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Abstract

Residential buildings are central to the ongoing energy transition, in which improv-
ing energy efficiency, electrifying end uses, and integrating distributed renewable
technologies have become key pathways for modernization. In this context, the
performance of a residential energy system depends not only on the amount of
energy consumed, but also on the timing of service demand and on the technologies
used to provide it. However, practical and decision-oriented methods for comparing
alternative upgrade pathways while preserving the same level of required household
energy services remain limited.

To address this gap, this thesis develops a service-preserving techno-economic
optimization framework for the evaluation of residential energy-system upgrades. The
proposed methodology represents household demand in terms of required services
and evaluates alternative modernization pathways through a scenario ladder. The
optimization is organized to isolate (i) baseline cost accounting, (ii) shared rooftop
photovoltaic generation, (iii) shared rooftop photovoltaic generation with shared
battery dispatch, (iv) shared rooftop photovoltaic generation and shared battery
dispatch combined with the scheduling of shiftable service-tasks, and (v) a separate
thermal-retrofit comparison between an air-source heat pump and a gas boiler under
an annualized CAPEX+OPEX evaluation. The framework is applied to a multi-unit
residential case study in Turin, Italy, at hourly resolution.

The results show that the framework clearly separates the contribution of each
intervention layer. For the analyzed case study, shared photovoltaic integration
provides the largest initial reduction in electricity cost, shared battery storage yields
additional savings through intertemporal energy shifting, and the scheduling of
shiftable service-tasks provides a further incremental benefit. In the thermal-retrofit
comparison, the gas boiler is preferred over the air-source heat pump under the
adopted assumptions, since the lower operating cost of the heat pump is not sufficient
to offset its higher annualized capital cost. Overall, the thesis provides a transparent
decision-support framework for assessing residential refurbishment and electrification

pathways under unchanged service requirements.

Keywords: Residential Energy Systems, Mixed-Integer Linear Programming, Technot
FEconomic Optimization, Shared Photovoltaic Generation, Shared Battery Energy
Storage, Thermal Retrofit.
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Chapter 1

Introduction

1.1 Background and context

Residential buildings are becoming one of the most important arenas of the energy
transition. Their role is no longer limited to passive energy consumption, because
building refurbishment, end-use electrification, distributed renewable generation,
energy storage, and digital control are progressively changing how energy is produced,
exchanged, and used at household level. In this context, residential modernization is
not simply a matter of reducing annual energy demand, but of redesigning the way
everyday services are delivered under new technical, economic, and environmental
constraints [1, 2, 3].

At a broad level, this thesis is situated within the wider European transition toward
decarbonization, electrification, and higher operational flexibility in the residential
sector. This transition has several connected dimensions. First, existing buildings
are under increasing pressure to reduce fossil-fuel dependence and improve efficiency.
Second, households are progressively exposed to more interactive technologies such
as rooftop photovoltaic (PV) systems, battery storage, smart meters, heat pumps,
and electric-vehicle (EV) charging. Third, the economics of residential energy use is
becoming increasingly time-sensitive, because the value of electricity depends not
only on how much is consumed, but also on when it is generated, stored, imported,
exported, or used [1, 4, 5]. As a result, the residential sector is moving away from
a static view of energy use toward a more dynamic and coordinated view in which
technologies, user routines, and tariff structures interact.

This transition is especially relevant for studies that aim to evaluate modernization
pathways in a realistic and decision-oriented manner. The issue is no longer limited to
annual household bills or total energy balances alone, but extends to the performance
of the complete residential energy system and its ability to deliver required services
at lower cost and with lower dependence on the grid or fossil fuels [1, 6]. In this sense,
residential modernization should not be interpreted as a purely technical upgrade of
devices, but as a broader reconfiguration of how energy-related needs are satisfied
within buildings under changing technical and economic conditions.

A central implication of this transition is that residential energy demand should
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not be interpreted as demand for electricity or gas in itself. The energy-services
literature has shown clearly that what households actually value are the outcomes
delivered through energy use, such as thermal comfort, domestic hot water, cooked
meals, clean clothes, lighting, appliance use, and mobility. Energy is therefore an
input, while the final object of demand is the service obtained from it [7, 8]. This
distinction is not only conceptual; it has direct methodological consequences. If the
analyst evaluates a new technology, a new operating rule, or a new control strategy
without preserving the same service outcomes, the comparison becomes misleading.
A household that appears to “save energy” by reducing comfort, postponing hot-
water availability, or failing to complete a required appliance cycle is not necessarily
improving its energy system in any meaningful decision-oriented sense [7, §8].

For this reason, a service-preserving viewpoint is particularly appropriate for
residential refurbishment and control studies. It makes explicit what must remain un-
changed when alternatives are compared. In the context of residential modernization,
this means that options involving PV, storage, flexible electrical tasks, and thermal
technology choices should be judged under the condition that the same household
services are still delivered. The relevance of this perspective is especially strong
in buildings, where the largest shares of final energy demand are linked to service-
based needs such as space heating and domestic hot water rather than discretionary
electrical consumption alone [2, 3, 9].

The real-world problem follows directly from this transition. Households and
building owners are increasingly confronted with a growing set of technology and
operation choices, but they usually lack a structured basis for comparing them. In
practical terms, residential users may need to decide whether to install PV, whether
battery storage is economically justified, whether loads should be shifted in time,
whether a conventional gas boiler should be retained or replaced by an air-source
heat pump, and how these choices interact over the course of a year. However,
the economic attractiveness of these options is highly case-dependent and strongly
influenced by timing, load shape, user routines, technology coupling, and seasonal
demand variation [10, 9, 1].

This problem is made harder by the fact that many existing studies either simplify
household demand excessively or evaluate technologies in a way that is not fully
consistent with real residential decision-making. Some studies focus only on electricity
flows and do not make explicit which services are preserved. Others optimize short
representative periods and therefore miss seasonal effects, especially for heating-
related services. Others still treat flexibility as a generic shiftable load, without
distinguishing between non-shiftable demand, non-interruptible appliance cycles,
interruptible charging processes, and thermal-service constraints. As a result, an
apparently good techno-economic outcome may partly reflect modelling assumptions
that are too permissive from the household point of view [5, 4, 11].

The issue is especially important in multi-unit residential settings, where het-
erogeneity of occupants and aggregated demand can create both opportunities and

distortions. The timing diversity across households can improve the value of shared
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resources such as PV and batteries, but it can also hide which gains come from
technology and which come from unrealistic aggregation assumptions. Recent work
on residential systems has repeatedly shown that profitability and operational value
vary substantially across households with different load profiles, even when annual
demand is similar [10, 1]. Therefore, a decision-support framework that ignores
heterogeneity or uses only a stylized average household can provide weak guidance
for real buildings.

From a user-oriented perspective, the problem can be expressed simply: house-
holds may have access to more flexible and cleaner technologies than before, but
they do not automatically know which combination is worth adopting, how these
technologies should be coordinated, or whether the expected savings remain valid
once comfort and service requirements are protected. This is precisely the type of
problem that motivates a service-preserving techno-economic assessment of residential
modernization [10, 12].

This problem is important now because several structural trends are converging at
the same time. The first is the growing pressure to decarbonize residential buildings,
especially through the electrification of thermal uses. Heating remains one of the
most difficult end uses to decarbonize, yet it is also one of the most important in
residential systems. Recent literature on building demand and residential heating
emphasizes that thermal services dominate the physical and economic relevance
of residential energy systems, and that any serious modernization pathway must
therefore consider space heating and domestic hot water explicitly rather than treating
them as secondary details [2, 3, 9].

The second is that timing has become economically decisive. In a conventional
flat-tariff setting, many household decisions could be approximated by annual energy
balances. That is no longer sufficient when PV generation is concentrated around
daylight hours, many household demands are concentrated in morning and evening
peaks, and flexible technologies such as batteries, EVs, and heat pumps can move
energy across time. Under these conditions, the same annual energy use can produce
different annual costs depending on its hourly distribution [13, 14, 12]. What matters
is not only total demand, but also the coincidence between demand, on-site generation,
and price signals.

The third reason is that consumer response remains imperfect. The literature
does not support the simplistic assumption that households will always respond
optimally to price signals or automatically adopt the best tariff and technology
bundle. Empirical evidence from Northern Italy shows that time-of-use tariffs can
produce measurable load shifting, but not necessarily in a uniformly beneficial way,
especially for evening demand peaks [14]. Experimental evidence likewise shows that
consumers may struggle to understand and choose time-varying tariffs appropriately,
and that complexity itself can become a barrier to beneficial participation [12].
Consequently, the existence of theoretical flexibility does not guarantee that it will
translate into robust household benefit without explicit modelling and decision

support.
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The fourth reason is that residential technologies are becoming more tightly
coupled. The profitability of PV depends on self-consumption opportunities; the
value of batteries depends on both tariff structure and load timing; the attractiveness
of heat pumps depends on electricity prices, building demand, and possible interaction
with on-site generation; and EV charging introduces a new, potentially large but
schedulable electrical load. In other words, the marginal value of one technology often
depends on whether another technology is already present. This interdependence is
one of the main reasons why isolated one-technology comparisons are often insufficient
9, 6, 1].

Recent Italian research reinforces this point in the context of shared residential
systems. Studies on PV-based Italian energy communities show that flexible demand
can improve self-consumption and reduce energy costs, but also that these benefits
depend on user willingness to modify habits and on how discomfort or feasibility
is represented in the model [15]. This is particularly relevant for the present thesis
because it confirms that flexibility has value, but only under a modelling structure

that treats household behavior and service requirements with sufficient realism.

20008 2010-2015 2020-2022 2023-2026

Figure 1.1: Research and policy evolution in residential energy modernization.

Figure 1.1 summarizes this evolution at a high level. The field has progressed
from early household coordination concepts toward PV self-consumption, storage-
enabled flexibility, prosumer participation, and, more recently, building-focused
renovation and electrification agendas. This progression helps explain why residential
modernization can no longer be treated as a static energy-efficiency problem, but
instead requires a service-preserving and time-sensitive analytical framework.

Given these conditions, the problem should be framed as one of service delivery
under time-varying constraints, not simply one of minimizing raw electricity con-
sumption. This framing has several advantages. First, it keeps the analysis aligned
with what households actually care about. A building is not modernized successfully
merely because its imported electricity decreases; it is modernized successfully if it
can still provide comfort, hot water, cleaning, cooking, and mobility services while
lowering total cost, improving flexibility, or reducing fossil dependence [7, 8].

Second, a service-based framing naturally supports the distinction between differ-
ent classes of demand. Some loads are effectively non-shiftable, because the service
must be delivered at the time it occurs. Others are shiftable but non-interruptible,
because once they start they must finish continuously. Others are interruptible but

deadline-constrained, such as EV charging. Thermal services introduce yet another



Introduction

layer, because part of their flexibility depends on technology type, thermal storage,
or the inertia of the building itself [5, 9, 4]. This means that flexibility should not be
treated as a single homogeneous resource. It should be represented as a structured
set of service-delivering tasks and thermal demands with different operational rules.

Third, the service-based framing is essential for fair scenario comparison. One of
the risks in residential optimization is obtaining cost savings by implicitly reducing
welfare rather than improving system design. If comfort bands, appliance completion,
hot-water availability, and charging requirements are not enforced, the model may
report an optimal result that is numerically valid but decision-wise invalid. By
contrast, when service levels are explicitly preserved, any economic improvement can
be interpreted more credibly as the consequence of better timing, better technology
choice, or better coordination among system components [7, 8, 11].

A further implication of this framing is the need for annual, high-resolution
analysis. If residential modernization is evaluated under time-varying tariffs, PV
production, seasonal heating demand, and heterogeneous occupant behavior, then a
short representative-day approach is often insufficient. Work on domestic PV-battery
systems has shown that time resolution can alter estimated self-consumption, financial
outcomes, and even investment conclusions [11]. Likewise, large-scale analyses of
residential load profiles have demonstrated that heterogeneity in household demand
structure materially affects the profitability of PV-battery systems [10]. More
broadly, recent building-demand modelling confirms that high-resolution temporal
representations are necessary to capture the real interaction between weather, demand,
and energy-system performance [2]. For the type of question addressed in this thesis,
a full-year hourly representation is therefore not a luxury, but a methodological
requirement.

The same reasoning also supports a scenario-based rather than a monolithic
comparison. Since residential modernization involves several coupled decision layers,
it is analytically useful to separate the incremental value of each layer. At a minimum,
these layers include baseline cost accounting under existing service demand, on-
site generation through shared PV, intertemporal shifting through shared battery
dispatch, operational flexibility through the scheduling of shiftable tasks, and longer-
term technology choice for thermal services. Such a stepwise structure improves
interpretability because it shows where value is created, instead of collapsing all

improvements into a single opaque co-optimization result [9, 3, 1].

summary

Against this background, the present thesis develops a service-preserving techno-
economic framework for a residential case study in Italy. The analysis adopts a
scenario-based structure in order to compare modernization pathways under un-
changed household service requirements and to distinguish the contribution of genera-
tion, storage, flexibility, and thermal technology choices within one coherent decision

framework. In this sense, the thesis responds directly to the current residential deci-
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sion problem: not whether energy use can be reduced in the abstract, but whether a
realistic residential system can be modernized in a way that is technically coherent,

economically justified, and fair from the perspective of unchanged service delivery.

1.2 Literature review

Following the background and context outlined in the previous section, the relevant
literature can be interpreted as an attempt to answer a central question: how
can residential energy systems be modernized in a way that preserves required
household services while improving techno-economic performance under time-varying
conditions? In practice, researchers have approached this question through several
connected strands. A first strand clarifies what should be modeled as the object of
demand, namely services rather than electricity alone. A second strand develops
Home Energy Management Systems (HEMS) and related optimization frameworks to
coordinate distributed energy resources and household loads. A third strand studies
photovoltaic (PV) self-consumption and battery dispatch under time-dependent tariffs.
A fourth strand focuses on the scheduling of flexible tasks, especially non-interruptible
appliance cycles and interruptible electric-vehicle charging. A fifth strand extends
the analysis from short-term operation to longer-term technology choice through
annualized techno-economic comparison. Taken together, these strands provide a
strong methodological basis for residential decision support, while also revealing
several limitations that directly motivate the present thesis [7, 8, 5, 4, 13, 1, 3].

A preliminary point concerns the data foundation on which residential opti-
mization depends. Decision-oriented studies require temporally consistent inputs
for demand, tariffs, weather, and PV generation, typically at hourly or sub-hourly
resolution. When measured PV output is unavailable, researchers generally rely on
measured inverter data, physics-based simulation from irradiance and temperature,
or data-driven reconstruction based on meteorological variables [11, 16, 17]. This
issue is relevant because the quality and temporal alignment of the PV series directly
influence the estimated value of self-consumption, battery dispatch, and load shifting.
The literature therefore makes clear that credible residential optimization begins not
only with a suitable mathematical model, but also with coherent annual input data.

A first core stream of literature concerns the conceptual framing of residential
demand. Fell argues that energy is better understood through the services it provides,
and shows that the term “energy services” has often been used inconsistently across
the literature [7]. Kalt et al. extend this idea through the Energy Service Cascade,
which links energy carriers and technologies to services, benefits, and ultimately
well-being [8]. For residential energy studies, this conceptual work is important
because it shifts the modeling question from “how much electricity is consumed”
to “how required household services are delivered.” This is especially relevant in
buildings, where services such as thermal comfort, domestic hot water, cooking,
cleaning, lighting, and mobility have different temporal characteristics and different

degrees of flexibility. The main strength of this literature is that it provides a rigorous
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conceptual basis for service-preserving comparison. Its main limitation, however, is
that conceptual clarity does not by itself yield an operational optimization framework.
In many applied studies, the language of services is adopted at a descriptive level,
while the mathematical formulation still operates mainly on device-level electricity
flows. As a result, the link between “flexible load” and “service-preserving flexibility”
often remains implicit rather than explicitly enforced [7, 8].

This limitation leads directly to the HEMS literature, where researchers attempt
to translate residential services into tractable decision variables and constraints.
Reviews by Beaudin and Zareipour and by Paterakis et al. show that residential
energy management has been addressed through a wide range of paradigms, including
rule-based control, dynamic programming, metaheuristics, model predictive control,
and mixed-integer optimization [5, 4]. Early HEMS studies such as Molderink et
al. already emphasized the coordinated control of domestic generation, storage,
and flexible demand under comfort-aware operation [18]. Over time, the field has
increasingly converged toward formulations that treat the residential system as a
combination of continuous energy-flow decisions and discrete service-related choices,
particularly when appliances, storage, and local generation must be coordinated
simultaneously.

Within this broader HEMS literature, mixed-integer linear programming (MILP)
has remained one of the most widely adopted approaches. The reason is structural
rather than accidental. Residential energy systems combine continuous variables
such as grid import, battery state of charge, and PV allocation with discrete choices
such as appliance start times, mutually exclusive charge/discharge states, and mode
selection. MILP is well suited to this mixed structure while preserving transparency
in the objective function and constraints [5, 4, 18]. Typical MILP formulations
include an hourly power balance, battery dynamics with efficiency losses and state
bounds, tariff-based operating costs, and binary decision variables for appliance
cycles or operating modes [9, 19, 20]. One of the main strengths of this literature is
therefore methodological maturity: it provides a clear and interpretable mathematical
language for residential scheduling under realistic technical constraints.

The literature also explains why MILP remains particularly attractive in scenario-
based studies such as the present thesis. In real-time control applications, model
predictive control or heuristic methods may be preferable for computational rea-
sons. However, when the research objective is transparent comparison across nested
scenarios, MILP offers a major advantage: it makes the origin of savings easier
to interpret. The analyst can observe how outcomes change when one decision
layer is added, whether through PV, battery dispatch, flexible service scheduling, or
technology replacement. In this sense, MILP is not only a solver choice, but also
a way to preserve analytical clarity [5, 4, 1]. At the same time, the literature also
reveals several limitations. MILP formulations can become computationally heavy
over annual horizons, especially when many households, flexible devices, or detailed
thermal representations are included. Moreover, comfort is sometimes represented

through soft penalty terms that are difficult to calibrate consistently, which can
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blur the distinction between genuine economic improvement and implicit service
degradation [5, 4, 11].

A second major research strand concerns PV self-consumption and battery
dispatch. Here the main problem is well established: PV generation is concentrated
in daylight hours, whereas many residential demands are concentrated in the morning
and evening. This temporal mismatch means that annual PV production alone is
not a sufficient indicator of value; what matters is how much of that production is
self-consumed, shifted, or exported, and under which tariff conditions [13, 10, 21].
Luthander et al. provide one of the most influential reviews in this area, showing that
batteries and demand-side management can increase PV self-consumption, although
the magnitude of the gain depends strongly on load profile, tariff structure, and
export remuneration [13]. Schopfer et al. reinforce this point by demonstrating,
across thousands of household load profiles, that profitability varies substantially
even among households with similar annual demand [10]. Beck et al. reach a related
conclusion when heat pumps, PV, and storage are considered jointly, showing that
the value of one technology depends on the presence and operation of others [9].

This literature makes an important contribution by establishing both a physically
meaningful operational framework and a set of useful performance indicators. Residen-
tial PV-battery studies commonly report self-consumption ratio, self-sufficiency, grid-
import reduction, peak effects, and battery cycling metrics alongside cost outcomes
[13, 10, 21]. These indicators are valuable because they distinguish energy-autonomy
effects from purely tariff-driven economic effects. The literature also makes clear that
conclusions are highly policy-dependent: when export remuneration is low relative to
retail import prices, the model favors self-consumption and storage charging; when
export compensation is more attractive, battery value can fall significantly [13, 21].
This is directly relevant for an Italy-focused residential case study, where the value
of self-consumption depends on the adopted tariff and sharing assumptions.

From the perspective of the present thesis, however, this literature also has clear
weaknesses. First, many PV-battery studies focus on dispatch quality or optimal
sizing without explicitly addressing service preservation. Demand often enters as
an exogenous load profile rather than as a set of service-delivering requirements.
Second, the representation of the building is often limited to a single household
or a representative load, which weakens the applicability of conclusions to multi-
unit settings with occupant heterogeneity [10, 1]. Third, some studies co-optimize
investment and operation in a single integrated model. While mathematically valid,
this can make it difficult to separate the value of operational flexibility from the value
of simply adding more equipment. For a decision-support thesis that aims to explain
where benefits come from, this reduced interpretability is a significant limitation [1,
3.

A third literature stream concerns the scheduling of flexible demand. In this
strand, researchers recognize that residential flexibility is heterogeneous rather than
uniform. Some loads are essentially non-shiftable because the service must be

delivered at the time it occurs. Others are shiftable but non-interruptible, because
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once they begin they must continue until completion. Others, such as EV charging,
are naturally interruptible but must satisfy an energy requirement by a deadline
[5, 4]. This distinction has become standard in the scheduling literature because it
maps more closely onto actual household services. Sou et al. model smart-appliance
scheduling through MILP while explicitly representing uninterruptible and sequential
operating constraints [20]. Bradac et al. present a MILP-based formulation for
domestic appliance scheduling under realistic tariff structures and peak restrictions
[19]. More recent work has extended this line by incorporating user dissatisfaction
or customized preference modeling, showing that cost minimization alone is often
insufficient to explain schedule acceptability [22].

The main strength of this literature is that it moves the field closer to actual
service-based flexibility. Rather than assuming that demand can be shifted arbitrarily,
these studies model tasks and charging sessions with durations, time windows, power
limits, and completion rules [20, 19]. This is precisely the direction required for
service-preserving residential optimization. It is also where HEMS studies become
more credible from a user perspective, because they begin to distinguish between
technically feasible schedules and behaviorally plausible ones. In addition, this
literature shows that flexibility affects not only cost, but also local peaks and network
stress. If many tasks are shifted into the same low-price period, unrealistic demand
concentration may occur, which is why many formulations include explicit power
caps or discomfort constraints [19, 4].

Important limitations remain, however. Many appliance-scheduling studies are
short-horizon, often day-ahead or week-ahead, and therefore do not fully capture
the interaction of flexibility with full-year seasonality. Thermal services are also
frequently simplified or excluded. In many papers, the main flexible devices are
washing machines, dishwashers, dryers, and EVs, while space heating and domestic
hot water are either represented crudely or ignored [20, 19, 22]. This creates a
mismatch with residential decision problems in which thermal services dominate
annual energy use. Moreover, user comfort is often monetized through generic penalty
terms rather than enforced as hard service-preserving constraints. Such formulations
are useful for trade-off analysis, but are less appropriate when the aim is to compare
modernization pathways under unchanged required services.

A fourth stream extends the literature from operation to techno-economic com-
parison and technology choice. Here, the question is no longer only how to dispatch
energy or shift tasks, but how to compare alternative technologies that provide
the same service. This is particularly important for thermal retrofit decisions such
as boiler replacement, heat-pump adoption, and the combined assessment of PV,
storage, and electrified heating [9, 1, 3, 23, 24]. Terlouw et al. provide a strong recent
example of integrated residential energy-system design, showing how prospective
costs and environmental indicators can be considered jointly for residential technology
portfolios [1]. Demel et al. show the value of decision-support frameworks for heating
decarbonization, emphasizing that residential technologies should be compared on

a consistent service basis rather than on raw energy input alone [3]. Studies such
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as Nicoletti et al. and Zhang et al. likewise show that once PV, storage, and heat
pumps are considered together, the problem becomes one of joint sizing and annual
operating cost rather than one of simple device substitution [23, 24].

This literature contributes two particularly important ideas. First, it provides
formal tools to combine annualized CAPEX with OPEX, often through capital
recovery factors or net-present-value logic, so that investment-stage and operating-
stage costs can be expressed on a common annual basis [1, 3, 23]. Second, it reinforces
the idea that residential technologies should be compared by the annual equivalent
cost of delivering the same service. This is especially important in heat-pump
versus boiler comparisons, where lower energy input for the heat pump does not
automatically imply lower annual cost once capital expenditure and maintenance are
included.

At the same time, the techno-economic literature also leaves several issues open.
A recurring problem is the tendency to merge too many decision layers into a
single co-optimization. Although mathematically elegant, this can make the results
difficult to interpret for an end user. Another issue is that many studies optimize
technology sizing with stylized demand or simplified behavioral assumptions, which
weakens the credibility of decision-support conclusions for specific buildings [1, 23].
In thermal retrofit studies, COP is often simplified, building heat demand is treated
as exogenous, or user comfort is assumed rather than verified. These assumptions are
understandable for tractability, but they materially influence the economic outcome
and should therefore be made explicit [9, 3]. Finally, much of the recent literature on
forecast-aware optimization is moving toward renewable-energy-community settings
with shared coordination mechanisms and forecast uncertainty, as shown by recent
work such as Friel et al. [17]. While valuable, that line of research does not fully
resolve the behind-the-meter decision problem of a single multi-unit building treated
as one entity, which is the focus of the present thesis.

Table 1.1 synthesizes the main studies reviewed above and highlights their contri-
bution and remaining limitation from the perspective of this thesis.

Taken together, the reviewed literature already provides a substantial method-
ological basis for residential decision support. It offers a clear conceptual framing
of energy services, mature optimization approaches for HEMS, physically grounded
formulations for PV and battery dispatch, established models for scheduling shiftable
appliance and EV demand, and formal methods for annualized techno-economic com-
parison. In that sense, the field is not lacking methods; rather, it lacks a sufficiently
coherent combination of methods for the specific decision problem addressed in this
thesis.

The main unresolved issue is not whether residential flexibility can be modeled,
but whether it can be modeled in a way that remains transparently service-preserving
and interpretable across multiple decision layers. In many studies, flexibility is
still represented as generic shiftable demand rather than as clearly defined service-
delivering tasks. In others, technology adoption and hourly scheduling are co-

optimized so tightly that it becomes difficult to separate the value of PV, storage,
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Study

Main focus

Contribution and remaining limitation

Beaudin and
Zareipour (2015)

Paterakis et al.
(2017)

Luthander et al
(2015)

Schopfer et al.
(2018)

Sun et al. (2020)

Sou et al. (2011)
and Bradaé et al.
(2015)

Beck et al. (2017)

Terlouw et al
(2023)

Demel et al. (2023)

Recent
aware studies (e.g.,
Nasti¢ et al., 2024;
FrieB et al., 2025)

forecast-

Review of HEMS modelling ap-
proaches

Demand response and flexibility

classification

PV
demand-side management

self-consumption and

Techno-economic assessment of
PV-battery systems

Time-resolution effects in PV-

battery modelling

MILP-based appliance schedul-
ing

Joint operation of PV, storage,
and heat pumps

Integrated residential energy-

system design

Heating decarbonization decision
support

Open-data PV forecasting and
forecast-based coordination

Summarizes the main paradigms for residential
energy management and highlights modeling com-
plexity. It does not, however, resolve how service
preservation should be enforced in annual building-
scale comparison.

Reviews key demand-response formulations and
international experience. Its limitation is that
it is less focused on service-equivalent residential
retrofit decisions.

Shows how batteries and DSM can increase PV
self-consumption. Results, however, remain highly
sensitive to tariff structure, export remuneration,
and demand timing,.

Demonstrates strong heterogeneity in profitability
across households. Service representation, how-
ever, remains implicit rather than explicitly task-
based.

Shows that timestep choice can materially change
financial and self-consumption results, supporting
the need for annual high-resolution analysis. It
does not, however, address service-level modelling
directly.

Provide explicit formulations for non-interruptible
appliance cycles and tariff-based scheduling. Most
applications, however, remain short-horizon and
only partially integrate thermal services.
Demonstrates that technology wvalue depends
strongly on interaction among components. Re-
sults remain case-specific and do not isolate
service-preserving scheduling as a separate de-
cision layer.

Provides a strong techno-economic framework
with annualized investment logic. Joint optimiza-
tion, however, can reduce interpretability regard-
ing which intervention layer creates value.
Strengthens the annual CAPEX+0OPEX compar-
ison logic for thermal technologies. It is less fo-
cused on combining this comparison with opera-
tional flexibility in one staged residential frame-
work.

Show that forecasting and coordination can mate-
rially affect renewable utilization and network out-
comes. Most recent applications, however, move
toward community-scale settings rather than the
behind-the-meter multi-unit building problem ad-
dressed here.

11
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service scheduling, and thermal technology choice. In still others, annual temporal
consistency, occupant heterogeneity, or thermal-service realism remain limited [10,
11, 1, 3, 17]. These limitations do not weaken the value of the literature; rather, they

identify the gap to which the present thesis responds.

Summary

Accordingly, the present work builds on the literature in three specific ways. First, it
adopts the service-based perspective not only as a conceptual framing, but also as a
modeling rule: required services must remain unchanged across scenarios. Second, it
uses a scenario-ladder structure to separate operational value from investment-stage
conclusions, thereby improving interpretability. Third, it combines PV and battery
dispatch, service-task scheduling, and a focused thermal CAPEX+OPEX comparison
within one consistent annual framework for a residential case in Italy. The next
section formalizes this unresolved need as the research gap and defines the objectives
of the thesis.

1.3 Thesis contribution

Despite the substantial progress reviewed in the previous section, an important
gap remains between existing residential energy-system studies and the type of
decision support required by households or building owners. Many studies optimize
device-level electricity profiles, PV self-consumption, or battery dispatch, but the
delivered services are not always stated explicitly and the link between a so-called
shiftable load and a service-delivering task often remains implicit. As a result, it is
not always clear whether the reported savings preserve the same level of service, such
as the same completion of laundry and dishwasher cycles, the same electric-vehicle
charging requirement, and the same domestic hot-water and space-heating demand.
In addition, many techno-economic studies co-optimize investment decisions and
hourly operation in a single formulation. Although mathematically valid, this can
obscure how much of the final benefit comes from operational scheduling itself and
how much comes from simply adding or oversizing equipment. Recent forecast-aware
formulations have also received increasing attention, but many of them are developed
for energy-community settings with additional coordination mechanisms, whereas
the behind-the-meter decision problem of a single multi-unit building treated as
one entity is less directly addressed. Finally, open-data PV estimation methods are
often evaluated mainly in terms of prediction accuracy, but are less often coupled
end-to-end with annual techno-economic optimization in a way that shows how PV
estimation uncertainty propagates into dispatch decisions, annual costs, and key
performance indicators [10, 11, 1, 3, 17, 16].

These unresolved issues motivate the present thesis. From a practical perspective,
residential users increasingly face decisions about technology upgrades and operational

changes, but they do not necessarily have a transparent framework for judging whether
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such changes are economically justified once the same required services are preserved.
The problem is therefore not only how to reduce energy use or cost in the abstract,
but how to compare modernization pathways in a way that remains service-preserving,
interpretable, and relevant for an end-user decision question. In this context, the

main research question of the thesis can be stated as follows:

How can a multi-unit residential building in Italy be modernized through
PV integration, battery storage, shiftable service-task scheduling, and
thermal technology choice while preserving required household services

and providing transparent annual techno-economic decision support?

To answer this question, the thesis develops and applies a service-based techno-
economic optimization framework for a residential building in Italy treated as a
single entity behind one electricity meter. The framework minimizes total annual
cost while ensuring that the same service demand is satisfied, and it evaluates
progressively more advanced configurations using 8,760-hour inputs for the year
2025. The central contribution is therefore not a single new technology model in
isolation, but a structured decision-support framework that combines service-based
demand representation, annual techno-economic optimization, and staged scenario

comparison within one coherent methodology.

Research Objectives

The specific objectives of the thesis are as follows:

1. Service-based demand modelling. Represent residential demand in terms
of required services and translate these services into energy requirements and
operational tasks, distinguishing non-shiftable consumption from shiftable
service-delivering tasks with realistic constraints such as time windows, non-
interruptibility, and completion requirements. The modeled services include, at
minimum, laundry, dishwashing, domestic hot water, space heating, cooking,

and mobility charging.

2. Construction of a consistent annual input dataset. Build a coherent set
of 8,760-hour inputs for the year 2025, including Italian time-of-use electricity
prices with hourly F1/F2/F3 assignment, a gas price representation suitable
for annual cost accounting, and an hourly PV generation series obtained
through a weather-driven estimation approach aligned with PVGIS-consistent

assumptions.

3. Formulation of a service-preserving MILP scenario ladder. Develop a
sequence of mixed-integer linear programming models that progressively add
decision layers: baseline cost accounting, PV and battery dispatch, scheduling
of shiftable service-delivering tasks, and a final thermal-technology comparison
under annualized CAPEX+4OPEX logic.

13
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4. Quantification of annual value and decision support. Quantify annual
savings and key performance indicators across scenarios, including annual
cost, grid imports, PV self-consumption, peak power, battery utilization, and
task-completion indicators, and provide a decision-oriented recommendation

regarding PV, battery, and thermal technology choice.

The scenario-ladder structure is a deliberate response to the research gap rather
than a simple presentation choice. Its purpose is to preserve interpretability by
separating the contribution of each intervention layer. The baseline scenario defines
the reference condition against which all later changes are measured. The PV and
battery stage isolates the operational value of local renewable generation and storage.
The next stage adds the scheduling of shiftable service-delivering tasks, allowing the
analysis to identify the incremental value of load shifting beyond PV and storage alone.
Finally, the thermal comparison moves from operational scheduling to annualized
technology choice. In this way, the framework avoids the common ambiguity of single-
step co-optimization, where operational value and investment value can become
mixed in one opaque result. The scenario ladder is therefore appropriate because
it answers the end-user decision question progressively and transparently: what is
the value of each additional intervention, under unchanged service requirements, and
which modernization pathway is actually justified for the studied residential case [9,
1, 3].

Structure of the Dissertation

The dissertation is structured into seven chapters and three appendices. Chapter 1
presents the research background and context, reviews the relevant literature, and
defines the main contribution of the thesis. Chapter 2 introduces the modeling
framework adopted for the residential energy system, including local generation,
storage systems, electricity demand, heating systems, and electric-vehicle charging
demand.

Chapter 3 describes the optimization model, including the mathematical definition
of sets, indices, parameters, decision variables, the objective function, and the
constraint set. Chapter 4 presents the scenario-ladder framework and details the
progressive evaluation of the baseline case, shared PV and battery operation, service
scheduling, and thermal retrofit alternatives.

Chapter 5 focuses on data preparation and the study case, including service-
demand profiles, thermal-demand data, mobility-related demand, electricity tariffs,
natural gas prices, and rooftop PV sizing and generation. Chapter 6 reports the sim-
ulation results and discussion, with emphasis on PV forecasting, scenario setup, and
the comparative techno-economic evaluation of the considered scenarios. Chapter 7
concludes the dissertation by summarizing the main findings, highlighting the key
contributions of the work, and outlining directions for future research.

The dissertation is completed by three appendices. Appendix A provides the

photovoltaic sizing inputs and the PV time-series generation workflow. Appendix B
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reports supplementary data-preparation details, while Appendix C summarizes the

component lifetime and replacement assumptions adopted in the economic assessment.

Summary

the research gap addressed by this thesis is not the absence of residential optimization
methods in general, but the absence of a sufficiently transparent and service-preserving
framework that can connect annual data preparation, operational scheduling, staged
technology assessment, and decision-oriented interpretation for a single multi-unit
residential building. The thesis responds to this gap by integrating those elements
into one structured methodology and by using the scenario ladder to reveal, step by

step, where value is created and how that value should be interpreted.
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Chapter 2

Modeling of Home Appliances

2.1 Introduction

This chapter presents the mathematical modeling of the main technologies and end-
use components considered in the residential energy system analyzed in this thesis.
The purpose of this chapter is to describe, in a component-wise manner, the physical
and operational behavior of the technologies that supply, store, and consume energy
within the household. These component-level models constitute the technical basis
of the integrated optimization framework developed in Chapter 3.

The residential energy system considered in this work includes photovoltaic (PV)
generation as the local renewable electricity source, a battery energy storage system
(BESS) as the electrical storage technology, residential electricity demand associated
with household appliances and other domestic loads, and heating technologies used
to satisfy the building thermal demand. Each component is introduced separately in
order to define its main operating principles, governing variables, and mathematical
relations.

The chapter is organized as follows. First, the PV generation model is introduced
to describe the local renewable electricity production available to the household.
Second, the battery storage model is presented, including the state-of-charge dynamics
and the associated operating constraints. Third, the residential electricity demand
is formulated, with particular attention to the distinction between non-shiftable
and shiftable appliance loads. Finally, the thermal demand and the main heating
technologies considered in this work, namely the gas boiler and the air-source heat
pump, are described. Together, these models define the component representation
of the residential energy system and provide the foundation for the mathematical

optimization model presented in the next chapter.
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2.2 Generation

Photovoltaic (PV) technology is widely adopted in residential energy systems as
a decentralized and renewable electricity generation source. PV systems convert
incident solar radiation directly into electrical energy through the photovoltaic effect
in semiconductor materials. Due to declining technology costs, increasing policy
support, and the growing role of distributed renewable generation, rooftop PV
systems have become a key component of residential prosumer systems and local
energy communities [25, 26].

In residential applications, PV systems are typically installed on building rooftops
and operate as local electricity generation units that partially offset household elec-
tricity demand. Depending on the system configuration and the adopted operational
strategy, the electricity produced by the PV array can be consumed directly by the
household, stored in a battery energy storage system, or exchanged with the electricity
grid. The integration of PV generation in residential buildings can therefore reduce
grid dependence, increase renewable self-consumption, and lower the carbon intensity
of household energy use [27, 28|.

From a modeling perspective, the electrical power generated by a photovoltaic
system depends primarily on the incident solar irradiance, the effective conversion
efficiency of the PV modules, and the installed panel area. A simplified physical
representation of the instantaneous PV power output at time step ¢ can be written

as:

Ppyy = npy Apy Gy (2.1)

where Ppy; is the electrical power generated by the PV system at time step ¢
(kW), npy is the effective conversion efficiency of the PV array, Apy is the active
panel area (m?), and G is the solar irradiance incident on the panel surface at time
step t (kW /m?).

In system-level optimization studies, PV generation is commonly represented
through an available generation profile derived from meteorological data or solar
simulation tools. Under this representation, the PV power output can be expressed

as:

Ppyy = PR g, (2.2)

where Pped denotes the installed nominal PV capacity (kW) and g; is the
normalized generation factor at time step t, typically bounded between 0 and 1.
The normalized factor captures the time-varying availability of solar energy due to
irradiance and weather conditions.

To ensure physical consistency, the generated PV power is constrained by the

available renewable resource:

0 < Ppyy < PR (2.3)
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where P]%I{/‘ffl represents the available PV generation at time step t. This formula-
tion is particularly useful in operational models where only the realizable renewable
generation can be allocated to local demand, battery charging, or grid exchange.

The time index ¢ refers to the discrete simulation interval. In this thesis, the
modeling framework is based on hourly time steps in order to capture the temporal
variability of solar generation and household electricity demand. The PV generation
profile is treated as an exogenous input to the optimization model and interacts
directly with both the battery storage system and the residential electrical load.

The inclusion of PV generation in residential energy systems provides several
operational and economic benefits. First, locally produced solar electricity can
directly supply household demand and reduce imported electricity from the grid.
Second, when coordinated with storage and appliance scheduling, PV generation
can increase renewable self-consumption and reduce electricity procurement costs.
Finally, distributed PV contributes to the broader decarbonization of the residential
energy sector by displacing fossil-based electricity generation [29, 26].

In the context of this thesis, the PV system is modeled as the primary local elec-
tricity generation source of the residential building. Its generation profile constitutes

one of the main time-dependent inputs of the subsequent optimization model.

2.3 Storage Systems

Battery Energy Storage System (BESS)

Battery Energy Storage Systems (BESS) play a central role in modern residential
energy systems, especially in buildings equipped with rooftop photovoltaic generation.
A battery enables surplus electrical energy produced during periods of high renewable
generation to be stored and later discharged when local generation is insufficient
to meet demand. In this way, battery storage increases the self-consumption of
locally generated PV electricity, reduces grid imports, and improves the coordination
between electricity generation and demand [27, 28].

In residential applications, battery systems are typically coupled with rooftop PV
installations to store surplus electricity during daytime hours and release it during
periods of higher demand, particularly in the evening. This time-shifting capability
enhances the economic value of local renewable generation and can reduce peak
demand from the grid [26].

The operation of a battery is commonly described through its state of charge
(SOC), which represents the amount of energy stored in the battery at a given time.
The SOC evolves dynamically according to the charging and discharging processes.

The battery energy balance can be expressed as:

Pjischarge,t At
Nd

where SOC; is the state of charge of the battery at time step ¢t (kWh), Peparge s is

the battery charging power (kW), Pischarge, is the battery discharging power (kW),

SOCt+1 = SOCt + ncPcharge,tAt - (24)
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1. and 7y are the charging and discharging efficiencies, respectively, and At is the
duration of the time step (h).
The battery energy content is limited by the minimum and maximum allowable

storage levels:

SOCin < SOC; < SOCiaa (2.5)

where SOC};n and SOC,,., denote the lower and upper bounds of the usable
storage capacity. These limits reflect technical constraints and are also relevant for
limiting accelerated battery degradation.

The charging and discharging powers are limited by the technical ratings of the

battery inverter and the storage system itself:

0< Pcha?“ge,t < P(Z’Irzlgfge (26)
0< Pdischarge,t < sz’l;cmharge (27)
where P07 and P70 o denote the maximum charging and discharging powers

of the BESS, respectively.
The initial state of the battery must also be defined:

SOCy = SOC™ (2.8)

where SOC™" represents the initial energy stored in the battery at the beginning
of the simulation horizon. For cyclic daily or annual analyses, it is also common to

impose a terminal condition:

SOCy = SOC, (2.9)

where T denotes the final time step of the optimization horizon. This condition
prevents the optimization from obtaining artificial benefits by ending the horizon
with an unrealistically depleted or overcharged battery. If such a cyclic condition is
not enforced in the final optimization model, Equation (2.9) can be omitted.

The battery may also be characterized through its usable energy capacity:

E%%SS = SOCmaz - SOszn (210)

where E%%qq is the usable battery capacity (kWh). This quantity defines the
effective storage range available for system operation.

Within the residential energy system, the BESS acts as an intermediate component
between generation and demand. When photovoltaic production exceeds household
electricity consumption, the surplus electricity can be diverted to battery charging.
Conversely, during periods of insufficient PV generation or high electricity prices, the
battery can discharge and supply part of the electrical load. In this thesis, the BESS

is therefore modeled as an actively controlled component that supports the temporal
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redistribution of locally generated electricity.

2.4 Residential Electricity Demand

Residential electricity demand represents the total electrical power consumed by
household appliances and domestic devices within the residential building. In dis-
tributed energy systems, load modeling is essential because the temporal profile of
household consumption determines the interaction between local generation, energy
storage, and grid electricity imports. Accurate representation of residential demand
is therefore crucial for assessing the performance of residential energy management
strategies [30, 31].

Household electricity consumption typically includes lighting, refrigeration, kitchen|
appliances, information and communication devices, cleaning equipment, and miscella-
neous plug loads. The operation of these appliances depends strongly on user behavior
and daily activity patterns, which produce marked variations in load over time. Resi-
dential load profiles commonly exhibit morning and evening peaks associated with
typical occupant routines [31].

At each time step t, the total residential electricity demand can be expressed as

the aggregation of the individual appliance loads:

N
Ploadt = »_ Pt (2.11)
i=1

where Pjyqq+ is the total residential electricity demand (kW), P is the electrical
power consumed by appliance ¢ at time step ¢, and NV is the total number of appliances
considered in the household.

For modeling purposes, residential electricity demand can be decomposed into

non-shiftable and shiftable components:

Pload,t = Pns,t + Psh,t (212)

where P, ; denotes the non-shiftable load and P, ; denotes the shiftable load at
time step t.

Non-shiftable loads correspond to appliances and devices that must operate
immediately when service is required and therefore cannot be easily rescheduled.
Typical examples include lighting, refrigeration, and consumer electronics that depend
directly on occupant presence and comfort requirements. By contrast, shiftable
loads are associated with appliances whose operating time can be moved within
an admissible time window without compromising the service provided. Examples
include washing machines, dishwashers, and similar domestic appliances [32, 33].

The total shiftable demand can be represented as the aggregation of the shiftable

appliances:
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M
Psh,t = Z Psh,j,t (213)
j=1

where Py, ;; is the power consumption of shiftable appliance j at time step ¢,
and M is the number of shiftable appliances.
For each shiftable appliance, the total energy required to complete a service cycle

may be expressed as:

Ej =" Py At (2.14)
teT;

where F; is the electrical energy required by appliance j over its operating horizon
and 7; denotes the admissible set of time steps within which the appliance can operate.
This relation is useful for representing appliance service requirements while allowing
time shifting of operation within a predefined time window.

The presence of shiftable loads creates the possibility of demand-side management
through appliance scheduling. By moving the operation of certain loads toward
periods of high PV generation or lower electricity prices, the residential system can
improve renewable self-consumption and reduce total electricity procurement costs.
In this thesis, however, Chapter 2 only introduces the component model of residential
electricity demand; the actual scheduling decisions are formulated later within the

optimization model.

2.5 Heating Systems

Thermal energy demand represents a major share of final energy consumption in
residential buildings, particularly in regions where space heating is required during
cold seasons. In addition to space heating, domestic hot water (DHW) demand
contributes significantly to total household thermal consumption. The accurate
modeling of thermal demand and heating technologies is therefore necessary for
evaluating alternative heating solutions and for representing the interaction between
thermal and electrical energy use in residential systems [34, 27].

In this thesis, two heating technologies are considered for the provision of useful
heat to the household: a gas boiler and an air-source heat pump (ASHP). These
systems represent two widely adopted alternatives in residential buildings and reflect

the comparison between fossil-fuel-based and electrically driven heating solutions.

Thermal Demand Model

The total thermal demand of the household is assumed to be the sum of space heating

demand and domestic hot water demand:

Qtotal,t = Qsut + QpHW (2.15)
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where Qiotqr+ is the total thermal demand at time step ¢ (kW), Qgp is the space
heating demand, and @pgw; is the domestic hot water demand.
The thermal energy supplied by the selected heating technology must satisfy the

useful heat demand:

qup,t = Qtotal,t (216)

where Qgup,t is the useful heat supplied to the household at time step ¢. This
balance relation links the thermal demand model to the specific heating technology
adopted.

The thermal demand profile depends on building characteristics, outdoor weather
conditions, occupancy patterns, and hot water consumption behavior. In energy
system studies, such demand is commonly represented as a time series derived from

building simulations or demand datasets [34].

Gas Boiler Model

Gas boilers remain one of the most widely used heating technologies in residential
buildings because of their technological maturity, dispatchability, and relatively low
upfront cost. A gas boiler produces useful heat through the combustion of natural
gas and transfers the thermal output to the building heating and domestic hot water
systems.

The useful thermal output of the gas boiler can be expressed as:

Qboiler,t = Tvoiler Egas,t (217)

where Qpojter,t is the useful thermal energy delivered by the boiler at time step ¢
(kW), Mpoiter is the boiler efficiency, and Egqs; is the input energy from natural gas
consumption.

The operating power of the boiler may also be limited by its nominal capacity:

0 < Qboiler,t < Q%glaér (218)

where Q% is the maximum useful heat that can be supplied by the boiler. In
simplified residential energy models, the boiler efficiency is often treated as constant,
particularly when the focus is on annual or hourly system-level analysis rather than

detailed combustion performance [27].

Air-Source Heat Pump Model

Heat pumps are recognized as one of the most efficient low-carbon technologies for
residential heating. An air-source heat pump extracts low-temperature heat from
ambient air and upgrades it to a useful temperature level through an electrically
driven thermodynamic cycle. Since a heat pump transfers heat rather than generating
it directly from fuel combustion, it can deliver several units of thermal energy for

each unit of electricity consumed [35].
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The performance of a heat pump is commonly characterized by its coefficient of
performance (COP), defined as the ratio between useful thermal output and electrical

input. The useful heat delivered by the heat pump can be expressed as:

Qupt = COP, Pypy (2.19)

where Qg p; is the useful thermal output of the heat pump at time step t (kW),
Prpy is the electrical power consumed by the heat pump (kW), and COP; is the
coefficient of performance.

The heat pump thermal output is limited by the installed heating capacity:

0<Qupt <QHP (2.20)

max

where QF is the maximum useful thermal output of the ASHP. The COP may
be represented as a constant average value or as a time-varying parameter dependent
on ambient conditions. In particular, the performance of an air-source heat pump
decreases as the outdoor air temperature becomes lower, which is relevant for winter
heating applications [35].

When coupled with photovoltaic generation, an ASHP can increase the elec-
trification of residential heating and reduce direct fossil fuel use. For this reason,
air-source heat pumps are increasingly considered a key technology in residential

decarbonization pathways.

2.6 EV Charging Demand Representation

Electric vehicle (EV) charging is included in this thesis as an electrical end-use
component of the residential demand rather than as a detailed transport model.
This choice is consistent with the scope of the study, where EV charging is treated
as an additional household electricity demand for the archetypes that own an EV.
Accordingly, the EV is not modeled through vehicle dynamics or battery-chemistry
equations; instead, it is represented as a controllable charging load that must satisfy
a required energy demand within an admissible availability window. This formulation
is consistent with common home energy management system (HEMS) studies, where
EV charging is modeled as an interruptible shiftable load subject to time-window
and energy-delivery constraints [32, 33].

For an archetype k, the total household electricity demand including EV charging

can be expressed as:

Pioaikt = Prasekt + PEV (2.21)

where Pjoqq.1,¢ is the total electricity demand of archetype £ at time step ¢, Pygse k.t
is the baseline household electricity demand excluding EV charging, and Py is
the EV charging power demand. For archetypes without an EV, the charging term is

set equal to zero for all time steps.
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Because EV charging can be shifted within the periods in which the vehicle is
connected at home, it is modeled as an interruptible shiftable load. Its charging power
is constrained by both the maximum charger capacity and the vehicle availability at

home:

0< PEV,k,t < W ¢ Pgﬁi (2.22)

where Ppi7y is the maximum charging power of the EV for archetype k, and wy,
is a binary availability parameter equal to 1 when the vehicle is available for charging
at time step ¢, and 0 otherwise. In this way, EV charging is automatically prevented
outside the admissible charging window.

To ensure mobility-service feasibility, the EV charging schedule must satisfy a
required charging energy over the defined EV day. The daily charging requirement is

expressed as:

Efl= Y PoviiAt (2.23)
teTev (d)

where £/ is the required EV charging energy for archetype k on day d, Tpv (d)
denotes the set of time steps belonging to the EV charging day, and At is the duration
of the time step. In this thesis, an hourly resolution is adopted, therefore At =1 h.
This representation allows EV charging to be integrated consistently within the
residential electricity-demand model while remaining aligned with the scope of the
thesis. The EV is therefore modeled as a flexible electrical service demand that
interacts with photovoltaic generation, battery storage, and tariff-based scheduling,

without introducing an unnecessary level of transport-system detail.

2.7 Summary

This chapter presented the mathematical models of the main components considered
in the residential energy system analyzed in this thesis. The modeling framework
included photovoltaic generation, battery energy storage, residential electricity de-
mand, and heating systems. For each component, the main physical and operational
relations were introduced in order to define its role in the overall residential energy
system.

The photovoltaic model was used to represent local renewable electricity genera-
tion, while the battery model described the dynamic evolution of stored electrical
energy through charging and discharging processes. Residential electricity demand
was formulated as the aggregation of household appliance consumption, with a dis-
tinction between non-shiftable and shiftable loads. In addition, the thermal demand
model and the representations of the gas boiler and air-source heat pump were
introduced to characterize the supply of useful heat for space heating and domestic
hot water.

These component-level models provide the technical basis for the integrated
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optimization model developed in Chapter 3, where the operational scheduling of the
system and the associated decision variables and constraints are formulated within a

unified mathematical framework.
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Chapter 3

Optimization Model

3.1 Introduction

This chapter presents the optimization framework used in this thesis to represent
the operation and technology-selection decisions of the residential energy system.
While Chapter 2 introduced the mathematical models of the individual components,
the present chapter integrates those component-level representations into a unified
optimization structure. The purpose of this chapter is therefore to define the
decision variables, objective function, and governing constraints that characterize
the optimization problem.

The optimization framework is formulated in a general way so that it can represent
different levels of system complexity without changing the underlying mathematical
logic. In particular, the framework includes an operational electricity-management
layer, which captures the coordination between grid electricity, photovoltaic (PV)
generation, battery storage, shiftable appliance demand, and electric-vehicle (EV)
charging, as well as a thermal technology-selection layer, which represents the
economic choice between alternative heating technologies under a fixed thermal
service demand. This separation is important because some parts of the thesis address
short-term operational scheduling, whereas others focus on annualized technology
comparison. The common role of this chapter is to define the optimization structure
from which these applications are derived.

The formulation is developed at hourly resolution over the full year in order to
capture the temporal interaction between tariff variation, PV generation, battery
operation, household demand, and heating requirements. This temporal resolution is
consistent with the prepared input data and with the mathematical structure already
used in the current thesis for electricity dispatch, battery state-of-charge dynamics,
EV charging requirements, and thermal retrofit comparison [28, 26, 32, 33].

The chapter is organized as follows. First, the sets, indices, and parameters
used in the mathematical formulation are defined. Second, the decision variables are
introduced. Third, the objective function is presented. Finally, the model constraints
are grouped into electricity-balance, PV utilization, battery operation, residential

load scheduling, EV charging, thermal-demand, and technology-selection constraints.
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The final section discusses the main modeling assumptions and the solution approach

adopted in this thesis.

3.2 Sets, indices, and parameters

Sets and indices
e t € T: hourly time index, with 7 = {1,2,...,8760}.
e k € K: apartment archetype index.

e a € A: appliance class index for shiftable appliances or thermal technology

index, depending on context.
o j € Jiq: task index for extracted runs of appliance class a in archetype k.

o 5 € (g, : feasible start-time index for task j of appliance class a in archetype
k.

e d € D: day index used for EV charging requirements.

Electrical input parameters
For each hour ¢t € T
o m; [€/KWHh]: electricity import tariff.
o PPV [kW]: available PV generation at the building connection point.

For each archetype k € K and hour ¢t € T

o LI" [KW]: fixed non-shiftable electrical load.

o wiy € {0,1}: EV availability mask, equal to 1 when the EV is parked and

charging is allowed.
o B [KWh]: daily EV charging energy requirement.

o PPV [kW]: maximum EV charging power.

Shiftable appliance parameters
For each task j € Jy 4:

o Ajq,; [h]: task duration.

o Diaje kW] fixed power profile of the task at relative hour ¢, with ¢ =
0,..., Apay— L.

The feasible start set €1, ; is determined by device-specific and comfort-related

scheduling rules.
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Battery parameters
« EB [kWh]: battery energy capacity.
e SOC™n [kWh]: minimum allowable state of charge.
o SOC™2* [kWh]: maximum allowable state of charge.
o Pchmax [\V]: maximum battery charging power.
o Pdismax [W]: maximum battery discharging power.
o 7" [-]: battery charging efficiency.

dis []

o 7 : battery discharging efficiency.

Grid parameter

o Poridmax [IGN]: maximum building grid import power.

Thermal-system parameters
For each archetype a and hour ¢t € T

. fo [kWy]: space-heating demand.

o QPIW [kWy]: domestic hot water demand.
w0t [kWyp): total thermal demand.

p?*® [€/kWh]: gas tariff.

p§' [€/kWh]: electricity tariff for ASHP operation.

Technology-specific parameters include:

o 1P []: gas boiler efficiency.

o COP/# []: fixed coefficient of performance of the ASHP.

o cBear [€/kW]: specific investment cost of the gas boiler.

o cHPear [€/kW]: specific investment cost of the ASHP.

o CBom [€ /year]: annual operation and maintenance cost of the gas boiler.
o CHPom 1€ /vear]: annual operation and maintenance cost of the ASHP.

o 7 [-]: real discount rate.

o np [years|: gas boiler lifetime.

o npyp [years|: ASHP lifetime.
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The design thermal capacity for each archetype is defined from the peak thermal

demand:

d
Pi* = max QU (3.1)

To annualize investment costs, the capital recovery factor is defined as:

r(1+4r)"

CRF(r,n) = m

3.3 Decision variables

Electrical dispatch variables

For each hour ¢t € T, the model includes the following continuous variables:
e Gy > 0: grid import power [kW],
e PFPV=L >0: PV power directly supplied to load [kW],

Pe""Y > 0: battery charging power from PV [kW],

P > 0: battery charging power from grid [kW],
o P%s > 0: battery discharge power [kW],

o Pfurt > 0: curtailed PV power kW],

o SOCY: battery state of charge [kWh].

A binary variable is used to enforce non-simultaneous charging and discharging:
ur € {0,1} vteT (3.3)

Shiftable-task variables

For each archetype k € K, appliance class a € A, task j € Ji 4, and feasible start
time s € €, 4, the model defines:

wk’azjzs E {07 1} (34)

where 7y, ;s = 1 indicates that task j starts at hour s.

EV charging variables

For each relevant archetype k € K and hour ¢t € T

pii >0 (3.5)

denotes EV charging power [kW].
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Thermal technology-selection variable

For each archetype a, the thermal technology choice is represented by a binary

variable:

Ya € {0,1} (3.6)

with

0, if a gas boiler is selected
y =
‘ 1, if an ASHP is selected

3.4 Objective function

The unified optimization model is formulated as an annual cost-minimization problem.
In order to preserve a general master formulation that can later support multiple

application cases, the objective function is written as the sum of four cost components:

minZ = F + Fo + F3+ Fy (37)

where [ represents grid-electricity procurement cost, Fo represents the annualized
cost associated with the shared photovoltaic system, Fj represents the annualized
cost associated with the shared battery energy storage system, and Fj represents the

annualized cost of the selected thermal supply technology.

Electricity procurement cost

The first objective term accounts for electricity purchased from the grid over the full

optimization horizon:

Fi =Y mGAt (3.8)
teT

where m; [€/kWh] is the time-dependent electricity import tariff, G; [kW] is the
grid import power at hour ¢, and At = 1 h is the model time step.

Because the formulation is developed at hourly resolution, the above term repre-
sents the annual electricity procurement cost associated with operating the building

under the considered tariff structure.

Annualized photovoltaic cost

The second objective term represents the annualized cost of the shared PV system:

B =tV (3.9)

CPV

If PV capacity is treated as exogenously specified, is a fixed annualized

accounting term associated with the adopted shared asset. If PV size is treated as
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an endogenous investment decision in a future extension of the framework, the same

term can be written more generally as

Fy = Ve pPYinst CRE(r,npy) + CPV™ (3.10)

where ¢V [€/kW] is the specific PV investment cost, PPVt [kW] is the
installed PV capacity, npy is the PV lifetime, and CTV:°™ [€ /year] is the annual PV

operation and maintenance cost.

Annualized battery cost

The third objective term represents the annualized cost of the shared BESS:

Fy = CBESS (3.11)

CBESS g treated as a fixed annualized

If battery size is exogenously specified,
accounting term. In the more general case of endogenous battery sizing, the term

can be written as

Fy = BESSew BB ORF(r,nppss) + CBESSom (3.12)

where ¢BESS:cap [€ /kWh] is the specific BESS investment cost, EZ [kWh] is
installed battery capacity, npgpss is battery lifetime, and CBFSS.om [€ /year] is
annual battery operation and maintenance cost.

This formulation preserves the generality of the optimization framework while
remaining consistent with cases in which PV and battery assets are predefined rather

than optimized as investment variables.

Thermal technology cost

The fourth objective term represents the annualized thermal-system cost for each

archetype:

Fy=3" [(1=ya)CP + yaCHP (3.13)
acA

where y, € {0,1} is the thermal technology-selection variable for archetype a,
such that

0, if a gas boiler is selected
Ya = (3.14)
1, if an ASHP is selected
The annual total cost of the boiler option is defined as
CP = CPpew 4 Cpom 4 oplue (3.15)

and the annual total cost of the ASHP option is defined as
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U — ettt 4 cpram . v @19

The annualized capital cost of the boiler is

CaB,cap _ CB,capP(;les ORF(’I", nB) (317)

and the annualized capital cost of the ASHP is

CC{{P,cap — CHP,cap]);les CRF(?”, nHP) (318)

where P2 [KWy,] is the design thermal capacity for archetype a, determined

from the peak hourly thermal demand as

d
Pies = max Qi (3.19)

The variable operating cost of the gas boiler is

CB-fuel — ™ pges paes Ay (3.20)
teT

while the variable electricity cost of the ASHP is

CHPA =N " p EHP At (3.21)
teT

The thermal objective term therefore represents the minimum annualized cost
of satisfying the given thermal service demand through one of the two alternative

technologies.

Expanded form of the master objective

By substituting the component definitions into Eq. (3.7), the objective function can

be written in expanded form as

minZ = Y mGAt+ CPV 4+ CPESS %" [(1 —1,)CB + yacfp] (3.22)
teT acA

or, by further replacing the thermal technology costs,

minZ = EteT Trf,Gf,At 4 CPV + CBESS + ZaeA [(1 _ ya)(cf,cap + Cf,om + Cf’f“el) T ya’(C{fIPﬁcap + C{fIP,om + CfP’EI)]
(3.23)
This expanded form is useful because it makes explicit how the different annual

cost components contribute to the total objective value.
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Interpretation within the thesis structure

The objective function is intentionally written in a general decomposed form. This
does not mean that all terms must be active in every application case. Instead, the
present chapter defines the full optimization structure, while the scenario chapter
activates only the relevant subsets of cost terms, variables, and constraints for each
case study. In this way, the mathematical logic remains consistent across the thesis
while allowing different scenario configurations to be derived from the same master

formulation.

3.5 Constraint set

The unified optimization framework combines hourly electrical dispatch, shared PV
and BESS operation, shiftable appliance scheduling, EV charging, and annual thermal

technology selection. The full set of constraints is introduced here in general form.

Shiftable appliance task constraints

Selected household appliances are represented as shiftable tasks. Each task j € Ji 4
for appliance class a and archetype k has a fixed duration Ay, ; and a fixed power

profile

Pk,a,j = |Pk,a,j,05Pk,a,j1s -5 Pka,jNga,;—1] -

The feasible start set 2, ; contains all admissible start times such that the full

task remains inside the allowed operating interval:

Quaj = {5 €T :h(s+0) € B b)) ¥ =0,..., Aoy —1} (3.24)

where h(t) returns the local hour-of-day associated with time index ¢.

Each task must be scheduled exactly once:

Y whajs=1 VkeK,a€A je g, (3.25)

SGQ]C’aJ

To prevent physically impossible overlap of tasks belonging to the same appliance

class in the same archetype, the following non-overlap constraint is imposed:

Z Z Thajs {t € [5,5 +Apq; —1]} <1 VEkeK,ac A teT (3.26)

jEJk,a Seﬂk,a,j

where I{-} is an indicator function equal to 1 if the condition is true and 0
otherwise.

The scheduled load of appliance class a for archetype k is reconstructed as
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task
Pka{ft - Z Z xk?“’aj’s pkvazjatfs Vk7 a? t (327)
jeJk’a ser,a,j

with pg.q jt—s = 0 whenever t —s ¢ {0,...,Apq; — 1}.
The total shiftable load for archetype k is then

Pt =N Pk vkeK, teT (3.28)
acA

This formulation represents load shifting rather than generic same-hour flexibility,
because the appliance service is moved from one admissible time interval to another
while preserving the task itself.

EV charging constraints
For each archetype k € KC and hour t € 7, EV charging is constrained by vehicle
availability:
0<ply <PPVY™ w, VkeK, teT (3.29)
To satisfy mobility requirements, a daily charging-energy constraint is imposed:

> pi{At=ES VkeK, deD (3.30)
teT(d)

where 7 (d) denotes the set of hours belonging to day d.

PV balance and battery operation

The PV generation available at the building meter is treated as an exogenous input
time series. At each hour, the available PV power is split among direct consumption,

battery charging, and curtailment:

PtPV—>L + PtCh7PV + PtCuT‘t = PtPV Vt € T (331)

Battery state of charge evolves according to

SOC; = SOC;y + ™ (P + P dsNt Ve T (3.32)
subject to

SOC™™ < SOC, < SOC™>* e T (3.33)

A cyclic boundary condition is imposed to avoid end-of-horizon bias:

SOCy = SOCy (3.34)
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A binary variable enforces non-simultaneous charging and discharging;:

Ptch,PV + PtCh7G S Pch,maxut YVt € T (335)

plis < pdismax(] _ ) WteT (3.36)

If grid charging is enabled in a given application, it is additionally constrained by
PhY <G, wteT (3.37)

Building electrical balance

The total electrical load of archetype k is defined as

Lig =Ly + P +pf)  VkeK, teT (3.38)
and the aggregated building load is

LM =3"Ly, VteT (3.39)
ke

The hourly building-level electrical balance is

PtPVHL + Ptdis + Gy = Lff)ld + PtChG vteT (3.40)

No export is allowed. This is enforced by construction because the formulation
does not include any export variable; PV surplus that cannot be directly used or
stored must be curtailed.

To avoid unrealistic concentration of load in low-price hours, grid import can also

be restricted by the building connection limit:
Gy < poridmax e T (3.41)

Thermal energy-conversion constraints

For each archetype a and hour ¢, the total thermal demand is

PP =QSH + QDY Vae A teT (3.42)
If the thermal demand is supplied by a gas boiler with efficiency 1?, the hourly
gas input is
tot

B = n‘gt Vac A teT (3.43)

If the thermal demand is supplied by an ASHP with fixed coefficient of performance
COPT  the hourly electricity input is
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tot

a,t

The technology-selection variable y, determines which annual cost is active in

the objective function for each archetype.

Archetype-level allocation of shared electricity cost

When household-level billing is required for a shared behind-the-meter system, the
building-level grid import can be allocated to archetypes using a time-resolved
proportional sharing rule based on instantaneous demand share.

Let the aggregated load of archetype k be Ly ; and the building load be LY. The

demand share of archetype k is defined as

Lk: t . bld
=, if L2 >0
L ' (3.45)
0, if Lbld =0
The allocated grid import is then
Gkﬂg = Oéktht VeEe K, teT (346)

and the corresponding allocated annual electricity cost is

Cafler =3 mGrAt (3.47)
teT

This allocation is budget-balanced by construction:

docge =" mG At (3.48)
kek teT

Model class and solution approach

The unified optimization framework contains both continuous and binary decision
variables. When only continuous dispatch variables are active, the formulation
reduces to a linear program (LP). When binary variables for battery charge/discharge
exclusivity, appliance start times, or thermal technology selection are activated, the
formulation becomes a mixed-integer linear program (MILP).

The model is implemented in Python using the PuLLP optimization package and
solved with the CBC solver. This formulation is suitable for coupled residential
energy-management problems because it can represent both continuous energy flows
and discrete scheduling decisions while preserving linearity in the objective function

and the constraint set.
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Main modeling assumptions
The optimization framework is based on the following assumptions:

e The model is solved at hourly resolution over one representative year.

e PV generation is treated as an exogenous time series at the building connection

point.
¢ Grid export is not allowed; unused PV surplus is curtailed.
o Battery operation is modeled with fixed charging and discharging efficiencies.

« Battery state of charge is subject to lower and upper bounds and a cyclic

end-of-year condition.

« Shiftable household appliances are modeled as non-interruptible tasks with

fixed duration and fixed power profile.

e EV charging is modeled as interruptible, subject to an availability mask and a

daily energy requirement.

o Comfort-related restrictions are represented through feasible operating windows

rather than monetary penalty terms.

e Thermal-system comparison is based on deterministic sizing from peak hourly

demand and annualized cost evaluation using the capital recovery factor.

e The general framework is broader than any single scenario and is intentionally
written so that specific cases can later be created by activating only the relevant

subsets of variables, constraints, and cost terms.

3.6 Summary

This chapter presented the unified optimization framework adopted in the thesis. The
formulation combines hourly electricity procurement, shared PV and BESS operation,
shiftable appliance scheduling, EV charging, and annual thermal technology selection
within a common cost-minimization structure. The resulting objective terms, decision
variables, and constraints provide the mathematical basis for the scenario ladder
introduced in Chapter 4, where specific study cases are generated by activating only

the relevant subsets of the general model.
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Scenario Ladder

4.1 Introduction

This chapter defines the scenario ladder used to apply the optimization framework
introduced in Chapter 3. While Chapter 3 established the general mathematical
structure of the model, including the decision variables, objective-function compo-
nents, and governing constraints, the present chapter specifies how that common
framework is translated into a set of progressively structured case studies. The
purpose of the scenario ladder is to evaluate the contribution of different system
configurations and service-management options in a transparent and comparable
way.

The scenarios are arranged in increasing order of system complexity. Scenario 0
defines the baseline reference case without shared energy assets or service scheduling.
Scenario 1 introduces a shared photovoltaic system and a shared battery energy
storage system at building level. Scenario 2 extends this configuration by allowing
service scheduling for selected residential end-uses within admissible operating win-
dows. Scenario 3 addresses the thermal retrofit dimension by comparing alternative
thermal supply options under the same general methodological framework. In this
way, each scenario isolates a specific decision layer while remaining linked to the
same overall modeling logic.

This chapter does not re-derive the optimization model. Instead, each scenario is
defined by identifying the relevant subsets of objective terms, decision variables, and
constraints already introduced in Chapter 3. This structure enables consistent scenario
comparison while avoiding unnecessary repetition of the mathematical formulation. It
also makes clear which technological features and operational decisions are activated
in each case.

For each scenario, the chapter describes its definition and scope, the main model
components that are activated, and the output indicators used later in the results
chapter. The reported indicators include economic, operational, and energy-related
quantities such as annual total cost, grid electricity procurement, PV utilization,
battery operation, and the comparative performance of thermal retrofit options.

The scenario ladder therefore provides the bridge between the general optimization
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Figure 4.1: Scenario Ladder.

framework and the simulation results presented in Chapter 5.

4.2 Scenario 0: Baseline

Definition and scope

Scenario 0 defines the baseline reference case used throughout the scenario ladder.
It represents the conventional operating condition of the residential building before
the introduction of shared photovoltaic generation, shared battery storage, service
scheduling, or thermal retrofit measures. The scenario is formulated as a service-
preserving reference case, meaning that the same household energy services are
maintained as in the subsequent scenarios while no additional technology or scheduling
intervention is activated. This framing is important because it avoids misleading
comparisons in which apparent savings would result from a reduction in delivered
service rather than from an actual improvement in system operation or technology
choice [36].

In practical terms, Scenario 0 assumes that household electricity demand is
supplied entirely by grid imports under the applicable hourly time-of-use tariff,
while gas demand is met through the existing gas-based configuration without any
technology substitution. Residential electricity demand is treated as fully exogenous,
including the baseline contribution of electric-vehicle charging where relevant to
the archetype definition, and no scheduling decision is introduced for appliances or
mobility demand. The baseline therefore reflects the original demand pattern of the
building, without any coordination mechanism or behind-the-meter optimization.

The role of Scenario 0 is not to improve performance, but to establish the bench-
mark against which all subsequent scenarios are evaluated. Since Scenario 1 introduces
shared PV and shared BESS, Scenario 2 adds service scheduling, and Scenario 3
examines thermal retrofit options, a clearly defined reference case is required in order
to quantify the incremental value of each intervention. Scenario 0 therefore provides
the benchmark annual procurement cost, the benchmark pattern of grid dependence,

and the benchmark gas-cost level from which all scenario comparisons are derived.

Activated model components

Within the general framework introduced in Chapter 3, Scenario 0 activates only the
baseline procurement logic associated with exogenous demand and imported energy.
The electricity-cost component of the objective function is retained in its baseline
form, as introduced in Section 3.4, while the PV-related term, the BESS-related
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term, the service-scheduling variables, and the thermal technology-selection variable
remain inactive in this scenario.

At the operational level, the building electricity balance is reduced to the baseline
condition in which total building demand is supplied directly by the grid. The
building load is obtained by aggregating the archetype-level electricity demands
across the building, consistently with the aggregation logic presented in Chapter 3.
In the same way, baseline gas demand is aggregated from the archetype level and
valued using the gas-price representation adopted in the thesis.

Because no shared PV system is active in Scenario 0, the PV utilization, battery
charging, battery discharging, and curtailment relations defined in Chapter 3 are not
activated. Likewise, the task-based service-scheduling constraints and EV scheduling
variables introduced in the general model remain inactive, since all residential loads
are treated as fixed demand inputs in the baseline case. The thermal technology-
selection formulation is also excluded, because Scenario 0 preserves the existing

thermal-service supply structure rather than comparing alternative technologies.

Cost representation

All costs reported in Scenario 0 are procurement-based operating costs. For electricity,
the annual cost is determined by the interaction between the fixed hourly building-
demand profile and the hourly time-of-use electricity tariff. For gas, the annual
baseline cost is determined by the exogenous gas-demand series and the gas-price
signal adopted in the thesis. The total annual baseline cost is therefore obtained
by combining the electricity and gas procurement components under the original
service-demand pattern of the building.

The baseline annual cost is evaluated first at archetype level and then aggregated
to building level. For each archetype, the total annual baseline procurement cost is
defined as the sum of the corresponding electricity and gas costs. The building-level
baseline cost is then obtained by weighting each archetype cost by the number of
apartments represented by that archetype and summing over all archetypes. This
two-level representation is useful because it allows the thesis to report both detailed
archetype-level benchmark values and the overall building-level reference cost used
in the scenario comparison.

This cost representation is consistent with the role of Scenario 0, which is to
provide a transparent benchmark rather than to optimize technology choice or
dispatch decisions. It also ensures that the later scenarios can be compared against a
common cost reference under the same underlying service requirements. In this way,
any reduction in annual cost observed in subsequent scenarios can be interpreted as
the result of improved system operation, local generation, storage support, service
scheduling, or thermal technology substitution, rather than as a change in the level

of service delivered to residents [37, 36].
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Purpose within the scenario ladder

Scenario 0 is the anchor of the scenario ladder. Its purpose is to answer the following

baseline question:

What is the annual energy procurement cost and grid-dependence level of
the building when no shared energy asset, scheduling strategy, or retrofit

measure is introduced?

This question is fundamental because all later scenarios are interpreted relative to
this reference. Scenario 1 measures the value of shared PV and shared BESS relative
to Scenario 0. Scenario 2 evaluates the additional benefit of service scheduling on
top of the shared-energy configuration. Scenario 3 compares thermal retrofit options
against the original thermal-service supply condition. Without Scenario 0, these
incremental effects could not be interpreted rigorously.

From a methodological point of view, Scenario 0 confirms that the thesis is not
comparing unrelated system configurations, but rather a sequence of progressively
enhanced cases that preserve the same service demand while changing only the
technological or operational layer under study. This is the essential logic of the

scenario ladder.

Reported outputs

The outputs reported for Scenario 0 are selected to provide the benchmark indicators
needed for the comparative analysis in Chapter 5. These outputs are reported both
at archetype level and at building level, depending on the purpose of the analysis.

The main reported outputs are:

o annual electricity consumption and annual electricity procurement cost,
¢ electricity consumption and electricity cost split by time-of-use band,

e annual gas consumption and annual gas procurement cost,

e total annual baseline procurement cost,

e hourly aggregated building-load profile,

e hourly grid-import profile under baseline conditions.

These indicators establish the economic and operational benchmark against which
the later scenarios are evaluated. In particular, they provide the reference values used
to quantify cost savings, reductions in grid import, changes in time-of-use exposure,

and the comparative value of technology and scheduling interventions.
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Consistency checks

Although Scenario 0 does not involve optimization decisions, it still requires careful
consistency checks because all subsequent scenarios depend on its validity as a
reference case. For this reason, the baseline implementation is verified through a set
of automated checks applied to the hourly input series and annual aggregations.

The verification procedure includes checks for time-series completeness over the
8,760-hour annual horizon, timestamp alignment across electricity, gas, EV, and tariff
data, non-negativity of demand and price series, consistency of time-of-use energy
and cost aggregation, and enforcement of zero EV demand for archetypes without
EV ownership. These checks are essential because an incorrect baseline would distort
every later comparison in the scenario ladder.

The full verification log is archived together with the Scenario 0 outputs so that

the reported benchmark values remain traceable and reproducible.

4.3 Scenario 1: Shared PV + Shared BESS

Definition and scope

Scenario 1 extends the baseline configuration by introducing a shared photovoltaic
(PV) system and a shared battery energy storage system (BESS) at the building level.
The scenario preserves the same residential service demands defined in Scenario 0 and
does not introduce service scheduling or thermal technology replacement. In other
words, the demand side remains exogenous, while the technological configuration is
enhanced through shared local generation and shared storage operating behind the
building meter.

The purpose of Scenario 1 is to isolate the operational value of shared PV
generation and shared battery dispatch under the same time-of-use electricity tariff
used in the baseline case. Relative to Scenario 0, this scenario allows the building to
partially replace grid electricity purchases with local renewable generation and to
shift part of the electricity use over time through battery charging and discharging.
The comparison with Scenario 0 therefore reveals the economic and operational
effect of introducing shared energy assets while keeping the same underlying service
demand.

Scenario 1 also includes a PV-only interpretation within the broader comparison
logic. This is useful because it allows the contribution of PV self-consumption to
be distinguished from the additional value created by battery operation. In this
way, the scenario can separately highlight the role of direct PV utilization and the

incremental benefit of shared storage under the same demand and tariff conditions.

Activated model components

Within the general optimization framework introduced in Chapter 3, Scenario 1

activates the electricity procurement component together with the shared PV and
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shared BESS operational relations. In particular, the building-level electricity balance,
the PV allocation logic, the battery state-of-charge dynamics, the charging and
discharging limits, and the no-export condition introduced in Chapter 3 are active in
this scenario.

The demand side remains unchanged with respect to Scenario 0. Residential
electricity demand is still treated as an exogenous hourly input, including the baseline
EV charging contribution where relevant to the archetype definition. No service-
scheduling variables are activated, and the timing of appliance use and mobility
demand is therefore not modified in this scenario. Likewise, the thermal technology-
selection formulation remains inactive, because Scenario 1 focuses exclusively on the
operational interaction between shared PV generation, shared battery storage, and
grid electricity procurement.

At the operational level, the scenario represents a shared behind-the-meter energy
system. PV generation can be used directly to supply building load, can be stored in
the battery, or can be curtailed when it cannot be absorbed locally. Battery operation
is used to reduce grid procurement cost by shifting electricity over time within the
battery operational limits. Since the scenario assumes no remunerated export to
the grid, surplus PV that is not directly consumed or stored is treated as curtailed
energy. This no-export assumption is consistent with the shared behind-the-meter
configuration adopted in the thesis and allows the value of self-consumption and

storage to be evaluated directly.

Cost representation

In Scenario 1, the electricity-related cost is no longer determined only by the fixed
interaction between building demand and the tariff. Instead, it depends on the
optimized coordination between grid imports, shared PV generation, and shared
battery dispatch. The electricity procurement term introduced in Chapter 3 remains
the operative part of the annual electricity-cost calculation, while the reduction in
grid imports relative to Scenario 0 captures the economic value of local generation
and storage operation.

Gas demand and gas procurement cost remain unchanged with respect to the
baseline case, because Scenario 1 does not modify the thermal-service supply structure.
The total annual cost reported for Scenario 1 therefore combines the optimized elec-
tricity procurement cost with the unchanged gas-cost component inherited from Sce-
nario 0. This ensures that the economic comparison remains fully service-preserving
and directly comparable with the baseline case.

Because the shared PV and BESS are modeled at building level, electricity-
cost reporting is performed first for the shared building system and then, where
needed, allocated back to archetypes using the proportional allocation rule defined in
Chapter 3. This makes it possible to report both building-level results and archetype-
level allocated electricity costs without changing the physical operation of the shared

system.
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Purpose within the scenario ladder

Scenario 1 is the first technological extension of the baseline. Its purpose is to answer

the following question:

How much economic and operational value can be obtained by introducing
shared PV generation and shared battery storage, while keeping residential

demand fixed and preserving the same service level?

This question is central to the thesis because it isolates the effect of shared
energy assets before any demand-side scheduling is introduced. In the scenario
ladder, Scenario 1 therefore plays an intermediate role between the purely exogenous
baseline and the more advanced coordinated-demand case of Scenario 2. It establishes
whether shared renewable generation and storage alone are sufficient to reduce annual
electricity procurement cost and grid dependence, and it provides the reference point
against which the additional value of service scheduling can later be measured.

More specifically, Scenario 1 allows the thesis to evaluate three distinct effects:
the reduction in grid electricity imports due to direct PV self-consumption, the
reduction in procurement cost due to battery-assisted temporal shifting, and the
extent to which shared storage reduces PV curtailment by absorbing local surplus
generation. These effects cannot be isolated in the baseline case and must therefore

be introduced at this stage of the scenario ladder.

Reported outputs

The outputs reported for Scenario 1 are selected to compare the building performance
under shared PV and shared BESS operation against the benchmark values established
in Scenario 0. These outputs are reported primarily at building level, with archetype-
level allocated electricity costs included where relevant for comparative discussion.

The main reported outputs are:

o annual electricity procurement cost,

o annual total cost including the unchanged gas-cost component,

o annual grid electricity import,

o annual PV generation,

o annual PV utilization and annual PV curtailment,

e battery charging and discharging energy,

e battery state-of-charge evolution and related operating statistics,

o archetype-level allocated electricity cost under the shared-system accounting

rule.
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These indicators are sufficient to characterize the operational and economic role
of the shared PV and BESS configuration. In particular, they allow the thesis
to quantify electricity-cost savings relative to Scenario 0, the reduction in grid
dependence achieved through self-consumption and storage dispatch, and the extent

to which shared storage improves the local utilization of PV generation.

Consistency checks

Because Scenario 1 introduces optimized energy flows between the grid, the shared
PV system, and the shared battery, additional consistency checks are required
beyond those already applied in Scenario 0. For this reason, the implementation is
verified through automated checks covering both time-series integrity and operational
feasibility.

The verification procedure includes checks for time-series completeness and times-
tamp alignment, physical plausibility of the PV generation series, hourly power-
balance consistency, battery state-of-charge feasibility, enforcement of charge/dis-
charge exclusivity, no-export compliance, and budget balance of the archetype-level
electricity-cost allocation. These checks are essential because an apparently favor-
able result could otherwise arise from an invalid dispatch pattern, inconsistent time
alignment, or an incorrect accounting allocation.

The full verification log is archived together with the Scenario 1 outputs so
that the shared PV and BESS results remain traceable, reproducible, and directly

comparable with the baseline case.

4.4 Scenario 2: Shared PV + Shared BESS + Service
Scheduling

Definition and scope

Scenario 2 extends the shared PV and shared BESS configuration of Scenario 1 by
introducing service scheduling for selected residential end-uses. In this scenario, the
building is still equipped with a shared photovoltaic system and a shared battery
energy storage system operating behind the building meter, but part of the demand
side is no longer treated as fully fixed. Instead, selected services are allowed to shift
in time within admissible operating windows, while the same underlying service
requirements are preserved.

The service-scheduling layer includes two main classes of controllable end-uses.
The first consists of non-interruptible appliance tasks, such as dishwasher, washing
machine, and dryer cycles, whose operation can be shifted in time but must remain
continuous once started. The second consists of EV charging, which is modeled as a
flexible electrical service subject to availability windows and daily energy requirements.
In both cases, the objective is not to reduce the amount of service delivered, but to
improve the timing of service provision so that electricity procurement cost can be

reduced under the same tariff and technology configuration.
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Scenario 2 therefore represents the most advanced operational case in the scenario
ladder. Compared with Scenario 1, it adds a demand-side decision layer on top of the
shared PV and BESS dispatch problem. This makes it possible to evaluate whether
service scheduling provides additional value beyond the value already obtained from

local generation and storage alone.

Activated model components

Within the general optimization framework introduced in Chapter 3, Scenario 2
activates the electricity procurement term together with the shared PV and shared
BESS operational model already used in Scenario 1. In addition, it activates the
service-scheduling variables and constraints associated with shiftable appliance tasks
and EV charging. These include the feasible-start-set formulation for non-interruptible
appliance cycles, the service-conservation requirement that each task must still be
completed, the non-overlap rule for appliance operation, the EV charging bounds
linked to vehicle availability, the daily EV energy requirement, and the building-level
grid-cap condition.

The physical shared-energy model remains the same as in Scenario 1. PV
generation can be used directly to supply load, can charge the battery, or can be
curtailed if it cannot be absorbed locally. The battery can shift electricity over time
within the state-of-charge and power constraints defined in Chapter 3. What changes
in Scenario 2 is that part of the electrical demand is now endogenously scheduled
rather than fully exogenous. This means that the total building-load profile becomes
the result of both technology operation and service timing decisions.

Comfort and feasibility are preserved explicitly. Non-interruptible appliance
tasks are not allowed to run outside their admissible windows, and noisy appliance
cycles are excluded from inappropriate hours through hard scheduling constraints
rather than through monetary penalty terms. In the same way, EV charging is
only permitted when the vehicle is available and must still satisfy the required daily
charging energy. This ensures that any improvement in cost is achieved through
better coordination rather than through an implicit reduction of service quality.

The thermal technology-selection formulation remains inactive in Scenario 2,
since the scenario is still focused on operational electricity management rather than

thermal retrofit choice.

Cost representation

As in Scenario 1, the main economic driver of Scenario 2 is the annual electricity
procurement cost under the hourly time-of-use tariff. However, unlike Scenario 1,
the cost now depends not only on shared PV utilization and battery dispatch, but
also on the optimized timing of selected residential services. The procurement cost is
therefore reduced, where possible, through the joint coordination of local generation,

storage operation, and service scheduling.
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Gas demand and gas procurement cost remain unchanged with respect to Scenar-
ios 0 and 1, because Scenario 2 does not alter the thermal-service supply configuration.
The total annual cost reported for this scenario therefore combines the optimized
electricity procurement cost with the same gas-cost component used in the previous
scenarios.

From a comparative point of view, the main economic role of Scenario 2 is to
identify the incremental value of service scheduling beyond the shared PV and BESS
case. For this reason, Scenario 2 is interpreted primarily relative to Scenario 1. The
difference between the two scenarios isolates the value of scheduling appliance tasks
and EV charging under the same shared-energy configuration and the same service

requirements.

Purpose within the scenario ladder

Scenario 2 is the final operational step of the scenario ladder. Its purpose is to answer

the following question:

How much additional economic and operational value can be obtained
when selected residential services are scheduled optimally on top of a
shared PV and shared BESS configuration?

This question is important because shared generation and shared storage do not
fully determine building performance. Even with the same assets, the timing of
electricity use strongly affects the degree of PV self-consumption, the effectiveness
of battery operation, the exposure to high-price tariff periods, and the maximum
grid import required by the building. Scenario 2 therefore tests whether coordinated
service timing can unlock value that remains unavailable when all demand is fixed.

Within the overall scenario ladder, Scenario 2 represents the highest level of
operational coordination. Scenario 0 provides the benchmark, Scenario 1 introduces
shared assets, and Scenario 2 adds active demand-side management while preserving
the same service demand. The comparison between Scenario 1 and Scenario 2
is therefore particularly important, because it reveals whether service scheduling
contributes meaningful additional value beyond what has already been achieved by

shared PV and shared battery storage alone.

Reported outputs

The outputs reported for Scenario 2 are selected to evaluate both the economic effect
of service scheduling and its operational interaction with the shared PV and shared
BESS system. These outputs are reported primarily at building level, with selected
archetype-level indicators included where relevant.

The main reported outputs are:
e annual electricity procurement cost,

o annual total cost including the unchanged gas-cost component,
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o annual grid electricity import,

o annual PV utilization and annual PV curtailment,

e battery charging and discharging energy,

o battery state-of-charge evolution and related operating statistics,

e scheduled appliance-load profile,

e EV charging profile under optimized scheduling,

e comparison between baseline and scheduled timing of selected service tasks,

o incremental cost reduction and incremental grid-import reduction relative to

Scenario 1.

These indicators make it possible to assess whether service scheduling improves
the economic use of shared PV and shared BESS, whether it reduces grid dependence
further than Scenario 1, and how the timing of flexible services changes under the
optimized solution. They also support the interpretation of whether the value of
scheduling is substantial or only marginal once shared generation and storage are

already present.

4.5 Scenario 3: Thermal Retrofit Evaluation

Definition and scope

Scenario 3 shifts the focus of the scenario ladder from operational electricity man-
agement to thermal technology choice. While Scenarios 0—2 examine the economic
and operational effects of shared PV generation, shared battery storage, and service
scheduling on the electricity side, Scenario 3 evaluates the thermal retrofit dimension
of the residential building by comparing alternative technologies for supplying the
same thermal services.

The scenario is formulated as a service-preserving thermal retrofit evaluation.
The required thermal services, namely space heating and domestic hot water, remain
unchanged, and only the technology used to deliver those services is allowed to vary.
In this way, the comparison does not depend on any reduction in comfort or service
quality, but only on the economic and energetic consequences of adopting one thermal
supply option instead of another.

In the present thesis, the comparison is carried out between two mutually exclusive
alternatives: a gas boiler configuration and an air-source heat pump configuration.
The purpose is therefore not to optimize short-term scheduling across multiple
interacting thermal devices, but to determine which technology provides the required
thermal service at lower annualized cost under the same hourly service-demand

profile.
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Activated model components

Within the general optimization framework introduced in Chapter 3, Scenario 3
activates the thermal-demand representation, the thermal energy-conversion rela-
tions, and the thermal technology-selection component of the objective function. In
particular, the hourly thermal service demand, the conversion of that service demand
into gas or electricity input depending on the selected technology, the annualized
capital-cost formulation, and the binary technology-choice logic are active in this
scenario.

By contrast, the operational electricity-management components used in Sce-
narios 1 and 2 are not active here. Shared PV generation, shared BESS operation,
service scheduling, EV scheduling, and the associated electrical dispatch constraints
are excluded from Scenario 3, because the purpose of this scenario is not to study
coordinated building-level electricity operation, but to isolate the techno-economic
effect of changing the thermal conversion technology while preserving the same service
demand.

The thermal comparison is therefore narrower in scope than the preceding sce-
narios, but this narrower scope is deliberate. It allows the thesis to evaluate the
retrofit decision directly, without mixing it with the short-term operational effects of

electrical flexibility or shared storage dispatch.

Scenario 3 logic overview

Before discussing the economic results, Figure 4.2 summarizes the logic of Scenario 3.
The hourly thermal-service demand is obtained by aggregating space-heating and
domestic-hot-water demand for each archetype. The same useful thermal demand
is then supplied through two alternative technology paths: a condensing gas boiler
and an air-source heat pump (ASHP). For each option, the corresponding annualized
total cost is calculated by combining operating cost, annualized capital cost, and
annual operation and maintenance cost. The optimization then selects the lower-cost

technology for each archetype through a binary technology-choice variable.

Cost representation

The economic comparison in Scenario 3 is based on annualized total cost. For each
candidate thermal technology, the total annual cost combines two components: the
annualized capital-related cost and the annual operating cost required to supply the
given hourly thermal demand. This makes it possible to compare a lower-investment
but fuel-intensive technology with a higher-investment but potentially more efficient
electrified alternative on a common yearly basis.

For the gas boiler option, the annual cost includes the annualized investment
cost, annual operation and maintenance cost, and fuel-related operating cost. For
the air-source heat pump option, the annual cost includes the annualized investment
cost, annual operation and maintenance cost, and electricity-related operating cost

associated with supplying the same thermal demand. The cost comparison is therefore
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Figure 4.2: Logic of the Scenario 3 thermal retrofit comparison.

technology-neutral at the level of delivered service, because both options are evaluated
against the same hourly thermal-service requirement.

From the perspective of the scenario ladder, Scenario 3 differs from the previous
scenarios in one important way. In Scenarios 0-2, the main economic question concerns
operational procurement cost under different electrical system configurations. In
Scenario 3, the central question is instead whether the thermal retrofit option changes
the annualized cost of delivering the same thermal services. The cost representation is

therefore investment-aware and service-preserving rather than purely dispatch-based.

Purpose within the scenario ladder

Scenario 3 provides the thermal retrofit dimension of the thesis. Its purpose is to

answer the following question:

Which thermal supply technology provides the required space-heating
and domestic-hot-water services at lower annualized cost under the same

thermal demand conditions?

This question is important because the energy transition of residential buildings
is not determined only by electricity-side flexibility and self-consumption. The choice

of thermal conversion technology can also reshape both the economic structure of
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energy use and the building’s dependence on different energy carriers. A gas boiler
preserves the conventional fuel-based thermal supply pathway, whereas an air-source
heat pump shifts the thermal service to electricity and may therefore support broader
electrification of the residential energy system.

Within the scenario ladder, Scenario 3 complements the operational scenarios
rather than extending them directly. Scenario 0 defines the reference condition,
Scenario 1 adds shared PV and shared BESS, Scenario 2 adds service scheduling,
and Scenario 3 evaluates whether a thermal retrofit measure changes the annu-
alized cost of supplying the same thermal services. It therefore introduces the
technology-substitution perspective that completes the thesis beyond short-term

dispatch optimization alone.

Reported outputs

The outputs reported for Scenario 3 are selected to compare the techno-economic
performance of the two thermal supply options under the same service-demand
conditions. These outputs are reported at archetype level and, where relevant,
aggregated to building level.

The main reported outputs are:

o annualized total cost of the gas boiler option,

o annualized total cost of the air-source heat pump option,

o annualized capital cost of each thermal technology,

« annual operating cost of each thermal technology,

e design thermal capacity required for each archetype,

o annual gas input associated with the boiler option,

o annual electricity input associated with the air-source heat pump option,
o selected thermal technology under the annualized cost comparison,

e cost difference between the two thermal retrofit options.

These indicators are sufficient to evaluate whether the retrofit option is economi-
cally favorable and to explain the relative role of investment cost and operating cost
in the final decision. They also provide the basis for discussing whether the thermal
retrofit changes the cost structure of the building by replacing direct gas use with

electrified thermal-service provision.

4.6 Summary

This chapter translated the general optimization framework introduced in Chapter 3

into a structured scenario ladder for the residential case study. Scenario 0 established
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the baseline reference condition, Scenario 1 introduced shared photovoltaic generation
and shared battery energy storage, Scenario 2 extended the shared-energy configura-
tion by adding service scheduling for selected residential end-uses, and Scenario 3
addressed the thermal retrofit dimension through the comparison of alternative
thermal supply options. Together, these scenarios define the analytical pathway used
in the thesis to evaluate the economic and operational value of progressively more
advanced residential energy interventions.

The chapter also clarified the role of each scenario within the overall logic of the
thesis. Scenario 0 provides the reference condition against which all later cases are
assessed. Scenario 1 isolates the operational value of shared local generation and
storage. Scenario 2 examines whether coordinated service timing can unlock additional
value beyond that obtained from shared assets alone. Scenario 3 complements
the operational analysis by evaluating the annualized cost implications of thermal
technology substitution under preserved service demand. In this way, the scenario
ladder links the general model formulation of Chapter 3 with the comparative results

presented in Chapter 5.
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Chapter 5

Data Preparation and Study

Case

5.1 Introduction

This chapter defines the study case and prepares the input datasets required to
implement the optimization framework developed in Chapter 3. The analysis is
applied to the Italian context, with the case-study building located in Turin, and all
exogenous inputs are organized for a full-year simulation horizon corresponding to the
year 2025. The choice of Italy is motivated by the relevance of the national residential
energy transition, the increasing role of distributed photovoltaic generation, the
continued importance of natural gas in residential thermal services, and the need
to evaluate how electrification, storage, and load shifting can reduce annual energy
procurement costs at building level.

The purpose of this chapter is to move from the abstract methodological framework
to an operational case-study model that can be simulated consistently across all
scenarios. While Chapter 3 established the mathematical structure of the optimization
problem, including the decision variables, objective-function terms, and constraints,
the present chapter explains how the case-study system is constructed from real
and synthetic datasets, how the required energy services are represented, and how
all time series are converted into model-ready hourly inputs. This step is essential
because the credibility of the optimization results depends not only on the model
formulation itself, but also on the coherence, completeness, and consistency of the
data used to drive it.

The model year is set to 2025. This provides a unified temporal reference for all
electricity, thermal, photovoltaic, meteorological, and tariff inputs used in the study.
Adopting a single model year avoids inconsistencies that would arise if datasets from
different years were combined without harmonization. It also allows the thesis to
represent the operation of the residential energy system over a complete annual
cycle, including winter heating demand, summer solar availability, weekday—weekend
variations, and seasonal changes in household electricity use. In this sense, the 2025

horizon is not treated as a speculative forecast of future household behaviour, but as
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the common simulation year used to assemble a coherent case-study database.

To make the modelling process transparent, the data are organized into clearly
defined sectors. These include the case-study definition and modelling boundary,
the household electricity-demand dataset, the thermal-demand dataset, the mobility-
related demand dataset where applicable, the electricity and gas price datasets,
and the weather and photovoltaic dataset. This structure strengthens traceability
and makes it possible to verify each input stream separately before it enters the
optimization framework.

A further objective of this chapter is to preserve the service-based logic of the
thesis. The model does not begin from technology dispatch alone; it begins from the
services required by the occupants, such as appliance electricity use, domestic hot
water, space heating, and, where relevant, electric mobility. These services are then
translated into hourly demand profiles and linked to the technologies considered in
the scenario analysis. This modelling choice is important because it ensures that
scenario comparisons remain fair: any reduction in annual cost or grid dependence
must arise from better coordination, improved technology choice, or more efficient
conversion, rather than from an artificial reduction in the level of service delivered to
residents.

The chapter also addresses household heterogeneity within the building. Rather
than assuming that all apartments follow the same demand pattern, the case study
represents multiple household archetypes with different occupancy structures and
activity profiles. This improves realism at building level because diversity in electricity
and thermal demand affects the timing of peaks, the coincidence between load and
PV generation, and the operational value of shared storage and load shifting. A
homogeneous load assumption would be simpler to implement, but it would reduce
the representativeness of the case study and could bias the estimated value of shared
energy resources.

Another central task of this chapter is data harmonization. Since the model
integrates several data streams, all inputs must be converted to a common hourly
resolution and aligned over the same annual index of 8,760 hours. This includes
timestamp parsing, unit conversion, treatment of missing values, aggregation logic,
and consistency checks between service demand and final energy demand. Without
this harmonization step, the optimization outputs could appear mathematically valid
while remaining physically misleading. For that reason, this chapter is not a merely
descriptive part of the thesis; it is the stage at which the case-study database is made
robust and reproducible.

In summary, this chapter answers a practical question that is central to the thesis:
how is the Italian 2025 residential case study built for simulation? The answer is
developed by defining the modelling boundary, specifying the household structure,
organizing the required input datasets, and transforming each data stream into a
form suitable for the optimization framework. Once these steps are completed, the

case study is ready for the scenario simulations reported in the following chapters.
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5.2 Study case

This section defines the residential case study and the system boundary adopted in
the thesis. All exogenous input datasets are prepared at hourly resolution for the

year 2025 and aligned to a common annual time index of 8,760 time steps.

Building description and system boundary

The case study is a multi-family residential building located in Turin, Italy, and
composed of 20 dwelling units. For weather and solar-resource retrieval, as well as for
reproducibility of the photovoltaic input data, the building location is represented
by the reference coordinates (45.044°N, 7.639°E), corresponding approximately to
an elevation of 257m above sea level. The exact street address is omitted for
privacy, while the geographical representation is sufficient for the construction of
meteorological and PV-related inputs.

The electrical boundary is defined at the building point of connection to the
public distribution grid. The building exchanges electricity with the grid through
hourly imports and, where applicable, hourly exports. The on-site electrical resources
considered in the thesis are a rooftop photovoltaic (PV) system and, in the scenarios
that include storage, a shared building-level battery energy storage system (BESS).
Both resources are connected on the building electrical side and interact with the
aggregated building demand.

At the apartment level, electricity demand is represented by one hourly load

profile per dwelling. The total building electricity demand is obtained by aggregation:
20

-Pload,building(t) — Z Hoad,i(t)y (51)
i=1

where Poaq,i(t) denotes the hourly electricity demand of apartment 4.

Thermal services are represented through the final energy carrier that supplies
them. When thermal demand is met by gas-based technologies, the relevant carrier
is natural gas. When thermal demand is supplied by electrified technologies, such as
a heat pump, the corresponding carrier is electricity. This dual-carrier representation
is consistent with the service-based modelling logic adopted throughout the thesis
and allows the optimization framework to compare different technology options under

a common cost-minimization structure.

Household archetypes and allocation to dwelling units

Household heterogeneity is represented through four archetypes designed to capture

distinct occupancy and activity patterns within the same residential building:

o working couple,

e couple with one child,
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Figure 5.1: Geographical location of the case-study building (Turin, Italy).

Table 5.1: Case-study overview (boundary-level parameters).

Item Value

Location Turin, Italy

Reference coordinates 45.044°N, 7.639°E (approx. 257 m a.s.l.)
Building size 20 dwellings (multi-family residential)
Time resolution 1 hour

Time horizon (2025) 8,760 hours

Modeled energy carriers Electricity and natural gas

Household archetypes Four types

On-site resources (scenarios) Rooftop PV and optional shared BESS

e couple with three children,

e retired couple.

Hourly electricity demand profiles for each archetype are generated synthetically
using the LoadProfileGenerator (LPG) tool, which produces behaviour-consistent
residential load profiles by simulating occupant presence, daily activities, and appli-
ance usage patterns [38, 39]. In the absence of measured smart-meter data for the
specific case-study building, this approach provides a reproducible basis for obtaining
full-year hourly demand traces while preserving controlled household heterogeneity.

In the base building composition, the 20 apartments are distributed evenly across
the four archetypes, with five dwellings assigned to each type. This allocation is
used consistently across the thesis to construct apartment-level demand profiles and
to obtain the final building-level load by aggregation. The chosen composition is
not intended to describe a unique real building with exact census accuracy; rather,
it is adopted as a representative and tractable case-study structure that preserves

diversity in demand timing and magnitude.

o6



Data Preparation and Study Case

Figure 5.2: Case-study building and modelling boundary.

Service-to-device mapping and modelled energy carriers

The demand side of the case study is framed in terms of energy services rather than
a fixed list of appliances. The services required by occupants are mapped to device
operations only to the extent necessary for constructing hourly input datasets and
representing shiftable demand within the optimization. This service-based framing is
consistent with the structure introduced in Chapter 3 and ensures that the modelling
focus remains on satisfying household needs rather than on prescribing device-level
behaviour independently of service delivery.

Within this framework, household electricity demand is divided into two broad

categories:

« Non-shiftable services, corresponding to baseline uses that must be satisfied
in the hour in which they occur, such as lighting, plug loads, refrigeration,

standby loads, and other non-deferrable household uses.

« Shiftable service-tasks, corresponding to device operations that can be
shifted within admissible time windows without changing the final service
delivered to occupants, such as laundry cycles, dishwasher cycles, and electric-

vehicle charging.
Two final energy carriers are considered in the thesis:

e Electricity, used for household electrical services and for electrified technolo-

gies, including EV charging and heat-pump-based thermal supply.

e Natural gas, used for thermal services when these are supplied by gas-based

technologies, such as a boiler or an instantaneous gas water heater.
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Figure 5.3: LoadProfileGenerator interface for residential load profile generation.

The building geometry used to assess photovoltaic potential is extracted from
an OpenStreetMap-derived building polygon dataset. The required attribution is
therefore given according to OpenStreetMap guidance [40]. The detailed PV sizing
assumptions and the PV time-series generation workflow are discussed later in

Section 5.8 and reported in full detail in Appendix A.

5.3 Service-demand profiles

This section describes how the hourly service-demand inputs are constructed for the
optimization model, starting from archetype electricity profiles generated in Load-
ProfileGenerator (LPG) and extending them into a tractable service representation
suitable for hourly optimization. The goal is to maintain a service-based interpreta-
tion of residential demand while ensuring compatibility with the mixed-integer linear

programming framework.

Electricity demand profiles from LoadProfileGenerator

For each household archetype, an hourly electricity-demand profile is generated
using LoadProfileGenerator, an agent-based simulation environment that produces
synthetic but behaviour-consistent residential load traces by modelling occupancy,
activities, and appliance usage [38, 39]. LPG is used in this thesis to obtain full-year
hourly profiles with controlled heterogeneity in the absence of measured smart-meter
data for the case-study building.

The simulation settings adopted for the archetype runs are summarized in Ta-
ble 5.2. The outputs are exported at household level in hourly energy units and
subsequently aligned to the common annual index used in the optimization model.

A concise summary of the LPG configuration is also reported in Appendix B.2.
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Figure 5.4: LPG logic from occupant activities to device-level electricity demand.

Table 5.2: LPG configuration for archetype electricity-demand profiles.

Item Value

Simulation period 01/01/2025-31/12/2025 (full year)
Time resolution 3600 s (1 hour)

Energy carrier Electricity; Gas

Geographical setting European residential context (weekday/holiday calendars)
Archetypes Working couple; 1-child; 3-children; retired couple
Outputs exported Hourly household electricity demand (kWh/h)

The use of synthetic demand data requires an explicit modelling assumption: the
generated profiles are not direct measurements of a specific building, but represen-
tative hourly traces consistent with the activity patterns of the selected household
types. Their role in the thesis is therefore not to reconstruct the exact consumption
history of one real building, but to provide a coherent and reproducible demand

dataset suitable for case-study simulation and scenario comparison.

From household electricity demand to service categories

The optimization model does not operate on a fixed list of independent appliances.
Instead, it uses a service-based demand representation in which each apartment
demand profile is decomposed into a non-shiftable baseline component and a set
of shiftable service-tasks. For each apartment ¢, the hourly electricity demand is
represented as:
Pload,i(t) = PL5(t) + D Piglt), (5.2)
kek;
where PNS(t) is the non-shiftable demand component, K; is the set of shiftable task
categories considered for apartment ¢, and P; j(t) denotes the contribution associated
with task type k.
This decomposition provides two advantages. First, it preserves the physical
interpretation of the total load as the sum of essential and shiftable uses. Second, it
creates a direct interface with the optimization model, in which selected tasks can be

rescheduled within admissible time windows while the non-shiftable demand remains
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fixed.
A compact summary of the main service categories and their carrier mapping is
reported in Table 5.3.

Table 5.3: Service categories, example end uses, and main energy carriers.

Category Example end uses Main carrier

Non-shiftable services lighting, plug loads, baseline household  Electricity

use
Shiftable services (non- laundry cycle, dishwasher cycle Electricity
interruptible)
Shiftable services (in- EV charging Electricity
terruptible)
Thermal services space heating, domestic hot water, Electricity and/or
cooking gas

Task types, shiftability, and admissible time windows

To keep the demand representation consistent with common residential scheduling

formulations, two classes of shiftable service-tasks are distinguished:

o Non-interruptible tasks: once started, they must run continuously until
completion. Typical examples include washing-machine, dryer, and dishwasher

cycles.

o Interruptible tasks: the required energy can be delivered in multiple time
intervals within an admissible availability window, provided that the total
required energy is satisfied by the deadline. In this thesis, EV charging is

modelled in this category.

This distinction is important because it preserves behavioural and technical plau-
sibility. Non-interruptible household cycles are not artificially split into discontinuous
fragments, while EV charging retains the scheduling flexibility that is more consistent
with vehicle parking patterns. In the optimization model introduced previously,
non-interruptible tasks are therefore associated with consecutive-hour operation
constraints, whereas interruptible EV charging is represented through availability
and energy-by-deadline constraints.

The time windows assigned to shiftable tasks are selected to preserve realism
without overcomplicating the behavioural assumptions. For noisy household tasks,
the admissible window is restricted to daytime and evening hours in order to avoid
unrealistic night-time operation. For EV charging, the admissible periods reflect
residential availability, especially overnight and evening presence at home. In this

way, the case study captures load shifting rather than unrestricted scheduling.
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Post-processing and alignment of LPG outputs

All exported LPG time series are post-processed to ensure compatibility with the

hourly optimization horizon. The post-processing includes:

e timestamp parsing and alignment, by converting the exported series to a

continuous hourly index;

e completeness checks, by verifying the presence of 8,760 hourly samples for

the non-leap simulation year;
e sanity checks, including non-negativity and absence of missing values;

o feature extraction, including hour-of-day, day-of-week, and month indicators

used in later analyses and tariff mapping.

This post-processing stage is necessary because the optimization model requires
all exogenous inputs to share a common time base. The household load dataset is
therefore not used directly after generation; it is first converted into a clean, aligned,

and model-ready hourly input.

5.4 Thermal-demand dataset

This section describes how thermal demand is represented in the case study. The
thermal side of the building is treated at the level of required services, with final

energy consumption depending on the technology used to supply those services.

Thermal services and carrier mapping

The main thermal services considered in the thesis are space heating and domestic
hot water (DHW). These services are represented independently of the technology
that provides them. This means that the service requirement exists first, and the
conversion from final energy to useful heat depends on the selected supply technology.

When space heating or DHW is supplied by gas-based technologies, the relevant
input carrier is natural gas. When the same service is supplied by electrified technolo-
gies, such as an air-source heat pump, the relevant carrier becomes electricity. This
separation is important because it allows the optimization to compare technology
options on a common service basis instead of embedding technology assumptions

directly into the demand definition.

Domestic hot water volume to gas consumption

The available DHW dataset provides an hourly profile of hot-water production
volume, expressed in litres per hour. To estimate gas consumption associated with
this service, the DHW volume is first converted into useful thermal energy delivered
to the water, then mapped to fuel input energy through an efficiency assumption,

and finally converted into standard cubic metres of natural gas.
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Let Vi denote the DHW volume produced in hour ¢ in litres, Tjot the hot-
water setpoint temperature, and T¢qq, the cold mains-water temperature at hour ¢.
Assuming water density p,, ~ 1kg/L and specific heat capacity ¢, ~ 4.186 kJ/(kg K),

the useful thermal energy delivered to the water is:
™ = puVicw (Thot — Teold,r) - (5.3)
Expressed in kWh, this becomes:
PEW kW] ~ V; [L] - (Thot — Teold) [°C] - 0.001163, (5.4)

where the factor 0.001163 converts the product of mass and temperature difference
into kWh. This formulation is consistent with the DHW energy-balance approach
used in UNI/TS 11300-2 [41].

When direct measurements of mains-water temperature are unavailable, the
cold-water temperature is represented through a smooth seasonal approximation.
Following a sinusoidal approach commonly used in the literature [42], the Turin

mains-water temperature is approximated as:

Teold(d) = Tinean + A sin(W) , (5.5)
where d is the day of the year. In this thesis, the parameters are set to Tyean = 14°C,
A = 6°C, and dy = 134, yielding a realistic annual range of approximately 8°C in
winter and 20°C in late summer for Turin.

Let nppw denote the efficiency of the instantaneous gas water heater. The hourly

fuel input energy is:
DHW

E%* [kWh] = “L— | (5.6)
IDHW

with a conservative baseline value of nppw = 0.82 adopted in the absence of detailed
equipment specifications. This is consistent with literature-based values for non-
condensing gas tankless heaters, while condensing units can reach higher efficiencies
[43].
To convert the gas input energy into standard cubic metres (Smc), the higher
heating value (PCS) is used:
for

VE* [Smc] = PCS’ (5.7)

where PCS depends on gas composition and is reported on Italian bills [44]. A
representative value of PCS ~ 10.7kWh/Smc is adopted for the present case study.
The annual DHW energy and associated gas consumption are finally obtained by

hourly aggregation:

Quuayt =>_QP™W,  ESS =N "EFS. VES =) VY (5.8)
t t t
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This conversion procedure ensures that the DHW dataset is expressed in a form
directly compatible with the energy-balance and cost calculations used later in the

optimization.

5.5 Mobility-related demand dataset

Electric-vehicle charging demand is included in the case study when the relevant
scenario design requires mobility-related electricity consumption. In the present
thesis, EV charging is associated with the working-couple and couple-with-one-child
archetypes, reflecting the more likely presence of commuting-related mobility demand
in these household types.

The EV dataset is represented as an hourly electricity-demand series and aligned
to the same 2025 annual time base used for the other exogenous inputs. Where the
source trace is archetype-based, it is scaled to building level by multiplication with

the number of apartments assigned to the relevant household type.

Daily energy requirement and overnight alignment

Because EV charging windows often cross midnight, a simple calendar-day aggregation
from 00:00 to 24:00 can artificially split a single overnight charging opportunity
into two separate daily constraints. To avoid this inconsistency, daily EV energy
requirements are defined over an offset 24-hour interval aligned with the end of the

overnight charging window. For each day d:

E]l:g _ Z EEV base (59)
teTpv (d)

where Tpy(d) denotes the shifted daily interval used to define the EV charging
requirement for archetype k.

This approach improves consistency between daily energy requirements and the
admissible charging window, especially in cases where evening arrival and morning

departure define the physically relevant availability period.

Presence-based availability windows

An hourly availability mask wy,; is constructed to represent the periods during which
the EV is assumed to be connected and available for charging. The mask is based
on the type of day (weekday, Saturday, Sunday, or national holiday) and follows
the basic principle that the vehicle is mainly available at home during evening and
overnight hours on weekdays, with wider availability on weekends and holidays.
This modelling approach is consistent with common residential EV-charging
formulations, where availability is linked to arrival and departure patterns rather
than treated as unrestricted charging over the full day [45, 46]. In the optimization
model, the EV charging power is therefore constrained both by availability and by

the daily energy requirement defined above.
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Figure 5.5: Italian TOU bands used in this thesis (F1/F2/F3).

Table 5.4: Fixed TOU import prices used in the 2025 tariff dataset.

Band Price [/kWh]

F1 0.129865
F2 0.120466
F3 0.106513

5.6 Electricity tariff dataset

An hourly time-of-use (TOU) electricity-price dataset is constructed for the full year
2025. Each hour is assigned to one of the Italian retail time bands b(t) € {F1,F2,F3}
according to the ARERA definition of electricity time bands [47].

The band mapping adopted in this thesis is the following:

o F1 (peak): Monday—Friday, 08:00-19:00, excluding national holidays;

o F2 (mid-peak): Monday—Friday, 07:00-08:00 and 19:00-23:00, and Saturday
07:00-23:00, excluding national holidays;

o F3 (off-peak): Monday—Saturday 00:00-07:00 and 23:00-24:00, and all hours

on Sundays and national holidays.

Once the band assignment is defined, a fixed import price is assigned to each

hour through:
PP () = ppy - 1[b(t) = F1] + ppo - 1[b(t) = F2] + pps - I[b(t) = F3], (5.10)

where pp1, pr2, and prg are the band-specific electricity prices taken from the supplier
offer adopted in this thesis. The resulting values are reported in Table 5.4.

National holidays are assigned to F3 for all 24 hours, consistently with the ARERA
band definition [47]. The list of Italian national holidays used in the 2025 mapping
is reported in Appendix B.1.
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The resulting hourly price series constitutes the electricity procurement signal used
in the optimization model. Its role is not merely descriptive: it directly influences the
value of battery dispatch, the timing of shiftable electricity uses, and the comparative

economics of electrified thermal technologies.

5.7 Natural gas price dataset

Household gas tariffs do not provide an hourly price signal equivalent to electricity
TOU pricing. In Italy, ARERA describes the gas bill as the sum of several macro-
components, including commodity sales, transport and meter management, system
charges, and taxes or VAT [48]. For this reason, two complementary gas-price

representations are used in the thesis:

1. a commodity-only gas price signal, suitable for marginal cost comparisons

and technology sensitivity;

2. a full retail gas cost representation, suitable for annual bill-consistent

comparisons.

Commodity-only gas price

As a public and reproducible proxy for the commodity component of natural gas,
the monthly ARERA index CM EM,, is adopted, expressed in /Smc and published
for the “Servizio di tutela della vulnerabilita” [49]. Since the optimization is hourly,

the monthly value is mapped to all hours within the corresponding calendar month:
p%as = CMEM,,) [/Smc], (5.11)

where m(h) denotes the month associated with hour h.
When conversion to /kWh is required, the ARERA calorific reference of PC'S =
0.038520 GJ/Smc is used:

1 Sme ~ 0.038520 GJ/Smc x 277.78 kWh/GJ ~ 10.7 kWh, (5.12)

and therefore:
CMEM,, [/Smc]

10.7

The monthly values used for 2025 are summarized in Table 5.5.

PES /16Wh] =

(5.13)

Full retail gas cost representation

A single full-retail price obtained by dividing total bill cost by total gas consumption
is not appropriate as a marginal price because the gas bill includes fixed charges that
depend on contract structure rather than on hourly usage [48, 50]. For this reason,

the full-retail representation separates variable and fixed components.
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Table 5.5: ARERA CMEM,, values used in this thesis for 2025 (/Smc).

Month (2025) CMEM,, [/Smc]

Jan 0.533576
Feb 0.566178
Mar 0.455069
Apr 0.402365
May 0.403010
Jun 0.418839
Jul 0.392478
Aug 0.380886
Sep 0.373358
Oct 0.353669
Nov 0.348704
Dec 0.327985

Let V denote the set of variable gas-bill components expressed per Smc. The

monthly variable retail price is:

peEES VAL = Z Cim [/Smc], (5.14)
JeEVY

and the corresponding hourly marginal gas cost is:

p%as,var — pi?(s},:;ar. (515)

The fixed components of the bill are aggregated at annual level:

cEsix =3¢y, (5.16)
JEF
where F includes all fixed quota items. This annual term is relevant for overall
techno-economic comparison, especially when evaluating whether a gas connection
is retained or replaced by full electrification, but it does not influence intra-day
scheduling decisions.
This two-level representation of gas cost allows the thesis to distinguish correctly

between hourly marginal operation and annual bill-consistent comparison.

5.8 Rooftop PV sizing and generation

This section defines the photovoltaic input used in the case study. It includes both
the rooftop PV sizing envelope, which sets the technical upper bound for PV capacity,
and the hourly PV generation series used as the exogenous renewable input for the

2025 simulation year.

66



Data Preparation and Study Case

Table 5.6: PV sizing envelope used in the thesis.

Parameter Value

Roof area from OSM polygon Aot = 642 m?

Maximum PV modules ey =127
PV size decision 0 < Spy < SE*
Upper bound definition Spvs = No2X Prod

Rooftop PV sizing envelope

The roof geometry is derived from an OpenStreetMap-based building polygon and
used to define the physically feasible rooftop area available for PV deployment. The
usable roof area is:

Aroor = 642 m?. (5.17)

Based on the available footprint and a conservative layout assumption that
accounts for spacing, walkways, setbacks, and partial shading, the maximum feasible
number of PV modules is:

max _ 197, (5.18)

mod

Let Poq denote the rated module power in kWp per module. The PV peak-power
upper bound is then:
Slr:’n\é}x = Nrrnngé( mod- (5.19)

In the scenarios that include PV sizing as a decision, the installed PV capacity is
constrained by:
0 < Spy < Spv™. (5.20)

Hourly PV time-series generation for 2025

The optimization requires an hourly PV generation input for the reference year
2025. Since the adopted workflow aims to remain consistent with PVGIS-based
PV performance estimation while also producing a full 2025 series, the PV input is
generated using a PVGIS-consistent data-preparation procedure. Historical PVGIS
hourly outputs are used as the target variable, while hourly meteorological and
radiation predictors are retrieved from Open-Meteo [51, 52, 53].

The regression model is based on gradient-boosted decision trees (XGBoost),
which are used to approximate the mapping between the meteorological feature vector

x4 and the corresponding PV specific yield:

Gt = fo(xt), (5.21)

where §; is the predicted hourly specific PV generation and fy is the trained regression
function [54]. The predictor set includes radiation variables such as global, direct,
and diffuse irradiance, as well as cloud cover, temperature, wind speed, and calendar

information [53].

67



Data Preparation and Study Case

PHOTOVOLTAIC GEOGRAPHICAL INFORMATION SYSTEM k

European Commission > EU Science Hub > PVGLS > Interactive tools

H e 2 Cursor: Use terrain shadows:
i-E . & Selected:  45.044,7.639 E=E e
I O £ Elevation (m): 257 [} No file chosen
g3
£ ¢ Pvesw 83 Switch to version 5.2
G
o ‘ 4 HOURLY RADIATION DATA %)
0
. o j racation dat: PVGIS-ERAS v
!o R
z J’Q,x%” 3 W\ ‘ WF-GRID 2018 rd 2023 v
i & X Mounting type:’
§ 4 d | MONTHLY DATA @ o]
3 7 _
i 25 | -
] # 180- 188
§ s §
% B 7 PV power
g “a% u; | . A y Crystalline Silicon (original)
2 ( 8325 |
a < . 14
o
e, i =
i o 0 e g 4 Radiation companents
5. < oy 2
o
Ry N s 9
L__con | [ ) ¢ O

Figure 5.6: PVGIS interactive tool interface.

To ensure physical plausibility, the predicted values are post-processed to enforce
non-negativity:
¢ + max(0, Gi), (5.22)

and zero output is imposed during night-time hours where irradiance indicates the
absence of solar input.

The hourly PV generation time series used in the model is then obtained by linear
scaling with the installed PV capacity:

PVi = gt Spv. (5.23)

This expression is used consistently across the thesis. In fixed-size cases, Spy is
a parameter. In investment cases, it is a decision variable bounded by Eqgs. (5.20)—
(5.19). In both cases, the resulting series PV} acts as the exogenous hourly renewable-
generation input for the electricity balance.

The detailed technical workflow for PV sizing, time-series generation, and valida-
tion is intentionally reported in Appendix A, so that the main chapter can remain
focused on the role of the PV series as an input dataset for the optimization rather

than on low-level implementation details.

Data inventory, harmonization, and consistency checks

This section summarizes the main input datasets used in the case study and describes
the harmonization steps required before these data can be introduced into the

optimization model.
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Table 5.7: Main datasets used in the case study and their role in the model.

Dataset Resolution / year  Units Purpose
Archetype electricity hourly, 2025 kWh per hour Household electricity de-
traces mand by archetype; basis for

apartment-level and building-
level load construction.

DHW profile / hourly, aligned to L/h or con- Basis for domestic hot water

thermal-service in- 2025 verted kWh/h service and associated fuel-

put consumption estimation.

EV charging trace hourly, aligned to kWh Mobility-related electricity
2025 demand where applicable.

PV series (2025) hourly, 2025 kWh/h or kW Exogenous PV generation

equivalent input PV;.

TOU electricity hourly, 2025 /kWh Exogenous electricity import

tariff price series p™P(t).

Gas price dataset monthly mapped to  /Smc or /kWh Marginal and annual gas-cost
hourly, 2025 representation.

Data inventory

Table 5.7 summarizes the principal datasets used in the thesis and their role in the

case-study database.

Common time base and alignment

A single reference time index is defined for the year 2025, covering 8,760 hourly steps.
All input series are reindexed or constructed to match this reference. This is a critical
modelling choice because it prevents subtle misalignment errors in which demand,
generation, and prices would otherwise be evaluated on different timestamps.

The harmonization procedure includes:

1. parsing and standardizing timestamps,

2. sorting and deduplicating observations where needed,

3. converting all inputs to hourly resolution,

4. shifting or aligning source data to the 2025 simulation year where required,
5. reindexing all series to the common hourly DateTimelndex,

6. checking units and applying any necessary conversions,

7. filling only physically justified missing values.

The use of a common annual time base is particularly important for coupling
tariff signals with demand and PV availability. Since the optimization is driven by
hourly costs and hourly balances, even minor timestamp inconsistencies could lead

to misleading results.
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Consistency checks

Before entering the optimization framework, all datasets are subjected to a set of

consistency checks. These include:

e 8760-hour completeness: all aligned series must contain exactly 8,760 hourly

values.
e Index comnsistency: all time series must share the same hourly index.

e Unit consistency: electricity, gas, and thermal-service inputs must be ex-

pressed in units compatible with the mathematical formulation of the model.

e Non-negativity: demand and generation series must not contain physically

meaningless negative values unless explicitly defined by sign convention.

o Aggregation consistency: apartment-level and archetype-level inputs must

aggregate correctly to building level.

e Carrier consistency: electricity and gas datasets must correspond to the

carrier mapping defined by the selected service-supply technology.

For PV data, an additional sanity check is required on the reported unit, since
some sources report PV output in watts rather than kilowatts. In such cases, the series
must be converted before entering the optimization. For thermal data, the consistency
of DHW conversion from volume to useful energy and then to gas consumption must
also be verified. These checks ensure that the resulting simulation database is not

only complete, but also physically meaningful.

5.9 Summary

This chapter established the case-study foundation of the thesis by defining the
Italian residential building, fixing the modelling boundary, and preparing the hourly
input datasets for the 2025 simulation year. The required information was organized
into distinct sectors, including building definition, electricity demand, thermal de-
mand, mobility-related demand, electricity and gas prices, and weather/PV inputs.
Particular attention was given to household heterogeneity, service-based demand
representation, rooftop PV sizing, and the conversion of all datasets to a common
hourly time base.

By harmonizing these inputs and preserving a consistent service-oriented inter-
pretation of residential energy use, the chapter created the reproducible database
required for the optimization framework introduced in Chapter 3. The case study is
therefore fully specified at this stage and can be used in the following chapters for

the scenario simulations and comparative analysis.
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Chapter 6

Simulation Results and

Discussion

6.1 Introduction

This chapter presents the simulation results of the scenario ladder introduced in
Chapter 4, using the optimization framework developed in Chapter 3 and the case-
study data prepared in Chapter 5 The aim of the chapter is not only to report the
numerical outputs of the simulations, but also to interpret their meaning in economic
and operational terms. For this reason, the discussion focuses on how each scenario
modifies the cost structure, energy flows, and service-management behavior of the
studied residential building.

The results are organized according to the progressive logic of the scenario ladder.
Scenario 0 defines the baseline benchmark and represents the reference condition
with no shared photovoltaic generation, no shared battery energy storage system, no
shiftable-service scheduling, and no thermal retrofit action. Scenario 1 introduces
shared PV and shared BESS in order to evaluate the first technological improvement
beyond the baseline. Scenario 2 extends this configuration by adding the scheduling
of selected shiftable residential services, thus assessing the incremental value of opera-
tional coordination. Scenario 3 addresses the thermal retrofit dimension separately by
comparing alternative thermal supply technologies under the same building demand
conditions. This structure allows the contribution of each intervention to be assessed
step by step, instead of combining all decision layers into a single opaque result.

A key objective of this chapter is therefore comparative interpretation. The
baseline scenario provides the annual reference cost and the original dependence on
external energy carriers. The following scenarios are then evaluated in relation to
this benchmark in order to determine whether the introduction of shared energy
assets or scheduling strategies produces a meaningful improvement. In this way, the
analysis does not simply describe isolated values from figures and tables, but explains
why the observed results emerge and what they imply for the performance of the
building energy system.

The discussion is developed mainly at building level, since the shared-energy
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scenarios are designed to represent a collective residential system. However, selected
archetype-level results are also reported where necessary to explain differences among
household profiles and to clarify how family composition affects the distribution of
energy use and cost. This distinction is particularly important because the aggregated
building results reflect both the benefits of shared operation and the heterogeneity of
the underlying apartment-level demand.

To improve readability, the chapter begins with a scenario matrix that summarizes
the technological and operational features activated in each case. The results are
then discussed in the same logical order as the scenario ladder itself: first the
baseline benchmark, then the transition from Scenario 0 to Scenario 1, followed
by the additional contribution of scheduling in Scenario 2, and finally the thermal
comparison developed in Scenario 3. A short summary at the end of the chapter
synthesizes the main findings and prepares the ground for the final conclusions of
the thesis.

6.2 PV power forecasting

An hourly photovoltaic (PV) power series for the reference year 2025 was generated
using an XGBoost regression model trained on PVGIS hourly PV power targets
and meteorological predictors obtained from Open-Meteo. The forecasting workflow
is reported only briefly here because its detailed implementation has already been
defined in Chapter 5 and is documented in full in Appendix A. In summary, the
model uses historical PVGIS outputs as the target variable, combines them with
hourly weather and irradiance predictors, and produces a complete hourly forecast
for the simulation year 2025. This forecast is required because the optimization
framework operates at hourly resolution over the full year and therefore needs a
physically consistent PV availability profile rather than a single annual yield value.

The predictor set includes irradiance-related variables such as global tilted irradi-
ance (GTI), global horizontal irradiance (GHI), diffuse horizontal irradiance (DHI),
and direct normal irradiance (DNI), together with additional meteorological features
such as ambient temperature, wind speed, cloud-cover indicators, and calendar-based
encodings of seasonal and diurnal position. The dataset is split chronologically into
training (2018-2021), validation (2022), and test (2023) subsets. Model performance
is evaluated on the 2023 test year, including a daylight-hours subset, in order to
verify that the learned mapping is able to reproduce the PVGIS reference output
with sufficiently high fidelity before it is applied to the forecast year 2025.

In the test evaluation, the model achieves strong agreement with the PVGIS
reference series during daylight hours, indicating that the dominant physical relation-
ship between irradiance conditions and PV output is captured with good accuracy.
The purpose of the present section, however, is not to restate performance metrics
in isolation, but to interpret what the forecast diagnostics imply for the subsequent
optimization scenarios. In this thesis, the forecasting step is important not as an

end in itself, but because it determines the hourly renewable input that drives the
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Figure 6.1: Daily peak PV power in 2023: PVGIS reference versus model prediction.

economic and operational interaction between rooftop PV generation, shared battery
storage, and load scheduling in the following scenarios.

Figure 6.1 provides the first validation check by comparing the daily maximum
PV power of the 2023 PVGIS reference series with the corresponding daily maximum
predicted by the model on the 2023 test year. This figure is not intended to assess
every hourly fluctuation in detail; rather, it is used to verify whether the model
reproduces the annual envelope of peak PV production and its seasonal progression.
The comparison shows that the predicted daily peaks follow the overall shape of the
reference series closely across the year, with high peak values concentrated in the
high-irradiance months and much lower values during winter. This is an important
result because it indicates that the forecast does not suffer from an obvious seasonal
distortion such as systematic overprediction in summer or underprediction in winter.

At the same time, the deviations that remain between the predicted and reference
daily maxima are also meaningful. They are typically more visible on days with rapidly
changing atmospheric conditions, when short-term cloud variability can produce sharp
local peaks that are more difficult for a regression model to reproduce exactly. In
other words, the model captures the dominant seasonal and meteorological structure
of PV production well, while still smoothing part of the day-to-day irregularity
associated with highly variable sky conditions. This is an acceptable and expected
behaviour for the present application, since the optimization model mainly requires
a realistic hourly PV availability signal with correct magnitude and seasonal timing,
rather than perfect reconstruction of every extreme peak event.

A second and distinct diagnostic is provided by Figure 6.2, which compares the
daily maximum PV power of the 2023 PVGIS reference year with the daily maximum
values predicted for the forecast year 2025. The purpose of this figure is different
from that of Figure 6.1. It is not a strict validation plot, because the 2025 series is a
forecast input rather than an observed reference year. Instead, it is used to assess
whether the forecasted 2025 PV input remains seasonally consistent and physically
plausible for use in the optimization model.

The predicted 2025 daily maxima preserve the expected annual pattern of solar
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Figure 6.2: Daily peak PV power: 2023 PVGIS reference versus 2025 model
prediction.

availability, with higher output concentrated in spring and summer and lower peaks
during winter. This broad seasonal structure is the main feature that the optimiza-
tion model needs in order to simulate the temporal interaction between local PV
production, electricity demand, battery charging, and grid exchange. Visible differ-
ences between the 2023 PVGIS series and the 2025 predicted series should therefore
not be interpreted as a contradiction of the forecasting approach. The two profiles
correspond to different meteorological years, so some divergence is naturally expected
as a result of inter-annual weather variability. What matters for the thesis is that
the 2025 forecast remains realistic in magnitude, seasonal timing, and day-of-year
structure, so that it can serve as a credible exogenous renewable input for the scenario
analysis.

Taken together, Figures 6.1 and 6.2 support the use of the forecasted PV series
in the optimization stage. The first figure shows that the model is able to reproduce
the peak-envelope behaviour of the historical reference year with good seasonal
consistency, while the second figure shows that the forecast year used in the simulation
preserves a physically credible seasonal structure. The final forecast output is exported
as an hourly time series for 2025 (column P_pred with timestamps) and is used to
define the exogenous PV input profile P’" in Scenarios 1-3. In this way, the following
results are driven by a full-year hourly PV input that is not only technically available,
but also checked for plausibility before being introduced into the shared-energy

optimization framework.
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6.3 Scenario setup and evaluation

Before discussing the numerical results, it is useful to summarize the technological
and operational features activated in each scenario. Table 6.1 presents the scenario
matrix adopted in this study. The matrix clarifies the progressive structure of the
scenario ladder and shows how each scenario builds on the previous one. Scenario 0
represents the baseline case, with no PV, no BESS, no service scheduling, and no
thermal intervention. Scenario 1 introduces shared PV and BESS. Scenario 2 extends
this configuration by adding service scheduling. Scenario 3 represents the most
complete configuration, in which the previous electricity-side measures are retained
and the thermal dimension is also included.

This structure defines the evaluation logic of the chapter. Scenario 0 provides
the benchmark against which the following scenarios are assessed. Scenario 1 is
compared against Scenario 0 to quantify the effect of shared PV and BESS, Scenario 2
is compared against Scenario 1 to isolate the additional contribution of service
scheduling, and Scenario 3 is interpreted as the full configuration. In this way,
the results are discussed as a progressive transition rather than as disconnected

simulations.

Table 6.1: Scenario structure

Scenario PV BESS Service scheduling Thermal

So X X X X
Si v v X X
So v v v X
Ss v v v v

6.4 Scenario 0: Baseline benchmark

Question addressed by Scenario 0

Scenario 0 establishes the benchmark operating condition of the case-study building
before any technological or operational intervention is introduced. The purpose of

this scenario is to answer the following baseline question:

What is the annual energy procurement cost and grid-dependence profile
of the building when no shared energy asset, scheduling strategy, or

thermal retrofit measure is introduced?

Answering this question is essential because all subsequent scenarios are evaluated
relative to the same service-preserving reference condition. Scenario 0 therefore
provides the benchmark annual procurement cost, the benchmark pattern of grid de-
pendence, and the benchmark gas-cost level from which the economic and operational

effects of the later scenarios are measured.
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Table 6.2: Scenario 0 building KPIs.

Indicator Value Unit

Annual electricity consumption  87,885.67 kWh

Electricity procurement cost 10,588.71 €
Annual gas consumption 12,562.11  Smc
Annual gas energy 134,414.62 kWh
Gas procurement cost 5,239.73 €
Total annual cost Cy 15,828.44 €

Table 6.3: Scenario 0 KPIs by archetype.

Archetype Electricity El. cost Gas Gas cost  Total cost
(kWh) (€) (kWh) (€) (€)
Working couple 3,880.49 469.61 4,606.00 178.97 648.58
Family with 1 child 5,715.19 685.55  7,363.30 286.89 972.44
Family with 3 children  5,879.00 709.42 10,491.70  408.98 1,118.40
Retired couple 2,102.46 253.16 4,422.00 173.11 426.27

Scenario 0 represents the conventional operating condition of the residential
building. FElectricity demand is supplied entirely through grid imports under the
hourly time-of-use tariff, while gas demand is met through the existing gas-based
thermal configuration. No shared photovoltaic generation is installed, no shared
battery energy storage system is available, no shiftable-service scheduling is activated,
and no thermal retrofit measure is introduced. Electricity and gas demands are
therefore treated as fully exogenous inputs, and the reported annual costs arise solely
from the interaction between fixed service demand and the adopted electricity and
gas price signals.

At building level, the baseline annual electricity consumption is 87,885.67 kWh,
associated with an electricity procurement cost of EUR 10,588.71. Annual gas
consumption reaches 12,562.11 Smc, equivalent to 134,414.62 kWhye, with a gas
procurement cost of EUR 5,239.73. The total annual baseline procurement cost
is therefore EUR 15,828.44. These values define the reference point used in the
following sections to quantify the cost savings and operational effects of the subsequent
scenarios.

To support a more detailed interpretation, Table 6.3 reports the same baseline
results by household archetype. This breakdown is important because the benchmark
is clearly heterogeneous across dwelling types, and later savings cannot be interpreted
as if all households started from the same demand and cost structure.

Image 6.3 summarizes the same benchmark graphically. The ranking is clear: the
Family with 8 children archetype has the highest annual total cost, followed by Family
with 1 child, Working couple, and Retired couple. This pattern is consistent with the
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Archetype Comparison - Annual KPIs
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Figure 6.3: Scenario 0 KPIs by archetype.
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Figure 6.4: Scenario 0 electricity by time-of-use band.

expected service demand of larger households. Higher occupancy generally increases
appliance use, domestic hot-water demand, and overall thermal-service requirements,
so both electricity and gas costs rise accordingly. The benchmark therefore already
shows that household composition is a relevant driver of annual procurement cost.

A second key result concerns exposure to the time-of-use electricity tariff. Im-
age 6.4 shows the distribution of annual electricity imports and electricity procurement
cost across the F'1, F2, and F3 bands. The baseline building imports 35,829 kWh in
F1, 28,027 kWh in F2, and 24,029 kWh in F3. The corresponding annual costs are
€ 4,653.0, € 3,376.3, and € 2,559.4, respectively. The important point is not only
that F1 is the most expensive band, but that the cost share is more concentrated
in F1 than the energy share. This means that the economic burden of electricity
procurement depends not only on how much electricity is purchased, but also on
when it is purchased. This tariff structure is central to the later scenarios: PV,
storage, and scheduling become valuable because they can reduce imports specifically
during the most expensive hours.

The operational structure of the electricity baseline is clarified further by the
building-level load-duration image shown in Figure 6.5. The sorted hourly profile
shows that the highest electricity imports occur during a relatively small number of

hours, whereas most of the year is characterized by substantially lower demand levels.
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Figure 6.5: Scenario 0 electricity load-duration curve.

In other words, the baseline is peaky rather than flat. This is typical of aggregated
residential demand: diversity across households smooths part of the annual profile,
but simultaneous end-use activity still creates short periods of high demand. These
peak hours matter disproportionately because they can coincide with expensive tariff
periods, and they are exactly the hours in which shared PV, shared BESS, and
shiftable-service scheduling can deliver the greatest benefit.

The thermal side of the benchmark can be interpreted more clearly by examining
the gas demand structure in the same load-duration format. Image 6.6 shows that
the sorted gas-demand profile declines much more sharply than the corresponding
electricity profile and approaches zero for a substantial portion of the year. This
indicates that gas demand is concentrated in a relatively limited number of hours
dominated by space-heating and domestic-hot-water requirements, rather than being
sustained uniformly across the annual horizon. In other words, the thermal side of
the building is not only large in annual magnitude, but also structurally seasonal.
This distinction is important for interpreting the scenario ladder: Scenarios 1 and 2
primarily improve the timing and sourcing of electricity demand, whereas the thermal
problem addressed in Scenario 3 is driven by a different demand pattern, characterized
by concentrated heating-season loads and long low-demand periods outside the main
winter months.

Figure 6.7 complements this interpretation by showing the seasonal breakdown
of electricity and gas consumption. Electricity demand is comparatively flatter
across seasons than gas demand, reflecting the persistent contribution of residential
appliance, lighting, and occupancy-driven uses throughout the year. Gas demand,
by contrast, is strongly seasonal, with markedly higher values in winter and lower
values in summer. This confirms that the baseline building is not purely an electricity
problem. Even though Scenarios 1 and 2 primarily target electricity procurement
through shared PV, storage, and scheduling, they do so on top of a thermal-demand
background that remains structurally important in the annual energy balance.

Overall, Scenario 0 establishes a transparent benchmark for the rest of the chapter.

It quantifies the original annual procurement cost of the case-study building, identifies
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Figure 6.6: Scenario 0 gas load-duration curve.
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Figure 6.7: Scenario 0 seasonal energy use.

clear heterogeneity across household archetypes, shows that tariff exposure makes
the timing of electricity imports economically important, and demonstrates that the
electricity and gas sides of the building have different structural demand patterns.
The baseline is therefore not only costly, but also operationally uneven: Electricity
demand is year-round and peaky, whereas gas demand is strongly seasonal and
concentrated in the heating period. These characteristics explain why the following
scenarios are evaluated incrementally rather than in isolation.

The seasonal interpretation of the baseline can be refined further by decomposing
monthly electricity and gas demand across the household archetypes. While the
previous figure shows the aggregate building-level seasonal pattern, the following two
figures clarify how that pattern is distributed across the representative household
types.

Figure 6.8 shows that electricity demand remains present throughout the year and

exhibits only moderate seasonal variation compared with the gas case discussed next.
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Figure 6.8: Monthly electricity demand by archetype in Scenario 0.

1600

Monthly Electricity Demand [kWh]
o o

o

o
=]

Total Monthly Gas Demand by Archetype
3000 Archetype

I Couple Working
[ Family, 1 Child
[ Family, 3 Children

2500 I Retired Couple

2000
1500
1000
500
0 Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Figure 6.9: Monthly gas demand by archetype in Scenario 0.
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This indicates that the electricity side of the building is structurally persistent rather
than concentrated in a narrow seasonal window. The decomposition also shows that
the two family archetypes contribute the largest share of monthly electricity demand
in almost every month, confirming that larger households drive a disproportionate
part of the building-level electricity requirement. The main analytical point is
therefore not only that electricity demand is uneven across archetypes, but also that
this heterogeneity remains stable across the year. From the perspective of the later
scenarios, this is important because Scenarios 1 and 2 act on an electricity demand
profile that remains relevant in all months, not only during a short seasonal period.

Figure 6.9 reveals a much stronger seasonal signature. Total monthly gas demand

is clearly highest in the colder months and falls substantially during summer, which
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confirms that the thermal side of the building is governed primarily by space-heating
and domestic-hot-water requirements rather than by uniform year-round use. The
family archetypes again account for the largest share of the total demand, but the
more important result is the shape of the profile itself: unlike electricity, gas demand
is strongly concentrated in the heating season. This distinction matters because it
shows that the thermal problem later addressed in Scenario 3 is not simply a scaled
version of the electricity problem. Instead, it has a structurally different temporal
pattern, with pronounced winter concentration and much lower relevance in the
warmer months.

Taken together, Figures 6.8 and 6.9 strengthen the interpretation of Scenario 0
by showing that the two energy carriers differ not only in annual magnitude, but also
in their monthly structure across household types. Electricity remains comparatively
persistent over the year, whereas gas exhibits a much stronger seasonal concentration.
This confirms that the baseline building combines a year-round electricity procurement

problem with a distinctly seasonal thermal-demand problem.

Mini-conclusion

Scenario 0 provides the service-preserving benchmark of the case-study building
under conventional operation. In the absence of shared PV, shared BESS, shiftable-
service scheduling, and thermal retrofit, the building records an annual electricity
procurement cost of EUR 10,588.71, a gas procurement cost of EUR 5,239.73,
and a total annual baseline cost of EUR 15,828.44. The baseline also shows clear
heterogeneity across household archetypes, significant exposure to the high-price F1
tariff band, a peaky electricity-demand structure, and a strongly seasonal gas-demand
profile. These characteristics define the reference state against which the economic

and operational value of the subsequent scenarios is assessed.
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6.5 Scenario 1: Shared PV and shared battery operation

Question addressed by Scenario 1

Scenario 1 addresses the following question: after establishing the baseline procurement
cost and grid dependence in Scenario 0, how much can annual electricity procurement
cost and annual grid import be reduced by introducing a shared rooftop photovoltaic
(PV) system and a shared battery energy storage system (BESS) at building level?
This scenario also separates the effect of PV alone from the additional effect of shared
storage, so that the contribution of each intervention can be interpreted transparently.
Since no service scheduling is introduced at this stage, any reduction in cost or
imports is attributable only to shared PV generation and shared battery dispatch
under the same time-of-use tariff structure used in the baseline. This is therefore a

service-preserving comparison.

Reference to the baseline case

Scenario 0 is the benchmark for evaluating Scenario 1. In the baseline case, all
building electricity demand is supplied by grid imports, no local PV generation
is available, no battery is installed, and delivered services remain unchanged. At
building level, the baseline annual electricity procurement cost is € 10,588.7/yr,
the baseline annual grid import is 87,885.7 kWh/yr, and the total annual energy
procurement cost including gas is € 15,828.4/yr. These values define the reference
against which the economic and physical contribution of shared PV and shared

storage must be measured.

Electricity-cost reduction: PV-only versus PV+BESS

Figure 6.10 compares annual electricity procurement cost for the three relevant cases:
the baseline reference (Scenario 0), the PV-only subcase, and the full PV4+BESS
case. The baseline annual electricity procurement cost is € 10,588.7/yr. When
only shared PV is introduced, the annual electricity procurement cost falls to €
7,228.9/yr, corresponding to a saving of € 3,359.8/yr relative to the baseline. When
the shared BESS is added, the annual electricity procurement cost decreases further
to € 6,573.7/yr. The total electricity-cost saving therefore reaches € 4,015.0/yr
relative to Scenario 0, while the incremental value of shared storage beyond PV-only
is € 655.2/yr.
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Figure 6.10: Annual total energy procurement cost in Scenario 1.

The same pattern is observed for the total annual energy procurement cost shown
in Figure 6.11. Since gas demand and gas cost remain unchanged from Scenario 0,
the reduction in total procurement cost is driven entirely by the electricity-side
improvement. Total annual procurement cost decreases from € 15,828.4/yr in the
baseline to € 12,468.7/yr in the PV-only case and to € 11,813.4/yr in the PV+BESS
case. This confirms that the Scenario 1 benefit comes from improved electrical
self-supply rather than from any change in gas consumption or thermal service

demand.
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Figure 6.11: Annual total energy procurement cost in Scenario 1.

These results show a clear hierarchy of value. Shared PV provides the dominant
first-step reduction because on-site generation directly offsets a substantial share of
daytime electricity purchases. By contrast, the battery does not generate energy; its
role is to improve the timing of energy use by storing part of the available surplus
and releasing it later when the building still requires electricity. The contribution of
storage is therefore real but incremental, which is exactly the pattern expected in a

no-export behind-the-meter configuration.

Grid-import reduction and physical interpretation

Figure 6.12 reports annual grid import for the same three cases. In the baseline,
annual grid import is 87,885.7 kWh/yr. With PV-only, annual grid import decreases
to 61,017.8 kWh/yr, corresponding to a reduction of 26,867.9 kWh/yr. Adding shared
BESS further reduces annual grid import to 56,334.2 kWh/yr, for a total reduction
of 31,551.5 kWh/yr relative to the baseline. The incremental reduction enabled by
shared storage beyond PV-only is therefore 4,683.6 kWh/yr.
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Figure 6.12: Annual grid import for the baseline, PV-only, and PV+BESS.

This result is important because it shows that the benefit of Scenario 1 is not
only monetary but also physical. The lower electricity cost is accompanied by a
substantial reduction in imported electricity, which means that the model is not
simply shifting purchases between tariff hours; it is improving the actual matching
between local generation, storage operation, and demand. At the same time, the
result also shows that storage refines rather than dominates the PV effect. Most of
the reduction is already achieved by PV alone, while the battery captures part of
the remaining mismatch between midday PV production and later building demand.
This is fully consistent with the Scenario 1 formulation, which reports both electricity

cost and annual grid import as the core KPIs.

Battery operating signature

The battery operating signature provides further evidence of how the EMS uses
storage. Annual discharged energy is approximately 8,403 kWh, corresponding to
about 420 equivalent full cycles for a 20 kWh battery. This indicates that the battery

is actively used across the year rather than remaining idle for long periods.
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Figure 6.13: Distribution of hourly battery state of charge in Scenario 1.

Figure 6.13 shows that the battery spends a large share of the year close to its
minimum operating bound of 5%, while higher SOC levels occur much less frequently.
This pattern indicates that the shared battery is actively dispatched and often
depleted soon after charging opportunities arise. In combination with the high annual
cycling level, the SOC distribution suggests that the battery capacity is relatively
limited compared with the magnitude and persistence of the aggregated building
demand. Therefore, its role is not to eliminate grid dependence, but to improve the
temporal matching between PV availability, imported electricity, and building load.

:contentReference|oaicite:14]index=14

Mini-conclusion

Scenario 1 demonstrates that shared rooftop PV is the primary driver of cost reduction
at building level, while shared battery storage provides a secondary but meaningful
incremental benefit. Relative to the baseline, the PV-only case reduces annual
electricity procurement cost from € 10,588.7 to € 7,228.9 and annual grid import
from 87,885.7 to 61,017.8 kWh. Adding shared BESS further reduces electricity
procurement cost to € 6,573.7 and annual grid import to 56,334.2 kWh. The
battery creates this additional value by increasing the utilization of on-site PV
generation, reducing curtailment, and improving the temporal matching between
energy availability and building demand. Since no service scheduling is introduced
in this scenario, all reported gains are achieved in a service-preserving manner and
therefore represent the pure contribution of shared PV and shared storage dispatch

under the adopted no-export framework.
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Table 6.4: Annual electricity cost and grid import from the baseline to Scenario 2.

Configuration Annual electricity cost Annual grid import
(€) (kWh)

Baseline 10,589 87,886

PV only 7,229 61,018

PV + BESS 6,574 56,334

PV + BESS + shiftable loads 6,040 53,475

6.6 Scenario 2: Shared PV 4+ BESS -+ Shiftable

Scenario question and analytical focus

Scenario 2 addresses the following question: to what extent can demand-side scheduling
of selected shiftable electrical services further improve the performance of the shared
PV+BESS configuration introduced in Scenario 17

The purpose of this scenario is not merely to show that flexibility reduces annual
electricity cost, but to explain how this reduction is achieved. In particular, Scenario 2

examines whether the scheduling of shiftable household services can:
1. increase the direct coincidence between building demand and PV generation,
2. reduce residual grid import after the introduction of the battery,
3. improve the utilization of locally generated PV electricity, and
4. provide additional economic benefit beyond the PV+BESS case.

The optimization preserves the same annual service demand as in the baseline
schedule and therefore does not create artificial savings by suppressing appliance
use. Instead, the model repositions eligible loads within their admissible operating
windows so that consumption is better aligned with PV-rich hours and with the
battery dispatch strategy. In this way, the scenario isolates the operational value of

load shifting on top of the energy-system assets already introduced in Scenario 1.

Annual scenario comparison

Table 6.4 compares the annual building-level electricity cost and annual grid import
across the four electricity configurations considered in Chapters 3 and 4: the baseline
case without shared assets, the PV-only case, the PV+BESS case, and the full
PV+BESS+shiftable-load case.

The progression across the four configurations is structurally coherent. The
introduction of shared PV already delivers the largest single improvement, because a
significant fraction of daytime electricity demand can be covered directly by on-site
generation. Relative to the baseline, the PV-only case reduces annual electricity
cost by about 3,360 €/year. The addition of the battery produces a second, smaller

improvement, since excess PV generation can be shifted from production hours to
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later hours with positive residual demand. Finally, the introduction of shiftable
loads yields a further reduction of about 534 €/year relative to the PV4+BESS case,
bringing the total annual electricity cost down to 6,040 €. This corresponds to an
overall reduction of about 43 % relative to the baseline configuration.

A similar pattern appears in annual grid import. Shared PV reduces grid purchases
substantially because locally generated electricity directly offsets daytime demand.
The battery then decreases imports further by storing part of the PV surplus and
discharging it when PV production is unavailable. Scenario 2 adds another reduction
of about 2,859 kWh /year relative to the PV+BESS case, and the total decrease with
respect to the baseline reaches about 34,411 kWh/year, or approximately 39 %. The
key point is that flexibility does not replace the role of PV or storage; instead, it
increases their operational effectiveness by moving part of the controllable demand

into hours where locally generated or previously stored energy is available.
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Figure 6.14: Annual electricity cost across the four electricity configurations.

Figure 6.14 shows that the economic contribution of flexibility is incremental
rather than dominant. This is an important result. It means that the value of load
shifting is real, but bounded by the size of the shiftable demand, by comfort and
scheduling constraints, and by the fact that PV and storage have already captured
the largest part of the easy savings. Therefore, Scenario 2 should be interpreted as a
refinement of the PV+BESS strategy rather than as a fundamentally different cost
driver.

Figure 6.15 confirms the same hierarchy from an energy-balance perspective. The
difference between the PV+BESS and PV+BESS+shiftable-load cases is smaller than
the difference between the baseline and the PV cases, but it is still meaningful because
it shows that flexibility improves local matching between demand and available energy
resources. In other words, Scenario 2 does not reduce annual demand; it reduces the

timing mismatch between demand and supply.
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Figure 6.15: Annual grid import across the four electricity configurations.

Shiftable Appliance Scheduling: Allowed Window, Preferred Hour, and Optimized Start
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Figure 6.16: Allowed window, preferred hour, and optimized start.

How the load is shifted

The effect of load shifting in Scenario 2 is better understood by examining the
scheduling logic of the flexible services rather than only comparing aggregate start-
time distributions. Figure 6.16 therefore reports, for representative shiftable ap-
pliances, the admissible operating window, the preferred hour, and the optimized
start selected by the model. This figure is intended as a representative illustration
of the scheduling mechanism rather than as a complete behavioural description
of every household archetype. In practice, preferred operating times differ across
household types, especially between working and non-working occupants, but the
same optimization principle applies in all cases: each service can only be shifted
within its feasible window and only when the resulting relocation improves the overall
operating condition of the system.

Figure 6.16 shows that the optimizer does not move all loads uniformly, nor does
it shift them exclusively toward the hours of maximum PV generation. Instead,

each appliance is repositioned selectively within its admissible window according to
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the combined influence of PV availability, tariff conditions, battery interaction, and
residual grid dependence. This point is important because it clarifies that Scenario 2
is not based on arbitrary schedule manipulation, but on feasible and system-oriented
rescheduling.

The washing machine remains essentially aligned with its preferred hour, indicating
that its original timing is already close to an acceptable operating point and that the
additional benefit of moving it further would be limited. The dishwasher undergoes
only a modest adjustment, shifting slightly earlier while still remaining well inside its
feasible window. This suggests that the optimizer applies only a targeted correction
when the expected system benefit is relatively small. By contrast, EV charging
experiences the strongest relocation, moving from an evening-preferred start toward
the early-morning window. This is the clearest example of flexibility being exploited
where it provides the greatest operational value. The fact that this optimized start is
not colocated with the midday PV peak confirms that the scheduling decision is not
driven by PV alone. Rather, the optimizer seeks the most favourable feasible hour
from the perspective of the overall system, including the avoidance of more critical
import periods later in the day.

The figure should also be interpreted with some behavioural caution. A single
preferred hour cannot represent all household archetypes equally well, since working
households, families, and retired occupants typically exhibit different daily routines.
For example, appliance use in working households is more likely to be concentrated
in the evening than in midday hours. Nevertheless, this does not invalidate the
figure. Its role is not to reproduce every behavioural variant in detail, but to show
the scheduling principle adopted in Scenario 2: user preference is respected where
possible, flexibility is used only within admissible bounds, and stronger shifts occur
only for services whose wider temporal freedom makes them more valuable for system
coordination.

Overall, Figure 6.16 explains why Scenario 2 improves upon the PV+BESS
configuration without relying on unrealistic demand relocation. The benefit arises
from selective and feasible schedule adjustments, with the largest changes assigned to
the services that can move most effectively and with the least behavioural penalty. The
system-level impact of this redistribution is examined next through the comparison
of the average 24-hour grid-import profiles across Scenarios 0, 1, and 2.

The system-level consequence of this rescheduling is shown in Figure 6.17, which
compares the average hourly grid-import profiles of Scenario 0, Scenario 1, and
Scenario 2, together with the average PV generation profile and the hourly change in
net grid import caused by load shifting.

Figure 6.17 shows that the benefit of load shifting does not come from reducing grid
import uniformly across all hours. Instead, Scenario 2 redistributes grid dependence
over the day. Relative to Scenario 1, the optimized schedule increases net import
during the early-morning hours, particularly in the off-peak period, and reduces
it from late morning through the evening. This pattern is consistent with the

scheduling logic observed previously: highly flexible demand, especially EV charging,
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Figure 6.17: Average 24-hour grid import and PV generation in Scenarios 0-2.

is moved away from the evening preference and into earlier hours where the system
can accommodate it more effectively. The most important result is the reduction in
residual grid import during the late afternoon and evening, where the PV4+BESS
case still exhibits a pronounced dependence on the grid. This means that the
operational value of Scenario 2 lies not in suppressing demand, but in repositioning
flexible consumption toward hours that improve the overall coordination between PV
availability, battery operation, and grid exchange. In other words, the optimizer uses
temporal flexibility to relieve the most critical import periods rather than simply
shifting demand at random.

Taken together, Figure 6.16 and 6.17 explain why Scenario 2 improves upon the
PV+BESS case. The first image shows that the schedule changes are feasible and
selective, while the second shows that these changes translate into a more favorable
daily grid- import profile. The representative summer and winter weeks discussed
next provide a more detailed temporal view of how this coordinated behaviour unfolds

under different seasonal operating conditions.

Representative summer and winter dispatch

Representative weekly dispatch plots help interpret how the optimized schedule
interacts with the shared PV system and battery across seasons. Figures 6.18 and
6.19 show the optimized building load, PV generation plotted as negative power,
residual grid import, battery discharge, and battery state of charge over a summer

week and a winter week, respectively.
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Scenario 2: Optimized Building Load vs PV - Summer Week
(Flex shifts appliances toward PV-rich midday hours)
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Figure 6.18: Representative summer-week dispatch in Scenario 2.

In summer, the effect of load shifting is more visible because PV production is
high and sustained during midday hours. The optimized load curve tends to rise in
periods where solar generation is abundant, which indicates that part of the shiftable
demand has been intentionally moved to coincide with local production. As a result,
daytime PV surplus is more effectively absorbed by the building, reducing both
curtailment and the need for later grid purchases. The battery then complements this
behavior by storing part of the residual surplus and discharging during subsequent
hours of positive demand. In practical terms, the summer result shows that flexibility
increases the direct-use value of PV before the battery even intervenes.

In winter, the same mechanism is present but less pronounced. PV production is
lower and more intermittent, so the optimization has fewer high-generation hours
to exploit. Consequently, the role of load shifting becomes more constrained: some
demand can still be moved toward the limited daytime PV window, but the potential
for direct solar self-consumption is smaller than in summer. Under these conditions,
the battery remains useful, yet it also has less surplus PV energy available for charging.
This seasonal contrast explains why annual flexibility gains are moderate rather than
dramatic. The scheduling logic is effective, but its benefit is fundamentally dependent
on the magnitude and timing of PV availability.

For the battery state of charge, the technical operating range should be interpreted
relative to the nominal 20 kWh capacity. The minimum and maximum allowed SOC
are 1kWh and 19kWh, corresponding to 5% and 95 %, respectively. In the final
thesis version, the SOC axis should therefore be shown in percentage rather than in

kWHh, since this communicates the actual operating window more clearly and directly.
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Scenario 2: Optimized Building Load vs PV - Winter Week
(Flex shifts appliances toward PV-rich midday hours)
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Figure 6.19: Representative winter-week dispatch in Scenario 2.

Interpretation of the incremental shiftable benefit

The annual results demonstrate that the incremental contribution of flexibility is
positive but moderate. This is the correct result, not a weakness of the model. The
baseline-to-PV transition captures the large structural gain of replacing imported
daytime electricity with local generation. The PV-to-PV+BESS transition captures
the next layer of value by transferring part of the solar surplus over time. Scenario 2
then operates on the remaining mismatch, which is narrower and more constrained.

This explains why the additional savings from shiftable loads are smaller in
magnitude than the savings produced by PV or by PV+BESS. The optimization is
acting on a restricted portion of total demand, and that demand must still satisfy
service timing, comfort, and technical feasibility. In other words, Scenario 2 improves
the system mainly through better temporal coordination, not through large changes
in annual energy quantity.

The Scenario 2 results therefore support three conclusions. First, load shifting
is operationally valuable because it reduces residual grid dependence even after PV
and storage are installed. Second, its benefit is strongest when PV availability is
high enough to provide attractive hours for rescheduling, which makes the effect
more visible in summer than in winter. Third, the economic value of flexibility is
complementary to shared energy assets, not independent of them. The model shows
that flexibility works best when it is integrated with PV and storage rather than

analyzed as an isolated measure.
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Scenario 2 mini-conclusion

Scenario 2 answered the question of whether the addition of shiftable electrical loads
can improve the shared PV+BESS configuration at building level. The results show
that it can. Relative to the PV+BESS case, load shifting reduces annual electricity
cost by about 534 € and annual grid import by about 2,859 kWh. Relative to the
baseline, the full PV+BESS+shiftable-load configuration reduces electricity cost by
about 43 % and grid import by about 39 %.

More importantly, the scenario clarifies the mechanism behind these gains. The
optimization does not lower service demand; it reschedules eligible loads toward
hours with stronger PV availability and more favorable system conditions. This
increases direct PV self-consumption, improves the interaction between demand and
storage, and decreases the residual need for imported electricity. The benefit remains
moderate because only part of the load is shiftable and because realistic operational
constraints are preserved. Nevertheless, the results confirm that demand scheduling
is a meaningful complementary strategy once shared PV and battery storage are

already in place.

6.7 Scenario 3: Thermal retrofit optimization

Question addressed by Scenario 3

Scenario 3 evaluates the thermal retrofit dimension of the case study by comparing
two alternative technologies for supplying the same hourly thermal-service demand:
a condensing gas boiler and an air-source heat pump (ASHP). Unlike Scenarios 0-2,
which focus on electricity procurement and operational coordination, the purpose of

Scenario 3 is to answer a narrower but important techno-economic question:

Which thermal supply technology can provide the required space-heating
and domestic-hot-water services at lower annualized cost under the same

thermal demand conditions?

This distinction is important for the logic of the chapter. In the previous scenarios,
the main economic question concerns electricity procurement under different shared
energy configurations. In Scenario 3, the comparison is instead investment-aware and
service-preserving. The thermal demand itself is not reduced, and the result depends
on the trade-off between annual operating cost and annualized capital burden. The
scenario therefore isolates the effect of changing the thermal conversion technology
without mixing it with the shared-PV, shared-BESS, or service-scheduling effects

analyzed earlier.

Archetype-level annual thermal cost comparison

The primary economic result is the comparison of annualized thermal-supply cost
across the four household archetypes. Figure 6.20 compares the existing gas-boiler

case with the ASHP retrofit for the same annual thermal-service requirement.
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Annual thermal cost comparison: existing gas boiler and ASHP retrofit
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Figure 6.20: Annual thermal cost comparison: existing gas boiler and ASHP
retrofit.

Table 6.5: Scenario 3 final optimization KPIs.

Thermal demand [kWhy,/yr] Peak load Gas boiler [€/yr] ASHP [€/yr]

Archetype QsH Qpaw Qtot kW] OPEX Total OPEX Total

Couple working 4300.43 3915.11 8215.54 9.71 353.21 769.50 299.96  1750.87
Family (1 child) 5375.54 6258.81 11634.34 14.37 501.22  1117.27 421.28 2568.44
Family (3 children) 6181.87 8917.91 15099.78 18.15 651.11 1429.42 547.88  3260.59
Retired couple 4837.98 3758.66  8596.64 10.58 370.69 824.32 313.64 1894.72

Figure 6.20 shows that, under the assumptions adopted in this thesis, the gas-
boiler option remains cheaper than the ASHP retrofit for all archetypes. The result is
not marginal for the three non-retired archetypes, where the cost gap is large enough
to indicate a clear preference for the boiler under the present parameterization. The
economic conclusion is therefore straightforward: within the current CAPEX, O&M,
lifetime, discount-rate, and fixed-COP assumptions, the ASHP does not recover its
higher annualized investment cost through operating-cost savings alone.

To support the interpretation of this comparison, Table 6.5 reports the main
thermal-service and cost indicators by archetype, including annual space-heating
demand, annual domestic-hot-water demand, total useful thermal demand, required
design capacity, and the annualized total-cost outputs of the two technology options.

The table confirms that annualized cost increases broadly with useful thermal
demand, but that demand magnitude alone does not explain the technology choice.
The key result is that the ASHP remains more expensive even though it is thermo-
dynamically more efficient. This indicates that the final decision is being driven by

the structure of costs rather than by service demand alone.
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Scenario 3 - Cost Breakdown by Component
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Figure 6.21: Stacked annual cost breakdown by archetype and technology.
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Cost-component decomposition

The mechanism behind the solver’s decision is clarified by Figure 6.21, which decom-
poses annual cost into energy OPEX, annualized CAPEX, and annual O&M for each
archetype and technology.

Figure 6.21 explains why the boiler is selected even though the ASHP is more
efficient in delivering useful heat. The ASHP consistently benefits from lower energy-
related operating cost, because its electricity input is lower than the boiler’s fuel input
after thermal conversion losses are taken into account. In purely operational terms,
this is the expected and physically consistent result. However, the ASHP also carries
a much larger annualized CAPEX burden than the gas boiler for all archetypes,
and its annual O&M term is higher as well because it is modeled as a fraction of a
larger upfront investment. Under the present assumptions, this capital-cost penalty
dominates the operating-cost benefit, which is why the total annualized cost of the
ASHP remains higher.

Retrofit benefit indicator

The investment relevance of this result is made explicit by Figure 6.22, which reports
the annual cost penalty of the ASHP relative to the existing gas boiler.

Figure 6.22 translates the cost-breakdown result into direct decision language.
Positive values indicate that the ASHP retrofit increases annualized cost relative to
the baseline boiler case, whereas negative values would indicate a net saving. In the
present results, all four archetypes show a positive annual penalty, which means that
the retrofit is not economically justified under the modeled assumptions. This is the
most direct expression of the Scenario 3 conclusion, because it answers the practical
investment question immediately: the ASHP is not only more expensive in total,

but also fails to generate an annualized cost saving relative to the existing thermal
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Annual cost penalty of ASHP relative to baseline gas boiler
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Figure 6.22: Annual ASHP cost penalty relative to the baseline gas boiler.

supply option.

The largest penalty is observed for the Family (3 children) archetype, followed by
Family (1 child), Retired couple, and Couple working. This ranking is consistent with
the larger design capacities and thermal-service requirements associated with the
higher-demand households. At the same time, the uniformly positive bars confirm
that the result is not an isolated edge case. Under the current assumptions, the

economic disadvantage of the ASHP persists across all archetypes.

Interpretation of the retrofit outcome

Taken together, Figures 6.20, 6.21, and 6.22 provide a coherent interpretation of
the Scenario 3 outcome. The first figure identifies which technology is cheaper, the
second explains the internal economic mechanism behind that result, and the third
converts the same outcome into an explicit investment signal. This combination is
important because it prevents an ambiguous reading of the cost breakdown. The
ASHP is not rejected because it performs poorly as a heat-supply technology; it is
rejected because, under the present economic assumptions, its efficiency advantage is
not large enough to compensate for its higher annualized capital burden.

This conclusion should therefore be interpreted as assumption-dependent rather
than universal. Scenario 3 does not show that ASHP retrofits are inherently un-
economic in all contexts. Instead, it shows that under the specific CAPEX values,
component lifetimes, O&M treatment, discount-rate assumptions, and fixed-COP
representation adopted in this thesis, the annual operating-cost savings are insufficient

to offset the higher annualized investment cost of electrified thermal supply.
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Mini-conclusion

Scenario 3 answered the question of whether replacing the existing gas boiler with an
ASHP reduces the annualized cost of supplying the same space-heating and domestic-
hot-water services. Under the assumptions adopted in this thesis, it does not. For all
four household archetypes, the gas-boiler option remains the lower-cost choice once
annualized CAPEX, annual O&M, and energy-related operating cost are combined
in a single yearly objective function. The retrofit-benefit indicator makes this result
directly visible: all archetypes exhibit a positive annual cost penalty for the ASHP
relative to the baseline boiler case. The base-case recommendation of Scenario 3 is
therefore to retain the gas boiler under the modeled assumptions, while recognizing
that this conclusion is sensitive to investment cost, lifetime, discount rate, and heat-

pump performance assumptions.
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Chapter 7

Conclusion and Future Prospects

7.1 Conclusion

This thesis developed a service-preserving optimization framework to evaluate how
shared photovoltaic generation, shared battery storage, flexible demand scheduling,
and thermal retrofit options affect the economic and operational performance of a
multi-family residential building. The central contribution is not a single technology
model in isolation, but a structured decision-support methodology that combines
hourly data preparation, annual techno-economic optimization, and staged scenario
comparison within one coherent framework.

The work addressed a practical residential decision problem: how a multi-unit
building can be modernized while preserving the same underlying household services
and while keeping the economic interpretation of each intervention transparent. To
answer this question, the thesis used a scenario-ladder structure in which each scenario
isolates a distinct decision layer. This separation is important because it allows the
value of local generation, storage, scheduling, and thermal technology choice to be
interpreted progressively rather than being mixed into one opaque final result.

The first main outcome of the thesis is the establishment of a clear and traceable
baseline benchmark. Scenario 0 showed that, under conventional operation and in
the absence of shared PV, shared BESS, flexible scheduling, and thermal technology
substitution, the case-study building records an annual electricity procurement cost of
EUR 10,588.71, a gas procurement cost of EUR 5,239.73, and a total annual baseline
cost of EUR 15,828.44. The benchmark analysis also showed that the building is
heterogeneous across household archetypes, that exposure to the high-price F1 tariff
band is economically important, and that electricity and gas follow different structural
patterns, with electricity remaining comparatively persistent across the year and gas
being much more seasonal. These baseline results are important because they define
the reference state against which all later interventions are interpreted.

The second main outcome concerns the value of shared rooftop PV and shared
battery storage at building level. Scenario 1 showed that shared PV is the dominant
source of electricity-cost reduction, while shared BESS provides a secondary but still

meaningful incremental benefit. Relative to the baseline, the PV-only case reduces
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annual electricity procurement cost from EUR 10,588.7 to EUR 7,228.9 and annual
grid import from 87,885.7 kWh to 61,017.8 kWh. When shared BESS is added, the
annual electricity procurement cost falls further to EUR 6,573.7 and annual grid
import to 56,334.2 kWh. These results show that the battery does not create value
independently of PV, but rather improves the temporal use of locally generated
electricity by reducing mismatch between daytime PV production and later demand.

The third main outcome concerns the additional value of flexibility. Scenario 2
showed that flexible scheduling of selected electrical services improves performance
beyond the PV+BESS configuration, but that this improvement is moderate rather
than dramatic. The full PV+BESS+shiftable-load case reduces annual electricity
procurement cost to EUR 6,040 and annual grid import to 53,475 kWh. This result
is important not because it produces the largest absolute saving, but because it
clarifies the role of flexibility within the hierarchy of interventions. Load shifting
does not create value by reducing service demand. Instead, it improves temporal
coordination by moving eligible consumption toward more favourable hours within
feasible operating windows. Its contribution is therefore positive and meaningful,
but naturally smaller than the structural gains already captured by shared PV and
shared storage.

The fourth main outcome concerns the thermal retrofit comparison. Scenario 3
evaluated whether replacing the existing gas boiler with an air-source heat pump can
reduce the annualized cost of supplying the same thermal-service demand. Under
the assumptions adopted in this thesis, it cannot. For all household archetypes, the
gas boiler remains the lower-cost option once annualized CAPEX, annual O&M,
and energy-related operating cost are combined into one yearly objective. The cost
breakdown showed that the ASHP benefits from lower operating cost, but that this
advantage is insufficient to compensate for its higher annualized investment burden.
The retrofit-benefit indicator made this conclusion explicit by showing a positive
annual ASHP cost penalty for all archetypes. The Scenario 3 result is therefore clear:
under the present assumptions, the ASHP is physically credible but not economically
preferred.

Taken together, these findings lead to a coherent overall conclusion. For the stud-
ied building, the most robust economic improvement is created by shared rooftop PV,
strengthened by shared battery storage and complemented by realistic load shifting.
By contrast, thermal electrification through ASHP does not become cost-optimal
under the present annualized-cost assumptions. This means that the modernization
value of the building is not concentrated in one universal intervention. Instead, it
emerges from a hierarchy of decision layers, each of which contributes differently and
must be interpreted on its own terms.

From a methodological perspective, the thesis also contributes a transparent way
of structuring residential-energy decisions. By separating the scenario ladder into
distinct operational and investment layers, the framework avoids the ambiguity of
one-step co-optimization in which the source of value can become difficult to interpret.

The thesis therefore contributes not only numerical results for one case-study building,

100



Conclusion and Future Prospects

but also a decision-oriented modeling logic that makes it possible to identify where
value is created, why it is created, and under which assumptions it remains valid.
Overall, the thesis answered its research question by showing that a service-
preserving, scenario-based optimization framework can provide transparent annual
techno-economic decision support for residential building modernization. For the
present case study, the strongest and most robust pathway is based on shared PV,
reinforced by shared battery storage and improved through realistic scheduling of
flexible demand, while the ASHP retrofit remains economically unattractive under
the current assumptions. The framework developed in this work should therefore
be understood not only as a simulation tool, but also as a structured method for

interpreting residential modernization choices step by step.

7.2 Future Prospects

The framework developed in this thesis provides a strong basis for expansion toward
larger and more integrated residential energy systems. The most important future
direction is not simply the refinement of the present building model, but the extension
of the same optimization logic from a single multi-family building to a broader
residential energy-community scale. This is the natural next step, because many of
the benefits associated with distributed generation, shared storage, and coordinated
flexibility become even more relevant when multiple buildings are allowed to interact
within a common local energy system.

A first and particularly promising extension is therefore the transition from the
single-building case study to a multi-building or community-scale framework. In such
a setting, the optimization could coordinate shared PV generation, centralized or
distributed battery storage, flexible household demand, and electric-vehicle charging
across several buildings rather than within one building boundary only. This would
make it possible to evaluate how diversity across buildings, user routines, and demand
profiles can further improve local self-consumption, reduce peak grid dependence,
and strengthen the collective economic value of shared energy assets.

A second important prospect concerns the inclusion of broader community-level
coordination mechanisms. Future developments could incorporate peer-to-peer energy
sharing, collective battery allocation rules, community EV-charging coordination,
and alternative electricity-sharing arrangements between residential users. Such an
extension would shift the framework from a building optimization tool toward a more
comprehensive local-energy-management methodology suitable for residential energy
communities.

A third promising direction is the refinement of behavioural representation. The
present thesis already models flexibility in a service-preserving way, which provides a
strong foundation for more detailed behavioral treatment in future work. Archetype-
specific preferences, occupancy schedules, and differentiated flexibility windows could
be represented more explicitly so that working households, families with children, and

retired occupants are captured with greater realism. This would further strengthen
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the practical relevance of scheduling results, especially in larger community-scale
applications.

Another relevant extension concerns the market and policy environment in which
the framework operates. Future studies could examine the same optimization struc-
ture under dynamic electricity tariffs, export remuneration, collective self-consumption
rules, investment subsidies, tax incentives, or carbon-related fuel penalties. This
would make it possible to assess how the economic ranking of PV, storage, flexibility,
and thermal retrofit options changes under different regulatory conditions and would
increase the usefulness of the framework for planning and policy-oriented analysis.

The thermal dimension also offers substantial room for extension. In particular,
the Scenario 3 methodology can be expanded beyond the present gas-boiler-versus-
ASHP comparison toward a richer community-level thermal strategy that includes
temperature-dependent heat-pump performance, hybrid systems, thermal storage,
and interaction between electrified heating and shared PV generation. This would
allow future work to evaluate not only annualized retrofit economics, but also the
operational synergies between local renewable electricity and electrified thermal
supply.

A further prospect is the inclusion of environmental criteria alongside the economic
assessment. Future applications of the framework could combine annualized cost,
self-consumption, grid-import reduction, and carbon-emission performance within
a multi-criteria decision structure. This would be especially valuable at energy-
community scale, where economic and environmental objectives are often pursued
simultaneously rather than separately.

Finally, the methodology can be replicated across a wider range of case studies,
including different climates, tariff regimes, building typologies, and residential user
compositions. Such extensions would make it possible to assess which conclusions are
robust across contexts and which remain specific to the present case-study building.
In this sense, the thesis should be seen not only as the analysis of one residential
building, but also as the foundation of a scalable methodology for future research on
shared residential energy systems and local energy communities.

In summary, the most important future perspective of this work is its expansion
from a single-building optimization framework to a coordinated multi-building resi-
dential energy-community framework. By scaling the methodology in this direction,
the same service-preserving and decision-oriented logic developed in this thesis can

be applied to a broader and more impactful class of residential energy systems.
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Appendix A

Photovoltaic system sizing and

PV time-series generation

This appendix reports the PV sizing inputs and the detailed PV time-series generation
workflow used to construct the hourly PV series PV; for 2025.
A.1 PV sizing inputs

The PV array is constrained by rooftop geometry. The usable roof area for PV
deployment is Ayoof = 642 m? and the installed layout corresponds to Nyoq = 127
PV modules. The installed peak capacity is computed as:

Pg{;t :Nmod'Pmod> (Al)

where P04 is the module nameplate power from the selected module datasheet. The

geometric feasibility condition is:
Nmod : Amod < Aroofa (AQ)

where A,0q is the module area. Tilt/azimuth and loss assumptions are kept consistent
between PVGIS configuration and Open-Meteo GTI query, as required by the adopted
PVGIS-consistent workflow [51, 53].
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Figure A.2: PV layout used for sizing.

Figure A.3: Rooftop geometry and PV module layout adopted in the case study.

A.2 PV time-series generation workflow
The PV time-series generation for 2025 follows these steps:

1. PVGIS target series (2018-2023). Retrieve PVGIS hourly PV power
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output (PPP) for 2018-2023 under a fixed PV system configuration (capacity,
tilt/azimuth, losses) [51].

2. Open-Meteo predictors (2018-2025). Retrieve hourly meteorological and
radiation predictors for 2018-2025 from Open-Meteo Historical Weather API,
including GHI/DHI/DNI and GTTI for the same coordinates [52, 53].

3. Timestamp alignment. Since Open-Meteo radiation variables are past-hour
means, shift Open-Meteo timestamps by 30 minutes to represent midpoint
values and merge to PVGIS timestamps using nearest-neighbor matching within

a small tolerance [53].

4. Train/validation/test split. Split the paired dataset chronologically: train
(2018-2021), validation (2022), test (2023).

5. Model training. Train an XGBoost regressor to predict PVGIS PPP from
Open-Meteo predictors [55].

6. Evaluation. Compute MAE/RMSE on 2023 (and optionally daylight-only).

7. Inference for 2025. Apply the trained model to Open-Meteo 2025 predictors
to produce PV; for all 8,760 hours.

Model hyperparameters and additional diagnostic plots (optional) can be reported
here if required by the thesis format.
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Appendix B

Supplementary data preparation
details

This appendix collects supplementary details that support reproducibility but would
interrupt the flow of Chapter 3.
B.1 national holidays for TOU assignment

National holidays are treated as off-peak (F3) for all 24 hours in the tariff mapping
used in this thesis. Easter Sunday and Easter Monday are computed algorithmically
for 2025.

B.2 LoadProfileGenerator configuration summary

LoadProfileGenerator (LPG) is used to generate full-year hourly residential electricity
demand profiles for the four household archetypes [38]. Table B.2 summarizes the

key simulation settings used for all archetypes.
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Supplementary data preparation details

Table B.1: Italian national holidays used for time-band assignment (2025).

Date (2025) Holiday

Jan 1 New Year’s Day

Jan 6 Epiphany

Apr 20 Easter Sunday

Apr 21 Easter Monday

Apr 25 Liberation Day

May 1 Labour Day

Jun 2 Republic Day

Aug 15 Assumption (Ferragosto)
Nov 1 All Saints’ Day

Dec 8 Immaculate Conception
Dec 25 Christmas Day

Dec 26 St. Stephen’s Day

Table B.2: LPG simulation configuration

Setting Value

Simulation period 01/01/2025-31/12/2025

Time step 3600 s (1 hour)

Energy carrier Electricity

Context European residential routines/holidays

Output exported  total household electricity demand (kWh per hour)
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Appendix C

Component lifetimes and

replacement assumptions

This appendix documents the lifetime assumptions used to annualize capital expen-
ditures (CAPEX) and, when relevant, to model replacement costs consistently with

a one-year (2025) operational optimization horizon.

C.1 Economic horizon and annualization

All operational decisions are optimized over year 2025 with hourly resolution. In-
vestment costs are converted to an equivalent annual cost to allow comparison on a
/year basis.

For a component i with upfront CAPEX I; (), lifetime L; (years), and real

discount rate r, the capital recovery factor (CRF) is:

r(1+4 7))k
F(r,L;) = ————F——. 1
CRF(r, L) = s (eRY
The annualized CAPEX of component 7 is:
C;ifm = 1I;- CRF(r, L;). (C.2)

Component lifetimes and replacement assumptions

Lifetime values

Table C.1 reports the lifetimes adopted for energy-system assets used directly in
Scenario 3. Table C.2 reports indicative household appliance lifetimes; these are only
relevant if an appliance replacement decision is explicitly modeled and are otherwise
reported for transparency.

Note: In the main formulation, these lifetimes are primarily used for CAPEX
annualization. Explicit replacement decisions are only relevant when replacement is

directly modeled or when the analysis horizon is sufficiently long.
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Component lifetimes and replacement assumptions

Table C.1: Asset lifetimes used for CAPEX annualization in Scenario 3.

Asset Lifetime Repl. Modeling use
L; (y) modeled?

PV modules (rooftop plant) 25 Optional Annualized over PV
lifetime.

PV inverter 10-15 Optional Replacement only for
long horizons.

BESS (battery pack) 10-15 Optional Annualized using Lipqs.

Air-source heat pump (ASHP) 15-20 Optional CAPEX included if
ASHP is selected.

Gas boiler (condensing) 13-21 Optional CAPEX included if

boiler is selected.

Table C.2: Indicative appliance lifetimes.

Appliance / component Lifetime  Modeling use
()
Dishwasher 9 Binary replacement decision if
appliance replacement is included.
Dryer 13 Binary replacement decision if
appliance replacement is included.
Washing machine 5-15 Use a base-case value, such as 10
years.
Water heater (electric or gas) 10-11 Relevant only if DHW equipment is

modeled separately.
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Component lifetimes and replacement assumptions

Note: Appliance lifetime values are indicative and should be interpreted as modeling

assumptions rather than exact service-life guarantees.
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