive and the
injection price for each month and multiplying by a factor of 1.25 to account for
system charges and distribution fees. Therefore, the price used for electricity grid

withdrawals, ¢, was calculated as follows:
Cwith = 1.25 X (Cshare + Cinj)- (2.3)

This assumption aligns with the rationale that the incentive is designed to
cover the difference between the market and retail price, apart from general
system fees. Moreover, it is noted that while real-time pricing is theoretically
possible, fixed pricing structures are more prevalent in Italy, making this con-
stant approach representative of actual market conditions. The resulting value
of around 300 aligns with the average retail price for end users in the liberalized
market in 2024 [35].

The yearly trends of the processed electricity market price used for grid in-
jections (cinj), shared energy value (cshare), and retail price for grid withdrawals
(Cwith) are shown in Fig. 2.14. The figure also shows the natural gas price (cgas) con-
sidered in this thesis [49]. Finally, the average value and variations range (when

applicable) of the energy prices in the considered year are shown in Tab. 2.5.
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Fig. 2.14 Yearly trends of the energy prices considered in this thesis for grid injections
(¢inj) -market price- and withdrawals (cyiwn) -retail price—, for shared energy valorization
(Cshare), and natural gas (cgas).

2.5 Technologies data

Tab. 2.6 reports the emission factors considered for calculating the emissions of
the ICES, distinguishing between operational and lifecycle emissions. Similarly,
Tab. 2.7 presents the parameters used for evaluating the KPIs, including unit prices
for the installed technologies and their useful lifetimes. These values are crucial
for calculating lifecycle emissions using (1.17) as well as capital expenditures and
residual values as defined in (1.22) and (1.23).

Table 2.6 Emission factors used for ICES emission calculations, including both operational

emissions (e.g., electricity and gas consumption) and lifecycle emissions of installed
technologies.

Quantity Value Unit of measure Source
gwith.el 0.250 (50]

ginj-el 0 kgco,eq/kWh (see Section 1.4)
ewithgas 200 (51]

etV 1700 (39]

e n.a. k eq/unit of capaci

cHTS n.a.
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Table 2.7 Cost parameters and useful lifetimes for installed technologies in the ICES. These
values are used in the calculation of lifecycle costs and residual values.

Quantity Value Unitofmeasure Source

Cpv 1500 [32]

CHP 750 . . [11]
€/unit of capacit

CBESS 400 PACy 4

CHTS 50 [14]

npy 25 [14]

nyp 15 [14]

NIBESS n.a.’ years

NHTS 20 [14]

n 20

r 6 %

7 Calculated based on BESS utilization, as shown in (2.4).

The useful life of most technologies is fixed, but for the BESS, it accounts for the
degradation of its state of health (SOH), influenced by both calendar aging and
utilization. Calendar aging (ASOH) depends only on the elapsed time, while
utilization degradation (ASOH"*®) is modeled through energy throughput, which
represents the total energy processed by the BESS over its lifetime compared to
the energy it can process before failure (throughput).

The total battery degradation (ASOH) at each year ¢ is calculated as follows [40]
(the BESS superscript is omitted in the equations for readability):

ASOH; = ASOH® + ASOH!®,
ASOHS! =1 — exp (—ccart),

Ein + pout )
t T t ASOHfall,

(2.4)

ASOH{** =)
t

where cy is the calendar aging coefficient, approximately 1.3 x 10~ h™! [40],
ASOHf ! is the SOH at failure (0.2), and ET is the energy throughput, defined as:

ET = 27¢ycles ASOC™* SPESS, (2.5)

Here, ncycles is the number of cycles until failure, and ASOC™ is the maximum

depth of discharge (assumed equal to 5000 cycles and 0.8, respectively).
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Finally, the useful life of the BESS is evaluated by finding the year ¢ at which
the total degradation ASOH; reaches the value at failure, ASOHfl,

2.6 Preliminary assessment

This section presents a preliminary evaluation of an ICES, utilizing the data de-
scribed in this chapter and applying the modeling and assessment methods de-
tailed in Section 1.4. The objective is to provide a baseline assessment of the case
while highlighting key features of the adopted assessment framework. As antic-
ipated in Section 1.3, these KPIs are calculated over the one-year time horizon
identified by the available input data. However, for environmental and economic
KPIs requiring a longer time horizon, ICES performance in this year is taken as
the reference year over a 20 years horizon.

In this initial assessment, the ICES consists of two nodes: one active node with
photovoltaic (PV) generation and one aggregated node representing the passive
consumers. At first, the analysis focuses solely on households and considers only
electricity consumption, excluding any sector coupling.

A reference PV size, Spy,, is determined by balancing the annual ICES con-
sumption and generation to establish a baseline, as follows:

~ pUE
B Zlyh P jh

SPV,O
- PV’
Zh Ph

(2.6)

where Pj%E represents the hourly consumption of each end user, described in
Section 2.1, and PEV corresponds to the estimated hourly generation per unit of
PV system capacity, described in Section 2.2 (in kKW/kW),).

Considering the household end users only, this reference PV capacity is ap-
proximately 44 kW),. Starting from this reference size, multiple scenarios are
analyzed by varying the PV size within 10+200 kW,,. Fig. 2.15 illustrates the en-
ergy produced, consumed, and shared in the ICES for different PV capacities. As
the PV size increases, the shared energy saturates but does not reach the total

consumption.
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Fig. 2.15 Trend of the produced, consumed, and shared energy with varying PV capacity
in the preliminary assessment of the ICES with only household end users as electric loads.
The shared energy is also shown on the background using the secondary axis to highlight
its asymptotic trend. The vertical dashed line indicates the reference PV size, at which
yearly consumption and production are balanced.

2.6.1 Energy KPIs

To compare shared energy with production and consumption, Fig. 2.16 illustrates
the self-consumption (SC) and self-sufficiency (SS) rates for varying PV capaci-
ties. Consistent with the observed energy values, SS increases with PV size but
eventually saturates below 100%. This is explained by the energy consumption
that occurs outside PV production hours, which cannot be addressed by simply
increasing the size of the PV system. Conversely, SC decreases as the shared energy
does not scale proportionally with the total generation.

The analysis of SS and SC highlights how these two KPIs cannot be simultane-
ously improved by just increasing the renewable capacity installed (in the case
of PV) due to the inherent mismatch between production and consumption at
various time scales, such as hourly or seasonal. As shown in Chapter 5, flexibility
resources like storage systems can enhance both KPIs simultaneously, though
typically at the expense of economic performance.

The analysis of SS and SC shows how these two KPIs cannot be simultaneously
improved by just acting on the renewable capacity installed (in the case of pho-
tovoltaic), due to the inherent mismatch between production and consumption

at various time scales —e.g., hourly or seasonal. As shown in Chapter 5 flexibility
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Fig. 2.16 Trend of the self-consumption (SC) and self-sufficiency (SS) rates with varying
PV capacity in the preliminary assessment of the ICES with only household end users as
electric loads.

resources like storage systems can improve both simultaneously, generally at the
expense of economic performance.

The reference size at which the production equals the consumption calcu-
lated from yearly values was 44 kW), which translates into a PV size of roughly
1.4 kW, per household since they are 31 in the dataset. This changes signifi-
cantly when hourly values are considered. For example, from the point of view of
self-consumption, this value drops to approximately 0.3 kW, per household.

2.6.2 Environmental KPI

Fig. 2.17 illustrates the emissions reduction KPI (ER) trend for varying PV sizee.
Three lines are shown, corresponding to three different methods of calculating
ICES emissions: 1. as proposed in (1.18), which incorporates both operational
and life-cycle assessment (LCA) emissions; 2. excluding LCA emissions and 3.
including avoided emissions for energy produced but not shared.

When using the calculation proposed in (1.18), there is a PV size that max-
imizes emissions reduction (20 kW, in this case). Beyond this point, further
increases in PV capacity result in oversized installations relative to the ICES’s

needs —in the absence of flexibility technologies. This leads to an increase in
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Fig. 2.17 Trend of the emissions reduction (ER) KPI with varying PV capacity in the pre-
liminary assessment of the ICES with only household end users as electric loads. The KPI
is evaluated using three methods of calculating ICES emissions: as proposed in (1.18),
excluding LCA emissions (no LCA), and including avoided emissions for energy produced
but not shared (avoided emissions). The figure is truncated at 100 kW, to enhance visibil-

ity.

ICES emissions, eventually surpassing the emissions of the base case, due to the
significant contribution of PV system LCA emissions.

If LCA emissions are excluded, the emissions reduction saturates, similarly
to the self-sufficiency rate —the two KPIs would be in fact correlated. Conversely,
when avoided emissions for unshared energy are considered, the emissions re-
duction increases consistently with PV size, eventually surpassing 100%. This
approach is not deemed suitable for this thesis, which stresses the local scope of
ICES and RECs, thus justifying the adoption of the emissions calculation from
(1.18).

2.6.3 Economic KPIs

Fig. 2.18 shows the trends of two economic KPIs: total actualized cost reduction
(CR) and internal rate of return (IRR). CR, similarly to ER, initially exhibits an
increasing trend, reaching a maximum at 20 kW), before decreasing. In contrast,
IRR consistently decreases, achieving its maximum at the smallest PV size. These
trends are interconnected, as when the CR falls below 0 —-indicating TAC higher
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Fig. 2.18 Trend of the total actualized cost reduction (CR) and internal rate of return (IRR)
with varying PV capacity in the preliminary assessment of the ICES with only household
end users as electric loads. The horizontal dashed line shows the value assumed for the
discount factor r in the actualization of costs.

than in the base case- the IRR drops below the discount factor r assumed for
actualizing costs, i.e., 6%.

Finally, Fig. 2.19 presents the trends of the other two economic KPIs: net
present value (NPV) and pay-back time (PBT). The NPV follows a trend similar
to CR; it can be proven that CR can be calculated by dividing the NPV by the TAC
in the base case. Being a normalized KPI, however, CR provides more intuitive
results. Conversely, PBT consistently increases with the PV size and is not shown
for sizes larger than 100 kW), as it exceeds the considered horizon of 20 years. This
size is the same as the one at which IRR drops below the discount factor r.

2.6.4 End user type

Fig. 2.20 shows the trend of self-sufficiency rates in the case of only household
end users compared to non-domestic ones, as presented in Section 2.1. The
figure reports on the x-axis the renewable capacity normalized to the reference
PV size for both cases. For non-domestic end users, with higher consumption,
the reference PV size is 255 kWp,. It is noted that, in the case of non-domestic
end users, the self-sufficiency rate is generally higher. This is due to the different
consumption profiles, which can be observed in Fig. 2.5.
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Fig. 2.19 Trend of the net present value (NPV) and pay-back time (PBT) with varying PV
capacity in the preliminary assessment of the ICES with only household end users as
electric loads.
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Fig. 2.20 Trend of the self-sufficiency rate (SS) with varying PV capacity in the preliminary
assessment of the ICES with only household end users (DOM) versus non-domestic ones
(BTA).

Non-domestic end users, especially offices, factories, and commercial activi-
ties, often have opening hours during the central hours of the day, when the PV
generates more energy. Conversely, households have their largest consumption

peak at night.
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Chapter 3

Optimal energy management of
multi-node, multi-energy systems

Summary

The preliminary assessment from Chapter 2 demonstrated that improving ICES
performance relying only on photovoltaic generation is limited. To address these
limitations, including energy storage, sector coupling, and other flexibility re-
sources is critical. However, these additions increase the complexity of ICES
operations, particularly when considering many interconnected multi-energy
nodes and energy sharing. Optimization is a useful instrument to assess the op-
timal performance of ICES, providing a basis for evaluating KPIs and informing
decision-making. This chapter formalizes the optimization of ICES energy flows
as a mixed-integer linear programming (MILP) problem and tests its applicability
to ICES optimization across a comprehensive set of scenarios.

Key objectives

e Formalizing a comprehensive optimization framework for the operational

assessment of ICES, addressing their multi-node and multi-energy nature.

* Discussing key modeling choices, including energy storage modeling in the
context of energy sharing, individual versus collective node optimization

strategies, and multi-node modeling.
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* Benchmarking the impacts of these choices in ICES optimization, including
objective function, KPIs, and computational performance.

The chapter is structured as follows. Section 3.1 reviews existing approaches
to ICES modeling and optimization and details the contributions of this chapter.
Section 3.2 completes the ICES modeling by presenting the equations used to
describe the behavior of the components. Section 3.3 formalizes this model as a
MILP optimization problem, focusing on minimizing operational energy costs
while adhering to physical and regulatory constraints. Section 3.4 outlines the test
cases designed to evaluate the model, including simple configurations for initial
insights and a comprehensive test set based on real-world data from Chapter 2.
Results are presented in Section 3.5 and discussed in Section 3.6, particularly
focusing on the effects of collective versus individual node optimization, multi-
node modeling, and the complexity of the optimization problem.

Key insights

¢ Collective optimization consistently outperforms individual node optimiza-

tion, enhancing energy sharing by leveraging flexible resources effectively.

e Multi-node modeling is essential for properly evaluating economic KPIs
in settings where technologies are distributed among multiple end users.
However, energy and environmental KPIs remain largely unaffected, as the
energy consumed locally within the node remains constant.

* Increasing the number of active nodes and collective node optimization
significantly increase complexity and computational demand, with solution

times rising by orders of magnitude.

e The trends in collective versus individual and single-node versus multi-
node optimization results suggest a potential for data-driven approaches to
approximate optimal solutions while reducing the computational burden.

3.1 Literature review and contribution

The literature on the modeling of multi-energy systems is wide and well-established.

An extensive review of existing approaches is presented in [52] while [53] focuses
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on tools. Both highlight key characteristics and limitations of the investigated
models. Relevant elements characterizing these models include geographical
scope (ranging from national to building-level systems), temporal resolution
(commonly hourly or finer), and the integration of different energy carriers such
as electricity, heat, and gas [9]. Among the most desirable features in modeling
tools is the adoption of optimization techniques for simulating the operations of
complex energy systems.

MILP is widely used for such problems, as it balances mathematical rigor
and computational tractability, making it adaptable to various applications [54].
However, since real-world ICES optimization problems are inherently nonlinear,
alternative methods such as evolutionary algorithms and swarm intelligence (ge-
netic, particle swarm, etc.) and hybrid techniques have also been explored [55].
Despite being powerful optimization tools, these “metaheuristics” are not deter-
ministic, requiring careful implementation to avoid common pitfalls [55]. For
this reason, MILP is often preferred when the problem remains computationally
tractable and an exact solution is desirable.

While multi-energy system modeling is well developed, its application to
ICES and RECs remains relatively sparse, due to their recent emergence. For
instance, [56] reviews modeling and optimization works in the context of RECs.
Early studies, such as [4], employ simpler models, e.g., representing REC as a
single-node system with aggregated electricity demand, a shared PV plant, and
a collective storage unit. A more advanced multi-node approach was presented
in [57], where individual users owned PV systems, but storage remained a shared
asset. Similarly, [58] introduced a multi-node framework but limited its scope to
electricity-only systems. Expanding beyond electricity, [59] incorporated both
electrical and thermal energy but restricted the model to a single active node.

The coupling of electricity, heat, and gas systems has been explored in the
broader energy systems literature. For instance, [60] demonstrated the cost-
effectiveness of integrating diverse storage technologies and polygeneration units
in local energy communities. However, such approaches often overlook the spe-
cific regulatory requirements of RECs, especially in the Italian context.

In [61], a detailed MILP model is introduced to integrate sector coupling in
REC optimization by means of EV charching and demand response. They also
include the perspectives of environmnyl and comfort goals in the optimization

of operation and design. In [62], multi-energy RECs are considered, where users
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are interconnected by means of district heating and cooling networks other than
electricity. A significant step toward multi-node, multi-energy REC modeling was
made in [63], where individual nodes could host multiple generation, conversion,
and storage technologies. Their analysis, however, was limited to cases up to three
nodes.

Contributions

This chapter formalizes and tests a comprehensive MILP framework for ICES
operation optimization. This model extends the REC modeling capabilities of
the open-source tool previously developed by the author [64], adopting a multi-
node and multi-energy approach and improving its compatibility with the Italian
regulatory framework. Unlike previous studies that were restricted to small-scale
cases (e.g., up to three nodes in [63]), the proposed framework is designed to
handle larger ICES configurations, allowing for a more detailed and scalable
analysis of multi-node interactions

The key contributions are as follows.

MILP optimization framework Building on state-of-the-art energy system mod-
eling, a MILP optimization problem is formalized considering key features, includ-
ing the multi-node model and energy sharing mechanism. This model extends
beyond previous REC optimization frameworks (e.g., [61], [62]) by integrating
both electricity and thermal networks while ensuring compliance with Italian
regulations on energy storage and sharing. Particular attention is given to model-
ing electricity storage systems, ensuring compliance with Italian regulations [65].
Specifically, renewable and non-renewable electricity are treated separately in
storage calculations.

Comprehensive testing and assessment Unlike previous studies that tested lim-
ited configurations, this work evaluates diverse scenarios with varying PV/storage
capacities and different optimization strategies, systematically analyzing compu-
tational trade-offs for larger ICES sizes. This analysis explores and benchmarks key
modeling choices such as single-node vs. multi-node configurations, collective
vs. individual optimization strategies, and simplified vs. detailed storage mod-
eling. Finally, the analysis provides results related to computational challenges

associated with increasing node counts and problem sizes.
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3.2 Components modeling

This section completes the ICES model described in Section 1.3, by presenting
the mathematical models adopted for the individual components typically found
within an energy node.

A component is modeled as an entity that handles inflow and outflow pow-
ers of various energy carriers, which can be converted between different energy
carriers, and also stored and released in a subsequent time step. A qualitative
representation of such a component is shown in Fig. 3.1. This general approach in-
creases the model’s flexibility, allowing it to simulate a wide range of technologies
that are typically found in an ICES. RES-based generators —such as PV and solar
thermal- are sources with imposed output powers. Similarly, loads are sinks with
imposed input power flows. Conversion units —such as boilers and cogenerators—
convert a natural gas inflow into heat and heat/electricity with given efficiencies.
Heat pumps instead convert electricity into thermal energy with a certain coeffi-
cient of performance (COP). Electrochemical batteries and hot water tanks do not

perform any energy conversion! but can store energy for subsequent use.

COMPONENT

"ini K
Pin y P'n

P out ﬂOUt

CONVERSION pout

INPUT OUTPUT

nstor
Estor

STORAGE

Fig. 3.1 Qualitative representation of a generic component. (Adapted from [16]).

Inflows and Outflows. Each component has associated inflows and outflows of
energy carriers, which “cross” its boundaries, with input and output efficiencies,

7™ <1 and n°" < 1, respectively, as follows:

11t could be argued that batteries convert electric into chemical energy (and back). However,
this phenomenon is not modeled in the scope of this chapter, hence neglected and approximated
through the charge, discharge, and storage efficiencies.
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P/in — ninPin, (3.1)
Pt = OLPO‘“, (3.2)
pout

where P™ and P°" are the inflow and outflow powers for a specific energy vector
v (whose superscript has been omitted), and P’ " and P"°" are the related powers
after crossing the component’s boundaries.

For instance, the charge and discharge of electrochemical batteries can be de-
scribed using these efficiencies.

Energy conversion. Generally, power flows can be converted between differ-

. . . . ’_, !
ent energy carriers within components. A conversion factor k¥ V' governs the

relationship between the input and output powers?, as follows:
KV’_>V”P/in,V’ _ P/out,v”’ (3.3)

where the subscript v is shown to highlight the different energy carriers of the
quantities involved.

For example, the conversion of natural gas into heat and heat/electricity in boilers
and cogenerators, respectively, can be described utilizing efficiencies as conver-
sion factors. For heat pumps, the conversion factor is their COP.

Energy storage. In some cases, energy can be stored within components, and
used in subsequent time steps. Energy storage requires an energy balance be-
tween subsequent time steps; a storage efficiency, °°" < 1, is considered to ac-
count for self-discharge phenomena, as follows:

E}Sltf{ _ nstorE}sltor — (P!gl _ P,ﬁm) Aty (3.4)

where the subscript / is shown to highlight the different time steps of the quanti-
ties involved; Aty is the length of the time steps.

2Conversion factor is not necessarily an efficiency —and its value can be larger than 1-, as in the
case of reverse-cycle machinery such as heat pumps.
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Generalized matrix representation. The previous equations can be general-
ized to represent, in principle, any component with a single equation. If a single
energy carrier is involved, without any conversion (for instance, in an electro-
chemical battery), the generalized equation is obtained by merging (3.1) and (3.4),
as follows: .
stor stor stor _ in pin, out
E L -nET = (17 Py ——noutPh )Ath.

If conversion between two energy carriers is also present, two equations would be
needed, obtained by including (3.3) in the previous one, as follows:

stor,v’ stor,v pstor,v’
L h+1 L h

in,v pin,v/ vV —v'_inv" pinv") _ 1 out,v’
((n Ph K n Ph ) nout,v/ Ph ) Atn,
I
Estor,v _ —

stor,v’ stor,v’ _
ht1 1 Ey,

((nin,v”P}iln,v” 4 Kv”—»v’nin,v’ Pliln,v’) _ nom,v” Pl?ut,v") Aty.

A generalized matrix form can link inflows, outflows, and stored energy in any
component. In this representation, input and output powers, stored energy, and
related efficiencies are expressed as vectors, while conversion factors are orga-
nized into a matrix (see Tab. 3.1). In this matrix, diagonal elements represent
self-conversion (i.e., no conversion between carriers), while off-diagonal elements
contain conversion factors between different energy carriers. The generalized ma-

trix equation is the following (column vectors are considered unless transposed):
t t t i i to(=1) t
Ep ] —n* " o Bl = (K (g™ oP) — oPp" ) Aty, (3.5)

where the operator o is the element-wise product between vectors or matrices
of the same size (i.e., the Hadamard product [66]) —similarly, °" is the element-
wise reciprocal—, while operator - is the classic scalar (or matrix) product; the
terms in bold font are the vector/matrix representations of the quantities defined

previously.

Operative constraints. Usually, additional constraints must be enforced to rep-
resent the components’ behavior properly. For instance, power and energy quan-
tities must be bounded to minimum and maximum values, which depend on

the size of the component. Some components may require enforcing mutual
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Table 3.1 Conversion factors matrix. The matrix may not be square, as the input and
output powers can correspond to different energy vectors. If the same energy vector is
involved for both input and output, the corresponding cell takes a value of 1.

Input
vl oo l}k oo vln,V

U1 1 cee KV1 —Vk cee KVI —VW
sy
o] : . :
9 Vk—V VK— Vs
= Uk Kk 1 1 Kk A%
o

vy KWV Lo WV L. 1

exclusivity between quantities in the same time step (e.g. charge and discharge of
electrochemical batteries).

3.2.1 Storage and energy sharing

Energy storage systems (ESS) are given particular attention when modeling the
ICES. Classically, ESS stores excess energy generation within an individual energy
node. This energy can come from both renewable and non-renewable energy
sources. Also, ESS units can store energy withdrawn from the energy networks,
for instance, to improve the local consumption (i.e., within the ICES) by sharing
excess energy injected by another node. The stored energy can later be used
locally or re-injected into the network.

Nonetheless, national regulations may impose additional restrictions on the
sharing of stored energy. For instance, only energy produced from RES is usually
eligible for sharing. Additionally, the Italian regulation for RECs does not allow the
sharing of electricity stored after being withdrawn from the grid, even if injected
by another node of the ICES [65]. Such regulatory constraints make the integration
of ESS into ICES more complex, and hence these components must be modeled
carefully so as not to hinder their potential.

ESS is divided into two fictitious separate subsystems, as in Fig. 3.2. A ‘renew-
able’ storage r accounts for energy stored from RES-based generators, while a
‘non-renewable’ one, nr, accounts for energy stored from non-RES-based gen-
erators. When further constraints are necessary —as in the case of the Italian
regulation [16]-, the non-renewable storage can be extended, for instance, to
include electricity from the grid.
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Fig. 3.2 Energy storage split into renewable and non-renewable storage subsystems.
(Adapted from [16]).

The input power to the renewable storage subsystem, PE50 is calculated as
follows:
PESSr,in — min (PESS,IH; Pr) , (3.6)

where PS5 is the total input power of the component, and P is a term account-
ing for the renewable energy storable. For instance, if only renewable energy
produced within an individual node can be shared, this term is the sum of the
locally-produced renewable energy.

Balance equations like (3.4) are included separately for both subsystems. The
input and output powers and the stored energy are the sum of the related renew-
able and non-renewable quantities so that the whole ESS balance holds.

The output power of the non-renewable subsystem, PESSm0Ut js then used to
calculate the shareable energy injected by an energy node. The latter is a part of
the total injected energy and is calculated as follows:

Pt = max|o; P~} plrout 3.7)
iestor
where I8" is the set of ESS components in the energy node. Even though the
related subscripts and superscripts are omitted, this equation is written separately
for each energy vector (whose network injections and sharing are possible), each
energy node, and naturally each time step.
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The shareable energy injection replaces the actual injections in (1.2), which is
then rewritten as follows:

Pshared — min

inj,sh ith
PRI

J ]

. (3.8)

3.3 Optimization problem

An ICES is generally a complex multi-node and multi-energy system, and its
energy performances (and, consequently, environmental, economic, etc.), are not
trivial to assess. Optimization techniques can provide benchmarks of an ICES
performance for the operation over a certain time horizon. The model described
in the previous section can be implemented into an optimization problem, to
find the power values that maximize or minimize an objective function, for each
time step in the considered time horizon.

A minimization problem —with a single objective function- can be generally
written as follows:

mini){nize fx

subjectto hix)=0, i=1,...,m, (3.9)

g§®<0, j=1,..,p

xe X cR",

where x is the vector of decision variables, in the decision space X, f is the objec-
tive function, and h; and g;j are, respectively, equality and inequality constraints.

The objective function and the constraints can have any shape. In case they
are all linear functions, the problem is said to be linear and can be re-written
according to a standard form:

minimize CTx
xeR"

subjectto Ax=b, (3.10)

x>0,

where C € R" is the so-called cost vector, and A, € R™*™ and b € R™ are the coeffi-
cient matrix and known-terms vector of the equality constraints.
Linear optimization problems can be solved deterministically, utilizing Linear

Programming (LP) techniques, such as the simplex method [67]. When the de-
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cision vector includes integer variables (e.g., binary) x;,... x; € Z, Mixed-Integer
Linear Programming (MILP) techniques can be used, as the well-known branch-
and-bound algorithm [67].

The details of implementing the ICES model into a MILP optimization problem
are described in the following.

3.3.1 Auxiliary binary variables

As stated above, the objective function and all the constraints in an optimization
problem must be linear to use MILP. This is not true for the ICES model described
in Section 3.2. Indeed, while linear models are used to describe the behavior of
the components in the system, non-linear equations are necessary to model the
ICES properly. For instance, in (1.2) the calculation of the shared energy involves
a min function, while imposing mutual exclusivity between variables —such as
concurrent injections and withdrawals into/from the electricity grid— requires
logical constraints.

Auxiliary binary variables can be introduced to linearize such constraints,
allowing the implementation of the adopted ICES model into a MILP optimization
problem.

Min, max constraints. In general, a constraint involving min function -e.g.,

z1 = min (x1, y1)- can be linearized as follows:

Z1 = X1,

as (3.11)
212XI—51M1, .

z71z2y1—-010-01)M,

where 6, € {0,1} is the auxiliary binary variable, and M, € R is the so-called ‘big-
M parameter’, a number large enough such that x, y; < M; for all x; and y; in
the design space. While the first two inequalities enforce z; to be smaller-equal
than both x; and y;, adding the last two enforces z; to be larger-equal than the
minimum between the two. As a consequence, the only possibility is that z; is
exactly equal to the minimum between the two values®. Constraints involving

3For instance, assuming x,y = 0, if 61 =0, then z; < x; and z; = x; — 6, M) — z; = x, hence
z = x, meaning that x = min (x, y) otherwise the problem would be unfeasible since x; = z; < y;.
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max functions —e.g., z, = max(xy, y2)- can be linearized similarly, as follows:

Z2 = X9,

23 = Yo,

Z22<Xxy+(1 —62)M2,

(3.12)
Zp < Y2 +062Mp,

Logical constraints Binary optimization variables are also useful to impose that
two variables cannot be larger than zero at the same time. Mutual exclusivity
between two variables, x3 and y3; can be enforced by using once again an auxiliary
variable 63 € {0, 1}, together with big-M parameters My, > x3V x3, My, > y3Vy3 as
follows:

X3 < 63My,,

y3=(1- 53)My3.

(3.13)

For instance, mutual exclusivity between injections and withdrawals into/from
the electricity grid, or charge and discharge of electricity storage systems within
the same time step can be enforced using (3.13). In these cases, the big-M param-
eters could be set as, respectively, the maximum injections and withdrawals, and
the maximum charge and discharge powers.

3.3.2 Objective function

Different possibilities are available concerning the objective function. For in-
stance, maximizing the energy consumed within the ICES or minimizing energy
exchanges outside the ICES, have been proposed in the literature [4]. These ap-
proaches have the advantage of decoupling the results from the variability of
energy prices, which, as shown in Section 2.4, can fluctuate significantly over time.
However, in settings involving multiple energy vectors, they cannot account for
the varying importance of different energy carriers unless appropriate weighting
is applied. Similarly, they do not distinguish between physical self-consumption
and virtual energy exchanges, assigning them equal value in a purely energy-based
objective function.

For this reason, the objective of the optimization is set as the minimization

of the total operational costs over the considered time horizon, specifically the

The constraint z; = y; — (1 -01) M) becomes z; = y; — M; < 0 since M is always larger than y;.
This is already true since z; = 0 in the decision space.
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energy costs, as defined in Section 1.4. A tentative generalization of these costs in
an ICES, C, can be the following:

w1thv w1thv injv  inj,v shared,v shv
€= Z(Z( iceshh  ~Prcesnth P )Ath) (3.14)

In (3.14), for energy vector having a network interconnecting the energy nodes,
only exchanges outside of the ICES are considered as costs (for withdrawals) and
with,v MV A cost for the shared

energy may be introduced c}slh v, for instance, due to the utilization of a public

revenues (for injections), respectively, at (o and oy
distribution grid. If energy sharing on a certain network is not allowed, Pﬁhared'v for
that vector will always be 0 and, according to (1.4) and (1.5), the ICES exchanges
with the outside coincide with the total injections and withdrawals of the energy
nodes. Similarly, if injections in an energy network are not allowed, the term
inj,v

PicEsh

The energy costs depend strongly on the legal structure of the ICES and the

will always be zero (as well as P}Slhared’v).

national rules adopted for these configurations. For instance, as described in
Section 1.2, the Italian regulation for RECs states that electricity can be shared
using the public distribution grid. Shared energy is economically incentivized
but each member’s withdrawals (and injections) are paid at the retail (market)
price. The cost in (3.14) can be adapted to better reflect this situation, by using

the relations in (1.4) and (1.5). The energy costs can then be re-written as:

— with,v_with,v inj,v _inj,v
C-%(;(ZPL}I ¢ Py Gyt
j

(3.15)

_ Plslhared,v ( Cw1th,v llln] v C}slh,v) ) ) At

where the shared energy term appears as a revenue (negative sign), valued at

with,v__ .inj,v_ shyv
Ch +Ch

and market price for the energy produced locally and collectively self-consumed,

c , representing an incentive to cover the difference between retail
increased by a certain cost for using the public distribution grid.

The rewritten cost function in (3.15) maintains full consistency with the gen-
eral formulation in (3.14), while explicitly incorporating REC regulatory framework
within the ICES. Therefore, this refined formulation serves as a reference for the

subsequent analysis.
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3.3.3 Collective versus individual optimization

The energy costs in (3.15) highlight how shared energy represents an additional
revenue compared to the individually-acting energy nodes. Indeed, two distinct
approaches can be adopted when considering an ICES with multiple energy nodes:
the individual optimization of each node or a collective optimization of the nodes.

In the individual approach, each energy node acts independently (as a single
player in a game) and is therefore unaware of the other nodes in the ICES during
optimization. This can be achieved by removing the term of shared energy from

the objective function in (3.15) and minimizing

(2 e - e o
instead*. While this minimizes the costs of the individual energy nodes, it does
not account for the potential benefits of energy sharing or collective resource
management. Consequently, system-wide performance is often suboptimal, as
opportunities for collective use of flexible resources such as storage systems are
missed.

Conversely, collective optimization considers the ICES as a whole, with each
node aware of the other nodes, and their decisions mutually influenced. This
allows for a more effective utilization of resources, enhancing the overall perfor-
mance of the ICES. For example, excess generation at one node can be stored
or utilized elsewhere in the system, and nodes coordinate to balance supply
and demand across the ICES. The downside of collective optimization is that
considering all nodes and their interactions in a single optimization problem is
computationally more demanding.

While collective optimization improves the system-wide objective, the need to
optimize all energy nodes concurrently poses questions about its practical appli-
cation. For instance, a robust infrastructure for data sharing among the nodes and
a central controller to manage operations would be required. Also, the acceptance
of centralized decision-making by all participants is not straightforward. These
aspects are crucial in real-world cases, but not in the scope of this chapter, where

4Removing the shared energy term from the objective function de facto decouples the opti-
mization of the individual energy nodes. One optimization problem for each node can be solved
instead of a single, larger problem. While the complexity of the individual problems decreases,
this might not always be computationally efficient in practice, due to fixed costs of creating and
solving each single problem, unless they are parallelized.
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optimization is primarily used to provide performance benchmarks for ICES per-
formances. Nonetheless, the results obtained for the test cases presented in the
following are meant to explore any different results in the cases of individual and

collective optimization.

3.3.4 Time periodicity

As mentioned in Section 1.3 optimization is performed over a one-year time hori-
zon, serving as a reference period for evaluating the ICES performance. For this
reason, periodicity constraints are put to time-coupling quantities —e.g., energy
stored in ESS- so that they assume the same value at the beginning and the end
of this period. Considering the generalized matrix representation from (3.5), the

periodicity constraint over the considered time horizon can be imposed as follows:
E(s)tor _ nstor ° Egor — (K . (nin ° P}_III) _ noutO(—l) o P%ut) Aty, (3.16)

where 0 and H refer, respectively, to the first and last time steps in the time hori-
zon. Such a long periodicity implies perfect knowledge of the entire year, i.e., a
perfect forecast of the input quantities, such as prices, energy generation, and con-
sumption patterns, which seems unrealistic in real-world operational scenarios.
Once again, these details about the real-world implementation of the proposed
optimization problem as a controller for the ICES fall outside the scope of this
chapter, where optimization is rather intended as a benchmark of its performance.

3.4 Testcases

A series of test cases is designed to analyze the multi-node ICES model and its opti-
mization using the MILP problem described before. These test cases (summarized
in Fig. 3.3) are structured to assess the key features of the proposed ICES model
and some relevant aspects briefly introduced in the previous section, mainly:

e Multi-node modeling of the ICES.
¢ Collective versus individual nodes optimization (see Section 3.3.3).

e Storage modeling for energy sharing (see Section 3.2.1).
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Fig. 3.3 Overview of the test cases conducted on the optimal energy management of
multi-node and multi-energy ICES.

First, two ‘exploratory test cases’ are considered, highlighting the different
power profiles in a one-day time horizon concerning: 1. collective versus in-
dividual optimization; and 2. simple versus renewable/non-renewable storage
modeling. Then, a more comprehensive analysis is conducted, using the data
described in Chapter 2, with scenarios designed to investigate different PV and
storage capacity availability. In all tests, the ICES model is used to represent a REC
according to the Italian regulation. Therefore, only electricity can be shared, using
the public distribution grid. Consequently, the economic scheme described in
Section 1.2.3 is used to evaluate energy costs in the objective function. In some
tests, sectors-coupling is included, locally within single energy nodes, by using
heat pumps to supply heating demand.

3.4.1 Three-node ICES
A simple ICES with three energy nodes is considered, as follows:

¢ Active node 1, prosumer with larger PV generation and small battery ESS
capacity.

* Active node 2, pure producer with larger battery ESS capacity but smaller
PV generation.

* Passive node, pure electricity consumer.

Despite not representing a likely real-world situation, this test highlights the
different storage utilization in an ICES setup when split into renewable and non-
renewable sub-systems and the simple case where energy from any source can
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Table 3.2 Composition of the ICES with 50 nodes.

Combination of components
PV BESS HP HTS N. nodes
v v - - 11
- - - - 10
v - - - 8
- v - - 8
v v v v 6
- - v v 4
- v v v 3
Total 50

be stored, without restrictions. In particular, the Italian regulation on RECs is
considered, according to which energy coming from the grid cannot be stored and
then re-injected for sharing, even if it comes from another renewable generator
in the ICES. For this reason, differently from (3.6), the non-renewable (i.e., non-
shareable) input to the ESS is defined, as follows: PJ.BE‘C’S““in = min (PjB ESS,in P].With),
preventing energy from the grid (even if injected by another node) to be stored in

the renewable sub-system.

3.4.2 Fifty-node ICES

A larger ICES is considered, composed of fifty energy nodes. All nodes have a
certain electricity demand and a combination of the following technologies —
that are selected randomly-, as detailed in Tab. 3.2: photovoltaic generator (PV),
battery energy storage system (BESS), heat pump (HP), heat thermal storage (HTS).
Both individual and collective optimizations are run, highlighting how collective
use of the flexible technologies can achieve minimum overall costs against the

case in which each node minimizes its costs individually.

3.4.3 Comprehensive test scenarios

For this set of tests, the electricity end users described in Chapter 2 are considered
as part of an ICES, again in a REC setup. Different scenarios are identified by
varying the PV and BESS capacities, to cover a series of possible situations, as
follows:
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* Undersized PV, in relation to the reference size S"V'* from(2.6) that would
cover the total demand in one year (i.e., without considering hourly fluctua-

tions).

» Reference PV size, theoretically sufficient to meet annual energy demands

but with seasonal discrepancies in generation and consumption.

* Oversized PV, potentially saturating energy consumed locally within the
ICES.

* No storage, therefore without the possibility to modify the injection or

withdrawal profiles.

* Gradually increasing from moderate to high storage capacity, particularly
relevant with higher PV sizes, to store excess energy and reduce exchanges
with the grid outside the ICES.

As reported in Chapter 2, the reference PV size, SPV0 i equal to 300 kW,
considering all end users present in the dataset.

Then, twelve scenarios are defined, by combining the PV size, S"V, and BESS
size, SBESS, as follows:

s?V'=10.5,1, 1.5} x S*V'° [(KWpeakl,
SBESS —10,1,1.5,2 x SV [kwh],

Single active node For each scenario, an initial configuration is considered,
consisting of:

* One active node, holding the totality of PV and BESS capacity in the ICES.

* One passive node, given by aggregating all the end users in the ICES.

Multiple active nodes The number of active nodes in the ICES is varied, to
investigate differences introduced by the multi-node approach, both in terms of
objective function and computational complexity. Given the number of active
nodes, Nactive, the total PV and BESS capacity are uniformly spread among them.
Hence, the composition of the ICES becomes the following:

* Nactive active nodes, each with
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- electric power consumption randomly extracted from the set of avail-
able end users measures,
SPV

Nactive’
SBESS

— PVsize equal to

— BESS size equal to

Nactive *

* One passive node, given by aggregating the end users not selected for the

active nodes.

Since the electric load of the active nodes is assigned randomly, 10 different
runs are performed for each Ngive value, varying the selected end users.

Metrics Rather than power profiles, this comprehensive analysis focuses on
more general metrics to assess the optimization results and ICES performance:

* Optimal objective function, i.e., minimum total energy costs found by solv-
ing the optimization problem.

* Computational complexity, i.e., time required by the solver to minimize the

objective function.

* Energy, environmental, and economic KPIs, as detailed in Section 1.4.

3.5 Results

This section presents the results of the test presented in the previous section.
In all cases, the MILP optimization problem was written in Python, using the
PuLP package; afterward, the optimization problem was solved using Gurobi,
under an academic license. Concerning the two ‘exploratory test cases’, a time
horizon of one day was considered, to show the optimal power profiles in the
considered cases. In the comprehensive test scenarios, a one-year time horizon
was optimized in a single MILP problem, using the data described in Chapter 2.

3.5.1 Simple versus detailed energy storage

Fig. 3.4b and Fig. 3.4a show the optimized electric power flows for the passive
node and Active node 1, which has a relatively small BESS compared to its PV size.
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The passive node relies entirely on grid withdrawals to meet its electricity
demand, while Active node 1 must inject much of its PV generation into the grid
due to the limited BESS capacity, allowing only partial local PV utilization. This
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Fig. 3.4 Optimized electric power flows over a one-day horizon for the Passive node and
Active node 1 (large PV capacity, small BESS) within the three-node ICES. Power values are
positive, with components outflows and grid withdrawals plotted above the x-axis, and
inflows and grid injections below. Total inflows, including grid injections, always balance
total outflows, including grid withdrawals, as the power balance requires.
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behavior remains consistent when using the simplified BESS model that does not
differentiate between renewable and non-renewable subsystems.

Active node 2, having a larger BESS capacity available, exhibits a more interest-
ing behavior, withdrawing energy from the grid when surplus from Active node 1.
However, the optimization only stores this energy locally if it will be used locally,
as shown in Fig. 3.5a —in this case only to compensate self-discharge losses since
there are no loads in the node. In general, when using a renewable/non-renewable
BESS model, only energy discharged from the renewable subsystem can be shared
via the grid, reducing overall BESS utilization and limiting energy-sharing poten-
tial (Fig. 3.6a). By contrast, the simplified BESS model treats all stored energy
equivalently. As shown in Fig. 3.4a, Active node 2 charges its BESS from surplus
injected by Active node 1, later re-injecting this energy into the grid to enhance
sharing within the ICES (see Fig. 3.6b).

While the simplified BESS model increases the shared energy, this benefit can
be misleading. Shared energy must be recalculated to exclude energy not originat-
ing from the same node, as grid-withdrawn energy re-injected into the grid does
not qualify for compensation, ultimately increasing costs. The renewable/non-
renewable BESS model better reflects regulatory constraints®. If energy and envi-
ronmental goals are prioritized, the simplified model may still be advantageous

by maximizing energy sharing, despite its higher associated costs.

3.5.2 Collective versus individual optimization

Fig. 3.7a and Fig. 3.7b show the optimization results for the entire fifty-node ICES,
which is structured as described in Tab. 3.2. The figures present, respectively, the
outcomes of the two distinct approaches, collective and individual nodes opti-
mization. To compare the two approaches, only the electricity balances across the
ICES electricity distribution grid are shown, highlighting the total grid injections
and withdrawals of the nodes and energy shared within the ICES.

In the collective approach, energy nodes adjust their injection and withdrawal
profiles to increase shared electricity within the ICES. This flexibility is enabled
by the distributed storage systems, heat pumps, and heat storage systems across

the nodes. As shown in Tab. 3.3, the energy processed by these components —

5This model is still an approximation of real-world behavior, as physical subsystems do not
exist; instead, the model assumes separate subsystems and decides when to discharge one or the
other.
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Fig. 3.5 Optimal electric powers over a one-day horizon for Active node 2 (smaller PV
capacity, larger BESS) within the three-node ICES. Power values are positive, with com-
ponents outflows and grid withdrawals plotted above the x-axis, and inflows and grid
injections below. Total inflows, including grid injections, always balance total outflows,
including grid withdrawals, as the power balance requires.

especially BESS- increases under the collective strategy, leading to a higher level

of shared energy than the individual optimization.

However, the total injections and withdrawals over the time horizon do not

vary significantly between the two cases. Thus, the benefit arises from the strate-
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Fig. 3.6 Optimal electric power profiles over a one-day horizon for the entire three-node
ICES. Total injections from the nodes into the grid and withdrawals from outside the ICES
are displayed above the x-axis, and compared to the total nodes withdrawals (brown line),
highlighting shared power within the ICES. Injections outside the ICES are shown below
the x-axis.

gic timing of electricity injections and withdrawals of the energy nodes, which
collectively leverage these flexibility sources to minimize overall energy costs. The
table shows that self-consumed energy within each node remains unchanged

between the two approaches, indicating that the collective optimization does not

78



3.5 Results

with
s P
bt j

q) .
z . Pyt
s .
PicEs

w Pshared

0 2 4 6 8 10 12 14 16 18 20 22 24
Time (h)

(a) Collective optimization

1000 — szwith
j
2 mm 5PN
=< 500 Z )
o ith
g B Pl
a inj
0 PICES
w Pshared
-500

0 2 4 6 8 10 12 14 16 18 20 22 24
Time (h)

(b) Individual optimization

Fig. 3.7 Optimal electric power profiles over a one-day horizon for the entire fifty-node
ICES. Total injections from the nodes into the grid and withdrawals from outside the ICES
are displayed above the x-axis, and compared to the total nodes withdrawals (brown line),
highlighting shared power within the ICES. Injections outside the ICES are shown below
the x-axis.

compromise the single-node benefits. In contrast, under the individual nodes
optimization, each node operates based on its local conditions, without align-
ing injections and withdrawals of electricity with optimal times. Consequently,
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Table 3.3 Optimal energy values over a one-day horizon for the entire fifty-node ICES.

Quantity Optimization
(MWh) Collective Individual
pshared 4.99 3.78
Y EJ?“J' 5.05 5.05
Y ijith 16.7 16.5
Y Ejselfcons 4.71 4.71

Y EJBESSJH 1.50 0.75
Y EJ.HP'in 8.03 7.92

¥ ET 2.52 2.17

shared electricity is more limited, hindering achieving economic, energy, and
environmental objectives.

These findings are further validated by the results of the comprehensive test
scenarios, which compares collective and individual optimization of the same
configurations. Fig. 3.8 illustrates the optimal objective values across all PV-BESS
combinations, with varied node counts and optimization runs, as detailed in the
following section. The comparison clearly shows that the optimal objective is

consistently lower (i.e., better) under collective optimization.

3.5.3 Multi-node versus aggregated modeling

This section presents the optimization results from the comprehensive test sce-
narios described in 3.4.3. In particular, the focus is on the trends of key metrics
—optimal objective, time complexity, and other KPIs— as the total PV and BESS
capacity in the ICES are distributed among an increasing number of active nodes
(namely, 1, 5, 10, and 20). Twelve scenarios are considered, each varying the total
PV and BESS capacity in the ICES, as described in 3.4.3.

Fig. 3.9 provides an overview of the optimal objective found by solving the
MILP optimization problem across various scenarios. Each scenario in the figure
is identified in terms of PV ratio (i.e., total PV capacity relative to the reference
PV size SPV'9) and BESS ratio (i.e., total BESS size relative to total PV capacity).
It is noted that no results are available for scenarios with higher PV and BESS
capacities when 20 nodes are considered; this is due to the calculator running out

of memory because of the large problem size and complexity.
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Fig. 3.8 Optimal objective for collective versus individual nodes optimization, across
different scenarios in the detailed test set. Scenarios are distinguished by marker sizes
(PV ratio) and shapes (BESS ratio), with color indicating the number of active nodes. The
reference blue line represents the identity function.

As expected, the optimal objective decreases (i.e., improves) with increasing
total PV and BESS capacities in the ICES, as evident from the scales of the different
subplots. This trend is readily explainable, given that the energy costs minimized
in the objective function account only for operational expenses. More notably,
the results show that the optimal objective consistently decreases in all combina-
tions as the number of active nodes distributing the total PV and BESS capacity
increases.

To further analyze this effect, the previous results are rearranged into a single
plot showing the percentage difference in the optimal objective relative to its
value with only one active node (see Fig. 3.10). The figure indicates that the
improvement in the objective function grows with both the total PV and BESS
capacities, reaching up to a 25% reduction. Additionally, a significant spread is
observed in the optimization results across different runs, highlighting variability
in improvement with the number of active nodes.

It is particularly insightful to analyze the configurations without BESS capacity
(i.e., where the BESS ratio equals 0). Optimization results are trivial in these cases
since the only available degrees of freedom are the grid exchanges of each energy

81



Optimal energy management of multi-node, multi-energy systems

85.5
84
82.5
81

—

°

- 79.5

X

W

A4

[0} 78

2

=)

()

.g 80

2

o

©

E

e

Q

o
76
78
76

Fig. 3.9 Overview of the optimal objective —i.e., energy costs over a one-year time horizon-
across the different scenarios of the detailed test set. Scenarios are identified by combina-
tions of the PV ratio (i.e., total PV size over the reference PV size SV:?) and BESS ratio (i.e.,
total BESS size over total PV size). For each combination, the total PV and BESS capacity
are spread over an increasing number of active nodes. When more than one active node,
the results from 10 runs, obtained by varying the power consumption profile, are shown

PV ratio 0.5

PV ratio 1.0

PV ratio 1.5

—e— 61.5 -e- 39 o=
’ ) ole
O . & . Eosm
° | o) lo ®e 00
) ° o0 [ ®
_::_ l —oo— ° | 9 |
_:— % ° 60 o= u.ﬁ.— ¢ 37.5 —4- oo ¢
Y\
“e— —o- —o-
sy : 3
e |ses meges) 36 S
ol— So— LY.
[ ]
—e— —e- —e—
58 50 e 223 tece
e —o— Se —o— (3 %
0 I ° 0. T 0
T () L L o5 | O
I8 —eeo— —e— ° . 0. 0® °
S S (A > 20 =
- o oo
seese: (| 5
.. o0 o
| s Jo[17s
L X —o— —o—
18 o
—e— —o—
o!. .IL. —0—
00 oS .
O -o- ° 0o, .?.
- 45 o —Eoi— °
[ ) | OO | - O ° O
—o— (e ® - 16.5 O -
[ ] L h
()
e ol i1 I
1425 ®o o ®
° -
| -
—o— ° 15 o=
15 ©
—e— _e—
.‘;c 'OL: —o—
% —o- 42.5 % OO ?,
T L te
b4 <o 0 e® O
e oo® ° e 13.5 o —e-
- ° u:
e VoL
(1 O - °
| i -'-
L 37.5 —o— 12 ==
5 10 20 ' 5 10 20 1 5 10 20

Number of active nodes

as a boxplot and swarm-plot.

82

G'T onjed ss3g 0'T oljeJ SS39 SS349 ON

0°C onljes ss39



3.5 Results

0 ......
é%% %@ Rz % ? ?

S I &lE =
9
v
Z -10
@ f
S
< —151
€
=
S 20 H
51 Active nodes

5 /0 10 0 20

Qo Qo Qo Qo ~ ~ ~ ~ ~ ~ ~ ~
PV ratio, BESS ratio

Fig. 3.10 Percentage difference between the optimal objective and its value when only one
active node is considered, across the different scenarios of the detailed test set. When
more than one active node is considered, the boxplot refers to the 10 optimization runs
obtained by varying the power consumption profile.

node, which are imposed by the electricity balances. However, an improvement
in the optimal objective is still observed in these configurations. This can be
attributed to the fact that, as the number of nodes increases, it becomes possible
to distinguish between energy that is self-consumed within individual nodes
and energy that is shared between nodes. These two quantities carry different
economic values, which explains this variation in energy costs.

Fig. 3.11 expands on this analysis across all scenarios, showing for each number
of active nodes the amount of energy shared over the time horizon and the amount
of energy self-consumed within nodes. While these two values vary with the
number of nodes —shared energy decreases as self-consumption increases— their
sum remains constant.

Fig. 3.12, Fig. 3.13, Fig. 3.14, and Fig. 3.15 conclude this analysis by presenting
the percentage difference between the single active node case and those with 5, 10,
and 20 active nodes for four KPIs: self-consumption and self-sufficiency rates, SC
and SS, CO, emissions reduction, ER, and cost reduction, CR (see 1.4 for detailed
calculations). SC and SS depend directly on the sum of the energy self-consumed
within individual nodes and the energy shared among nodes. These indicators

83



Optimal energy management of multi-node, multi-energy systems

Active nodes
I 1 w5 10 . 20

350

3001

N
(&4
o

Energy (MWh)
N
o
o

100
50+
0 i
Q Q © Q Q Q © Q Q Q %) Q
NY ~ ~ % [N) ~ ~ % N) ~ ~ A%
“° “° ©° ©° [Ny Ny [N) [N ©° o o o
N > > o ~ ~ ~ ~ ~ ~ ~ ~

PV ratio, BESS ratio

Fig. 3.11 Energy self-consumed within nodes —top bars, lighter shade— and shared between
nodes -bottom bar, darker shade- across the different scenarios in the comprehensive
test set. When more than one active node, the median value across the 10 optimization
runs is shown.
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Fig. 3.12 Self-consumption rate (SC) variation with increasing numbers of active nodes,
compared to the single active node case. Median values are displayed as a heatmap and
shown numerically along with the range of variation in brackets (where applicable).

show minimal to no variation with the number of active nodes in most scenarios,

as the sum of self-consumption and shared energy remains stable.
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Fig. 3.13 Self-sufficiency rate (SS) variation with increasing numbers of active nodes,
compared to the single active node case. Median values are displayed as a heatmap and
shown numerically along with the range of variation in brackets (where applicable).
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Fig. 3.14 Emissions reduction (ER) variation with increasing numbers of active nodes,
compared to the single active node case. Median values are displayed as a heatmap and
shown numerically along with the range of variation in brackets (where applicable).

ER also shows little variation, although notable changes appear in cases with

small PV and large BESS capacities, likely due to emissions associated with BESS.

This aspect requires further investigation. Conversely, the CR displays substantial

variations with more active nodes (up to a 300% difference against then case with
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Fig. 3.15 Cost reduction (CR) variation with increasing numbers of active nodes, compared
to the single active node case. Median values are displayed as a heatmap and shown
numerically along with the range of variation in brackets (where applicable).

one active node), which is attributable to its direct dependence on energy cost
reductions achieved through optimized energy sharing and resource use.

Also in this case, the results of the analysis are rearranged to plot the cost
reduction (CR) for configurations with multiple active nodes (5, 10, 20) compared
to the single-node case, across all scenarios and optimization runs. Itis interesting

to note that these values are highly correlated, displaying a nearly linear trend.

3.5.4 Computational complexity

Fig. 3.17 shows boxplots of the computation time required by the solver to min-
imize the objective function across different scenarios, compared against the
number of active nodes. The left subplot corresponds to collective optimization,
while the right one represents the individual case.

On average, increasing the number of active nodes from one to 20 resultsin a
two-order-of-magnitude increase in solution time. Notably, computation times
are already high with just one active node, especially when BESS are included. This
is largely attributed to the optimization problem covering a full year, increasing
both the size and computational complexity. While configurations with more
active nodes remain solvable, they present substantial computational demands
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Fig. 3.16 Cost reduction (CR) for configurations with multiple active nodes (5, 10, 20)
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that could limit their feasibility for practical applications, such as operational
optimization as part of design optimization.

When comparing collective and individual optimizations, the latter generally
requires less computation time, except in specific cases —e.g., when there is only
one active node or no BESS. In scenarios with multiple nodes and BESS, the

87



Optimal energy management of multi-node, multi-energy systems

time difference is significant—often by one order of magnitude—suggesting that
individual optimization could be a more computationally efficient alternative,

despite potential trade-offs in objective performance.

3.6 Discussion

The results presented in this chapter highlight the significant impact of modeling
choices on the optimal energy management of ICES, emphasizing the need for
tailored models that reflect the unique characteristics of these systems.

Energy storage plays a crucial role in ICES performance, due to the inherent
mismatch between renewable generation and energy consumption. While this
chapter focuses on storage’s impact on operational optimization, its role in ICES
design is explored further in Chapter 5. The key modeling decision here is the
inclusion of virtual energy sharing, which enables "collectively” managed stor-
age. Dividing storage into renewable and non-renewable subsystems improves
performance evaluation by aligning more closely with regulatory constraints and
providing more accurate energy cost estimates. However, this approach limits
storage’s use for energy sharing, reducing energy and environmental KPIs.

When multiple active nodes are present, collective optimization consistently
outperforms individual node optimization, where nodes are considered inde-
pendently and shared energy is calculated a posteriori. However, the collective
approach is computationally demanding, especially for larger systems, limiting its
feasibility.

As the number of active nodes increases, ICES performance improves in terms
of energy costs, though this is not due to greater energy efficiency. The benefit
arises from distinguishing between physical and virtual self-consumption, each
having distinct economic values. Yet, this advantage comes at the cost of increased
computational complexity, which grows with the number of nodes and presents
challenges for scaling up.

In both collective vs. individual optimization and single vs. multi-node mod-
eling, a strong correlation in results suggests that data-driven approximations
could replicate collective and multi-node optimizations with reduced complexity,
addressing scalability issues.

Overall, the results of this analysis highlight that MILP provides a robust frame-
work for ICES optimization, but detailed modeling is crucial for accurately esti-
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mating KPIs, particularly economic metrics. However, this comes at the cost of
high computational demands, limiting its scalability for large or long-horizon
problems. Future work should explore machine-learning-based approaches to
approximate ICES KPIs and reduce computational costs.
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Chapter 4

Data-driven prediction of typical
hourly load profiles

Summary

This chapter addresses the challenge of predicting hourly electricity consumption
profiles for end users whose measurements are unavailable (unobserved), using
limited input data such as aggregated monthly energy bills. Accurate load and
generation profiles are a crucial input for the operational optimization of ICES,
as introduced in Chapter 3, and are critical for sizing renewable energy systems
(RES), storage, and energy conversion technologies.

While historical data for energy prices is widely available, accurate measure-
ments of renewable generation and loads are often scarce. In such cases, physical
or data-driven models can provide a valuable alternative. Existing and consoli-
dated methodologies exist for estimating renewable generation (see Section 2.2),
while obtaining data for a large number of consumers with different energy uses
remains a challenge, especially when limited inputs are available.

To address this, this chapter proposes a data-driven approach using time-of-
use (ToU) energy bills to predict load profiles, leveraging a k-nearest neighbors
(k-NN) regression model. This method is scalable and applicable across differ-
ent end-user categories, offering significant improvements to ICES design and
operational performance.
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Key objectives

e Developing a data-driven methodology for predicting hourly electricity
load profiles from ToU energy bills, addressing the needs of unobserved
end users.

e Comparing the performance of the proposed k-NN regression approach
against established benchmarks, including standard load profiles (SLPs)
and other data-driven methods.

 Evaluating the applicability of the predicted load profiles for ICES assess-

ment and design, particularly in scenarios with diverse end-user categories.

The chapter is organized as follows. Section 4.1 reviews the state of the art in
load profile modeling and prediction, focusing on data-driven approaches, and
highlighting the need for scalable methods using limited data. Section 4.2 intro-
duces the mathematical definitions and notation, while Section 4.3 formalizes the
direct and inverse mappings between energy bills and load profiles. The proposed
k-NN regression approach is detailed in Section 4.4, alongside two benchmark
methods. The dataset of consumption data obtained from Chapter 2 and used for
testing is described in Section 4.5. Results are presented in Section 4.6, includ-
ing a comparison of prediction accuracy and an application-specific assessment
for ICES optimization. Finally, Section 4.7 reflects on the findings and potential

improvements for the proposed methodology.

Key insights

e The proposed k-NN regression method consistently outperforms bench-

marks in predicting load profiles, particularly for non-residential end users.

e Prediction errors are higher when comparing instantaneous time-step val-

ues but significantly lower for aggregated statistics such as duration curves.

¢ Despite individual-level prediction errors, the proposed method achieves
high accuracy in ICES assessment and design tasks.

e The reliance on widely available ToU energy bills makes the proposed
approach scalable and practical for managing large and heterogeneous
end-user portfolios, beyond ICES applications.
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4.1 Literature review and contribution

This chapter contributes to the energy use modeling domain [68], focusing on fine-
resolution electricity consumption data for heterogeneous end users including
residential, commercial, and public offices. These data are particularly relevant
in contexts such as RECs, where accurate load profiles are critical for energy
management but often unavailable due to the lack of granular SM data.

Historically, SLPs derived from measurement campaigns have been widely
employed by energy companies to model consumption. For instance, the HO SLP
is commonly used for residential customers in Germany and Austrias [69], while
non-residential customers are given SLPs based on energy use intensity or activity
types [70, 71]. In Italy, the GSE applies SLPs to end users in RECs when SM data
are unavailable [72]. Despite their widespread use by industry and regulatory
bodies, SLPs are increasingly criticized for relying on outdated data and failing to
account for evolving consumption patterns or intra-category variations [69, 70].

To address these limitations, researchers have proposed models to gener-
ate synthetic load profiles, typically categorized as bottom-up or top-down ap-
proaches [73]. Bottom-up models can produce accurate load profiles but require
extensive input data [69], while top-down models utilize larger-scale data and are
typically better suited for modeling aggregated energy consumption [69, 73].

The recent proliferation of advanced metering infrastructure, including SMs,
allowed the development of data-driven models [74-76]. These models utilize
machine learning and data mining techniques to extract insights from hourly
or sub-hourly consumption time series [77]. While applications of data-driven
models range from fault detection to load forecasting, this chapter focuses on
their use in load management [78], which encompasses energy benchmarking
and customer segmentation.

Clustering methods are widely used for customer segmentation and have
been applied to identify energy-saving opportunities [79-81] and enable demand
response programs [82-84]. Studies consistently show that data-driven clustering
approaches outperform traditional classification methods based on typologies or
energy use intensity [85, 70, 86, 87].

Clustering techniques typically rely on unsupervised learning [88] to group
users with similar consumption patterns, associating each cluster with a rep-
resentative load profile. Comprehensive review studies in this field focus on
clustering methodologies [74], their applications to customer classification [89],
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and evaluation metrics [71]. Few studies include a post-clustering phase, which
applies supervised learning [88] to classify or predict the load profiles of new or
unobserved customers.

This post-clustering phase can serve dual objectives: inferring end-user char-
acteristics from their load profiles or predicting the load profile class of unob-
served users based on known attributes. The latter, which is the focus of this study;,
has received limited attention in prior literature [82, 84].

Existing works in this area often rely on specific end-user attributes to classify
new or unobserved customers. For instance, survey data —such as demographics—
were used for households in [83], alongside limited SM data (up to 10 weeks).
Non-residential consumers were classified in [82] using internal company data,
municipal open data, and others. Piscitelli et al. [84] adopted a simpler approach,
relying on easily obtainable data like monthly energy consumption and busi-
ness hours to classify commercial and industrial end users. Differently from this
clustering-classification approach, Granell et al. [90] used regression, predicting
hourly load profiles of supermarkets based on attributes like floor area.

However, these approaches often target specific customer categories and re-
quire significant data collection, limiting their scalability across diverse end users.
As the number and diversity of end users increases, these methods become cum-
bersome and inefficient, stressing the need for approaches that balance accuracy

and practicality.

4.1.1 Contributions

This chapter introduces a streamlined methodology to overcome these challenges,
focusing on scalable load modeling using only ToU energy bills. The contributions
of this chapter are threefold:

Utilization of ToU energy bills only Unlike the other state-of-the-art methods,
the proposed approach relies solely on ToU energy bills, which are widely available
and easily obtainable. While Piscitelli et al. [84] have also considered energy bills,
their analyses depended on additional data specific to certain customer types and
focused primarily on weekdays. This chapter expands the scope to account for a

broader range of day types, including weekends and holidays.
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Fig. 4.1 Qualitative representation of three approaches for mapping energy bills (points in
the x-space) to their corresponding typical load profiles (lines in the y-space). Detailed
definitions of these quantities are found in Section 4.2. (a) SLP-based mapping —on top-
assigns all energy bills within a category with the same load profile, with only the total
consumption (“magnitude”) scaled to match the energy bill. (b) Clustering-classification
mapping —in the center- divides the x-space into clusters, assigning each energy bill to
a representative load profile corresponding to the cluster center. (c) Regression-based
mapping —at the bottom- treats each energy bill individually, providing a continuous
relationship between the energy bill values and the load profiles using k-NN. (Adapted
from [13]).
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Regression-based prediction The methodology adopts aregression-based frame-
work for predicting hourly load profiles directly from ToU energy bills. Unlike
SLPs, which assign uniform profiles scaled to match energy bills [72], or clustering-
classification methods, which map bills to discrete representative profiles, the
proposed approach employs k-Nearest Neighbors (k-NN) regression. This enables
a continuous mapping between bills and profiles, capturing subtle variations

among users while maintaining scalability (see Fig. 4.1).

Evaluation across diverse end-user categories The proposed approach is evalu-
ated across diverse end-user categories —including residential, commercial, and
public office users—, to demonstrate its versatility and scalability. Additionally, the
methodology’s performance is benchmarked against two established alternatives:
a standard SLP-based method and a clustering-classification approach from the
literature.

4.2 Definitions and notation

This section introduces the mathematical notation used throughout the chapter,
which relies on various sets and their associated indices, summarized in Tab. 4.1.
Sets are represented by uppercase letters —e.g., X—, with their indices shown in
lowercase —e.g., x. The cardinality of a set, representing the number of its elements,
is denoted as |X| or Ny. For clarity and brevity, this section defines key terms and
symbols that will be used extensively in the chapter. As all considerations are
performed individually for each month, the subscript m is omitted to simplify the
notation.

The quantities introduced in the following are based on the ToU tariff scheme
implemented in the Italian regulation [91] shown in Fig. 4.2. In particular, three

Work days ]
Saturdays F2
Sun./holidays F3

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00 24:00

Fig. 4.2 ToU tariffs structure adopted in Italy. The central hours of work days are on-peak
(tariff F1, in red); early morning and evening of work days (Monday-Friday) and day hours
of Saturdays are mid-peak (tariff F2, in yellow); night, Sundays, and major holidays are
off-peak hours (tariff F3, in green).
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Table 4.1 Sets and indices used in the notation.

Name Index Description Cardinality Elements
0 h Time steps in a 24 1.2, .24
day
Work day,
b d Day types 3 Saturday, Holiday
M m  Months 12 January, ...,
December
Days of day type d 8
Lam l in month m nddm )
Time indices of
G g the typical load 72 Work day-1, ...,
profile Holiday-24°
0 f Time-of-Use tar- 3 F1,F2, F3

iffs

8 Depends on the month and day type; 9G=D x H.

different tariffs are defined for electricity (F1, F2, F3), respectively, for on-peak,
mid-peak, and off-peak hours. According to these ToU tariffs, three types of days
can be identified, each characterized by a different subdivision of the hours into
ToU tariffs: work days, from Monday to Friday; Saturdays; and Sundays/holidays
(just ‘holidays’, in the followings).

Load profile Aload profile is defined as a time series representing energy con-
sumption across uniformly spaced time steps, which in this chapter have an
hourly resolution. The average uniform power demand, denoted as P, is used,
which is derived from the energy consumption in each time step. The load profile

is represented as a vector, as follows:

P = {Pidk=1,..Ny»

E (4.1)
where Py = —x
Aty

Here, Ey is the energy consumed during time step k and A# its duration; Ny is the
total number of time steps.
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1.0 Workdays Saturdays Holidays

m—— Typical LP

Power demand (p.u.)

0 4 8 12 16 20 0 4 8 12 16 20 0 4 8 12 16 20
Time (h)

Fig. 4.3 Visual example of the averaging process and creation of a typical load profile in
one month. A month-longload profile is first chunked into day-long sequences, which
are arranged by day type (in red are the load profiles of all work days, in yellow those of
all Saturdays, and in green holidays); then, an average load profile is evaluated for each
day type; these profiles are finally put in a sequence to obtain the typical load profile (the
blue, continuous line). The data used here originate from a commercial end user, which
explains the lower consumption on Saturdays and the base load on Sundays. (Source [13]).

Average load profile An average load profile is a time step-by-time step average
with the same length and shared characteristics. In this case, average load pro-
files are calculated monthly for each day type (work days, Saturdays, holidays).
For a given month, the load profile time series can be rearranged into day-long
sequences, and sorted by day type. Given the set of day-long load profiles of
day type d, Lq, the corresponding average load profile pq is evaluated as:

Pa = {Pan}pen
_ 1 4.2
where Pgp, = — Piy. 4.2
ndd lELd

Typical load profile A typical load profile condenses a month’s three average
load profiles into a single sequence (see Fig. 4.3). The average load profile pq in

each day type d is concatenated to form the typical load profile y, as follows:

S deD
V= 1{Yebgeq = 1Pt hen- (4.3)

As shown in Tab. 4.1, the typical-load-profile length is 72, since there are 3 day types
and 24 time steps for each of them.
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Energy bill An energy bill is a vector that records the monthly energy consump-
tion in the three time-of-use (ToU) tariffs F1, F2, F3 (rather than the expenditure):

X = {Ef}fer, (4.4)
where Ef represents the energy consumption in tariff f.

Spaces of energy bills and typical load profiles Energy bills can be conceptual-
ized as points in a three-dimensional space (one dimension for each ToU tariff),
the “x-space”. Similarly, typical load profiles exist in a space referred to as the

“y-space”, where each dimension corresponds to a time step in the profile.

4.3 Direct and inverse mapping

Given a typical load profiley, the elements E; of the energy bill vector x associated
with it are calculated as follows:

Er=) ndq ( Y PanAmds(d, h)) ,VfeF. (4.5)
deD heH

Here, 6¢(d, h) is a binary auxiliary variable, defined as follows:
1, ifhinda e d belongs to tariff f,
5r(d,h) = { P 8 I (4.6)

0, otherwise

whose values can be directly obtained from Fig. 4.2.

‘Direct mapping’ refers to calculating an energy bill from a given typical load
profile, as formalized in (4.5). This relationship is deterministic and explicitly
defined, relying on the known structure of ToU tariffs and the distribution of
time steps across day types. The example provided in Fig. 4.4 illustrates this pro-
cess qualitatively.

On the other hand, inverse mapping seeks to estimate a typical load profile
from a given energy bill. Unlike direct mapping, this relationship is not explicitly
defined and must be inferred based on observed patterns in the data. An initial
analysis of measured data suggests that end users with similar energy bills in
the x-space tend to exhibit structurally similar load profiles in the y-space. This
phenomenon is illustrated qualitatively in Fig. 4.5, which shows three pairs of
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energy bills selected randomly from six different end users, that are pairwise close
in the x-space Their respective typical load profiles reveal similar consumption
patterns, including the timing and magnitude of peak demand, base load levels,
and general usage trends. However, discrepancies within the same ToU tariff can
still occur due to differences in instantaneous consumption or behavioral patterns

of individual end users.

10

S Work days

2038 -

o Saturdays 04 5

S 0.6 e

IS Holidays P

2 0.4 029

202 w

g 0.0 0.0
0 8 16 O 8 16 O 8 16 Er1 Er Er3 '

2
Time (h) Bill component

Fig. 4.4 Visual example of the bill calculation from a typical load profile in one month. The
blue line shows the typical load profile. The subdivision of the time steps into ToU tariffs
is also shown (F1, in red, F2, in yellow, and F3, in green). The colored bars represent the
three components of the bill, i.e., the consumption in each ToU tariff. The arrow’s width is
proportional to the number of days of each day type in the month. (Source [13]).

X-space y-space
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Fig. 4.5 Visual examples of the similarity between monthly ToU energy bills and typical
hourly load profiles. In particular, three pairs of points (i.e., energy bills) are shown, which
are pair-wise close in the x-space. The respective “lines” in the y-space (i.e., typical load
profiles) exhibit similar shapes. (Source [13]).
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These observations, while promising, are based on qualitative assessment and
intuition, forming the basis for an exploratory analysis. Validating the extent to
which this inverse relationship holds across broader datasets is a key objective of
this chapter.

4.4 Methods

The following section details the methodology proposed to quantify and model
the inverse mapping, enabling the prediction of typical load profiles for unob-
served end users. The first part outlines the construction of the training data set,
detailing how monthly bill and profile pairs are derived from year-long load data.
Next, normalization procedures are presented to ensure comparability across
end users with varying consumption magnitudes while preserving the mathemat-
ical relationships underlying the analysis. These methods form the foundation for
the modeling and evaluation processes discussed in the subsequent sections.

4.4.1 Training data and normalization

The data-driven approach proposed in this chapter requires a collection of paired
energy bills (x) and corresponding typical load profiles (y). Aligning with termi-
nology commonly used in machine learning applications, these pairs are referred
to as the ‘training data set’, denoted as {X, Y}. Creating this data set involves ex-
tracting paired data from many end users year-long consumption data. For each

end user, the procedure involved the following steps:
i. splitting the time series into monthly segments;
ii. applying (4.2), (4.3), and (4.5) for each segment.

This process generates twelve pairs of x and y vectors, one per month of the
year, for each end user. The complete training data set is then structured such
that each row corresponds to a specific month and user combination.

Since {X, Y} incorporates data from multiple end users with varying total en-
ergy consumption levels, normalization is used to eliminate the influence of
differences in consumption magnitude. For each pair of x and y vectors, the
energy bill components are normalized so that their sum equals 1. The elements
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E; of the normalized energy bill vector % are computed as:

N E;
E;= .
> fer Ef

4.7)

For typical load profiles, normalization methods such as min-max scaling [74],
max normalization [87], or z-standardization [85] are commonly employed to
ensure that values lie within a standard range or distribution. However, the link
between the normalized profile and the corresponding energy bill must be pre-
served in this chapter. Thus, the normalized load profile elements ffg of y are

evaluated as:
A Yq

Yy = :
ZfeF Ef

As a result of this approach, each normalized typical load profile retains a total

(4.8)

monthly consumption equal to 1.

The normalized dataset {X, Y} is obtained through a “row-wise” normalization
is performed, ensuring that all samples can be compared on the same scale.
Unlike many machine learning applications, “column-wise” normalization is
unnecessary in this context because the individual elements of both the energy
bill vector and the load profile vector are inherently comparable.

4.4.2 k-NN based prediction

The proposed approach employs a k-NN algorithm to predict end users’ typical
load profiles from their monthly energy bills, leveraging the training data set. As
a supervised learning method [92], k-NN does not involve a dedicated training
phase. Instead, it utilizes the entire training data set during each prediction. The
only parameter in this method is the number of neighbors (k) to consider.

Given the normalized training data set set X, ¥} and a “test” bill vector x*,
whose corresponding typical load profile y* is unknown, the algorithm proceeds

as follows:
i. Normalize the test bill vector through (4.7), obtaining X*.
ii. Compute the Euclidean distance between %* and all X € X.

iii. Identify the k vectors % € X with the smallest distances from X* —i.e., the
nearest neighbors. The sets of X and ¥ vectors of these neighbors, whose
cardinality is k, are denoted as Ky and Ky, respectively.
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iv. Compute the prediction ypreq as the element-wise weighted average of the
vectors y € Ky:
. 1 "
Ypred = E Z y. (4.9)
yeKy
v. De-normalize ypreq by inverting (4.8), to restore the actual magnitude of the
typical load profile ypeq.

vi. Assign the predicted vector ypeq to y* as the estimated typical load profile.

This implementation assumes uniform weights for the neighbors. However,
alternative weighting schemes can be adopted, such as assigning weights inversely
proportional to the distance between X* and each neighbor [93].

Fig. 4.6 illustrates the k-NN prediction process in the x- and y-spaces. It is
worth noting that despite the proximity of neighbors in the x-space, the “predicted”
energy bill derived from applying (4.5) to y* may not exactly match the original
energy bill x* across different ToU tariffs, as shown in the figure.

4.4.3 Benchmark approaches

This section presents an overview of the benchmark methods employed to validate
the k-NN approach.

Standard Load Profiles This method relies on predefined profiles representing
typical consumption patterns for different categories of end users. Specifically,
the SLPs outlined by the GSE in [72] are used, distinguishing between domestic
(DOM) and non-domestic (BTA) end users (see Fig. 4.7). For an end user with a
given monthly energy bill x*, the corresponding typical load profile y* is simply
derived through the following steps:

i. A standard load profile y;.r is selected based on the end user’s category;

ii. The selected SLP is scaled to ensure that its total consumption matches the
reported value in the energy bill.

Clustering-classification This approach, detailed in works like[83, 82] and specif-
ically [84], follows a clustering-classification framework adapted to predict typical
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Fig. 4.6 Graphical outline of the k-NN prediction process in the x- and y-spaces. For
simplicity, only two components of the bill are shown, enabling a two-dimensional rep-
resentation of the x-space. The training set consists of (X, y) pairs. A test pair X* and
y* is also shown (with §* typically unknown). To predict ypreq from X*, the k nearest
neighbors are identified in the x-space, and ypred is computed as the weighted average of
their corresponding values in the y-space. (Source [13]).

load profiles based on energy bills. A summary of the key steps and algorithms
used is provided here.

First, representative load profiles are extracted from the training data set
through clustering of the ¥ € Y vectors. K-means, an unsupervised learning algo-
rithm, is utilized for clustering due to its effectiveness in grouping similar load
profiles [80]. The only parameter for the algorithm is the number of clusters. Once
the clustering is complete, the training set X, Y1 is partitioned into classes, each
associated with a representative load profile corresponding the cluster center.
Next, a classifier system is trained, using the energy bill vectors X as input features
and the cluster labels as target values. As in [84], a Decision Tree classifier is
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employed for this supervised learning task. The output of the training phase is
a set of decision rules, which can be applied to classify new energy bills into the
appropriate clusters. To predict a typical load profile §* for a new end user with an
energy bill X*, the first step is to assign a cluster label based on the decision rules.
Then, the typical load profile corresponding to the cluster center is selected, and
the magnitude effect is added by inverting (4.8) to match the total consumption
with the actual energy bill.

In both benchmark methods, similar to the proposed k-NN approach, the total
consumption of the predicted load profile aligns with the energy bill, while the
distribution of consumption across the Time-of-Use (ToU) tariff components may
not exactly match. This discrepancy arises because the shape of the predicted
load profile, determined by the SLP or cluster centers, influences the allocation of

energy across the ToU periods.

4.4.4 Validation

The validation of the proposed methods is carried out using a test set of actual
hourly consumption data. The process begins by predicting the typical load
profiles using the methods described above, followed by a comparison with the

real measured profiles.
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Fig. 4.7 Typical load profiles evaluated from the SLPs adopted by the GSE for household
and non-household end users. The subdivision of the time steps into ToU tariffs is also
shown (in red, F1, yellow, F2, green, F3). (Source [13], elaboration of data from [72]).
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Fig. 4.8 Qualitative representation of the concepts of sameness and similarity. The two
profiles in orange and blue originate from the same end user (BTA 3 10) and are the
average load profiles for work days in two different months. These profiles are only
slightly different, and a measure of sameness would yield a high value. In contrast, the
profile in green is from a different end user. A measure of sameness, such as the time step-
by-time step difference, would provide a smaller value. However, the profiles exhibit many
similar characteristics.

Kohler et al. [73] conducted a comprehensive review of evaluation metrics
commonly used to compare predicted or synthetic load profiles with actual ones.

In particular, they focus on the distinction between "sameness" and "similarity."

Sameness The concept of sameness refers to the direct equivalence between cor-
responding time steps of two time series. Commonly used metrics for sameness

include the mean squared error (MSE) and the mean absolute error (MAE) [73].

Similarity The concept of similarity is broader, looser, and more challenging to
assess. Kohler et al. [73] suggest metrics that examine statistical properties —e.g.,
minimum, median, and maximum values, standard deviation, and errors in the
duration curve—-, and others that assess profile complexity, such as the number of
peaks and fractal dimension.

Fig. 4.8 provides a qualitative representation of these two concepts, consid-
ering three load profiles from two different end users. The two profiles from
the same end user are almost identical. Conversely, the profile from the other
end user does not coincide with the other two, as the consumption in each time
step does not perfectly match. However, the profiles are similar, exhibiting two
peaks and a valley in the central hours.
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The sameness between predicted and actual load profiles is assessed through
a Normalized Cumulative Absolute Error (NCAE). This metric quantifies the devia-
tion between predicted and actual profiles by performing a time step-by-time step
comparison for each sample —i.e., the profile of an end user in a month. The errors
at each time step are summed and normalized by the total consumption, allowing
the comparison of the errors for different end users. To account for the varying
contributions of different day types in each month, the NCAE of the typical load

profiles is weighted accordingly. The calculation is as follows:

- d -
2 dep (ZheH \Pﬁ’fﬁ’ - Pd,hD ndq

NCAE, =
Y > ter Er

(4.10)

This metric evaluates how accurately the predicted profiles allocate consump-
tion across the time steps.

On the other hand, similarity is assessed by comparing the duration curve
(DC) obtained from the typical load profiles. An equivalent month-long profile is
generated by assigning an average load profile to each day, corresponding to its
specific day type. Next, the power values across all time steps are sorted to create
a duration curve. Finally, the NCAE is computed between the sorted vectors and
normalized using the total consumption. This error is denoted as NCAEpc.

All methods predict the load profiles so that the total energy consumption
for the month approximates the actual value. However, the consumption across
different ToU tariffs is not guaranteed to match the actual values exactly. Conse-
quently, the NCAE between the real and predicted energy bills is also calculated,
as follows:

ZfeF

E—,l?red _ Ef’
ZfeF Ef

This metric evaluates how accurately the predicted profiles allocate consump-

NCAE, =

(4.11)

tion to the various ToU tariffs, indicating how much of the total monthly con-
sumption is misallocated between ToU tariffs.

4.5 Case study

The proposed and benchmark approaches were tested on the dataset introduced
in Section 2.1. This dataset consists of hourly electricity consumption measure-
ments provided by a local multi-utility for 114 end users, spanning April 2021 to
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March 2022. Initially, 11 end users were removed due to their significantly higher
yearly energy consumption. Additionally, two end users were excluded because
their total consumption was equal to 0 during at least one month, which would
have compromised the normalization procedure.

The users are classified as either household (DOM) or non-domestic (BTA)
and further categorized by their contractual power levels and specific end-user
categories (see Tab. 2.1 and Fig. 2.1). As noted in Section 2.1, the DOMI class was
merged with DOM2 to form the DOM1-2 category due to the limited number of
users in the former class.

The year-long load profile of each end user in the original dataset was pro-
cessed as described in Section 4.4.1 to obtain two sets of monthly energy bills and
corresponding typical load profiles for each end user.

Fig. 4.9 illustrates the statistics of typical load profiles in absolute values, di-
vided by user class. Additionally, the distributions of the three components of
the energy bills across user classes are shown in Fig. 4.11. To address the bias
introduced by differences in magnitude, normalized versions of the typical load
profiles and energy bills are shown in Fig. 4.10 and Fig. 4.12, respectively.

Regarding typical load profiles, some classes exhibit well-defined intra-cluster
characteristics. For example, BTA1, BTA3, BTA4, and households demonstrate
narrow interquartile ranges (IQRs) closely aligned with their respective medians.
However, other classes, such as BTA2, show significantly wider IQRs, indicating
greater variability within the class. Even in cases with a narrow IQR, extreme
values (minimum and maximum) may deviate substantially from the median and
display varying shapes, as observed in BTA1 and BTA4.

Similarly, some user groups, such as households, exhibit relatively narrow
distributions of energy bill components. Conversely, other classes demonstrate
considerable dispersion, highlighting the presence of end users with diverse con-
sumption behaviors and energy bill compositions within the same class.

For testing and training the data-driven approaches, a variation of the leave-
one-out and k-fold cross-validation (CV) procedure was applied [94]. This ap-
proach is denoted as “leave-one-group-out” CV. In this setup, the samples from a
single end user served as the test set, while the remaining users constituted the
training set, resulting in 101 folds.

All algorithms were implemented in Python using the open-source library

sklearn [95, 96]. For the clustering-classification approach, the number of clus-
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ters was set to 11, while for the proposed k-NN approach, the number of neighbors
was set to 9. These parameters were selected to minimize the average error on the
predicted load profiles. Default settings from sklearn were utilized for training
the Decision Tree classifier.

4.6 Results

This section presents the validation results for the proposed and benchmark ap-
proaches. In addition to the error metrics detailed in Section 4.4.4, an application-
specific assessment is performed. Here, the methods are applied to ICES evalua-

tion and optimization, and their performance is compared against real data.

4.6.1 Error metrics

Fig. 4.14 shows the distributions of the error, NCAEy, between the actual and

predicted ToU consumption components for the three tested methods. Half of
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Fig. 4.9 Statistics of the typical load profiles evaluated for the end users divided by class:
minimum (i.e., 5th percentile), median and maximum(i.e., 95th percentile), and interquar-
tile range, IQR, (25th-75th percentile) of the consumption in each time step.
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Time index g

Fig. 4.10 Statistics of the normalized typical load profiles evaluated for the end users di-
vided by class: minimum (i.e., 5th percentile), median and maximum(i.e., 95th percentile),
and interquartile range, IQR, (25th-75th percentile) of the consumption in each time step.
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Fig. 4.11 Statistics of the normalized monthly energy bills evaluated for the end users
divided by ToU tariff and class. The whiskers are truncated at the 5th and 95th percentile.
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Fig. 4.12 Statistics of the normalized monthly energy bills evaluated for the end users
divided by ToU tariff and class. The whiskers are truncated at the 5th and 95th percentile.
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Fig. 4.13 Illustration of the leave-one-group-out cross-validation process adopted. Each
fold isolates one user’s data for testing, while the remaining data is used for training.
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Fig. 4.14 Distribution of the normalized cumulative absolute error on the components of
the energy bills, NCAEy, between the actual data and the predictions from the different
methods, for all samples. The median error across all samples is also shown.

the total error is reported, as this directly quantifies the proportion of energy mis-
allocated to the incorrect tariff (or time step, in the case of load profiles). In fact,
the error ranges from 0% (indicating a perfect prediction) to 200%, corresponding
to the total consumption allocated incorrectly.

Thanks to its reliance on proximity in the x-space, the k-NN method achieves
the smallest error. In contrast, the clustering-classification approach exhibits a
higher error because the predicted energy bill composition is more “rigid”, con-
strained by the shapes of the cluster centers. This effect is even more evident in
the SLP approach, which is limited to only two predefined shapes (household and
non-household).

Fig. 4.15 depicts the distribution of the error calculated for the typical load pro-
files, NCAEy. These errors are generally larger as they are assessed instantaneously
time step by time step. Once again, the k-NN method demonstrates superior
performance, compared to the clustering-classification and SLP approaches.

Fig. 4.16 illustrates the error between the actual and predicted duration curves,
NCAEpc, which evaluates the similarity between the actual and predicted load
profile statistics. As expected, this error is smaller than NCAEy, given that it
assesses similarity over aggregated statistics rather than instantaneous deviations.

The radar plots in Fig. 4.17 present the NCAEy and NCAEpc metrics divided by
end-user classes. For households, the SLP approach performs comparably to the
data-driven methods. However, for non-household end users, the SLP struggles
to characterize load profiles, whereas data-driven approaches, particularly k-NN,
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Fig. 4.15 Distribution of the normalized cumulative absolute error on the typical load
profiles (weighted by day type), NCAEy, between the actual data and the predictions from
the different methods, for all samples. The median error across all samples is also shown.
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Fig. 4.16 Distribution of the normalized cumulative absolute error on the reconstructed
duration curves, NCAEpc, between the actual data and the predictions from the different
methods, for all samples. The median error across all samples is also shown.

112



4.6 Results

BTAL BTAl
DOM4 BTA2 DOM4 BTA2
DOM3 BTA3 DOM3 BTA3 SLP
1 Clust-Class
k-NN
DOM1-2 BTA4 DOM1-2 BTA4
BTA6 BTAS BTA6 BTAS
(a) 3 NCAE-y (%) (b) 3 DCE (%)

Fig. 4.17 Median values of: (a) Normalized cumulative absolute error on the typical load
profiles (NCAEy) and (b) Normalized cumulative absolute error on the reconstructed
duration curves (NCAEpc), evaluated for all samples and methods, broken down by
end-user categories.

show significantly better performance, achieving results similar to those observed
for households. This suggests that the SLP effectively represents typical household
load profiles, which exhibit lower within-class variability (see Fig. 4.9). In contrast,
non-household customers exhibit diverse consumption patterns that a single SLP
cannot capture, while data-driven methods better adapt to the variability using

energy bill data.

4.6.2 Application-specific assessment

The three methods were evaluated in an application for ICES assessment and
optimization. In particular, the original dataset was split between training and
testing sets, with 90-10 % ratios —in terms of end users. The test set was randomly
selected, ensuring that the end users were drawn uniformly from all user classes.
However, the number of users from each class in the test set was adjusted to miti-
gate bias due to varying consumption magnitudes. This was done by replicating
users within each class as needed, ensuring that each class contributed equally to
the test set’s overall consumption distribution.

Fig. 4.18 shows the self-sufficiency rate (SS) evaluated on the test set using
predicted data from the three methods, compared with actual data, for different
renewable generation capacity —i.e., PV size. The results indicate that the k-NN
method closely matches the actual SS values, while the clustering-classification
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method performs slightly worse, and the SLP method significantly overestimates
SS.

The assessment was further extended to examine the impact of different pre-
diction methods on a design problem. Specifically, the MILP setup described in
Chapter 3 for operational optimization was applied to an ICES consisting of two
nodes: an active node with a PV system coupled to a BESS, and a passive node for
the aggregated consumption.

The optimization problem was expanded to also optimize the sizes of the PV
system and BESS by introducing two design variables'. The objective function
was set to minimize the total actualized cost (TAC) while imposing minimum
self-sufficiency (SS) as a constraint. Different optimization runs were performed
varying the constraint on the self-sufficiency to reflect the need for higher renew-
able energy contributions.

Fig. 4.19 presents the optimal objectives for the different cases, using con-
sumption data predicted by various methods as well as actual data. As expected,
the k-NN method performs the best, especially for higher renewable energy con-
straints. The clustering-classification method performs slightly worse, while the
SLP approach significantly underestimates costs.

The problem was slightly modified to maintain linear constraints. In particular, since the BESS
capacity is now a variable, the constraints in (3.13) were removed. This modification does not pose
a problem, as mutual exclusivity between BESS charge and discharge is ensured by efficiencies,
and the exclusivity between grid injection and withdrawal is guaranteed by different pricing.
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Fig. 4.18 Self-sufficiency rate (SS) evaluated on the test set using the predicted data from
the three methods, compared with the actual data, for various PV sizes.
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Fig. 4.19 Error on the optimal objectives —total actualized cost, TAC- obtained for different

cases using consumption data predicted by various methods, compared to the solution
obtained with actual data for each self-sufficiency constraint

It is also worth noting the optimal PV and BESS capacities errors when us-
ing different prediction methods, under varying self-sufficiency (SS) constraints.
Specifically, the SLP method tends to overestimate PV capacity but shows smaller
errors in BESS capacity when the SS requirement is low. As the SS requirement
increases, however, the SLP method severely underestimates the BESS capacity,
although the PV capacity improves. In contrast, the two data-driven methods
consistently perform better or at least comparably in terms of both optimal PV
and BESS sizes, except for the case with the smallest SS requirement.

While these results are insightful, they are primarily illustrative at this stage.
A deeper understanding of these trends would require further analysis to draw
definitive conclusions about the methods’ performance in the application. Specif-
ically, implementing a cross-validation procedure would help eliminate any bias
arising from the randomly selected test set.

4.7 Discussion

The results reported in this chapter highlight how data-driven methods signif-
icantly improve the prediction of typical load profiles from ToU energy bills
compared to SLPs. This improvement is especially evident for non-residential

end users, where data-driven approaches capture the diversity of consumption
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Fig. 4.20 Error on the optimal photovoltaic capacity Spy obtained for different cases using
consumption data predicted by various methods, compared to the solution obtained with
actual data for each self-sufficiency constraint.
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Fig. 4.21 Error on the optimal battery capacity Sggss obtained for different cases using
consumption data predicted by various methods, with the solution obtained with actual
data for each self-sufficiency constraint..
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patterns that traditional approaches often fail to address. Among the two data-
driven approaches considered, the regression-based on usingk-NN consistently
outperformed the clustering-classification method across multiple metrics. This
can be explained by the continuous mapping between the two spaces performed
in the regression approach. Instead, the other approach discretizes the energy
consumption by clustering data, hence its performance also depends on how data
are distributed (other than the clustering technique adopted).

While prediction errors are higher at the time-step level, they are less signifi-
cant when considering aggregated statistics or ToU data. However, while these
metric errors are important, it is also essential to assess the application of these
methods in real-world scenarios. In particular, evaluating these prediction meth-
ods for ICES assessment shows a strong mitigation of the errors found in individual
load profiles. This is largely due to the aggregation of consumption data, which
reduces the impact of individual-level inaccuracies.

Limitations and further improvements Generating accurate predictions from
minimal input data offers considerable advantages, particularly for large and
heterogeneous end-user portfolios. However, the trade-off between prediction
accuracy and ease of data collection should not be overlooked. The findings sug-
gest that the proposed method offers a promising solution for predicting a wide
variety of load profiles when only limited input data is available, as demonstrated
by its successful application in ICES assessment and optimization tasks. Neverthe-
less, this analysis requires further refinement. For example, while the approach
demonstrated here efficiently leverages ToU data, implementing separate models
for different end-user categories or seasons could further enhance accuracy as
more data become available. Additionally, to fully evaluate the impact of these
methods on their application to ICES, a more detailed analysis is required where
consumption data are not aggregated, allowing for the assessment of how errors

in individual profiles influence final outcomes.
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Chapter 5

Towards game theoretic

many-objective design optimization

Summary

Building on Chapter 3, where optimal energy management strategies were intro-
duced for evaluating the performance of ICES configurations, this chapter shifts
focus to the design phase, where the sizes of active assets —such as renewable
generators, storage systems, and sector-coupling components— are determined.
In particular, considering the multiple and conflicting ICES objectives (e.g., energy,
environmental, and economic KPIs), a many-objective approach is adopted. A
simplified case of a collective self-consumption (CSC) system is considered, to
capture the multi-energy nature of ICES while avoiding the added complexity of
multi-node systems. This chapter adopts an exploratory approach, employing a
grid discretization of the design space rather than performing actual optimization.
The preliminary analyses aim to characterize the optimization landscape under
increasing numbers of conflicting objectives and to investigate scalarization tech-
niques for simplifying many-objective problems. Metrics such as closeness to the
Utopia point and the Nash product, the latter inspired by game-theory concepts,

are evaluated for their ability to identify balanced compromise solutions.

Key objectives

» Exploring the multi-objective ICES design problem under increasing num-
bers of objectives.
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* Characterizing trade-offs among multiple conflicting objectives, including
self-consumption, energy self-sufficiency (electricity and heating), emission

reduction, and cost reduction.

* Evaluating the potential of scalarization metrics, such as closeness to the
Utopia point and the Nash product, to address challenges in many-objective

optimization.

The chapter is structured as follows. Section 5.1 reviews the literature on multi-
objective ICES and REC design, alongside traditional multi-objective optimiza-
tion methods, scalarization, and game-theory-inspired approaches. Section 5.2
presents the formal definition of the multi- (or many-) objective optimization
problem (MOOP) and describes the scalarization techniques used to evaluate
trade-offs. The CSC configuration is detailed in Section 5.3, including the design
variables and performance objectives considered. Preliminary results of the grid
analysis are presented in Section 5.4, highlighting the increasing complexity of the
Pareto front as the number of objectives grows and comparing the performance
of scalarization metrics. Finally, Section 5.5 reflects on the findings, limitations,

and potential directions for many-objective ICES optimization.

Key insights

e The grid-based analysis reveals significant trade-offs among energy, en-
vironmental, and economic objectives, with the Pareto front becoming

increasingly complex as the number of objectives rises.

e Scalarization metrics, such as the Nash product and closeness to the Utopia

point, effectively identify balanced compromise solutions.

e The Nash product demonstrates higher selectivity among trade-off solu-
tions, offering promise in optimization settings. However, complementarity
with closeness is valuable, especially during initial design phases where

exploration is critical.

e While these initial findings offer useful insights, they are far from conclusive.
Further studies are necessary to address the complexities of many-objective
ICES optimization, particularly in settings with greater system complexity.
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5.1 Literature review and contribution

The design of community energy systems is widely discussed in the literature,
often considering multiple objectives, such as economic costs, environmental
impacts, and energy performance, and addressing the inherent conflicts between
these targets. For instance, [97] optimized a local energy community in Valencia
(Spain) in terms of battery energy storage capacity, ownership, and community
composition, considering costs, emissions, and energy autarchy (a concept sim-
ilar to self-sufficiency). Similarly, in [98], a multi-objective model determined
the optimal energy mix for a community in Okanagan Valley (Canada), taking
energy costs and life-cycle environmental impacts into account. In [99], the sizes
of photovoltaic, heat pump, fuel cell, and electric energy storage systems were
optimized for a community center in Korea using a multi-objective framework
addressing economic and environmental goals. Furthermore, [100] presented
a multi-criteria evaluation framework incorporating technological, economic,
environmental, and societal aspects to plan distributed energy systems for a resi-
dential community in Tianjin, China. Closer to the Italian context, [63] explored
the optimization of energy production and storage units in an energy commu-
nity in Padua using a bi-objective approach. [61] presented a three-objective
optimization approach (economic, environmental, and social) for an energy com-
munity with electric vehicles and demand response. [62] introduced the concept
of polygeneration in energy communities through district heating and cooling
networks, interconnecting the members of a REC beyond just the electric grid.
The studies above underline how the design of community energy systems in-
herently involves multiple conflicting objectives, making the problem well-suited
for formulation as a multi-objective optimization problem (MOOP). MOOPs are
extensively used in energy system optimization to balance trade-offs between
objectives [101, 102]. These problems yield a Pareto front of non-dominated solu-
tions, where any improvement in one objective necessitates worsening at least
another. Traditional approaches to solving MOOPs involve exploring the entire
Pareto front using the e-constraint method [103], which separates one objective
as a target while treating others as constraints, or metaheuristic algorithms, such
as the widely used NSGA-II [104]. However, with an increasing number of objec-
tives, these methods encounter significant challenges: navigating the Pareto front

becomes computationally intensive, and the Pareto dominance criterion becomes
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less effective in distinguishing solutions due to the higher dimensionality of the
objective space [105].

One strategy to address this issue is scalarization, where the MOOP is reformu-
lated into a single-objective problem, thereby avoiding the need to explore the
entire Pareto front. The most common scalarization method involves creating
a weighted sum of the objectives, requiring careful tuning of weights that can
significantly influence the resulting solution. Alternatively, reference point-based
methods, such as minimizing or maximizing the distance from a defined point
in the objective space, offer another scalarization strategy [106, 107]. A notable
example is the ideal (or Utopia) point, which combines the optimal values of indi-
vidual objectives from the design space. Although representing an unachievable
solution, this point is generally an important reference in MOOPs.

Game-theoretic concepts have also been explored in MOOP solutions [108].
In these approaches, objectives are treated as players in a cooperative game,
and the MOOP is reformulated by seeking an equilibrium point in the game.
For instance, the Nash bargaining solution maximizes the Nash product, which
measures the distance from a disagreement point where each player achieves their
worst outcome [109]. Compared to other reference point-based approaches, game
theory-inspired solutions have a strong mathematical foundation and exhibit
interesting features. For instance, the Nash bargaining solution ensures Pareto
efficiency and introduces specific symmetry properties among the objectives,
simplifying the decision-making process [110].

These methods are particularly interesting in the context of community energy
systems, where multiple stakeholders are present, and objectives are typically
conflicting. For example, non-cooperative and cooperative game theory concepts
have been used in [41] to fairly allocate benefits within RECs. Game theory is also
frequently applied in the “transactive energy” context to model and optimize peer-
to-peer energy exchanges, as well as to design cost-sharing mechanisms or pricing
strategies [111]. However, the potential of game theory concepts in multi-objective
design problems has not been explored in detail. While applications in aerospace
engineering and structural optimization can be found in the literature [112, 110],
their use in the energy sector remains limited, particularly in optimizing the size

and design of technologies within RECs.
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Contributions

This chapter explores the complex problem of multi- and many-objective ICES
design, focusing on the challenges posed by an increasing number of objectives,
including the growth of non-dominated solutions and the navigation of high-
dimensional Pareto fronts. It investigates scalarization metrics as a means to
identify balanced compromise solutions without the need to explore the entire
Pareto front. Two approaches are analyzed: one traditional, based on closeness
to the Utopia point, and another inspired by game theory, the Nash product.
By using a simplified case with a limited number of design variables, this study
serves as a foundation for future deployment of game theory approaches in more

comprehensive many-objective optimizations in complex ICES contexts.

5.2 Multi and many-objective optimization problem

While single-objective optimization problems follow the formulation presented
in (3.9), multi and many-objective optimization problems (MOOPs), characterized

by multiple conflicting objectives, are defined as follows:

minimize f;(x), f2(X),..., fmX)
eX

subjectto gx) <0, j=1,...,q, (5.1)
h(x)=0, k=1,...,p

Here, x represents the vector of decision variables, X is the design space, and
fi,..., fm denote the objective functions.

The distinction between multi-objective and many-objective problems lies
in the number of objectives, which directly affects the dimensionality of the ob-
jective space. Conventionally, problems with up to three objectives are classified
as multi-objective, whereas those with more than three are considered many-
objective [113].

Unlike single-objective optimization problems, MOOPs yield a set of opti-
mal solutions instead of a single point. These solutions, known as the Pareto
set, consist of non-dominated points where improving one objective necessarily
degrades at least one other. The corresponding images in the objective space
define the Pareto front. Population-based metaheuristic algorithms are frequently
employed to approximate the Pareto front [114]. For instance, NSGA-II [104] is
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Fig. 5.1 Examples of Pareto fronts in two, three, and five-dimensional spaces.

a genetic algorithm leveraging non-dominated sorting, which generates and it-
eratively updates a population of solutions until a termination criterion is met.
Over time, NSGA-II has proven particularly effective in handling multi-objective
optimization problems in different engineering applications [115].

Fig. 5.1 provides a qualitative illustration of Pareto fronts drawn from n-dimensional
hypersphere sectors and their visualization in spaces with two, three (multi) and
five (many) objectives. In the right-most plot, with more than three dimensions,
the objectives are shown using parallel coordinates.

An approximated Pareto front provides a global view of trade-offs among
objectives, enabling decision-makers to explore a range of optimal solutions. Nev-
ertheless, selecting a single compromise solution is still necessary. This selection
may be guided by subjective preferences, such as assigning relative weights to
objectives, or by objective criteria.

5.2.1 Characteristic points

A series of “characteristic points” can be defined in a MOOP crucial for normalizing
objectives and assisting decision-makers in selecting compromise solutions from

the Pareto set [116], as discussed later.

Ideal or Utopia The Utopia point (u = {uj}j=1,m) represents a hypothetical
scenario where all objectives attain their optimal values simultaneously. This
point is determined by individually optimizing each objective function:

Xy, = argmingex fi(x)

Vi=1,...,m. (5.2)
ui = filxu,i)
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Critical Points Critical points are defined as the solutions within the Pareto set
P that maximize each objective function f; (i.e., worst value):

Xc,j = argmax fi(x) Vi=1,...,m, (5.3)
xeP

where P denotes the Pareto set. Identifying these points is more challenging, as it

requires knowledge of the Pareto set.

Nadir The Nadir point (n = {nj}j—;
mum) values of each objective function over the Pareto front, using the critical

..... m) is constructed by taking the worst (maxi-
points:
ni = fi(xc,) Yi=1,...,m. (5.4)

Worst objective The worst objective point (W = {wj}j-; ) is determined by

.....

maximizing each objective function over the entire feasible set X, instead of the

Pareto front:
Xw,i = argmax i(x
wiSangmaxex it L, (5.5)
wi = fi(xw;i)
Unlike the Nadir, this point considers the global maxima of the objectives, which

may lie outside the Pareto-optimal set.

Pseudo-Nadir Given the difficulties in obtaining the Nadir point, a pseudo-Nadir
point can be determined using simplified methods. One such approach is the
pay-off table [117], which cross-compares the individual optimal solutions of the
objectives to identify the worst value for each objective:

nl* = _rnaX fj(XU’]') Vi= 1,...,m. (56)
Jj=1...m

This method has been criticized for its inability to accurately identify the Nadir
point when individual objective functions are multimodal [116]. Despite this
limitation, the pay-off table method is computationally efficient.

Fig. 5.2 shows these characteristic points in a bi-objective minimization prob-
lem, highlighting how the Nadir and worst points can differ. In this particular case,
the payoff table method would yield the exact Nadir, but in most cases, especially
with three or more objectives, this is not the case [116]
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At min (f;, 1)

Fig. 5.2 Qualitative example of characteristic points in a bi-objective minimization prob-
lem.

As mentioned earlier, acommon approach for selecting a compromise solution
within the Pareto set relies on characteristic points. One example is choosing the
solution that minimizes the distance from the Utopia point, as illustrated in
Fig. 5.2.

5.2.2 Scalarization approaches

When MOOPs become particularly complex or computationally expensive, as
in high-dimensional objective spaces, scalarization techniques can simplify the
problem. Essentially, the criteria for evaluating trade-offs are applied in advance,
transforming the MOOP into a single-objective optimization task easier to solve.

The simplest scalarization technique is performing a weighted sum of the

objectives, as follows:

m
minimize ) w;fi(x)
xeX i=1

subject to

where wj € [0, 1] is the weight assigned to the i-th objective, and ) ; wj = 1.
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While intuitive, this method introduces subjectivity, as the choice of weights
heavily influences the outcome.

Alternatively, the distance to the Utopia point can be minimized. This ap-
proach balances competing objectives by prioritizing proximity to the Utopia
point, offering a more objective scalarization method. In this formulation, the
MOQOP is transformed into a single-objective problem, where the goal is to find
the point that minimizes the Euclidean distance from the current solution to the

Utopia point (Xcjosest):

NI—

xeX (5.7)

m

minimize ( f1 (x) — )
i=1

subject to

A practical limitation of this method is the requirement to precompute the
coordinates of the Utopia point, which involves solving m independent single-

objective optimization problems.

5.2.3 Game theory approach

A game theory-inspired approach can be used to model a MOOP as a cooperative
game [110]. To better understand the parallelism between games and MOOPs, a

basic (and loose) nomenclature of game theory concepts is introduced [109, 118].

Game A scenario involving a set of players, the strategies they can adopt, and the
utility functions determining their payoffs based on their own and other players’
strategies. Games are generally classified into non-cooperative and cooperative:
in non-cooperative games, each player acts independently, while in cooperative

games, players can form coalitions to improve their collective outcomes.

Player and Strategy An individual or entity making decisions in a game to maxi-

mize their reward or payoff, through a set of possible actions (strategy).
Payoff and Utility Function The reward a player receives based on their strategy

and the strategies of others, and the function that determines the payoffs based

on the strategies.
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Outcome The result or state of the game, depending on the choices made by all
the players. Specific outcomes are defined depending on the type of game.

(Nash) Equilibrium The outcome of a non-cooperative game where no player
can improve their payoff by changing their strategy unilaterally.

Disagreement and Agreement A situation where no cooperation occurs, and
players receive suboptimal outcomes, versus a mutually beneficial outcome in a
cooperative game, where players reach a consensus.

The game-theoretic adaptation of MOOP is based on a parallelism between
objectives and players, specifically:

» Each objective function f; is associated with a player, representing their
utility function.

e The decision variables of the problem correspond to the players’ strategies.

» A feasible solution x € X represents an outcome of the game, where each

player’s payoff is given by the value of the associated objective function.

This formulation leads to the concept of a bargaining solution, specifically the
Nash bargaining solution, which maximizes the collective utility of all players by
improving their payoffs relative to the disagreement point [109].

In mathematical terms, finding the Nash-bargaining solution (xng) consists in

maximizing the so-called Nash product, as follows:

m
. di— f
me;(xg%lze 111 (di— fix)

subjectto fix) <d;, Vi=1,...,m,, 58

where d is the i-th coordinate of the disagreement point.

In game theory, the disagreement point represents a situation where players
receive suboptimal payoffs due to the lack of cooperation. It reflects a scenario
where no mutual agreement exists, and the players’ payoffs are minimal. Thus,
the disagreement point is a baseline from which cooperation (or bargaining) can
improve the payoffs for all objectives involved. In the context of MOOPs, this
concept directly corresponds to the Nadir point, where each objective attains its
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worst possible value within the Pareto front. As mentioned, identifying the Nadir
point is challenging, as it is not trivial to compute. While the pay-off table method
provides a quick alternative, its accuracy is not always guaranteed.

It is important to note that the Nadir point is not always feasible in the decision
space, which could weaken the parallelism between the Nadir point and a true
disagreement point in game-theoretic bargaining. Given the difficulties in calcu-
lating the Nadir and its potential infeasibility, alternative methods for defining
the disagreement point may be worth considering in applying game theory to
MOOPs.

5.3 Collective self-consumption with sector coupling

The multi-objective ICES design is explored within a simplified context, focusing
on a limited set of decision variables. Specifically, a ‘collective self-consumption’
(CSC) configuration is considered. This represents a specific type of REC where
all participants are located within the same building. Such a configuration is
particularly suitable for implementing RECs with sectors-coupling in the context
of Italian residential buildings, as illustrated in Fig. 5.3.

In this setup, residents of a multifamily building can install a photovoltaic
system on the rooftop to supply electricity for shared services, such as elevators
and common area lighting. Furthermore, the electricity generated by the PV
system can power a heat pump to meet centralized heating demands during the
winter, with a gas-fired boiler serving as a backup. Excess electricity is injected
into the grid and can be virtually shared among households. Flexibility in this
system is further enhanced by integrating a battery electricity storage system and
a heat thermal storage system.

Formally, the CSC configuration is modeled as an ICES with an active node,
representing the building —where all the technologies are installed—, and a passive
one, representing the aggregated electricity demand of the households in the
building, exchanging electricity virtually (see Fig. 5.4).

The power balances at the active node for electricity, heat, and gas are as
follows:

PV BESS,out with,el _ pUE BESS,in HP,in inj,el
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Fig. 5.3 Collective self-consumption system in a residential building. The system integrates
photovoltaic generation (PV) and battery energy storage (BESS), coupled with a heat pump
(HP) and heat thermal storage (HTS). (Adapted from [11]).
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PHP,out + PHTS,out +PBOIL,out — PUT + PHTS,in, (5.10)
pWwith,gas _ PBOIL,iH’ (5.11)

where ngﬂ d is the electricity demand for shared services, and PYT is the central-

ized heating demand of the building.
The (virtual) power balance on the electricity grid for the CSC is given by:

injel | pwithel _ pUE with,el | pinjel
Pbuild + PCSC - Paggr + Pbuﬂd + PCSC ’ (5.12)

UE
P aggr

ing, and Plcrg’cel and Pé"étch’el represent the virtual exchanges outside of the CSC

configuration.

where is the aggregated electricity demand of the households in the build-

5.3.1 Design problem

The design problem consists of finding sizes for the four technologies to install in
the CSC (SPV, SHP, SBESS SHIS) _j e, the design variables—, while considering the
multiple and conflicting objectives described in the following.

The self-consumption rate of self-produced renewable energy (SC) is calcu-

lated as: o
inj,el

_q_ ~csc
SC=1 v (5.13)
since only one renewable generator is present.

Electricity self-sufficiency rate is calculated as follows:

with, el

RS [—C: O (5.14)
ith,el ’
Epuad + Eage

. with,el
where the withdrawn energy (Ebuil d

electricity consumption, since the heat pump increases the electricity demand.

) is used for the building rather than only

Heating self-sufficiency is also considered, using a slight variation from (1.15)
because heating in the considered ICES is an internal energy vector with no
external connections. However, since the boiler is exclusively used for heating
demand and is powered by gas withdrawn from the external network, heating self-

sufficiency is calculated by considering the fraction of heating demand covered
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5.3 Collective self-consumption with sector coupling

Table 5.1 Discretization of the design space for grid analysis. Each design variable is
sampled uniformly within its specified range.

Design variable Min Max Step Unit

SPV 10 100 15 kW,
sHP 10 100 15 kWy
GBESS 10 100 15 kWh
SHTS 20 200 30 kWh
by the boiler, as follows:
EBOIL,out
ssheat — 1 _ —GoT— (5.15)

Finally, environmental and economic KPIs are evaluated as described in Sec-
tion 1.4. Specifically, CO, emissions reduction (ER) and total actualized cost
reduction (CR) are considered, calculated as in (1.20) and (1.25), respectively.

These objectives are calculated based on a reference year and depend on the
optimal energy management of the CSC, achieved by optimizing the power and
energy flows within the building and among the households, using the MILP

formulation described in Chapter 3.

5.3.2 Case study

The data used for specific renewable generation, energy demands, costs, and other
parameters are those described in Chapter 2. The 31 households in the dataset
are considered for the aggregated electricity demand. Consequently, the heating
demand, initially estimated for a reference building with 40 apartments, is scaled
linearly to align with the dataset. Additionally, the building’s energy demand
is randomly extracted from users in the dataset categorized as non-household,
residential end users.

In this preliminary assessment, instead of conducting a proper optimization,
the landscape of the problem is explored through a grid analysis of the design
variables. The design space is discretized by sampling across the four design
variables (SPV, SHP, SBESS | HTS) within its respective range using a fixed step size
as shown in Tab. 5.1, resulting in 74 = 2401 combinations.
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Fig. 5.5 Evaluated configurations in the self-consumption (SC) vs. electricity self-
sufficiency (SS¢!) objective space. Non-dominated solutions are highlighted in green,
approximating the Pareto front of the problem. Utopia and Nadir points are also shown
for reference.

5.4 Preliminary results

This section presents the findings of the preliminary analysis aimed at charac-
terizing the MOOP under consideration. First, Pareto dominance is explored,
progressively incorporating an increasing number of objectives to examine the
behavior of the solution space. Subsequently, scalarization approaches, including
the game theory framework, are discussed in the context of problems with many
objectives.

From the 2401 configurations evaluated, 1049 resulted in a negative cost reduc-
tion and are thus excluded from further analysis. This leaves 1352 configurations,
which form the basis for the subsequent exploration.

5.4.1 Two objectives

Fig. 5.5 represents the evaluated configurations in a two-objective space, with the
electricity self-sufficiency rate (SS¢!) on the x-axis and the self-consumption rate
(SC) on the y-axis. Similarly, Fig. 5.6 shows configurations in a different objective
space, defined by cost reduction (CR) and emission reduction (ER).

In both figures, non-dominated points (shown in green) form an approximate
Pareto front. These points are located in the top-right region of the plots, as both
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Fig. 5.6 Evaluated configurations in the emissions reduction (ER) vs. cost reduction (CR)

objective space. Non-dominated solutions are highlighted in green, approximating the
Pareto front of the problem. Utopia and Nadir points are also shown for reference.

objectives in each case must be maximized. The Utopia point, representing the
theoretical best value for both objectives, is found at the top-right corner, while
the Nadir point, indicating the worst values on the Pareto front, is located near
the bottom-left corner.

It is important to note that the Nadir point does not coincide with the absolute
worst values of the objectives across all configurations. This discrepancy is par-
ticularly evident in Fig. 5.6, where configurations with low ER values are largely
dominated and do not contribute to the Pareto front.

In Fig. 5.5, the trade-off between SC and SS is visible, with improvements in
one objective often leading to a significant reduction in the other. This conflict
is less pronounced in Fig. 5.6, where the Pareto front is flatter, indicating that

increases in CR have a more modest impact on ER.

5.4.2 Three objectives

To further explore the problem, a third objective, SS"¢®, is introduced, as shown
in Fig. 5.7 and Fig. 5.8. The results are visualized as 2D scatterplots, with the third
objective encoded through a color gradient for the markers, helping to visualize
the 3D objective space. Non-dominated points are distinguished with a black

border, and the Utopia and Nadir points are displayed for reference.
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Fig. 5.7 Evaluated configurations in the self-consumption (SC) vs. electricity and heating
self-sufficiency (SS, SSP¢2!) objective space. The third objective is encoded in the color
of the points. Non-dominated solutions are circled in black. Utopia and Nadir points are
also shown for reference.
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Fig. 5.8 Evaluated configurations in the emissions reduction (ER) vs. cost reduction (CR)
vs. heating self-sufficiency (SS"®) objective space. The third objective is encoded in
the color of the points. Non-dominated solutions are circled in black. Utopia and Nadir
points are also shown for reference.
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Table 5.2 Number of non-dominated solutions over the number of objectives considered,
among all possible combinations of the five objectives.

Objectives Min Median Max

2 3 14 45
3 17 129 248
4 175 242 668
5 678

In Fig. 5.7, the addition of SS"° reveals the three-dimensional structure of
the Pareto front. The number of non-dominated points increases compared to
the two-objective case (Fig. 5.5), as the inclusion of a third objective introduces
new trade-offs.

Conversely, the results shown in Fig. 5.8 reveal a less pronounced impact
on the Pareto front when SS"@ is introduced. While there is still an increase
in non-dominated points, the change is relatively modest compared to the first

sheat i Jess in conflict with one of the two

case. This behavior suggests that S
original objectives—most notably ER, as indicated by the relatively horizontal

color gradients across the scatterplot.

5.4.3 Many objectives

Tab. 5.2 summarizes the minimum, median, and maximum number of non-
dominated points among the evaluated configurations for all the possible com-
binations of objectives, ranging from 2 to 5 objectives —the latter including only
one combination. The table highlights the trend of increasing non-dominated
solutions as the number of objectives rises. In the case with 5 objectives, 678 out
of 1352 evaluated configurations are non-dominated, representing approximately
half of the dataset.

Interestingly, the combination with four objectives ~which includes $S"¢—
exhibits nearly as many non-dominated solutions as the case with five objectives.
This observation aligns with the hypothesized correlation between SSP¢2t and ER,
which may reduce the conflict between these objectives.

To explore this further, Fig. 5.9 illustrates the Spearman correlation coefficients
among design variables and objectives in the evaluated configurations. The goal is

to investigate how design variables influence objectives and the interdependencies
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Fig. 5.9 Spearman correlation matrix among design variables and objectives in the evalu-
ated configurations. The top-left triangle, bottom-left square, and bottom-right triangle
illustrate correlations among design variables, between design variables and objectives,
and among objectives, respectively.

among objectives'. Spearman’s rank correlation is used instead of Pearson’s to
capture monotonic relationships rather than strict linear dependencies.

As expected (see Fig. 2.16), PV capacity (S*V) exhibits a strong negative cor-
relation with the self-consumption rate (SC) and a positive correlation with the
electrical self-sufficiency rate (SS¢'. Heat pump capacity (S'P) is positively corre-
lated with both emission reduction (ER) and heating self-sufficiency rate (SSheat)
Conversely, the battery energy storage system (BESS) capacity shows a negative
correlation with cost reduction (CR).

Among objectives, correlations are generally negative or close to zero, high-
lighting their conflicting nature. The only exception is the positive correlation
between ER and $S"¢, confirming earlier observations. Such correlations could

bias the selection of compromises by favoring non-conflicting objectives. To ad-

IThe top-left triangle shows the correlation between design variables. If all configurations were
considered, these values would be zero, as the evaluated configurations are uniformly spread
across the design space. However, filtering out points with negative CR may have introduced slight
biases.
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dress this potential bias, subsequent analyses evaluate the optimization problem
in both cases.

5.4.4 Scalarization approaches

Two key scalarization approaches are analyzed and applied to the cases with four
and five objectives. These are based on (5.7) and (5.8), corresponding to the
metrics of closeness to the Utopia point and the Nash product, respectively.

Since these metrics combine different objectives, spanning diverse ranges,
normalization prevents bias when evaluating the metrics. In particular, the values
are transformed such that the Utopia point assumes value 0 and the Nadir point 1
for all objectives. Since the Nadir point does not always coincide with the absolute
worst values of the objectives, normalized values can exceed 1.

The normalization for the i-th objective is defined as:

A_ ui_ﬁ
fi= ui — d

(5.16)

where u; and d; are the respective coordinates of the Utopia and Nadir points for
the i-th objective.

After normalization, the closeness of each solution x to the Utopia point is
defined as:

1
2

closeness = 1 — (Zfi(x)z) (5.17)

The Nash product is evaluated as follows:

(1-fix), iffis1 Vi
Nash product = [ (1- A ) i (5.18)
—ITi|1- fi®)|, otherwise.

Both metrics can have a maximum value of 1 (in the Utopia point). They do
not necessarily have a lower bound, but cannot go below 0 within the Pareto front.

Fig. 5.10 presents a parallel coordinates plot visualizing four normalized objec-
tives: SC, SS%, ER, and CR. This technique is particularly effective when dealing
with more than three objectives, where 2D or 3D scatter plots cannot provide
enough clarity [119].

The plot highlights Utopia and Nadir points as horizontal lines at 0 and 1,
respectively. Non-dominated solutions are shown in gradients, with the left sub-
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Fig. 5.10 Parallel coordinates plot of four objectives: self-consumption rate (SC), electrical
self-sufficiency rate (SS°'), emissions reduction (ER), and cost reduction (CR). Dominated
solutions are shown in gray. Non-dominated solutions are colored according to closeness
to Utopia (left) and Nash product values (right). The Utopia and Nadir points are marked
for reference, along with the solutions achieving the highest closeness to Utopia (left) and
Nash product (right).

plot colored by closeness to Utopia and the right subplot by the Nash product.
Dominated solutions are displayed in gray in the background.

Both subplots highlight how solutions near the middle of the range between
Utopia and Nadir tend to exhibit higher values for both metrics, indicating bal-
anced compromises. The Nash product, however, is more selective, as fewer
solutions score highly. This is due to its sensitivity to the proximity of individual
objectives to the Nadir (given by the product operator). Interestingly, the solution
closest to Utopia also maximizes the Nash product, suggesting a strong correlation
between these two metrics in identifying balanced compromises.

Fig. 5.11 displays the distribution of the closeness to the Utopia point and
Nash product among all evaluated configurations (blue bars in the background)
and non-dominated solutions (green bars). As anticipated by the color gradients
in the parallel coordinates plot, the distribution of closeness to Utopia appears
smooth, with values spread relatively evenly across the range. In contrast, the
distribution of Nash product is heavily skewed, with most solutions clustered
around lower values and fewer solutions achieving high Nash product values.
These different distributions illustrate how these two metrics, although similar in

identifying solutions with high values, can lead to distinct interpretations of the
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Fig. 5.11 Distribution of closeness to Utopia and Nash product among all evaluated
configurations (blue, in the background) and non-dominated solutions (green).

Table 5.3 Design variables and objectives for key solutions in the four-objective case,
including the Nadir, Utopia, and solutions closest to Utopia and Nash-bargaining points.

SPV SBESS SHP SHTS SC Ssel ER CR Ssheat
kW, kWh kWy kWh % % % %

Nadir 47.1 11.5 124 0.01
Closest to Utopia 40 55 55 170 766 356 51.8 141 935
Nash-bargaining 40 55 55 170 766 356 51.8 14.1 935
Utopia 100 55.1 56.5 229

Point

balance between objectives. The impact of using these metrics in optimization
setups is discussed in Section 5.5.

Tab. 5.3 and Tab. 5.4 summarize the design variables and objectives for the
solutions with 4 and 5 objectives, respectively.

The primary difference between the two cases lies in the Nadir values. In the
5-objective case, SC decreases slightly, and SS®2! is introduced, showing a value
of 19.5% at the Nadir.

Interestingly, the solution closest to Utopia and the Nash-bargaining solution
remain identical between the two cases. This suggests that including S$"*2! does
not significantly perturb the optimal solutions, even though it is correlated with
emissions reduction (ER).
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Table 5.4 Design variables and objectives for key solutions in the five-objective case,
including the Nadir, Utopia, and solutions closest to Utopia and Nash-bargaining points.

SPV SBESS SHP SHTS SC Ssel ER CR Ssheat
kW, kWh kWg, kWh % % % %

Nadir 389 115 124 0.01 195
Closest to Utopia 40 55 55 170 76.6 356 51.8 14.1 935
Nash-bargaining 40 55 55 170  76.6 356 51.8 141 935
Utopia 100 55.1 56.5 229 100

Point

5.5 Discussion

The preliminary results obtained through grid-based sampling of the design space
highlight the increasing challenges of many-objective optimization, as well as the
potential value of scalarization approaches in addressing these complexities.

As the number of objectives increases, the complexity of the problem grows, as
evidenced by the rising number of non-dominated solutions. This increase compli-
cates the exploration of higher-dimensional Pareto fronts and presents significant
challenges for Pareto dominance-based algorithms, particularly population-based
metaheuristics, which would require larger populations to approximate the front
adequately. As shown in Chapter 3, accurate ICES performance assessment re-
quires optimization problems whose complexity increases with the size of the
ICES. Thus, reducing the number of optimization routine calls during the design
optimization phase is crucial.

Scalarization approaches, which combine multiple objectives into a single
metric, offer a practical alternative for navigating these challenges. These ap-
proaches also facilitate balancing conflicting objectives among individual energy
nodes within the ICES. Metrics such as the closeness to the Utopia point and the
Nash product facilitate the identification of balanced trade-offs without requiring
exhaustive exploration of the Pareto front.

A comparison of these two metrics reveals notable differences in their distribu-
tions among the evaluated configurations. Closeness to the Utopia point exhibits
a smoother distribution, with many solutions achieving high values, which can
result in challenges such as multiple local maxima and multimodality. In contrast,
the Nash product shows a skewed distribution, with many solutions concentrated
around the value of 0 and only a few achieving higher values, thereby reducing

the risk of local maxima.
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5.5 Discussion

These two metrics could be complementary in optimization applications (e.g.,
utilizing metaheuristic algorithms). Closeness to the Utopia point may be more
suited for guiding the search toward promising regions of the design space during
the early stages of optimization (exploration). Conversely, the Nash product,
being more selective, can be better suited for local refinement in the later stages
of optimization (exploitation).

Notably, increasing the number of objectives to include heating self-sufficiency,
which correlates with emission reduction, did not significantly alter the results in
this study. This consistency may be due to the discretization of the design space or
the metrics’ insensitivity to correlated objectives. However, further investigation
is needed to validate these hypotheses and understand the implications for more
complex configurations.

While the grid-based approach provides initial insights, more detailed analy-
ses in diverse settings are required to draw definitive conclusions. Future work
should test these metrics in real optimization scenarios of ICES design, where
conflicting stakeholder objectives make such strategies especially relevant. Ef-
fectively addressing many-objective problems in these contexts requires robust
strategies, and game-theory-based approaches, such as the Nash product, appear
particularly promising for practical applications.
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Conclusion

Integrated Community Energy Systems (ICES) offer a comprehensive framework
for addressing community energy needs across multiple energy carriers, while
Renewable Energy Communities (RECs) provide a practical way to put these
principles in effect within existing regulatory and market landscapes. Therefore,
these systems emerge as key solutions in shaping future energy systems, where
the role of citizens and communities will be pivotal.

This thesis contributes to advancing research on ICES and RECs by providing
a comprehensive framework for modeling and assessing these systems, and by
formalizing and testing methodologies for their optimization. In particular, this
work focused on three key areas: the optimal energy management of ICES, data-
driven prediction of energy consumption profiles, and the multi-objective design
optimization of energy systems. Each area addressed fundamental challenges,
formalizing methodologies and exploring innovative solutions tailored to the
characteristics of ICES and RECs.

The optimal energy management framework developed in Chapter 3 intro-
duced a multi-node, multi-energy model leveraging Mixed-Integer Linear Pro-
gramming (MILP). Testing this framework demonstrated that:

* Collective optimization strategies and detailed multi-node modeling are
necessary to properly assess economic, energy, and environmental perfor-

mance.

¢ Consolidated MILP optimization solvers can handle complex multi-node
and multi-energy systems. However, scalability issues arise with increasing
ICES size (e.g., number of active nodes), necessitating trade-offs between

model accuracy and computational complexity.

142



5.5 Discussion

The observed correlations between collective and individual optimization results
suggest opportunities for future research to integrate data-driven approximations,
enhancing scalability and computational efficiency.

Operational optimization often relies on high-resolution data, which may not
always be available, particularly for energy consumption diverse and numerous
end users. To address this limitation, Chapter 4 proposed a data-driven methodol-
ogy using k-nearest neighbors (k-NN) regression to predict energy consumption

profiles from minimal input data, such as time-of-use energy bills.

* This method demonstrated superior accuracy compared to traditional bench-

marks, particularly for non-residential end users.

» The practicality of these predictions was validated in applications to ICES

assessment and optimization.

Future research should refine this methodology by exploring category-specific
models, incorporating seasonal variability, and assessing the impact of individual-
level errors on final outcomes.

The thesis addressed the design optimization of ICES as a many-objective
problem in Chapter 5, through preliminary work that explored the optimization
problem by sampling the design space and analyzing the optimization landscape
with an increasing number of objectives. Pareto-dominance-based assessments
revealed how non-dominated solutions increase with additional objectives, com-
plicating optimization tasks. To navigate this complexity, scalarization approaches
combining objectives into a single metric were analyzed. The traditional closeness
to the Utopia point was evaluated alongside a game-theory-inspired approach
based on the Nash product.

* The analyses highlighted both metrics’ capacity to identify balanced com-
promises, with the Nash product being more selective than closeness to the
Utopia point.

* These insights suggest that the two metrics could be complementary, with
each serving distinct stages of optimization, such as exploration and ex-
ploitation.

However, these findings remain preliminary, as the optimization itself was not
performed, and further studies are necessary to validate their applicability in

real-world scenarios.
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Despite its contributions, the field of ICES modeling and optimization still
requires significant attention in areas not covered by this thesis. Apart from
specific improvements to the proposed methods, advancements are needed in
addressing uncertainties in energy generation and consumption data. The thesis
focused on deterministic assessments, while real-world scenarios often involve
variability. Sensitivity analysis can help propagate the uncertainties on the model
inputs (energy data and prices) to the output of the optimization runs. Moreover,
robust optimization methods could provide solutions that account for these un-
certainties, but they further complicate the problem and emphasize the need for
computationally efficient techniques. In this context, leveraging data-driven and
machine-learning methods to approximate optimal solutions appears crucial.

Real-time operation of ICES also presents significant challenges, as highlighted
in Chapter 3. The findings demonstrated that ICES performance is highly sensitive
to the optimal management of available resources. For instance, collective opti-
mization greatly improves economic outcomes, but achieving such coordination
in practical settings remains difficult. Future research should explore methods
to enable real-time collective optimization, bridging the gap between theoretical
frameworks and operational feasibility.

The thesis also offered insights on how game theory concepts, commonly
deployed in community energy systems to design business models, can be inte-
grated into system design problems to find compromise solutions among many
conflicting objectives. However, only a simplified case was considered. In real-
world settings, more complex scenarios typically arise, where, beyond ICES-level
performance objectives, individual stakeholder objectives also play a critical role.

Future work should therefore test these methods in more complex contexts.
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