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Abstract

Integrating renewable energy systems into the energy supply requires improving the alignment
between energy generation and demand, given the inherent intermittency of renewable energy
generation. Enhancing demand-side flexibility through controllable loads and energy storage sys-
tems is therefore essential. As the building sector accounts for a significant share of global energy
consumption, the electrification of thermal building loads provides a substantial opportunity for
energy flexibility. This dissertation contributes to two key areas of building energy flexibility:
building energy modeling and advanced control strategies for demand response. In the domain
of building energy modeling, this thesis investigates uncertainties in gray-box thermal building
models and proposes an ensemble modeling approach to account for variations in occupant be-
havior. The proposed approach achieves improved indoor air temperature forecasting accuracy
across all rooms. Furthermore, motivated by the advantages of simplified models, the impact
of model complexity reduction on the dynamic behavior of building heating system is analyzed.
Using a real-world facility as a case study, a detailed model is developed, followed by a systematic
assessment of model simplifications. The results demonstrate that increased model complexity
does not necessarily lead to improved representation of real-world system behavior. The second
part of the dissertation investigates the potential of forecast- and model-free fuzzy logic control
strategies for demand response. Two fuzzy logic controllers targeting cost and comfort optimiza-
tion are developed and evaluated in a simulation framework. Based on the performance analysis
and identified improvement potential, a refined fuzzy logic controller is derived and subsequently
validated in a real-world experimental case study. The results show that the proposed approach
enhances building flexibility compared to baseline control. The case study is further extended to
a building equipped with distributed energy resources, including a battery energy storage system
and hydrogen storage. Comparative evaluations against rule-based and model predictive con-
trol demonstrate that the fuzzy logic controller achieves better performance than the rule-based
controller while maintaining low input and modeling requirements, unlike the model predictive
control approach.
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Kurzfassung

Die Integration erneuerbarer Energiesysteme in die Energieversorgung erfordert angesichts der
natürlichen Schwankungen der Erzeugung erneuerbarer Energien eine bessere Abstimmung
zwischen Energieerzeugung und -nachfrage. Die Verbesserung der Flexibilität auf der Nach-
frageseite durch steuerbare Lasten und Energiespeichersysteme ist daher entscheidend. Da
der Gebäudesektor einen erheblichen Anteil am weltweiten Energieverbrauch ausmacht, bietet
die Elektrifizierung der thermischen Gebäudelasten erhebliche Möglichkeiten zur Steigerung
der Energieflexibilität. Diese Dissertation leistet einen Beitrag zu zwei Schlüsselbereichen
der Energieflexibilität im Gebäudebereich: der Gebäudemodellierung und den fortschrittlichen
Regelungsstrategien für die Laststeuerung. Im Bereich der Gebäudeenergiemodellierung unter-
sucht diese Arbeit Unsicherheiten in thermischen Graubox-Gebäudemodellen und schlägt einen
Ensemble-Modellierungsansatz vor, um Schwankungen im Nutzerverhalten zu berücksichtigen.
Der vorgeschlagene Ansatz verbessert die Vorhersagegenauigkeit der Lufttemperatur in allen
Räumen. Darüber hinaus wird, motiviert durch die Vorteile vereinfachter Modelle, der Ein-
fluss einer Reduzierung der Modellkomplexität auf das dynamische Verhalten von Gebäude-
heizungssystemen analysiert. Anhand einer realen Anlage als Fallstudie wird ein detailliertes
Modell entwickelt, gefolgt von einer systematischen Bewertung von Modellvereinfachungen. Die
Ergebnisse zeigen, dass eine erhöhte Modellkomplexität nicht zwangsläufig zu einer besseren
Darstellung des realen Systemverhaltens führt. Der zweite Teil der Dissertation untersucht das
Potenzial prognose- und modellfreier Fuzzy-Logik-Regelungsstrategien für die Laststeuerung.
Zwei Fuzzy-Logik-Regler, die auf Kosten- und Komfortoptimierung abzielen, werden entwickelt
und in einem Simulationsumfeld bewertet. Auf der Grundlage der Leistungsanalyse und des
identifizierten Verbesserungspotenzials wird ein verfeinerter Fuzzy-Logik-Regler abgeleitet und
anschließend in einer praxisnahen experimentellen Fallstudie validiert. Die Ergebnisse zeigen,
dass der vorgeschlagene Ansatz die Flexibilität eines Gebäudes im Vergleich zur Basisregelung
erhöht. Die Fallstudie wird auf ein Gebäude ausgeweitet, das mit dezentralen Energiequellen
ausgestattet ist, darunter ein Batteriespeichersystem und ein Wasserstoffspeicher. Vergleichende
Bewertungen mit regelbasierter und modellprädiktiver Regelung zeigen, dass der Fuzzy-Logik-
Regler im Vergleich zum regelbasierten Regler eine bessere Leistung liefert und insbesondere im
Gegensatz zur modellprädiktiven Regelung geringere Anforderungen an die Eingabedaten und die
Modellierung aufweist.
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Preface

“As complexity rises, precise statements lose meaning andmeaningful statements lose precision.”

Lotfi A. Zadeh
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1 Introduction

Global warming is widely attributed to the increasing concentrations of CarbonDioxide (CO2) and
other greenhouse gases emitted in the atmosphere. The transition away from fossil fuels toward
zero-carbon energy systems on the energy supply side is driven by the large-scale integration of
renewable energy technologies, including wind turbines and Photovoltaics (PV) systems. A key
challenge associated with weather-dependent Renewable Energy Sources (RES) is their inherent
supply intermittency. As a result, system flexibility must increasingly be provided by the demand
side. This shift changes the operation of the energy systems, whereby electricity generation is
no longer continuously adjusted to meet demand; instead, variability in generation from RES
is balanced through a combination of flexible demand and energy storage technologies. From
the demand-side perspective, the green transition is characterized by widespread electrification
across major end-use sectors. In the building sector, this involves replacing conventional gas- and
oil-based heating systems with electrified heating technologies, while in the transport sector, it is
reflected in the increasing adoption of electric vehicles, gradually displacing traditional internal
combustion engine vehicles.

Buildings have been identified as significant energy consumers, placing considerable pressure
on modern grids. In particular, space heating and the provision of Domestic Hot Water (DHW)
account for nearly half of global building-related energy consumption (IEA 2025b). In response
to this green transition, low-carbon heating technologies are increasingly deployed, driven by
continuous efficiency improvements and declining investment costs. While the energy demand
of an individual household has a negligible impact on overall grid operations, the collective
behavior of many buildings can significantly affect aggregated consumption by enabling the
flexible energy utilization. In this context, the International EnergyAgency (IEA) defines building
energy flexibility as “the ability to manage its demand and supply according to local climate
conditions, user needs, and energy network requirements”, (IEA 2025a, Li et al. 2022a). Building
energy flexibility can be realized through several complementary strategies. These include (i)
the integration of on-site, small-scale RESs such as PV and wind turbines; (ii) the intelligent
scheduling of Heating Ventilation and Air Conditioning (HVAC) systems and the management of
flexible electrical loads; and (iii) the deployment of short- and long-term energy storage solutions.
Figure 1.1 presents an overview of building supply and demand interactions in a distribution-level
electricity grid with integrated RES.
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Figure 1.1: The energy flexibility on the distribution grid and building level. The figure is inspired by Li et al. (2022a).
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1.1 Literature review

To unlock energy flexibility, advanced control strategies that account for external signals, such
as electricity prices, are required to optimize resource management. Beyond optimization-
based strategies, practical deployment of control solutions requires approaches that are robust,
interpretable, and compatible with the technical and operational constraints of real buildings.
Advanced control of space heating can utilize building thermal mass as an auxiliary storage
system without additional financial costs, enabling load shifting, for example, preheating when
grid conditions are favorable and reducing heating during unfavorable periods.

1.1 Literature review

This subsection comprises two parts: a review of building energy modeling in Section 1.1.1,
followed by an overview of advanced control strategies for demand response in buildings with
distributed energy resources in Section 1.1.2. Based on the reviewed literature, the research gaps
are identified and summarized.

1.1.1 Building energy modeling

Control algorithms for building energy systems are predominantly evaluated in simulation envi-
ronments (Hu and You 2023, Hua et al. 2024, Keshtkar et al. 2015, Talebi and Hatami 2020),
rather than through real-world experiments (Knudsen et al. 2021, Van Puyvelde et al. 2024). In
this context, the accurate dynamic representation of building energy models may be overlooked,
which can lead to misleading conclusions. A critical requirement for deriving reliable insights
from simulations is model validation. While highly detailed models tend to be computationally
intensive, they do not necessarily guarantee better representation of real-world systems (Robinson
2023). Conversely, overly simplified models may fail to capture essential operational character-
istics (Zhu et al. 2025). Furthermore, variations in model assumptions and simplifications can
lead to inconsistent results among various studies (Wang and Dong 2024). Therefore, achieving
an optimal balance between model complexity and computational costs is critical.

Reduced-order thermal building modeling

Reduced-order gray-box thermal building models encompass a wide range of simplified physical
representations (Drgoňa et al. 2020). Their parameters are typically identified from measurement
data or derived from detailed white-box building models. A common representation of these
models uses an Resistance-Capacitance (RC) analogy, where R denotes thermal resistance, and
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C represents thermal capacitance, which stores thermal energy (detailed in Chapter 2). The
complexity of the models increases as the number of R and C components increases. These
models are typically used to develop and test various model-based or forecast-free algorithms (Joe
2022, De Coninck et al. 2016).

Parameter identification of reduced-order thermal buildingmodels can be affected by disturbances
such as ambient temperature, solar radiation, and occupant-related activities. Several studies have
highlighted the challenges associated with the reduced-order building modeling approach (Li
et al. 2021b, Broholt et al. 2022). Li et al. (2021b) emphasize that the structure and development
process of gray-box reduced order models often lack clarity. They also state that the classification
of gray-box models is inconsistent, as they may represent a single component (e.g., a wall or
window), a single zone, or multiple zones. Broholt et al. (2022) address the issue of predictive
robustness, showing that gray-box models calibrated on data from specific months may perform
poorly when used to forecast thermal behavior across the entire year. Their comparison of gray-
and black-box models reveals that gray-box models offer slightly better predictive performance.
Hybridmodeling approaches combining simplified gray- and black-boxmodels have been explored
to enhance forecasting accuracy (Gray and Schmidt 2018, Cui et al. 2019). Gray and Schmidt
(2018) compare pure gray- and black-box models with a hybrid approach using gray-box models
and Gaussian process models, achieving the improvements in temperature and energy predictions.
On the other hand, in their comparison, Cui et al. (2019) find that integrating gray-box models
with extreme gradient boosting yields the best performance. Michalak (2017) improves gray-
box models by using a time-variant state-space system that updates parameters hourly based on
simulation data.

Several studies investigate optimal gray-box model structures (Harb et al. 2016, Klanatsky et al.
2023). Harb et al. (2016) compare multiple RC configurations, identifying the 4R2C model as
favorable for predicting indoor temperature in occupied buildings. Furthermore, Klanatsky et al.
(2023) incorporate a thermal building mass and glass facades into gray-box models, achieving
a mean absolute error of 0.25 ◦C with a 3R3C structure. They introduce a startup phase to
initialize realistic states before parameter identification. Baasch et al. (2021) assess robustness
to diverse building properties across different gray- and black-box model structures, finding deep
learning methods most effective. Zhang et al. (2022) highlight oversimplified solar gain modeling
in gray-box approaches and propose dynamic improvements to address forecasting limitations.

One challenge in gray-box thermal building modeling is integrating Occupants’ Behavior (OB)
patterns to enhance forecast accuracy. OB influences the indoor air temperature through inter-
action with building systems (e.g., windows, lighting, HVAC), through internal heat gains from
occupants and their presence. Due to complexity of OB and limited understanding, it is often
oversimplified in building energy models (Hong et al. 2017). Frahm et al. (2022b) demonstrate
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1.1 Literature review

that the choice of identification periods (e.g., occupied vs. unoccupied) has a greater impact on
forecast accuracy than model structure. In buildings, temporal variations in occupancy introduce
forecast errors in time-invariant state-space models, which are inherently limited in capturing
such dynamics. Evaluation of the literature review on the gray-box thermal building models poses
the first research gap.

Research gap 1: The methodology for integrating occupants’ patterns into reduced-order gray-
box thermal building models, by considering the identification period based on these patterns, is
missing.

Building heating system modeling

To fully explore the potential of HVAC systems and their operation in the building sector, validated
models of the components used for heating (heat pumps, thermal energy storage, pumps, and
related components) are essential. For instance, these models can serve as a basis for developing
advanced control strategies in the heating sector. The control of heat pump operation, is often
used to minimize electricity consumption, CO2 emissions, or perform demand response while
satisfying the heating and cooling requirements of a single building, its individual rooms, or a
building cluster.

Chen et al. (2021) examine the system comprising a solar-assisted geothermal heat pump with two
water storages for DHW and space heating in various configurations in a Modelica environment.
Furthermore, Li et al. (2022b) develop the heat pumpmodel for its sizing in residential utilization.
Abugabbara et al. (2021) propose the Modelica simulation framework incorporating the heat
pumps into a building substation to facilitate the decarbonization of district heating and cooling
networks. In their work, Pieper et al. (2020) present a detailed heat pump model to examine
various methods for Coefficient of Performance (COP) estimation at the district heating level.
Furthermore, Maccarini et al. (2023) investigates the fifth generation of heating and cooling
networks, using the Modelica model to assess sizing and energy performance.

When the heating sector is integrated with other energy carriers, such as gas and electricity, to
facilitate comprehensive energy planning and optimization at the district or urban scale, the result-
ing multi-physics simulation process becomes inherently computationally demanding (Palensky
et al. 2017). One of the significant challenges in numerical modeling is achieving an optimal
balance between model complexity and accuracy, as discussed in Andrade-Cabrera et al. (2018).
Furthermore, the relation between model complexity and utility using the Gaussian first law
is studied by Li (2026). Based on the literature discussed above, the second research gap is
formulated.
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Research gap 2: The detailed analysis of the relationship betweenmodel complexity and accuracy
in the context of multi-physics building heating systems is missing.

1.1.2 Building advanced control

Advanced Energy Management System (EMS) can integrate external signals, dynamic day-ahead
electricity prices, feed-in tariffs, and meteorological data with or without forecasting. It can
optimize operational strategies to leverage the flexibility and economic opportunities offered by
modern electricitymarkets. This subsection is divided into two parts. First, the focus is on thermal
control in buildings. Thereafter, the scope is expanded to EMS for buildings with distributed
energy resources.

Building thermal control

Demand-side management is, according to Gellings (1985), “planning, implementation and mon-
itoring of utility activities designed to influence the customers’ use of electricity in ways it will
produce desired changes in the utility’s load shape, i.e., changes in the time pattern and magni-
tude of a utility’s load”. The load shaping strategies within the demand-side management can be
differentiated temporarily: time of day, day of week, and seasonal, and by the shaping: (i) peak
clipping, (ii) valley filling, (iii) load shifting, (iv) strategic conservation, (v) strategic load growth,
(vi) flexible load shape (Gellings 1985).

Demand response programs, as a demand-side management category, actively involve end users
to adjust their consumption over time based on grid conditions. Here, advanced control strategies
play a critical role in enabling demand response and optimizing energy consumption. A key
challenge in thermal control of electrified heating systems is establishing an optimal trade-off
among energy consumption, occupant thermal comfort, and operational costs under dynamic
electricity pricing. Preheating and precooling are methods that can contribute to load shifting and
reduce operational costs while maintaining thermal comfort in buildings (Woo-Shem et al. 2023).
Zhao et al. (2025) propose a temperature control framework for office buildings that integrates
occupants’ thermal tolerance into the demand response control strategy. Zeng et al. (2022)
integrates advanced Rule Based Control (RBC) for precooling to improve thermal resilience
of buildings during heat waves. On the other hand, Lu et al. (2021) develop the RBC for
evaluating the cooling system energy flexibility by leveraging the thermal building mass. They
indicate that the energy flexibility is sensitive to structural thermal capacity, internal heat gains,
and the type of cooling terminals. The study reports that the proposed RBC achieves a 55.6%
reduction in peak power demand compared to a conventional night set-back controller. Clauß et al.
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(2024) demonstrate space-heating load shifting in a real-world experiment within an educational
building, illustrating how simplified control algorithms can exploit building energy flexibility. The
approach achieves a 50% reduction in energy consumption during peak hours, while maintaining
daily energy use at a comparable level.

The most significant potential for savings lies with an Model Predictive Control (MPC), as it
incorporates models and predicts future system behavior. Joe (2022) examines the potential for
operational cost reduction through precooling, employing an MPC strategy and a gray-box model
for controller performance evaluation. The study reports savings potential of 30% during the
cooling season and 20% during the intermediate season, compared with the feedback controller.
Golmohamadi et al. (2021) propose an economic MPC framework for enhancing power flexibility
in a Danish case study, incorporating two forms of thermal flexibility: thermal building mass
and thermal energy storage. The proposed controller ensures system flexibility and achieves
up to 37% weekly energy savings. On the other hand, Zhang and Kummert (2021) conduct a
comparative analysis ofMPC and RBC strategies for demand response in a building equipped with
the HVAC system, leveraging the thermal building mass to quantify and exploit energy flexibility.
Although MPC can achieve near-optimal system performance, it relies on forecasting models and
demand profiles, which in turn increase the need for sensors and additional equipment within
the controlled building. Therefore, there is a need for control strategies that reduce reliance on
additional equipment while enhancing the performance of industry-standard control approaches,
such as RBCs (de Chalendar et al. 2024).

As a trade-off between simplicity and optimality, one solution is Fuzzy Logic Control (FLC),
as an advanced form of RBC. The advantages of incorporating soft-computing techniques, such
as fuzzy logic control (FLC), become evident with the increasing complexity of modern energy
systems. Largely, because their functionality does not rely on predictive modeling. Moreover, the
FLC is characterized by a robust capacity to handle uncertainty, imprecise information, and noisy
inputs effectively (Kaabinejadian et al. 2025). Talebi and Hatami (2020) propose a fuzzy-based
demand response control strategy for HVAC in cooling mode, allowing occupants the option
to select their level of participation in demand response. The simulation study aims to reduce
energy consumption, enhance thermal comfort, and lower HVAC operating costs. The findings
indicate that users participating in demand response and prioritizing cost savings can reduce
their expenses by 15% and lower energy consumption by 14%. Li et al. (2021a) conduct an
experimental, real-world study for FLC of indoor air temperature, by including the occupants and
their feedback through a wristband. Yet they do not account for the state of the electricity grid
by integrating dynamic electricity price signals. In their simulation study, Killian et al. (2016)
propose integrating MPC and FLC strategies for multi-zone building heating and cooling control
to enhance robustness across diverse buildings and heating and cooling system types, addressing
the strong dependency ofMPC on accurate buildingmodel forecasts. However, this approach does
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not treat FLC as an independent control strategy; instead, it uses FLC as a supplement toMPC. On
the other hand, Duman et al. (2021) couples theMixed-Integer Linear Programming (MILP) EMS
with a smart fuzzy-logic-based thermostat that provides efficient demand response and thermal
comfort. The study demonstrates that, in the Turkish electricity market, the proposed control
strategy can reduce daily air conditioning costs by 24% compared to conventional thermostat
control. Although they compare different household types in the simulation study, their analysis
is limited to a single FLC design and does not evaluate or contrast multiple FLC algorithms.
Given the state of the art, the third research gap is outlined.

Research gap 3: There is a lack of comprehensive analyses and systematic comparisons between
different fuzzy logic control designs, as well as between fuzzy logic control and other control
strategies, for demand response applications in both simulation studies and real-world experiments
under similar conditions.

Building energy storage management

Hybrid Energy Storage System (HESS) are essential for enhancing energy autonomy and reducing
operational costs in both large-scale power energy systems, as highlighted by Yang et al. (2024),
and residential building applications, as reported by Go et al. (2023). Among the various
operational configurations of HESS, extensive research confirms that Battery Energy Storage
System (BESS) is suitable for short-term storage, while long-term storage is most frequently
implemented through hydrogen systems in energy systems with high renewable energy generation
(Le et al. 2023, Giovanniello and Wu 2023).

Go et al. (2023) examine the HESS, comprising BESS and hydrogen, to enhance the self-
sufficiency of residential energy supply systems. The integration of hydrogen storage within
HESS not only compensates for self-discharge losses inherent to BESS but also contributes to
reducing CO2 emissions. Additionally, thermal energy generated during fuel cell operation can
be recovered and utilized to meet space heating and DHW demands. Ou et al. (2021) design
and validate an optimal EMS to ensure reliable and efficient operation of a HESS incorporating
fuel cell, BESS, and thermal energy storage. Their findings indicate that heat recovery from
fuel cell operation can enhance overall system efficiency by approximately 20%. Gandiglio et al.
(2014) investigate the heat recovery potential of a residential-scale 1 kW fuel cell integrated with
an underfloor heating system, demonstrating that the proposed configuration achieves fuel cell
system efficiency of 75%. Furthermore, Oh et al. (2012) assess the thermo-economic feasibility
of implementing a fuel cell-based energy system in a residential apartment, concluding that
combined heat and power generation achieves a 20% reduction in operational costs compared to
conventional systems.
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Wang et al. (2024) propose a dual-layer MPC framework for off-grid residential buildings in
northern China, demonstrating the feasibility of economically optimized operation of a HESS
comprising both BESS and hydrogen storage. Boynuegri and Tekgun (2023) explore load-shifting
potential in an off-grid residential EMS using FLC, aiming to reduce hydrogen consumption in
systems powered by renewable sources (PV and wind turbines). Their findings indicate that FLC-
based EMS reduces hydrogen consumption by 7.03% and improves annual fuel cell efficiency by
4.6% compared to conventional EMS strategies, which activate fuel cell immediately following
renewable generation shortfalls. However, the flexibility of the BESS and the heat recovery
potential of fuel cell remain unaddressed. Šanić and Barbir (2022) evaluate a stand-alone micro-
trigeneration system performance, which couples cooling, heating, and power. They control the
system by an RBC-based EMS in a Croatian single-family house. Their results show that 80%
of thermal loads can be met by utilizing waste heat from fuel cell and heat pump operating
in cooling mode during summer in a Mediterranean climate, though the flexibility of thermal
building mass is not considered. Furthermore, Vivas et al. (2022) develop an FLC-based EMS
for a residential building with HESS, relying on demand profiles and without exploiting thermal
flexibility. Duman et al. (2021) notice that EMS and thermal control are typically investigated
independently. However, their integration can yield synergistic benefits and enhance overall
building operational flexibility.

One conventional solution in microgrids is to couple heat pumps with fossil-fuel-driven combined
heat and power units, which provide a flexible power supply and useful heat when RES generation
is insufficient. The use of hydrogen-based systems in residential buildings is generally considered
suboptimal due to high capital costs and low overall efficiency. Nevertheless, there are not
many alternatives for long-term energy storage that are currently available (Esposito et al. 2024).
Although economic feasibility has not yet been achieved, hydrogen systems are recognized as
essential components of resilient energy systems, enabling buildings to achieve energy autonomy
and continue operating during grid blackouts (Mena et al. 2024). Given the significant role
of buildings in the sustainability transition, integrating hydrogen systems with RES has been
shown to reduce greenhouse gas emissions (Naumann et al. 2024). As already mentioned, when
operating in combined heat and power mode, recovering waste heat from the hydrogen conversion
improves overall system efficiency by reducing the demand for heat pump operation. Based on
the state of the art discussed in this subsection, the fourth research gap is defined.

Research gap 4: There is a lack of research on building energymanagement systems that leverage
thermal building mass flexibility, where a fuel cell and a heat pump are coupled in a configuration
combining photovoltaics, battery storage, hydrogen storage, and domestic hot water storage.
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1.2 Research questions and contributions

This dissertation advances the literature on the research gaps outlined in Section 1.1 by addressing
the following Research Questions (RQs) sorted according to the introduced research topics:

Research questions

Reduced-order thermal building modeling

RQ1: What impact does the occupant behavior, defined as the interaction of the occupants
with energy control systems and building components (windows, lighting, and related
components) and the heat emitted by the occupants, have on the thermal building
model forecasts? How can the accuracy of the indoor air temperature forecast be
improved?

Building heating system modeling

RQ2: How does model order reduction influence the dynamic behavior of the multi-physics
building heating system model validated on a real-world facility?

Building thermal control

RQ3: How can fuzzy logic control be designed to exploit building thermal flexibility for
demand response programs utilizing thermal building mass in simulation and
real-world applications?

Building energy storage management

RQ4: How can the coupling of a heat pump and a hydrogen fuel cell contribute to the
demand response in buildings with distributed energy resources comprising
photovoltaics and electrical, thermal, and hydrogen energy storage systems?

RQ5: How can a fuzzy logic controller be implemented as a forecast- and model-free energy
management system for residential buildings with distributed energy resources, as
listed in research question 4?

Simulation and modeling are essential for developing new control strategies, evaluating them in
initial testing stages, understanding system dynamics, planning, and anticipating potential future
scenarios. The models can play an essential role in drawing conclusions and making decisions
based on simulations. Thus, the models need to be approached critically. The first part of this
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dissertation focuses on the analysis and methodology for model uncertainty and on the potential
for complexity reduction.

RQ1 questions the forecast accuracy of reduced-order gray-box thermal building models in
occupied buildings, where great uncertainty comes from theOB and their interactionwith building
components. The forecasting accuracy is analyzed, and an ensemble method is proposed to
improve the accuracy. Answering RQ1 advances the literature by filling research gap 1.

More complex models do not necessarily yield more accurate representations of real facilities
(Robinson 2023). Building on this observation, RQ2 addresses research gap 2 by examining
how reducing the order of the heating system model influences system dynamics. The residential
heating system, consisting of a heat pump, space heating, and DHW storages, is modeled in the
Modelica environment and validated on a real-world facility. The reduction potential is identified,
and the impact of reducing component complexity is analyzed.

Furthermore, recent studies have highlighted the need for less-invasive control approaches in
buildings to enable the wider commercial implementation of energy flexibility (de Chalendar
et al. 2024, Amato et al. 2023, Clauß et al. 2024). Thus, the second subset of the RQs examines
the potential of forecast- and model-free control strategies for energy flexibility in buildings.
Model predictive control strategy, a popular choice, requires forecasting models of buildings
and systems to achieve optimization-based behavior. De Chalendar et al. (2024) emphasize the
need for new approaches that complement rather than replace industrial standards, such as RBC
strategies. In that sense, Figure 1.2 illustrates the simplicity-optimality relation among popular
approaches for control algorithms in buildings (Talebi and Hatami 2020, Šanić and Barbir 2022,
Sievers et al. 2025, Wang et al. 2024). Since the FLC entails a trade-off between simplicity
and optimality, its performance will be assessed throughout this thesis. RQ3 bridges research
gap 3 by examining the implementation of FLC as a forecast- and model-free controller to exploit
building thermal flexibility in demand response, incorporating the thermal building mass as
auxiliary storage. First, the comparative analysis is undertaken in simulation. In this context,
two FLCs, an economic-energy-efficient and a comfort controller, are compared with a simple
hysteresis controller. Moreover, to assess real-world performance, the FLC is implemented in a
practical experiment and benchmarked against a conventional control strategy, questioning the
FLC’s feasibility for commercial implementation.

RQ4 investigates how coupling of a heat pump and fuel cell in residential buildingswith distributed
energy resources, including PV and thermal, electrical, and hydrogen storage, can enhance their
contribution to demand response. To efficiently utilize energy, FLC is investigated for the setup
described above. RQ5 questions the feasibility of the advanced forecast- and model-free FLC
strategy for managing distributed energy resources while preserving occupants’ thermal comfort.
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Figure 1.2: Illustration of simplicity-optimality relation among themost widely adopted building energy control strategies
in the literature, including hysteresis control, Proportional–Integral–Derivative (PID), RBC, FLC, Reinforce-
ment Learning (RL), and MPC.

The focus is on the controller’s ability to manage energy flexibility across sector-coupled compo-
nents, with the fuel cell and heat pump envisioned as complementary technologies. The controller
is evaluated in heating mode in a residential building, while the heat recovery performance is
assessed using the fuel cell system’s efficiencies reported in the literature. Answering the RQ4
and RQ5 addresses the research gap 4.

This dissertation contributes to two key areas in the field of energy building flexibility. First,
it investigates the influence of OB uncertainties on reduced-order thermal building models and
proposes a method to improve predictive accuracy. It further critically evaluates building energy
system models, analyzing the impact of model order reduction on system dynamics. Second,
it advances a control strategy for exploiting sector-coupled energy flexibility while maintaining
occupant thermal comfort. Two flexibility domains are addressed: thermal flexibility, enabled
by thermal energy storage and thermal building mass, and electrical flexibility, achieved through
short-term BESS and long-term hydrogen storage. For controller design, FLC is developed as an
advanced form of RBC, preserving simplicity by minimizing data and forecasting requirements.
Its performance is benchmarked against both conventional controllers and optimization-based
strategies. In summary, this dissertation investigates the uncertainty and complexity of
building energy modeling and proposes and analyzes a forecast- and model-free FLC strat-
egy for demand response in buildings.
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Figure 1.3: Contribution fields, classifying the addressed research questions to the corresponding chapters.

The structure of the dissertation includes the theoretical foundations relevant to the main research
topics, as presented in Chapter 2. In Chapter 3, the research gaps related to building energy
modeling are investigated. The first part of this chapter addresses RQ1 by analyzing the influence
of OB patterns on thermal building models and by proposing a method to improve the forecast of
indoor air temperature. The second part examines RQ2 by critically evaluating how simplifying
the building heating system model affects overall model accuracy. Chapter 4 advances thermal
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building energy flexibility by proposing FLC algorithms for demand response in both simulation-
based and real-world experiential settings. This chapter responds to RQ3. Chapter 5 further
extends building flexibility by incorporating long- and short-term energy storage systems. Here,
RQ4 is addressed by analyzing the building setup with distributed energy resources, incorporating
the heat pump and fuel cell as complementary components. Furthermore, RQ5 is addressed by
developing an EMS for the building with distributed energy resources, employing FLC as its
core decision-making control strategy. Figure 1.3 illustrates the contribution field of the present
dissertation with research questions addressed in the corresponding chapters. Finally, Chapter 6
concludes the dissertation and gives an outlook for future work.
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2 Preliminaries

This chapter is organized into two sections. Section 2.1 presents the preliminaries of modeling, in-
cluding the classification and characteristics of various energy systemmodeling types. Section 2.2
introduces the fundamental principles underlying the control strategies employed throughout the
present dissertation.

2.1 Building Modeling

Farzaneh (2019) defines the process ofmodelingwith the following steps: (i) identifying a problem
and clarifying the objectives for creating the model, (ii) identifying what is already known, (iii)
defining the physical principles and equations necessary for obtaining the required results, and
(iv) creating the model. In the building sector, two major building modeling directions exist: (i)
building information modeling and (ii) building energy modeling. Building information modeling
provides a building model that is “ data-rich, object-oriented, intelligent and parametric digital
representation of the facility, which can provide data appropriate to various users’ needs” (Gao
et al. 2019). In addition to representing the physical facility, the building information model
incorporates an operational knowledge base, enabling multidisciplinary expert collaboration and
data-driven decision-making processes (Hammes et al. 2026). On the other hand, building energy
modeling is used to analyze energy efficiency and building performance, evaluate architectural
and mechanical design, and test alternative design possibilities (Gao et al. 2019). It offers an
opportunity to save time and resources, providing representation, analysis, predictions, and a
deeper understanding of real-world building systems. Throughout this dissertation, the field of
building energy modeling is examined.

Building energymodeling can be categorized into three distinct classifications: white-, black-, and
gray-box models (Balali et al. 2023). White-box modeling is a physics-based modeling approach
that necessitates a comprehensive understanding of the underlying physical system. For example,
in the case of the building envelope, this type of model includes building properties such as the
building’s geometry, heat conduction, and material types (Balali et al. 2023). White-box models
have proven helpful in improving the understanding of the interrelationships among different
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energy components. Nevertheless, the development and calibration of these models are challeng-
ing (Arendt et al. 2018), as their validation is time-consuming. Due to the complexity of these
models, characterized by numerous equations and nonlinear characteristics, their implementation
in model-based control strategies and optimization poses significant challenges (Drgoňa et al.
2020). However, they are most frequently utilized for large-scale energy planning (e.g., district
heating) to investigate economic effects and sustainable power supply (Pieper et al. 2020).

Conversely, the black-box modeling approach is entirely data-driven, with behavior prediction
derived from prior system states and the current input information. The physical structure is not
taken into consideration, whereas the forecasting process is highly dependent on the training data
(Li et al. 2021b). Nevertheless, the implementation of black-box models demands less time than
that of white-box models when it comes to the development and calibration of models. On the
other hand, black-box models require retraining when additional outputs are needed for analysis
(Pachano et al. 2025).

The third method is gray-box modeling, which was envisioned to incorporate the strengths of
white- and black-box approaches (Afroz et al. 2018). The presence of a physical structure
enables the identification of parameters through the implementation of either a forward or an
inverse approach. The forward approach utilizes physical models for parameter identification,
whereas the inverse approach employs data-driven methods, such as curve fitting (Li et al. 2021b).
Gray-box models achieve high accuracy while offering additional benefits such as simplicity and
reduced computational cost, while preserving the fundamental physics of the system. However,
the development of data-driven gray-box models demands expertise in both the physical structure
of the energy system and parameter identification methods. Their prediction, however, depends
heavily on the accuracy and quality of the underlying measurement data, as well as the accuracy of
parameter estimation (Balali et al. 2023). Gray-box building models are primarily employed for
two purposes: (i) thermal load calculation and (ii) heat dynamics analysis (Li et al. 2021b). These
categories form the basis for advanced applications such as urban and district energy modeling,
building-grid integration, and building control and optimization. The reduction potential between
these different types of models is described in detail in Chapter 3.

2.1.1 Gray-box reduced-order modeling

Gray-box models rely on partial physical knowledge, which is often incomplete and uncertain.
This dissertation focuses on the inverse gray-box modeling approach, emphasizing model identifi-
cation based onmeasurement data. According to Sohlberg (2012), the inversemodeling procedure
consists of: (i) basic modeling by defining a structure based on existing system knowledge, (ii)
expanded modeling by introducing uncertain or unknown components, (iii) experimentation via
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collecting informative measurement data with sufficient input-output variation, (iv) identification
with estimating of unknown parameters from measurements, (v) model analysis by evaluating
performance indicators, loss functions, and parameter validation, and (vi) model appraisal by
assessing the model and identifying opportunities for further refinement. One of the areas where
gray-box modeling has found purpose is building envelope modeling, as evidenced by a large
number of scientific papers in the field (Klanatsky et al. 2023, Harb et al. 2016, Drgoňa et al.
2020, Bird et al. 2022).

Gray-box models can have different structures and varying levels of complexity. For gray-box
building envelope models, the RC analogy is typically employed. They are usually formatted as
xRyC, where x and y denote the numbers of R- and C-elements, respectively. The universal RC
model needs to satisfy the first law of thermodynamics and is presented as follows (Frahm et al.
2022a):

Ci
dTi(t)

dt︸ ︷︷ ︸
derivative of internal
energy for node i

=
∑
j

Q̇j(t)︸ ︷︷ ︸
heat gains

+
∑
z

∆Ti,z(t)

Ri,z︸ ︷︷ ︸
heat transfer between

node i and adjacent node z

(2.1)

where the Ti represents the temperature of the observed node i in ◦C. The thermal capacitance of
the node i is denoted as Ci (measured in J/K) and quantifies the material’s ability to store heat.
The external heat gains impacting the node i are presented with

∑
j Q̇j(t) (measured inW). The

term ∆Ti,z in ◦C defines the temperature difference between node i and adjacent node z, while
the opposition to heat flow between nodes i and z at different temperatures is known as thermal
resistance Ri,z (measured in K/W).

The system’s complexity depends on the set of differential equations, which is determined by
the number of system states. The set of ordinary differential equations is formulated into the
state-space system as follows:

ẋ(t) = Ax(t) +Bu(t) (2.2)
y(t) = Cx(t) +Du(t) (2.3)

where the state vector x contains the building temperatures, such as indoor air temperature, inner
and outer wall temperature, buildingmass, and related temperatures. The input vector u comprises
disturbances, such as relevant weather information and cooling- or heating-control signals. The
output y denotes the relevant state variable, such as indoor air temperature. The state, input,
output, and feed-forward matrices are represented as A, B, C, and D, respectively.
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2.1.2 Energy modeling environments

A wide range of commercial and open-source tools support white-box modeling. The Modelica
language (Fritzson 2015) enables object-oriented modeling of energy systems, with open-source
libraries such as AixLib (Maier et al. 2024), Buildings (Wetter et al. 2014), BuildingSystems
(Nytsch-Geusen et al. 2013), and IDEAS (Jorissen et al. 2018) providing extensive model col-
lections. Modelica’s modular structure allows components to be easily replaced, providing great
flexibility and choice of components with different structural complexity. Dymola 1 (commercial)
and OpenModelica 2 (open-source) are key Modelica-based environments. TRNSYS 3 is another
widely used commercial tool offering capabilities for thermal, electrical, hydrogen, and traffic flow
modeling. EnergyPlus 4 focuses on building components and simulates HVAC systems, loads,
water demand, and related processes. For gray- and black-box modeling, Matlab and Python are
commonly used. Matlab’s System Identification Toolbox5 and Python libraries such as SciPy and
Scikit-learn enable curve-fitting approaches for system identification.

Comprehensive energy systems typically comprise diverse subsystems, including sector coupling
(i.e., thermal, electrical, gas, and related), occupant behavior, and various load and generation
components. This full range of applications cannot be addressed by a single software tool with
the same level of detail, as most are designed for specific domains. To enable integrated analysis,
co-simulation offers a viable solution by coupling different software environments (Palensky et al.
2017). This approach has the potential to support distributed simulation while preserving data
and model confidentiality (Kocher et al. 2024).

2.2 Building energy management systems

In the year 1997, the IEA defined the building EMS as “an electrical control and monitoring
system that has the ability to communicate data between control nodes (monitoring points) and
an operator terminal. The system can have attributes from all facets of building control and
management functions such as HVAC, lighting, fire, security, maintenance management and
energy management” (IEA 1997). According to IEA, the objectives of building EMS are as
follows: (i) provision of a healthy and comfortable indoor environment, (ii) ensuring the user
and owner safety, and (iii) ensuring the economic operation with respect to occupant needs while

1 https://www.3ds.com/de/products/catia/dymola
2 https://openmodelica.org/
3 https://www.trnsys.com/
4 https://energyplus.net/
5 https://de.mathworks.com/products/sysid.html
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minimizing the energy consumption. Furthermore, the buildings managed by EMS are called
“Smart building” (Luo et al. 2024). The building EMS functions as the central control unit of
a building, reducing energy waste, minimizing occupant involvement in decision-making, and
enabling bidirectional communication with the grid by managing building loads to meet occupant
needs or support grid operations (Luo et al. 2024). Sections 2.2.1, 2.2.2, and 2.2.3 present the
fundamental concept of feedback control theory and the control algorithms used throughout this
thesis.

2.2.1 Feedback control

Figure 2.1 illustrates the structure of a feedback control system. The controlled system executes
tasks in response to input signals, while the control loop integrates the controller, actuator, system,
and sensors to achieve the desired system output (Sundararajan 2022).

Sensor

Setpoint
Controller

signal
System

Measured
error

Disturbance

System output

Controller

Measured output

Actuator

System
input

Figure 2.1: General structural diagram of the feedback control.

Three conventional types of feedback controllers are Proportional–Integral–Derivative (PID)
controller, hysteresis, and RBC. In a PID controller, the proportional compensator is directly
proportional to the current error signal; it increases the speed of the response, but it can not by
itself eliminate the steady-state error. The integral compensator is proportional to the integral of
the error; it can eliminate the steady-state error, but can also increase the overshoot and settling
time. The derivative is proportional to the error derivative, which can reduce overshoot and
settling time but amplify measurement noise. Tuning the PID controller parameters to achieve the
desired behavior depends on the physical system’s characteristics. On the other hand, a hysteresis
controller is a two-point controller that switches the control input between two states. When the
controlled state reaches its upper limit, the controller deactivates and reactivates when it reaches
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its lower limit. The RBC is designed by a set of IF-THEN rules. The advantage of this control
type is its minimal information requirement and its ability to ensure reliable control. However,
it cannot guarantee optimization-based behavior. One advanced form of RBC is Fuzzy Logic
Control (FLC).

2.2.2 Fuzzy logic control

Fuzzy logic, founded by Lotfi A. Zadeh (Zadeh 1965, 1973), is a method of reasoning that
is analogous to human reasoning. FLC can be regarded as an advanced form of RBC, as it
relies on a rule dataset consisting of an antecedent IF part and a consequent THEN part. FLC
extends the traditional RBC by allowing partial truth (Altas 2017). Three most popular fuzzy
reasoning algorithms are: Mamdani (Mamdani 1977), Takagi–Sugeno (Takagi and Sugeno 1985),
and Tsukamoto (Tsukamoto 1979). The difference between these approaches lies only in the
consequent part. Mamdani FLC comprises three main layers: (i) fuzzification, which converts
crisp input values into corresponding fuzzy values; (ii) an inference engine that consists of a rule
base; and (iii) defuzzification, which transforms the conclusion from fuzzy set into a crisp value
(Altas 2017). The Takagi–Sugeno inference system differs from the Mamdani approach in the
output representation. Instead of producing a fuzzy set, the Takagi–Sugeno inference system
generates a crisp output expressed as a crisp function f(x, y), which is directly dependent on the
corresponding input variables x and y. Tsukamoto method, on the other hand, uses fuzzy sets
in the consequent part, similar to the Mamdani approach. However, each activated fuzzy rule
produces a crisp value, and the weighted average presents the output of the FLC. Throughout the
remainder of the dissertation, the Mamdani fuzzy logic is utilized and referred to as FLC.

Figure 2.2 illustrates the universe of discourse of indoor air temperature T . The membership
functions “cold” and “warm” serve as a bridge between crisp values and the fuzzy world. Suppose
that the indoor air temperature is T = 20 ◦C. The concept of fuzziness makes it possible to
describe a temperature as being 20% “warm” and 80% “cold”. This flexibility is not achievable
with the traditional RBC approach, where the temperature must be classified as either “warm”
or “cold” in this case. This highlights a major drawback of classical RBC, where even a small
temperature change can completely switch the active rule. For instance, if we define indoor air as
“cold” up to 21 ◦C and “warm” at 21 ◦C and above, the control signal depends entirely on this
state. A minor increase from 20.9 ◦C to 21.1 ◦C would trigger a full change in the control signal,
even though the actual temperature difference is negligible.

Fuzzy sets represent the degree of membership of the elements in a corresponding set:

A = {(x, µA(x)) | x ∈ X} (2.4)
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Figure 2.2: Fuzzy sigmoid membership functions. Figure is inspired by Altas (2017).

where x is an element of the universeX , µA(x) is membership value of element x in a fuzzy setA
(Altas 2017). The higher the membership value µA(x) of an element x is, the more it belongs to
the respective set. Commonmembership function shapes include triangular, trapezoidal, sigmoid,
and Gaussian (Altas 2017). Fuzzy sets are defined for all input and output variables. In order to
manipulate fuzzy sets, the operators are defined, where the following relations can be utilized: (i)
intersection ∩, (ii) union ∪, and (iii) negation ¬. Table 2.1 presents two types of fuzzy operators:
one, originally defined by Zadeh, and the other, probabilistic (Dernoncourt 2013).

Table 2.1: Fuzzy MIN/MAX and probabilistic operators for two fuzzy setsA andB. Table is derived from Dernoncourt
(2013).

Method Intersection (AND) Union (MAX) Negation (NOT)
Min-Max min(µA(x), µB(x)) max(µA(x), µB(x)) 1− µA(x)

Probabilistic µA(x)× µB(x) µA(x)+µB(x)−µA(x)×µB(x) 1− µA(x)
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2 Preliminaries

The following is an example of how the rules are designed:

IF the indoor air temperature is “cold” AND the solar radiation is “low”︸ ︷︷ ︸
antecedent

THEN set the heating to “high”.︸ ︷︷ ︸
consequent

where “cold”, “low”, and “high” represent the fuzzy sets in the following universes: “indoor air
temperature”, “solar radiation”, and “heating”, respectively. Operator “AND” in antecedent part
defines how the two conditions (indoor air temperature is cold and solar radiation is low) are
combined (see Table 2.1). The total number of possible rules depends on the number of input
variables nx and the number of membership functions m:

Total number of possible rules =
nx∏
i=1

mi (2.5)

Then, the conclusion is derived. It has also different forms, with the most common (Dernoncourt
2013):

(i) Mamdani implication – µ′
B(y) = min(µA(x0), µB(y)),

(ii) Larsen Implication – µ′
B(y) = µA(x0) · µB(y),

where x0 is corresponding input value, A is universe of the input variable x and B is universe of
the output variable y. The µ′

B(y) is fuzzy conclusion. If there are multiple inputs and outputs,
more than one rule will usually be activated, and the fuzzy output can be derived by combining
the activated consequent sets, typically via aggregation. To translate the fuzzy conclusion, which
is represented as an area, into a single crisp value, a defuzzification method must be selected.
Some of the standard methods for defuzzification are as follows: (i) lower maximum - smallest
value where membership is maximum, (ii) upper maximum - largest value where membership is
maximum, (iii) mean of maxima - average of all points where membership is maximum, (iv) equal
areas - the conclusion area is divided into two equal areas, and (v) center of gravity - abscissa of
the area of aggregated activated consequent fuzzy sets. A detailed example explaining the FLC
operation is provided in Appendix A.
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2.2 Building energy management systems

2.2.3 Model predictive control

MPC is an advanced control methodology that determines control actions by solving an opti-
mization problem over a finite prediction horizon. Crucially, MPC utilizes a system model and
forecasts of external time-varying parameters, such as weather conditions and system constraints,
to predict future system states (Drgoňa et al. 2020). By using these predictions, MPC can respond
to anticipated disturbances rather than waiting until they have already affected the system, like
conventional controllers.

The “optimal” control action is the one that achieves the smallest possible objective value among
all feasible solutions, provided the constraints are satisfied. The general MPC formulation can be
described as follows (Drgoňa et al. 2020):

min
u0,...,uH

H∑
k

ℓk (xk, uk, dk) (2.6)

s.t.: xk+1 = f(xk, uk, dk), k ∈ NH (2.7)
yk = g(xk, uk, dk), k ∈ NH (2.8)
for: xk ∈ X , uk ∈ U , k ∈ NH (2.9)
dk = d(t+ kts), k ∈ NH (2.10)
x0 = x̂(t) (2.11)

where the system states is represented with xk, input signals with uk and disturbances with dk for
the time step k and sample time ts. The cost function ℓk is minimized under the input and state
constraint sets U and X , respectively. The forecast of disturbances is defined by Equation (2.10),
while the initial states are represented by Equation (2.11). MPC solves the optimization problem
for the finite horizon H in an open loop. To address uncertainty, a receding-horizon strategy is
introduced. At each control step, MPC computes an optimal sequence of control actions over a
prediction horizon H . However, rather than applying the entire sequence, only the first control
input is used. Subsequently, the system state is updated using the new measurements, and the
optimization is repeated for the next horizon. This process creates a feedback loop, ensuring that
the controller continuously adapts to disturbances and modeling errors.
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2 Preliminaries

2.3 Statistical indicators

This section introduces the standard statistical indicators used throughout this thesis for quantita-
tive evaluation. The first part focuses on the error metrics used to evaluate the proposed model’s
performance, providing insight into its predictive accuracy. The second part outlines the statistical
indicators used to quantitatively evaluate the controller’s characteristics and effectiveness, thereby
ensuring a comprehensive understanding of its operational features.

2.3.1 Error measures

Mean Absolute Error (MAE) defines the absolute average error between two sets of values,
(Karunasingha 2022):

MAE =
1

n

n∑
k=1

|x̂k − xk| (2.12)

where xk represents the measured value and x̂k the proposed solution value at the timestep k.
The total number of values is presented with n. Root Mean Square Error (RMSE) penalizes
large outliers as the errors are squared before averaging, and it can be presented as follows
(Karunasingha 2022):

RMSE =

√√√√( 1

n

n∑
k=1

(x̂k − xk)2

)
(2.13)

Mean Absolute Percentage Error (MAPE) is another popular metric for evaluating the prediction
accuracy, and it is defined as follows (Khair et al. 2017):

MAPE =
1

n

n∑
k=1

∣∣∣∣ x̂k − xk

xk

∣∣∣∣ · 100% (2.14)

This error is more intuitive to interpret because it is defined as a percentage. However, when
the measured value xk is close to zero, the error becomes impractical because xk appears in
the denominator, causing the MAPE to produce an excessively large value. Mainly, the above-
mentioned error measures are used in Chapters 3 and 4 to evaluate the building energy models.
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2.3 Statistical indicators

2.3.2 Control quality indicators

The performance indicators considered throughout the dissertation include thermal discomfort,
electricity (or heating), and reimbursement costs. These indicators are inherently interdependent,
exhibiting a trade-off relationship whereby the improvement of one metric often results in the
deterioration of another. The main objective is to achieve a simultaneous reduction in thermal
discomfort and operational costs. The thermal discomfort d, as defined in Equation (2.15),
is quantified by multiplying the magnitude of the temperature constraint violation, Tair,min or
Tair,max, by the duration of the violation, i.e., sample time ts (Mork et al. 2022):

d = ts ·
∑
k

dk (2.15)

dk =


Tair,min,k − Tair,k, if Tair,k < Tair,min,k,

Tair,k − Tair,max,k, if Tair,k > Tair,max,k,

0, otherwise.

(2.16)

The energy costs σbuy and reimbursement costs σsell are defined as the sum of the multiplications
of the purchased Pbuy or sold Psell power, the current price pbuy or reimbursement price psell
signal and sample time ts, respectively:

σi = ts ·
∑
k

pi,k · Pi,k, for i ∈ {“buy”, “sell”} (2.17)

These indicators are mainly used in Chapters 4 and 5 for evaluating control strategies.

2.3.3 Empirical cumulative distribution function

The Empirical Cumulative Distribution Function (ECDF) F̂ (x) is calculated as follows:

F̂ (x) =
1

n

n∑
i=1

1Xi≤x (2.18)

where F̂ (x) is the proportion of the sample points that are less than or equal to x for the sample
of dataX1...Xn and 1Xi≤x is the indicator of the event. It is the empirical distribution function,
which increases by 1/n for each sampling point.

ECDF of day-ahead price signal is used in Chapters 4 and 5 as an input information for FLC. This
function provides relevant contextual information by characterizing the relative position of the
current price signal within the distribution of day-ahead prices. Consequently, the controller is
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informed about whether the present price level is comparatively high or low with respect to prices
over the day-ahead horizon. The example of the ECDF for the day-ahead price signal is illustrated
in Figure 2.3. The quantity F̂ (pbuy)k denotes the proportion of day-ahead price observations that
are less than or equal to the price value pbuy,k at time step k.
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Figure 2.3: Empirical cumulative distribution function of the day-ahead electricity prices.

For example, considering the second electricity price peak depicted in Figure 2.3, occurring on
February 2 between 11:00 and 21:00, the corresponding ECDF signal indicates that, although
the price has a local maximum during this interval, it does not represent the highest value when
evaluated relative to the distribution of the subsequent day-ahead price signals.
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Publications supporting the chapter content

• Jovana Kovačević, et al. Improving Reduced-Order Building Modeling: Integration of
Occupant Patterns for Reducing Energy Consumption. In Proceedings of the 15th
ACM International Conference on Future and Sustainable Energy Systems, pages
569–579, 2024a. doi: 10.1145/3632775.3662163.

• Jovana Kovačević, et al. The Impact of Model Complexity Reduction on System
Dynamics: A Modelica Case Study of a Residential Heating System. In 2025 IEEE
Conference on Technologies for Sustainability (SusTech), pages 1–8. IEEE, 2025a.
doi: 10.1109/SusTech63138.2025.11025706.

Numerous research studies are trying to reduce the building energy consumption (Yari et al. 2024,
Bevilacqua 2021, Yang et al. 2021) by enhancing the architectural design, HVAC operation, and
design, building performance ratings, and retrofit analysis (Li et al. 2021b). Moreover, advanced
energy management strategies are being developed to support the grid by enabling demand-
side flexibility. Modeling the building’s energy systems provides the basis for developing and
enhancing new control algorithms and energy system configurations.

Figure 3.1 illustrates the typical building energy modeling approaches and potential avenues
for model reduction. One potential approach involves implementing physicality reduction, here
defined as the horizontal reduction, which entails transforming physical white-box models into
gray-box models with reduced physical details or black-box models with no physical structure.
This approach can benefit from training gray- or black-boxmodels on a significantly larger amount
of data obtained fromwhite-boxmodels, rather than using real-world data. It is evident that white-
box models have the capacity to be simulated in a variety of scenarios with a wide range of input
data. Consequently, the identification of gray-box or training of black-box models would be
rendered more extensive. This is beneficial, however, only if the white-box models are validated
under real-world conditions. Furthermore, intragroup complexity is observed across all modeling
types. It is possible to perform a reduction in a vertical manner, which applies to its ownmodeling
type.
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White-box Gray-box Black-box

Reduced gray-box Reduced black-box

Horizontal reduction

V
ertical reduction
Measurements

Reduced white-box

Figure 3.1: Horizontal and verticalmodel reduction potential. Section 3.1 utilizes a gray-boxmodeling approach identified
on measurements, while the Section 3.2 investigates the white-box vertical reduction.

This chapter contributes to both gray-box and white-box modeling approaches for building energy
systems. First, in Section 3.1, the computationally inexpensive gray-box modeling approach for
thermal building models is assessed. In this context, the accuracy of the model’s forecasts for
the occupied building is analyzed, and a method for improvement is proposed. Specifically, by
separating the identification period of gray-box models based on typical occupant patterns, the
prediction accuracy can be improved. With the proposed methodology and analysis, the research
questionRQ1 and research gap 1 are addressed, which concern the challenge of thermal building
forecasting under the uncertainty of OB patterns.

White-box energy system models have great potential for model reduction in Modelica and its
open source libraries, such as Buildings (Wetter et al. 2014) and AixLib (Maier et al. 2024), since
the components are designed to be modular and easily replaceable. These open-source libraries
typically provide a wide range of components, varying in complexity.

It is important to keepwhite-boxmodels as simple as possible to reduce computational complexity
while remaining accurate enough to maintain interpretability. Thus, the Section 3.2 analyzes the
link between the white-box building heating system model reduction and the accuracy of the
model prediction. The reference model is designed in Modelica utilizing the AixLib library based
on the real-world facility (Meyer 2013). It is modeled with the highest level of detail. Then,
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3.1 Method: Integrating occupant patterns into reduced-order building models to improve forecasting accuracy

the potential for component reduction is sought, and the reduction is evaluated through seven
steps by neglecting and replacing components. This section addresses research questionRQ2 and
research gap 2 by analyzing the reduction of building heating system models and their impact on
dynamic behavior, and by comparing these models with the real-world facility.

3.1 Method: Integrating occupant patterns into
reduced-order building models to improve
forecasting accuracy

This dissertation introduces a newmethod that improves gray-boxmodeling by identifying distinct
models for working days and weekends, thereby splitting the impact of occupant behavior patterns
on models. This method is validated using five weeks of measured data from a real office building
at the Living Lab Energy Campus (LLEC) at the Karlsruhe Institute of Technology (KIT) Wiegel
et al. (2022). The proposed ensemble structure is benchmarked against the classically identified
thermal buildingmodel approaches (Harb et al. 2016, Frahm et al. 2022a), demonstrating improved
robustness in indoor air temperature prediction across varying occupancy conditions.

3.1.1 Methodology

In this section, the structural formulation of the RC thermal building model is presented, including
its underlying equations. Subsequently, the methodology employed for parameter identification
is discussed in detail, outlining the ensemble model structure.

Model structure

To address the sensitivity of thermal building models to occupant-related heat gains, the following
model structure is proposed:

Cair,j
dTair,j

dt
=

2 · (Tw,j − Tair,j)

Rw,j
+

(Tamb − Tair,j)

Rinf,j
+ (3.1)

Tm,j − Tair,j

Rm,j
+ Q̇conv,j + gsol,j q̇sol + Q̇ig,j
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Cm,j
dTm,j

dt
=

(Tair,j − Tm,j)

Rm,j
+ Q̇rad,j (3.2)

Cw,j
dTw,j

dt
=

2 · (Tair,j − Tw,j)

Rw,j
+

2 · (Tamb − Tw,j)

Rw,j
(3.3)

dQ̇ig,j

dt
= 0 (3.4)

where the index j ∈ J and setJ = {R1, R2, R3 ,R4 ,R5, K, B} refers to the individual rooms.
The kitchen is denoted by K and the bathroom by B. Variables Tw,j , Tair,j and Tm,j represent the
wall, indoor air, and thermal building mass temperatures, respectively. The occupant-related heat
load that impacts indoor air temperature is denoted Q̇ig,j and is calculated in W.

The thermal capacitance of the indoor air, wall and thermal building mass are denoted as Cair,j ,
Cw,j and Cm,j , respectively. In this context, the thermal building mass comprises building
elements characterized by slow thermal dynamics, such as roofs, floors, and internal concrete
cores. The parameters Rm,j , Rw,j , and Rinf,j are the thermal resistances against heat transfer (i)
between the thermal building mass and indoor air, (ii) between ambient and indoor air, and (iii)
infiltration resistance, respectively. The input vector is defined as: uj = [Tamb Q̇h,j q̇sol]

T .
The elements of the input vector are ambient temperature Tamb, the heat flow from the heat pump
Q̇h,j and the solar radiation q̇sol in W/m2. The solar heat gain factor gsol,j , in Equation (3.1), is
measured inm2. The heat flow Q̇h is supplied by a ground source heat pump, with measurements
at the building level. The heat flow allocated to each room Q̇h,j is estimated proportionally using
the volume ratio of the j room volume Vj to the sum of all room volumes

∑
j Vj:

Q̇h,j = Volume ratio · Q̇h (3.5)

Volume ratio =
Vj∑
j Vj

(3.6)

Furthermore, the heat flow is assumed to consist of 80% convective heat Q̇conv,j and 20% radiant
heat Q̇rad,j (Jiang et al. 1992).

The RC network representation of the thermal building model is illustrated in Figure 3.2. The
original model comprises only three thermal states: the wall temperature Tw,j , indoor air temper-
ature Tair,j , and the temperature of the building mass Tm,j (De Coninck et al. 2016). To account
for occupant-related heat gains, a fourth state is introduced, following the approach of Coffman
and Barooah (2018), where the temporal variation of this state is assumed to be constant. This
assumption is based on the premise that occupants exhibit similar patterns throughout the day, to
some extent. As a result, the internal heat gain due to occupants Q̇ig,j is no longer treated as an
unmeasured input but is instead modeled as an additional state variable. To extend the model to
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Figure 3.2: Proposed 4R3C gray-box thermal building model for room j - predefined model structure. The figure is
adapted from Kovačević et al. (2024a).

a multi-zone configuration, a decentralized approach is adapted from Frahm et al. (2022b). This
approach models each room independently, without thermal coupling between rooms or across
floors.

Parameter identification approach

To improve the robustness of thermal buildingmodels to changes in OB patterns, the identification
process is separated into two distinct periods: working days (5 days) and weekends (2 days). This
distinction is motivated by the differing OB patterns in LLEC buildings across these periods
(Frahm et al. 2022b). By isolating the identification to each period, the working-day model
captures weekday-specific occupancy dynamics. In contrast, the weekend model reflects reduced
occupancy and its lower impact on indoor air temperature. To ensure continuity between models,
a transition is implemented via linear interpolation between the final two hours of the working-day
model and the initial two hours of the weekend model, and vice versa. This switching between
models provides the basis for the proposed ensemble model, which contrasts with the classical RC
model identified over a full week. While the classical model assumes uniform OB, the ensemble
model explicitly accounts for temporal OB variations by combining separately identified models.
The ensemble modeling approach can be extended to incorporate additional temporal patterns,
such as seasonal variations, by integrating more than two independently identified RC building
models.

The methodology is illustrated in Figure 3.3, where subscripts “wd” and “we” denote parameters
identified for working days and weekends, respectively, using the predefined model structure
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Date and time Identification period

Validation period

Is working day?
No
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Evaluation
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daysweekend

Parameter 
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interpolation 

Parameter 
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Inputs Inputs

Figure 3.3: Identification and validation process of the ensemble model. The figure is adapted from Kovačević et al.
(2024a).

shown in Figure 3.2. To facilitate a fair comparison, both the classical and ensemble models share
the same RC structure.

3.1.2 Case study

The study focuses on five rooms, a kitchen, and a bathroom, excluding hallways and service rooms
due to a lack of heating, as illustrated in Figure 3.4. Since heat flow is measured at the building
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level, room-level heating is estimated using volume-based allocation, as given in Equations (3.5)-
(3.6). In addition to heat flow Q̇h, ambient temperature Tamb, solar radiation q̇sol, and indoor
air temperature Tair of each room are measured. The dataset spans from September 23, 2023,
to November 4, 2023. Identification is performed over two periods: September 25-30, 2023,
for the working-day model and September 23-25, 2023, for the weekend model. The remaining
data are used for long-range validation to assess model applicability beyond a single week. Due
to limited winter data, the study focuses on fall conditions. Model identification and validation
are conducted using MATLAB’s System Identification Toolbox (The MathWorks Inc.). To
demonstrate the model’s applicability, a decentralized multi-zone structure is used, treating each
room as an independent zone.

First floor Second floor

Kitchen

Bath-
room

Corridor Corridor

Child's room 1Child's room 2Dining room Living room

BedroomUtility
room

Figure 3.4: The plan of the LLEC building at KIT. Figure is from Langner and Kovačević et al. (2025).

3.1.3 Results and discussion

Input data used for validation are represented in Figure 3.5, where the weather data - ambient
temperature Tamb and solar radiation q̇sol are shown on the top subplot and the heat flow from the
heat pump for the corresponding room on the bottom subplot. Figure 3.6 illustrates the indoor
air temperature dynamics in rooms 4 and 5 and the bathroom during the validation period. The
measured temperature is shown in blue, while predictions from the ensemble and classic models
are shown in red and yellow, respectively. Moreover, weekend periods are shaded in gray.
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Figure 3.5:Weather and heat flow input data for room 4. The figure is derived from Kovačević et al. (2024a).

Each room is modeled using the system of differential equations defined in Equations (3.1)-
(3.4). By separating model identification into working days and weekends, the ensemble model
achieves improved forecasting accuracy. Although the ensemble model initially overestimates
indoor temperature during the first four days, it better captures system dynamics throughout the
remainder of the validation period compared to the classical model. Due to the time-invariant
nature of the state-space formulation, the classical model struggles to account for unmeasured
time-varying disturbances, particularly during weekends (October 7–8, 14–15, 21–22, 28–29)
and certain working days (October 16–20, October 30 – November 3). In contrast, the ensemble
model, which comprises two separately identified models, demonstrates greater capability to
adapt to temporal variations in OB patterns.

Key performance indicators

To evaluate the predictive accuracy of the proposed ensemble model for indoor air temperature,
three statistical metrics are employed: (i) RMSE, which is sensitive to outliers, (ii) MAE, repre-
senting the average deviation between predicted and observed values and (iii) MAPE, expressing
error as a percentage of actual values. Table 3.1 summarizes the error analysis for both identifica-
tion and validation periods across all rooms. During validation, the ensemble model consistently
outperforms the classic model according to all three indicators. Specifically, MAPE for the en-
semble model ranges from 1.4–2.8%, compared to 2.9–5.3% for the classic model. MAE spans
0.32–0.53 ◦C versus 0.65–1.13 ◦C, while RMSE is slightly higher for both models due to its
sensitivity to outliers, 0.43–0.89 ◦C and 0.84–1.41 ◦C, respectively. The poorest performance
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(a) Predicted indoor air temperatures for room 4.

Sep. 30 Oct. 07 Oct. 14 Oct. 21 Oct. 28 Nov. 04

Time (day) 2023

T
a
ir
;R
4
(/
C
)

20

22

24

26

Measured Ensemble Model Classic Model

(b) Predicted indoor air temperatures for room 5.
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(c) Predicted indoor air temperatures for bathroom.
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Figure 3.6: Prediction and measurements for three rooms. Gray-shaded regions correspond to weekends.

occurs in the bathroom, where rapid temperature drops driven by unmeasured disturbances are
not captured by either model (see Figure 3.6c). During identification, the classic model performs
better only in room 5. However, the ensemble model achieves superior accuracy in all other rooms
during the identification period. Interestingly, during validation of room 5 (see Figure 3.6b), the
ensemble model yields lower errors, despite its initial disadvantage under the classic model during
identification.

Distribution of prediction residuals

Beyond statistical metrics, residual distributions are examined using histograms for all rooms and
both models, with Euclidean norm comparisons within and across model classes, as illustrated
in Figure 3.7. Residuals exhibit stochastic rather than systematic behavior, influenced by weather
and occupancy. In all cases, the ensemble model aligns more closely with a normal distribution
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Table 3.1: Indoor air temperature error analysis. The MAE, RMSE and MAPE of classic and ensemble models for the
identification and validation period for all zones. Table is derived from Kovačević et al. (2024a).

MAE
(◦C)

RMSE
(◦C)

MAPE
(%)

MAE
(◦C)

RMSE
(◦C)

MAPE
(%)

Zone Algorithm Identification period Validation period

Room 1 Classic 0.3549 0.4145 1.3840 1.1311 1.3774 5.0135
Ensemble 0.2550 0.3098 0.9995 0.4247 0.5842 1.9082

Room 2 Classic 0.4469 0.5606 1.7427 0.8928 1.1046 3.7803
Ensemble 0.4196 0.5431 1.6526 0.3912 0.5026 1.6710

Room 3 Classic 0.6363 0.8305 2.5114 0.8065 1.0126 3.6309
Ensemble 0.4658 0.5915 1.8482 0.4684 0.6421 2.0650

Room 4 Classic 0.4747 0.5514 1.8675 0.7139 0.9051 3.1753
Ensemble 0.3482 0.4150 1.3769 0.3463 0.4576 1.5125

Room 5 Classic 0.3864 0.5028 1.5842 0.6529 0.8446 2.9213
Ensemble 0.4121 0.5200 1.6906 0.3219 0.4282 1.4230

Kitchen Classic 0.5604 0.7593 2.2440 0.8727 1.1015 3.7413
Ensemble 0.5277 0.7445 2.1086 0.4349 0.6315 1.8676

Bathroom Classic 0.7293 1.1242 3.5351 0.9972 1.4081 5.3254
Ensemble 0.6939 1.0876 3.3665 0.5307 0.8856 2.8292

than the classic model. For room 4, 95% of residuals fall within -1.77 to 1.77 ◦C for the classic
model and -0.89 to 0.89 ◦C for the ensemble model, indicating higher precision. Corresponding
standard deviations are 0.91 ◦C and 0.46 ◦C, respectively, with near-zero means for both models.
The smaller ensemble model deviation confirms its superior accuracy. To assess histogram simi-
larity, a Euclidean-norm-based index was defined and visualized as a heatmap (see Appendix B.1
Figure B.1). The distance matrix is symmetric and excludes self-comparisons. Overall, his-
tograms within the same model class, ensemble (EMi, EMj) or classic (CMi, CMj), exhibit high
similarity, whereas cross-model comparisons (EMi, CMj) show the greatest divergence. Specifi-
cally, ensemble-to-ensemble (EMi, EMj) distances range from 363 to 1303 (mean: 785; median:
884), while cross-model (EMi, CMj) distances span 1395 to 3510 (mean: 2284; median: 2237).
Classic-to-classic (CMi, CMj) comparisons fall between 685 and 1972 (mean: 1148; median:
1290). The smaller norms in the ensemble group show greater internal consistency than those of
the classic model.
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Figure 3.7: Residual error distributions for the classic and ensemblemodels across all zones. The figure is fromKovačević
et al. (2024a).

Transmission heat flow across building envelope

Indoor air temperature Tair forecasts were used to quantify transmission heat gains and losses
through external walls and roofs across all zones. Heat transfer through the building envelope
comprises conduction, convection, and radiation. Calculations are performed at each time step,
where convection and radiation effects are assumed to be negligible. Consequently, conductive
heat transfer is computed using Fourier’s law:

Q̇cond,k =
λ ·A ·∆Tk

d
(3.7)

where λ in W/(mK) and denotes thermal conductivity, A in m2 is the surface area of walls and
roofs, d inm is the thickness, and∆Tk the temperature difference between indoor and ambient air
at timestep k. Figure 3.8a compares the time-step differences in conductive heat power between
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measurements and forecasts from the classic model (left) and the ensemble model (right). For
the ensemble model, the interquartile range (IQR) spans -43W to 40W, compared to -95W to
76W for the classic model. Positive values indicate heat loss, negative values heat gain.

(a) Time-step difference between conductive heat transfer through
the external walls and the roof of measurement data and both
ensemble and classic model forecasts summed for all zones.
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(b) Difference in conductive energy between measurements and
model forecasts through external walls and roof, aggregated
across all zones.

Figure 3.8: Transmission heat across building envelope. Abbreviations stand for: C. - classic, E.- ensemble, and M.-
measurements. Figures are derived from Kovačević et al. (2024a).

Figure 3.8b shows accumulated prediction errors in heat energy over five weeks: 278 kWh for the
classic model versus 132 kWh for the ensemble model. These results demonstrate the ensemble
model’s superior accuracy and reduced cumulative error in estimating heat transfer Q̇cond through
external walls and roof.

In summary, the small difference between MAE and RMSE indicates stable performance for
both models, with no significant outliers. Nevertheless, all three metrics in Table 3.1 confirm
that the ensemble model consistently achieves lower forecast errors than the classic model during
validation. Heatmap analysis (see Appendix B.1, Figure B.1) demonstrates that the ensemble
structure is more resilient to room variability and unmeasured disturbances, such as occupant-
related heat loads influencing indoor temperature. Furthermore, accumulated energy errors (see
Figure 3.8b) show a reduction of 146 kWh over five weeks, confirming the ensemble model’s
improved accuracy.

Direct comparison with existing gray-box models is not feasible due to variations in datasets
and identification horizons. For reference, Harb et al. (2016) report RMSE of 0.2 for a 26-day
identification period, while Gray and Schmidt (2018) and Klanatsky et al. (2023) achieve RMSE
of 0.2 ◦C and MAE of 0.25 ◦C over the year, respectively, using adaptive parameter updates
over 1–4 weeks. The proposed approach segments identification into weekdays and weekends

38



3.2 Analysis: Impact of model complexity reduction on heating system dynamics

to capture occupancy patterns, requiring one week for accurate five-week forecasts. Compared
to the classic model, the ensemble approach reduces all three statistical indicators during valida-
tion, demonstrating its superiority for high-precision prediction. However, the ensemble model
overestimates temperatures sometimes (see Figure 3.6a) due to ambient fluctuations and heat
pump inactivity. Similarly, rapid temperature drops in the bathroom (see Figure 3.6c) represent
unmodeled disturbances, as both models fail to capture fast dynamics. Room 5 exhibits mixed
results: the classic model performs better during identification, while the ensemble model excels
in validation (see Table 3.1). These discrepancies may stem from complex occupancy patterns
and minimal solar gains in room 5, the largest room facing northwest.

3.2 Analysis: Impact of model complexity reduction
on heating system dynamics

For large-scale simulations andmodel-based control design, it is essential to employ systemmodels
that are sufficiently simple to minimize computational costs yet accurately capture the system’s
dynamic behavior. This part of the dissertation examines how reducing model complexity affects
simulation accuracy using a real-world residential heating system as a case study. To conduct
this analysis, a high-detail reference model is first developed and validated using data from a
real-world facility. Subsequently, systematic reduction steps are applied to the validated model,
and the simulation accuracy of the simplified models is evaluated. The core contribution lies in a
detailed evaluation of how white-box model simplification impacts overall heating system model
performance. The present case study employs vertical reduction within the white-box modeling
approach, as illustrated in Figure 3.1.

3.2.1 Methodology

Modelica language and its commercial software, Dymola, are chosen for modeling the building
heating system. The open-source library AixLib (Maier et al. 2024) is selected because it incorpo-
rates all necessary components and models at varying levels of detail and provides comprehensive
documentation. Moreover, AixLib is widely used in the field of building energy modeling (Mork
et al. 2022, Schneider et al. 2017, Urrutia et al. 2025). To investigate the reduction potential, it is
essential to create a suitable reference model. The system has been designed to be as realistic as
possible, with components for the model being provided by the AixLib library and characterized
by high levels of detail. Henceforth, the reference model is validated on real-world data. This
process is followed by the exploration of reduction possibilities within Modelica and AixLib.
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The real-world heating system from Meyer (2013) is selected as a case study. It comprises
three main components: a heat pump and two storage tanks for DHW and space heating.
The initial step in the modeling process is selecting the most detailed components from
AixLib that correspond to the real heating system description. The following models are
chosen: (i) Fluid.HeatPumps.ScrollWaterToWater for the ground-source heat pump, (ii)
Fluid.Storage.StratifiedEnhanced for the space heating storage and (iii) Fluid.Stora-
ge.StratifiedEnhancedInternalHex for the DHW storage. The comprehensive description
of the corresponding models coupling follows in Section 3.2.2. Subsequently, the reduction steps
are undertaken utilizing the reference model as a foundation, as shown in Figure 3.9.

Full reduction
(1)-(5)

Combined
reduction

(1)-(4)

Single component reduction

Multiple components reduction

V
ertical reduction from

 (1) to (7)

Real system

Reference white-
box model

Pipes

Heat pump
Space heating

storage
Domestic hot 
water storage

Pumps

Figure 3.9:Model reductionmethodology of the white-box residential heating systemmodel consisting of seven reduction
steps. Figure is adapted from Kovačević et al. (2025a) and Brecher (2024).
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3.2 Analysis: Impact of model complexity reduction on heating system dynamics

The potential for reducing the complexity of a modeled heating system has been identified in
omitting or simplifying specific components, namely the heat pump, thermal energy storage
systems, piping network, and circulation pumps. In the initial reduction step (reduction step
one), only the piping system is excluded. Steps two through five involve the simplification of
individual components: the heat pump, space heating storage, DHW storage, and circulation
pumps. Herein, each reduction step replaces only one component from the reference model with
a less detailed representation. In step six, simplified models of the heat pump and both storage
units are integrated. Finally, step seven further reduces model complexity by incorporating all
previous simplifications.

As illustrated in Table 3.2, the detailed components of AixLib that are utilized in the reference
model are outlined, along with their simpler replacement models and corresponding reduction
steps. For instance, the simpler replacement model Carnot_y of the heat pump is employed in
the reduction steps 2, 6, and 7. In contrast, the detailed model ScrollWaterToWater is utilized
in the remaining steps. It should be noted that only the latter part of the components’ description
is used hereafter, e.g. StratifiedEnhanced for space heating storage detailed component from
AixLib.

Table 3.2: A list of reference model components and their simplified replacements, along with the steps in which they
are simplified. The heat pump, space heating storage, DHW storage, and circulation pumps components are
in AixLib.Fluid respective sublibraries HeatPumps, Storage, Movers. Simplified circulation pumps are
available in Modelica.Fluid.Sources. Table is adapted from Kovačević et al. (2025a).

Component Reference
model name

Simpler
model name

Reduced
in step

Heat pump ScrollWaterToWater Carnot_y 2, 6, 7
Space heating

storage
StratifiedEnhanced Stratified 3, 6, 7

DHW
storage

StratifiedEnhanced-
Storage 4, 6, 7

InternalHex

Pumps FlowControlled_m- MassFlowSo-
5, 7

_flow urce_T
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3.2.2 Case study

Reference heating system model

The development of the reference residential heating system model is approached via a bottom-up
strategy, wherein components from AixLib are selected as the most complex models, exhibiting
the highest level of detail. Figure 3.10 illustrates the reference heating system model. The dashed
lines indicate the subsystems relevant to the present case study. The remaining subsystems are
shown for completeness but are not explained in detail. The systems’ core components are a heat
pump and two stratified storage systems for space heating and DHW.

The green block in Figure 3.10 denotes the heat pump system, comprising two major subsystems:
the water-to-water ground source heat pump and the brine circulation pump, named heatPump and
pumpBrine, respectively. The heat pump employs a scroll-type compressor, while the brine fluid
is a mixture of water and ethylene glycol with a 20% concentration. The ScrollWaterToWater
heat pump is selected because it aligns with the real-world system and is the highly detailed
model in AixLib. For the brine circulation pump, the FlowControlled_m_flow is applied,
and measured brine temperature data are used as input to the simulation. A refrigerant model
for R134a is implemented using the hybrid equation-based approach described by Sangi et al.
(2014). Since the geothermal borehole is not explicitly modeled, two boundary conditions are
defined to represent temperature and pressure constraints, i.e., sourceGround and sinkGround
components.

The yellow block in Figure 3.10 depicts the space heating storage system. The heated wa-
ter from the heat pump is transferred into the space heating storage (named storageSH) with
the assistance of the circulation pump pumpSH. The type of the circulation pump utilized from
AixLib is FlowControlled_m_flow. For the space heating storage component, the detailed
StratifiedEnhancedmodel is chosen for the reference model. Furthermore, the heating distri-
bution system is presented as a boundary condition in Figure 3.10, marked as sinkSH in the yellow
block. The pipelines for supply and return water, named pipeSHSupply and pipeSHReturn,
respectively, are represented with Fluid.FixedResistances.PressureDrops components.
The three valves modeled with Fluid.Actuators.Valves.TwoWayQuickOpening are used
for water distribution. The representation of valve control is illustrated in the orange block.
Due to the absence of direct measurements for the volume flow rate of the circulation pump
pumpSHRad, which transports heated water to the radiators and to the boundary condition in the
simulation, the flow rate is approximated using the temperature difference between the radiator
inlet and outlet. This subsystem is visually indicated with a brown background in Figure 3.10. An
additional simplification applied to this component is the omission of the three-way valve present
in the actual installation (Meyer 2013), as its control logic is not documented.
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Figure 3.10: The reference heating system model, based on a real-world facility from Meyer (2013). The subsystems
relevant to the introduced model reduction are outlined by the dashed lines. The figure is adapted from
Kovačević et al. (2025a) and Brecher (2024).

Similarly to the space heating subsystem, the DHW storage subsystem is illustrated within
the red block in Figure 3.10. The heated water from the heat pump is transported into the
DHW storage (named storageDHW) internal heat exchanger by the circulation pump named
pumpDHW. The pump component is of the same type as the two pumps previously referenced. The
StratifiedEnhancedInternalHex is the AixLib component utilized for the indirect stratified
storage for DHW. Furthermore, the boundary conditions Fluid.Sources.Boundary_pT for the
drinking water sink sinkDHW and the freshwater inlet temperature sourceDHW from measure-
ments are utilized. The volume flow of drinking water V̇DHW (m3/s) is calculated based on
the measured heat flow for each heating cycle of drinking water Q̇DHW (W), the density ρH2O
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(kg/m3) and specific heat capacity cH2O (J/kg ·K) of the water and temperature difference
between tap and heated water of the DHW ∆TDHW measured in K:

V̇DHW =
Q̇DHW

ρH2O · cH2O ·∆TDHW
(3.8)

As described by Meyer (2013), the DHW storage is scheduled for heating every two days for 24 h,
with no heating during the weekends. Since there is no information on occupant behavior within
the building, the DHW load distribution is estimated utilizing a pulse signal with a 16 h/day time
span. This estimation corresponds to the household demand for two days, VDHW = 0.36m3.
The blue, gray, and purple block in Figure 3.10 depict the space heating supply control, DHW
supply control and control between two modes (space heating or DHW), respectively. The
on/off controller Modelica.Blocks.Logical.OnOFFController is utilized for controlling
the heat pump for space heating, while the DHW storage charging is controlled by hysteresis
Modelica.Blocks.Logical.Hysteresis. A comprehensive description of the components
can be found in Maier et al. (2024).

Reduction steps

The pipelines, namedpipeSHSupply, pipeSHReturn, andpipeDHW in Figure 3.10, are neglected
in the first reduction step (see Figure 3.9). The second step reduces the ScrollWaterToWater
heat pump by replacing it with simpler Carnot_y (see Table 3.2). In terms of model complexity,
this replacement reduces the number of equations, as the power consumption and heat flows of
the heat pump are calculated more simply than in the reference model. The reduction step three
reduces the space heating storage StratifiedEnhanced to Stratified AixLib component. In
this context, the difference between the components mentioned above lies in how the stratification
is carried out. In the reference space heating storage StratifiedEnhanced, a third-order
stratifier is utilized, whereas in the simpler component Stratified, stratification is designed as
individual fluid volumes. This contributes to reducing the number of unknowns and equations. In
the reduction step four, StratifiedEnhancedInternalHex is replaced by Storage, within the
DHW subsystem. These two components are chosen as both can implement the heat exchanger,
which aligns with the real system. Moreover, the simpler Storage component has simplified
stratification. The circulation pumps are replaced with simpler MassFlowSource_T components
from the Modelica main library (see Table 3.2) in step five. Due to the physical meaning of
the simpler MassFlowSource_T, as they can be located only at the end of the connection, the
pumpSH and pumpDHW are still modeled with FlowControlled_m_flow. The reduction step six
combines reduced heat pump, space heating storage, DHW storage, and pipeline neglect. The last
reduction step combines all single component reduction steps (1)-(5) (see Table 3.2).
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Measurements

The measurements serve as inputs for the model’s boundary conditions and for validation of
the residential building heating system located in Switzerland (Meyer 2013). The boundary
conditions are derived from measurement data: (i) the ground probe temperature - the input to the
brine circulation pump, (ii) the space heating return temperature of water - the input to the space
heating storage, and (iii) the fresh water inlet temperature - the input to DHW storage. On the
other hand, for the model validation, the following measurements are used: (i) the total electricity
consumption - calculated as the sum of the consumption of the corresponding components, and
(ii) COP - calculated based on the generated heat power and the consumed electricity.

3.2.3 Results and discussion

For the quantitative evaluation of the reference model and models derived from all reduction
steps, the RMSE, which is sensitive to outliers, and the MAE, which defines the average error
are utilized. The models are evaluated utilizing power consumption and COP measurements for
the entire year of 2022. The following three cases regarding the power consumption and COP are
discussed: (i) total power consumption including the consumption of the circulation pumps PT

and the corresponding COPT over 15min time step, (ii) power consumption Pel,HP and COPHP

of only heat pump in 15min resolution and (iii) average power consumption Pel,HP,24h and
average COPHP,24 per day. Furthermore, the deviations between the reference model and reduced
models, namely∆RMSE and∆MAE, are discussed. The reduction is evaluated as the decrease in
the number of unknowns and equations of the system represented by the Differential-Algebraic
System of Equations (DAE). The number of unknowns and equations in the DAE is independent
of the computer’s characteristics or state, and thus serves as an objective metric for evaluating the
model’s complexity. In addition, computational costs are evaluated based on Central Processing
Unit (CPU) time. As the simulation’s CPU time depends on the computer’s performance and
overall utilization, the average CPU time across three simulation runs is calculated.

Reference model and final reduction model validation

Figure 3.11 presents the accuracy of the reference model and final reduction model, i.e., the model
at reduction step seven. Two types of error are shown: RMSE, sensitive to outliers, and MAE,
representing the mean error. The MAE of the power consumption Pel,HP for the reference model
is 268.8W, which is considered relatively accurate for a one-year evaluation. This deviation
could occur because the volume flows for space heating and the DHW are estimated rather than
measured. Moreover, neglecting the three-way valve can also contribute to discrepancies between
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the model and measurements. The temporal shift between the simulation and measurements,
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Figure 3.11: Error analysis for the reference model and the model at the reduction step seven, evaluated for the entire year
of 2022. Models are compared with the measurement. The transparent bars represent the RMSE, while
bars with no transparency show the MAE.

due to the lack of measurement data, can reflect in a relatively large RMSE of Pel,HP 823.4W.
Specifically, the simulation may not reflect the correct time at certain time steps. In these
instances, the measurements may show zero power consumption, whereas the simulation could
result in 4.5 kW in the worst case. This temporal shift arises from gaps in the measurement data
utilized as the simulation input. Furthermore, this temporal shift is also evident in the reduced
model in step seven (see the orange bars of Pel,HP in the Figure 3.11). The evaluation excludes the
two most significant measurement gaps; however, many smaller gaps cannot be addressed in this
way. Interestingly, when considering the RMSE of average power consumption per 24 hours, both
models have significantly smaller RMSE. Namely, RMSE of 128.4W for the reference model and
43.6W for the model from the reduction step seven. Notably, the impact of the temporal shift
vanishes when averaging power consumption over a 24 h time span Pel,HP,24h. The same applies
to COP. The average COPHP,24h RMSE is significantly smaller than the RMSE of COPHP and
COPT as shown in the Figure 3.11 in the right subplot. In particular, the RMSE of COPHP is
1.5 and 1.4 for the reference and reduced models in step seven, respectively, while the RMSE of
COPHP,24h is 0.3 for both models. This leads to reductions of 1.2 and 1.1 in RMSE compared
to COPHP for the reference model and the most reduced model, respectively. Furthermore, the
RMSE of COPT for reference and model from reduction step seven are 1.4 and 1.6, respectively.
In addition to the previously discussed factors contributing to deviations in power consumption,
which also influence the COP, further discrepancies in COP may arise from the omission of
thermal losses in the storage system. As a result, the simulated heat output of the heat pump
exceeds that of the actual facility. Moreover, the observed difference between the heat pump power
consumption Pel,HP and the total power consumption PT in the compared models stems from the
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Table 3.3: The power difference between the reference model and the models from all reduction steps. Negative values
denote that the corresponding model aligns better with measurements. The table is derived from Kovačević et
al. (2025a) and Brecher (2024).

Reduction
step

Power ∆RMSE ∆MAE

1 Pel,HP in W 1.2 -0.2
Pel,HP,24h in W 2.7 0.8

2 Pel,HP in W 52 20.3
Pel,HP,24h in W -90.8 -61

3 Pel,HP in W 3.6 2.2
Pel,HP,24h in W -4.7 -2.6

4 Pel,HP in W 7.2 6.5
Pel,HP,24h in W -3.7 -2.1

5 Pel,HP in W 2 1.3
Pel,HP,24h -0.9 -0.7

6 Pel,HP in W 53.6 20.4
Pel,HP,24h in W -83.5 -53.9

7 Pel,HP in W 58.5 23.5
Pel,HP,24h in W -84.8 -55.2

inclusion of circulation pump energy use in the latter, which is not explicitly parameterized in the
current modeling approach.

Model accuracy for reduction steps

Tables 3.3 and 3.4 show the deviation of RMSE∆RMSE and MAE∆MAE between the reference
model and reduced models for power consumption and COP, respectively. Here, the negative
values indicate greater alignment with the real-world facility. The first reduction step (see
Figure 3.9) does not result in significant deviations from the reference model, since both∆RMSE

and ∆MAE are relatively small values. Therefore, in all subsequent reduction steps, the same
pipes are neglected. The reduction step one comprises 2784 unknowns and equations of the
DAE, reducing the model complexity by 1.7% compared to the reference model, as shown in
Figure 3.12.

The reduction step two, comprising the replacement of the detailed heat pump ScrollWater-
ToWater with simpler Carnot_y model, results in the Pel,HP and COPHP ∆RMSE of 52W and
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Table 3.4: The COP difference between the reference model and the models from all reduction steps. Negative values
denote that the corresponding model aligns better with measurements. The table is derived from Kovačević et
al. (2025a) and Brecher (2024).

Step COP ∆RMSE ∆MAE

1 COPHP 1.2 -0.2
COPHP,24h 0 0

2 COPHP -0.1 -0.1
COPHP,24h 0 0

3 - 5 COPHP 0 0
COPHP,24h 0 0

6 - 7 COPHP -0.1 -0.1
COPHP,24h 0 0

-0.1, respectively. Interestingly, the deviations ∆RMSE and ∆MAE of Pel,HP,24h and COPHP

are negative, showing that the model accuracy is closer to the measurements. The Pel,HP,24h

and COPHP,24h values reduce the influence of the time shift by averaging the consumption over
one day. The compressor, which is not modeled in the reduced heat pump, is likely the reason
for the better accuracy of the reduction step two, given the average consumption Pel,HP,24h.
The difference between the reference model and the model in the reduction step two lies in
the consumed power, which is modeled as the nominal compressor power in the latter model.
Consequently, the calculated heat flow from the heat pump is smaller than that of the reference
model. This aligns the model from the reduction step two closer to the measurements. However,
the number of unknowns and equations of DAE is reduced by 4.6% compared to the reference
model, which is not yet significant. The replacements of the space heating storage, the DHW
storage, and the circulation pumps separately in the reduction steps three to five have been shown
to have a negligible impact on model accuracy. The respective values of ∆MAE of Pel,HP

are 2.2W, 6.5W and 1.3W, respectively. Furthermore, there is no deviation of ∆MAE for
COPHP and COPHP,24h between the reference model and the above-mentioned reduction steps.
Interestingly, reduction step four yields a substantial decrease in the number of unknowns and
equations in the DAE, amounting to 23.2% compared to the reference model. This demonstrates
that simplifying the DHW storage significantly reduces the model complexity, as measured by
the number of unknowns and equations in the DAE. A comparable effect is observed in step five,
where simplifying circulation pumps results in a 13.6% reduction. Furthermore, reduction step
six, which integrates the reduced heat pump, DHW, and space heating storages, the deviation
from the reference model aligns with that of reduction step two, with ∆RMSE values of 53.6W
and -83.5W for Pel,HP and Pel,HP,24h, respectively. This outcome is plausible as the reduced
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heat pump model exerts the most pronounced influence on simulation accuracy. Moreover, the
reduction of the DAE number of unknowns and equations of 29.4% is justified as it aggregates
reduced components from steps one to four. The reduction step seven, which combines the
simplified circulation pumps with the reduced models from step six, results in a slight deviation
in accuracy relative to the reference model compared to step six. This corresponds to ∆RMSE

values of 58.5W and -84.8W for Pel,HP and Pel,HP,24h respectively, while COP values remain
largely unaffected. The final reduction step involves 1664 unknowns and equations in the DAE,
resulting in a 41.3% reduction in DAE unknowns and equations compared to the reference model,
as illustrated in Figure 3.12.
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Figure 3.12: Model reduction in percentage relative to the reference model, which comprises 2833 unknowns and equa-
tions of the DAE. The figure is derived from Kovačević et al. (2025a) and Brecher (2024).

Computational costs

Figure 3.13 presents the averaged CPU time of three simulation runs for the reference model
and each reduction step. The computer used for the simulation has Intel® Core™ i7-1255U
CPU@1.70GHz with 16GB installed RAM. The solver in Dymola environment is Dassl (Petzold
1982) with a tolerance of 0.01. Remarkably, the reducedmodel in step two has themost significant
impact on CPU time, achieving a 91.7% reduction compared to the reference model. This
substantial decrease can be explained by the fact that the simplified heat pump model Carnot_y
excludes the compressor and considers only heat-exchange processes, i.e., the condenser and
evaporator. The compressor power is derived from the heat pump performance curve, rendering
the heat pump component computationally more efficient. Reduced models from steps one, three,
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and four also contribute to CPU time reduction, though to a lesser extent, with reductions of
14.6%, 8%, and 6.2%, respectively, compared to the reference model. Interestingly, simplifying
circulation pumps in step five does not reduce the average CPU time, despite a 13.6% reduction
in the number of DAE unknowns and equations. In fact, this model from the reduction step five
requires, on average, 125.5 s more than the reference model. Steps six and seven have nearly
identical average CPU times, i.e., 59.8 s and 59.7 s, respectively. These two reduction steps have
the most significant impact on CPU time reduction, i.e., 94.9% for both. They combine the
most extensive DAE simplifications with the greatest CPU time savings. However, for models
from steps one to five, CPU time does not consistently correlate with the percentage reduction in
DAE unknowns and equations. For instance, while step four achieves the largest DAE reduction,
step two delivers the smallest CPU time. This discrepancy may stem from component-specific
structures, such as the heat pump model discussed earlier. Still, it could also relate to solver
characteristics, simulation management, C-code generation, and optimization strategies. These
factors require further investigation.
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Figure 3.13: The average CPU time (s) of the reference mode and all models from reduction steps. The average CPU
time is calculated based on the results of three simulation runs. The figure is derived from Kovačević et al.
(2025a).

Heat pump power consumption

Figure 3.14 comprises the comparison of a daily average heat pump power consumption,
Pel,HP,24h, to mitigate temporal shift effects and better evaluate model dynamics against mea-
surements. Notably, the model from the reduction step seven demonstrates superior accuracy

50



3.2 Analysis: Impact of model complexity reduction on heating system dynamics

Time (day)

0 50 100 150 200 250 300 350

P
el

;H
P
;2
4
h
(W

)

0

500

1000 Measurement
Reference model
Reduction step 7

Figure 3.14: Heat pump power consumption averaged on 24h for the entire evaluation period. The figure is derived from
Kovačević et al. (2025a) and Brecher (2024).

in average consumption, particularly during winter. This improvement arises from deviation in
heat flow simulation between the detailed ScrollWaterToWater and simplified Carnot_y heat
pump models, with the latter exhibiting lower efficiency and therefore yielding electrical power
consumption closer to that observed in the real facility. However, similar conclusions cannot be
drawn from Pel,HP and PT due to uncompensated temporal shifts.
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Figure 3.15: Consumed energy of the heat pump for the year 2022. The figure is derived from Kovačević et al. (2025a)
and Brecher (2024).

Figure 3.15 illustrates the annual accumulated energy consumption of the heat pump for the
year 2022. Measurements, reference and most reduced models indicate 3447 kWh, 2785 kWh

and 3610 kWh annual consumed energy, respectively. The model from the reduction step seven
shows better alignment with the real-world facility, likely because its lower efficiencymore closely
reflects the actual heat pump performance, possibly influenced by aging effects. However, this
observation cannot be generalized, as it is related to the specific condition of the real system. For
instance, the detailed ScrollWaterToWater model could better represent optimal performance
in a new heat pump, as it computes higher heat flows and thus greater efficiency than the simplified
Carnot_y component.
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3.3 Contributions

This chapter addresses the research gaps in the field of building energy modeling by answering
the research questions RQ1 and RQ2 (see Section 1.2). The RQs examine how uncertainty and
complexity reduction affect the accuracy of the building energy models. The first section of this
chapter examines uncertainty in occupants’ behavior in gray-box reduced-order thermal building
models. It addresses RQ1 by introducing an ensemble approach for parameter identification
that accounts for occupants’ behavior patterns. Using the proposed methodology, the improved
robustness of the gray-box thermal building model against variations in occupants’ behavior
patterns becomes evident. The contribution of this part lies in (i) analyzing the forecast accuracy
of the gray-box thermal building models in occupied buildings identified in a classical way and (ii)
proposing the methodology for improving the robustness of the models to changes in occupants’
behavior patterns. As the data used for parameter identification and validation are from the
German fall period, further development should focus on detailed analysis during winter and
summer, when heating (i.e. cooling) demand is much higher. The unmeasured disturbances and
their handling by the control algorithm, shown for the bathroom in Figure 3.6c, are addressed
later in this dissertation within a real-world experiment (see Section 4.2).

Motivated by the advantages of the simplified models, such as gray-box models, the second part of
this chapter examines how complexity reduction influences the dynamic behavior of the building
heating system. It is based solely on comparative analysis and addresses RQ2. The analysis
demonstrates that complex models are not always superior in representing real systems. This part
of the dissertation contributes to (i) an in-depth analysis of building heating system models at
varying levels of detail, as well as (ii) an assessment of reduction potentials within Modelica and
the open-source AixLib library.
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Publications supporting the chapter content

• Jovana Kovačević, et al. A fuzzy logic approach for economic energy-efficient heat
pump operation in thermal building control. In 2024 IEEE PES Innovative Smart Grid
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• Felix Langner, Jovana Kovačević, et al. Experimental evaluation of model predictive
control and fuzzy logic control for demand response in buildings. Applied Energy,
401:126666, 2025. ISSN 0306-2619. doi: 10.1016/j.apenergy.2025.126666.

Demand response, as a subcategory of demand-side management, exhibits significant potential
for flexible energy consumption by actively engaging end users and encouraging them to adjust
their demand in response to grid conditions over time (Siano 2014, Gelazanskas and Gamage
2014). Load shifting contributes to demand response by rescheduling energy consumption from
on-peak to off-peak periods (Gellings 1985). On the other hand, peak shaving, also known as load
shedding, aims to temporarily curtail peak load during unfavorable periods in the grid (Gellings
1985).

To integrate demand response into buildings, advanced control strategies that enable flexible
HVAC operation are necessary. This dissertation contributes to the field of energy flexibility
in buildings by proposing FLC algorithms for demand response programs, addressing RQ3 and
fulfilling research gap 3. In the Section 4.1, two FLCs are evaluated in a simulation-based
environment. They differ in objective, where one is modeled as comfort-oriented, while the
other is economic-oriented. The development and comparison of the two control strategies with
opposite characteristics help identify the trade-offs and additional information required for a
real-world experiment. Thereafter, Section 4.2 presents a real-world experiment that employs the
FLC control strategy for flexible load shifting. To enable the load shifting, day-ahead electricity
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4 Fuzzy logic thermal building control

prices, and predefined temperature constraints are considered. All FLC controller strategies are
developed as forecast-6 and model-free7 strategies.

4.1 Analysis: Comfort- and economic-oriented
thermal building control

In this section, two FLC algorithms with different objectives, comfort- and economic-oriented,
are designed for thermal building control in demand response programs. They both contain
minimal information required for the operation. In addition to indoor air temperature, they
require current dynamic electricity price signals and the current heat pump COP based on the
ambient temperature.

4.1.1 Methodology

The Mamdani fuzzy logic controller (see Section 2.2.2) is employed to implement comfort- and
economic-oriented control strategies. The minimum operator is applied for set intersections,
while the maximum operator is used for set unions. During fuzzification, crisp input values are
transformed into fuzzy membership values defined by the corresponding membership functions.
The membership functions are designed based on Occupants’ Thermal Satisfaction (OTS) levels.

OTS levels are based on the Predicted Mean Vote (PMV) index (Fanger 1970). This index
evaluates the thermal comfort of building occupants in the same environment by predicting the
mean thermal vote for a large group of people, based on the human body’s heat balance. The
complementary index is the Predicted Percentage Dissatisfied (PPD), which defines the percentage
of thermally dissatisfied occupants. Table 4.1 outlines the OTS levels applied in the present use
case for winter clothing. For instance, OTS level I specifies a narrower acceptable temperature
range which spans 22.6 ◦C and 24 ◦C compared with OTS level II, which spans 21.5 ◦C and
25 ◦C.

6 Day-ahead electricity prices are considered fixed, predefined price signals for the next 24 hours; they are not considered
as forecast.

7 The control models are not used within the control strategy.
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4.1 Analysis: Comfort- and economic-oriented thermal building control

Table 4.1: Two OTS levels used for defining membership functions based on standard EN-16798 and winter clothing.
The parameters are from Frahm et al. (2023) calculated using the CBE Thermal Comfort Tool (Tartarini et al.
2020).

OTS PMV PPD Tair,min Tair,max

I ±0.2 < 6% 22.6 ◦C 24 ◦C

II ±0.5 < 10% 21.5 ◦C 25 ◦C

Design of fuzzy logic thermal building controllers

Both control algorithms are formulated with minimal information required, i.e. four inputs: (i) the
electricity price signal pbuy,k expressed in EUR/kWh, (ii) the coefficient of performance of the
heat pump COPk, which is determined by the ambient temperature Tamb,k, (iii) the temperature
error ek, defined as the difference between the reference temperature Tair,ref,k and the indoor air
temperature Tair,k, and (iv) the change in indoor air temperature error, ∆ek = ek − ek−1. The
operation of the heat pump transforms the electrical input power Pel,k into the delivered heat flux
Q̇h,k defined for the time step k as:

Q̇h,k = COPk · Pel,k (4.1)

Figure 4.1 illustrates membership functions of both FLCs, where the µ presents the fuzzy mem-
bership value. Figure 4.1(a-b) illustrate the defined membership functions for the indoor air
temperature error of the comfort-oriented ecom and economic-oriented eeco algorithms. Fig-
ure 4.1c depicts the change in indoor air temperature error ∆e. Figures 4.1(d-f) illustrate the
defined COP membership functions based on ambient temperature Tamb, dynamic electricity
price signals pbuy, and the control signal α, respectively. The two controllers differ in the design
of the membership functions for the temperature error and in the composition of the rule base
(see Figure 4.1(a-b) and Tables C.1 and C.2). The comfort-oriented controller is configured
to prioritize occupant thermal comfort by assigning greater emphasis to the temperature error
ecom,k and its rate of change ∆ecom,k. For the temperature error membership functions ecom,
the zero-error membership function is strictly defined such that the peak is at Tair = Tref . Fur-
thermore, the zero-error membership function is designed to represent OTS level I, whereas the
“small warm” and “small cold” membership functions are constructed to align with OTS level
II. The OTS constraints are translated into the corresponding indoor air temperature error values.
The midpoint of the temperature range of the zero membership function, i.e., the midpoint of
OTS level I temperature range, is used as setpoint temperature Tref = 23.3 ◦C for heating hours.
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4 Fuzzy logic thermal building control

In contrast, in the economic-oriented controller, high electricity prices and low heat pump effi-
ciency are more penalized. The temperature-error membership functions eeco of the economic-
oriented controller are derived from OTS levels I and II. In this design, the zero-error membership
function has a trapezoidal shape with intentionally wider top base on the positive side, where
µeeco = 1, while the other end of the top base on the negative side is more restrictive. This
structure provides stricter control once the indoor air temperature approaches Tref . As a result, a
positive value in the membership function leads the economic-oriented controller to intentionally
allow lower temperatures in order to reduce operational costs (see Figure 4.1b).

The change-of-temperature error ∆e membership functions are implemented using triangular
shapes. The “zero” membership function spans the interval from -0.5 to 0.5 ◦C. In contrast, the
widest, i.e. “faster warmer” and “faster colder”, reach full activation (µ∆e = 1) at the magnitude
of ±1 ◦C.

The COP is modeled as a function of ambient temperature Tamb. For the ground-source heat
pump, the COP varies from 3.06 to 4.86 when the ambient temperature Tamb ranges from -7 ◦C to
12 ◦C (NIBE Systemtechnik GmbH). Based on this operating range, three membership functions
“low”, “average”, and “optimal” are defined. Time-varying electricity prices are incorporated
using external data obtained from aWATTar GmbH. The membership function “average” price is
determined using the mean of 0.0796EUR/kWh and median of 0.0842EUR/kWh electricity
prices over the evaluation period described in Section 4.1.2. Additionally, two furthermembership
functions, “low” and “high”, are constructed to capture variations in price levels. The output of
the FLC controllers αcom and αeco specify an incremental adjustment to the current control
signal Pel,k. To allow fine-grained control, seven output membership functions are employed and
presented in Figure 4.1f over the normalized output domain. The resulting incremental signal
is subsequently scaled by 300W, which prevents rapid changes in heat pump operation. The
maximum electrical power of the heat pump is limited to 2 kW. The heat pump electricity in the
time step k is defined as follows:

Pel,k+1 = Pel,k + α · 300W, for α ∈ {αeco, αcom} (4.2)

The fuzzy rule base designs, in which αcom and αeco represent the fuzzy outputs of the comfort-
and economic-oriented controllers, respectively, are provided inAppendixC inTablesC.1 andC.2.
The underlying principles of these controllers differ: the comfort-oriented controller exhibits
greater sensitivity to the indoor air temperature error ecom and its rate of change ∆ecom, thereby
improving thermal comfort for occupants. In contrast, the economic-oriented controller operates
with a more flexible interpretation of the acceptable temperature range, as previously discussed
in this section. This distinction becomes evident, for example, when comparing rule 1 of the
comfort-oriented controller in Table C.1 with rules 45–51 of the economic-oriented controller

56



4.1 Analysis: Comfort- and economic-oriented thermal building control

−2
.5

5

−1
.8

0

−0
.7

0
0.

00
0.

70
1.

80
2.

55

ecom (◦C)

0.0

0.5

1.0

µ

(a) Comfort-oriented temperature error

Z

SW

VW

SC

VC

−1
.8

0

−0
.7

0
0.

00
0.

70
1.

80
2.

55
3.

25

eeco (◦C)

µ

(b) Economic-oriented temperature error

Z

SW

VW

SC

VC

−1
.0

−0
.5 0.

0
0.

5
1.

0

∆e (◦C)

0.0

0.5

1.0

µ

(c) Change of temperature error

Z

SWr

FWr

SCr

FCr

0 2 4 6 8 10 12

Tamb (◦C)

µ

(d) Heat pump COP

Average

Low

Optimal

0.
00

0.
02

0.
05

0.
10

0.
14

pbuy (EUR/kWh)

0.0

0.5

1.0

µ

(e) Electricity price

Low

Average

High

−1
.0

−0
.4
−0
.2 0.

0
0.
2

0.
4

1.
0

α

µ

(f) Control signal

Z

SP

MP

BP

SN

MN

BN

Figure 4.1:Membership functions for inputs and outputs of both comfort- and economic-oriented controllers. Abbrevi-
ations stand for: Z - “zero”; SW - “small warm”; VW - “very warm”; SC - “small cold”; VC - “very cold”;
SWr - “slower warmer”; FWr - “faster warmer”; SCr - “slower colder”; FCr - “faster colder”; SP - “small
positive”; MP - “medium positive”; BP - “big positive”; SN - “small negative”; MN - “medium negative”; BN
- “big negative”.

in the Table C.2. Both sets of rules address the operating condition in which the indoor air
temperature error and its rate of change are in fuzzy set “zero”, i.e., ek = 0 and ∆ek = 0. In
rule 1 of the comfort-oriented controller, the control action remains unchanged from the previous
time step, indicated by αcom,k = Z, regardless of the external dynamic signals pbuy,k and COPk.
Conversely, the economic-oriented controller determines, based on these external signals, whether
the control action should remain unchanged (αeco,k = Z) or be reduced by a small decrement
(αeco,k = SN) or a medium decrement (αeco,k = MN).
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4 Fuzzy logic thermal building control

Baseline controller

A commonly used hysteresis controller (Martinčević et al. 2016) is implemented as a benchmark
model. For a quantitative comparison, the hysteresis constraints are selected to correspond to
the constraints of OTS level II (see Table 4.1). Accordingly, the controller activates at an indoor
air temperature Tair,min of 21.5 ◦C using the maximum heating power Pel,max and deactivates
once the indoor air temperature Tair,max reaches 25 ◦C. During unoccupied periods, i.e., outside
regular working hours, the hysteresis controller remains switched off.

Information required by the controllers

Table 4.2 gives an overview of the data required by different controllers. Hysteresis, as expected
needs the lowest amount of the information, only indoor air temperature Tair,k and temperature
constraints Tair,min,k and Tair,max,k for the time step k. The comfort- and economic-oriented
controllers additionally require ambient temperature Tamb,k to obtain the COPk values and
electricity prices pbuy,k. All controllers are forecast-free, and none require day-ahead electricity
prices.

Table 4.2: Information required by the controllers.

Controller Tair,k Tair,min/max,k Tamb,k pbuy,k Forecasts Day-aheadprices
Hysteresis ✓ ✓

Comfort-oriented ✓ ✓ ✓ ✓
Economic-oriented ✓ ✓ ✓ ✓

Gray-box thermal building model

The proposed control strategies are evaluated using a single-zone gray-box thermal building
model. The 2R2C model structure is used from Madsen and Holst (1995). The model comprises
two states: the indoor air temperature Tair, which is also the system output, and the temperature
of the thermal building mass Tm, as described by Equations (4.3)–(4.4). The gray-box thermal
building model requires three input signals: the ambient temperature Tamb, global solar radiation
q̇sol, and the heat flow supplied by a heat pump Q̇h.
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Cair
dTair

dt
=

Tm − Tair

Rair
+

Tamb − Tair

Ramb
+ Q̇h + gsolq̇sol (4.3)

Cm
dTm

dt
=

Tair − Tm

Rair
(4.4)

The thermal resistances of heat transfer between the ambient air and the indoor air, and between
the thermal building mass and the indoor air, are denoted as Ramb and Rair, respectively. The
thermal capacitances of the indoor air and the thermal building mass are represented by Cair and
Cm, respectively. Additional details regarding the utilized gray-box thermal building model can
be found in (Madsen and Holst 1995, Frahm et al. 2022b).

4.1.2 Case study

The identification and validation of the RC thermal building model are performed using mea-
surement data from an LLEC building at the KIT (Wiegel et al. 2022). According to Gray and
Schmidt (2016), a three-week identification interval ensures a relatively low forecasting error.
Consequently, a dataset with a 2min resolution spanning from December 20, 2021, to January
10, 2022, is selected for parameter identification, while the validation interval covers one week
from January 10, 2022, to January 16, 2022. In this period, the heating experiment was con-
ducted, in which the LLEC building was heated in different phases to generate high-quality data
for gray-box model identification. The RMSEs of the indoor air temperature predictions for the
identification and validation phases amount to 0.25 ◦C and 0.34 ◦C, respectively. Although the
thermal building model is identified and validated using data from the winter period of December
2021 and January 2022, the control strategy assessment is based on data from November 22,
2023, to January 21, 2024. Given comparable weather conditions, it is assumed that the building
exhibits similar thermal behavior across the two winter datasets, as argued by Broholt et al.
(2022). Since no data on OB patterns are available, the reference indoor air temperature Tair,ref is
specified according to the usual working hours. Thus, reference indoor air temperature Tair,ref is
23.3 ◦C between 8:00AM and 6:00 PM, including a two-hour preheating period, whereas a value
of 18 ◦C is assumed outside these hours, reflecting the heat pump being switched off.

4.1.3 Results and discussion

The controlled indoor air temperature, electricity demand, dynamic electricity prices, and the
dynamic heat pump’s COP across two representative one-week intervals for all three controllers
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are illustrated in Figures 4.2 and 4.3. These intervals are selected to illustrate the worst- and
best-case conditions over the entire assessment period. Specifically, Figure 4.2 depicts a week
characterized by relatively high electricity prices and low-to-average COP of the heat pump. On
the other hand, Figure 4.3 presents a week with low electricity prices during which the heat
pump operates in a highly efficient mode. The gray regions shown in the indoor air temperature
subplots (4.2a and 4.3a) indicate the designated working hours during which heating is provided.
In the subplots depicting dynamic electricity prices pbuy and COP, the red segments correspond
to intervals characterized by relatively high prices and low COP values, which are specified by
the FLCs’ input membership functions. Accordingly, the yellow zones denote medium electricity
prices and moderate COP values, whereas the green zones highlight periods of low electricity
prices accompanied by high, optimal COP performance.

To assess the performance of the proposed control strategies over a two-month period, three
statistical indicators are employed: (i) mean daily discomfort, based on Equation (2.15), (ii) total
electricity costs, as defined in Equation (2.17) and (iii) total electricity consumption in kWh. To
get the mean daily discomfort, Equation (2.15) is averaged as follows:

dday =
1

NoD
· d (4.5)

where NoD denotes the number of days. The discomfort is evaluated only for the period when the
building is occupied and using the OTS level II temperature constraints, i.e., Tair,min = 21.5 ◦C

and Tair,max = 25 ◦C.

Thermal discomfort

With the proposed control strategies, daily mean thermal discomfort values of 0.13Kh and
5.18Kh are achieved with the comfort- and economic-oriented controllers, respectively, whereas
the hysteresis controller does not exhibit any daily mean discomfort. The hysteresis controller
exhibits the lowest daily mean discomfort, as it is designed to activate when the indoor air
temperature Tair reaches the lower constraint Tair,min and to deactivate once the upper constraint
Tair,max is attained. Since these limits also define the thermal discomfort metric, minimal
violations naturally occur.

In contrast, the comfort-oriented controller tracks the reference temperature Tref during the
heating phase. After reaching the reference temperature Tref , it maintains the temperature within
a narrow band until the end of the day, as illustrated in Figures 4.2a and 4.3a. The hysteresis
controller, however, continues heating until Tair,max, leading to greater intra-day temperature
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Figure 4.2: The controller comparison of indoor air temperature (Tair) and heat pump power (Pel) under high electricity
prices (pbuy) and average-to-high heat pump COP, during the period from November to December 2023.
The figure is derived from Kovačević et al. (2024b).

variation. These temperature fluctuations can also be characterized as uncomfortable for the
occupants.

The economic-oriented controller incorporates a permissible deviation range around the reference
indoor air temperature, as shown in Figure 4.1b. It penalizes high electricity prices and low heat
pump COP, thereby allowing the indoor air temperature to drop. This mechanism results in
the highest thermal discomfort. As depicted in Figure 4.2a, the indoor air temperature drops to
approximately 21 ◦C during periods of elevated electricity prices. Conversely, when electricity
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Figure 4.3: The controller comparison of indoor air temperature (Tair) and heat pump power (Pel) under low electricity
prices (pbuy) and low-to-average heat pump COP, during the period from December 2023 to January 2024.
The figure is derived from Kovačević et al. (2024b).

prices are low, and the heat pump operates efficiently, the economic-oriented controller maintains
a higher indoor air temperature Tair level, as shown in Figure 4.3.

Electricity costs and consumption

Table 4.3 presents the total electricity costs in EUR and the electrical energy consumption in
kWh for the evaluation interval from November 22, 2023, to January 21, 2024. The economic-
oriented controller yields the lowest electricity costs and energy used, amounting to 58.21EUR
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and 633.20 kWh, respectively. This outcome is expected, as the economic-oriented strategy is
formulated to prioritize electricity price signals and heat pump efficiency over occupants’ comfort,
as shown in Figures 4.2 and 4.3.

In contrast, the comfort-oriented and hysteresis controllers result in similar electricity costs of
68.62EUR and 71.34EUR, respectively. Although the comfort-oriented controller accounts for
electricity prices and the heat pump’s COP, its primary objective is to maintain occupant comfort.
Consequently, it results in slightly lower energy consumption of 722.51 kWh compared with the
hysteresis controller energy consumption of 744.20 kWh.

The electrical power consumption over a representativeworst-case and best-caseweek is illustrated
in Figures 4.2b and 4.3b. From Figure 4.2b, it becomes evident that during periods of high
electricity prices, the economic-oriented controller operates less frequently at maximum power
than the comfort-oriented controller. The reduction in consumption is still not significant, as the
heat pump peaks at 2 kW in on-peak hours, which can be unfavorable for the grid, while the
occupants’ thermal discomfort remains significant. On the contrary, in the best-case scenario (see
Figure 4.3b), the economic-oriented controller has the feature of peak shedding, meaning it does
not necessarily peak at the maximum heat pump power. However, this feature should be further
implemented for worst-case scenarios, as these represent the unfavorable state of the grid, where
buildings can contribute by reducing consumption. The comfort-oriented controller continues to
operate the heat pump at its maximum electrical power in the best-case scenario, constrained by
its stricter indoor air temperature requirements.

Table 4.3: Energy consumption and electricity costs of all three controllers.

Controller Consumption (kWh) Costs (EUR)
Hysteresis 744.20 71.34

Comfort-oriented 722.51 68.62
Economic-oriented 633.20 58.21

Summary

Regarding thermal comfort, the comfort-oriented controller demonstrates the best performance.
Although its discomfort value is marginally higher than that of the hysteresis, it maintains
predominantly stable indoor air temperatures throughout the day, whereas the hysteresis controller
exhibits pronounced temperature fluctuations.
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Although the economic-oriented controller prioritizes reducing building energy demand by jointly
considering the heat pump’s operational efficiency and time-varying electricity prices, this ap-
proach substantially compromises occupants’ thermal comfort, which is treated as a secondary
objective. Peak shedding is observable during periods with low electricity prices and average-to-
optimal heat pump efficiency. In contrast, under unfavorable conditions, characterized by elevated
electricity prices and low-to-average heat pump operation, the economic-oriented controller is
unable to suppress power peaks, even though the indoor temperature remains considerably lower
than that achieved by the comfort-oriented and hysteresis controllers.

Table 4.4 provides an overview of the controllers’ performance and the information required
for their operation. When considering the statistical indicators, the economic-oriented con-
troller yields the most favorable results for energy consumption and operational costs, while
the comfort-oriented controller achieves the highest level of indoor thermal comfort. None of
the controllers relies on forecasting models, predefined profiles, or day-ahead electricity price
information, highlighting the simplicity of the implemented strategies. However, neither of the
FLC-based controllers is capable of shifting or reducing the peak load during on-peak periods
under unfavorable grid conditions (see Figure 4.2). Incorporating additional information, such as
predefined future electricity prices or constraints on future indoor air temperature, could enable
load shifting without violating occupants’ thermal comfort. The development of an improved
FLC strategy is presented in the subsequent section, followed by its evaluation in a real-world
experimental setting.

Table 4.4: Summary of the controllers’ performance and features. A poor performance is indicated by•, average
performance by• and good performance by•.

Controller Consumption Costs Comfort
Information
required

Hysteresis • • • •
Comfort-oriented • • • •
Economic-oriented • • • •

4.2 Experiment: Real-world evaluation of the fuzzy
logic control for demand response in buildings

This section proposes FLC for a real-world setup to exploit the building’s thermalmass for demand
response. FLC is benchmarked against Baseline (BL), whose control actions are based on the
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heating curve. FLC considers the room-individual occupant schedules as allowable temperature
constraints and uses dynamic day-ahead heating price signals to encourage thermal load shifting
of the building.8

4.2.1 Methodology

The experimental study is conducted in two identical buildings that are part of the LLEC infras-
tructure at the KIT (Wiegel et al. 2022). Each building has a usable floor area of approximately
100m2 and comprises five rooms, a corridor, a bathroom, and a kitchen (see Figure 3.4). The util-
ity rooms in both buildings are excluded from the analysis, as they serve exclusively for hydraulic
configuration.

The heating configuration employed in this study comprises an underfloor heating system supplied
via the district heating network. Both buildings are supplied with the same temperature from the
district heating network. The supply water is then mixed with underfloor heating return water to
achieve the required supply setpoint temperature Ts,ref . The resulting mixture is circulated by a
pump, which delivers the supply water at temperature Ts to each room. Every room is equipped
with a control valve that regulates the mass flow rate of the incoming supply water.

Two supervisory control strategies are implemented, namely an FLC and a BL controller. Both
approaches operate at a higher hierarchical level and define the setpoints for (i) the indoor air
temperature in each room Tair,ref,j , and (ii) the supply water temperature of the underfloor heating
system Ts,ref . These setpoint values are then forwarded to the underlying local control loops,
which consist of (i) an on/off controller for regulating the indoor air temperature in each room
and (ii) a Proportional–Integral (PI) controller for adjusting the supply water temperature.

The exchange of information between the supervisory control layer and the building infrastructure
is depicted in Figure 4.4. The supervisory controllers differ in the level of information required for
operation. They rely on external data sources, which include: (i) the ambient temperature Tamb

obtained from the German Weather Service (Deutscher Wetterdienst - DWD), required by each
supervisory controller, and (ii) the heat price signal pbuy, which is utilized exclusively by the FLC.
The setpoints defined by the supervisory control algorithms, indoor air temperature Tair,ref and
supply water temperature Ts,ref , are transmitted to local Programmable Logic Controllers (PLCs)
via the MQTT protocol. By actuating the respective room and mixing valves, the local controllers
ensure that the setpoint temperatures are met. In the feedback loop, indoor air temperatures Tair

8 This section is based on a research paper I co-authored (Langner and Kovačević et al. (2025)). Note that my
contribution is the development of the FLC strategy for room-individual thermal building control. The remainder is
the contribution from my colleague Felix Langner.
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and the supply temperature Ts measurements are monitored by PLCs and stored in InfluxDB via
MQTT.

Proportional
integral

controller

Room 
valve

Mixing
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MQTT

Database:
InfluxDB

On/off
controller

Supervisory
controllers

Communication Local programmable
logic controllers

Actuators

BAU
FLC

input signal
measurements
control signal

Figure 4.4: Information flow in the buildings. The figure is adapted from Langner and Kovačević et al. (2025).

Two sets are introduced in the present study: J = {R1, R2, R3 ,R4 ,R5 ,C, K, B} enumerates
all considered rooms, corridor, kitchen, and bathroom, respectively (see Figure 3.4). The rooms
are labeled as follows: R1 - dining room, R2 - living room, R3 and R4 children’s room, and R5

bedroom, whereas C refers to the corridor, K to the kitchen, and B to the bathroom. Second,
K = {1, 2, . . . , N} represents the sequence of natural numbers up to N , corresponding to the
number of discrete time steps. For this case study, the sampling time of ts = 15min is chosen,
and a horizon for predefined future heat price signals is 24 h.

Baseline

BL is employed to reduce energy demand and determine the supply temperature via a heating
curve that depends solely on the ambient temperature Tamb:

Ts,ref,HC,k =



45 ◦C, for Tamb,k ≤ −10 ◦C,

20 ◦C, for Tamb,k ≥ 20 ◦C,(
20 +

20 · 25
30

)
− 25

30
Tamb,k, otherwise.

(4.6)

The controller maintains the indoor air temperature of each room j at the lower temperature
constraint Tair,min,j,k so that energy use is minimized.
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Fuzzy logic control

The FLC determines the control action for each room j by evaluating four distinct input variables:

(i) The error term ej , defined as the difference between the lower temperature constraint and
the indoor air temperature of room j:

ej,k = Tair,min,j,k − Tair,j,k (4.7)

(ii) The temporal temperature variation ∆Tair,j observed within a two subsequent time steps,
which reflects potential disturbances, e.g., a sudden decrease in indoor air temperature may
indicate that windows have been opened:

∆Tair,j,k = Tair,j,k − Tair,j,k−1 (4.8)

(iii) The change in the lower temperature constraint for the subsequent six hours is denoted as
∆oj :

∆oj,k = Tmin,j,k − TN/4,j,k (4.9)

TN/4,j,k =


Tair,min,j,k+w, if ∃w : Tair,min,j,k+w−1 ̸= Tair,min,j,k+w

for w ∈ {1, 2...N/4},
Tair,min,j,k+N/4, otherwise.

(4.10)

Incorporating predefined occupant schedules enables the controller to initiate preheating
when future occupancy is expected and, conversely, to reduce heating demand when the
room is expected to remain unoccupied. The six-hour window, equivalent to 24 sampling
steps (i.e.,N/4) at a 15min interval, is motivated by the high thermal inertia of underfloor
heating systems. This time span gives the controller enough time to preheat the room.

(iv) The ECDF of the day-ahead heat price, F̂ (pbuy), indicating whether the current price level
is low or high relative to future prices (see Section 2.3.3).

FLC specifies the room indoor air temperature setpointsTair,ref,j and the supplywater temperature
setpoint of the underfloor heating systemTs,ref . Whereas the room indoor air temperature setpoints
are directly inferred, the supply temperature setpoint, Equation (4.11), is obtained by determining
a temperature deviation αs relative to the heating curve (see Equation (4.6)).

Ts,ref,k+1 = Ts,HC,k + β ·max
j

(αs,j,k+1) , β = 10 (4.11)
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Using the input data, the supervisory controller computes, for each room individually, both
the subsequent indoor air temperature setpoint and the normalized supply water temperature
increment αs,j,k+1. To guarantee that every room is provided with an adequate thermal supply,
the maximal defined increment is chosen, scaled by the factor β, and subsequently added to the
reference supply temperature Ts,HC,k.

Figure 4.5(a-d) display the membership functions of input variables, whereas the membership
functions of control signals are shown in Figure 4.5(e-f). The variation in the lower temperature
constraint, depicted in Figure 4.5c, is represented by three triangular membership functions,
since the permissible values of the lower constraint Tair,min can be either 18 ◦C or 21 ◦C, i.e., a
deviation of ±3K (see Figure 4.9).

In the subplot in Figure 4.5e, the function Toff is omitted from the plot; however, it is applied
whenever the room is unoccupied, corresponding to Tair,min = 18 ◦C. This membership function
is defined as a triangular shape ranging from 17.5 ◦C to 18.5 ◦Cwith its peak at 18 ◦C, and it does
not intersect with any other membership functions. The membership functions associated with
the supply temperature control signal αs,j , presented in the Figure 4.5f, are restricted to positive
output values. This is because the BL supply water temperature is increased exclusively when
required to ensure the achievement of the higher indoor air temperature setpoints Tair,ref,j .

Since the lower temperature constraint Tair,min varies between 18 ◦C and 21 ◦C (see Figure 4.9),
two distinct rule sets are established accordingly. An overview of the corresponding rules for both
configurations is given in Appendix C.2 in Tables C.3 and C.4. For example, when a substantial
heating demand coincides with a low heat price, the FLC intensifies the heating action. This
situation emerges when the temperature error ej,k of room j at time step k is classified as “zero”,
the indoor air temperature change ∆Tair,j,k indicates a “colder”, and no change of the lower
temperature constraint is expected within the subsequent six hours (i.e., ∆oj,k is “zero”). If,
in addition, the ECDF of the heat price F̂ (pbuy)k falls into the “low” category, the controller
assigns the next-step temperature setpoint Tair,ref,j,k+1 to TBP, thereby triggering a significant
heating response. Simultaneously, the supply temperature increment αs,j,k+1 is a “big positive”
(see rule 4 in Table C.3). In contrast, when the ECDF of price signal F̂ (pbuy)k indicates “high”
while the remaining inputs are unchanged, the controller suppresses strong heating. In this case,
the room setpoint temperature Tair,ref,j,k+1 is reduced to the lower temperature constraint, and
only a minor increase in the supply temperature αs,j,k+1 (“small positive”) is applied to prevent
the temperature from dropping (see rule 6 in Table C.3).

Figure 4.6 illustrates the control signals Tair,ref,j,k+1 and αs,j,k+1 for the scenario in which
Tmin,j = 21 ◦C, ej,k and ∆oj,k are “zero”, while all remaining inputs are varying. Along the
axis associated with variations in ∆Tair,j,k, a pronounced gradient becomes evident, indicating
that both control actions rise sharply once a negative disturbance (such as a window opening) is
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Figure 4.5: Defined membership functions for all inputs and outputs of FLC. The figure is adopted from Langner and
Kovačević et al. (2025).

detected. Moreover, when F̂ (pbuy)k attains large values, the two control signals are maintained
at low levels in order to reduce operational costs.
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Figure 4.6: The FLC input-output mapping when the ECDF of the heat price F̂
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)
k
and the change of the room

temperature∆Tair,j,k vary. The case of Tmin,j,k = 21 ◦C is depicted. The remaining two input signals are
kept constant ej,k = 0 K and∆oj,k = 0 K. The figure is derived from Langner and Kovačević et al. (2025).

4.2.2 Case study

Four experiments with different setups for cost minimization are carried out between December
2024 and February 2025, as illustrated in Figure 4.7. The experiments differ in the dynamic price
signals, temperature constraints, and disturbances. Experiment 1, performed from December 22
to 28, employs variable price signals while maintaining fixed temperature constraints. In Exper-
iment 2, conducted between December 30 and January 5, the constant temperature constraints
are replaced by variable constraints. Experiment 3, performed from February 14 to 16, combines
variable and constant heating price signals with variable temperature constraints. The final ex-
periment 4, undertaken from January 10 to 12, incorporates disturbances in addition to the setup
from experiment 3.

With the exception of experiment 4, all remaining experiments were conducted with the interior
doors fully closed. The west-facing roller shutters of the west building and the east-facing roller
shutters of the east buildingwere kept closed throughout the experiments to reduce the influence of
solar radiation. Moreover, all electrical devices were turned off throughout the entire experimental
period.
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Experiment 1
22.-28.12.

Experiment 2
30.12.-05.01.

Experiment 3
14.02.-16.02.

Experiment 4
10.01.-12.01.

Variable
temperature
constraints

Disturbances

Variable price
signal

Variable+constant
price signal

Cost minimization

Figure 4.7: Experimental schedule for operational cost minimization with four different setups.

Heating price signals

As the basis for deriving heating price signals, day-ahead electricity prices are employed. Two
distinct pricing schemes are examined: (i) the “variable” price, which is solely determined
by the spot market price and therefore exhibits pronounced intra-day fluctuations, and (ii) the
“variable + constant” price, which incorporates, in addition to the time-dependent spot market
prices, a fixed component representing charges and taxes (Smart Energy Tariff | tado°). Figure 4.8
shows the seven-day heating price signal used throughout the experiments.
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Figure 4.8: Dynamic heat price signals. The figure is derived from Langner and Kovačević et al. (2025).
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Table 4.5 links each experimental setup to the corresponding daily heat price signals illustrated in
Figure 4.8. For example, experiment 4, which spans three days, incorporates heating price signals
from Thursday through Saturday to represent both weekday and weekend conditions.

Table 4.5: Mapping of the heating price signals to experiments.

Heat price signal Experiment 1 Experiment 2 Experiment 3 Experiment 4
Variable Mon.-Sun. Mon.-Sun.

Variable + constant Thu.-Sat. Thu.-Sat.

Temperature constraints and disturbances

Two types of temperature constraints are applied across the experimental setups. The constant
temperature constraints, defined as Tair,min = 21 ◦C and Tair,max = 24 ◦C, are implemented
only in experiment 1. All subsequent experiments employ variable temperature constraints. This
configuration is adjusted individually for each room and depends on the respective occupancy
schedules provided inUeno andMeier (2020). An overviewof the variable temperature constraints
for all rooms is presented in Figure 4.9.

Experiment 4 incorporates disturbances into the setup. Identical disturbance profiles are applied
to both buildings, as they are fully automated. These disturbances arise from the opening of
interior doors and windows, as well as from the actuation of the roller shutters. The disturbance
schedule for all rooms is illustrated in Figure 4.10. For example, in room R1, representing the
dining room, the interior door D and the roller shutters R remain open for the entire day, whereas
the window W is opened twice, once in the morning and once in the evening, for a duration of
10min on each occasion.

Evaluation metrics

Three statistical indicators are used for the evaluation of the control strategies: (i) daily averaged
thermal discomfort dday (ii) energy costs σbuy and (iii) daily flexibility factor ϕday.
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(b) Temperature constraints for rooms R5, K, B and C.
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Figure 4.9: The room-specific variable temperature constraints.

The thermal discomfort is evaluated as a room-specific, daily averaged indicator and thus Equa-
tion (2.15) is adjusted to the following form:

dday =
1

J ·NoD
· ts ·

∑
j

∑
k

dj,k (4.12)

where NoD represents the number of simulation days and J is the total number of rooms. The
dj,k is calculated as described by Equation (2.16) for each room j.
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Figure 4.10: Disturbances schedule. Abbreviations: D - door; W - window; R - roller shutters.

In accordance with Equation (2.17), the formulation is adapted to express the total cost as the
sum of room-specific costs, each based on the heating power and price signals:

σbuy = ts ·
∑
k

∑
j

pbuy,k · Q̇h,j,k (4.13)

The flexibility factor ϕday (Le Dréau and Heiselberg 2016) is calculated as follows:

ϕday =

∑
k∈K Q̇h,k −

∑
k∈K Q̇h,k∑

k∈K Q̇h,k +
∑

k∈K Q̇h,k
(4.14)

where Q̇h,k represents the heat flow of the entire building and K and K correspond to the time
step subsets where the heating prices are in lower and upper quartiles of the corresponding day,
respectively. The flexibility factor ϕday ranges from−1 to 1. A value approaching 1 indicates that
the heating system predominantly operates during low-price periods, reflecting high flexibility. A
value near zero signifies balanced operation across both high- and low-price intervals, indicating
low flexibility. A flexibility factor approaching -1 indicates increased heating use when prices are
high.
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4.2.3 Results and discussion

The energy consumption comparison of the two identical buildings used in the present experiment
is reported in Langner and Kovačević et al. (2025), and it indicates that the discrepancy in total
building demand remains below 1% during periods of minimal wind.9

Figure 4.11 illustrates the indoor air temperature for each room, the aggregate heat demand, and
the corresponding heating price signal for both buildings during experiment 1. BL controller
maintains the indoor air temperature of each room at the lower limit Tair,min to ensure minimal
energy usage. Conversely, the FLC modulates thermal demand by preheating indoor air in
response to the heating price signal, thereby shifting consumption to periods with lower heating
costs (e.g., between 00:00 and 06:00). Moreover, the FLC strategy typically preheats the rooms
only up to 22 ◦C, despite the upper temperature limit Tair,max being set to 24 ◦C. Rapid, large
changes in temperature can be unfavorable for occupants. Therefore, load shifts are constrained
to smaller changes in indoor air temperature, thereby reducing load flexibility.
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Figure 4.11: One day evaluation during experiment 1 depicting indoor air temperature in rooms, total building heat flow,
and heating price signal. Figure is adapted from Langner and Kovačević et al. (2025).

Figures 4.12 and 4.13 illustrate the indoor air temperature, heat flow, and heating prices for
rooms 2 and 4, respectively, under different temperature constraint conditions. The FLC receives
information about the future 6 h occupancy schedule (e.g., temperature constraints) and thus
preheats the rooms only 6 h in advance. It also does not usually preheat more than 22 ◦C to avoid

9 The measurements from buildings collected during these experiments are published in Tajalli-Ardekani et al. (2025).
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rapid changes in temperature, as mentioned earlier, and to avoid violating the upper temperature
constraint Tair,max (see Figure 4.13). However, this also limits the potential for cost reduction of
FLC. On January 1, two high peaks in heating costs occur, during which FLC avoids heating by
shifting the load and preheating the rooms. Moreover, on January 2, FLC keeps room temperatures
mostly constant at the lower temperature constraint. This happens as heating price discrepancies
throughout the day are minimal, and in combination with corresponding temperature constraints,
preheating would lead to economically unprofitable load shifting.
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Figure 4.12: Indoor air temperature and heat flow for room R2 with heating price signals during experiment 2. Figure is
adapted from Langner and Kovačević et al. (2025).
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Figure 4.13: Indoor air temperature and heat flow for room R4 with heating price signals during experiment 2. Figure is
adapted from Langner and Kovačević et al. (2025).
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Experiment 4 illustrates disturbances in the building by actuating the roller shutters, windows, and
interior doors. Figure 4.14 illustrates the influence of window opening in room R1 and kitchen
K. Both controllers increase the heating flux to restore a comfortable indoor air temperature in
the rooms. Additionally, FLC also increases the supply water temperature to reduce the impact of
the disturbances faster. Bathroom B does not have an open window; its temperature is indirectly
affected by the opening of windows in other rooms. Rooms 2 and 5 are shown as the rooms
where the disturbance does not occur. In addition, room 5 is plotted separately as it has different
temperature constraints.
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Figure 4.14: Indoor air temperature of the rooms, corresponding heat flows, and heating price on January 10. 2025,
during experiment 4. Figure is adapted from Langner and Kovačević et al. (2025).

Operational costs

The heating costs for four experiments are shown in Figure 4.15. Experiments 1–2 and 3–4 are
displayed separately, as their durations differ and they rely on distinct heating price signals (see
Figure 4.7). The BL results in the following operational costs: 37.17EUR for experiment 1,
36.95EUR for experiment 2, 13.65EUR for experiment 3 and 16.38EUR for experiment 4. In
comparison, the FLCyields following cost reduction: 7.4% in experiment 1, 8.6% in experiment 2,
5.2% in experiment 3 and 4.4% in experiment 4. The slightly higher reduction in experiment 2
arises from the varying temperature constraints, which allow lower indoor air temperatures
(Tair,min = 18 ◦C) during the “sleeping” and “away” periods (see Figures 4.12 and 4.13).
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The heating price signal used in experiments 3 and 4 exhibits lower discrepancies compared to
the signal applied in experiments 1 and 2 (see Figure 4.8 and Table 4.5), thereby reducing the
cost reduction potential. Moreover, in experiment 4, compared with experiment 3, the costs
and heat demand increase for both controllers due to disturbances. Achieving more substantial
cost reduction would require FLC to shift larger thermal loads, thereby necessitating preheating
to higher indoor temperatures. Furthermore, the variability in the lower temperature constraint
(e.g., Tair,min = 18 ◦C) could be exploited more extensively, allowing the indoor temperature
during unoccupied periods to be reduced further. However, rapid temperature fluctuations during
occupied periods should be avoided, as they may compromise occupant comfort according to
standard ISO 7730 (2025).
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Figure 4.15: Heating costs and reduction for each experiment. Experiments employing identical price signals are config-
ured within subplots. Figure is adapted from Langner and Kovačević et al. (2025).

Building flexibility

The daily flexibility factor ϕday is presented in Figure 4.16. In all four experiments, the median
flexibility factor of the BL is near zero. This indicates that the BL heats the building almost
equally during high- and low-heating-price periods. This happens because the BL does not utilize
information about the heating price signal. FLC shifts the median of the flexibility factor upper,
indicating more heating during the low heating price periods than during the high heating price
periods. Among different experiments, the following flexibility factors are achieved: 0.2 for FLC
and -0.02 for BL in experiment 1, 0.27 for FLC and -0.04 for BL in experiment 2, 0.09 for FLC
and 0 for BL in experiment 3 and -0.02 for FLC and -0.1 for BL in experiment 4.

The slightly higher flexibility factor in experiment 2 compared to experiment 1 is followed by a
looser lower temperature constraint Tair,min, as already discussed earlier. The flexibility factor
during the third day of experiment 3 exhibits the worst performance as the heating price signal
is almost constant with maximal variation of 3 ct (see Figures 4.8 and C.1). In experiment 4,
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disturbances, such as window openings, force the controller to heat during peak hours, thereby
reducing the flexibility factor.

Experiment 1 Experiment 2

−0.25

0.00

0.25

0.50

φ
d
a
y

Experiment 3 Experiment 4

BL FLC

Figure 4.16: Daily flexibility factor ϕday box-plots for each experiment. Experiments employing identical price signals
are configured within subplots. Figure is adapted from Langner and Kovačević et al. (2025).

Thermal discomfort

Thermal discomfort is presented for all experiments in Figure 4.17 and calculated as the daily
room-average temperature constraint violation. From the first three experiments, it can be con-
cluded that FLC does not experience thermal discomfort. In experiment 4, FLC manages faster
to mitigate the impact of the disturbances than BL. Here, the thermal discomfort of the FLC is
31.4% lower than that of BL.
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Figure 4.17: Daily room-average thermal discomfort dday for all experiments. Experiments employing identical price
signals are configured within subplots. Figure is adapted from Langner and Kovačević et al. (2025).

The histograms of the supply water temperature Ts of both controllers are presented in Figure 4.18.
The BL determines the supply temperature according to the heating curve (see Equation (4.6)).
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In contrast, the FLC shifts the histogram toward higher temperatures, as it relies on the same
heating curve but modifies it through the correction factor αs. This adjustment also facilitates
load shifting during off-peak grid periods.
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Figure 4.18: Supply water temperature histograms throughout all experiments. The figure is adapted from Langner and
Kovačević et al. (2025).

4.3 Contributions

This section addresses RQ3 and thereby closes the corresponding research gap 3, by evaluating
the FLC strategy for demand response programs. The first part of this chapter (Section 4.1)
examines and contrasts two forecast- andmodel-free FLC approaches for thermal building control.
Both the comfort- and the economic-oriented driven FLCs retain simplicity. However, neither
strategy can achieve substantial load shifting or shedding under unfavorable grid conditions.
Consequently, additional information must be incorporated into the control strategy. Integrating
day-ahead price signals together with occupants’ schedules, expressed through time-dependent
temperature constraints, can enable the controller to shift demand by preheating the building
when the price signal is inexpensive.

In the real-world experiment evaluated in Section 4.2, the FLC is further developed by integrating
the aforementioned information, which enhances the exploitation of load-shifting potential during
operation. The FLC is designed such that the upper temperature constraint of 24 ◦C is not reached.
Nevertheless, greater flexibility can be achieved when more energy demand is shifted to off-peak
periods. Such behavior, however, may influence occupants, as larger temperature variations
can reduce thermal comfort. Potential for extension can be investigating the optimal indoor air
temperature ranges within the FLC strategy that allow the controller to fully utilize its flexibility
without compromising comfort.
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Publications supporting the chapter content

• Jovana Kovačević, et al. ComEMS4Build: Comfort-Oriented Energy Management
System for Residential Buildings using Hydrogen for Seasonal Storage. Preprint,
2025b. doi: 10.48550/arXiv.2511.04293.

The widespread integration of intermittent RES, such as PV and residential wind turbines, into
building energy systems necessitates storage solutions to ensure flexibility across multiple time
scales. BESS fulfills this role by storing renewable energy and providing short- to medium-term
flexibility. Despite conventionalBESS advantages in supportingRES integration, there are notable
environmental challenges associated with manufacturing, raw material extraction, and end-of-life
disposal (Simpa et al. 2024). Electric vehicles can also be categorized as a flexible resource,
providing energy to buildings when needed and charging when building energy conditions are
favorable (Berkes and Keshav 2024). Furthermore, hydrogen-powered vehicles offer flexibility
but remain in a research area that requires significant technological advancements (Agert et al.
2023). On the other hand, stationary hydrogen storage enables seasonal energy shifting by storing
surplus summer electricity in a high-energy-density, low-leakage form that can be utilized during
periods of high demand and low renewable generation. Hydrogen storage and BESS complement
each other, providing energy flexibility throughout the year.

To manage these complex, versatile energy technologies, an advanced EMS is necessary to
enhance the efficiency and performance of distributed energy resources in residential applications
(Mariano-Hernández et al. 2021). This chapter contributes to fulfilling the research gap 4 and
answers RQ4 and RQ5 by developing the EMS for residential building setup with distributed
resources10where heat pump and fuel cell operate collaboratively. As the EMShas a crucial impact
on the performance of distributed energy resources, three strategies with different information

10 Note that under distributed energy resources following energy resources are considered throughout the present chapter:
PV, BESS, hydrogen storage, DHW storage, heat pump, fuel cell and building thermal mass.
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requirements have been developed and compared. A model- and forecast-free strategy, Comfort-
Oriented Energy Management System for Residential Buildings (ComEMS4Build), is introduced
and benchmarked against MPC and RBC, as described in detail in the following section.

5.1 Method: Comfort-oriented energy management
using hydrogen seasonal storage

The fuel cell and the heat pump were initially viewed as rival technologies (Dodds et al. 2015,
Knosala et al. 2022). In recent years, however, they have been recognized as complementary.
Andrade et al. (2025) show that coupling a fuel cell with a heat pump under European climate
conditions can reduce the required fuel cell capacity by at least 40%, thereby lowering the
investment costs, while the heat pump can provide up to 20% energy savings. To the best of the
author’s knowledge, a detailed assessment of operational flexibility, in which grid dependence
is reduced by hydrogen utilization, and the building’s thermal mass is used as an additional
storage medium, has not yet been reported. Thus, the scientific contribution, a novel EMS
for coupled fuel cell and heat pump operation, is presented within a residential building case
study to demonstrate its feasibility. The building is further enhanced with the PV, BESS, DHW
storage and hydrogen storage. The EMS is developed as a forecast- and model-free controller
that accounts for occupants’ thermal comfort while simultaneously utilizing thermal building
mass as an additional flexibility term. The proposed EMS - ComEMS4Build is benchmarked
against a cost-optimal MPC, which requires forecasting models and profiles, and an RBC, which
is designed with minimal input requirements.

5.1.1 Methodology

Figure 5.1 shows the residential building configuration11, in which all components and the
corresponding electricity, heating, and hydrogen flows are depicted. The HESS is composed of
short-term BESS storage and long-term hydrogen storage. Dynamic electricity prices are used to
characterize the state of the electricity grid, while a PV system is integrated as an additional energy
source. Alongside the DHW storage, the thermal building mass is employed as supplementary
thermal energy storage, both highlighted in Figure 5.1 with a red background. Three control
strategies are examined:

(i) ComEMS4Build is developed as forecast- and model-free FLC strategy,

11 A typical four-person household is considered in the present case study.
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(ii) RBC is derived from the ComEMS4Build rule set and constructed as the minimalistic
baseline, requiring only essential inputs for operating the building’s distributed energy
resources,

(iii) MPC is employed as an optimal reference controller that operates under ideal forecasts and
requires the most inputs.
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Figure 5.1: The residential building with PV, HESS, DHW storage, fuel cell, heat pump, and thermal building mass as
an additional thermal energy storage. Figure is adapted from Kovačević et al. (2025b).

Models

In this subsection, the models used for the present study are described. First, the PV power
generation and BESS models are presented. Thereafter, the hydrogen system, which includes the
fuel cell and hydrogen storage, is defined. This is followed by a description of the heat pump and
the DHW storage system. Finally, a gray-box thermal building model, used as the control model
in MPC and as a physical representation, is presented.
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Photovoltaics (PV): PV generation defined in the literature (Al Essa 2019) is expressed by
Equation (5.1). It is determined by the number of modules nmodule, the module area amodule

in m2, and the incident solar radiation Gk in the time step k, given in W/m2. The value Gk

is obtained from the global radiation q̇sol, the diffuse radiation, and the module’s tilted angle
(Hazyuk et al. 2012).

The nominal operating cell temperatureNOCT, the ambient air temperatureTamb, and the standard
test condition temperature TSTC are all expressed in ◦C. The term (NOCT− 20◦C)/800W/m2

is used to represent the overall heat-loss coefficient in ◦Cm2/W (Rouhani et al. 2013):

PPV,k =nmodule · amodule ·Gk · ηSTC · ηL&T (5.1)

·
[
1−

(
ηT · (Tamb,k +

NOCT− 20◦C

800W/m2
·Gk − TSTC)

)]

where ηSTC is the electrical efficiency at standard test conditions, ηL&T represents the combined
inverter andmaximumpower point tracking efficiency losses, and ηT is the temperature coefficient
in 1/°C.

Battery Energy Storage System (BESS): The SOCk at time step k, as formulated in the literature
(Javadi et al. 2020), is computed from the former state SOCk−1, the charging and discharging
powers Pch,k and Pd,k, the corresponding efficiencies ηch and ηd, and the battery’s maximum
capacity EBESS,max:

SOCk = SOCk−1 + (ηch · Pch,k · ts −
Pd,k

ηd
· ts)/EBESS,max (5.2)

where the sample time ts is expressed in hours. The effect of BESS self-discharge has not been
taken into account. The BESS is subject to Equations (5.3) and (5.6). The binary variables sch,k
and sd,k, defined in Equations (5.5) and (5.6), are introduced to ensure that simultaneous charging
and discharging do not occur, meaning the condition sch,k = 1 and sd,k = 1 is prohibited:

SOCmin ≤ SOCk ≤ SOCmax (5.3)
sc,k · Pc,min ≤ Pc,k ≤ sc,k · Pc,max (5.4)
sc,k ∈ {0, 1}; ∀c ∈ {ch,d} (5.5)

sch,k + sd,k ∈ {0, 1} (5.6)

Hydrogen system: It is assumed that the green hydrogen is produced during summer using the
electrolyzer when surplus RES generation is available and is subsequently stored in the hydrogen
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storage. When needed, the stored hydrogen is reconverted into electricity by the fuel cell. Heat
is also released as a byproduct of the fuel cell. It is recovered and utilized to meet the DHW
demand, enabling cogeneration.

For the modeling of hydrogen system approaches commonly adopted in the literature are followed
(Firtina-Ertis et al. 2020, Cau et al. 2014, Lacko et al. 2014). The molar hydrogen flow consumed
by the fuel cell ṅFC (measured in mol/s) is expressed as a function of the fuel cell’s electrical
output Pel,FC

12, as presented in Equation (5.7). Faraday’s law derives the electrical efficiency
ηel,FC,k from the hydrogen Lower Heating Value (LHV) and molar flow ṅFC,k for time step k, as
defined in Equation (5.8):

ṅFC = f(Pel,FC) (5.7)

ηel,FC,k =
Pel,FC,k

ṅFC,k · LHV
(5.8)

Similar to the BESS, the Level of Hydrogen (LOH) is formulated as the percentage of hydrogen
energy content in storage, as shown in Equation (5.9). LOHk is presented as the difference
between the previous state LOHk−1 and hydrogen used in the current time step k:

LOHk = LOHk−1 − ṅFC,k · LHV · ts
EH2,max

(5.9)

where the ideal gas law is applied as the hydrogen can be stored at lower pressures, e.g., 13–30 bar
(Cau et al. 2014, Acar et al. 2023). Moreover, according to Acar et al. (2023), these pressure
levels have an additional advantage. No additional energy is required for compression to higher
pressures, since the electrolyzer produces hydrogen at the aforementioned low pressure levels. The
hydrogen storage is constrained by the LOHmin and LOHmax, while the fuel cell is constrained
by minimal and maximal power Pel,FC,min and Pel,FC,max:

LOHmin ≤ LOHk ≤ LOHmax (5.10)
Pel,FC,min · sFC,k ≤ Pel,FC,k ≤ ζ · Pel,FC,max · sFC,k (5.11)

where the factor ζ is a restriction factor related to fuel cell degradation.

12 The relation molar flow - fuel cell electrical output is usually provided by manufacturer.

85



5 Fuzzy logic energy management system

The heat generated by the fuel cell, as presented in Ou et al. (2021), is calculated based on
hydrogen molar flow ṅFC,k, thermal efficiency of the fuel cell ηth,FC, and LHV:

Q̇hr,FC,k = ṅFC,k · ηth,FC,k · LHV (5.12)
ηth,FC,k = ηsys,FC − ηel,FC,k (5.13)

where the thermal efficiency of the fuel cell ηth,FC is estimated based on the total and electrical
fuel cell efficiencies, ηsys,FC and ηel,FC,k, respectively.

Heat pump: The heat pump, represented with Equations (5.14) and (5.15), transforms the
electricity Pel,HP into the heat flux Q̇h. The COP is subject to ambient air temperature Tamb

and supply water temperature Ts. The supply water temperature is 55 ◦C when it comes to space
heating and 45 ◦C when heating DHW:

Q̇h,k = COPk · Pel,HP,k, COPk = COP(Tamb,k, Ts,k) (5.14)
Pel,HP,k = ηHP,k · Pel,HP,max,k, ηHP ∈ {0, [0.2, 1]} (5.15)

where ηHP represents the modulation factor of heat pump electrical power usage, and it is
controlled by the EMS. Moreover, the modulation factor ηHP can be either 0 (e.g., the heat pump
is turned off) or between 0.2 and 1. The EMS decides whether the heat pump works in space
heating Q̇h,SH,k or DHW Q̇h,DHW,k mode. The binary variables sSH and sDHW are constrained
so that the heat pump can be used in only one mode at a time:

sSH,k , sDHW,k ∈ {0, 1} (5.16)
sSH,k + sDHW,k ∈ {0, 1} (5.17)

Q̇h,SH,k = sSH,k · Q̇h,k (5.18)
Q̇h,DHW,k = sDHW,k · Q̇h,k (5.19)

DomesticHotWater (DHW) storage: DHWstorage ismodeled to keep the constant temperature
(TDHW = 45 ◦C), while the usable volume of the hot water in storage, VDHW (m3), varies (Dengiz
et al. 2019). The∆TDHW represents the difference between the reference temperature of the water
TDHW and tap water. The heat fluxes that affect the storage are Q̇DHW, which represents the sum
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of heat fluxes of the heat pump Q̇h,DHW,k and fuel cell Q̇hr,FC,k, DHW demand Q̇dm,DHW and
standing losses Q̇l,DHW, calculated in W:

VDHW,k = VDHW,k−1 +
Q̇DHW,k − Q̇dm,DHW,k − Q̇l,DHW

∆TDHW · ρH2O · cH2O
· ts (5.20)

Q̇DHW,k = Q̇h,DHW,k + Q̇hr,FC,k (5.21)

where the density and specific heat capacity of the water are denoted as ρH2O and cH2O, respec-
tively. DHW storage is constrained by minimal and maximal volumes:

VDHW,min ≤ VDHW,k ≤ VDHW,max (5.22)

Thermal building model: The 4R3C gray-box thermal building model from Langner et al.
(2024) is used for the evaluation of the methodology and in MPC as a control model. The model
comprises three states: (i) indoor air temperature Tair represented by Equation (5.23), (ii) internal
wall temperature Tw,in described by Equation (5.24), and (iii) external wall temperature Tw,out

presented by Equation (5.25). The heat flux emitted by the heat pump is represented with Q̇h,SH,
while weather-related inputs are ambient air temperature Tamb and solar radiation q̇sol:

Cair
dTair

dt
=

Tw,in − Tair

Rw,air
+

Tamb − Tair

Rair,amb
+ gsolq̇sol + fconvQ̇h,SH (5.23)

Cw
dTw,in

dt
=

Tair − Tw,in

Rw,air
+

Tw,out − Tw,in

Rw
+ (1− fconv)Q̇h,SH (5.24)

Cw
dTw,out

dt
=

Tw,in − Tw,out

Rw
+

Tamb,eq − Tw,out

Rw,amb
(5.25)

where gsol is the solar heat gain factor, fconv is the convective share of heat flux, and Tamb,eq is
the equivalent outdoor temperature at the exterior surfaces, with the effect of solar radiation taken
into account.

Equations (5.23)-(5.25) represent the set of ordinary differential equations which define the
thermal dynamics of the building. The set of ordinary differential equations is reformulated as
a state-space system (see Equations (2.2)-(2.3)) and discretized using a zero-order hold method.
The comfortable temperature constraints are introduced to exploit thermal building mass as an
additional storage medium:

Tair,min,k ≤ Tair,k ≤ Tair,max,k (5.26)
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Power balance: The power balance is described as the equilibrium between generated and
demanded power at time step k:

PPV,k + Pbuy,k + Pel,FC,k + Pd,k = Psell,k + Pel,load,k + Pel,HP,k + Pch,k (5.27)

where Pbuy,k and Psell,k represent the purchased and sold power, respectively. The electrical load
from appliances is denoted byPel,load,k. This load is introduced to evaluate the EMS performance
under a comprehensive building load: flexible Pel,HP and non-flexible Pel,load.

Control algorithms

This subsection describes the developed control algorithm, namely the ComEMS4Build. There-
after, the benchmark control strategies, RBC, which requires minimal information, and MPC,
which is optimization- and model-based, are presented.

ComEMS4Build: Comfort-Oriented Energy Management System for Residential Build-
ings: This control strategy is developed to hierarchically split thermal load management, coordi-
nated by FLCflex and operation of the HESS, coordinated by FLCFC and FLCBESS, as illustrated
in Figure 5.2a. The FLCflex operates the thermal load based on following input signals:

(i) Solar radiation q̇sol, as external signal.

(ii) ECDF of the day-ahead electricity price signal F̂ (pbuy) (see Equation (2.18)), also denoted
as an external signal.

(iii) SOC (see Equation (5.2)) and LOH (see Equation (5.9)) as the indicator of the HESS state.

(iv) Binary variables sSH and sDHW, defining whether the heat pump is used for space or DHW
heating:

sSH,k =

{
1, if χSH,k < χDHW,k,

0, otherwise,
sDHW,k =

{
1, if χDHW,k ≤ χSH,k,

0, otherwise.
(5.28)

Indoor air temperature thermal state χSH,k is defined as following:

χSH,k =

√
Tair,k−1 −max(Tair,min,k, Tair,min,k+5)

Tair,max,k −max(Tair,min,k, Tair,min,k+5)
(5.29)
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where parameter Tair,min,k+5 represents the minimal temperature constraint in the next five hours,
used as an indicator for preheating. This thermal state is under the square root to control the temper-
ature closer to the lower temperature constraint defined by the termmax(Tair,min,k, Tair,min,k+5).
The DHW storage thermal state χDHW,k is defined as following:

χDHW,k =

(
VDHW,k−1 − VDHW,min

VDHW,max − VDHW,min

)2

(5.30)

This thermal state is squared to control the usable volume of the DHW closer to its upper volume
constraint VDHW,max, since future demand is unknown.

The FLCflex suggests the modulation factor of the heat pump ηel,HP,k = αHP,k + ηel,HP,k−1,
where αHP,k is control signal which represents the increment or decrement of the modulation
factor. Thereafter, the flexible load Pel,HP is added to the non-flexible load Pel,load. After using
the power generated by PV the residual load is defined∆Pk = PPV,k − Pel,HP,k − Pel,load,k. If
the PV generation exceeds the demand, the fuel cell does not operate. If a residual load exists,
the FLCFC determines the amount that can be covered by the fuel cell, based on the following
information:

(i) Residual power∆P .

(ii) ECDF of the day-ahead electricity price signal F̂ (pbuy).

(iii) Toggling state of the fuel cell son/off .

(iv) HESS state as SOC and a percentage of allowable daily hydrogen consumption ∆LOH.

The allowable daily hydrogen consumption ∆EH2,k is relative to the absolute hydrogen energy
left in the storage EH2,k at the time step k. The variable ∆EH2,init is introduced as the initial
allowable daily hydrogen consumption in kWh/day, which is updated each new day. The∆LOH

represents the percentage of allowable daily hydrogen consumption given as the input signal to
FLCFC:

∆EH2,k =

{
24h·(EH2,k−EH2,min)

N−k = ∆EH2,init, if k mod H = 0,

∆EH2,k−1 + (EH2,k − EH2,k−1), otherwise.
(5.31)

∆LOHk =
∆EH2,k

∆EH2,init
(5.32)

where N represents the time steps of the simulation, H one day horizon and k time step. The
FLCFC defines the power that the fuel cell should produce Pel,FC,k = αFC,k · ζ · Pel,FC,max,
where αFC,k represents control signal.
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Figure 5.2: The flowcharts depicting the information flow of control strategies. Figure is adapted from Kovačević et al.
(2025b).

The FLCBESS manages operation of the BESS. It considers the following information:

(i) The residual power ∆Pnew to fully satisfy the demand, defined as follows:

∆Pnew,k = ∆Pk − Pel,FC,k (5.33)
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(ii) ECDF of the day-ahead electricity price signal F̂ (pbuy).

(iii) State of charge of BESS, i.e. SOC.

If the BESS cannot meet the rest of the residual power, whether due to power constraints or its
state of charge being at the minimum or maximum level, the remaining power requirement is
compensated by purchasing from or selling to the grid. The FLCBESS defines following control
signal:

αBESS ∈ [−1, 1] (5.34)

where the sign dictates whether the BESS is charged (positive) or discharged (negative). If the
load ∆Pnew is negative, meaning that demand exists, and αBESS is positive, the entire deficit is
purchased from the grid. In addition, if electricity prices are favorable, the BESS may also be
charged. The purchased power from the grid is then defined as follows:

Pch,k = αBESS,k · Pch,max (5.35)
Pbuy,k = Pch,k + |∆Pnew,k| (5.36)

On the other hand, if the control signal αBESS is negative, the BESS will be discharged, and the
rest will be purchased from the grid:

Pd,k = |αBESS,k| · |∆Pnew,k| (5.37)
Pbuy,k = (1− |αBESS,k|) · |∆Pnew,k| (5.38)

At the end, if the rest of the residual power is positive, indicating generation, and the control
signal is positive, the control signal αBESS dictates the ratio of charging the BESS and selling the
power to the grid:

Pch,k = αBESS,k ·∆Pnew,k (5.39)
Psell,k = (1− αBESS,k) ·∆Pnew,k (5.40)

Figures 5.3 and 5.4 illustrate the membership functions used in FLCflex, FLCFC and FLCBESS

for inputs and control signals. Figures 5.3(a-c) illustrate the input signals describing the state
of HESS as SOC, LOH and ∆LOH, building thermal state that is less favorable defined as
min(χSH, χDHW), fuel cell toggling state son,off , and external signals, ECDF of electricity price
signals F̂ (pbuy) and current solar radiation q̇sol. Figure 5.3d and Figure 5.4a illustratemembership
functions of the residual power input signals that need to be covered by the fuel cell and BESS,
respectively. Both sets are normalized on the scale of 10 kW. Specific system values are used for
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defining the membership functions. For example, the “medium negative” membership function
of residual power ∆P is chosen so that it peaks for the residual load that can be covered by the
fuel cell’s nominal power (see Table 5.2). On the other hand, the “big negative” membership
function is designed so the load can be covered by operating both the fuel cell and BESS.
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Figure 5.3:Membership functions used for input signals for FLCflex, FLCFC and FLCBESS. The abbreviations are
defined as follows: P – positive, SN – small negative, MN – medium negative, and BN – big negative. Figure
is adapted from (Kovačević et al. 2025b).

A comparable approach is used to define the membership functions of the residual load∆Pnew in
Figure 5.4a. The peaks of the “medium positive” and “medium negative” functions are selected
such that, when ∆Pnew indicates surplus generation, the BESS can be charged at its maximum
power, and when ∆Pnew denotes a demand, this demand can likewise be met by discharging the
BESS at its maximum power (see Table 5.2). Subplots in Figure 5.4(b-d) depict the control signal
membership functions of FLCflex, FLCFC and FLCBESS, respectively.

Figure 5.5 depicts the input–output mapping for all three controllers. The FLCflex is illustrated
in Figure 5.5a, for the case when SOC= 10% and LOH= 10% and min(χSH, χDHW) = 0, the
other two inputs, ECDF of electricity price signal F̂ (pbuy) and solar radiation q̇sol, are varying.
The figure shows that when the ECDF electricity price signal is relatively low or solar radiation
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Figure 5.4:Membership functions for BESS power input signal and FLCflex, FLCFC and FLCBESS control signals. The
abbreviations are defined as follows: Z – zero, SP – small positive, MP – medium positive, BP – big positive,
SN – small negative, MN – medium negative, and BN – big negative. Figure is adapted from (Kovačević et al.
2025b).

is high, the controller uses these favorable conditions for heating by increasing the control signal
αHP.

Figure 5.5b depicts the input–output mapping for FLCFC under following system conditions: (i)
SOC= 10%, (ii) ∆LOH = 80% and (iii) son/off = 1. The other two inputs, residual load ∆P

and ECDF electricity price signal F̂ (pbuy), vary. As both the absolute value of residual load
and the ECDF price signal increase, the controller raises the value of αFC, thereby increasing the
output power of the fuel cell. Furthermore, when the load remains relatively low (below 1500 kW,
defined with a negative sign in the figure), and under the above-mentioned system conditions,
FLCFC tends to supply the entire load using only the fuel cell as the fuel cell is already turned on.

Figure 5.5c illustrates the FLCBESS input–output mapping when SOC= 50%. When the ECDF
electricity price signal approaches lower values and the residual load ∆Pnew approaches zero,
the control signal αBESS increases. The positive values of the control signal αBESS indicate
the charging and that the load (if it exists) will be covered by purchasing from the grid (see
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Equations (5.35) and (5.36)). On the other hand, when the residual load increases (depicted
with a negative sign in the figure) and ECDF electricity price signal approaches higher value, the
control signal becomes negative, indicating the battery discharging and purchasing from the grid
(see Equations (5.37) and (5.38)). The overview and description of the rule base tables of all
three controllers is given in Appendix D.1.
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Figure 5.5: The ComEMS4Build input-output mapping for all three controllers.

Rule Based Control (RBC): The RBC presents the simpler version of the ComEMS4Build
controller, developed with minimal input requirements. Figure 5.2b depicts the information flow
of the RBC. Similarly to the ComEMS4Build controller, the thermal states χSH and χDHW are
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defined based on minimal and maximal temperatures (Tair,min and Tair,max) and usable volume
constraints (VDHW,min and VDHW,max):

χSH,k =
Tair,k−1 − Tair,min

Tair,max − Tair,min
(5.41)

χDHW,k =
VDHW,k−1 − VDHW,min

VDHW,max − VDHW,min
(5.42)

while the binary variables sSH and sDHW follow the same logic as ComEMS4Build (see Equation
(5.28)). TheDHWand space heating are treated equally, and future temperature constraints are not
accounted for. To avoid greater discomfort for occupants, and since future temperature constraints
are unknown, the RBC uses constant temperature constraints (described in Section 5.1.2). If
necessary, the heat pump is switched on with a constant modulation factor ηHP = 0.9. Based on
the sign of residual power ∆P , ECDF of the electricity price signals, and LOH, RBC considers
whether the fuel cell should operate. In particular, if the load exists (∆P < 0) and the ECDF
electricity price signal is in the upper quartile, the fuel cell will be turned on with maximal
permissible power Pel,FC,k = Pel,FC,max · ζ. Otherwise, it stays turned off. Thereafter, based on
the sign of the residual load ∆Pnew, SOC, and the ECDF electricity price signal, it is decided
whether the BESS is charged or discharged. Here, if the ECDF electricity price signal is in the
lower quartile, the BESS will be charged, and, if load exists, it will be purchased from the grid.

Model Predictive Control (MPC): MPC is developed as the optimization-based benchmark
control algorithm. Using the models and forecasts, MPC solves the optimization problem and
determines the control trajectory that minimizes the overall system operational cost. The cost
function comprises three parts: (i) costs of power exchangedwith the grid, (ii) fuel cell degradation
costs, and (iii) initial investment and lifespan costs of the HESS:

min

H∑
k=1

ts · (pbuy,k · Pbuy,k − psell · Psell,k)︸ ︷︷ ︸
Costs of power exchange with grid

+σFC,on · sFC,on,k + σFC,off · sFC,off,k︸ ︷︷ ︸
Fuel cell degradation costs

+ ts · (σBESS,ch · Pch,k + σBESS,d · Pd,k + σFC · sFC,k)︸ ︷︷ ︸
Investment and lifespan costs

(5.43)

subject to Equations (5.1)-(5.27).

The H represents the one-day prediction horizon, and psell and pbuy define the remuneration
price and the dynamic electricity price signal in EUR/kWh, respectively. The utilization costs
of battery charging σBESS,ch (in EUR/kWh) and discharging σBESS,d (in EUR/kWh) and fuel
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cell operation σFC (EUR/h) comprise initial component investment costs σin (in EUR) and
operation and maintenance costs σom (in EUR/h), defined as:

σi =
∑
i

1

ηi

(
σin,i

Li
+ σom,i

)
, i ∈ {“BESS,ch”, “BESS,d”, “FC”} (5.44)

where Li represents the lifespan of the corresponding component, measured in h. The lifespan
of the fuel cell can be found in the datasheet, while the BESS’s lifespan is estimated based on
Depth of Discharge (DoD) cycles and maximal BESS capacity EBESS,max as described in Cau
et al. (2014):

LBESS,i =
EBESS,max

Pi
· DoD i ∈ {“ch”, “d”} (5.45)

The costs of the fuel cell toggling in the objective function, Equation (5.43), are represented with
σFC,on and σFC,off and are measured in EUR. The sFC,on and sFC,off indicate whether the fuel
cell is starting or stopping, defined by the following logic:

sFC,on,k = sFC,k ∧ (¬sFC,k−1) (5.46)
sFC,off,k = sFC,k−1 ∧ (¬sFC,k) (5.47)

The nonlinear behavior in Equations (5.7) and (5.8) arises from the dependency of the fuel cell’s
molar flow on its power output, estimated from the datasheet. To ensure robust convergence, the
efficiency ηel,FC is substituted by a constant value derived from the manufacturer’s datasheet, a
simplification commonly adopted in the literature (Wang et al. 2024). Given the 24 h prediction
horizon of the MPC, the controller determines the permissible daily hydrogen usage by adjusting
the minimum allowed level of hydrogen, LOHmin,k, for each new day:

∆LOH =
LOHmax

NoD
(5.48)

LOHmin,k =

{
min

(
LOHmin, LOHmax −∆LOH ·

(
1 + k

H

))
if k mod H = 0,

min( LOHmin, LOHmin,k−1) otherwise,
(5.49)

where NoD represents the total number of days, H is a one-day horizon period, term 1 + k/H

represent the corresponding day of the simulation and LOHmin is absolute minimal level of the
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hydrogen in storage. This additional constraint requires the MPC to respect a daily minimum
level of hydrogen in storage.

Inputs required by each EMS: Table 5.1 outlines the required inputs for each EMS. The RBC
requires the minimum number of inputs compared to other two controllers, i.e., besides the current
thermal states Tair and VDHW and HESS states, SOC and LOH, it also requires the day-ahead
electricity price signal F̂ (pbuy). The ComEMS4Build requires, in addition, the current allowable
daily hydrogen consumption ∆LOH, the toggling state of the fuel cell son/off , solar radiation,
and future temperature constraints. The MPC is the most information-intensive controller, as it
requires, in addition to the above-mentioned inputs, also the forecasting models13 and profiles14.

Table 5.1: The inputs required by each EMS.

Required inputs Tair VDHW SOC LOH ∆LOH son/off

RBC ✓ ✓ ✓ ✓
ComEMS4Build ✓ ✓ ✓ ✓ ✓ ✓

MPC ✓ ✓ ✓ ✓ ✓ ✓

Required inputs Forecasting
models

Forecasting
profiles

Future temp.
constraints

F̂ (pbuy) Tamb q̇sol

RBC ✓
ComEMS4Build ✓ ✓ ✓

MPC ✓ ✓ ✓ ✓ ✓ ✓

5.1.2 Case study

The controllers’ performance is evaluated for twelve German winter weeks. The weather-related
data and electricity price signals span the period from December 2022 to February 2023. The
models and control algorithms are implemented in Python, with the Gurobi optimizer (Gurobi
Optimization LLC) used to solve the optimization problem. The simulation is performed with a
time step of 1 h, while the MPC prediction horizon is one day.

Assuming that renewable hydrogen is produced during the German summer months, the hydrogen
storage is considered to be full, reaching its maximum capacity EH2,max at the beginning of the
winter-period simulation. Moreover, the SOC is set to 50% at the beginning of the simulation.

13 The forecasting models incorporate PV, HESS, fuel cell, DHW storage, heat pump, and thermal building model.
14 The forecasting profiles include weather-related information, DHW thermal load, and appliances’ electrical load.
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Input data

The demand profiles DHW demand Q̇dm,DHW is generated by DHWCalc tool (Jordan and Vajen
2005), while the electricity demand Pel,load for a four-person household is generated by LPG tool
(Pflugradt et al. 2022). The hourly dynamic electricity price signal pbuy comprises the constant
base part and a variable part retrieved from aWATTar GmbH. The reimbursement price signal
psell has a constant value of 7.94 cent/kWh, as reported by the German Federal Network Agency
(Bundesnetzagentur). The weather-related data are obtained from the German Weather Service
(Deutscher Wetterdienst - DWD) for the city of Rheinstetten, the nearest available weather station
to the case study location.

Occupancy schedule and thermal building parameters: The occupancy schedule is specified
by temperature constraints Tair,min and Tair,max within which the controller should operate. The
profile utilized for ComEMS4Build and MPC is one profile for the entire building depicted in
Figure 4.9 under the parameter names Tair,min,R1/R2 and Tair,max,R1/R2. Since the RBC does not
consider future information, the temperature constraints are kept constant to ensure that comfort
is not violated: Tair,min = 21 ◦C and Tair,max = 24 ◦C. The parameters of the gray-box thermal
building model are identified and validated for the LLEC building during the German winter
months and are detailed in Langner et al. (2024).

DHWstorage and heat pump parameters: For the DHW storage size of 300 l and A+ efficiency
level, the standing losses are Q̇l,DHW = 35W based to EU regulation 814/2013 (German
Environment Agency). The DHW storage is used as heat storage, where heated water is not
directly used but rather the heat is transferred via a heat exchanger to the fresh water supply. In
this way, hygiene-related issues are avoided, and the temperature of the DHW is maintained at
45◦C (Dengiz et al. 2019). In addition, the heat recovered by the fuel cell can be used to heat
the technical water (Suissetec). The overview of the DHW parameters is given in Table 5.2.
The air/water heat pump Therma VMonobloc type HM051M U43 (LG Electronics) with heating
capacity of 5 kW is chosen for the present case study. Besides heating up to the DHW temperature
of 45 ◦C (with COP variation 1.93–5.16), heat pump is also utilized for underfloor heating on
55 ◦C (COP15 variation 1.6–4.15).

Renewable energy system parameters: The parameters of the PV system and the BESS are de-
rived from the equipment installed in the LLEC experimental building and presented in Table 5.2.
The fuel cell used is the Horizon Educational H-2000 (Horizon Fuel Cell Europe, s.r.o). The
restriction factor ζ = 80% is introduced to limit the fuel cell’s operation to 80% of its maximum

15 Note that both COP variations for supply temperature of 45 ◦C and 55 ◦C are for the following outside temperature
range: -15 °C–20 °C.
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power output. This restriction is necessary because operating at maximum power significantly
accelerates fuel-cell degradation (Fletcher et al. 2016, Andrade et al. 2025). Achieving full au-
tarky would require a significantly larger HESS, as the system would need to cover demand peaks
in worst-case scenarios. Therefore, the hydrogen storage is dimensioned to supply roughly half
of the daily electricity demand during the winter months. Using the average electrical fuel cell
efficiency, the corresponding hydrogen demand was calculated and is summarized in Table 5.2.
The fuel cell system efficiency with heat recovery ηFC,sys is assumed to be 75% (Gandiglio et al.
2014). In addition, the heat recovery is discussed when the system achieves 90% efficiency (El-
lamla et al. 2015, Nguyen and Shabani 2020). The operation of the electrolyzer is not considered
in the present case study, as it is assumed that its operation would not be optimal during the
German winter period when the demand is at its peak and PV generation is relatively small.

Table 5.2: Parameters used in the present case study for the following energy components: PV, BESS, DHW storage,
fuel cell, and hydrogen storage.

Component Variable Value Variable Value

PV

nmodule 30 ηSTC 0.19
amodule 1.685m2 NOTC 50 °C
ηT 0.005 ◦C−1 TSTC 25 °C
ηL&T 0.9

BESS

EBESS,max 6.5 kWh Pd,max 1 kW
ηch 0.93 SOCmin 0.1
ηd 0.93 SOCmax 0.9
Pch,max 1 kW SOCinit 0.5

DHW Storage VDHW,max 300 l VDHW,min 40 l
Q̇l 35W TDHW 45 °C

Fuel cell PFC,max 2441.6W PFC,nom 2000 W
PFC,min 399.2W ηFC,sys 0.75

Hydrogen storage EH2,max 1800 kWh LOHmax 1

HESS degradation costs: The main degradation drivers for hydrogen system components rel-
evant to supervisory EMS are on–off cycling and power fluctuations (Stropnik et al. 2022).
Maintaining steady-state fuel-cell operation can extend its lifetime by a factor of 12–18 compared
to dynamic operation. Table 5.3 shows the parameters related to the degradation costs of the fuel
cell and BESS. The parameters are further derived from NKON B.V., The Fuel Cell Store and
Wang et al. (2024). The operation and maintenance, and on/off costs of the battery are assumed
to be negligible relative to those defined for the fuel cell.
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Table 5.3: Degradation costs of fuel cell and BESS.

Component Variable Value Variable Value

Fuel cell
σin,FC 10908EUR σom,FC 0.038EUR/h
LFC 35000h σFC,on 0.10EUR
σFC,off 0.053EUR

BESS σin,BESS 900EUR DoD 6000 cycles

Evaluation metrics

The weekly thermal discomfort dwe (see Equations (2.15)-(2.16)) and weekly operation σbuy and
reimbursement energy costs σsell (see Equation (2.17)) are used for an evaluation. HESS and grid
usage are evaluated weekly, by discussing the following: (i) battery charged energy EBESS,ch, (ii)
fuel cell energy generation EFC, (iii) purchased and sold energy Ebuy and Esell respectively and
(iv) heat recovered EFC,hr.

Furthermore, total working hours and the number of times the fuel cell is switched on and off are
evaluated, based on the following equations:

WH = ts ·
N∑

k=1

sFC,k (5.50)

TOG =

N∑
k=1

sFC,on,k (5.51)

The working hours WH are correlated with the fuel cell binary variable sFC and the sampling
time ts, while the number of times the fuel cell is switched on and off depends on the fuel cell
toggling state sFC,on.

5.1.3 Results and discussion

Figures 5.6 and 5.7 illustrate the performance of all three controllers in two cases: (i) low solar
radiation and high electricity price peaks, and (ii) relatively high solar radiation in winter and
low electricity price signals, respectively. The controllers are organized into columns, with the
first row showing the indoor air temperature, temperature constraints, and the volume of the
DHW storage. The second row shows the PV generation and the total electricity load, denoted
by Pel,load + Pel,HP. Furthermore, the exchange with the grid and the dynamic electricity price
signal are shown in the third row, while the latter two rows depict HESS utilization.
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When solar radiation is low, and electricity price signals exhibit high peaks, the MPC controls
the indoor air temperature to remain at the lower temperature constraint Tair,min, as illustrated
in Figure 5.6. While the RBC exhibits hysteresis behavior with large fluctuations in indoor
air temperature, the ComEMS4Build maintains a temperature, typically in the middle range.
Throughout the entire simulation, all three controllers fulfill the DHW demand at each time step.
Furthermore, the DHW storage volume controlled by the ComEMS4Build and RBC is usually
kept at higher levels as the consumption prediction is not known to the controller. On the other
hand, MPC, with a perfect DHW demand forecast, keeps the storage volume only as high as
needed to satisfy short-term demand, thereby reducing energy consumption. However, these
MPC actions are unrealistic, as DHW consumption is fundamentally stochastic. Furthermore, all
three controllers aim to use the grid when electricity prices are low (see third row Figure 5.6).
In contrast, when electricity price signals peak, controllers use HESS to relieve the grid. During
periods of low demand, such as at midday on Dec. 3, when electricity prices are high, the RBC
drives the fuel cell at maximum power. Because consumption is low, the surplus electricity is
charged to the BESS, and any remaining power is sold. The MPC, however, does not find it
optimal to sell energy to the grid. Rather, it prefers to store the energy in BESS, a logic that is
also followed by ComEMS4Build.

In contrast to the unfavorable grid and weather situation from Figure 5.6, when the solar radiation
is higher, and electricity price signals are lower, the MPC and ComEMS4Build use thermal
building mass to store the thermal energy, as illustrated in Figure 5.7. This behavior cannot
be observed by RBC, as it only controls indoor air temperature via hysteresis. Notably, MPC
minimizes grid utilization and relies only on PV generation and HESS. After 10 weeks of the
simulation period, ComEMS4Build has slightly less than 30% of the hydrogen left, while the
RBC has almost depleted the hydrogen storage.

Electricity costs and thermal comfort

Figure 5.8 outlines weekly electricity and reimbursement costs for all three controllers. The
ComEMS4Build and RBC achieve similar distribution of weekly operational electricity costs.
However, the ComEMS4Build has median of 26.94EUR while the RBC has median higher for
9.17EUR compared to ComEMS4Build. The MPC has the lowest operational costs, with a
median of 12.96EUR, which is around half of ComEMS4Build costs. The MPC reaches two
outliers with high weekly operational costs of 64.35EUR and 61.24EUR. Respectively, in these
two weeks ComEMS4Build reaches also high costs of 78.92EUR and 87.96EUR and RBC
of 77.9EUR and 91.67EUR. These two weeks are characterized by low PV generation and
high electricity prices, with short, low-price periods. Because the controllers cannot purchase
sufficient energy during low-price periods, they must also purchase energy during periods of
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Figure 5.6: Performance comparison for all three controllers, when the solar radiation is relatively low. The figure is
adapted from Kovačević et al. (2025b).

higher electricity prices. The increased electricity costs of RBC and ComEMS4Build are also
affected by the increased heating demand for DHW storage. Since these two controllers lack a
forecast of DHW demand, they keep DHW storage usually above 50% full, thereby increasing
the demand and, consequently, the electricity costs. Conversely, MPC uses ideal forecasting to
manage demand, ensuring that storage is sufficiently filled to cover short-term demand. While
this makes the ComEMS4Build and RBC more robust to changes in DHW demand, the MPC can
be sensitive to forecast errors.
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Figure 5.7: Performance comparison for all three controllers on winter days with relatively high solar radiation.

Selling the energy does not yield a notable revenue for any of the three controllers. Based on
the median values, MPC does not sell energy to the grid. Rather, it tries to store the generated
power within the system, since it does not find it optimal to sell at the reimbursement price of
7.94 cent/kWh. The ComEMS4Build has slightly higher median of 0.51EUR, while the RBC
has median of 2.71EUR.

The operational costs can also be reduced by minimizing energy consumption alone, but this
would violate occupants’ thermal comfort (as discussed in Section 4.1), which should not be
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Figure 5.8: Weekly electricity (a) costs and (b) reimbursement. Figure is adapted from Kovačević et al. (2025b).

compromised. Thus, the weekly thermal discomfort is evaluated and illustrated in Figure 5.9. The
RBCexhibits the largestweekly discomfortwith amedian of 0.68Kh. On the other hand, theMPC
achieves the best performance without violating comfort. Similarly, the ComEMS4Build does not
violate the comfort in 10 out of 12 weeks. In the remaining twoweeks, the comfort violation arises
from the excess energy stored in the thermal mass of the building. Over these two weeks, the
discomfort has been 0.9Kh and 2Kh. These deviations are caused by the ComEMS4Build’s soft
temperature constraints, which are used to locate the indoor air temperature within the specified
range (see Equation (5.29)). Since these constraints are not strict, periods of high solar gain can
result in slight overheating above the upper temperature constraint (see Figure 5.7).
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Figure 5.9: Weekly discomfort evaluated for all three controllers. Figure is adapted from Kovačević et al. (2025b).

HESS and grid utilization

The weekly HESS utilization is illustrated in Figure 5.10, by considering the BESS charging
and hydrogen consumption in kWh. The ComEMS4Build and MPC have similar distribution of
the weekly BESS charged energy, with the medians of 26.90 kWh and 27.15 kWh, respectively.
The RBC uses the BESS the most, with weekly charged energy of 49.04 kWh. Since the RBC
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controls the fuel cell at its maximum permissible power, any surplus power after the demand has
been met is directed to charging the BESS. Conversely, the ComEMS4Build does not control the
fuel cell at maximum power, thereby facilitating smarter power control decisions.

Hydrogen consumption, illustrated in Figure 5.10b, shows that the ComEMS4Build has the
lowest weekly difference in consumption, while the MPC largely differs in the weekly consumed
hydrogen. The median values lists 69.17 kWh, 74.64 kWh and 79.11 kWh for ComEMS4Build,
MPC and RBC, respectively. The RBC exhibits an outlier because it has already depleted its
hydrogen storage, and thus, hydrogen is not consumed in the last week of the simulation.
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Figure 5.10: Weekly HESS usage. Figure is adapted from Kovačević et al. (2025b).

Figure 5.11 illustrates the influence of the electricity price signal on hydrogen consumption during
the entire simulation period. The weeklyMPC hydrogen variation is mostly affected by electricity
price signals. Indeed, MPC consumes less hydrogen in periods when electricity price signals are
very low (less than 0.2EUR/kWh). In contrast, when the electricity prices are higher, MPC relies
more on fuel cell power generation and thus consumes more hydrogen. The ComEMS4Build, on
the other hand, only obtains the information of the relative electricity price signal based on ECDF
(see Section 2.3.3). Thus, the absolute value of the electricity price signal does not affect weekly
hydrogen consumption, which is relatively constant.

Furthermore, the RBC depletes the hydrogen storage before the end of the evaluation period
because it lacks information about the allowable daily hydrogen consumption. The MPC ends the
simulationwith 5.21% and the ComEMS4Buildwith 16.92%LOH. The rest of the hydrogen could
potentially save for MPC 36.04EUR and for ComEMS4Build 116.96EUR when considering
the average electricity price signal of the observed evaluation period, i.e., 0.39EUR/kWh.

Figure 5.12 depicts the fuel cell’s toggling counts and working hours, as these have a significant
impact on the fuel cell degradation. Compared to the MPC, RBC increases working hours by
2.7% and toggling counts by 8.7%. The small difference between the MPC and RBC stems from
the fact that both operate the fuel cell primarily at the maximum allowable power, MPC as it finds
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Figure 5.11: The influence of the (b) electricity price signal on (a) hydrogen consumption.

it optimal, and RBC due to its design. On the other hand, ComEMS4Build increases the working
hours by almost half and toggling counts for 1.7% compared to MPC. The ComEMS4Build does
not necessarily operate the fuel cell at the maximum allowable load, which increases the working
hours.
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Figure 5.12: Total working hours and toggling counts of the fuel cell operation.

The grid usage is presented as weekly purchased energy Figure 5.13a and weekly sold energy
Figure 5.13b. Purchased energy and sold energy comparison correlate with the electricity costs
(see Figure 5.8a) and reimbursement costs (see Figure 5.8b), respectively. The following median
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values are observed: (i) RBC – for purchased energy 121.89 kWh and for sold energy 34.19 kWh,
(ii) ComEMS4Build – for purchased energy 96.28 kWh and for sold energy 6.48 kWh, and (iii)
MPC – for purchased energy 70.19 kWh and no sold energy. Comparing the median reimburse-
ment costs and the sold energy, RBC receives only 2.2EUR more weekly than ComEMS4Build,
while it sells weekly notably more energy, i.e. 27.71 kWh.
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Figure 5.13: Weekly grid utilization. Figure is adapted from Kovačević et al. (2025b).

Heat recovery from fuel cell

Comparison of the weekly fuel cell heat recovery with weekly DHW demand is illustrated in
Figure 5.14. The initial fuel cell system efficiency undertaken throughout the present study is
75% (Gandiglio et al. 2014). However, the heat recovery is also evaluated for a fuel cell system
efficiency of 90%, as reported in the literature (Nguyen and Shabani 2020, Ellamla et al. 2015).
Results for 75% of fuel cell system efficiency are shown without transparency, whereas those
for 90% of fuel cell system efficiency are presented with transparent bars in the Figure 5.14.
Considering a fuel cell system efficiency of 75%, none of the controllers can meet the DHW
demand solely from recovered heat. On the other hand, when the fuel cell system efficiency
reaches 90%, and the RBC is utilized, the heat recovery in weeks 4, 6, 7, and 8 would be sufficient
to cover the weekly DHW demand. Moreover, MPC covers the weekly DHW demand only by
operating the fuel cell in weeks 8 and 9. Conversely, the ComEMS4Build does not meet the DHW
demand solely by fuel cell operation at any efficiency, as it does not always operate the fuel cell
at its maximum allowable load, where thermal efficiency is usually highest.

Figure 5.15 illustrates three days controller comparison in week 8 when the fuel cell system
efficiency is 90%. During the considered period, the discrepancy between electricity price signals
is low, and periods when the electricity price signal is in the upper quartile last longer. In this
case, RBC utilizes the fuel cell to meet demand during longer intervals. MPC also uses the fuel
cell during longer periods when electricity price signals are highest, compared to the day-ahead
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Figure 5.14:Weekly fuel cell heat recovery when the fuel cell operates with 75% and 90% system efficiency. Figure is
adapted from Kovačević et al. (2025b).

period, and utilizes the grid in only short periods when the electricity prices are the lowest,
compared to the day-ahead period. This behavior of the electricity price signal also affects the
amount of recovered heat, which in this case would be sufficient to cover the DHW demand on a
weekly basis.
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Figure 5.15: Performance comparison for all three controllers during week 8 with fuel cell system efficiency of 90%.
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5.1 Method: Comfort-oriented energy management using hydrogen seasonal storage

Interestingly, the MPC utilizes the fuel cell the least in weeks 5 and 12 (see Figure 5.14). These
weeks are characterized by low electricity price valleys (reaching values under 0.2EUR/kWh).
Purchased power is prioritized over heat recovered from the fuel cell, even though this recovered
heat directly impacts electricity costs by reducing the heat pump’s workload.

Summary

The results indicate that ComEMS4Build outperforms RBC in comfort-oriented metrics, showing
no thermal discomfort in 10 of the 12 evaluated weeks and maintaining more stable indoor
temperatures. The ComEMS4Build increases the indoor air temperature when grid conditions
are favorable, or PV generation is high, effectively storing energy in the thermal building mass
and shifting load from peak to off-peak periods (see Figure 5.7). In contrast, RBC operates as a
hysteresis controller, cycling between temperature constraints.

Regarding power flows, RBC exports considerably more electricity to the grid than both
ComEMS4Build and MPC, because it consistently operates the fuel cell at its maximum al-
lowable power. After meeting building demand, it charges the BESS and exports the remaining
energy. Conversely, MPC avoids exporting energy due to low reimbursement prices. Instead, it
smartly retains energy within the building.

In terms of fuel cell operation, MPC has the lowest operating hours and toggling counts compared
to the other two control strategies. ComEMS4Build slightly increases toggling counts and nearly
doubles operating hours compared with MPC, as it operates the fuel cell for longer durations at
lower loads, thereby achieving a higher fuel cell electrical efficiency. Potential enhancements
for ComEMS4Build include introducing constraints to enforce longer uninterrupted operating
periods or considering additional input signals related to the fuel cell’s degradation costs.

For thermal performance, none of the controllers canmeet theDHWdemand solely from recovered
fuel-cell heat at a cogeneration efficiency of 75%. With a higher efficiency of 90%, RBC can meet
the demand using only recovered heat in weeks 4, 6, 7, and 8. However, RBC consumes hydrogen
more actively early in the evaluation period, depleting storage before the end of the simulation
period. ComEMS4Build generally recovers less heat than MPC and RBC because its lower fuel
cell loads yield higher electrical efficiencies but reduced heat output.

A summary of the comparison of all three controllers is presented in Table 5.4. Although MPC
can achieve cost-optimal operation, it relies on accurate forecasting models and predicted demand
profiles, making it fragile to forecasting errors, particularly for highly stochastic profiles such as
the DHW demand. Consequently, MPC requires the largest number of input signals. Beyond
additional sensor installations, MPC also needs model training and periodic retraining, e.g., for
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Table 5.4: Summary of the controllers’ performance and features. A poor performance is indicated by•, average
performance by• and good performance by•.

Controller Model-
free

Forecast-
free

Number
of inputs

HESS
utilization

Thermal
build. mass
utilization

Exchange
with grid

RBC • • • • • •
ComEMS4Build • • • • • •

MPC • • • • • •
Controller Discomfort Electricitycosts

Reimburse-
ment costs

Fuel cell
working
hours

Fuel cell
toggling
counts

Heat
recovery

RBC • • • • • •
ComEMS4Build • • • • • •

MPC • • • • • •

the thermal building model. In contrast, ComEMS4Build is more robust because it does not
rely on forecasting models or future profiles. While it does not guarantee an optimal solution,
it reliably provides “sufficiently good” performance with lower input requirements than MPC.
Compared with ComEMS4Build, the RBC further reduces the required inputs, making it the
simplest of the evaluated control algorithms.

5.2 Contributions

By developing and evaluating a building with distributed energy resources that incorporates
photovoltaics, a battery energy storage system, hydrogen storage, and thermal building mass as
an additional storage medium, this work contributes to RQ4. In this configuration, both the fuel
cell and the heat pump enable effective load shifting from on-peak to off-peak periods, thereby
contributing to demand response programs.

Furthermore, the design and assessment of a soft-computing control strategy based on fuzzy logic
addresses RQ5. The developed controller, Comfort-Oriented Energy Management System for
Residential Buildings (ComEMS4Build), is positioned as a model- and forecast-free alternative
that reduces input requirements and avoids the fragility associatedwith forecast-driven approaches.
Through both these contributions, research gap 4 is addressed. A comparative evaluation is
conducted between the proposed ComEMS4Build, a RBC that represents a simplified, low-input
strategy, and a MPC that requires extensive model knowledge and forecasting inputs. This
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5.2 Contributions

comparison examines both performance and implementation requirements, providing a holistic
assessment of the trade-offs among the three control approaches.

The analysis demonstrates that the building, when operated with the aforementioned distributed
energy resources, successfully shifts its grid electricity purchases to periods with low price
signals, while the hybrid energy storage system compensates during periods of unfavorable grid
conditions. In terms of overall performance and functional attributes, the ComEMS4Build
consistently positions itself between the RBC and the MPC, assuming equal weighting of all
performance indicators and controller features. However, if some features are more prioritized,
for example, the model- and forecast-free requirements, MPC would be ranked lower, while the
other two would be ranked higher.
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6 Conclusions and outlook

Reducing global warming requires primarily decreasing carbon dioxide emissions. The green
energy transition emerges as a viable solution for decarbonization, which is essential for addressing
climate change. In terms of energy production, the shift is from fossil fuels to renewable energy
generation. Integrating renewable energy poses a challenge for ensuring a secure supply. As
renewable energy is highly dependent on the weather, generation cannot always meet demand.
Thus, it is necessary to unlock demand-side flexibility to achieve alignment between generation
and consumption.

Given that the building sector accounts for a substantial share of global energy consumption,
electrifying building loads and unlocking energy flexibility can contribute to the green energy
transition. The management of energy use in buildings requires advanced control strategies
that account for external signals, such as weather data and dynamic day-ahead electricity prices.
Providing the controller with additional data, models, and forecasts that affect the building’s
performance increases the potential to achieve optimal behavior alignedwith specific performance
objectives. However, this usually requires additional equipment and sensors, making the controller
more dependent on the provided data. Thus, this dissertation addresses research gaps in the field
of building energy modeling and control as presented in Section 1.1. The first part of the
thesis examines the impact of uncertainty and model complexity reduction on model accuracy in
building energy modeling (see Chapter 3). This is followed by the development and evaluation
of fuzzy logic-based control strategies for building demand response (see Chapters 4 and 5). The
main motivation for the chosen control strategy is its independence from models and forecasting
profiles.

6.1 Conclusions

Thermal building models simulate the indoor air temperature dynamics depending on external
conditions and building properties. These models are fundamental for developing, testing, and
evaluating new control strategies. One of the greatest uncertainties in the accuracy of the thermal
building model stems from occupant behavior. This raises the following research questions:
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6 Conclusions and outlook

Research question 1: What impact does the occupant behavior, defined as the interaction of the
occupants with energy control systems and building components (windows, lighting, and related
components) and the heat emitted by the occupants, have on the thermal building model forecasts?
How can the accuracy of the indoor air temperature forecast be improved?

Section 3.1 analyzes the impact of occupant behavior and introduces a novel approach for gray-box
thermal building models, designed to enhance robustness against occupant-related heat loads. To
address variability in occupancy patterns and their influence on indoor temperature, this disser-
tation proposes an ensemble model that distinguishes between weekday and weekend occupancy
patterns. This strategy delivers significantly improved forecasts over five validation weeks with
minimal additional effort compared to the classic model identification approach.

Motivated by the advantages and widespread applications of simplified models, such as the
aforementioned thermal building model, this thesis analyzes the impact of model reduction on
complex white-box building energy models, posing the following question:

Research question 2: How does model order reduction influence the dynamic behavior of the
multi-physics building heating system model validated on a real-world facility?

The impact of complexity reduction on the dynamics of residential heating systems using the
Modelica language and the open-source AixLib library is examined in Section 3.2. A detailed
reference model of a building heating system is first developed and validated. Subsequently,
complexity is reduced through neglecting and simplifying heating system components. Despite
the reference model being parameterized with high-level details, it does not necessarily result in
better alignment with the actual facility. The most simplified model achieves significant savings
in central processing unit time, with a slight improvement in power-consumption accuracy.

While previous research questions focused on energy building modeling, the remaining research
questions concentrate on developing forecast- and model-free control algorithms based on fuzzy
logic to enhance building energy flexibility and enable demand response in buildings.

Research question 3: How can fuzzy logic control be designed to exploit building thermal
flexibility for demand response programs utilizing thermal building mass in simulation and real-
world applications?

To address this, two fuzzy control strategies, each focusing on a different objective, are compared
and analyzed in the simulation-based environment (see Section 4.1). One fuzzy logic controller
focuses on occupants’ thermal comfort, while another focuses on the heat pump’s operation costs.
None of the developed controllers can shift the load or reduce the peak load when high-peak
electricity price signals occur in unfavorable grid conditions. However, additional inputs, such as
future occupancy or day-ahead electricity price signals, have the potential to enhance performance.
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Thus, the improved strategy is presented in Section 4.2, where the room-individual fuzzy logic
controller is investigated in a real-world experimental setup with underfloor heating connected to
the district heating network. The results show that the developed fuzzy logic controller unlocks
the energy flexibility and reduces the energy costs compared to the considered baseline control
strategy.

To further improve the building’s flexibility, the case study is enriched with distributed energy
resources, which, in addition to the building’s thermal mass, include photovoltaics, a battery
energy storage system, a hydrogen storage, a fuel cell, and domestic hot water storage. Distributed
energy resources help mitigate peak electricity demand and can positively affect the security of
supply. The battery energy storage systemenables the energy shift fromdaily toweekly timescales.
However, seasonal energy shifting demands storage solutions with high energy density and a low
leakage rate. Thus, hydrogen comes into play, fulfilling the long-term storage requirements. Given
the variety of energy resources in the building setup, the following research question arises:

Research question 4: How can the coupling of a heat pump and a hydrogen fuel cell contribute
to the demand response in buildings with distributed energy resources comprising photovoltaics
and electrical, thermal, and hydrogen energy storage systems?

Since the performance of the present building setup highly depends on how the energy systems
are managed, this research question is intertwined with the research question concerning the
development of a forecast- and model-free control strategy for a building with distributed energy
resources:

Research question 5: How can a fuzzy logic controller be implemented as a forecast- and model-
free energy management system for residential buildings with distributed energy resources, as
listed in research question 4?

A novel energy management system, Comfort-Oriented Energy Management System for Resi-
dential Buildings (ComEMS4Build), is developed and evaluated on the residential building with
distributed energy resources in Section 5.1. The fuzzy logic-based control strategy is enhanced to
manage thermal energy storage, the battery energy storage system, the hydrogen storage system,
and photovoltaics generation, where the coupling of the heat pump and fuel cell is investigated.
The proposed energy management system is compared with the model predictive controller, the
optimal benchmark, and a rule-based controller developed based on ComEMS4Build as a sim-
plified version with minimal input requirements. ComEMS4Build improves storage and thermal
mass management in buildings, occupants’ comfort, and energy and cost exchange with the grid
compared to the rule-based control algorithm, while maintaining lower input requirements than
the model-predictive control strategy.
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6.2 Outlook

By answering the research questions, listed in Section 1.2, this dissertation addresses the chal-
lenges of energy transition in the building sector. However, addressing the research gaps also
identifies potential improvements in the proposed methodologies, highlighting avenues for further
development. From a building energy modeling perspective, the methodologies can be further
analyzed and validated using new data and different conditions. The gray-box thermal building
ensemble model can further be evaluated across heating and cooling seasons and explored for
year-round ensemble configurations using minimal model sets (e.g., seasonal or vacation-specific
modes). Investigating various reduced-order gray-box structures for periods when occupancy
patterns vary may further improve prediction accuracy. Considering the white-box heating model
reduction, the following avenues are recognized: (i) detailed circulation pumps parameterization
for accuracy improvement, (ii) integration of new strategies to mitigate temporal shift for real-time
applications, and (iii) further analysis of complexity–CPU time interplay.

From a control perspective, Section 4.1 evaluates a fuzzy logic for thermal building control,
providing an overview and suggestions for improvements that are later on implemented in a real-
world experiment Section 4.2. The wider the indoor air temperature range is, the more flexibility
and load shifting can be achieved. Thus, the optimal ranges of indoor air temperature and its rate of
change that do not violate occupant thermal comfort should be further investigated and evaluated.
Moreover, incorporating the absolute dynamic price signals, as well as the absolute range of
day-ahead prices, may further support the controller by providing absolute, rather than purely
relative, indications of grid conditions. In this way, no additional physical signal is introduced to
the controller. Rather, the existing signal better describes the grid conditions.

Considering fuzzy logic for an energy management system of buildings with distributed energy
resources, the proposed setup should be further developed and evaluated for the German summer
period, since the current research assumes green hydrogen production during that season. As
investment costs for hydrogen systems remain high, the optimal scale (building, building cluster, or
district level) should be further investigated to determine which could be economically beneficial.
In general, when developing fuzzy logic algorithms, automatic rule generation and rule base size
reduction, while preserving the most important properties, require development and investigation,
as the number of comprehensive rule sets grows exponentially with the addition of new inputs.
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Appendix

A Fundamentals: Fuzzy logic example

Figure A.1 gives an example of the simple FLC reasoning with two inputs, temperature T and
solar radiation q̇ and one output heat pump control signal αHP. Suppose that in a time step k the
indoor air temperature is Tk = 20 ◦C and q̇k = 50W/m2. The following rules will be activated
based on the values of input variables:

1. IF temperature is “comfortable” AND solar radiation is “small” THEN heat pump control
signal is “positive”.

2. IF temperature is “comfortable” AND solar radiation is “average” THEN heat pump control
signal is “zero”.

3. IF temperature is “cold” AND solar radiation is “small” THEN heat pump control signal is
“positive”.

4. IF temperature is “cold” AND solar radiation is “average” THEN heat pump control signal
is “positive”.

As the two inputs are combined with an AND operator in all four rules, the minimum function
is utilized to integrate the antecedent part of the corresponding rule (see Table 2.1). For deriving
the fuzzy conclusion, the Mamdani implication is chosen, which is characterized by clipping
the corresponding output membership function to the min(µA(Tk), µB(q̇k)). All the fuzzy
conclusions from individual activated fuzzy rules are aggregated. They are shown in the FigureA.1
in gray areas. To obtain crisp output from the fuzzy conclusion surface, a defuzzification method
must be applied (see Section 2.2). In this example, the lower maximum method is chosen.
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Figure A.1: Fuzzy reasoning example with two inputs indoor air temperature Tk and solar radiation q̇k and one output heat pump power αHP,k . The figure is inspired
by Altas (2017).
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B Building energy modeling

B.1 Integrating occupant patterns into reduced-order
building models to improve forecasting accuracy

To quantify histogram similarity, a Euclidean-norm metric is introduced and visualized as a
heatmap in Figure B.1. The resulting distance matrix is symmetric by construction and omits
self-comparisons. In general, histograms belonging to the same model category, either ensemble
models (EMi, EMj) or classical models (CMi, CMj), demonstrate strong mutual resemblance,
whereas comparisons across categories (EMi, CMj) yield the largest deviations.
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Figure B.1: Heatmap showing the similarity indices of two models across all zones. Abbreviations: EM - ensemble model; CM - classic model. The figure is from
Kovačević et al. (2024a).
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C Heating flexibility in buildings

C.1 Comfort- and economic-oriented thermal building
control: FLCs design

Tables C.1 and C.2 present the rule bases of two FLC controllers, namely the comfort- and the
economic-oriented controller. The comfort-oriented controller is designed to prioritize occupants’
thermal comfort by focusing primarily on the indoor air temperature error ecom,k and its rate of
change ∆ecom,k at time step k. In contrast, the economic-oriented controller places greater
emphasis on external dynamic signals, specifically the dynamic electricity price pbuy,k and the
dynamic COPk.

The eleventh rule of comfort-oriented controller in Table C.1 and 67-73 rules in Table C.2 illustrate
how the controllers behave differently under varying COP and pbuy conditions. When the indoor
air temperature error ecom,k = eeco,k is “small cold”, the rate of change of the temperature error
∆ecom,k = ∆eeco,k is “slower warmer”, no matter how the external signals pbuy,k and COPk are
the comfort-oriented controller will increase the control signal for small increment, i.e. for “small
positive”. When it comes to the economic-oriented controller, it chooses between no change, i.e.
“zero” and a small increment, i.e. “small positive” based on the COPk efficiency of the heat pump
and dynamic electricity prices pbuy,k.

Table C.1: Rule base table for comfort-oriented FLC controller. Abbreviations: Z – zero; SP – small positive; MP –
medium positive; BP – big positive; SN – small negative; MN – medium negative; BN – big negative. The
term “all” means for all membership functions of corresponding value. Table is derived from Kovačević et al.
(2024b).

Rule ecom,k ∆ecom,k pbuy COP αcom

1 zero zero all all Z
2 zero slower colder all all SP
3 zero faster colder low all BP
4 zero faster colder average low MP
5 zero faster colder average average MP
6 zero faster colder average optimal BP
7 zero faster colder high low MP
8 zero faster colder high average MP
9 zero faster colder high optimal BP
10 small cold faster warmer all all SP
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Rule ecom,k ∆ecom,k pbuy COP αcom

11 small cold slower warmer all all SP
12 small cold zero all all SP
13 small cold slower colder all low SP
14 small cold slower colder all optimal MP
15 small cold slower colder low average MP
16 small cold slower colder average average MP
17 small cold slower colder high average SP
18 small cold faster colder high all MP
19 small cold faster colder low low MP
20 small cold faster colder low average MP
21 small cold faster colder low optimal BP
22 small cold faster colder average low MP
23 small cold faster colder average average MP
24 small cold faster colder average optimal BP
25 very cold faster warmer all optimal BP
26 very cold faster warmer all low MP
27 very cold faster warmer low average BP
28 very cold faster warmer average average MP
29 very cold faster warmer high average MP
30 very cold slower warmer all low MP
31 very cold slower warmer all optimal BP
32 very cold slower warmer low average BP
33 very cold slower warmer average average BP
34 very cold slower warmer high average MP
35 very cold zero all optimal BP
36 very cold zero all average BP
37 very cold zero all low MP
38 very cold slower colder all all BP
39 very cold faster colder all all BP
40 zero slower warmer all all SN
41 zero faster warmer all all MN
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Rule ecom,k ∆ecom,k pbuy COP αcom

42 small warm faster colder all all SN
43 small warm slower colder all all SN
44 small warm zero all all SN
45 small warm slower warmer all all MN
46 small warm faster warmer all all MN
47 very warm faster colder all all MN
48 very warm slower colder all all MN
49 very warm zero all all BN
50 very warm slower warmer all all BN
51 very warm faster warmer all all BN

Table C.2: Rule base table for economic-oriented FLC controller. Abbreviations: Z – zero; SP – small positive; MP –
medium positive; BP – big positive; SN – small negative; MN – medium negative; BN – big negative. The
term “all” means for all membership functions of corresponding value. Table is derived from Kovačević et al.
(2024b).

Rule eeco,k ∆eeco,k pbuy COP αeco

1 zero slower warmer low all SN
2 zero slower warmer average low MN
3 zero slower warmer average average SN
4 zero slower warmer average optimal SN
5 zero slower warmer high low MN
6 zero slower warmer high average MN
7 zero slower warmer high optimal SN
8 zero faster warmer low low BN
9 zero faster warmer low average MN
10 zero faster warmer low optimal MN
11 zero faster warmer average low BN
12 zero faster warmer average average BN
13 zero faster warmer average optimal MN
14 zero faster warmer high all BN
15 small warm faster colder low all SN
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Rule eeco,k ∆eeco,k pbuy COP αeco

16 small warm faster colder average low SN
17 small warm faster colder average average SN
18 small warm faster colder average optimal MN
19 small warm faster colder high all MN
20 small warm slower colder low low MN
21 small warm slower colder low average SN
22 small warm slower colder low optimal SN
23 small warm slower colder average low MN
24 small warm slower colder average average MN
25 small warm slower colder average optimal SN
26 small warm slower colder high all MN
27 small warm zero average all MN
28 small warm slower warmer low low BN
29 small warm slower warmer low average MN
30 small warm slower warmer low optimal MN
31 small warm slower warmer average low BN
32 small warm slower warmer average average BN
33 small warm slower warmer average optimal MN
34 small warm slower warmer high all BN
35 small warm faster warmer all all BN
36 very warm faster colder all all BN
37 very warm slower colder all all BN
38 very warm zero all all BN
39 very warm slower warmer all all BN
40 very warm faster warmer all all BN
41 small warm zero low all MN
42 small warm zero high low BN
43 small warm zero high average BN
44 small warm zero high optimal MN
45 zero zero low all Z
46 zero zero average low SN
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Rule eeco,k ∆eeco,k pbuy COP αeco

47 zero zero average average Z
48 zero zero average optimal Z
49 zero zero high low MN
50 zero zero high average SN
51 zero zero high optimal SN
52 zero slower colder all all Z
53 zero faster colder low low Z
54 zero faster colder low average SP
55 zero faster colder low optimal SP
56 zero faster colder average low Z
57 zero faster colder average average Z
58 zero faster colder average optimal SP
59 zero faster colder high all Z
60 small cold faster warmer low all Z
61 small cold faster warmer average low SN
62 small cold faster warmer average average Z
63 small cold faster warmer average optimal Z
64 small cold faster warmer high low SN
65 small cold faster warmer high average SN
66 small cold faster warmer high optimal Z
67 small cold slower warmer low low Z
68 small cold slower warmer low average SP
69 small cold slower warmer low optimal SP
70 small cold slower warmer average low Z
71 small cold slower warmer average average Z
72 small cold slower warmer average optimal SP
73 small cold slower warmer high all Z
74 small cold zero low all SP
75 small cold zero average low Z
76 small cold zero average average SP
77 small cold zero average optimal SP
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Rule eeco,k ∆eeco,k pbuy COP αeco

78 small cold zero high low SN
79 small cold zero high average SN
80 small cold zero high optimal SP
81 small cold slower colder low all SP
82 small cold slower colder average low Z
83 small cold slower colder average average SP
84 small cold slower colder average optimal SP
85 small cold slower colder high low Z
86 small cold slower colder high average Z
87 small cold slower colder high optimal SP
88 small cold faster colder low low SP
89 small cold faster colder low average SP
90 small cold faster colder low optimal MP
91 small cold faster colder average all SP
92 small cold faster colder high low Z
93 small cold faster colder high average Z
94 small cold faster colder high optimal SP
95 very cold faster warmer all all Z
96 very cold slower warmer low low SP
97 very cold slower warmer low average SP
98 very cold slower warmer low optimal MP
99 very cold slower warmer average all SP
100 very cold slower warmer high low Z
101 very cold slower warmer high average Z
102 very cold slower warmer high optimal SP
103 very cold zero low low SP
104 very cold zero low average MP
105 very cold zero low optimal MP
106 very cold zero average low SP
107 very cold zero average average SP
108 very cold zero average optimal MP
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Rule eeco,k ∆eeco,k pbuy COP αeco

109 very cold zero high all SP
110 very cold slower colder low low MP
111 very cold slower colder low average BP
112 very cold slower colder low optimal BP
113 very cold slower colder average all MP
114 very cold slower colder high all SP
115 very cold faster colder low all BP
116 very cold faster colder average low MP
117 very cold faster colder average average MP
118 very cold faster colder average optimal BP
119 very cold faster colder high low SP
120 very cold faster colder high average SP
121 very cold faster colder high optimal MP

C.2 Experiment: Real-world evaluation of the fuzzy logic
control for demand response in buildings

Tables C.3 and C.4 show the FLC rule bases developed for the experimental setup under two
different lower temperature constraints.

Table C.3: Rule base table for experimental setup for case when the Tmin = 21 ◦C. Abbreviations stand for: SP – small
positive, MP – medium positive, BP – big positive, LB – lower constraint. Table is derived from Langner and
Kovačević et al. (2025).

Rule ej ∆oj ∆Tair,j F̂ (pbuy) Tair,ref,j αs,j

1 zero zero zero low TSP SP
2 zero zero zero average TLC zero
3 zero zero zero high TLC zero
4 zero zero colder low TBP BP
5 zero zero colder average TMP MP
6 zero zero colder high TLC SP
7 zero zero warmer all TLC zero
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Rule ej ∆oj ∆Tair,j F̂ (pbuy) Tair,ref,j αs,j

8 zero warmer all low TMP MP
9 zero warmer all average TSP SP
10 zero warmer all high TLC zero
11 zero colder zero all TLC zero
12 zero colder warmer all TLC zero
13 zero colder colder low TBP BP
14 zero colder colder average TMP MP
15 zero colder colder high TLC SP
16 warm all all all TLC zero
17 hot all all all TLC zero
18 cold all all all TLC BP

Table C.4: Rule base table for experimental setup for case when the Tmin = 18 ◦C. Abbreviations stand for: SP – small
positive, MP – medium positive, BP – big positive, LB – lower constraint. Table is derived from Langner and
Kovačević et al. (2025).

Rule ej,k ∆oj,k ∆Tairj,k F̂ (pbuy)k Tair,ref,j,k+1 αs,j,k+1

1 all zero all all Toff zero
2 all colder all all Toff zero
3 cold warmer all all TLC BP
4 zero warmer zero low TSP SP
5 zero warmer zero average TLC zero
6 zero warmer zero high TLC zero
7 zero warmer colder low TMP BP
8 zero warmer colder average TSP MP
9 zero warmer colder high TLC SP
10 zero warmer warmer all TLC zero
11 warm warmer all low TSP SP
12 warm warmer all average TLC zero
13 warm warmer all high TLC zero
14 hot warmer all low TSP SP
15 hot warmer all average TLC zero
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Rule ej,k ∆oj,k ∆Tairj,k F̂ (pbuy)k Tair,ref,j,k+1 αs,j,k+1

16 hot warmer all high TLC zero

Figure C.1 presents the controller comparison on Feb 16, 2025, during experiment 3. The figure
illustrates indoor air temperatures in the heated rooms, total heat demand, and heating price
signals of both buildings.
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Figure C.1: Indoor air temperature of the rooms, corresponding heat flows, and heating price on Feb. 16, 2025, during
experiment 3.

D Fuzzy logic energy management system

D.1 Comfort-oriented energy management using hydrogen
seasonal storage

Tables D.1, D.2 and D.3 show the rule bases for the FLCflex, FLCFC and FLCBESS, respectively.
Concretely, FLCflex defines the magnitude of the modulation factor ηHP based on increment or
decrement αHP. For example, if the LOH and SOC are indicating “empty” storage systems and
the electricity price signal is relatively “low” at time step k, the increment αHP will be “big
positive”, as the purchasing from the grid is favorable (see rule 1 in Table D.1). On the other
hand, when the electricity price signal is “average” or “high”, compared to the day-ahead price
signals, the magnitude of increment αHP will also depend on current solar radiation q̇sol (see
rules 2–7 in Table D.1).

129



Appendix

Table D.1: Rule base table for FLCflex. The abbreviations stand for: SN – small negative, MN – medium negative, BN
– big negative, SP – small positive, MP – medium positive, and BP – big positive. The term “all” means for
all membership functions of the corresponding set. The table is derived from Kovačević et al. (2025b).

Rule min(χSH, χDHW) LOH SOC F̂ (pbuy) q̇sol αHP

1 low empty empty low all BP
2 low empty empty average low SP
3 low empty empty average average MP
4 low empty empty average high BP
5 low empty empty high low zero
6 low empty empty high average SP
7 low empty empty high high BP
8 low empty average low all BP
9 low empty average average low MP
10 low empty average average average BP
10 low empty average average high BP
11 low empty average high low SP
12 low empty average high average MP
13 low empty average high high BP
14 low empty full all all MP
15 low average empty low all BP
16 low average empty average low MP
17 low average empty average average BP
18 low average empty average high BP
19 low average empty high low SP
20 low average empty high average MP
21 low average empty high high BP
22 low average average low all BP
23 low average average average low MP
24 low average average average average BP
24 low average average average high BP
25 low average average high low MP
26 low average average high average BP
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Rule min(χSH, χDHW) LOH SOC F̂ (pbuy) q̇sol αHP

26 low average average high high BP
27 low average full all all MP
28 low full empty low all BP
29 low full empty average low MP
30 low full empty average average BP
30 low full empty average high BP
31 low full empty high low MP
32 low full empty high average MP
33 low full empty high high BP
34 low full average low all BP
35 low full average average low MP
36 low full average average average BP
36 low full average average high BP
37 low full average high low SP
38 low full average high average BP
38 low full average high high BP
39 low full full all all BP
40 average empty empty low low SP
41 average empty empty low average MP
42 average empty empty low high MP
43 average empty empty average low BN
44 average empty empty average average SP
45 average empty empty average high SP
46 average empty empty high low BN
47 average empty empty high average zero
48 average empty empty high high SP
49 average empty average low low SP
50 average empty average low average MP
51 average empty average low high BP
52 average empty average average low zero
53 average empty average average average MP
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Rule min(χSH, χDHW) LOH SOC F̂ (pbuy) q̇sol αHP

54 average empty average average high BP
55 average empty average high low zero
56 average empty average high average MP
57 average empty average high high BP
58 average empty full low low SP
59 average empty full low average MP
60 average empty full low high BP
61 average empty full average low SP
62 average empty full average average MP
63 average empty full average high BP
64 average empty full high low SP
65 average empty full high average MP
66 average empty full high high BP
67 average average empty low low MP
68 average average empty low average MP
69 average average empty low high BP
70 average average empty average low zero
71 average average empty average average zero
72 average average empty average high SP
73 average average empty high low SN
74 average average empty high average zero
75 average average empty high high SP
76 average average average low low SP
77 average average average low average MP
78 average average average low high BP
79 average average average average low zero
80 average average average average average SP
81 average average average average high MP
82 average average average high low SP
83 average average average high average SP
84 average average average high high MP
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Rule min(χSH, χDHW) LOH SOC F̂ (pbuy) q̇sol αHP

85 average average full low low SP
86 average average full low average MP
87 average average full low high BP
88 average average full average low zero
89 average average full average average SP
90 average average full average high MP
91 average average full high low zero
92 average average full high average SP
93 average average full high high MP
94 average full empty low low zero
95 average full empty low average SP
96 average full empty low high MP
97 average full empty average low zero
98 average full empty average average SP
99 average full empty average high MP
100 average full empty high low zero
101 average full empty high average zero
102 average full empty high high SP
103 average full average low low SP
104 average full average low average MP
105 average full average low high BP
106 average full average average low SP
107 average full average average average MP
108 average full average average high MP
109 average full average high low SP
110 average full average high average SP
111 average full average high high MP
112 average full full low low SP
113 average full full low average MP
114 average full full low high BP
115 average full full average low SP
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Rule min(χSH, χDHW) LOH SOC F̂ (pbuy) q̇sol αHP

116 average full full average average MP
117 average full full average high BP
118 average full full high low SP
119 average full full high average SP
120 average full full high high MP
121 high empty empty all all BN
122 high empty average low low SN
123 high empty average low average zero
124 high empty average low high SP
125 high empty average average low MN
126 high empty average average average zero
127 high empty average average high SP
128 high empty average high low BN
129 high empty average high average zero
130 high empty average high high SP
131 high empty full low low SN
132 high empty full low average zero
133 high empty full low high SP
134 high empty full average low SN
134 high empty full high low SN
135 high empty full average average zero
135 high empty full high average zero
136 high empty full average high SP
136 high empty full high high SP
137 high average empty all all BN
138 high average average low low SN
139 high average average low average SP
140 high average average low high MP
141 high average average average low BN
141 high average average high low BN
142 high average average average average SP
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Rule min(χSH, χDHW) LOH SOC F̂ (pbuy) q̇sol αHP

142 high average average high average SP
143 high average average average high MP
143 high average average high high MP
144 high average full low low SN
145 high average full low average SP
146 high average full low high MP
147 high average full average low BN
147 high average full high low BN
148 high average full average average SP
148 high average full high average SP
149 high average full average high MP
149 high average full high high MP
150 high full empty all all BN
151 high full average all all BN
152 high full full low all MN
153 high full full average all BN
154 high full full high all BN

The controller FLCFC determines the control signal αFC, where rule base is defined in Table D.2.
In addition to the current HESS state and the load magnitude, the behavior of the fuel cell is
influenced by the ECDF of the electricity price signal as well as by the fuel cell’s previous
operation state. When the load is categorized as “small negative”, the allowable daily hydrogen
consumption ∆LOH is defined as “full”, and the SOC indicates an “empty” level, the resulting
value of αFC depends on the former toggling state for the ECDF price signal “average” (see
rules 16–17 in Table D.2). However, if the ECDF price signal is classified as “high”, the control
signal αFC will be set to “medium positive” regardless of the prior switching state (see rule 18 in
Table D.2). As the electricity price signal is relatively high, this rule will trigger the fuel cell to
meet the demand.
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Table D.2: Rule base table for FLCFC. The abbreviations stand for: SN – small negative, MN – medium negative, BN –
big negative, SP – small positive, MP – medium positive, and BP – big positive. The term “all” means for all
membership functions of the corresponding set. The table is derived from Kovačević et al. (2025b).

Rule ∆P ∆LOH SOC F̂ (pbuy) son,off αFC

1 positive all all all all off
2 SN empty all all all off
3 MN empty all all all off
4 BN empty all all all off
5 SN average empty low off off
6 SN average empty low on off
7 SN average empty average off off
8 SN average empty average on MP
9 SN average empty high all MP
10 SN average average all off off
11 SN average average all on MP
12 SN average full all off off
13 SN average full all on MP
14 SN full empty low off off
15 SN full empty low on off
16 SN full empty average off off
17 SN full empty average on MP
18 SN full empty high all MP
19 SN full average all off off
20 SN full average all on MP
21 SN full full all off off
22 SN full full all on MP
23 MN average empty low off off
24 MN average empty low on off
25 MN average empty average off BP
26 MN average empty average on BP
27 MN average empty high all BP
28 MN average average low off off
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Rule ∆P ∆LOH SOC F̂ (pbuy) son,off αFC

29 MN average average low on off
30 MN average average average off off
31 MN average average average on BP
32 MN average average high all BP
33 MN average full low off off
34 MN average full low on off
35 MN average full average off off
36 MN average full average on BP
37 MN average full high on BP
38 MN average full high off BP
39 MN full empty low off off
40 MN full empty low on off
41 MN full empty average on BP
42 MN full empty average off BP
43 MN full empty high all BP
44 MN full average low off off
45 MN full average low on off
46 MN full average average off off
47 MN full average average on MP
48 MN full average high all MP
49 MN full full low all off
50 MN full full average on MP
51 MN full full high on MP
52 MN full full high off MP
53 MN full full average off off
54 BN average empty low off off
55 BN average empty low on off
56 BN average empty average all BP
57 BN average empty high all BP
58 BN average average low off off
59 BN average average low on off
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Rule ∆P ∆LOH SOC F̂ (pbuy) son,off αFC

60 BN average average average off MP
61 BN average average average on MP
62 BN average average high all BP
63 BN average full low all off
64 BN average full average off off
65 BN average full average on BP
66 BN average full high on BP
67 BN average full high off BP
68 BN full empty low off off
69 BN full empty low on off
70 BN full empty average all BP
71 BN full empty high all BP
72 BN full average low off off
73 BN full average low on off
74 BN full average average off BP
75 BN full average average on BP
76 BN full average high all BP
77 BN full full low off off
78 BN full full low on MP
79 BN full full average all BP
80 BN full full high all BP

Hierarchically, the last controller is FLCBESS, which defines control signal αBESS, based on the
residual load (negative) or the residual generation (positive)∆Pnew, SOC and ECDF of electricity
price signal F̂ (pbuy). For example, if the ECDF of electricity price signal F̂ (pbuy) is “low”,
SOC is “empty” and demand exists (∆Pnew ∈ {SN,MN,BN}), the control signal will be “big
positive” (see rules 2–4 in Table D.3). This indicates that the demanded power will be purchased
from the grid and the battery will be charged (see Equations (5.35)–(5.36)).
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Table D.3: Rule base table for FLCBESS. The abbreviations stand for: SN – small negative, MN – medium negative, BN
– big negative, SP – small positive, MP – medium positive, and BP – big positive. The term “all” means for
all membership functions of the corresponding set. The table is derived from Kovačević et al. (2025b).

Rule ∆Pnew SOC F̂ (pbuy) αBESS

1 zero all all off
2 SN empty low BP
3 MN empty low BP
4 BN empty low BP
5 SN empty average off
6 MN empty average off
7 BN empty average off
8 SN empty high off
9 MN empty high off
10 BN empty high off
11 SN average low MP
12 SN full low off
13 SN average average off
14 SN average high SN
15 SN full average off
16 SN full high MN
17 MN average low off
18 MN full low off
19 MN average average SN
20 MN average high MN
21 MN full average MN
22 MN full high BN
23 BN average low off
24 BN full low off
25 BN average average MN
26 BN full average MN
27 BN average high BN
28 BN full high BN

139



Appendix

Rule ∆Pnew SOC F̂ (pbuy) αBESS

29 SP empty all BP
30 SP average all BP
31 MP empty all BP
32 MP average all BP
33 BP empty all MP
34 BP average all MP
35 SP full all off
36 MP full all off
37 BP full all off
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Acronyms

BESS Battery Energy Storage System
BL Baseline
B Bathroom
COP Coefficient of Performance
CPU Central Processing Unit
C Corridor
DAE Differential-Algebraic System of Equations
DHW Domestic Hot Water
DoD Depth of Discharge
ECDF Empirical Cumulative Distribution Function
EMS Energy Management System
FLC Fuzzy Logic Control
HESS Hybrid Energy Storage System
HP Heat Pump
HVAC Heating Ventilation and Air Conditioning
IEA International Energy Agency
KIT Karlsruhe Institute of Technology
K Kitchen
LLEC Living Lab Energy Campus
LOH Level of Hydrogen
MAE Mean Absolute Error
MAPE Mean Absolute Percentage Error
MPC Model Predictive Control
OB Occupants’ Behavior
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List of acronyms and symbols

OTS Occupants’ Thermal Satisfaction
PID Proportional–Integral–Derivative
PI Proportional–Integral
PLC Programmable Logic Controller
PMV Predicted Mean Vote
PPD Predicted Percentage Dissatisfied
PV Photovoltaics
RBC Rule Based Control
RC Resistance-Capacitance
RES Renewable Energy Sources
RL Reinforcement Learning
RMSE Root Mean Square Error
RQ Research Question
R Room
SH Space Heating
SOC State Of Charge
Indices

air Indoor air temperature
amb Ambient
ch Charging
com Comfort-oriented
cond Conductive heat transfer
conv Convective share
d Discharging
dm Demand
eco Economic-oriented
el Electrical
FC Fuel cell
flex Flexible
h Heating
H2 Hydrogen
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List of acronyms and symbols

H2O Water
HC Heating curve
hr Heat recovery
ig Internal heat gains
in Investment
inf Infiltration
l Standing losses
m Thermal building mass
om Operation and maintenance
on/off Toggling
ref Reference
s Supply
SH Space heating
sol Solar
STC Standard test condition
sys System
th Thermal
w Wall
Parameters

β Scaling factor
∆o Change in the lower temperature constraint in ◦C

q̇ Radiation in W/m2

η Efficiency factor
µ Membership value
ϕ Flexibility factor
ρ Density in kg/m3

σ Costs in EUR, EUR/kWh and EUR/h

ζ Restriction factor
c Specific heat capacity J/kgK

d Discomfort in Kh

g Heat gain factor in m2
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List of acronyms and symbols

H Horizon time
j Room
k Time step
L Component lifespan in h

N Number of time step
ts Sample time in s

F̂ (·) Empirical cumulative distribution function
p Price signal in EUR/kWh

C Thermal capacitance in J/K

LHV Lower heating value in J/kg

NOCT Nominal operating cell temperature in ◦C

R Thermal resistance in K/W

TOG Toggling counts
WH Working hours in h

Variables

α Fuzzy control signal
χ Thermal state relative to constraints
ṅ Molar flow in mol/s

E Energy in kWh

e Error
P Power in W

s Binary variable
Q̇ Heat flow in W

T Temperature in ◦C

V Volume in m3
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