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FOREWORD

The transition toward a sustainable and resilient energy system requires not only
renewable generation but also intelligent and flexible use of energy in buildings. When
I began this work, I was motivated by a central question: how can buildings evolve
from passive consumers into active, flexible prosumers that support both the market
and the distribution grid? This question guided the research assembled in this

dissertation.

The work was carried out at the Chair of Building Physics and Technical Building
Services (b+tga) at Bergische Universitdt Wuppertal, under the supervision of Prof.
Dr.-Ing. Karsten Voss. His scientific guidance and feedback have been invaluable

throughout this journey.

This dissertation was enabled through the InFlex project funding, initiated by Prof.
Dr.-Ing. Markus Zdrallek at the Chair of Electric Power Engineering (EVT). The
InFlex project provided resources and a collaborative bridge between b+tga and EVT,
aligning building and electrical engineering perspectives on flexibility at the interface
of buildings and grids. My sincere thanks also go to colleagues at EVT for their open
collaboration and ongoing knowledge exchange. This interdisciplinary cooperation

was crucial for conducting the research at the building-grid interface.

Subsequently, the work was financed by the Living Lab NRW project, which allowed
me to extend and deepen the study, particularly toward cluster-level operation, beyond
the scope of the initial project. I would also like to thank my colleagues at the b+tga
team, especially Dr.-Ing. Is1l Kalpkirmaz, Dr.-Ing. Karl Walther and Dr.-Ing. Ghadeer
Derbas, for their collaboration and friendship. I would also like to thank Dr.-Ing. Tjado
Voss for enabling the computing and simulation setup that made the computationally

intensive co-simulations feasible.

The research also benefited from participation in the International Energy Agency -
Energy in Buildings and Communities Programme, Annex 82 “Energy Flexible

Buildings Towards Resilient Low Carbon Energy Systems.” I would like to thank the
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operating agent, Assoc. Prof. Dr. Rongling Li, for her leadership throughout the
Annex, and all Annex 82 participants for the rich knowledge exchange and

constructive discussions that informed both methodology and interpretation.

I am also grateful to the IDA-ICE development team for their timely support in
resolving modeling and co-simulation challenges, assistance that significantly

accelerated progress and improved model quality.

I gratefully acknowledge the Equal Opportunities & Diversity Staff Unit - Bergische
Universitdit Wuppertal for funding my participation in the Eleventh National
Conference of IBPSA-USA (Denver, Colorado). In addition to presenting the
conference paper, this support enabled me to take part in the Hackathon, where I won
an award for the project “Developing an Interface for Energy Suppliers to Improve

Their Operations in Building-Grid Interactions.”

I hope the findings presented here help move building energy flexibility from

theoretical potential to verifiable, system-relevant practice.

Tugcin Kirant-Miti¢
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INVESTIGATION OF BUILDING ENERGY FLEXIBILITY AT CLUSTER
LEVEL FOR A PROMISING ENERGY FLEXIBILITY MARKET

SUMMARY

Buildings are becoming prosumers with the electrification of heat and mobility and the
spread of rooftop photovoltaic and battery storage. Their operation should follow price
and CO: signals while prioritizing distribution-level feasibility, including transformer
capacity, voltage limits, and node-specific import/export caps. This cumulative
dissertation investigates how building-side demand flexibility can be modeled and
controlled so that buildings deliver bidirectional value, more specifically, lower cost
and emissions for end-users and reliable flexibility for the power grid without

compromising comfort.

This dissertation focuses on flexibility at the distribution system level. Specifically, it
examines how building’s heating, cooling, air-conditioning and ventilation systems
(i.e., heat pumps, thermal storages) and distributed energy resources (i.e., electrical
energy storage and photovoltaic) can provide location and time-specific flexibility to
manage both market-oriented operation and grid-oriented operation within low-
voltage network. The work (i) characterizes distribution system operator needs in the
frame of flexibility, (i) develops and simulates control strategies for buildings such as
ranging from price-driven responses to explicit congestion signals, (iii) evaluates
performance on realistic German building clusters, and (iv) quantifies benefits in terms
of reduced constraint violations and operational cost/indoor thermal comfort impacts
for end users. Interactions with transmission system operators are treated as boundary
conditions; the primary objective is operational feasibility and value for distribution
system operator, ensuring flexibility is applicable, verifiable, and aligned with local

network constraints.

In this context, the dissertation has four main contributions. First (building-grid
interaction signal evaluation), it develops a joint penalty signal that combines

economic (day-ahead price) and environmental (average CO:-equivalent intensity)
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drivers into a single control objective. The analysis compares the composite objective
with single-signal control and presents demand-flexibility results for cases where price
and CO: signals align or conflict. Second, in the single-residential-building context, a
simulation case study with heuristic control demonstrates that a small dwelling can
deliver grid-oriented and market-oriented operation simultaneously, achieving grid
support and cost reduction. Third (single non-residential building operation), it
introduces a rule-based predictive control architecture implemented on a building with
thermally activated building systems. In a co-simulation workflow that couples a
white-box building energy performance model with a numerical computing engine, a
horizon controller uses day-ahead prices and distribution system operator constraints
to schedule preheating/precooling and charge thermal storage in the building mass,
while applying comfort via slab and zone temperature limits. Fourth (cluster
operation), two transformer-aware case studies in Germany and Switzerland quantify
how building-grid interaction signals shape flexibility at the multi-building scale,
showing that local constraints, both load-driven and generation-driven, govern
performance. Within a calibrated co-simulation framework, the study analyzes cluster
operation under price and COzeq. intensity signals while enforcing transformer limits,

thereby delivering transformer-aware demand-side flexibility.

Overall, the research analyzes both grid-oriented and market-oriented operation,
including a sequential “grid-first, market-second” strategy: grid constraints are treated
as primary, and economic/environmental objectives are optimized subject to those
constraints. The evaluation presents both single-building and multi-building scales: (1)
residential and non-residential single buildings and (i) clusters in different countries
(Germany and Switzerland), where transformer-aware scheduling is shown.
Methodologically, the work introduces a new control algorithm ,Rule-based
predictive control® as an alternative to simple rule-based control and computationally
heavy control models. Rule-based predictive control runs in a co-simulation workflow
with a calibrated white-box building model, a horizon scheduler, and distribution-level

limits.

The results show that the grid-first, market-second approach reliably prevents local
violations while still achieving cost and CO: benefits. Moreover, rule-based predictive
control captures most of the expected performance with only a fraction of the

computational effort, and at the cluster scale, transformer-aware control reduces
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coincident peaks and curtailment, outperforming single-signal baselines. Parts of this
work were undertaken within the InFleX project (EFRE 2014-2020) and the
International Energy Agency’s EBC Annex 82 - Energy Flexible Buildings Towards
Resilient Low Carbon Energy Systems programme, which provided knowledge
exchange, shared scenarios, and cross-case comparability. In turn, the dissertation’s
tools and findings contribute to guidance on assessing and delivering verifiable

flexibility.
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UNTERSUCHUNG DER GEBAUDEENERGIEFLEXIBILITAT AUF
CLUSTER-EBENE FUR EINEN VIELVERSPRECHENDEN
ENERGIEFLEXIBILITATSMARKT

ZUSAMMENFASSUNG

In dieser kumulativen Dissertation wird untersucht, wie gebdudeseitige
Nachfrageflexibilitit modelliert und gesteuert werden kann. Dadurch konnen Gebaude
auf der Verteilungsebene bidirektionalen Mehrwert schaffen: niedrigere Kosten und
Emissionen fiir die Endnutzer sowie verldssliche Flexibilitit fiir das Stromnetz, ohne
den Nutzerkomfort zu beeintrdchtigen. Die Elektrifizierung von Warme und Mobilitit,
zusammen mit weitverbreiteten Dach-Photovoltaikanlagen und elektrischen
Energiespeichern, macht Gebdude zu Prosumern, deren Betrieb Preis und CO:
Signalen folgen sollte. Hierbei hat die Machbarkeit auf allen Ebenen der Verteilnetze
Vorrang, etwa hinsichtlich Transformatorenkapazititen, Spannungsgrenzen und

knotenspezifischen Import/Exportbegrenzungen.

Der Schwerpunkt der Dissertation liegt auf der Flexibilitdt im Verteilnetz. Analysiert
wird, wie gebdudetechnische Anlagen flir Heizung, Kiihlung, Klimatisierung und
Liftung (z. B. Wirmepumpen, thermische Speicher) sowie dezentrale
Energieressourcen (z. B. elektrische Speichersysteme und Photovoltaikanlagen) orts-
und zeitabhédngige Flexibilitéit bereitstellen konnen, um sowohl marktorientierten als
auch netzorientierten Betrieb im Niederspannungsnetz zu ermdglichen. Im Einzelnen
werden (i) die Anforderungen des Verteilnetzbetreibers im Rahmen der Flexibilitit
charakterisiert, (i1) Regelungsstrategien fiir Gebdude entwickelt und simuliert, wobei
diese von preisorientierten Reaktionen bis zu expliziten Engpasssignalen reichen, (iii)
die Leistungsfahigkeit an realitdtsnahen deutschen Gebdudeclustern evaluiert und (iv)
die Vorteile beziiglich verminderter Grenziiberschreitungen und Auswirkungen auf
Betriebskosten und Innenraumkomfort fiir Endnutzer quantifiziert. Interaktionen mit
Ubertragungsnetzbetreibern werden als Randbedingungen behandelt; das Hauptziel ist
die operative Umsetzbarkeit und Wertschopfung fiir den Verteilnetzbetreiber, sodass

Flexibilitdt anwendbar, liberpriifbar und mit lokalen Netzrestriktionen vereinbar ist.

xvii



Die Dissertation leistet vier zentrale Beitrdge: Erstens wird eine Bewertung von
Gebidude—Netz-Interaktionssignalen vorgenommen, bei der ein gemeinsamer
Indikator (,,joint penalty signal*) entwickelt wird, 6konomische (Day-Ahead-Preise)
und okologische (durchschnittliche CO:-Aquivalenzintensitit) EinflussgroBen zu
einem Regelungsziel vereint. Die Analyse vergleicht das zusammengesetzte
Regelungsziel mit FEinzelziel-Regelungen und stellt Ergebnisse hinsichtlich
Nachfrageflexibilitit fiir Situationen dar, in denen Preis- und CO--Signale entweder
iibereinstimmen oder in Konflikt stehen. Zweitens zeigt eine Simulationsfallstudie im
Kontext eines einzelnen Wohngebdudes mit heuristischer Regelung, dass auch ein
kleines Wohnobjekt gleichzeitig netzorientierten und marktorientierten Betrieb
ermOglichen und dabei Netzdienlichkeit und Kostensenkung erreichen kann. Drittens
wird fiir ein Beispiel eines einzelnen gewerblichen Gebdudes eine regelbasierte,
pradiktive Regelungsarchitektur eingefiihrt, die auf Gebdaude mit thermisch aktivierten
Gebédudesystemen angewendet wird. In einem Co-Simulations-Workflow, der ein
White-Box-Gebdudeenergieleistungsmodell mit einem numerischen
Optimierungsmodul koppelt, plant eine Optimierungsinstanz (Horizont-Regler) unter
Berticksichtigung von Day-Ahead-Preisen und Restriktionen des Verteilnetzbetreibers
das Vorheizen/Vorkithlen und das Laden des thermischen Speichers in der
Gebdudemasse, wobei Komfortziele durch Begrenzungen der Platten- und
Zonentemperaturen gewahrt werden. Viertens quantifizieren zwei Fallstudien in
Deutschland und der Schweiz, welche die Transformatorgrenzen explizit
beriicksichtigen, wie Gebdude—netzbezogene Interaktionssignale die Flexibilitdt auf
Gebdudecluster-Ebene beeinflussen und zeigen, dass sowohl last- als auch
erzeugungsgetriecbene lokale Netzrestriktionen die Performance determinieren. Im
Rahmen eines kalibrierten Co-Simulationsansatzes wird die Clustersteuerung unter
Preis- und CO»-Aquivalenzintensitits-Signalen analysiert, wobei die Einhaltung von
Transformatorgrenzen gewihrleistet wird; damit wird nachfrageseitige Flexibilitat

unter Berlicksichtigung der Transformatoren erreicht.

Insgesamt betrachtet die Arbeit sowohl netz- als auch marktorientierten Betrieb,
einschlieBlich einer sequenziellen Strategie ,Netz zuerst, Markt danach®:
Netzrestriktionen werden als primir behandelt, und 6konomische sowie 6kologische
Zielgroflen werden unter Beachtung dieser Restriktionen optimiert. Die Evaluierung

umfasst sowohl Einzelgebdude (Wohn- und Nichtwohngebéude) als auch Cluster in
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unterschiedlichen Landern (Deutschland und Schweiz), wodurch die Praxis der
transformatorbewussten Planung demonstriert wird. Methodisch fiihrt die Dissertation
einen neuen Regelungsalgorithmus ein, das ,,Rule-based predictive control®, welches
eine Alternative zu herkdmmlicher, regelbasierter Steuerung und rechenintensiven
Kontrollmodellen bietet. ,,Rule-based predictive control® wird im Co-Simulations-
Workflow mit einem kalibrierten physikalischen Gebdaudemodell, einer

Planungseinheit fiir den Horizont und Grenzen der Verteilungsebene angewendet.

Die Ergebnisse zeigen, dass der Ansatz ,Netz zuerst, Markt danach®“ lokale
Netzverletzungen zuverldssig verhindert und dennoch Kosten- und CO:-Einsparungen
ermOglicht; dass das ,,Rule-based predictive control® den Grof3teil der erwarteten
Leistung bei einem Bruchteil des Rechenaufwands erzielt; und dass auf Clusterebene
die Beriicksichtigung von Transformatorgrenzen sowohl gleichzeitige Lastspitzen als
auch Abregelungen reduziert und gegeniiber Einzelziel-Baselines iiberlegen ist. Teile
dieser Arbeit wurden im Rahmen des InFleX-Projekts (EFRE 2014-2020) und des
EBC-Annex 82 der Internationalen Energieagentur (Energy Flexible Buildings
Towards Resilient Low Carbon Energy Systems Programm) durchgefiihrt, welche
Wissensaustausch, geteilte Szenarien und Fallstudienvergleich ermoglichten. Die in
dieser Dissertation entwickelten Werkzeuge und Erkenntnisse bieten eine Grundlage

fiir die Bewertung und Umsetzung verifizierbarer Flexibilitit.
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1. INTRODUCTION

1.1 Context and Motivation

The global response to climate change has led to a transformation of energy systems,
particularly in how electricity is generated, distributed, and consumed. Central to this
transformation is the large-scale deployment of renewable energy technologies and the
gradual decarbonization of end-use sectors such as buildings. Within the European
Union, policy frameworks have reinforced commitments to achieve climate neutrality
by 2050 (European Commission 2019, 2021). Germany, as one of the leading actors
in the energy transition, aims for greenhouse gas (GHG) neutrality by 2045 (Press and

Information Office of the Federal Government | Bundesregierung 2021).

However, the increasing share of renewable energy sources (RES), especially wind
and solar photovoltaics (PV), presents new operational challenges to the electric power
grid (Hamdi et al. 2024). These resources are inherently variable and weather-
dependent, which makes their output difficult to forecast and control. As a result,
maintaining grid stability is becoming more complex and requires the development of
new flexibility strategies on the demand side (Astapov et al. 2025). At the same time,
the growing electrification of heating systems, electric vehicles (EVs), and other
household technologies contributes to rising and more volatile peak demands, placing
additional stress on local distribution infrastructure, including low-voltage

transformers (International Energy Agency 2024).

In this evolving energy landscape, buildings are no longer passive consumers but
active participants in energy systems (Liang et al. 2025). Through integrated
technologies such as thermal and electrical energy storage, on-site PV generation, and
advanced control systems, buildings have the capacity to adjust their energy use in
response to external signals and contribute to system-level balancing. This capability
is commonly named as building energy flexibility or building-grid interaction (BGI)
that it can support objectives such as peak shaving, load shifting, moreover cost and

emissions reduction (Marszal-Pomianowska et al. 2019). BGI strategies are



increasingly recognized as essential tools for managing both grid stability and energy

system efficiency in a highly electrified (Jensen et al. 2017).

Despite their potential, operationalizing energy flexibility in buildings remains a
complex task. Flexibility is not a fixed attribute, but a context-dependent capability
influenced by the interaction of system design (Foteinaki et al. 2018; Reynders et al.
2018), control strategies (Péan et al. 2019), user behavior (Li et al. 2017), economic
incentives (Shahryari et al. 2018), and grid conditions (Askeland et al. 2025). Aligning
building operations with grid needs requires not only the appropriate technical
infrastructure but also control approaches that are responsive to dynamic signals and

localized constraints (ClauB3 et al. 2019).

This dissertation explores how building energy systems can be coordinated with power
grid requirements through structured control strategies. In particular, it investigates
how flexibility can be harnessed using rule-based and predictive control approaches,
guided by market (dynamic electricity price) and grid-oriented signals (congestion
event). The research builds on simulations of real-world buildings and distribution grid
components to better understand the systemic impacts of BGI under various control

scenarios.

1.2 Background and State-of-Art

1.2.1 Building-grid interaction

Electric power systems were historically engineered around centralized, dispatchable
generation supplying largely passive demand, meaning that, the power grid was run
mostly by large power plants that could change output and naturally kept the system
stable (Godoy et al. 2024). Power flowed one way from plants to customers (Figure 1)
and intraday prices were relatively stable, with less volatility than is common today.
(Knaut and Paschmann 2019). As a result, end users had neither incentives nor tools
to shift when they used electricity (Eid et al. 2016). On the other hand, buildings used
simple local controls aimed at comfort, without mechanisms to coordinate with grid
needs or constraints. Under those conditions, a “set it and forget it” approach was

sufficient.
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Figure 1: One way and bi-directional power flow.

In recent years, the rapid integration of wind and solar has shifted the generation mix
from predominantly dispatchable plants to weather-dependent, more variable output
(Toloo et al. 2022). In parallel with changes on the supply side, the role of buildings
has shifted from passive consumers to active prosumers that can produce, store, and
time-shift energy (Brown et al. 2020). This transformation is driven by building-side
electrification, replacing fossil fuel space and water heating with heat pumps and
integrating controllable EV charging coordinated by modern building energy
management systems (BEMS). In parallel, the spread of embedded distributed energy
resources (DER), especially rooftop PV and electrical energy storage (EES) using
smart inverters that enable buildings to prioritize self-consumption of on-site

generation (Kelepouris et al. 2025).

These developments raise critical concerns. Electrified end uses, e.g., heat pumps,
electric domestic hot water (DHW), and EV charging, introduce large, often coincident
loads that cluster in a specific time of the day such as late afternoon and evening on
cold days. Absent coordination, they increase peak demand, reduce load diversity,
cause voltage deviations, accelerate transformer loss-of-life, and bring forward costly
feeder and substation upgrades (Xie et al. 2024). In parallel, the spread of rooftop PV
and EES has turned formerly one-way distribution networks into two-way systems, for
instance many buildings export surplus at the same time (Ruf 2018). If feed-in is
unmanaged, e.g., no export limits, limited local storage or load shifting, this creates
congestion windows at low and medium voltage levels where distribution system
operator (DSO) visibility and control have historically been limited (Konrad et al.
2025).



In light of these challenges, buildings must take part in active coordination with the
grid. Practically, this is achieved through grid-interactive operation, in which BEMS
uses forecasts (weather, grid signals as prices, DSO constraints) to schedule flexible
assets such as heat pumps, DHW production, EV charging, EES, thermal storage, and
PV inverters, so that net import/export is shaped without violating thermal comfort,
indoor air quality, or equipment limits. In contrast to traditional and static, “set it and
forget it” operation, grid-interactive assets continuously sense, decide, and act in a
closed loop with the power system. To maintain system balance and reliability under
these conditions, utility providers must increasingly rely on flexible consumers, e.g.

including buildings, to support grid services (Le Dréau et al. 2023).

Such bidirectional coordination requires a well-defined control mechanism that
translates grid needs into signals and actions (Li et al. 2022). In practice, this
mechanism consists of (i) standardized interfaces for prices, COzeq. intensity, and
DSO constraints; (ii) forecasting modules for weather, loads, PV, and occupancy; (iii)
decision logic from control algorithms that co-optimizes building energy system under
thermal comfort, indoor air quality, and equipment constraints; (iv) real-time actuation
and monitoring and (v) measurement and verification of the taken action. The
mechanism must operate across timescales (seconds to minutes for frequency support;
minutes to hours for congestion windows and price signals), and resolve conflicts

between economic, CO:eq. intensity, and DSO objectives via clear priorities.

Without a BGI program, the extra stress from electrification has to be absorbed almost
entirely by the network itself. To keep up, the system operators would need to expand
the grid to larger service connections (Koralewicz et al. 2023), thicker cables, bigger
or additional transformers and substations, and more voltage-control equipment
(Federal Ministry for Economic Affairs and Climate-BMWK 28-Sep-25). They may
also limit or curtail PV feed-in when many roofs export at the same time (Bucher et
al. 2024). During cold-weather evenings, unmanaged heat-pump and EVs loads would
raise peaks, transformers aging faster, and increase the risk of overloads and outages
(Moghadami et al. 2022). At the system level, higher peaks mean paying for more
capacity and reserves, often with higher marginal emissions in those hours. These
upgrades are expensive, slow, and planning-intensive (studies, permits, civil works)
(Sasa Butorac May/2025), so costs rise for everyone (Ma 2025) and there is a real risk

of over or underbuilding if conditions change later.



Given this, a well-designed mechanism delivers bidirectional value. For buildings, it
enables bill savings through peak reduction and load shifting (Yang et al. 2024),
potential revenues from demand response or flexibility services and lower operational
CO2 emission (Yang and Jradi 2025) while maintaining thermal comfort and indoor
air quality. For the grid, it secures energy delivery by reducing coincident peaks (Chen
et al. 2021), voltage rise, and transformer loading (Haque et al. 2017), increases DER
hosting capacity, limits curtailment (Aalami et al. 2010), and provides dependable
flexibility for congestion management (Fotouhi Ghazvini et al. 2019) and
voltage/frequency support (Ranjan et al. 2021), thereby deferring costly

reinforcements.

However, the power grid system has different problems at different layers. Power
networks are organized into two complementary layers: the transmission system and
the distribution system (Meng et al. 2023). The transmission system moves large
quantities of electricity across regions and sets system-wide operating conditions such
as wholesale prices, reserve activation, and frequency control. The distribution system
delivers electricity to end users and integrates DER. Buildings connect to the
distribution layer at low voltage or medium voltage level, yet their operation is

increasingly shaped by signals originating at the transmission layer.

1.2.2 National power grid

In Germany, the transmission system (generally between 220kV and 60 kV, however
including 380 kV extra high voltage level as treated part of the transmission grid)
transports power over long distances and maintains system frequency and short-term
balance, while ensuring long-term adequacy (SMARD 2025) (Figure 2). TSOs operate
real-time balancing and reserve products and enable wholesale markets (such as day-
ahead, intraday). Because variable wind and PV output can change quickly and grid
bottlenecks often arise on north/south corridors (Ritter et al. 2025). Therefore, TSOs
increasingly rely on flexibility to avoid curtailment and contain costs (Heilmann et al.
2020). Signals that reach buildings indirectly from this layer include wholesale prices

and ancillary-service activations.

The distribution system (low voltage >230 V; medium voltage ~6—60 kV) delivers
electricity to end users (Federal Ministry for Economic Affairs and Climate-BMWK
30-Sep-25) and connects most DER (such as PV, EES, EVs, heat pumps). DSOs face



local, time-specific constraints, i.e., transformer thermal limits, feeder congestion, and
voltage quality, which are caused by electrification and clustered PV feed-in. Here,
flexibility services from buildings (i.e., load shifting, peak shaving) enable DSOs to
keep operations within limits, defer grid reinforcement, and integrate more

renewables.

Therefore, flexibility is needed at both layers but for different reasons:
— TSO level: system frequency and balancing, reducing redispatch and curtailment,

integrating variable renewables at least cost.

— DSO level: managing location-specific constraints in real time, coordinating many

small assets, and maintaining voltage limits.

This dissertation focuses on flexibility at the DSO level. Specifically, it examines how
buildings and DER (PV, batteries, EV charging, heat pumps) can provide location and
time-specific flexibility to manage transformer thermal limits and congestion within

low voltage networks.
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Figure 2: Power network layers in Germany.
1.2.3 Power grid signal

Buildings located at low voltage (mostly residential) or medium voltage (some
campuses/industries) and these buildings are increasingly equipped with DER which
can affect local grid constraints such as transformer capacity and voltage limits. In
order for buildings to participate meaningfully in grid operations, their energy systems
must be capable of adjusting operations in response to external control signals. Over
the past decade, a wide variety of signal types have been proposed in research and pilot

implementations, including:



e Economic signals, such as time-of-use tariffs, day-ahead spot market prices,
and real-time pricing (Paulat et al. 2019), which encourage cost-efficient load

shifting (Schreiber et al. 2015).

e Environmental signals, such as grid CO: intensity or renewable generation
forecasts, which guide energy use toward periods of lower emissions (Huang

etal. 2025).

e Grid condition signals, including voltage and frequency deviation,
transformer thermal load, or local congestion indicators, which reflect

operational stress within the distribution network (Maheepala et al. 2025).

e User-centric or contextual signals, including occupancy schedules and
comfort preferences, typically used within the building's local control layer

(Norouziasas et al. 2025).

These control signals are the operational enablers of flexibility, guiding when and how
buildings shift or curtail demand. From a system perspective, they offer a scalable and
decentralized means of demand-side coordination. From the building perspective, they
provide input for optimized operation while maintaining technical and comfort
constraints. However, as described in the section National power grid, the signal
alignment is not guaranteed. Midday prices can be inexpensive at the wholesale level
even while low/medium voltage networks experience reverse power flows and voltage
rise from coincident rooftop-PV export; conversely, evening hours may be expensive
just as specific transformers impose congestion windows. A second mismatch arises
between price and CO: intensity (Gabrek and Seifermann 2025): prices can be low on
windy nights (often low COz), but they may also be low for market dynamics despite
a carbon-intensive marginal unit; conversely, when supply is tight, prices can jump to
elevated levels even with moderate marginal CO>. However, the application of these

signals poses several challenges:

First, single-signal strategies, which dominate current practice, are often insufficient.
For example, price signals may not align with periods of low carbon intensity,
especially in markets where fossil-based generators continue to influence marginal
prices (Fleschutz et al. 2021). Likewise, responding to CO: signals alone may result in

higher energy costs or grid stress if demand is concentrated at similar times. As such,



relying on one-dimensional signals may result in suboptimal or even

counterproductive behavior from the perspective of broader energy system goals.

Second, when multiple buildings respond to identical signals simultaneously, the
resulting synchronized demand shifts can lead to rebound peaks and increased loading
of distribution infrastructure (Dewangan et al. 2022). In particular, low-voltage
transformers, which serve as bottlenecks in residential and mixed-use grids, are

vulnerable to overload and thermal aging under such conditions (Hussain et al. 2023).

Third, current BGI control schemes tend to operate based on fixed or static signal
hierarchies. A building may respond exclusively to cost signals, regardless of whether
environmental objectives would require different action. Such an action prevents
adaptive responses to dynamic grid conditions, especially during congestion,

transformer stress events, or unexpected price-emissions decoupling.

Fourth, most BGI simulation studies are conducted on idealized building models or
homogeneous clusters, which do not reflect the real-world diversity of building types,
climate zones, HVAC systems, and user behaviors. As a result, many findings are

difficult to generalize or apply in mixed building communities or urban districts.

In response to these challenges, this dissertation places a strong emphasis on the use

of control signals in BGI. It specifically investigates:

e Economic signals based on day-ahead price data to guide cost-optimized

operation;

¢ Environmental signals using average CO:eq. intensity from national grid mix

data to align energy use with cleaner periods;

e Grid condition signals, represented by transformer critical status, modeled

according to IEC 60076-7 standards (IEC 60076-7:2005 2005).

The transformer critical status signal is derived from a pre-existing, validated
transformer thermal model, developed by an external researcher and applied in this
study with permission (Lopes et al. 2018). While this model was not developed as part
of this thesis, it has been integrated into analysis to assess how building operation
strategies can avoid localized grid constraints such as overheating or accelerated

transformer aging.

Moreover, the thesis introduces and compares multi-signal approaches:



e Joint signals, which merge economic and environmental inputs to seek trade-

offs between cost and emissions.

e Sequential signals, which prioritize grid-interactive objectives dynamically,
for instance, prioritizing grid operation functionality when a transformer stress
condition is triggered and returning to cost or emission-based control

otherwise.

Through these explorations, the dissertation aims to advance a more context-aware and
system-integrated framework for building-grid interaction, one that reflects the real
complexities of signal design, infrastructure constraints, and multi-objective

optimization.

1.3 Modelling Effort

This dissertation follows a simulation-based research methodology designed to
evaluate the interaction between building energy systems and power grid signals under
a range of operational scenarios. The approach combines detailed dynamic building
modeling, control algorithm design, BGI signal analysis, and performance evaluation
using grid-oriented indicators. Analyzing BGI is inherently a two-level problem: (I)
Modeling, which involves accurately representing HVAC systems, PV generation, and
thermal comfort in zones; and (i1) Control, which concerns determining the load
demand schedule of HVAC systems and the charge/discharge cycles of electrical
energy storage (EES) based on the BGI signal. While traditional BEPS tools provide
detailed thermal and system modeling capabilities, they are often limited in their
capacity to handle complex or adaptive control logic. In contrast, BGI scenarios
require real-time interaction with dynamic signals and flexible control structures that

may evolve based on external conditions.

To execute such a BGI simulation, the results from the mentioned two main layers
must be calculated simultaneously, such that the output of the previous time step
becomes the input for the calculation of the next time step. However, under current
market conditions, no single software tool is available that can both model building
energy systems and design their control based on a given BGI signal (such as a
congestion event). Therefore, addressing both levels simultaneously requires a co-

simulation environment, as neither the modeling aspects nor the control strategies can



be adequately captured. In this dissertation, a co-simulation environment linking a
Building Energy Performance Simulation (BEPS) engine with a numerical tool namely

IDA-ICE (IDA-ICE 2023) and MATLAB (MATLAB 2015) is used (Figure 3).
This configuration supports:

e The bidirectional exchange of variables (e.g., indoor temperatures, energy

system loads) at high resolution,

e The generation and application of external signals such as electricity prices,

CO: intensity, and transformer stress indicators,

e The implementation of both building control strategies;

Electricity CO.eq. Power grid
prices intensity constraints

€ ® Aa

s N e

Variable Numerical Tool
exchange
62 IDA ICE ﬂ ‘_g’ ‘MATLAB
* Indoor temperature * External signal generation
* Energy system loads * Control algorithm

Figure 3: Co-simulation environment linking IDA-ICE and MATLAB for
bidirectional data exchange, signal generation, and control implementation.

The co-simulation platform enables the integration of multiple objectives into control
decision-making, allowing for real-time responsiveness to joint or sequential signals.
A control layer is therefore a prerequisite for any analysis and deployment of BGI.
Without such control, the simple operational applications either miss opportunities
(e.g., failing to preheat/precool during low energy prices period or before expensive
energy prices) or violate constraints (e.g., exceeding a transformer limit or causing
rebound discomfort). Control algorithms turn signals into profitable actions with trade-
offs among cost, CO: emission, indoor thermal comfort, and equipment function. In
simple deployments, Rule-Based Control (RBC) encodes if—then pattern such as if
price < X charge thermal storage/EES or raise indoor temperature setpoint by AT.
However, this control type remains straightforward to have a holistic approach. For

instance, the setpoint increment of indoor temperature is fixed regardless of how low
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electricity price is, however, rather than increasing the indoor temperature by AT,
maybe AT+0.5 could achieve better economical result for that specific day. Addition
to its limited capacity for market-oriented operation planning, RBC offers no
capability for grid-oriented operation, i.e., transformer stress or congestion windows,
since it lacks optimization capability aligned with the required exact BGI signal value.
On the other side, there are control algorithms that have optimization features
formulating optimization of heat pumps, EV charging, electrical and thermal storage,
and more, treating DSO limits as hard constraints and prioritizing comfort and
equipment limits. In this context, Model Predictive Control (MPC) is a commonly used
method, however it has limitations. Using MPC directly with white-box building
models, turns the controller into a nonconvex, mixed-integer dynamic optimization
with thousands of states, discontinuities and computationally heavy. Each model
evaluation can take seconds to minutes, while MPC requires hundreds of evaluations
per solve and must repeat every step. Co-simulation compounds the problem: MPC
and the BEPS must exchange setpoints and measurements at every timestep with
potential strict time synchronization or mismatched step sizes. Consequently,

exploiting MPC in white-box BGI studies is a very complex task .

To address the limitations of simplified methods such as RBC and the computational
burden of MPC, this dissertation proposes a Rule-Based Predictive Control (RBPC)
approach that jointly optimizes market- and grid-oriented operation while reducing

computational effort.

1.4 Research Questions and Objectives

As outlined in the previous section, the growing need for demand-side flexibility in
renewable-rich power systems has positioned buildings as active participants in grid
operations. However, several critical challenges persist, particularly related to the
design and coordination of control signals for BGI. These challenges include the over-
reliance on single-objective control inputs, the lack of consideration for localized grid
constraints, and the limited adaptability of control strategies to evolving system

conditions.

This dissertation addresses these challenges by investigating how different types of
control signals, namely, economic, environmental, and congestion based, can be

applied individually or in combination to guide flexible building operation. It also

11



explores the influence of control architecture (e.g., joint vs. sequential signaling) on

the effectiveness of BGI in both individual buildings and building clusters.

The overall aim of this research is to contribute to a more integrated and context-aware
understanding of how control signals can be utilized to enable effective and grid-

supportive building operation.

The dissertation is guided by the following research questions (RQ), and the specific

objectives of this research are as follows (Figure 4):

RQ1. What are the trade-offs when combining economic and environmental signals

into a joint penalty signal for building control?

Objective: To develop and analyze multi-objective control signal frameworks,
including joint signals that combine electricity price and CO: intensity, in order to

balance environmental and economic goals in demand response.

RQ2. How can BGI co-optimize grid-oriented operation (compliance with
distribution-level constraints) and market-oriented operation (minimizing energy cost)

at the single-building level, subject to comfort and equipment constraints?

Objective: To integrate and assess power grid signals in building single and cluster
operation, with the aim of identifying potential conflicts between building flexibility

actions and local grid infrastructure constraints.

BGI Signal Evaluation

RQ1: What are the trade-offs when combining economic and
environmental signals into a joint penalty signal for building
control?

BGI Single Building Level Operation Evaluation

RQ2: How can BGI co-optimize grid-oriented operation
(compliance with distribution-level constraints) and market-
oriented operation (minimizing energy cost) at the single-
building level, subject to comfort and equipment constraints?

RQ3: How can buildings be controlled to deliver energy
flexibility using rule-based and predictive control architectures in
response to electricity price signals and distribution-level
congestion events?

BGI Cluster Level Operation Evaluation

RQ4: Which control signal strategy single, joint, or
sequential offers the most balanced performance
across energy, environmental, and grid reliability
metrics in multi-building clusters?

Figure 4: Explored RQ in this dissertation.
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RQ3. How can buildings be controlled to deliver energy flexibility using rule-based
and predictive control architectures in response to electricity price signals and

distribution-level congestion events?

Objective: To compare the performance of single, joint, and sequential signal
strategies in different building scenarios and cluster configurations, considering their

impact on cost, emissions, and transformer loading.

RQ4. Which control signal strategy single, joint, or sequential offers the most balanced
performance across energy, environmental, and grid reliability metrics in multi-

building clusters?

Objective: To evaluate the potential of rule-based and predictive control
strategies for enabling flexible operation in energy-efficient buildings under dynamic

market conditions, using economic signals such as day-ahead electricity prices.

1.5 Organization of the Dissertation

To address these questions, this dissertation follows a cumulative format. The doctoral
research is presented through three high-impact, peer-reviewed journal articles that
form the core of the thesis (Paper 1, 3 and 4), complemented by supplementary
conference papers. Moreover, participation in the International Energy Agency Energy
in Buildings and Community - Annex 82 - Energy Flexible Buildings Towards
Resilient Low Carbon Energy Systems programme (IEA EBC 30-Sep-25) whose focus
aligns directly with BGI significantly strengthened this research. This international
platform provided knowledge exchange and led to additional co-authored publications

and technical reports.
1.5.1 List of publications

BGI Signal Evaluation

Paper 1: Kirant-Miti¢ T, Voss K. Development of a Joint Penalty Signal for Building
Energy Flexibility in Operation with Power Grids: Analysis and Case
Study, Buildings, 2023, https://doi.org/10.3390/buildings13051338.

This paper contributes the signal layer of the BGI by developing a joint penalty signal
that combines economic (day-ahead price) and environmental (COzeq. intensity)

drivers into a single, controllable objective for building operation.
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https://doi.org/10.3390/buildings13051338

BGI Single Building Level Operation Evaluation

Paper 2: Kirant-Miti¢ T, Voss K. Enhancing Grid Stability and Economic Operation
through Heuristic Control: A Simulation Case Study. Proceedings of BauSim
Conference 2024: 10" Conference of IBPSA-Germany and Austria.
https://doi.org/10.26868/29761662.2024.19.

This paper provides the baseline for the dissertation by demonstrating, in a simulation
case study, how rule-based predictive control can deliver simultaneous grid support

and economic benefit using a calibrated building model.

Paper 3: Kirant-Miti¢ T, Voss K. A Rule-Based Predictive Control Framework for
Market and Grid-Oriented Operation in Thermally Activated Buildings, Journal of
Building Performance Simulation, 2025, https://doi.org/10.1080/19401493.2025.2565652

This paper introduces a rule-based predictive control (RBPC) method developed in
this dissertation. The control architecture is implemented on a building equipped with
thermally activated building systems and is designed to optimize market-oriented
objectives (energy cost) and grid-oriented objectives (e.g., congestion windows) in a
co-simulation environment, subject to comfort and equipment constraints. It
operationalizes grid-interactive operation with a horizon scheduler that uses day-ahead
prices and distribution-system constraints to plan preheating/precooling and charge
thermal storage in the building mass. The controller follows thermal comfort bounds

via slab and zone temperature limits.
BGI Cluster Level Operation Evaluation

Paper 4: Kirant-Miti¢ T, Hall M, Dawes G, Lopes R A. Impact of Building-Grid
interaction signals on energy flexibility at cluster Level: Insights from two case

studies, Energy and Buildings, 2025, https://doi.org/10.1016/j.enbuild.2025.116235.

This paper advances the dissertation by moving the analysis from single buildings to
aggregated, transformer stress aware clusters, and by isolating how different BGI
signals shape energy flexibility. Using two energy efficient building clusters (Germany
and Switzerland), it compares market-oriented signals (day-ahead price) with
environmental signals (marginal CO:) and grid-oriented constraints (congestion

windows), within a co-simulation workflow that links calibrated BEPS models.
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https://www.researchgate.net/publication/386413506_Enhancing_Grid_Stability_and_Economic_Operation_through_Heuristic_Control_A_Simulation_Case_Study?_tp=eyJjb250ZXh0Ijp7InBhZ2UiOiJwcm9maWxlIiwicHJldmlvdXNQYWdlIjoiaG9tZSIsInBvc2l0aW9uIjoicGFnZUNvbnRlbnQifX0
https://www.researchgate.net/publication/386413506_Enhancing_Grid_Stability_and_Economic_Operation_through_Heuristic_Control_A_Simulation_Case_Study?_tp=eyJjb250ZXh0Ijp7InBhZ2UiOiJwcm9maWxlIiwicHJldmlvdXNQYWdlIjoiaG9tZSIsInBvc2l0aW9uIjoicGFnZUNvbnRlbnQifX0
https://doi.org/10.26868/29761662.2024.19
https://doi.org/10.1016/j.enbuild.2025.116235

Supplementary Papers

Paper 5: Dawes G, Kirant-Miti¢ T, Jiang Z et al. Energy flexibility at multi-building
scales: A review of the dominant factors and their uncertainties, Energy and Buildings,

2025, https://doi.org/10.1016/j.enbuild.2025.116157.

This paper provides a review by synthesizing the dominant drivers of energy
flexibility, end uses and electrification (Heat pump/domestic hot water/electrical
vehicle), embedded DER (PV/EES/thermal storage), controls, tariffs/signals, occupant
behavior, and distribution-level constraints. It develops a categorization of factors and
uncertainties (aleatory vs. epistemic) and maps their expected interactions, and

aggregation effects.

Paper 6: Le Dréau, J. et al. Developing energy flexibility in clusters of buildings: A
critical analysis of barriers from planning to operation, Energy and Buildings, 2023,

https://doi.org/10.1016/j.enbuild.2023.113608.

This paper examines BGI at the cluster scale and classifies its full lifecycle from (i)
planning, (ii) design to (iii) operation across economic, policy, social, and technical

dimensions. My role was contributing to early planning and design stages section.

Paper 7: Forchheim M.H., Kirant-Miti¢ T., Cano-Tirado D., Zdrallek M., Electrical
energy flexibilities' prediction and validation of a real non-residential building through

methods of machine learning, IET Conference Proceedings, 2023,

https://doi.org/10.1049/icp.2023.0346.

This paper presents data-driven BGI analysis by developing and validating machine-
learning models that predict a building’s short-term electrical flexibility under realistic
disturbances and operational constraints. My role was applying white-box model
development and applying rule-based control for BGI analysis that the results were

compared to data-driven BGI analysis results.

Paper 8: Cano-Tirado D., Kirant-Miti¢ T., Forchheim M., Modemann M., Zdrallek
M., Kiihler D., "Potential Flexible Operation’s Assessment of a Non-Residential
Building Through a Novel Tool," 2022 IEEE PES Innovative Smart Grid
Technologies Conference Europe (ISGT-Europe), Novi Sad, Serbia, 2022, pp. 1-6,
https://doi.org/10.1109/ISGT-Europe54678.2022.9960367.
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https://www.researchgate.net/publication/393728864_Energy_flexibility_at_multi-building_scales_A_review_of_the_dominant_factors_and_their_uncertainties?_tp=eyJjb250ZXh0Ijp7InBhZ2UiOiJwcm9maWxlIiwicHJldmlvdXNQYWdlIjoiaG9tZSIsInBvc2l0aW9uIjoicGFnZUNvbnRlbnQifX0
https://www.researchgate.net/publication/393728864_Energy_flexibility_at_multi-building_scales_A_review_of_the_dominant_factors_and_their_uncertainties?_tp=eyJjb250ZXh0Ijp7InBhZ2UiOiJwcm9maWxlIiwicHJldmlvdXNQYWdlIjoiaG9tZSIsInBvc2l0aW9uIjoicGFnZUNvbnRlbnQifX0
https://doi.org/10.1016/j.enbuild.2025.116157
https://www.researchgate.net/publication/374486044_Developing_energy_flexibility_in_clusters_of_buildings_a_critical_analysis_of_barriers_from_planning_to_operation?_sg%5B0%5D=JFvbHcz1W7Gf0ukLRHzSiDeBAO_F_LeV3ts6xwWXIAdYs_P50k17zG71z9-fE-aNHmWN-PJUQnCQbEpTbQ6cWkEuCYIL1_A-nLmZFagO.ld_Q_ajHrG-XMdg5s6UfkRN_eSVRhbfOKgyG6IexpEIQLK0tWIWlD2Jx0miPzTeMGjCDAKovBt9hwsjH2RliZA&_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6ImhvbWUiLCJwYWdlIjoicHJvZmlsZSIsInByZXZpb3VzUGFnZSI6InByb2ZpbGUiLCJwb3NpdGlvbiI6InBhZ2VDb250ZW50In19
https://www.researchgate.net/publication/374486044_Developing_energy_flexibility_in_clusters_of_buildings_a_critical_analysis_of_barriers_from_planning_to_operation?_sg%5B0%5D=JFvbHcz1W7Gf0ukLRHzSiDeBAO_F_LeV3ts6xwWXIAdYs_P50k17zG71z9-fE-aNHmWN-PJUQnCQbEpTbQ6cWkEuCYIL1_A-nLmZFagO.ld_Q_ajHrG-XMdg5s6UfkRN_eSVRhbfOKgyG6IexpEIQLK0tWIWlD2Jx0miPzTeMGjCDAKovBt9hwsjH2RliZA&_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6ImhvbWUiLCJwYWdlIjoicHJvZmlsZSIsInByZXZpb3VzUGFnZSI6InByb2ZpbGUiLCJwb3NpdGlvbiI6InBhZ2VDb250ZW50In19
https://doi.org/10.1016/j.enbuild.2023.113608
https://doi.org/10.1049/icp.2023.0346
https://doi.org/10.1109/ISGT-Europe54678.2022.9960367

This paper introduces an assessment tool that quantifies the potential for flexible
operation in a real non-residential building before a full controller is deployed. The
tool treats building load demand data and scenario inputs (i.e., day-ahead prices) to
produce flexibility service. My contribution was developing the building load demand

formulization to calculate energy consumption.

Tool development for potential
BGI evaluation

Paper 8

Single level of BGI analysis
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* Market-oriented operation
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Figure 5: Connection of the papers presented under this dissertation. Blue color
icons show the main paper and green color icons reflect the supplementary papers.

Technical Report

Paper 9: Lopes, R. A., Le Dréau, J., Henze, G., Kummert, M., Arteconi, A., Cai, H.,
Dawes, G., Hall, M., Kazmi, H., Kirant-Miti¢, T., Li, R., Madsen, H., Mokhtari, R.,
O’Neill, Z., Sethuvenkatraman, S., Tohidi, S., Zaviel, V., Willems, S., & White, S.
(2025). Methodologies and evaluations of energy flexibility for clusters of buildings:
Energy in Buildings and Communities - Technology Collaboration Programme.

Technical University of Denmark.
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This report consolidates and systematizes evaluation methods for energy flexibility
within the IEA EBC framework. While it includes a broader set of studies, I
contributed to four: (i) development of BGI at the cluster scale, (ii) a common BGI

exercise, (ii1) cluster modelling, and (iv) an uncertainty and dominant-factor analysis.

This chapter set out the motivation for the dissertation, stated the research questions
and their objectives, and outlined the overall structure. It also listed the associated
publications (Figure 5) and clarified each paper’s contribution to the research. The

next four chapters present the four main papers, one paper per chapter.
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Abstract: Electricity generation from renewable energy reduces greenhouse gas emissions and,
in the long term, the cost of electricity in power grids. However, there is currently no strong
positive correlation between greenhouse gas intensity and electricity spot prices in Germany, despite
increasing renewable energy penetration. Therefore, energy flexibility programs that rely on demand
response may not be fully effective in reducing carbon emissions unless the energy market aligns
consistently with carbon emission factors. To address this issue, we propose a model for joint signals
consisting of power grid climate gas intensity and price signals that can achieve both environmental
and economic benefits for building energy flexibility applications. Next, to assess the maximum
possible flexibility hours from the grid side, we explore penalty signal threshold limits with daily and
biweekly aggregation. Using a case study, we analyze energy flexibility with joint signals to explore
their effect on greenhouse gas emissions and building operation cost. Our results suggest that joint
signals can be more effective than a single type of signal in promoting energy flexibility.

Keywords: building energy flexibility; building—grid interaction; dynamic climate gas intensity; joint
penalty signal; demand response

1. Introduction

The European Commission addresses the climate crisis and intends to decrease the
current greenhouse gas (GHG) emissions by at least 55% by 2030 compared to 1990 levels [1].
Looking further ahead, the Commission aims to achieve a further reduction of 55% in 2050
compared to 2030 [2]. Germany, which has high GHG emissions per capita compared to
other EU countries and the global average, aims to reduce GHG emissions by 80-95% by
2050 compared to 1990 levels [3]. The country’s target for 2040 is a minimum reduction of
88%, with the goal of achieving GHG neutrality by 2045 [4]. On this path, Germany defines
limits for the annual climate gas emissions by sectors and an annual control mechanism. To
achieve the climate action goals, dissemination of renewable energy systems and energy
efficiency investments are positive measures, hence heating systems based on renewable
energy sources will be funded. The integration of renewable energy systems (RES) into the
power supply is critical on the path to these targets. RES have intermittent form, coming
from the variations in solar radiation and wind strength, which can result in variable
electricity generation and fluctuating energy supply [5,6]. These changes over time within
the power grid create stability issues [7].

National (Transmission) grids are responsible for transmitting electricity over long
distances from large power plants to various regions of a country [8]. On the other hand,
local (distribution) power grids distribute electricity from the national grid to homes and
businesses in a specific area. The national and local power grids are different in design,
function, and operational requirements due to the differences in the scale of their operation
and the distances they cover [9]. As a result, electricity prices can vary between these
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grids due to factors such as generation costs, transmission costs, distribution costs [10,11],
and stability issues. Moreover, electricity prices are influenced by the generation mix of
electricity sources, which can vary between national and local power grids. Nevertheless,
due to the cost reduction of RES technologies and the increasing cost of electricity generation
by nonrenewable sources, RES is expected to contribute more significantly to the power
grid globally [12].

Increasing electricity production from RES exposes energy providers to challenges
in balancing supply and demand efficiently and economically [5]. To ensure efficient
allocation of renewable and conventional energy, markets that allow for the trading of new
information are crucial [13]. Increasing the flexibility and responsiveness of short-term
wholesale markets to accommodate the growing share of renewable energy is suggested
by the European Commission [14]. This proposes empowering consumers to participate
in electricity markets by providing them with smart meters and dynamic retail tariffs
that reflect changing wholesale prices, enabling them to make informed decisions about
energy consumption [15]. To address this issue, energy flexibility in buildings as part of
demand response management can be used to optimize the load in the power grid [5]
based on various external factors such as power grid demand, energy price signal and
COgyeq. intensity.

Exploiting the potential of demand response has become an area of growing interest [16].
Demand response involves actions on the demand side by reacting to conditions in the
power grid, providing an opportunity to reduce operating costs and GHG emissions [17].
However, the impact of demand-response programs on CO, emissions is often inaccurately
assessed using dynamic power grid intensity [18]. The dynamic power grid intensity
(COgeq. intensity) refers to the amount of CO; emissions released in the generation of one
unit of electricity per hour. The marginal emissions factor based on specific generators” CO,
intensity provides a more accurate estimate of actual reductions rather than grid-average
electricity [19]. The merit order dilemma, which refers to the preference for cheaper,
more carbon-intensive technologies in the electricity generation process due to their low
marginal costs, is often ignored [20]. Since accurately calculating marginal emissions at
a given time is complex, identifying marginal generators and isolating their emissions
can be challenging [21]. As a result, load shifting through demand-response programs
cannot fully exploit the potential for carbon reduction unless the merit order of the energy
market is correlated with carbon emission factors [20]. However, due to the mentioned
complications, the CO,q. intensity signal based on average electricity emission factors are
used conventionally in the present applications. In other words, the electricity spot price
from the energy market and the commonly used COyeq. intensity value are not always
positively correlated, which raises concerns about the optimizing method for both economic
and environmental benefits in energy flexibility applications. Although energy storage
can facilitate decarbonisation by boosting renewable energy integration in the long run, its
effectiveness in reducing GHG emissions in the short term hinges on factors such as the
storage technology used and its operational management [22].

The purpose of this paper is to develop a joint signal of price and COjq. intensity
and use it as a penalty signal for energy flexibility applications in buildings that achieves
both environmental and economic savings. Modelling such a signal is a critical issue in
building—grid studies to avoid one type of prominent saving since these signals are not
always positively correlated. In the literature, there are various studies discussing the
price and COsq, intensity as a penalty signal to exploit the energy flexibility but, not much
attention has been given to the joint influence of these signals and existing research with this
focus is limited. One study [23] investigated the joint impact of both price and CO; signals
in demand-response programmes using Markov—chain load models. Another study [24]
conducted a tradeoff analysis between CO, emissions and electricity cost achieving both
economic and environmental benefits by utilizing various schedules. [25] examined the
combined impact of price and CO; emissions in demand response programmes and for-
mulated an optimal control model to reduce energy cost and carbon emissions for five
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households in South Africa by mixed integer nonlinear programming. Similarly, [26] used
mixed integer linear programming for an optimisation model to jointly minimize electricity
costs and CO, emissions through an optimisation model for home energy management,
achieving lower total cost, CO, emissions cost, and peak demand shaving. [27] used a
mixed integer linear programming model with the e-constraint method and Pareto curves
to examine coordinated scheduling, which resulted in reduced cost and CO, emissions. A
pilot study to evaluate the influence of real-time price visualisation on electricity consump-
tion, electricity costs, and CO, emissions was performed [28]. Since there was a negative
correlation between electricity price and COz¢q, intensity in the Swedish electricity market
in the period studied, the load shifting results showed a reduction in electricity costs while
CO, emissions raised.

In this context, this paper introduces two joint penalty signals—concurrence penalty
signal and combined penalty signal—and analyses their effectiveness when applied with
threshold levels that determine the start of energy flexibility. To achieve this goal, the paper
addresses the following research questions:

1. What are the main drivers of the CO,q. intensity in the German power grid?

The power grid COyq. intensity development is discussed in relation to the electricity
spot price and energy flow.

2. How does the observation interval affect the definition of penalty signal thresholds?

The paper analyses the upper and lower thresholds for COy,q intensity and electricity
spot price and evaluates the flexibility operation under different observation intervals, such
as daily and biweekly, for the heating season. Daily and biweekly observation times refer
to the time intervals at which the penalty signals are monitored and used to determine the
energy flexibility thresholds.

3. What is the impact of joint penalty signals?

The penalty-unaware status of a case building is compared to different penalty-aware
cases using four penalty signals, COyq. intensity, electricity spot price (before tax), and
two joint signals (concurrence and combined). Their effect on building performance metrics
is discussed.

After this introduction (Section 1), this paper is structured as follows: Section 2 shows
the calculation methodology of power grid COzq. intensity, the threshold calculation of
penalty signals and the methods to form the concurrence and combined penalty signals
based on COyq. intensity and price signals. Section 3 presents the factors influencing the
power grid COyeq. intensity and its relationship with price signal. Additionally, the impact
of the different observation intervals on the definition of the penalty signal thresholds
is presented. In Section 4, the calculated thresholds are applied in a case study with the
described penalty signals, and the result of the simulation results are illustrated. Section 5
discusses the implications of these findings and the analysis. Section 6 concludes the study.

2. Methodology
2.1. Dynamic COsqy, Intensity Calculation

The dynamic COgeq. intensity calculation data was collected from ENTSO-e [29],
which provides free access to electricity production data and the energy flow information
between countries with a time step of 15 or 60 min. The CO; emission factors for electricity
production technologies are accessible from various resources. In Germany, the grid
electricity is generated by 17 different technologies as shown in Table 1.

The production data and the energy flow between countries were obtained for the
years 20172021, with the interconnected countries for energy flow varying by year. Table 2
presents the yearly average CO, emission coefficients of the connected countries. These
data were only used as input for the emission calculation resulting from energy trade.
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Table 1. Climate gas emissions of various electricity generation technologies in Germany. Climate
gases are expressed in CO; equivalents (Data source: [30].)

Electricity Production Technology CO; Coefficient (gCO2¢q./kWh)
Biomass 70
Fossil brown coal/lignite 1054
Fossil coal-derived gas 433
Fossil gas 433
Fossil hard coal 873
Fossil oil 841
Geothermal 183
Hydro pumped storage-aggregated 14
Hydro run-of-river and poundage 3
Hydro water reservoir 14
Solar 67
Waste 342
Wind offshore 6
Wind onshore 10
Nuclear 68
Other 45
Other renewable 45

Table 2. The COyq. intensity of interconnected countries between 2017 and 2021 [31-35].

Country CO2eq. Intensity (§COzeq./kWh)

2017 2018 2019 2020 2021

Austria 103 100 92 82 82
Belgium - - 174 161 140
Czech Republic 472 465 433 437 403
Denmark 179 193 123 109 155

France 69 58 56 51 58
Germany 413 404 344 311 349
Luxembourg 64 65 73 59 55
Netherlands 460 440 392 328 325
Norway - - - 32 27
Poland 778 784 719 710 736
Sweden 10 11 10 9 10
Switzerland 35 35 35 35 35

The COgeq. intensity in the power grid was influenced by five main factors, including
the CO, emission coefficient of production technologies (Table 1), the share of technologies
in use (from ENTSO-e platform with 60 min data resolution), the CO, emission coefficient of
imported electricity based on countries (Table 2), and the amount of exported and imported
electricity (ENTSO-e). Total CO, emissions coming from the production technologies were
calculated using the electricity production amount and CO, emission coefficients from
Table 1 by Equation (1). The average CO; emission coefficient of the import countries was
used with the amount of imported electricity to calculate the total CO, emissions coming
from the imported electricity in Equation (2). Total CO, emissions coming from the pro-
duction technologies were reduced by considering the exported electricity to neighbouring
countries. In Equation (3), the share of exported electricity in the total electricity production
was found and the reduction amount was calculated in Equation (4). The next step focused
on the total load in the power grid, presenting the approximate amount of electricity to
be consumed by the users. The existing load in the power grid included the produced
electricity and the electricity exchange coming from energy transaction Equation (5). Finally,
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the grid COyeq. intensity (Equation (7)) was found by the ratio of total CO; emissions in the
power grid (Equation (6)) to total load in the power grid.
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2.2. Threshold Calculation

Thresholds, which represent the boundary points for applying energy flexibility, were
dynamically determined based on the observation time and the penalty signal, which in
this study are COyeq. intensity and electricity spot price. In some studies, the observation
time is chosen to be “daily” [36,37] or “biweekly” [38]. These observation periods are time
intervals at which the penalty signals are monitored and used to determine the energy
flexibility thresholds. This implies that 8760 data points per year are taken and aggregated
into daily and biweekly intervals.

In the meantime, to approximate the optimal solution, different studies have dis-
cussed penalty signal thresholds, which represent the level at when energy flexibility is
requested from a building energy system based on this aggregated data. Ref. [39] intro-
duced two adjustable parameters to define the top and bottom threshold for grid interaction
signals. In [40], various upper and lower thresholds were used to calculate the number of
hours for the set-point adjustment. The thresholds were determined with 25th and 75th
percentiles in [36].

In this study, the thresholds as responding to penalty signals were defined by the
upper 25% quartile (downward flexibility) and the lower 25% quartile (upward flexibility)
using hourly values. Whisker plots were used to assign the penalty signals into quartile
groups by percentile analysis. Subsequently, this research compared the results of both
aggregation intervals based on the grid status for heating season.

2.3. Development of Penalty Signals and the Simulation Cases

For every aggregation interval, five cases were simulated by a building energy simula-
tion tool to quantify the total CO; emissions of the building energy supply, cost, and load
profile according to the specified penalty signals. (Table 3).

In the first case (Case Emission), the CO,q. intensity was exploited as a penalty
signal. In the second case (Case Price), price signal was applied. In the third case (Case
Concurrence), if the COyq. intensity and price signal reflected the same behaviour at the
same moment, such as either upward or downward interaction, this synchronised status
was used as a signal (Figure 1).
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Table 3. The simulation cases based on the penalty signals.

Cases Penalty Signal
Emission COgeq. intensity
Price Electricity spot price
Concurrence Simultaneous
Combined Combined
Reference Penalty unaware case—Thermostatic valve control

Case-Concurrrance

CO, signal status:
Upwards

Price signal status:

Upwards

CO, signal status:
Downwards

Price signal status:
Downwards

No

Previous flexibiltiy Previous flexibiltiy No Flexibility
status status
V
Flexibility Status:
Downwards
Downwards A
No Flexibility Upwards Downwards Upwards
A
Flexibility Status: Flexibility Status: D ——
Upwards > No flexibility <

Figure 1. Development of concurrence signal based on the COy¢q. intensity and price signal.

In the fourth case (Case Combined), the combination of CO,q. intensity and price
signals were driven for power grid interaction, such that if one of these signals offered
interaction, it was taken into account to develop the combined status. The strategy to
form this status was as follows: (1) If both signals offered the same type of power grid
interaction state (upwards (+1), downwards (—1), or no interaction (0)), this state was set
as the combined signal. (2) If these signals were not harmonised (one is upwards and other
is downwards), the previous signal was checked and (2a) the same state as the previous
combined signal was chosen; conversely, (2b) if the previous signal was 0 (no interaction),
no interaction was continued. (3) If a shift from upwards to downwards or vice versa based
on the signals was estimated, it was ignored, and the combined signal was considered as
no interaction (Figure 2). Additionally, for (1), the previous signal was checked with the
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same purpose. This ensured a smooth transition between the statuses and avoided the
sharp changes in the indoor thermal comfort and HVAC operation. Finally, the fifth case
(Case Reference) presented the penalty signal-unaware status of the case building.

Upwards

Upwards

Previous No flexibility

(lexibiltiy status

y Status: Upwards

Downwards

Flexibility Status: No Flexibility

Upwards

Upwards

No flexibility Previous No flexibility

exibiltiy statug

Flexibility Status: Upwards

Downwards

Flexibility Status: No Flexibility

Upwards
Flexibility Status: Upwards

No flexibility

Downwards

Previous
flexibiltiy statug

Flexibility Status: No Flexibility

Downwards

ey Flexibility Status: Downwards

Upwards

No flexibility

Upwards Previous

flexibiltiy status,

Flexibility Status: Upwards

Downwards
Flexibility Status: No Flexibility
Upwards
Flexibility Status: Upwards
No flexibility No flexibility Previous No flexibility

Case-Combined > €O, signal status Jexibilty status Flexibility Status: No Flexibility

| Flexibility Status: Downwards |
Downwards

Upwards

Downwards No flexibility

Previous
exibiltiy statug

Flexibility Status: No Flexibility

Flexibility Status: Downwards

Upwards e
Flexibility Status: Upwards

No flexibility

Upwards

Previous
flexibiltiy status,

Flexibility Status: No Flexibility

Downwards
—‘{ Flexibility Status: Downwards

Upwards

Flexibility Status: No Flexibility

Flexibility Status: Downwards

No flexibility

Downwards Previous No flexibility

flexibiltiy status,

Downwards

Upwards

!

Flexibility Status: No Flexibility

Flexibility Status: Downwards

Downwards

Previous No flexibility

exibiltiy status

Downwards

Figure 2. Development of combined signal based on the CO,q. intensity and price signal.
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3. Results
3.1. Dynamic COey, Intensity

Figure 3 presents the share of electricity production technologies between 2017 and
2021. In 2017, the largest contribution was from RES. Although the share of RES decreased in
the following years, a growing trend can be observed from 2018 to 2020. Wind energy is the
leading technology among RES in Germany, and its overall percentage has been increasing
every year. The decreasing trend in production ratio from fossil technologies has reversed,
resulting in an increase in 2021. Consequently, electricity generation from RES decreased to
nearly 50% in 2021, which was attributed to unfavourable weather conditions [41]. In other
words, the current generation in 2021 is approximately 50% dependent on fossil fuel-based
power plants.

100%

Biomass

Fossil Brown coal/Lignite
Fossil Coal-derived gas
W Fossil Gas
M Fossil Hard coal
M Fossil Oil
B Geothermal
M Hydro Pumped Storage-Agg
[ | Hydro Run-of-river and poundage

~
0
=

50%

[ | Hydro Water Reservoir
Nuclear
Other
[ Other renewable
Solar
Waste
B wind Offshore

l I l o

2017 2018 2019 2020 2021
Year

25%

Share of Electricity Production Technology

0%

Figure 3. The share of electricity generation technologies in Germany between 2017 and 2021 (Data
source: [29]).

Figure 4 presents the grid CO,q. intensity and electricity spot price for the given years.
The yearly average COyeq. intensity between 2017 and 2021 is calculated as 413, 404, 344,
311, and 439 gCOxeq. /kWh, respectively.

The share of electricity production from RES is higher in 2020 compared to other years,
leading to lower COyq. intensity. Conversely, the highest intensity is observed in 2021 due
to a higher share of fossil-based production. The intensity value varies significantly over the
year, with the average intensity being approximately 500 gCOsz¢q. /kWh during wintertime
and around 300 gCOz¢q./kWh in the summer of 2021. The annual average values from
Table 2 are reflected in Figure 4 dynamically based on hourly resolution for Germany.

The correlation between the CO,q. intensity and the electricity spot price is explored
for the period between 2017 and 2021, and is illustrated in Figure 5. The results show an
upward trend in the correlation factor over this period. As the share of RES in electricity
generation increases, a stronger relationship is observed between cheaper generation and
CO, emission-free generation, particularly between 2017 and 2020. Therefore, the behaviour
of COyeq. intensity as a penalty signal on the energy flexibility reflects the behaviour of the
price signal, especially in 2020, when the highest correlation is observed. However, a drastic
change occurs in 2021, attributed to the rise of fossil-based production and the increase in
electricity spot price by approximately three times compared to 2020 [41]. Further analysis
of the relation between COyq. intensity and the load in the power grid reveals no significant
correlation, thus it is not presented in this study.



Buildings 2023, 13, 1338

90f19

2017

2017

o

[=] E e

4

° ‘% [ ald

W“"Ww 4 .

=

4 (=]

=l COzqqintensity r o

o~ © Price 1
o
e
o
uw
I

2019

=+ |
i
=
%

o w' " “.
-mr wl.fhw /

200
B

€Oy, intensity (g/ kWh)
400 600

U
Electricity spot price (cent/kWh)

2020
é: [f 'M‘.lﬁ iy M Wﬁ»{% . ©
§'W ff:ﬁ "‘*M E c"]'H“F | 1[’4 3 o

2021 _
: i‘ JJ ':
= h \ Hl‘“n |L ‘1 'r‘ il ul’u1| il b IlJl M;I]lr*"l I L
ANRNTAN iha L TR £ Y a
g Jotun h«t ﬂ« M ' -

mHOur o0 L)

Figure 4. Hourly COyq. intensity and electricity spot price between 2017 and 2021 (Data source for
electricity spot price: [29]).
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Figure 5. Correlation of hourly COyq. intensity and electricity spot price (Data source for electricity
spot price: [29]).

As described in Section 2.1, the COyq, intensity calculation considers the CO; emission
from the imported energy, hence, in Figure 6, the COyq, intensity profile during import
period is examined. One of the highest energy flows to Germany is from the Czech Republic.
Along with the import, the COy¢q. intensity in the German power grid rises.
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COgq intensity (g/kWh)
O Import from Czech Republic
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Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Day 7

Figure 6. Correlation of hourly COyeq. intensity and imports with interconnected countries.
3.2. Penalty Signals Threshold

Figure 7 presents the penalty signal thresholds for CO,q. intensity and electricity spot
price for daily aggregation in 2021. The price thresholds vary for each daily aggregation and
fluctuate over the course of the year. This raises concerns about the choice of a threshold
for a particular day, e.g., selecting the threshold for day, may result in no positive grid
interaction on dayy,1 or a loss of potential flexibility application hours. Similarly, COpq.
intensity thresholds vary significantly between days, requiring a threshold to be set for
each day. Additionally, the daily COyq. intensity thresholds exhibit larger differences
throughout the year than the electricity spot price thresholds.
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Figure 7. Upper and lower threshold of price and COy¢q. signals with daily observation (red lines

represent the upper 25th percentile (downward action) and green lines show the lower 25th percentile
(upward action)).

Figure 8 shows the results for biweekly aggregation, with a total of 26 intervals over
the course of a year. The electricity spot price threshold values are close to each other
among observations than those at daily aggregation, although differences are observed
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among the seasons. Conversely, COq. intensity threshold exhibits distinct variations
during the year.
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Figure 8. Upper and lower threshold of price and COzq. signals with 2 weeks’ observation (red
lines represent the upper 25th percentile (downward action) and green lines show the lower 25th
percentile (upward action)).

The benchmark for threshold limits for COzeq, intensity signal and price signal be-
tween daily and biweekly aggregation was assessed using the upper quartile and lower
quartile for the heating season, and the results with the maximum possible flexibility
operation hours are presented in Tables 4 and 5. The penalty-aware times are grouped
into upward and downward periods. Upward time represents the hours during a day
when the penalty signal is less than the lower limit and downward time stands for the
periods when the dynamic signal is higher than the upper limit. In Table 4, the differences
between aggregations are found as following: In daily aggregation, flexibility application is
possible while dynamic COyq. intensity signal is higher than 481 gCOsq. /kwh or lower
than 447 gCOs¢q./kwh for Day 1. The maximum possible flexibility operation hours from
the grid side are 6 and 5 h for upward and downward action, respectively. In the case of
biweekly aggregation, there can be flexibility when the COyeq. intensity signal is higher
than 531 gCOy¢q./kwh and lower than 435 gCOsq./kwh on the same day, and these are
the limits for the next 13 days. On Day 1, the entire day is offered for the upward energy
flexibility. By the last day, Day 14, almost no interaction presents based on the calculation
results of biweekly aggregation. For this day, 6 h of upward and downward actions are
found by the daily aggregation. Comparing the daily and biweekly aggregation cases, a
50% difference is observed for threshold limits, which is the main factor for the variability
seen for possible flexibility hours. Besides, rather than having a switch between upward
and downward actions, as in the daily aggregation case, the building is intended to have
one type of operation in biweekly aggregation.

Table 5 presents the thresholds for the price signal and the maximum possible inter-
action hours for the heating season. Similar to the COyq. intensity signal case, the daily
aggregation case shows 5 and 6 h of upward and downward action on Day 1, respectively.
However, some days exhibit significant differences by biweekly aggregation by enabling
19 h of upwards flexibility. On Day 14, the flexibility by biweekly aggregation is found as
16 h of downward flexibility. Yet, nearly equal number of flexibility hours (5 and 6 h) for
both upwards and downwards are possible with daily aggregation.
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Table 4. The thresholds of COq, intensity based on daily and biweekly aggregation—heating season.

Daily—COs¢q, Intensity Signal Biweekly—CO»q. Intensity Signal
Upper Lower Upward Downward Upper Lower Upward Downward

(gCO2eq./kwh) (Hour) (8CO2eq./kwh) (Hour)
Day 1 481 447 6 5 24 0
Day 2 499 465 6 6 7 2
Day 3 527 467 6 5 3 2
Day 4 494 440 6 7 0 9
Day 5 473 333 5 6 7 2
Day 6 553 513 7 5 14 2
Day 7 515 492 6 7 0 23
Day 8 539 497 6 5 531 435 0 10
Day 9 481 408 5 7 0 15
Day 10 508 456 7 5 13 2
Day 11 499 473 6 6 4 6
Day 12 464 426 6 6 0 4
Day 13 488 453 5 5 13 0
Day 14 513 481 6 6 0 2

Table 5. The thresholds of price signal based on daily and biweekly observation intervals in the
heating season. (Data source for electricity spot price: [29]).

Daily—Price Signal Biweekly—Price Signal
Upper Lower Upward Downward Upper Lower Upward Downward
(cent/kwh) (Hour) (cent/kwh) (Hour)
Day 1 23 17 5 6 19 0
Day 2 21 9 6 6 6 0
Day 3 33 19 7 6 12 0
Day 4 29 13 5 6 3 11
Day 5 24 10 6 6 8 1
Day 6 34 20 7 6 9 0
Day 7 28 20 5 6 2 13
Day 8 28 21 7 6 32 12 3 2
Day 9 24 11 5 6 1 0
Day 10 32 19 7 6 12 0
Day 11 37 20 6 6 5 13
Day 12 34 24 6 6 4 14
Day 13 41 26 6 6 0 14
Day 14 39 27 5 6 0 16

4. A Case Study

The threshold limits are applied to the office zones of a university building assumed
to be equipped with an air source heat pump with a constant COP of 4. The university
building is located in Wuppertal, Germany and has a total net floor area of 860 m? (only for
the case zone as presented in Figure 9).

The simulation employs measured climate data from the university weather station
and power grid COyq. intensity and electricity spot price data from 2021 as penalty sig-
nals. The U-values of the external walls (0.22 W/m?K), window (1.3 W/m?.K), roof
(0.20 W/m? K) and floor (0.28 W/m?.K) were defined as well as the occupancy and venti-
lation profile (Mon.—Fri. 8:00 a.m. to 6:00 p.m.) in the simulation model. The indoor air
temperature set points are designated as the flexibility option.
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Plant model

Zone hot water
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Figure 9. (A) The building zone and (B) plant model for the simulated case.

The simulation was conducted in hourly time step resolution using the IDA-ICE
simulation tool [42], and all five cases are simulated, as outlined in Section 2.3. Daily and
biweekly aggregation intervals are used for the simulation for a year, and a rule-based
control (RBC) algorithm is employed. The calculated thresholds from Section 3.2 are
inserted as input into the control macro, and the indoor temperature levels are adjusted
according to the input flexibility status. The indoor temperature set points are 20 °C, 21 °C,
and 22 °C for downward flexibility status, no flexibility status and upward flexibility status,
respectively, during the heating season. Figure 10 presents the emissions, cost based on the
electricity spot market prices (not end user costs), load demand profile, indoor temperature,
and the possible flexibility status for Day 1 (from Table 4) as a representative day during
the heating season based on daily aggregation, while Figure 11 presents the same metrics
for biweekly aggregation intervals (Day 1 from Table 5). The analysis and comparison of
the results of the entire 14 days are given in Table 6 with the reference case results. In this
research, a simple thermostatic case is simulated for the reference case, and the given costs
represent electricity usage coming from the heat pump operation, excluding other zone
usage-related costs. It is assumed that end user costs follow the spot market cost profile.

Table 6. The results of the simulated cases for two weeks—heating season.

Case Case Case Case Case
Emission Price Concurrence Combined Reference

1 Day 2W 1 Day 2W 1 Day 2W 1 Day 2W -

Load demand (kWh)
CO; emission (kgCOxzq.)
Cost
(Euro)

690 710 715 740 740 730 710 740 875
620 615 690 650 685 690 665 640 840

310 280 245 240 300 305 290 250 380

The minimisation objective is achieved for both daily and biweekly aggregation as
illustrated in Figures 10 and 11. The results comparison of observation intervals indicates
that savings are higher on biweekly aggregation intervals except for Case Concurrence.
In Case Emission, CO, emissions are reduced by 26% and 27% with daily and biweekly
aggregation, respectively. In Case Price, around a 35% decrement of costs is observed. In
Case Concurrence, emission is reduced by 18%, while the cost change is reduced by around
27%. In Case Combined, a 21% and 24% downward change on emissions, besides, a 24%
and 34% less cost is calculated for daily and biweekly aggregation, respectively.
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Figure 10. Simulation results of penalty signal with daily aggregation threshold—heating season.

Table 7 provides a comprehensive overview of the yearly savings achieved by the
different cases during the heating season. Based on the optimisation parameter (such as
emissions for Case Emission and cost for Case Price, etc.), higher savings are calculated in
the daily aggregation interval case by a small margin. Case Price results in the highest cost
savings, followed by Case Combined. Likewise, the difference in emission savings between
Case Emission and Case Combined is negligible. Although the results of Case Concurrence
exhibit improvement compared to the reference case, they do not yield any substantial
advantage in terms of final metrics. Single penalty signals, such as COyq. intensity and
price signals, maximise savings for their respective optimisation parameters. However, a
holistic optimisation approach can be achieved as demonstrated by Case Combined.
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Figure 11. Simulation results of penalty signal with a biweekly observation threshold—heating season.
Table 7. The results of the simulated cases for entire heating season in a year.
Case Case Case Case Case
Emission Price Concurrence Combined Reference
1 Day 2W 1 Day 2W 1 Day 2W 1 Day 2W -
Load demand (kWh) 20,800 22,200 20,400 21,350 21,000 22,000 20,800 21,700 23,300
CO; emission (kgCO2eq.) 5660 5900 6170 6120 6240 6260 5900 5960 8290
Cost
1500 1450 1270 1300 1530 1515 1360 1330 2070

(Euro)
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5. Discussion

The relation between COyq. intensity and share of electricity production type are
assessed between 2017 and 2021. Following this, the correlation of COyeq. intensity and
electricity spot price is analysed. The decrement of the positive correlation in the last year
is highlighted. Moreover, it is seen that the COyq. intensity does not depend on local
generation technologies but also on the COyeq, intensity of the interconnected countries.
The expansion of the power grid through neighbouring countries limits the value of
environmental returns of the existing local RES. Despite the ongoing action plan and the
increasing penetration of RES, the share of fossil-fuel based electricity generation does not
demonstrate a steady decrease. For a nonemission power grid, the operated generation
technology types of the interconnected countries are critical as the local technologies.

Two joint penalty signals and their modelling approach with the motivation of ac-
quiring both environmental and economic savings are introduced. In addition to a single
type of penalty signal implementation, their joint impact was able to address improved
performance in terms of environment, cost, and load demand. The results from Case
Combined presents an option for building operations which ensure remarkable savings
on metrics compared to the other cases. Even though each of these parameters can be
enhanced more by individual signals (either COy¢q. or price), the overall average outcome
is found to be favourable.

The building energy flexibility analysis by applying different penalty signals consider-
ing the upper and lower quartiles was performed with the calculated power grid COgeq.
intensity data and historical electricity spot price (before tax) data from the ENTSO-E
platform. Two aggregation intervals, namely daily and biweekly, were used for threshold
analysis. These thresholds were incorporated into two joint penalty signals as concurrence
and combined signals. The approach to develop these signals was described. An office
zone group’s energy performance, presenting CO, emission, cost, load demand, and indoor
temperature, was simulated by a building energy simulation tool using the mentioned
penalty signals for five given cases. The main findings are listed below:

e The approach for aggregation intervals of penalty signals plays a critical role for the
determination of thresholds and the maximum possible interaction hours from the
grid side. In the heating season, marked differences were observed for upper and
lower thresholds between aggregation intervals.

e Biweekly aggregation intervals might provide an improved building performance
based on the time of the year during heating season. However, no significant difference
is found between aggregation intervals in the yearly metrics.

o  With Case Combined, the environmental and economic performance closely approx-
imates that of Case Emission and Case Price, respectively, thereby achieving the
research’s objective of minimizing both metrics to nearly the same level.

e  Biweekly aggregation reduces peak demand compared to daily aggregation and results
in less indoor temperature fluctuation.

The modelling approach of the combined signal ensures more flexibility hours than a
single penalty signal, thereby improving both environmental and economic metrics with
the use of a joint signal.

6. Conclusions

A simple-structured methodology is presented to calculate the dynamic climate gas
emission intensity in the power grid. The calculation method can be used to generate the
CO; penalty signal in the energy flexibility studies. The main drivers of the emission signals
were investigated, following the impact of production technology types, and their share and
electricity import in the local power grid are discussed. The relation of COy¢q, intensity was
compared to electricity spot price and energy use as a penalty signal in energy flexibility.
The biggest challenge was to collect reliable climate gas emission factors of the production
technologies and the average emission intensity of the countries, because available data
from various sources are not consistent. However, data of electricity production from
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technologies was easily accessible through transparency platform. For precise emission
intensity calculation, the dynamic COyeq, intensity of the interconnected countries should be
considered rather than the average value for energy trade. However, this would complicate
the calculation process, especially if there is more than one bidding zone in the connected
country. As the penetration of RES is increasing in Germany, a bidding zone configuration
might be needed to ensure congestion management. In such a situation, the grid emission
intensity in Germany should be calculated on a bidding zone basis and the relation with
the price signal should be assessed separately. Additionally, the self-consumption of the
production plants should be considered for a more accurate outcome.

A joint signal is necessary for the current mixed power grid but may not be required
for future grids based solely on renewable energy sources. In such a scenario, the order
of merit for electricity generation could change, potentially simplifying the calculation
challenges of marginal emission factors. Then, the dynamic power grid intensity and
electricity spot prices would be positively correlated and employed in building energy
flexibility applications.
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Nomenclature
Abbreviations
CO2eq. Carbon dioxide equivalent emissions
CcOopP Coefficient of performance
GHG Greenhouse gas
HVAC Heating, ventilation, and air conditioning
RES Renewable energy system
Indices
heH Index and set of hours (hour)
iel Index and set of electricity production technologies (-)
j€] Index and set of import countries (-)
keK Index and set of export countries (-)
Parameter
COy;4 CO, equivalent emission coefficient of electricity production technology i
CO2¢q, COgzeq. intensity of country j
Variables
EEg ) Exported electrical energy to interconnected country k at hour h (kWh)
EERatio Ratio of exported electrical energy (-)

ExportCOZ emission
GrldCOg emission
GrldCOz intesity

Total CO; emission of exported electricity to interconnected country from Germany (gCO2¢q.)
Total CO, emission in the power grid (gCOzq.)
Dynamic COzq. intensity in the power grid (§COzq /kWh)

Loadg,iq Total load in the power grid (kwh)

Importco, emission Total CO;, emission of imported electricity from interconnected country to Germany (gCOzq.)
IEj ), Imported electrical energy from country j at hour (kWh)

PT;p, Generated electricity from production technology i at hour h (kWh)

PTC02 emission

Total CO;, emission from electricity production technology at hour h (gCO2¢q.)
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Abstract

A positive interaction between buildings and
power grids can enhance green power utilization.
Notwithstanding these advancements, the
unforeseen voltage stability challenges, leading
to critical grid states, remains a salient concern.
In this research, the power demand optimization
of a case building is accomplished through the
application of rule-based predictive heuristic
control, with a primary focus on achieving
economical operation while considering the
requests from the smart grid system. As part of
the Solar Decathlon Europe 21/22 competition,
one of the competition buildings is exploited as
case building. Cost optimized operation of the
building is driven by historical electricity spot
prices from the power grid of Germany. The
critical grid state measurements of smart grid
system are undertaken by the local utility
company. During critical status, the building is
expected to respond to the smart grid system by
decreasing the power demand. To conduct the
analysis, a co-simulation environment is
developed between IDA-ICE and MATLAB. The
power demand profiles of subcomponents —
namely, heat pump, photovoltaic, electrical
energy storage, and user-related loads— are
simulated by IDA-ICE, while cost and power
optimization is run in MATLAB. In conclusion, this
research demonstrates an approach to support
grid stability challenges through building-grid
interaction.

Introduction

A positive interaction between buildings and
power grid can increase green energy usage by
introducing dynamic electricity prices within
energy market (Zhao et al. 2015). However,
despite this advancement, challenges such as
unexpected voltage stability issues remain
significant. In such scenarios, it becomes
necessary to respond to signals from the smart
grid system (SGS) by adjusting building
operations to support the SGS operation. The
integration of smart grid technology into building

operations is referred

interaction.

to as building-grid

In case of voltage instability in the SGS operation,
the buildings are informed by SGS technologies
to adapt their operation to ensure the resilient SG
operation. To achieve this, the building operation
should be optimized by control algorithms.
Building energy management systems are
capable to receive the signal from SGS and apply
demand optimization using model predictive
control (MPC), rule-based control, reinforcement
learning control (Zhou et al. 2023), heuristic
control (Dengiz et al. 2019) and more.

Heuristics-based controls exploit the simple rules
derived from experimental and practical
experiences (Sanchez et al. 2019). Executing
control algorithms such as MPC can be
computationally expensive, but this can be
mitigated by using a heuristic approach. For
building energy optimization, RPHC enables the
definition of selected operation setpoints to be
evaluated for the solution. Therefore, control
algorithms evaluate the given values rather than
all possible values within a setpoint range, thus
finding the solution faster. On the other hand, the
RPHC approach may not provide the optimal
solution since it evaluates only predefined
values, not all possible values. As a result, it
provides an applicable solution, though a better
solution may exist. To adopt a simplified
approach, (Gudi et al. 2012) evaluated
household appliance scheduling for cost
optimization using heuristic control with a set of
defined rules, resulting in a 20% cost reduction.
(Dengiz et al. 2019) applied rule-based heuristic
control to minimize the heating cost of a
residential area. (Cano-Tirado et al. 2024)
applied a heuristic genetic algorithm to schedule
a charging infrastructure operation to support
SGS operation.

Novelty

In this research, the power demand optimization
of a case building is accomplished through the
application of RPHC, with a primary focus on
achieving economical operation while
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considering the requests from the SGS. In this
paper, the authors discuss: 1) development and
application of RPHC, 2) building a co-simulation
environment, and 3) finally optimizing building
operations based on the multiple signals from
SGS.

Cost optimized operation of the building is driven
by electricity spot prices from the German power
grid for the year 2023. The critical grid state
measurements of a transformer station for the
same year are undertaken by the local utility
Wuppertaler Stadtwerke. On critical status, the
buildings are expected to decrease the power
demand at the exact amount SGS needs.

As part of the Solar Decathlon Europe 21/22
competition (SDE 21/22 2022), one of the
competition buildings “MIMO” (MIMO 2023) is
exploited as case building in this research. More
information about the building is given in
Simulation section.

The co-simulation environment has been
developed to ensure communication between a
building energy simulation tool IDA-ICE (IDA-ICE
2023) and numeric computing program MATLAB
(MATLAB 2015). Within this framework, RPHC is
applied in MATLAB by employing cost
optimization. The power demand profiles of
distinct subcomponents - namely, the heat pump,
photovoltaic array (PV), electrical storage system
(ESS), and user-related loads such as lighting
and plug-in devices - are simulated by IDA-ICE.
These simulated profiles are then stored in
MATLAB, serving as input for the calculation. The
manipulated  variables are the supply
temperature of the thermal buffer tank (TBT) and
charging/discharging value from ESS, which
drives the heuristic strategy. In Co-simulation
environment section, this framework is described
in detail. This research is conducted only in the
simulation environment and has not been applied
to the real-existing building.

Simulation

The case building, MIMO, is an all-electric
demonstration building equipped with an air-
water heat pump (for heating purposes only) that
has a thermal capacity of 5.28 kW. It is modelled
with a constant coefficient of performance of
4.41. The building comprises three zones (such
as community room, residential unit 1 and
residential unit 2) and has a net conditioned area
of 85 m2, Utilizing TBT to fulfill both space heating
and domestic hot water requirements, the
efficient distribution of heat is achieved through
the integration of underfloor and wall heating
units. Aiming for self-sufficiency, a PV with a
rated capacity of 2.8 kWp, adding to this power
generation is a lithium-ion ESS with a capacity of

=
=
ibpsa

2.5 kWh are installed in the building. These
systems are integrated into the building's energy
model (Figure 1) using the building energy
simulation tool IDA-ICE.

B

Figure 1: The picture of the case building (Sigurd
Steinprinz, University of Wuppertal) (A) and the energy
model view (B)

The building energy model is calibrated by
monitored data during the competition period
when there is a test phase for co-heating (mid-
June 2022) to assess the thermal performance of
the building. The results from the test period and
the IDA-ICE simulation are compared as given in
Figure 2, leading to accurate outcomes.
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Figure 2: The indoor temperature profile of the case
building for the calibration process

This paper presents a comprehensive analysis of
a representative one-day heating period (18
January 2023) in response to the SGS signals
within the developed co-simulation environment.
The assessment is conducted between the
building's business-as-usual case (BAU) and
building-grid interaction case. These
comparisons are performed for both before and
after grid critical states, presenting optimized
building operation in response to the dynamic
grid environment. In this context, following cases
are analyzed:

1-BAU case: In this reference case, MIMO
operates under a signal-unaware condition,
meaning it does not engage in active building-grid
interaction. The building operates independently,
with indoor temperature setpoints remaining
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constant (16°C for community room and 20°C for
residential units). The ESS is charged by the
installed PV and discharges to cover the
building's energy demand, thus operating on a
self-sufficiency basis. Consequently, there are no
additional measures implemented to minimize
costs, unlike in scenarios involving active
building-grid engagement, which is discussed in
the following section.

2- Building-grid interaction case: In this scenario,
the building receives signals from SGS to
manage two types of operational statuses: grid-
oriented and market-oriented operations (Figure
3). When the building participates in building-grid
interaction, it becomes eligible to take part in the
flexibility market, allowing it to consume power at
more favorable prices. In response, the building
assumes the responsibility of supporting the SGS
in the event of critical voltage instability in the
power grid, thus creating a win-win situation.

Building-Grid Interaction Optimization

Status 1 Status 2

Grid
oriented
optimization

Market
oriented
optimization

Grid
oriented
optimization

Market
oriented
optimization

Status 1: Grid request is active,
therefore market oriented market oriented operation to
operation is suspended till achieve cost optimizationis
criticalgrid statusis over. active.

Status 2: No grid request,

Figure 3: The two types of status occur in building-
gird interaction case

In this context, the operational priority is to ensure
grid stability. Therefore, the building continually
monitors grid request signals. If no such signal is
detected, the building then operates under a
market-oriented approach to optimize operational
costs by taking advantage of the flexibility market
prices. To actualize the building-grid interaction
case, there are several steps to be followed:

Step 1: The grid-oriented status occurs rarely, as
it represents a critical situation that arises
unexpectedly. The flexibility —market are
announced one day in advance, allowing
buildings use this time to optimize their
operations (e.g., temperature setpoints, EES
discharging/charging actions) for the most cost-
effective overall operation (referred to as Status
2 in Figure 3). For this purpose, control
algorithms, such as RPHC, are applied. This is
the first step executed in the co-simulation
environment so that the best economical solution
is found for the case building. The use of control
algorithm in this research is discussed in Rule-
Based Predictive Heuristic Controlsection.

=
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Step 2: When RPHC decides the building’s
setpoints and actions for market-oriented
operation, they are scheduled to be applied the
following day. However, if the SGS issues a
request for grid support during a day when
market-oriented operation is active (referred to as
Status 1-Figure 3), it requires the execution of a
separate optimization algorithm. This algorithm is
tasked with identifying the solution to assist the
grid, which involves calculating the precise
setpoints and actions needed to achieve the
specific reduction in power demand requested by
the SGS. The effectiveness of these adjustments
is assessed using the load matching index (LMI)
mentioned in the Results section. This step is
executed by another RPHC script in MATLAB,
which is distinct from script applied in Step 1.

Step 3: Upon fulfilling the SGS's power reduction
request, the building resumes market-oriented
operation. However, due to the adjustments
made during the grid-oriented optimization
phase, the initial setpoints/actions determined in
Step 1 no longer apply. Consequently, new
market-oriented setpoints/actions need to be
recalculated for the remainder of the day, based
on the adjustments implemented in Step 2. To
accomplish this, a separate RPHC script is
executed in MATLAB, aimed at optimizing
operational costs under the new conditions. This
ensures that the building operates in the most
economically advantageous manner for the rest
of the day. If there is no grid request from SGS
on a specific day, the building's operation
continues according to the market-oriented
setpoints, and actions determined in Step 1.

Co-simulation environment

In this research, two separate calculations are
carried out, each requiring different programs
designed to meet specific needs. These include:
(1) determining building energy performance
results, including HVAC operation values and
thermal comfort values, and (2) implementing
advanced control algorithms for demand
optimization based on SGS requests and optimal
cost results. Importantly, these calculations must
be performed concurrently, as the results for the
next time step depend on the outcomes of the
previous time step in this dynamic calculation
environment. To address this challenge, a co-
simulation framework is established, enabling an
analysis of building-grid interaction. Specifically,
this research utilizes a co-simulation environment
that integrates IDA-ICE (for building energy
simulation) and MATLAB (for RPHC
implementation).

The initial connection between IDA-ICE and
MATLAB is established using a given MATLAB
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script from the IDA-ICE developers. Following
this, the script is improved by implementing
RPHC. The initial script enables the channel
connection to IDA-ICE to send and receive data
using import and export modules. To avoid data
loss between these programs, high resolution
time steps such as one to five minutes are
favorable. However, the computational burden
during the co-simulation limits this process,
causing the simulation to collapse before
completing the defined simulation time (such as
24 hours). After testing several time steps, the
time step for continuous simulation is set to 15
minutes. The determination of the proper time
step involved conducting several runs and
evaluating indicators such as simulation stability,
data transmission stability, and the completeness
of IDA-ICE simulation outputs in local directory.
However, as mentioned above, data loss is a
critical problem since the exported data from IDA-
ICE is an input for the cost optimization
calculation in MATLAB and if there is a mismatch
between calculated final values and exported
values. RPHC receives incorrect values, leading
to performance gap between the simulated case
and real case practice. To avoid this problem,
another approach is applied: IDA-ICE saves the
simulation results in “.prn” format in a local
directory. In MATLAB, an additional section is
written as part of the RPHC script to call and read
the .prn files. These read data are accurate and
provide reliable inputs for RPHC. Therefore, the
data transferred by the export module are
neglected. It should be noted that this problem is
not observed during the data import process from
MATLAB to IDA-ICE, but vice versa.

Another challenge in the co-simulation
environment is long calculation times. For an
accurate energy performance calculation, as
much as different setpoints sent by MATLAB,
more building performance cases are simulated
in IDA-ICE allowing to the calculation of the most
cost-effective result in RPHC among many
different scenarios. Each simulation case means
additional simulation time. Also, how long the
control horizon should be (6 hours, 12 hours etc.)
is another factor to consider. Therefore, some
simplifications are applied to reduce the
computational burden. These simplifications are
explained in the Rule-Based Predictive Heuristic
Control section.

The co-simulation framework is controlled mainly
by MATLAB which provides the commands to set
up a channel connection, create storage for
transferred data and finally launches IDA-ICE. In
other words, after setting up the co-simulation
environment, the user doesn’t use IDA-ICE
anymore directly, since everything is controlled

by MATLAB. After launching IDA-ICE, the
simulation time “from when to when” is assigned
by MATLAB script, following, the
setpoints/actions values are sent to IDA-ICE.
During the simulation time span, the data transfer
between two programs continues. At each time
step, the data “sent t0” and “received from” are
stored in MATLAB for post-processing, in
addition to the IDA-ICE storage. Once the
simulation period concludes, MATLAB issues a
command for IDA-ICE to terminate its operation.
MATLAB then pauses momentarily to ensure all
IDA-ICE data storages are properly closed,
preventing any data overlap that could be caused
by the upcoming simulation. This process
outlines just one simulation scenario for RPHC.
However, this workflow will be repeated from the
beginning for each existing RPHC scenario. The
development methodology of the simulation
scenarios is explained in section Rule-Based
Predictive Heuristic Control.

| L & IDA ICE
—> Initialize channel connection
Create and open storagesfor Energy Model

import and export data

Launch IDA-ICE and assign
the simulation time

Run simulation
Export:

- Power demand
- Indoor temperature

Market-oriented optimization
Import:

- HWST from Schedule
- Charge/dischargesig
EES

Export values;

Close IDA-ICE

Run # of Scenario times

Savethe values in cost
optimization function

Figure 4: The co-simulation environment workflow for
the market- oriented optimization (Step 1)

As mentioned in the Novelty section, the
manipulated variables are the supply
temperature of TBT and charging/discharging
value of ESS. The explained co-simulation
workflow is illustrated in Figure 4 for market-
oriented optimization. In grid-oriented
optimization, the primary objective is to reduce
power demand by the amount requested by the
SGS. The initial strategy involves exploiting the
ESS to initiate discharge. In this context, the
request signal (binary 0/1) and the specific
amount of demand reduction required are
transmitted to IDA-ICE (Figure 5). If the
discharged power amount from ESS does not
meet the SGS's request (which is captured from
return values by IDA-ICE), various TBT setpoints
are then simulated until a value close to the
requested demand reduction is achieved.
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€ IDA ICE

Weather Data
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‘\MATLAE

Grid-oriented optimization

Import:

- Grid request signalfrom
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- Powerdemand reduction

Run till LMI is less than 10%

g argesignal
for EES

Store values

Close IDA-ICE

Savethe values to calculate

LMI

Figure 5: The co-simulation environment workflow for
the grid-oriented optimization (Step 2)

SGS Signals

In this research, hourly day-ahead energy unit
prices (before tax) are used for the optimization
of a representative heating day - the 8" of
January 2023 - which is sourced from the
ENTSO-E Transparency Platform (ENTSO-E
Transparency Platform Jan-2024).

In the BAU case, the TBT setpoints are
determined by a heating curve that depends on
the outdoor temperature. However, for the
building-grid interaction scenario, the setpoints
are adjusted in response to electricity price
signals. To facilitate this, the hourly price signal is
categorized into three levels: cheap, normal, and
expensive, using a quartile analysis (25
percentile) for the simulation day. During periods
identified as having the lowest electricity costs
(falling within the lower quartile of day-ahead
prices), the building's control system can adjust
the TBT setpoints for zone heating (domestic hot
water temperatures are not influenced by this
operation) to be either 2.5°C or 5.0°C higher than
the reference setpoint established in the BAU
scenario. For durations categorized under the
normal price level, two options are provided for
the TBT setpoint temperatures: either 2.5°C or
5.0°C lower than the BAU reference setpoint.
During periods with high electricity prices, the
heat pump is turned off. If the indoor temperature
is jeopardized during this period, the TBT
setpoints are reverted to the standard operating
temperatures defined for the BAU scenario. The
motivation for limiting setpoint temperatures is to
reduce the computational burden by decreasing
the number of possible simulation scenarios,
generating combinations only with the predefined
values in RPHC. This method allows the RPHC
to test specific provided setpoints, rather than
attempting every possible setpoint within a given
range, which could be extensive.

Secondly, as mentioned earlier, an SGS signal is
triggered in cases of critical voltage instability. In
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this case study, we utilize real monitored data
provided by the local utility. This data, collected
from a transformer in Wuppertal, reflects the
power demand of a neighborhood, reaching up to
100 kw. On average, a demand exceeding 50
kW triggers a yellow status, indicating slight
stress on the local transformer. If the demand
exceeds approximately 65 kW, it signifies a
critical situation requiring buildings to support
power grid stability. These thresholds are
considerably higher than the peak demand
observed for the case study building from the
SDE 21/22 competition, which is designed for
efficient energy consumption and has a peak
power demand of approximately 3.0 kW during
the heating period. Consequently, the building's
contribution to transformer support would be
minimal. To address this discrepancy, we
normalize the monitored data to a scale ranging
from 2 kW to 10 kW, where the yellow and red
statuses are triggered after 5 kW and 6.5 kW,
respectively.

Rule-Based Predictive Heuristic Control

RPHC runs various scenarios to optimize the
overall operating costs of the case building by
aligning them with a market-oriented operation.
Here the main concern is to decrease the
computation time as RPHC running with a white-
box model results in long simulation times, e.g.,
15 hours for a day optimization. In this context,
two simplifications are conducted limiting the
possible setpoints to develop the RPHC
scenarios and dividing the prediction horizon (24
hours) into four control horizons.

In the SGS Signals section, the approach to limit
the possible setpoints are explained. For each
time step, there are two possible TBT setpoints
based on the price category: During cheap price
periods, either 2.5°C or 5°C above than BAU
case, and during normal price period either 2.5°C
or 5°C below than BAU case. Using these values,
a set of simulation scenarios is developed by
combining all the possible setpoints throughout a
day. For example, if one hour has a cheap price
with two temperature options, and the next hour
has a normal price with two different temperature
options, we combine these options to form four
unique scenarios. When we apply this method
over six continuous hours, the number of possible
scenario combinations increases greatly.

Alongside the prediction horizon (24 hours), the
co-simulation process includes a six-hour control
horizon (Figure 6). Each control horizon
comprises a series of #n simulation scenarios,
categorized according to the price signal
category over the control horizon. The initial
control horizon predicts the optimal demand
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profile from 00:00 to 06:00. The inputs for the
next control horizon are the setpoint values
determined and saved from the previous control
horizon. During the second control horizon,
simulations run from 00:00 to 12:00. For the
interval from 00:00 to 06:00, the setpoint values
established in the first control horizon are used,
and new setpoint values for the period from 06:00
to 12:00 are projected using the RPHC. Once the
final setpoint values are obtained, they are saved
and employed in the following control horizon.
This approach is maintained throughout the
prediction horizon. Following each control
horizon, the power demand outcomes for each
scenario, as computed by IDA-ICE, are stored in
MATLAB. These results are then utilized for the
cost calculation. The scenario yielding the most
favorable cost outcome is selected as the final
decision.

Past Future

[ | 1
' 1 1
[ ] '
' | '
' | '
1 | 1
[ 1 '
' | '
' | 1
' ' '
1 ' 1
1 | 1
1 1 1

00:00 06:00 12:00 18:00 00:00

Control horizon n;, Control horizon n,, Control horizon n, Control horizon n;,

Prediction horizon

Figure 6: Prediction and control horizons in RPHC
application

In the case study, an SGS signal occurs before
19:00 indicating that the predicted power demand
from market-oriented optimization between
19:00-20:00 should be reduced by 1300 W due
to an impending critical situation. In the Results
section, the capability of the building’s energy
system to respond this demand is analyzed and
the outcomes are presented for each
optimization as described in the Simulation
section in addition to the LMI. LMI serves as an
indicator to show the effectiveness of the
response ratio to the power grid's demand. LMl is
formulated as following:

PMarket—oriented opt.~ PGrid—oriented opt.
LMI = 2 2 1)

Psgs request

P=Power demand from grid (Watt)

Results

This case study requires an analysis of cost
optimization and demand reduction optimization
in response to SGS signals, as well as a
reevaluation of cost optimization for the
remainder of the day after adjusting the
operational setpoints to support the SGS. In this
analysis, various optimization scenarios are
compared on an hourly basis to the BAU case,

=
IS
ibpsa

with a focus on key performance metrics: the
power demand of the heat pump, the state of
charge of the ESS, the power demand from the
grid, the temperature of the TBT, the indoor
temperature of residential unit-1, LMI and total
operational cost calculation.

In Figure 7, the ESS state of charge shows the
storage utilization under different operational
strategies. The BAU approach demonstrates a
relatively uniform state of charge, suggesting an
absence of strategic charging actions from the
power grid, attributed to a strategy focused on
self-sufficiency. Given that solar irradiance is
typically weak during a standard heating period
day, the EES cannot be charged, preventing the
building from utilizing the EES's potential. On the
other hand, market-oriented operation suggests
an adaptive charging/discharging strategy to use
lower electricity prices to charge, presented by
significant charging levels, specifically during

overnight.
2500 BAU
Market-oriented operation
2000 = Grid-oriented operation

B Market-oriented optimization after grid-oriented
operation

Load (Wh)
&
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Figure 7: EES state of charge for different operation
cases

In market-oriented optimization, the amount of
stored energy increases between 19:00-20:00
due to a plan to charge up (using 800 W for
charging). However, when it comes to supporting
the grid, this charging plan isn't used. Instead, the
stored energy decreases, showing that the EES
is discharged by 250 W. This discharging phase
is necessary to minimize the power demand from
grid as requested by SGS. By changing the
planned actions for the EES, power demand from
grid is decreased by 1050 W in total. This action
underlines the ESS's role in providing flexibility
and its ability to manage between market-driven
objectives and grid-supportive actions. However,
since this amount is not sufficient, further action,
such as, changing the heat pump power demand,
is considered in the next step.

Heat pump power demand is given in Figure 8. In
the BAU scenario, demand reflects a non-
responsive system to price signals or grid
requests. It operates only based on the thermal
needs of the building. Reversely, the market-
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oriented operation presents a dynamic
adjustment to the fluctuating prices throughout
the day.

1400 BAU

= Market-oriented operation

1200

= Grid-oriented operation

1000

u Market-oriented optimization after grid-oriented
operation

800

Power (W)

600
400

200

0 L] I I |
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20

- o =
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Time (Hour)
Figure 8: Heat pump power demand for different
operation cases

During grid-oriented operation, to closely match
the power demand reduction requested by SGS
and considering that the EES strategy alone
cannot fully achieve this, it becomes necessary
to reduce heat pump operation, if possible,
without jeopardizing thermal comfort. In this
context, the heat pump operation is suspended,
and the power demand of 50 W is avoided.
Following the grid-oriented response, the market-
oriented optimization after grid-optimization case
shows an increment in demand.

Fehler! Verweisquelle konnte nicht gefunden
werden. illustrates the building's total power
demand from the grid under various operational
strategies. In the BAU scenario, power demand
remains steady at approximately 2000 W
throughout the day, indicating a non-adaptive
energy strategy since it doesn’t take part in the
energy flexibility market, however, market-
oriented operation is characterized by fluctuating
demand, reflecting active participation.

During grid-oriented operation, there’s a notable
decline in demand at 20:00, when the building
has decreased its grid energy use, to match load
reduction as requested from SGS. With EES and
heat pump power reduction strategy, 1100 W of
decrement is achieved. Following this, the
market-oriented  optimization  after  grid-
responsive action shows a rise in demand, that
considers both the previous support provided to
the grid and current market pricing. This presents
the building’s role as a proactive consumer that
maintains cost-effective energy habits. As
previously stated, SGS requested a reduction in
demand of 1300 W. Through the implementation
of the applied measure, a reduction of 1100 W in
demand is achieved. Based on the given formula
(1), LMl is calculated to be 85%.
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Figure 9: Final power demand for different operation
cases

Figure 10 shows the upper layer temperature of
TBT over a 24-hour period for different
optimization cases. Due to stratification, the
water is supplied to the heating units from the
upper layer, ensuring the highest temperature
water is used for heating purposes. The tank is
designed with 8 layers, which helps maintain
distinct temperature gradients and enhances the
efficiency of the thermal storage system. The
BAU line presents the temperature based on the
heating curve. For market-oriented optimization,
the temperature fluctuates more, adjusting to cost
variations and showing a more responsive
approach to energy pricing. During the grid
optimization, the temperatures go down since the
heat pump operation is suspended. However, on
the following hour, the temperature rises again.

BAU
= Market-oriented optimization

55 —— Grid-oriented optimization

—— Market-oriented optimization after grid-oriented operation

Temperature (°C)

Time (hours)

Figure 10: Thermal buffer tank upper layer temperature
for different operation cases

Figure 11 tracks the indoor temperature under
different scenarios, indicating how the thermal
comfort is influenced by each strategy. The
temperature under the BAU approach is quite
stable, suggesting that the heating system
maintains a consistent setting since it doesn’t
interact with dynamic pricing. The market-
oriented result also presents similar behavior to
the BAU case, since the manipulated RPHC
variable is not indoor temperature profile, but TBT
temperature. In this research, the motivation was
to keep the indoor temperature stable as possible
so that the occupants do not sense the interaction
measures between the building and SGS.
However, due to changes in the heat pump
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operation plan during the grid-oriented operation
case, we observed a slight increase in indoor
temperature, approximately by 1°C, in the post-
operation scenario.

In addition to the power reduction, another crucial
aspect to consider is the potential economic
benefit. In the BAU scenario, the total operational
cost for the analyzed day is 5.64 €. Participation
in the flexibility market reduced this cost to 5.45
€. Following market optimization and subsequent
grid optimization, the final operational cost is
determined to be 5.5 €.

21

20

BAU

Market-oriented optimization

Operative Temperature (°C)

= Grid-oriented optimization

— Market-oriented optimization after grid-oriented operation

Time (Hour)

Figure 11: Indoor temperature of the residential unit-1
for different operation cases

Conclusion

The positive interaction between buildings and
the power grid is incentivized by participation in
the energy flexibility market to support SGS
operations. Nevertheless, the practical analysis
of this issue highlights the challenges of
implementing load optimization simulation
modelling using control strategies. The
complexity of these problems surpasses the
capabilites of a single program, introducing
computational complications and necessitating a
co-simulation environment.

In this research, a co-simulation environment
between a building performance simulation
program and numerical program is presented
with a case study. It showcases a win-win
situation to enhance grid stability and pursue cost
reductions. The results are evaluated with
several metrics. It is found that, with control
algorithms, multiple signal optimization such as
load and cost, can be achieved. However, in a
highly energy-efficient experimental building like
MIMO, achieving high LMI values and significant
cost reductions is constrained. This limitation
arises because such buildings are designed to
operate at a high level of energy efficiency in BAU
scenario. Consequently, the potential for
realizing higher cost benefits is also limited.
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ABSTRACT
The integration of renewable energy into power grids introduces instability due to generation inter-
mittency, necessitating demand-side flexibility strategies. Building-grid interaction, particularly for

thermally activated building systems, offers a solution by dynamically adjusting power demand. KEYWORDS

These buildings exploit thermal mass of their structural elements, such as concrete slabs with
embedded water pipes, to shift thermal loads. This study investigates an all-electric office building
with concrete core activation, employing a rule-based control strategy and introducing a rule-
based predictive control framework to optimize market-oriented and grid-oriented operations. A

Thermally activated building
systems; co-simulation;
energy flexibility markets;
market-oriented operation;

grid-oriented operation;

co-simulation environment integrating a building performance simulation tool with numerical opti-
demand response

mization is developed. Results show that the rule-based predictive control improves cost savings
by 2.2% compared to rule-based control while ensuring grid support, achieving a load matching
grid index of 88.6% during congestion events. The proposed approach enables sequential demand
flexibility, balancing economic efficiency and grid stability while offering an alternative to advanced

control algorithms.
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led to greater reliance on intermittent generation (Y. Li
etal. 2020). This intermittency often results in a mismatch
between energy generation and consumption, which, if

Introduction

Background

In traditional energy supply systems, electricity demand
in buildings is primarily met by a centralized utility grid,
where generation is largely stable and can be adjusted to
accommodate demand fluctuations (Powell et al. 2024).
However, the transition to a decarbonized energy system
has introduced new challenges in balancing electricity
supply and demand (Valkering et al. 2023). The increas-
ing integration of distributed energy resources (DERs),
such as solar photovoltaic (PV) and wind power, has

not managed effectively, can compromise power grid
stability.

Buildings, as major electricity consumers, have the
potential to play an important role in mitigating these
imbalances by providing demand-side flexibility (Liu et al.
2023). By actively participating in building-grid interac-
tion, buildings can adjust their energy consumption pat-
terns in response to market signals or grid constraints
(Balaras 1996). This flexibility enables buildings to align
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Building-Grid Interaction

Status 1 Status 2
Grid Market Grid Market
oriented oriented oriented oriented
optimization optimization optimization optimization

Status 1: No congestion,
market-oriented operation is
active for cost optimization.

Status 2: Request from grid
operator is active,
market-oriented operation is
suspended till congestion is over.

Figure 1. The sequential activation of market-oriented and grid-
oriented operations.

their demand with fluctuating renewable generation,
reducing grid stress and enhancing the overall efficiency
of energy distribution.

Within this framework, energy markets serve as key
enablers for the efficient distribution of electricity while
ensuring grid stability (L. Yang et al. 2024). In the Euro-
pean power grid system, the day-ahead market, intraday
market, and balancing market each contribute to dif-
ferent aspects of system reliability (Federal Ministry for
Economic Affairs and Energy 2015). However, with the
increasing penetration of decentralized energy systems,
demand-side flexibility has become an essential resource,
leading to the development of the flexibility market. The
flexibility market enables DERs, including buildings and
electric vehicle fleets, to offer demand-side flexibility by
shifting or reducing their consumption in response to
market signals or grid operator requests (Lustenberger
et al. 2024).

Buildings can participate in the flexibility market in
two main ways. First, they can apply market-oriented
operation that they can optimize their demand through
dynamic pricing mechanisms such as day-ahead market
prices (Alahaivala et al. 2017). This approach allows build-
ings to shift their energy demand to periods of lower
electricity prices, reducing overall costs. Second, build-
ings can actively participate in the flexibility market by
offering load shifting and demand reduction services
to grid operators in case of congestion issues (Esmat,
Usaola, and Moreno 2018). This operation, which will be
called grid-oriented operation after this point, is driven
by congestion events rather e.g. physical grid constraints,
rather than market-based incentives such as cost sav-
ings, CO, reduction, or price-based load shifting. When
congestion occurs, the market-oriented operation is sus-
pended as grid stability has higher priority. After ensur-
ing the congestion is resolved, the operation is switched
back to the market-oriented operation as illustrated in
Figure 1.

In this research, congestion refers to a power overload
in a substation as also described in Haque et al. (2017), Du
et al. (2023). To solve a congestion event, buildings must
adjust their load demand by the amount requested by the
distribution system operator. However, developing con-
trol algorithms to implement operational changes at the
requested demand level is a challenging task. Designing
an effective control algorithm requires not only achieving
an optimal solution, but also controller modelling perfor-
mance. This research introduces a novel control algorithm
for sequential market and grid-oriented operation in a
building equipped with Thermally Activated Building Sys-
tems (TABS), implemented within a co-simulation envi-
ronment. To evaluate its effectiveness, the algorithm'’s
outputs are compared with the results of a rule-based
control (RBC) analysis.

Addition to the congestion issues, frequency and
voltage stability are essential aspects of broader grid
resilience. However, these parameters are typically man-
aged at the transmission or substation level using supply-
side resources (e.g. spinning reserves, inverters) and very
fast control mechanisms. Buildings equipped with fast-
responding assets such as batteries, electric vehicles, or
smart inverters could only provide ancillary services like
frequency support and voltage control.

Thermally activated building systems and their
control

TABS embed heating and cooling elements within the
building structure, harnessing building envelope as ther-
mal reservoirs (Arteconi et al. 2014). In recent years,
TABS have garnered growing favour due to their capac-
ity to deliver enhanced thermal comfort and heightened
energy efficiency (Chen, Li, and Feng 2021) making use
of environmental heat sources and sinks. TABS contribute
to energy efficiency by allowing slightly lower heating
setpoints and higher cooling setpoints while maintaining
comfort (Rhee and Kim 2015; Salt 1985).

Since this system is characterized by water pipes
embedded in building structure, it exhibits a sluggish
response to control signals attributable to their substan-
tial thermal inertia. This constraint hinders the control
system’s ability to quickly address sudden thermal load
changes leading to increased energy consumption from
frequent mode switches (Tian and Love 2009). However,
by integrating a buffer tank as an energy buffer and
implementing a well-structured thermal charging con-
trol strategy, fluctuations in TABS operation can be mini-
mized. To assess the effectiveness of this implementation,
it should be analyzed as a potential strategy for building-
grid interaction, ensuring that TABS can provide both
energy efficiency and demand flexibility.



TABS are typically regulated controlling supply water
temperature and flow rate (Gwerder et al. 2008; Rhee, Ole-
sen, and Kim 2017). The heating/cooling curve adjusts the
supply water temperature based on outdoor air tempera-
ture, and water flow rate to individual zones aligns with
indoor set point temperatures (Lim et al. 2006; Olesen
2007). Some research suggests that slab or floor surface
temperatures can be used for control (Cho and Zaheer-
uddin 1999; Shin et al. 2015). In addition to the diverse
manipulation variables, the operation mode, either con-
tinuous or intermittent, can also be implemented (Cho
and Zaheer-uddin 1999). In continuous mode, the system
is continuously monitored and controlled by thermostat
feedback. Conversely, in the latter case, the operation is
implemented where the system is active during specific
hours throughout the day.

The integration of TABS with renewable energy
sources and heat pumps can effectively reduce reliance
on primary energy sources, enhances overall energy
efficiency and consequently leading to a subsequent
decrease in operational costs (Chen, Li, and Feng 2021).
In these hydronic systems, thermal energy is mostly
extracted from the ground as a resource to be utilized
by a heat pump (Self, Reddy, and Rosen 2013) and is
then distributed to the building structure via embod-
ied piping to charge the envelope. However, this under-
scores the necessity for the development of more sophis-
ticated building control strategies to effectively harness
the potential synergy between hydronic systems, renew-
able energy sources, and the building envelope for opti-
mal energy management.

To address this challenge, innovative building con-
trol approaches have been developed (R. Li et al. 2022).
These approaches consider the building’s thermal charac-
teristics, heating, ventilation, and air conditioning (HVAC)
system, and dynamic grid pricing or CO, emission fac-
tors. They exploit the building envelope as a struc-
tural thermal storage medium, offering a pathway to
harness building-grid interaction potential. This ensures
that energy demand aligns with periods of lower cost
and availability (Reynders, Nuytten, and Saelens 2013).
However, the interaction of the building when conges-
tion occurs in a power grid is not discussed. The exist-
ing research is primarily limited to analyzing market-
oriented operation or environmentally friendly operation.
It remains an open question how a TABS building can con-
tribute to grid stability while remaining unaffected by its
own sluggish thermal response during power instability.

The complexity of advanced control algorithms

Market-oriented operations can be analyzed using dif-
ferent control algorithms such as RBC, reinforcement
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learning, fuzzy logic, model predictive control (MPC) and
more (Jensen etal. 2017). Each of these control algorithms
has its own advantages and limitations when compared
to one another. As the modelling complexity of the con-
trol algorithm increases, its capability to find solutions
that maximize cost savings also improves. On the other
side, in grid-oriented operations, basic control algorithms
such as RBC are insufficient for determining accurate set-
points, as they lack the capability to compute optimal
solutions, necessitating the implementation of sophisti-
cated control strategies.

Advanced control algorithms, such as MPC and rein-
forcement learning are widely applied in energy man-
agement due to their ability to handle constraints, pre-
dict future states, and optimize multi-step decision-
making (Drgona et al. 2020). However, despite their
advanced performance, their practical implementation
remains challenging due to their demanding modelling
requirements.

Even though white-box MPC models capture build-
ing physics in depth, they are often too heavy to run
at the few-minute resolutions needed for real-time con-
trol. Wang et al. (2023) showed that a white-box MPC
based on IDA-ICE-Matlab co-simulation is impractical
for multi-room heating. The iterative, multi-zone calcu-
lations in IDA-ICE impose a heavy computational bur-
den, and the data exchange between IDA-ICE and MAT-
LAB is complex, undermining real-time optimization. This
underscores the practical limits of white-box MPC and
motivates reduced-order or grey-box replacement for
deployable controllers. For instance, Khatibi et al. (2022)
replaced the reference white box model with a second-
order state-space model and corrected with a Kalman-
style prediction for MPC implementation. Similarly in Wei
and Calautit (2024), the authors proceeded with an RC
surrogate of the white-box model because its low-order
state-space form enables efficient optimization within
MPC. Another critical point is the deployment of MPC
in building automation system as it generally requires
specialist expertise during both design and implemen-
tation (Killian and Kozek 2016). Because each building
energy system is tailored to a specific building, con-
trollers and plant models are non-transferable and costly
for engineers. Constructing and maintaining these mod-
els also imposes substantial computational demands and
depends on detailed mathematical representations of the
building. Additionally, this means required engineering
modelling effort is an additional cost as it requires heavy
work to obtain a reliable MPC model (Sturzenegger et al.
2016).

Compared to MPC, reinforcement learning can per-
form better on overcoming on challenges such as non-
linearity, and dynamic changes (Al Sayed et al. 2024).
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However, reinforcement learning requires substantial
monitored operational data for training. For new or
planned buildings, such data are unavailable, making
direct deployment of reinforcement learning on the
energy system technically infeasible. At the same time,
demand response is increasingly institutionalized, e.g.
driven by higher shares of variable renewables, so poli-
cies, standards, and incentive programs now encourage
designing and operating buildings for grid-interactive
operation. However, without monitored operational data
(or a calibrated white-box model), deploying reinforce-
ment learning in those buildings is not technically feasi-
ble. Also, it should also be noted that training a reliable
reinforcement learning model can last several months,
resulting in high computational costs (Dey et al. 2023).

As mentioned above, the process of developing the
mathematical model necessities an accurate represen-
tation of the building’s thermal behaviour, energy con-
sumption, and interaction with external market signals.
Given the complex thermal inertia of buildings, particu-
larly those equipped with TABS, a highly detailed model
must be developed, which increases computational effort
(X.Yang et al.2024). For practical applications, particularly
in grid-oriented operation, the computational demands
of these advanced algorithms pose significant barriers to
scalability. In real-world implementations, their complex-
ity may result in delayed decision-making.

To address the computational and implementation
challenges of advanced control algorithms while main-
taining predictive capabilities, this research adopts Rule-
Based Predictive Control (RBPC) as an alternative control
approach. Unlike conventional predictive controls, RBPC
follows a predefined rule-based logic by developing sev-
eral setpoint scenarios (not a fixed setpoint as applied
in RBC) that adjust based on conditions such as energy
prices and grid constraints. This approach enables find-
ing suboptimal solutions for proactive energy manage-
ment while implementing simplified predictive
control.

RBPC integrates a prediction approach, ensuring flex-
ibility in both market-oriented and grid-oriented opera-
tions. In market-oriented operation, RBPC pre-schedules
energy consumption based on day-ahead electricity price
forecasts, shifting demand to low-cost periods. In grid-
oriented operation, it reacts to grid congestion events,
dynamically adjusting heating and cooling activation to
alleviate grid stress. This balance between predictive con-
trol and modelling simplicity makes RBPC a practical
alternative for real-world building energy applications.
In Table 1, the important terms used in the study are
listed.

Table 1. Key terms used in the study.

Term Description
RBC Rule-based control
RBPC Rule-based predictive control

Market-oriented An operational mode optimizes building energy

operation usage based on electricity price signal
Grid-oriented An operational mode focused on supporting grid
operation stability

The need for co-simulation environment

Traditional building performance simulation (BPS) tools
are often insufficient for analyzing grid-oriented oper-
ation, as they primarily focus on building-level energy
performance without considering interactions with the
power grid. Moreover, integrating advanced control algo-
rithms is limited in BPS. A comprehensive assessment of
grid-oriented operations requires a co-simulation envi-
ronment where BPS tools are integrated with numerical
computing tools (Le Dréau et al. 2023).

In this research, the analysis is conducted using a co-
simulation environment that integrates BPS and numer-
ical computing tool for optimization and control imple-
mentation. By this coupled setup, the real-time eval-
uation of RBPC in grid-driven operations is enabled
to enhance building-grid interaction while maintaining
occupant comfort.

The novelty

Despite extensive research on demand-side flexibility,
market-oriented operation, and control strategies for
TABS, most existing studies primarily focus on opti-
mizing building energy consumption in response to
dynamic electricity prices. However, the potential of
TABS-equipped buildings to actively support grid stabil-
ity during congestion events remains largely unexplored.
This research addresses this gap by introducing a novel
sequential control framework that integrates both mar-
ket and grid-oriented operations, ensuring cost-efficient
operation as well as grid flexibility and stability. Within
this scope, the key contributions of this study include:

e Development of RBPC as an efficient alternative to
complex control algorithms.

e Establishment of a detailed co-simulation framework,
coupling BPS with a numerical computing tool for real-
time control implementation.

e Unlocking the market-oriented operation of TABS
using RBC and RBPC.

e Comparing the RBPC results to RBC results to demon-
strate the effectiveness of proposed control algorithm.



Figure 2. View of the case building (Staff n.d.).

e Deployment of two distinct control signals: day-ahead
electricity prices for market-driven optimization and
real substation congestion values for grid-oriented
response.

e Comprehensive evaluation of building envelope and
energy system performance when a TABS-equipped
building participates in the flexibility market, analyzing
surface temperature variations, heat flux distribution,
and indoor operative temperatures across different
office zones (Southeast, Southwest, Northeast, North-
west).

The RBC results for market-oriented operation are
first analyzed over a representative week and com-
pared to baseline operation to illustrate the activation
of building-grid interaction. Subsequently, a selected day
from this period is examined to compare RBPC with
RBC in market-oriented operation, highlighting its impact
on operational performance. Finally, RBPC is applied for
grid-oriented operation. Additionally, the study quan-
tifies shifted electrical energy demand, grid consump-
tion changes, cost variations, and the load matching grid
index, offering new insights into the economic and opera-
tional advantages of RBPC for market and grid integrated
TABS control.

The case study building

The case study building (Figure 2), with an energy refer-
ence area of 2,600 m?, is situated in Niederanven, Luxem-
bourg (Lichtmess 2018). This region is characterized by an
annual average temperature of 11°Cand a global horizon-
tal radiation of 150 W/m? (Stackhouse 2023), representa-
tive of typical climate conditions in Central Europe.

It is designed to utilize its concrete ceilings as a dual
conduit for thermal energy transfer and air distribution.
The building’s heating and cooling demands are met by
a geothermal borehole setup consisting of a heat pump
system, which draws energy from a field of 21 geothermal
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probes, each extending to a depth of 100 metres, and
offering a total heating capacity of 57 kW and a Coef-
ficient of Performance (COP) of 4. Ground temperature
fluctuations are more pronounced at depths shallower
than 0.8 m, decreasing with greater depth (Hanova and
Dowlatabadi 2007). Ground source heat pumps harness
the stable ground temperature, warmer than the win-
ter air and cooler than the summer air (Lee 2011). The
building fulfills its cooling requirements passively by har-
nessing a geothermal probe field with a capacity of 74
kW, along with the implementation of automated night-
time window ventilation for enhanced natural tempera-
ture regulation. In periods of prolonged cooling demand,
the heat pump system is dual-purposed to provide cool-
ing, with a capacity of 45 kW, effectively employing the
ground or the probe field as an energy-efficient re-cooler
to sustain comfortable indoor temperatures. Figure 3
illustrates the comprehensive HVAC system of the case
building, detailing the interplay between various system
components and their interactions with electrical and
environmental energy sources.

The building design incorporates pipe coils in the
lower zones of the concrete ceilings, mirroring the prin-
ciple of underfloor heating. These coils circulate water,
subtly adjusting the ceiling temperature to 24°C for heat-
ing purposes or reducing it to 18°C to cool the space dur-
ing warmer months. In this research, a continuous mode
by thermostat feedback is conducted. Indoor air qual-
ity is actively managed by introducing fresh air through
an air handling unit (AHU) with a substantial capacity of
11,000 m3/h, regulated by indoor CO; levels to ensure a
healthy indoor environment. The system boasts a heat
recovery efficiency of 80%, with a specific fan power of
0.51 W/(m3/h), striking a balance between energy effi-
ciency and air quality. In the pursuit of energy indepen-
dence, the building’s electrical demand is predominantly
satisfied by a rooftop PV installation which of 35kW,,.
Complementing this, a lithium-ion electrical energy stor-
age (EES) with a capacity of 20 kWh is employed to capital-
ize on the PV system'’s energy yield, storing excess power
for use. It has 87% round-trip efficiency. The battery could
discharge to 20% of its capacity. In BPS, energy losses
were accounted for by applying a loading/unloading
efficiency of 87%, which ensures that the battery does
not store or deliver energy at 100% efficiency during
charge and discharge cycles. Degradation effects were
not included as this work focuses on short-term opera-
tional performance.

Simulation

The analysis presented in this paper was conducted using
BPS tool IDA-ICE-version 4.8 (IDA-ICE 2023). To ensure
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Figure 3. Integration of HVAC system components with energy resources in the case building.

accuracy, the simulation’s energy profiles including heat
pump, circulation pumps, AHU fans, PV, EES, lighting,
and user-related loads were calibrated against historically
monitored data. The resulting RMSE for indoor temper-
ature was 0.9 °C, MAE was 0.8 °C, and MBE was —0.06 °C,
indicating good agreement between simulated and mea-
sured values and meeting commonly accepted thresh-
olds for thermal zone calibration. The annual difference
in heating energy use was 8.7%, while the difference in
cooling energy use was 6.1%.

Following this calibration, a specialized energy model
was developed within IDA-ICE to examine the market and
grid-oriented operations (Figure 4). The building opera-
tion analysis in this research specifically focuses on opti-
mizing energy use during the heating period. Concur-
rently, the system’s control strategy includes feedback
from indoor temperature sensors. Moreover, the sur-
face temperature is continuously monitored to ensure
that the operation stays within the specified thermal
limits.

The system employs a continuous operation mode in
reaction to thermostat readings to minimize tempera-
ture oscillations within the space. In baseline operation,
electricity generated by the PV system initially meets the
building’s electrical demand and any surplus generation
is then used to charge the EES. Notably, the EES does
not charge from the power grid or any other external
sources.

Figure 4. Energy model view of the case building.

Operational cases

In this research, five different operational cases are inves-
tigated (Figure 5). The first operation is Business-as-Usual
[case(1)] where baseline operation is analyzed. In this
operation, no control signal as electricity price or grid
power change request is implemented. In case(1), the
heat pump operation is adjusted by a predefined heating
curve, which responds to changes in ambient tempera-
ture. More information about the heating curve is given
in the following section.

To conduct market-oriented operation, the utilization
of heating curve is adapted by integrating day-ahead
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Figure 5. The analyzed operational cases.

prices. On the other hand, to achieve comparative anal-
ysis, market-oriented operation is evaluated using two
control strategies as RBC [case(2)] and RBPC [case(3)]. RBC
operates entirely within the BPS tool and does not require
a co-simulation environment. In contrast, RBPC requires
a numerical computing tool to determine cost-saving
operational scenarios by simulating multiple predefined
setpoints. Therefore, RBPC is implemented within a co-
simulation framework. Grid-oriented operation [case(4)]
is activated when congestion is detected during case(3).
Under these conditions, case(3) is suspended to prioritize
grid stability. To mitigate this, it is assumed that the dis-
tribution system operator informs the building aggrega-
tor in advance, enabling buildings to shift their demand
proactively. Once the congestion is resolved, the system
returns to market-oriented operation. However, as the
previously forecasted setpoints from case(3) are overrid-
den during case(4), a new cost-optimized setpoint adjust-
ment is required. This launches the execution of case(5) as
a post market-oriented operation, ensuring the building
resumes cost-effective operation after grid stabilization.

In principle, the building continuously monitors grid
request signal, and if no request is detected, it operates
under case(3), optimizing energy costs using day-ahead
prices. However, if the aggregator issues a power change
request, the building temporarily shifts to case(4), adjust-
ing its demand to stabilize the grid before reverting to
market-oriented operation.

Control strategies

Market-oriented operation

During market-oriented operations, the building-grid
interaction is examined using historical day-ahead elec-
tricity spot prices (before taxes and surcharges) from the

2022 Germany-Luxembourg bidding zone data in hourly
resolution, which serve as a control signal to facilitate
market-oriented optimization. Figure 6 (A) illustrates the
price data for a representative week of December 5th to
December 11th used in the simulation, which is sourced
from ENTSO-E Transparency Platform (2022).

To conduct the analysis, the hourly price signal is
grouped into three levels as cheap, normal, and expen-
sive using 25% quartile analysis for each simulation day
(Figure 6 (B)). During periods when day-ahead prices are
at their lowest, as determined by the lower quartile of his-
torical spot prices, the building’s control system adjusts
the setpoint temperature of the buffer tank, which has
a capacity of 4500 litres. As mentioned earlier, two dif-
ferent control algorithms, RBC and RBPC, are applied in
this research. Consequently, two different approaches are
used to optimize the heat pump supply temperature set-
point to the buffer tank. In RBC, the setpoint temperature
is increased by 2°C above case(1) when electricity prices
fall into the cheap category as given in Figure 7. Con-
versely, when prices are in the normal flexibility category,
the control system lowers the setpoint temperature by
2°C to prevent excessive energy consumption.

In RBPC, however, a predictive approach is used to
enhance flexibility. Instead of using a single prede-
fined adjustment, multiple setpoints as 1°C, 2°C, or 3°C
above case(1) are considered to evaluate different pos-
sible operational scenarios (Figure 7) during cheap price
durations.

This allows the control system to anticipate and react
dynamically to price fluctuations, optimizing energy use
more effectively. Unlike RBC, during the normal price
category, the supply temperature setpoint in RBPC is
lowered by either 1°C, 2°C, or 3°C below case(1), pro-
viding additional adaptability to price variations. During
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expensive electricity periods, the building minimizes its
demand to reduce costs. This likely translates to the lower
temperature readings during peak price hours by switch-
ing off the active heating system. During these times,
the building’s electrical demand, excluding heating since
the system is not running, is met by discharging the EES,
provided sufficient charge is available.

In addition to controlling the supply water tempera-
ture setpoint, the EES charging/discharging cycle is simul-
taneously regulated, applying the same EES control strat-
egy for both RBC and RBPC. During cheap price periods,
the EES is charged until the State of Charge (SoC) reaches
100%, with no energy being discharged. Also, during nor-
mal price periods, the system monitors the SoC. If it falls
below 60%, charging is initiated until the SoC reaches
60%. Conversely, if the SoC is higher, the system dis-
charges the EES to meet the building’s electrical demand.
However, during expensive price periods, the EES can be
discharged regardless of the SoC level, with no energy
being charged.

The operational control strategies are presented in
Figure 8. In addition to these control strategies, a feed-
in approach is applied when there is excess energy; this
is included in the shifted cost calculation by applying
the same electricity unit tariff as shown in Figure 6.

Grid-oriented operation

For case(4), the primary objective is to reduce power
demand by the exact amount requested by the aggre-
gator. This process follows a sequential strategy: first, the
EES is activated to discharge power, prioritizing demand
reduction. The discharged power is intended to precisely
match the grid request. However, if the discharged power
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is insufficient, supply water setpoints are adjusted to fur-
ther lower demand. To find the most suitable setpoints
ensures the closest power demand change close to the
requested value, IDA-ICE simulates multiple setpoints.
The effectiveness of demand adjustmentin case(4) is eval-
uated using load matching grid index (LMGlI).

P case(3) — P case(4)

LMGI = x 100 (1)

request

Traditionally, the LMGI has been used to assess
the alignment between on-site generation and energy
demand. We extend this concept by focusing on temporal
alignment between building load and grid signals, par-
ticularly during grid-constrained periods. The LMGI used
in our study evaluates how well the building adapts its
load profile to match grid support needs. This adapted
use of the matching index is conceptually consistent with
the grid interaction indicators presented in the Salom
et al. (2011), Voss et al. (2010), Sartori, Napolitano, and
Voss (2012), and it allows for quantifying the effective-
ness of building response during specific operational
stress periods on the grid. Furthermore, while power-
based indicators like demand response effectiveness
offer fine-grained evaluation of instantaneous response,
the LMGI provides a complementary system-level indi-
cator that reflects both operational alignment and sys-
temic impact during targeted grid events. This approach
is aligned with expectations outlined in initiatives such
as Enera (Projekt Enera 2025), GOPACS (GOPACS 2025),
and NODES (NODESmarket 2025), where localized and
time-coordinated demand shifts are rewarded as grid-
supportive actions. Similarly, the U.S. Department of
Energy’s Grid-interactive Efficient Buildings performance
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framework emphasizes the alignment with system signals
(Schiller, Schwartz, and Murphy 2020).

As the LMGI approaches 100%, the system provides
better support for ensuring grid stability. Pcgse(3) and
Pcase4) represent the load demand from the power
grid (in kW) in case(3) and case(4), respectively. Prequest
denotes the power change requested by the aggrega-
tor. In both operation optimizations, the maximal power
capacity of the heating system, as well as the surface
temperatures are applied as constraints.

Substation Load

This study utilizes real monitored data from a local util-
ity, capturing substation load fluctuations in a 100 kW
neighbourhood grid. On average, demand exceeding 50
kW triggers a yellow status, indicating mild substation
stress, while loads above 65 kW signal a critical condition,
necessitating grid support. On December 51, between
08:00-09:00, the substation load is projected to reach
60.55 kW, prompting the distribution system operator to
requesta 10.55 kW demand reduction via the aggregator.
This research optimizes building operations to achieve
the required reduction, ensuring grid stability through
demand-side flexibility.

Rule-based predictive control

A primary challenge in implementing RBPC is reducing
computational time, as running a white-box model can
resultin significantly long simulation times, e.g. lasting 25
hours as discussed in section Computational Benchmark.
To address this challenge, two key simplifications are
introduced as limiting the number of possible setpoints
for scenario development and dividing the 24-hour pre-
diction horizon into four control horizons to improve
computational efficiency (Figure 9). Therefore, instead of
solving an optimization problem at every control step,
RBPC selects the best operational scenario from a prede-
fined set, significantly reducing computational time. The
best operational scenario means achieving the most cost-
effective scenario during case(3) and highest LMGI for
case(4).

The possible setpoints for the supply water tempera-
ture are determined based on the day-ahead price signal
categorization, as detailed earlier. The approach follows
these rules: during low-price periods, the supply tem-
perature setpoint is increased by either 1°C, 2°C, or 3°C
above case(1), whereas during normal-price periods, it
is reduced by 1°C, 2°C, or 3°C below case(1). Users can
customize setpoint options based on their specific case
when applying RBPC. In RBPC, only scenarios that comply
with predefined comfort limits are retained, and setpoints

are adjusted based on historical performance to prevent
inefficient operations.

By applying these values, a set of simulation scenarios
is generated by combining all possible setpoints across
a 24-hour prediction horizon. For example, if 01:00 falls
within a cheap price period with three predefined set-
point options (A, B, or C), and 02:00 is a normal price
period with another three predefined setpoint options
(C, D, or E), then these values are combined to create
nine possible scenarios as A-C, A-D, A-E, B-C, B-D, B-E,
C-C, C-D, and C-E. Extending this method to a 24-hour
window leads to a rapid increase in the number of possi-
ble scenario combinations, requiring computational effi-
ciency improvements.

To reduce the computational burden while maintain-
ing forecasting accuracy, the 24-hour prediction horizon
is divided into four six-hour control horizons, as illus-
trated in Figure 9. Each control horizon follows a stepwise
decision-making process. During the first control horizon
(00:00-06:00), RBPC determines the most cost-effective
demand profile for this period, and the selected setpoints
are saved as inputs for the next control horizon. In the sec-
ond control horizon (00:00-12:00), the previously deter-
mined setpoints from 00:00-06:00 remain fixed, while
new setpoints for 06:00-12:00 are calculated using RBPC.
Once finalized, the additional setpoints are stored for
the following control horizon. This methodology is then
applied to the next control periods as 12:00-18:00 and
18:00-00:00. In other words, subsequent control horizons
follow the same iterative process until the full 24-hour
prediction horizon is completed. After each control hori-
zon, the power demand results from all simulated scenar-
ios, computed by IDA-ICE, are stored in MATLAB. These
values are then used for cost calculations, and the sce-
nario yielding the lowest operating cost is selected as the
final decision.

After each scenario, the load values from various build-
ing consumers as heat pump (P{), fans (P{s) pump
(PPU™PS), lighting (P!9"™9), plug-in loads (PP“9Moads)
PV generation (P?¥), and EES (P:™ charge, [ dischargey o re
stored in MATLAB to compute the cumulative power
demand (P;‘”“’) with hourly resolution.

P;oral — i (Pi-lP + P{ans + Pfumps + Piighting
t=1
+ Pflug—in loads + PfES charge PfES discharge va)
2

Subsequently, the cost for each scenario (Cp) is calcu-
lated using the day-ahead prices (4;), and the total cost is
saved in the numerical tool.

T
Ch — Z(PZ-OTGI /11” _ P{eed—in /lt) (3)
t=1
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Figure 9. Control horizon of RBPC algorithm.

To determine the most cost-efficient scenario, the sce-
nario with the minimum cost is selected for the respective
control horizon. The setpoints of the selected scenario are
then saved in MATLAB to serve as input for the subse-
quent control horizon, as described.

Cgcenario — min(C;,,Czr ey ;’;) (4)

By this methodology, instead of computing optimal
setpoints at each step, RBPC replaces iterative optimiza-
tion with a predefined scenario selection approach, eval-
uating a limited set of pre-generated operational scenar-
ios to determine the most suitable one based on pre-
defined criteria. Unlike conventional RBC, which applies
static control logic (fixed setpoint) without predictive
capabilities, RBPC enables proactive decision-making by
considering market prices in advance. While RBPC does
not always guarantee a globally optimal solution, as MPC
theoretically does, it strikes a balance between modelling
feasibility and performance, making it a viable alternative.

In this study, the RBPC uses published day-ahead
prices (at 12:00-13:00 for the next day’s optimization),
which are final and do not change once announced.
Therefore, forecast errors are not present in this study. In
scenarios where control decisions must be made before
the official day-ahead prices are released, forecasting
is required to estimate the expected price signals. In
such cases, the forecasting error arises from uncertainty
in market drivers and typically ranges between 10%
and 15% under normal market conditions. The imple-
mented quartile-based price categorization method in
RBPC adds a degree of robustness to electricity price
forecasting uncertainty, as the control logic depends on
relative price levels (expensive, normal, cheap) rather

than absolute values. Although the robustness of the
RBPC under explicit price forecast errors was not directly
tested in this study, we consider the approach to
be moderately tolerant to typical day-ahead forecast-
ing deviations, particularly because small variations are
unlikely to shift a price value from one category to
another.

In addition to price variability, other sources of uncer-
tainty such as outdoor temperature fluctuations and vari-
ations in heat pump performance may affect the effec-
tiveness of the proposed control strategy. In the cur-
rent RBPC setup, temperature forecasts from the day
before are used as inputs to generate control decisions.
However, the model does not include a mechanism to
update or recalibrate itself based on real-time devia-
tions between forecasted and actual temperatures, which
could reduce responsiveness in cases of abrupt weather
changes. Similarly, the performance of the ground source
heat pump can fluctuate due to changes in ground tem-
perature or partial load operation, which may lead to devi-
ations between expected and actual energy consump-
tion. These performance shifts are not captured in the
current framework.

One limitation of RBPC is that it follows a fixed-horizon
approach, meaning that once a control horizon is com-
pleted, its setpoints remain unchanged. This could lead
to suboptimal operation if new constraints emerge after
a decision has been made. Unlike advanced control algo-
rithms such as MPC, which continuously revises past
decisions based on updated information, RBPC does not
reconsider previous control horizons.

Another key consideration is the scalability of RBPC
for finer time resolutions. Currently, RBPC operates on an
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hourly resolution. However, if the system were to shift to
a smaller time step, it would remain applicable, although
the number of possible scenarios would increase signifi-
cantly.

In grid-oriented operation, the optimization is applied
to achieve the highest LMGI. First, the EES is activated to
discharge power, aiming to meet the distribution system
operator demand reduction request.

isch
P;ase(4) _ Pgase(3) _ PEES discharge (5)

To verify whether the discharged amount is sufficient
to meet the requested demand change, LMGI is calcu-
lated and compared to a 100% success benchmark.

LMGl; = min(LMGl, 100) 6)

If the discharged power is insufficient to meet the
requested demand reduction, the supply water temper-
ature setpoints are adjusted to further lower demand.
Initially, a 1°C lower setpoint is applied, and the total
power demand P;‘”"’ is used to recalculate the LMGI;. If
the result does not meet the success benchmark, the set-
point is further reduced by 2°C and then 3°C, testing for
the optimal adjustment. In other words, to determine the
most suitable setpoints that achieve the closest match to
the requested power demand change, IDA-ICE simulates
multiple setpoints.

RBPC supports grid stability by reducing/increasing
building load during congestion events, and it is not
designed to provide direct frequency or voltage regula-
tion. Frequency and voltage control require fast-reacting
assets and grid-forming inverters, which are not within
the operational scope of the HVAC systems.

Co-simulation environment

This research employs a co-simulation framework to per-
form two distinct calculations mentioned before, each
requiring dedicated tools based on specific objectives as
(a) BPS tool to calculate building energy system operation
and assess thermal comfort, and (b) numerical comput-
ing tool to implement advanced control algorithm such
as RBPC for optimizing load demand management based
on aggregator request and cost-effective operation.
Since these calculations are interdependent, they must
be executed concurrently within a dynamic simulation
environment, where each time step’s results serve as
inputs for the next time step. To achieve this, a co-
simulation framework was developed, integrating IDA-
ICE (BPS tool) and MATLAB (numerical computing tool).
The initial connection between IDA-ICE and MATLAB
was established using a standard MATLAB script pro-
vided by the IDA-ICE developers. This script was sub-
sequently enhanced with RBPC functionalities, enabling

data exchange and control implementation. The connec-
tion facilitates data transmission between IDA-ICE and
MATLAB via functional mock-up interface, allowing MAT-
LAB to send control setpoints and receive simulation
results at each time step.

The co-simulation environment is primarily controlled
by MATLAB, which automates the following processes:
First, MATLAB establishes the channel connection with
IDA-ICE. Then, it manages data storage and launches
IDA-ICE, defining the simulation time window (e.g. spec-
ifying start and end times). Next, MATLAB transmits
supply water setpoints and EES charging/discharging
action to IDA-ICE and retrieves simulation results. At each
time step, the simulation results are stored for post-
processing. Finally, MATLAB ensures the proper termina-
tion of IDA-ICE upon simulation completion. This work-
flow is repeated for each RBPC scenario, ensuring that the
co-simulation accurately captures both market-oriented
and grid-oriented optimization cases.

To ensure data integrity and computational stability,
the communication time step resolution is a highly sen-
sitive parameter. While high-resolution time steps (e.g.
1 to 5 minutes) improve data accuracy, they impose a
significant computational burden, leading to instability
and premature termination of the simulation. To balance
accuracy and stability, multiple tests were conducted, and
a 15-minute time step was selected as the optimal reso-
lution. The time step determination process considered
key performance indicators, including simulation stabil-
ity (ensuring uninterrupted execution), data transmission
reliability (preventing missing values in data exchange),
completeness of IDA-ICE simulation outputs (confirming
all results are properly generated and stored). Scaling
RBPC to finer time resolutions (e.g. 15-minute steps)
requires further research, as increasing scenario complex-
ity may challenge computational efficiency. It should be
noted that the 15-minute interval refers to the commu-
nication time step in the co-simulation environment. The
BPS still runs at a finer internal resolution (on the order
of seconds). However, due to co-simulation limitations,
only 15-minute averaged values are exchanged between
simulation tools.

However, a data loss issue was identified when export-
ing results from IDA-ICE to MATLAB. Since these exported
values serve as inputs for cost optimization calculationsin
MATLAB, any mismatch between actual simulation results
and received values could introduce significant errors in
RBPC, leading to discrepancies between simulated and
real-world performance.

To resolve this issue, an alternative approach was
implemented. IDA-ICE saves simulation results in ‘.prn’
format in a local directory. A custom MATLAB script was
developed to read and process the “.prn’ files, ensuring



accurate input values for RBPC optimization. Data trans-
mission through the export module was ignored, pre-
venting reliance on potentially incomplete or incorrect
exported values. Notably, this data loss problem was
only observed in the IDA-ICE to MATLAB export process,
whereas the import process (MATLAB sending data to
IDA-ICE) remained stable and unaffected.

Results

This section presents a comprehensive evaluation of
the building’s operational performance under different
control strategies. The analysis systematically investi-
gates five distinct operational scenarios as Business-
as-Usual [case(1)], market-oriented operation with RBC
[case(2)], market-oriented operation with RBPC [case(3)],
grid-oriented operation with RBPC [case(4)], and post-
grid response market-oriented operation with RBPC
[case(5)].

Case(1) and case(2) are analyzed over a week-long
period from December 5" to December 11t, capturing
long-term trends in baseline and RBC. In contrast, case(3),
case(4), and case(5) are evaluated for a single represen-
tative day, December 5th, focusing on the impact of pre-
dictive control using RBPC. This distinction allows for a
detailed comparison of daily response mechanisms under
different control strategies.

Based on this operational analysis, the following
section examines key performance indicators that char-
acterize the impact of each case. The EES’s charging
and discharging cycles are investigated, emphasizing
the effectiveness of short-term load shifting strategies.
Patterns of energy consumption shifted from the grid
are delineated, and the economic implications of these
operational strategies are explored, underlining potential
cost savings.

The operation of the heat pump, which corresponds
with price signals, is evaluated. Variations in surface tem-
peratures are examined to assess the impact of the con-
trol strategy employed. The simulation results of heat
flux density offer insights into the thermal loading and
unloading cycles of the building’s thermal mass. Addi-
tionally, indoor temperature data demonstrates the effec-
tiveness of our control approach.

EES charging /discharging cycle

Figure 10 depicts the EES charging and discharging pat-
terns under case(1) and case(2). In case(1), EES usage
is optimized for self-consumption, meaning that excess
PV generated electricity is first used to meet the building'’s
immediate electrical demands before charging the EES.
Due to low PV generation in winter, minimal EES charging
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occurs from this source. Since no grid-charging strategy is
in place, EES relies solely on PV generation.

In contrast, case(2) is characterized by an active EES
cycle, with regular charging and discharging. Here, the
system not only responds to PV generation but also
actively manages the EES in anticipation of fluctuat-
ing electricity prices, irrespective of the lower winter PV
output. Case(2) system’s responsive charging strategy
exploits periods of lower prices or excess PV generation,
storing energy that can be used during peak price periods
or when PV generation is insufficient.

Figure 11 illustrates that case(3) improves EES effi-
ciency by applying predictive control, ensuring that
charging and discharging are optimized for price fluctu-
ations, thereby enhancing the overall cost saving strat-
egy. In case(2), the EES charges and discharges a total of
24 kWh. In case(3), charging increases to 29 kWh, while
discharging remains at 24 kWh.

As mentioned earlier, this research analyzes the opti-
mization of a grid congestion event that occurs on
December 5t between 08:00 and 09:00 at a substation,
aiming to lower the power demand by 10.55 kW.

Case(4) prioritizes load curtailment during congestion
events, requiring the EES to support demand reduction
efforts as previously explained. During the congestion
event between 08:00 and 09:00, the EES discharges up
to —8 kW, with a higher discharge not being possible
due to the current SoC. On the following hour, case(5)
resumes market-oriented operation, applying new EES
charging/discharging events. EES charging differs from
case(3) after 09:00 as 8 kW was discharged before and SoC
was 20%. On the following hour, EES is charged till the SoC
reaches to 60% as it is normal price category.

Heat pump operation

Figure 12 illustrates the supplied water temperature by
the heat pump. It compares case(1) and case(2), show-
ing fluctuations in temperature across the monitored
period. Case(1) operates within a narrower temperature
range. Case(2) allows for more variability in temper-
ature, which indicates adaptive strategies to optimize
cost optimization based on price signals and demand
response requirements.

The analysis reveals a distinct operational adjustment
in case(2) during periods of low electricity prices. For
instance, on December 6t at 00:00, the supply temper-
ature in case(2) is approximately 10°C higher compared
to case(1), suggesting thermal storage in anticipation of
higher prices. Conversely, at around 23:00 on the same
day, the temperature in case(2) decreases by an estimated
15°C below the case(1) level in response to a spike in
electricity prices.
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Figure 10. EES charging/discharging cycle for a representative week.

In the simulation, increasing the heat pump supply
temperature to a higher level resulted in an immedi-
ate increase in compressor power demand within the
same simulation timestep. The system responded to
the assigned setpoint change in a few seconds and it
reflected on the power grid demand in that certain. How-
ever, the thermal system response at the zone level was
subject to hydronic inertia resulting in a delayed rise in
delivered temperature over several minutes. Conversely,
when the supply temperature was reduced, the com-
pressor power decreased in a few seconds, however, the
thermal system response takes longer.

The additional analysis in Figure 13 further explores
the hourly variations in supply water temperature across
all five cases on the representative day. Case(3) refines
the flexibility approach of case(2) by incorporating pre-
dictive control strategies. Between 00:00 and 16:00, when
the price is in the cheap or normal period, the supply

temperature in case(3) fluctuates by approximately 4-1°C
to +3°C compared to case (2).

The distribution system operator requested a power
demand reduction of 10.55 kW compared to case(3) due
to the congestion event, however, based on the EES
capacity, only 8 kW could be discharged between 08:00
and 09:00 as presented in Figure 11. Since the LMGI falls
below 100%, the heat pump operation is adjusted. In
response to this, in case(4), the supply temperature is
reduced by 1°C, 2°C, and 3°C, resulting in power reduc-
tions of 396 W, 840 W, and 1346 W, respectively. As the
highest LMGI is achieved at the lowest supply temper-
ature, a supply temperature of 34.8°C is applied in the
operation as given in Figure 13. Once the congestion
event passes, case(5) resumes market-oriented operation.
As the EES is charged between 09:00 and 10:00 following
its dischargein case(4), leading to increased demand from
the grid, case(5) recalculates lower setpoints compared to
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Figure 11. EES charging/discharging cycle across all operational cases for a representative day.
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Figure 12. Heat pump supply water temperature for a representative week.
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Figure 13. Heat pump supply water temperature across all operational cases for a representative day.
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Figure 14. Heat pump power demand for a representative week.
case(3) to ensure cost-effective operation for the remain- Grid interaction

der of the day.

The electrical power demand of the heat pump is
shown in Figure 14. Depending on the outdoor temper-
ature and load variations, the COP of the heat pump was
found to range between 3 and 5. The power demand
in case(1) exhibits predictable peaks, likely correspond-
ing to regular daily usage patterns and fixed setpoint
temperatures.

Contrastingly, case(2) demonstrates periods where the
power demand sharply decreases below case(1) levels,
indicating adaptive energy use in response to variable
pricing. These drops correspond to periods where the sys-
tem load shifts and EES discharge to reduce power usage
from grid when electricity prices are higher. Notably,
on December 6t from 10:00 onwards, case(2) registers
minimal to no power demand as a strategic response
to the high prices. Conversely, at 00:00 on December
6th there is a significant surge in the case(2) power
demand, which is twice that of case(1), correspond-
ing to the elevated supply temperature as given in
Figure 12.

In Figure 15, the shifted peak demand in case(3) is
observed, resulting from the increased supply water tem-
peratures shown in Figure 13. During case(4), a demand
reduction of 1346 W occurs during the congestion event.
The total demand minimization period lasts for one hour,
reducing stress on the local substation.

In case(5), power demand decreases between 10:00
and 11:00 compared to case(3) to compensate for the
increased demand from EES charging, ensuring cost-
effective operation. By the end of the 24-hour period,
heat pump power demand is reduced by a total of
6% due to the adjustments made during case(4) and
case(5).

Figure 16 indicates that the building primarily demands
power from the grid, rarely feeding power back due to the
limited PV generation during the winter season. This uni-
directional interaction suggests that the building under
case(1) relies on the grid for its energy needs, without
offering flexibility services to the grid. Case(2) shows a
dynamic pattern of interaction with the grid, as EES is
charged in addition to meeting the conventional build-
ing power demand, resulting in higher peak demands
- reaching 40 kW in case(2) compared to 30 kW in
case(1).

A daily representation of grid interaction for all cases
is illustrated in Figure 17. In case(3), the building’s load
demand from the power grid is approximately 29.2 kW.
By activating case(4), the EES discharges 8 kW, and heat
pump power demand is reduced by 1.35 kW, resulting in
a total demand reduction of 9.35 kW. Consequently, the
power demand of case(4) from the power grid is reduced
to 19.85 kW.

Short-term load shifting

Figure 18 shows the difference in total power demand of
all consumers in the building except EES between case(1)
and case (2) over time, with an hourly resolution. When
the bars are above the zero line, this indicates that case(2)
demands more power than case(1) during that hour. This
occurs due to case(2) responding to lower price signals.
Vice versa, when the bars are below the zero-line, case(2)
demands less power than case(1).

The range of values spans from around —8 kW to 14
kW. This indicates that the maximum additional power
demand in case(2) compared to case(1) is about 14 kW,
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Figure 15. Heat pump power demand across all operational cases for a representative day.
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Figure 16. Building-grid interaction for a representative week.
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Figure 17. Building-grid interaction across all operational cases for a representative day.
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Figure 18. Shifted electrical power demand of all building actuators for a representative week.

and the maximum savings are about 8 kW. In case(2),
a cumulative increase in demand of 450 kW has been
observed for this representative week, which is consistent
with the tendency for building-grid operations to amplify
heating demand. This phenomenon often occurs as flex-
ibility measures, such as load shifting, incentivizing the
use of heating systems at times when electricity is less
expensive.

Figure 19 presents the shifted load from all cases
compared to case(1) for the representative day. During
the early hours, the building takes advantage of cheap
prices and the charging planned differently on case(2)
and case(3) as case(3) also considers the cumulative
favourable operation cost during the cheap and normal
price period.

Figure 20 illustrates the difference in energy con-
sumption from the power grid between case(1) and
case(2), including the effect of the EES. The consumption

difference ranges from approximately —15 kWh to +15 kWh.
In case(2), weekly increase of 82 kWh in energy consump-
tion from the power grid is observed.

Figure 21 illustrates the shifted demand across all
building actors for the representative day by compar-
ing all cases to case(1). In case(3), the maximum power
demand shift exceeds that of case(2), with peaks reaching
approximately 15 kW. The demand difference between
case(3) and case(4) is 9.35 kW. Due to the limited dis-
charge capacity of the EES, heat pump operation is
adjusted by modifying temperature setpoints. Conse-
quently, the LMGl is calculated at 88.6%.

The observed 88.6% LMGI indicates limitations in fully
meeting the grid operator’'s demand reduction request,
primarily due to the constrained capacity of the EES.
While this study focused on heat pump and battery
control, additional flexibility sources could be explored
to enhance grid-oriented responsiveness. For instance,
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Figure 19. Shifted electrical power demand of all building actuators across all operational cases for a representative day.
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Figure 20. Shifted electrical energy consumption from power grid for a representative week.
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Figure 21. Shifted electrical energy consumption from power grid across all operational cases for a representative day.
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Figure 22. Shifted operational cost for a representative week.

temporary control of ventilation systems (e.g. switching
off air handling units for short durations during non-
critical hours) may contribute to power reduction without
significantly compromising indoor air quality or occu-
pant comfort, moreover, modulating lighting setpoints,
dimming non-essential lighting. On the other hand, inte-
grating occupant-driven flexibility, e.g. manual appliance
shutdowns, offers limited potential in this context. Since
demand must be reduced quickly following a grid signal,
reliance on occupant intervention introduces uncertainty
and delay. Moreover, the analyzed building is an office
environment, where turning off computers or lighting
could negatively affect productivity and user satisfaction.

Cost saving

Figure 22 illustrates the difference in cost between
case(2) and case(1) over the representative week. The
cost differences range from approximately —7 € to +5 €,
with negative values indicating cost savings and positive
values indicating additional costs compared to case (1).
Similar to Figure 20, this cost graph also shows consider-
able volatility, which implies that the cost savings are not
constant over time but fluctuate significantly. Although
energy demand from the power grid increases by 82 kWh
when building-grid interaction is activated in case(2), a
3.5% reduction of cost is achieved over the representative
week, highlighting the economic benefits of this opera-
tional strategy. As a typical outcome of grid-interactive
operation, increased consumption leads to lower costs by
shifting demand to favourable periods.

To investigate further saving, RBPC is applied, and
the cost results are compared to case(2) where RBC is
implemented. Figure 23 illustrates the cost variations
across all cases for the representative day. One of the key
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motivations for introducing RBPC was to achieve higher
cost savings in case(3) compared to case(2). During this
representative day, case(2) and case(3) resulted in cost
reductions of 15 € and 20 €, respectively, with RBPC
achieving a 2.5% greater reduction compared to RBC.
When the congestion event occurs, costs decrease due to
reduced heat pump demand and EES discharge in case(4).
However, after transitioning to case(5), demand increases
due to active EES charging. Despite this temporary rise,
the cost optimization process in case(5) accounts for this
increase and adjusts demand accordingly for the remain-
der of the day, resulting in cost savings of 18 €, which is
10% less than the initially planned reduction in case(3).

Surface temperature variations

The implications of the RBC strategy on the surface tem-
perature profiles across the four different office orien-
tations — Southeast (SE), Southwest(SW), Northeast (NE)
and Northwest (NW) are observed. In all offices, there
are noticeable differences between case(1) and case(2)
temperature profiles, which suggest that case(2) opera-
tions affect the surface temperatures within the building
(Figure 24).

In case(2), the curves exhibit greater fluctuations com-
pared to case(1), indicating more dynamic control in
response to price signals. The patterns appear relatively
consistent across the four offices, which indicates a cen-
tralized control strategy for temperature management
that affects all areas uniformly. In case(1), temperatures
fluctuate between approximately 22.5°C and 24°C.

However, in case (2), the lower boundary has notably
reduced to 21°C, and surface temperatures demonstrate
a broader oscillation, spanning a 3°C range. At 18:00 on
December 6, the ceiling temperature in case(1) registers
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Figure 23. Shifted operational cost across all operational cases for a representative day.

at approximately 23.5°C, while in case(2), it measures
around 22°C.

To analyze the effect of RBPC and congestion event
control, Figure 25 presents a daily representation of sur-
face temperature changes. Case(3) maintains tempera-
tures within arange of 21.5°Cto 22.75°C, similar to case(2),
where slight variations occur at different times as RBPC
shifts loads in alignment with the price signal. However, in
case(4), due to the prioritization of grid stability, the heat
pump supply temperature is reduced. The results, how-
ever, show that its impact on surface temperature is min-
imal, with no temporary surface temperature reductions
observed.

Heat flux density

Figure 26 displays a cyclical pattern reflecting flux varia-
tions influenced by the building’s operational schedules
and the dynamic nature of internal heat gains and losses.
Case(2) exhibits higher peaks and lower troughs in heat
flux compared to case(1). This suggests that in case(2), the
building’s thermal mass is strategically utilized to absorb
heat during times when energy prices are low, storing it
for later use. Case(1), in contrast, shows a more uniform
heat flux, indicating a consistent but no economically
responsive energy use.

As observed in the surface temperature trend, the heat
flux peak values are similar; however, they occur at differ-
ent times to achieve higher cost savings when comparing
case(2) and case(3), as shown in Figure 27. As the sup-
ply temperature decreases in case(4) during congestion
events, there is no suppression of heat flux, with val-
ues remaining very close at —0.5W/m? in both case(3)
and case(4). After the congestion event, the optimized
operation in case(5) follows a similar pattern to case(3).

In the heating phase, TABS systems engage in thermal
loading, capturing and storing heat within the building’s
mass. This stored energy is strategically released during
thermal unloading to provide warmth, thus minimizing
the need for active heating. The thermal energy storage
behaviour under case(1) (Table 2) and case(2) strategies
(Tables 3 and 4) for the 5™ of December was observed for
relevant office zones in the building, indicating distinct
operational profiles.

The analysis pertains to the ceiling thermal load-
ing and unloading cycles. Under case(1) condition, the
SE zone underwent a thermal loading of 3.8 kWh, exe-
cuted during the early morning hours (01:00-08:00), fol-
lowed by an 8-hour unloading period (08:00-16:00). The
case(2) strategy modified the loading to 3.4 kWh, dis-
tributed across three intervals (01:00-05:00, 11:00-12:00,
18:00-20:00), thereby demonstrating a segmented
approach synchronized with periods of lower energy tar-
iffs and thermal comfort optimization. Correspondingly,
the thermal unloading was partitioned into three seg-
ments (05:00-11:00, 12:00-15:00, 20:00-21:00), indica-
tive of a refined strategy to modulate indoor
conditions.

The discernible pattern established for the SE zone
provides a framework to interpret the thermal loading
and unloading behaviours in the remaining zones. While
the specific values and timings differ, the underlying prin-
ciples observed in the SE analysis can be extrapolated.

The case(2) strategy’s inclination toward segmented
operations is evident, likely reflecting its price signal-
driven approach, which governs the system’s engage-
ment with the energy market and thermal comfort
requirements. The loading cycles of case(3), case(4), and
case(5) are not presented, as they are relatively similar to
case(2), with no significant variations to report.
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Figure 24. Surface temperature variations for a representative week.
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Figure 25. Surface temperature variations of NW office across all operational cases for a representative day.

Table 2. The loading cycle in SE, SW, NW and NE - case (1) scenario.

SE NW
Loading (kWh) 3.8 0.6 34 0.4
Loading period (hour) 01:00-08:00 16:00-20:00 01:00-08:00 17:00-20:00
Unloading period (hour) 08:00-16:00 20:00-21:00 08:00-17:00 20:00-21:00
NE
Loading (kWh) 2.7 0.9 4 1.5
Loading period (hour) 01:00-08:00 18:00-00:00 01:00-09:00 18:00-00:00
Unloading period (hour) 08:00—
16:00 - 09:00-17:00 -
Table 3. The loading cycle in SE and SW - case(2) scenario.
SE
Loading (kWh) 34 0.5 03 0.5
Loading period (hour) 01:00-05:00 11:00-12:00 15:00-16:00 18:00-20:00
Unloading period (hour) 05:00-11:00 12:00-15:00 16:00-18:00 20:00-21:00
SW
Loading (kWh) 23 0.4 0.2 0.2
Loading period (hour) 01:00-05:00 11:00-12:00 15:00-16:00 17:00-19:00
Unloading period (hour) 05:00-11:00 12:00-15:00 16:00-17:00 19:00-21:00

Indoor temperature variations

In this section, the operative temperatures of four zones
are compared between case(1) and case(2). Figure 28
represents the temperature variations, aligning with the
response of the heat pump operation to the price signal.

In case(1), operative temperatures start rising around
08:00 and reach their peak in the afternoon. Notably, the
temperature within the SE office peaks between 22°Cand
24°C, an outcome attributable to increased solar gains
given its orientation. In contrast, case(2) shows opera-
tive temperatures spanning from 20.5°C to 23°C, with
the occurrence of multiple peaks throughout the day.
These peaks correlate with the timing of thermal loading
and unloading, as well as variations in surface tempera-
tures. The extended duration of loading/unloading cycles

under case(2) operations induces more pronounced tem-
perature transitions; however, these transitions are grad-
ual enough that occupants are unlikely to perceive them
as discomfort.

Additionally, thermal comfort was assessed using the
Predicted Percentage of Dissatisfied (PPD) calculated on
an hourly basis in accordance with I1SO 7730 (Ergonomics
of the thermal environment 2005). A PPD value below
10% is considered indicative of acceptable thermal con-
ditions. Across all analyzed zones, the maximum PPD
remained below 10% during occupied hours, indicating
satisfactory thermal comfort according to the standard,
as presented in Table 5. Only the SE office exceeded 10%
PPD, primarily due to the localized overheating from solar
gains. No significant differences of PPD results between
case(1), case(2) and case(3) are observed (Table 5).
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Figure 26. Heat flux variations for a representative week.
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Figure 27. Heat flux variations of NW office across all operational cases for a representative day.

Table 4. The loading cycle in NW and NE - case (2) scenario.

NW
Loading (kWh) 34 0.5 03 0.5
Loading period (hour) 01:00-05:00 11:00-12:00 15:00-16:00 18:00-20:00
Unloading period (hour) 05:00-11:00 12:00-15:00 16:00-18:00 20:00-21:00
NE
Loading (kWh) 2.3 0.4 0.2 0.2
Loading period (hour) 01:00-05:00 11:00-12:00 15:00-16:00 17:00-19:00
Unloading period (hour) 05:00-11:00 12:00-15:00 16:00-17:00 19:00-21:00

Table 5. Zone-wise summary of PPD over the simulation period.

case(1) case(2) case(3)
SE 8.6 8.7 8.5
SW 129 13.0 13.0
NE 8.3 8.4 8.5
NW 8.4 8.4 8.4

As given in Figure 29, which shows the indoor tem-
peratures for all cases, case(3) presents moderate tem-
perature fluctuations, keeping operative temperatures
between 21.0°C and 23.0°C and ensuring smoother
thermal transitions. No significant operative tempera-
ture decrement is observed in case(4). Case(5) resumes
market-oriented operation, restoring indoor tempera-
tures to slightly lower levels than those in case(3). This
can be directly linked to the values given for case(5)
in Figures 13 and 25 as follows: During the event, no
significant temperature variation compared to case(3) is
observed. However, to achieve cost-effective operation,
case(5) reduces heat pump demand after the congestion
event, resulting in a slightly lower operative temperature.

Computational benchmark

To clarify the computational advantages of the proposed
RBPC, we compare it with the expected effort of standard

MPC. A typical MPC setup with a 1-hour control interval
and a 24-hour prediction horizon requires optimization
over 24 control inputs. As discussed in Bamdad et al.
(2023), even a shorter 3-hour horizon can require up
to 120 solver iterations. Extrapolating to a full-day hori-
zon for a multi-zone white-box model would increase
this number to approximately 1000 iterations per control
cycle. In our IDA-ICE co-simulation environment, a sin-
gle 24-hour model evaluation, including software launch-
ing, data transfer, execution, and saving, takes approx-
imately 1.5 minutes per given scenario. This results in
a total computation time of around 25 hours per MPC
optimization for a total of 1000 iterations, rendering real-
time implementation infeasible in this setup. In contrast,
the proposed RBPC approach evaluates a limited num-
ber of predefined control scenarios per hour. The com-
plete daily simulation, including all scenario evaluations,
is completed in approximately 8 hours, demonstrating
a substantial reduction in computational demand com-
pared to optimization-based control methods.

Conclusion

This study presents a comprehensive evaluation of
a building’s operational performance under different
control strategies, focusing on energy consumption, cost
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Figure 28. Operative temperature variations for a representative week.
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Figure 29. Indoor temperature variation of NW office across all operational cases for a representative day.

efficiency, and grid interaction. The comparative anal-
ysis of Business-as-Usual [case(1)], market-oriented RBC
[case(2)], market-oriented RBPC [case(3)], grid-oriented
RBPC [case(4)], and post-grid response RBPC [case(5)] pro-
vides valuable insights into the benefits of integrating
predictive control strategies in TABS.

The results indicate that market-oriented operation
with RBC [case(2)] enhances flexibility by shifting energy
demand in response to price signals. Compared to
case(1), case(2) achieves a 3.5% reduction in operational
costs over a representative week, demonstrating the ben-
efits of demand-side flexibility.

To address the limitations of RBC, RBPC is intro-
duced in case(3) as a predictive control alternative. Unlike
RBC, which adjusts setpoints reactively, RBPC proactively
schedules heating operations based on anticipated price
variations. RBPC achieves an additional 3.7% cost savings
compared to RBC, showcasing its potential to enhance
cost-efficiency while maintaining thermal comfort.

The TABS system serves as a valuable asset for enabling
grid-interactive operation due to its sluggish thermal
response. The slow responsiveness of the thermal build-
ing structure reduces fluctuations in surface and indoor
temperatures, even as the heat pump supply tempera-
ture changes. During market-oriented events, variations
in the supply temperature cause indoor temperatures to
fluctuate by approximately 1.5°C over the course of the
day. On the other hand, during grid-oriented events, no
significant changes in surface or operative temperature
are observed, indicating that the building envelope is not
affected by short-term shifting.

Beyond market-driven optimization, RBPC is extended
to grid-oriented operation in case(4). During a con-
gestion event, the building successfully reduces power

demand by 9.35 kW, demonstrating its capability to sup-
port grid stability. However, the energy systems capac-
ities limit the full realization of grid flexibility, resulting
in a LMGI of 88.6%. This highlights the need for addi-
tional flexibility measures, such as integrating ventilation
control.

Following the congestion event, case(5) resumes
market-oriented operation, optimizing setpoints based
on previous grid-support actions. While post-event EES
recharging slightly increases demand, RBPC still ensures
overall higher cost savings of 2.2% compared to RBC, con-
firming its effectiveness in managing transitions between
market and grid operations.

The findings clearly illustrate that RBPC outperforms
RBC by integrating predictive capabilities, enabling build-
ings to participate in both market-driven optimization
and grid support. While RBC provides basic load-shifting
functions, it lacks adaptability to fluctuating electricity
prices and grid constraints. In contrast, RBPC strategically
adjusts setpoints ahead of time, avoiding unnecessary
energy use while responding effectively to market and
grid signals.

Compared to advanced control algorithms, which pro-
vide globally optimal solutions but have high mod-
elling demands, RBPC offers a more efficient alternative.
While RBPC does not continuously update its decisions
in real time like MPC, it provides a structured rule-based
predictive approach that balances cost-effectiveness for
building-grid interaction applications.

In this paper, RBPC is applied on a single building. The
scalability of RBPC in district-level applications is future
work. When applied to multiple buildings, each building
can independently evaluate a set of predefined scenar-
ios, such as different temperature setpoints, preheating
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periods. In cases where buildings share similar charac-
teristics, such as system type or usage profile, a com-
mon set of control scenarios can be applied across the
group, with each building selecting the most appropri-
ate option based on its local conditions. For more het-
erogeneous districts, where building types, occupancy
patterns, or HVAC systems differ, customized sets of pre-
defined strategies may be developed per building cate-
gory. While scenario evaluation remains local, some cen-
tral coordination should be introduced if desired to align
the overall operation with district-level objectives such as
peak demand reduction or energy cost optimization. In
particular, coordination becomes essential when flexibil-
ity actions, such as simultaneous charging or preheating,
pose risks to the distribution network, especially trans-
former overloading. As shown in recent study (Kirant-
Miti¢ et al. 2025), coordinated control signals may lead
to accelerated transformer aging or overload, highlight-
ing the need for transformer-aware coordination mecha-
nisms.

Although this study focuses on a heating-dominated
climate, the RBPC method is conceptually transferable to
cooling-dominated regions. In such contexts, the major-
ity of buildings rely on electricity-driven air conditioning
systems to meet thermal comfort needs. Combined with
the increasing penetration of rooftop PV, there is a similar
opportunity to optimize control strategies based on day-
ahead electricity prices. The RBPC framework, which relies
on price categorization and predefined control scenarios,
can be adapted by modifying the target variable, such as
cooling buffer tank setpoint or precooling schedule, while
preserving the underlying control logic.

In the case of district heating or cooling systems, the
applicability of RBPC depends on the level of control avail-
able to individual buildings. If the energy supply is cen-
trally controlled, building-level flexibility may be limited
to thermal storage management or indoor temperature
shifting within comfort constraints. In such cases, RBPC
could still be applied at the building interface level but
may require coordination with the district operator to
ensure feasible and grid-supportive operation.

Future work could include a price sensitivity analysis
using price forecasts to quantitatively assess the impact of
forecast errors on cost and performance outcomes. This
would explore the integration of adaptive control fea-
tures or uncertainty-aware scenario selection to improve
robustness under real-world variability in weather and
system behaviour.

The findings of this study emphasize the critical role of
predictive control strategies in enhancing energy flexibil-
ity, reducing operational costs, and supporting grid sta-
bility. By integrating sequential decision-making, predic-
tive scheduling, and dynamic energy management, RBPC

enables buildings to interact more effectively with elec-
tricity markets and power grids. The broader implications
of this research contribute to the advancement of smart
building controls, demand-side management, and sus-
tainable energy systems, aligning with the objectives of
future energy-efficient and resilient urban developments.
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The increasing integration of renewable energy sources into power grids introduces operational challenges due to
their time-varying electricity supply and limited predictability. Building-grid interaction (BGI) signals have
emerged as a strategy to enhance energy flexibility, yet their impact on distribution transformer performance and
aging remains underexplored. This study investigates the role of single vs. sequential BGI signals in two energy-
efficient building clusters in Germany and Switzerland, using a co-simulation framework that integrates building
performance simulation tools with numerical computing methods. Single BGI signals, such as electricity price
and COqeq intensity, were compared to sequential BGI signals, which incorporate a transformer critical status
signal to dynamically adjust flexibility responses. The results reveal distinct impacts on transformer aging and
grid stress between the two clusters. In the German building cluster, sequential BGI signals effectively mitigated
demand-driven transformer stress, reducing aging compared to single-signal cases, which impacted peak loads.
Conversely, in the Swiss building cluster, photovoltaic feed-in was the dominant aging factor. Here, single BGI
signals slightly lowered aging through improved self-consumption, while transformer critical status signals oc-
casionally increased aging by reducing self-consumption during overload events. Across both clusters, energy
and cost savings were analysed, with building-grid interaction signal integration successfully maintaining
thermal comfort boundaries. These findings provide insights for energy flexibility aggregators on the potential
trade-offs between grid stability, economic efficiency, and emission reductions in flexible building operations.

1. Introduction

In response to the global challenge of climate change, many nations
have committed to achieving net-zero carbon emissions by 2050 [1]. A
key strategy in this effort is the widespread deployment of renewable
energy systems (RES) to decarbonise the power grid. However, as na-
tions transition from traditional high inertia-based power generation to
time-varying, low-inertia power generation from RES, they face signif-
icant operational challenges. Renewable energy sources, such as wind
and photovoltaic (PV), are inherently variable, making it challenging to
reliably predict power generation levels [2]. Such variability in energy
supply can create stability issues for the power grid, particularly as RES
penetration increases. To address these challenges, a whole-systems
approach is required — one which incorporates the building sector as
part of the solution. Building services, including heating, ventilation,
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E-mail address: tugcin.kirant_mitic@uni-wuppertal.de (T. Kirant-Miti¢).
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and air conditioning (HVAC), thermal storage, energy generation,
electrical storage systems and building automation systems, play a
crucial role in this integration [3,4]. Building grid interaction (BGI) can
be used to provide advanced services such as demand-side management
(DSM). As the demand for electricity in buildings grows, driven by
increased use of heat pumps and electric vehicles, the mismatch between
renewable generation and consumption peaks becomes more
pronounced.

The current power distribution networks were not designed to
accommodate the energy transition [5], and their capacity may not be
sufficient to meet the needs of widespread electrification as a major
overload situation may occur for the distribution transformer [6]. For
instance, full electrification of heating systems could increase peak
electricity demand by 170 %, necessitating a 160 % expansion of grid
capacity in the UK [7]. Besides, traditional power grids operate using a
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top-down approach, with one-way power flows from centralised gen-
erators to consumers [8]. However, the rise of decentralised energy
sources, like rooftop PV, has introduced bidirectional flow [9], requiring
a transition to smart grid systems for improved flexibility and resilience.
Smart grids facilitate a high level of coordination between buildings and
the power grid enabling more efficient energy management [10]. Uti-
lising the information provided by smart grid systems through a control
signal, the interaction between a building and the power grid can be
exploited for operational optimisation [11]. BGI goals are linked to the
optimisation or operational objectives of smart grid systems [12] such as
frequency regulation [13] and voltage control to prevent fluctuations
and maintain a reliable power supply [14]. Pricing also plays a crucial
role, such as dynamic pricing schemes incentivise consumers to change
their energy use during peak periods [15]. Furthermore, emissions-
based signals encourage energy use when grid emissions are at their
lowest, or when the supply of renewable energy is plentiful, thereby
contributing to the decrease of greenhouse gas (GHG) emissions [16].
Load-based flexibility also features through programs for demand
response and load-shifting, which serve to alleviate grid strain by
modifying consumption during peak times, thereby enhancing stability.

On the other side, the effectiveness of these signals depends on their
ability to transparently convey the value of flexibility to end-users. For
instance, using a single control signal across a cluster of buildings can
lead to unintended consequences. If all buildings respond to the same
signal simultaneously, such as a favourable electricity price, this
synchronised behaviour can overload the grid and cause congestion
[17,18], bringing adverse peak-shifts and rebound peaks [19], which
can destabilise the power grid. There is a positive motivation behind
using a single signal, but it may lead to operational drawbacks, including
distribution transformer overutilisation and accelerated aging, which
can compromise the overall efficiency and reliability of power grid
operation.

Existing BGI studies focus on single control signals such as price and
CO; [19,20] but overlook their impact on transformer stress and aging.
Research on optimized signals has improved joint influence of different
single signals as price and COg, but lacks real-time power grid respon-
siveness [21]. [22] showed different agent functions such as price and
grid stress signal from a peer-to-peer platform. By cooperating two
different signals, the grid stability is always controlled while aiming cost
effective operation. Similarly, [23] introduced a genetic algorithm-
based flexibility optimization model, balancing grid stability and
financial incentives. This approach optimizes electrical vehicle charging
flexibility to reduce congestion costs. While they effectively reduce
short-term costs and congestion, they do not incorporate transformer
operational status. [24] developed a transformer model to assess aging
impacts under varying load conditions, but their analysis was limited to
signal-unaware demand scenarios. A more transformer-aware flexibility
model was presented by [25], who developed a multi-stage optimization
framework integrating home energy management systems and peer-to-
peer trading. Their approach ensures grid-friendly flexibility activa-
tion by imposing transformer overload risk limits; however, their control
approach does not include immediate operational changes to avoid
transformer overload.

To this end, introducing additional signals is necessary to overcome
operational challenges and ensure stable grid operation. Despite sig-
nificant advancements in BGI research, several critical gaps remain:

e Priority between objectives: Current studies lack a systematic anal-
ysis for quantifying the relative impact of signals —such as cost and
grid stability- within control strategies.

e Localized grid constraints: Grid-level impacts, such as distribution
transformer operation status as overloading and fastened aging, are
underexplored under dynamic signal scenarios.

e Sequential signal operation: Few studies have evaluated the effec-
tiveness of sequential signals in mitigating transformer overload
while maintaining BGI operation.
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e Heterogeneity in building clusters: Most research focuses on one
building cluster, failing to address the diverse properties and be-
haviours of different clusters.

Tackling these challenges, this study aims to examine the impacts of
control signals on building clusters and power grid operation, by
comparing the effects of single versus sequential penalty signals on
distribution transformer performance and lifespan; a novel contribution
to the field, as this is a previously underexplored aspect with significant
implications to both the buildings, power grid networks and their in-
teractions. However, the term “penalty signal” may carry negative
connotations, making it less effective for engaging stakeholders,
particularly in commercial contexts [26]. To address this, we propose
the term “building-grid interaction signal” (BGI signal). A BGI signal is
defined as “a dynamic signal that prompts adjustments in a building’s
systems or services to align with operational goals and external factors
such as grid service requirements”. Unlike penalty signals, BGI signals
are not restricted to cost-specific factors and can encompass multiple
control variables, offering a more inclusive and stakeholder-friendly
approach to demand response initiatives. The literature outlines
several types of BGI signals that can be applied to buildings:

1 Single BGI signal

A single signal is employed to achieve or optimise for a specific
objective, such as minimising energy costs or reducing GHG emission
[20,27]. This approach is straightforward, as it focuses on one parameter
without accounting for trade-offs with other objectives.

2 Optimised or Compound BGI signal

Multiple parameters are simultaneously considered within a single
signal, enabling a balance between objectives such as energy costs and
GHG emission saving [28,29]. This requires pre-processing to generate a
combined BGI signal at each time step. The process often involves a
decision tree or weighted balancing method, where weights are assigned
based on the importance of each parameter or the overall optimisation
objective. This type of signal is particularly suited to scenarios where
trade-offs between competing objectives must be resolved dynamically.

3 Sequential BGI signal

Multiple signals are applied concurrently, but only one signal is
active at any given moment, based on a predefined priority hierarchy.
For example, a baseline signal might optimise energy costs to minimise
operational expenses. However, if a critical event occurs — such as power
instability — a higher-priority signal is activated to address the urgent
need for demand change. During this period, the priority signal
temporarily overrides the baseline signal to tackle the greater issue.
Once the issue is resolved, the system reverts to the baseline optimisa-
tion signal.

Sequential signals directly address the localized constraints by
incorporating real-time feedback from grid infrastructure, such as
transformer load and hot spot temperature (HST). However, the studies
evaluating their impact on grid operations, particularly in the context of
transformer aging, are limited. The integration of dynamic BGI signals
into such models remains an open research question. This study focuses
on these gaps by:

— Developing a co-simulation framework to evaluate the impacts of
sequential BGI signals on building clusters and power grid operations.

Building performance simulations (BPS) are conducted in a co-
simulation environment to analyse the use of single signals such as
electricity unit price and power grid electricity carbon dioxide equiva-
lent (CO2eq) intensity in BGI operation, focusing on building clusters
from Germany and Switzerland.

— Quantifying transformer aging and HST fluctuations under dy-
namic signal scenarios using sequential signals.

After performing the simulations using a single signal, further simu-
lations were performed using a sequential signal arrangement; consid-
ering a single signal alongside a transformer critical status (TCS) signal,
to evaluate the impacts that multiple signals (two signals are applied in
the scope of this research) can have on flexibility objectives and grid
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stability across building clusters. The distribution transformer model,
which was used to create the TCS signal and calculate transformer aging,
complies with the principles specified in the IEC 60076-7 standard [30].
Consequently, the distribution transformer load, energy costs, GHG
emissions, distribution transformer aging and the indoor thermal com-
fort results are presented in this research.

The paper is structured as follows: Section 2 introduces the meth-
odology, including the two investigated building clusters, a description
of the signals used, and the numerical setup. In Section 3, the results of
cluster and distribution transformer operation based on different signals
are presented. Section 4 examines the context of different building
cluster analysis, concluding with this study’s key findings and outlining
directions for future work.

2. Methodology

This research analyses two building clusters located in Germany and
Switzerland as part of the IEA EBC Annex 82 — Energy Flexible Buildings
Towards Resilient Low Carbon Energy Systems framework, which in-
volves researchers from multiple institutions. The distinct characteris-
tics of the case study areas, including country-specific standards,
regulations, and operational practices, necessitated the application of
different methodologies. Additionally, the institutions conducting the
research employed varied BPS tools and numerical methods, reflecting
their approaches. These differences, while inherent to international
collaborations, contribute to a broader understanding of BGI by show-
casing diverse strategies for building operations and control. The pre-
sented work represents a unified effort to address these variations and
integrate insights from different contexts. This research does not aim to
directly compare the clusters but rather to analyse them independently
to understand how BGI signals function in distinct operational settings.
The description of the clusters, BGI signal used, simulation cases,
applied control strategies and numerical setup of co-simulation envi-
ronments are described in the following section.

2.1. Cluster definition — Wuppertal, Germany

As part of the Solar Decathlon Europe 21/22 competition, which was
organised in Wuppertal, Germany, 18 teams designed and built energy-
efficient solar powered houses [31]. For further research activities to be
conducted under the “Living Lab NRW” project, eight of these buildings
remained in Wuppertal (Fig. 1). Wuppertal’s climate is characterised by
moderate winters and summers, with a long-term mean annual tem-
perature of 10.5 °C and a total global solar radiation of 942 kWh,/m? per
year [32].

The buildings in the cluster were designed for residential use and
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exhibit considerable variation in size, with total net floor areas ranging
from 67 m? to 155 m? and a combined living space of 850 m? (970 m?
gross area), as well as differences in roof types. During the modelling
phase of the buildings, limited monitored data was available. As a result,
the building models may not fully represent actual performance.
Nevertheless, the models were developed mainly based on data obtained
during the project development phase. However, for the research pur-
poses in this paper, the energy systems and their setpoints were modified
and the obtained data from BPS were used for the paper analysis. Each
building has unique thermal characteristics and HVAC system configu-
rations tailor to their design purposes. In the existing arrangement, all
buildings are equipped with heat pumps, some have specific designs to
achieve passive heating and/or cooling. In this research, each building’s
HVAC was considered as a reversible air source heat pump with a
thermal size of 10 kW and coefficient of performance (COP) of 4.4. The
calculated space heating demand is 61 kWh/m? per year in the cluster.
Additionally, the energy system of each building was modelled with two
separate thermal storage tanks, each with a capacity of 500 L (for
increased flexibility) —one designated for hot water, which is utilised
for both space heating and domestic hot water, and one for cold water
storage. The supply temperature for hot water utilised in space heating
was modulated according to an ambient temperature-dependent heating
curve (HC). Domestic hot water was charged for two hours during the
day at a fixed 55°C temperature. The indoor temperature setpoints were
established at 21 °C during the heating season and 25 °C during the
cooling season. Certain houses were equipped with ceiling radiant
heating systems, whereas others were fitted with floor radiant heating
systems to serve as their primary heating and cooling room units. The
indoor CO3 level was maintained in the range of 400 ppm to 1000 ppm
through mechanical ventilation in two buildings, while the remaining
six buildings were ventilated naturally using automated window con-
trol. Each house also has its own PV panels with different orientations
but a capacity of 2.5 kWp. No electrical energy storage systems were
modelled in this research.

Each building had a distinct electrical load profile derived from
lighting, equipment, and plug-in loads, in addition to the HVAC system
demand. These profiles were correlated with a unique occupancy
schedule. The cluster energy model was developed in a BPS tool where
the actual recorded weather data for Wuppertal, Germany (by a local
weather station) over an entire year is used. The energy model of the
cluster, representing the baseline case (signal-unaware scenario), was
developed with the actual thermal characteristics of each building
defined. The calibrated model was obtained by the monitored data as
described in [34]. However, the energy plants were modelled as non-
electrical systems in the BPS tool to determine the transformer capac-
ity before electrification

Fig. 1. The Wuppertal cluster buildings simulated in this work (Ref: © Sigurd Steinprinz, University Wuppertal).
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2.2. Cluster definition — Basel, Switzerland

This building cluster comprises eight single-family terraced houses
that were modelled on existing houses located in Basel, Switzerland
(Fig. 2). The climate in Basel has moderate winters and summers, with
an annual mean temperature of 11.2 °C and a total global solar radiation
of 1273 kWh/m? per year. The data used was derived from the most
recent 15 years (2007-2021) [35]. The total gross floor area is 137 m?
(net floor area 114 mz) for each building, which are of solid-wall con-
struction (brick wall, concrete floors/ceilings), without basement and
oriented south/north. The top level of the pitched roof is unheated. The
building models retain only the geometric form of existing buildings,
reflecting their actual physical shape. However, all other modelling
parameters were based on assumptions in accordance with the SIA 380/
1 standard. Based on the modelling assumption, each house has a
heating demand of 38.6 kWh,/m? (gross floor area per year) according to
[36].

For the modelling purposes, a brine-to-water heat pump with a
thermal capacity of 15 kW and a COP of 3.5 was used for each building
to meet their heating and domestic hot water demands. Each heat pump
fed a 300-liter buffer tank and a 200-liter domestic hot water tank
(HWT). The heat was emitted via radiators that draw their heat from the
buffer tank. The domestic hot water was produced for two hours in the
early morning during the whole year. During summer, between the 1st
of May and the 15th of September, the heat pump heating function was
switched off and, no mechanical cooling was implemented in the cluster.
All buildings have roof mounted south-facing PV systems at 40° incli-
nation. Two buildings have a PV-system with a capacity of 1.5 kWp and
the other six buildings 3.0 kWp.

Eight unique household electricity load profiles based on 10-minute
increments were used [37] and varied between 7.6-23.5 kWh/m? per
year. The daily occupancy profiles were based on Swiss standard [38]
and were customised for each building, alongside daily hot water usage
— both apply to all days of the year.

Ventilation was modelled based on a fixed daily window-opening
behaviour, with windows opened four times a day for 10 min each as
given in the reference [39]. The four ventilation times vary for each
building, and they were independent of the ambient temperature. The
range of the ventilation times for all buildings was in the morning be-
tween 6:50 — 8:20, after lunch between 13:10-14:50 (except of one
building: 17:30-17:40), in the early evening between 18:40-20:20 and
late in the evening between 21:50-23:20 as given in the supplementary
document — Fig. 1. The radiators were switched off during ventilation
times; however, the heat pumps continued to charge the buffer tanks if
the monitored temperature fell below the setpoint. In midsummer, be-
tween the 15th of June and the 15th of August, additional nighttime
natural ventilation was provided in the upper rooms between the eve-
ning and morning ventilation time in each building. The external blind
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was activated when the solar radiation on the outer facade exceeds 120
W/m? for two buildings and 150 W/m? for the other buildings. The
building energy models were created using DesignBuilder [40] and
simulated using EnergyPlus [41] at 10-minute simulation steps. In
Table 1, the key parameters of both clusters are given.

2.3. Building-Grid interaction signals

Sequential BGI signals differ from single or optimized signals by their
dynamic prioritization mechanism, as described in Section 1, which
activates specific signals based on predefined grid conditions, such as
transformer overload, cost or GHG emission. Unlike single-signal ap-
proaches, sequential signals aim to balance competing objectives by
integrating real-time feedback from the grid into control strategies. This
study incorporates a novel sequential signal framework that evaluates
the impacts of combining price- or CO,-driven signals with TCS signals,
thus addressing previously unquantified trade-offs between energy
flexibility and grid stability.

2.3.1. Price-driven and emissions-driven Building-Grid interaction signal
Day-ahead prices (DAH) (before tax and surcharge) were utilised as

the electricity unit price, with data accessible on the ENTSO-E Trans-

parency Platform [42]. Similarly, CO2eq intensity data was obtained

Table 1
The key parameters of the clusters.

German building cluster Swiss building cluster

137 m? (gross) for each
building - in total 1080 m?
(gross)

8 heat pumps — each with a
thermal capacity of 15 kW
and 3.5 COP

No mechanical cooling

Area Ranging from 67 m? to 155 m?
(net) — in total 850 m? (net)

Heating system 8 reversible heat pumps —

each with a thermal capacity

of 10 kW and 4.5 COP

8 reversible heat pumps and 8

tanks — each with a volume of

Cooling system

500 L
HWT 8 combi tanks — each with a 8 tanks — each with a
volume of 500 L volume of 200 L
Buffer tank No 8 tanks — each with a
volume of 300 L
DHW From HWT From HWT
PV 2.5 kWp 1.5/3.0 kWp
Space heating 61 kWh/m? 38.6 kWh/m?
demand
(Thermal)
Space cooling 26 kWh/m? No mechanical cooling
demand
(Thermal)
Cluster total peak 11.5 kW 13.6 kW
demand
(Electrical)

Fig. 2. The Swiss building cluster simulated in this work (Ref: © Monika Hall).
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from the Electricity Maps — Data Portal [43]. Both datasets are from
2023 - they are freely accessible and provided in hourly resolution. DAH
are announced every day around 12:00 pm and present the dynamic
electricity unit prices for the next entire day. For the purposes of this
research, it was assumed that the bidding process in the DAH market was
successful throughout the year. This assumes that the building is part of
an aggregator’s portfolio, enabling participation in the DAH market.
Utilising this information, the building energy systems were optimised
to use economic operation (i.e., objectively minimise operational costs)
by controlling building energy systems within specific indoor thermal
comfort setpoints. Accessing average emission data before energy price
data is not easy. However, there are some studies that conduct forecasts
using artificial intelligence technology, allowing such a signal to be used
for environmentally friendly operation of the energy system. In this
research, the German and Swiss datasets for price and emissions were
exploited under the assumption that the datasets are known 24-hours in
advance.

2.3.2. Transformer Building-Grid interaction signal

To generate a TCS BGI signal, a transformer model developed using
IEC 60076-7 standard [30] was used in this study. The transformer’s
rated power was obtained by considering the peak cluster load observed
over a year, before the use of available energy flexibility to modify the
buildings’ load according to the considered BGI signals. In practical
applications, transformer design typically includes a security factor
above the peak expected load to ensure operational safety. However, in
this study, the transformer capacity was intentionally set equal to the
peak load of the building cluster, without an additional safety margin.
By not incorporating a built-in safety margin, the model exposes the
transformer to its full load potential, thereby enabling a more sensitive
evaluation of how BGI signals influence transformer heating, aging, and
overloading. Since all control strategies and simulations were bench-
marked using the same transformer capacity across cases in the specific
cluster, the relative differences in aging and critical status are internally
consistent and valid for comparison. Although absolute aging values
might vary with a different transformer sizing strategy, the observed
trends and relative performance of BGI signals remain robust.

The broader district typically consists of a large number of buildings
(e.g. more than 50) that are connected to a shared transformer. How-
ever, for the purpose of this research, we focused on a smaller repre-
sentative cluster of eight buildings in to balance computational
complexity with a realistic level of detail. While in practice, a trans-
former would not be dedicated solely to this limited number of build-
ings; we scaled the transformer size in our models to match the
aggregated peak demand of the simulated cluster under baseline con-
ditions. This approach allowed us to isolate the impact of BGI signals on
transformer performance under computationally manageable condi-
tions. This resulting transformer capacity is therefore hypothetical, yet
aligned with the actual load profile of the selected buildings.

The yearly power demand of the cluster is output at one minute
resolution by the BPS tool. The highest demand value was found to be
11.5 kW and 13.6 for the German and Swiss building cluster, respec-
tively which was used as the transformer capacity for the simulation
scenarios executed in this research. It is important to note that a dis-
tribution transformer in real operation would have higher rated power
values, for that reason, the model used based on IEC 60076-7 standard
considers the load factor, i.e., absolute load normalised to the rated
power, and not the absolute load.

This sizing approach allows future increases in peak load (e.g.,
resulting from increasing electrification and integration of PV systems)
as the transformer does not operate above nominal power during the
baseline scenario. At a constant transformer HST of 110 °C, the lifetime
of a transformer is specified as 180,000 h, which corresponds to
approximately 20.5 years. Since the transformer HST varies depending
on the transformer utilisation and the ambient temperature, this must be
calculated for each time step. If the transformer HST in the time step is
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lower than 110 °C, the lifetime is extended; if it is higher, it is shortened.
This results in equivalent aging days. A higher number of equivalent
aging days corresponds to a faster transformer aging.

The method from IEC 60076-7 was used to calculate the transformer
HST and transformer aging. In [24], the standardised method according
to IEC 60076-7, for calculating the transformer HST and equivalent
aging based on one minute time steps was presented as a difference
equation.

In this research, when the transformer HST exceeded 110 °C, TCS
BGI signal was switched from zero to one (inactive to active). When this
BGI signal became active, it suspended the price or COzeq intensity
driven operation. More information about the utilisation of these signals
is provided in Section 2.4.

2.4. Simulation scenarios

Two single BGI signals, specifically, DAH (€/kWh) and COzeq in-
tensity (gCO2eq/kWh) were used in the building simulations, as
described in Section 2.3.1. To conduct the sequential signal analysis,
each of these two signals were paired separately with a TCS signal (given
in Section 2.3.2) in order to consider the transformer HST. This way it is
possible to also evaluate the impact of these signals on building and
power grid operation. In total, five different operation simulation sce-
narios were developed for each of the building clusters as presented in
Fig. 3.

The baseline case of a cluster — the REF case was simulated as a
reference scenario (no BGI load management is applied) to compare to
BGI cases. In the single BGI signal cases, DAH (the DAH case) and COseq
intensity signals (the COy case) were used to perform economic and
environmental operation, respectively. Their impact on the power grid
operation was analysed separately by incorporating TCS BGI signal in
the DAH_TR case “DAH and transformer critical status” and “electricity
CO9eq intensity and transformer critical status” in the CO5_TR case.
More information about the utilisation of DAH, electricity COgzeq in-
tensity and TCS signals as drivers of the cluster control strategies are
given in Section 2.5.

2.5. Building cluster control strategies

The basic assumption for the BGI is that a building operates in an
economical or environmental-friendly manner. In this way, power de-
mand is used to a greater extent when DAH or GHG emissions are low, or
‘favourable’; conversely, higher or ‘unfavourable’ BGI signal values
would trigger reduced demand. To define the ‘favourable’ and ‘unfav-
ourable’ hours, an interquartile analysis was applied to categorise the
signals for each day. This resulted in, six hours of low (favourable), six
hours of high (unfavourable) and 12 h of medium (nominal) signal

Basaline REF Case:
The reference
Sl DAH Case: CO, Case:
BGIgsi nal DAH €Oeq
& intensity
Sequential
BGlI signal

Fig. 3. The simulation cases performed in this research.
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categories being established. This process was repeated for each simu-
lation day based on the new daily BGI signal values. During low signal
periods (< 25 % daily quartile), DAH and COeq intensity are more
favourable, allowing the building to operate at a lower cost or in a more
environmentally friendly manner compared to the nominal operation.
Conversely, during high signal periods (> 75 % daily quartile), prices
and emissions are at their peak, leading to more expensive or less
environmentally friendly building operation. Similar methodology was
applied in the previous researches [16,44,45]. The illustration of price
categorization using quartile analysis for an example date is included in
the supplementary document — Fig. 2. Within the examined cases,
ensuring thermal comfort remains a primary constraint at the building
level.

In this framework, the control strategies were established based on
the defined signal categories and rule-based control was implemented.
In the German building cluster, the temperature of the hot and cold
water storage tanks were controlled, whilst in the Swiss building cluster
the temperatures of the indoor air, buffer and domestic hot water tanks
were directly controlled. This approach indirectly manipulated the
operation of the heat pump in both cases. It was assumed that all houses
in the clusters receive the same signal simultaneously and reacted
homogenously. During low (favourable) operating periods, the buildings
were thermally charged by increasing the setpoints during the heating
period. When the BGI signal entered the high (unfavourable) category,
the setpoints were adjusted to slightly lower temperatures to reduce
costs/emissions. During medium (nominal) operating periods, the set-
points remained at the same level as in the REF case. It should be noted
that in the German building cluster, the heat pumps operated during the
cooling season with setpoints adjusted using a similar methodology.
However, in the Swiss building cluster, no active BGI signal was applied
during the cooling season as there is no mechanical cooling operation.

Table 2 shows the heating season setpoints for the indoor air tem-
perature and the HWT for both clusters respectively. Only the space
heating buffer tanks and domestic hot water tank in the Swiss building
cluster had direct setpoint temperature control. In the German building
cluster, a HC (responding to the ambient temperature) determined the
HWT setpoint temperature. Depending on the BGI signal, the tempera-
tures were set to different levels, whereby the medium (nominal) set-
point temperatures were the standard HC values of the REF case
operation. In low and high BGI signal periods, the setpoint was increased
or reduced, respectively, by 5 °C than the HC value applied in the REF
case. In cooling season, the cold-water tank was charged by 5 °C lower
and 5 °C higher compared to the REF case cooling curve temperatures,
when the BGI signal was at low and high level, respectively. Domestic
hot water was charged for two hours during the day at a fixed 55°C
temperature, and BGI strategies were not applied to its operation. Prior
BPS studies for the German building cluster showed that the indoor
temperature was maintained between 21 °C and 25 °C within this HWT
temperature ranges. Therefore, there was no additional control strategy
applied to retain indoor temperatures. In the Swiss building cluster, the
indoor air temperatures were directly controlled based on the BGI
signal, e.g. 23 °C and 18 °C were assigned during low and high BGI

Table 2
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signal periods, respectively. When the BGI signal was at medium
(nominal) levels, 21 °C was applied as in the REF case. If a setpoint of
23 °C was required, more heat from the buffer tank was used to supply
the radiators and the buffer tank temperature increased from 50 °C to
55 °C. If the setpoint was at 18 °C, then, the buffer tank set point was set
to 40 °C. Additionally, in the Swiss case, domestic hot water was sup-
plied from the HWT. If the charging time coincided with a high BGI
signal period, the setpoint was set to 45 °C; otherwise, it remained at
55 °C.

During price- and emission-driven BGI operation, rebound effects
may increase stress on the transformer. For example, transformer HST
can reach 110 °C when the applied setpoint temperature leads to higher
peak loads from the power grid. It Is crucial for the control strategies to
be adjusted to resolve the critical status on the transformer as presented
in Fig. 4.

In this event, price- and emission-driven BGI operation was over-
ridden, and transformer management took priority. To allow the trans-
former to cool down after the maximum temperature of 110 °C had been
exceeded, the HWT temperature in the German building cluster was set
to 10 °C lower than the HC temperature. In the Swiss building cluster,
the heat pumps were switched off until the transformer temperature
cooled down to a certain temperature. As there is no definition of a lower
boundary for the transformer HST, 90 °C was assumed as the lower limit
in this research. Occupant comfort was considered a priority, and so the
“off” status remained until this hard limit was reached. Therefore, a
minimum room temperature of 19 °C and 18 °C must be maintained for
the German and Swiss building clusters, respectively.

It should be noted that, in the Swiss building cluster model, the
transformer manager had no access to room or tank temperature data,
nor to BGI signals. It sent a request to switch off the heat pumps when
the transformer temperature was too high. The individual houses com-
plied by adjusting their heating setpoint temperatures to the TCS levels,
and the heat pumps were turned off individually if this revised thermal
comfort requirement was met.

2.6. Co-simulation environment

In this research, two distinct simulation approaches were performed,
each utilising specialised tools designed to meet specific requirements.
The simulation approaches both comprise two main steps: (1) the
computation of the transformer HST in order to generate a TCS BGI
signal and (2) the determination of building performance metrics, such
as HVAC operation values and thermal comfort levels. Step (1) was
implemented by numerical computing tool and for step (2), BPS tool was
utilized. These signals are crucial for implementing control algorithms
aimed at demand optimization and for calculating yearly transformer
aging. To ensure accuracy, these calculations must be performed
concurrently, as each time step’s results depend on the preceding step
within this dynamic computational framework. To address this chal-
lenge, a co-simulation framework was established as per Fig. 5, enabling
an in-depth analysis of different BGI signals.

Since this study was conducted through collaboration between two

The applied setpoint control strategies for both clusters during heating and cooling seasons. GER: Germany, CH: Switzerland, HS: Heating Season, CS: Cooling Season,

HC: Heating Curve, HWT: Hot Water Tank, TCS: Transformer Critical Status.

BGI signal Buffer Tank HWT

Cluster GER Cluster Cluster GER Cluster Cluster Cluster

CH CH GER CH

HS CS HS CS
Baseline 21°C 25°C 21°C - - 50 °C HC 55°C
Low level DAH/CO%eq 21°C 25°C 23°C - - 55 °C HC + 5°C 55°C
Medium level DAH/CO,eq 21 °C 25°C 21 °C — — 50 °C HC 55°C
High level DAH/CO2eq 21°C 25°C 18°C - - 40 °C HC-5°C 45°C
TCS IfTCS=1,19°C IfTCS=1,18°C — IfTCS =1, IfTCS =1, IfTCS=1,45°C

40 °C HC -10°C
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Fig. 4. The operational changes based on the sequential BGI signals in a building cluster. The orange line presents the operation flow described for the DAH case and
the CO; case. The dynamic interaction with the transformer status is integrated with blue line in the DAH_TR case and the CO5 TR case. HC: Heating Curve, HST: Hot

Spot Temperature, HWT: Hot Water Tank.
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Fig. 5. The workflow between numerical computing tool and BPS tool in co-simulation environment.

institutions, one based in Germany and the other in Switzerland, each
team employed the BPS tool standard to their institutional practices.
Specifically, this study used a co-simulation environment that integrates
BPS tools IDA-ICE [33] and EnergyPlus with numerical computing tools,
Matlab [46] and Python [47] in the German and Swiss building cluster,
respectively. In German building cluster, the co-simulation environment
was established using communication channel as the data exchange
pathway in Functional Mock-up Interface, and the Mosaik platform [48]
was used in the Swiss building cluster. The time step for the transformer
model described in Section 2.3.2 was set to one minute for calculation,
as standard practices from IEC 60076-7 suggest this high resolution to
accurately mode the thermal phenomena in the internal components of
the transformer (e.g., windings temperature variation). In the German
building cluster, the co-simulation environment was set up with a 1-min-
ute time step to align with the given standard.

On the other side, this high-resolution calculation resulted in long
simulation times and increased computational burden. As a solution to
decrease the simulation time, the Swiss institution applied a modified
method for calculating the transformer HST, accordingly. The differen-
tial equations were reformulated as integrals to enable a more flexible

calculation across varying time steps and the simulation time step in the
Swiss building cluster was set to 10 min. For verification purposes, the
results were compared, showing a close agreement. The deviation of the
predicted value of the modified method compared with the standardised
method is approximately + 0.2 % for the maximum transformer tem-
perature and approximately + 2 % for aging between the standard
method at a 1 min time step, and the modified approach at a 10 min time
step [49]. In the supplementary document, Fig. 3 presents the numerical
difference between the standard method and modified method. In

Table 3
The used tools and parameters in this research.

BPS Tool Numerical Co-simulation Co-simulation
Tool environment time step
German IDA-ICE Matlab Channel 1 min
building connection
cluster
Swiss EnergyPlus  Python Mosaik 10 min
building
cluster
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Table 3, the tools and parameters to set the co-simulation environment
for the clusters are shown.

The objective of using a 1 min or adapted 10 min resolution in the co-
simulation is to align with the transformer HST calculation time step. If
the time steps of the two tools — namely, the numerical computing tool
and the BPS tool — do not align, communication issues may arise,
potentially resulting in failure of the co-simulation environment.
Moreover, using larger time steps in the BPS tool, such as 30 min or one
hour, can lead to missed peak loads, as the tool would compute results
based on averaged data over the larger interval, also resulting in limi-
tations for the transformer thermal model due to larger than expected
time constants. This, in turn, could result in incorrect estimation of
transformer stress.

3. Results

This section presents the simulation results for the two building
clusters, evaluating how the same BGI signals influence building and
grid operations under distinct operational conditions. Rather than con-
ducting a direct comparison between clusters, this study aims to
demonstrate how BGI signals interact with different building charac-
teristics and control strategies. The findings provide insights into the
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adaptability of sequential BGI signals across varying grid and building
contexts.

3.1. Daily load profile under different simulation cases

This section analyses representative daily load profiles from both
clusters to illustrate demand variations across different simulation cases.
Fig. 6 illustrates the operational demand and transformer state for the
German building cluster on the 22nd of January at one minute resolu-
tion where the TCS BGI signal for the heating season was observed for
the first time. The figure displays the REF case, economic optimisation
the DAH case, and economic optimisation with TCS DAH_TR case in
subplots A, B, and C, respectively. Since the analysis results exhibit a
similar overall profile, the remaining cases — CO3 and CO,_TR — are not
included in the figure. However, their impacts on transformer operation
and other cluster metrics are presented in the next sections. In these
three subplots, the cluster power demand, heat pump power demand
and PV generation in kW are given on the left axis. The cluster power
demand includes all the loads from building cluster, namely the heat
pump power demand and baseloads as lighting, equipment, and plug-in
loads. In the right axis, transformer HST (°C) and transformer utilisation
(%) are illustrated by the dotted lines. In Fig. 6-D, the price BGI signal is
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Fig. 6. The daily load profile presentation of the German building cluster for a day in January. Subplots A, B and C present the results from the REF case, the DAH
case and the DAH_TR case, respectively. HST: Hot Spot Temperature, HWT: Hot Water Tank, TCS: Transformer Critical Status.
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given on the left axis in high, medium and low levels where TCS and
HWT charging signals are presented on the right axis. TCS status is
defined as 0 (not active) and 1 (active), while HWT charging signal is
0 (no charge) and 2 (charge) on the right axis. The same price signal is
exploited in both the DAH case and the DAH_TR case, however, the HWT
charging signal varies for these cases since the operation control is in
response to the HWT temperature value in addition to the price signal,
thus it is presented as HWT DAH case and HWT DAH_TR case. TCS is
only introduced for the DAH_TR case as described in Section 2.4. In the
REF case, the operation of the heat pumps in the cluster was controlled
relative to the ambient temperature HC as baseline operation scenario
and the heat pump power demand was the main actor of the total cluster
consumption. The highest heat pump and cluster total demand for this
representative day were 8.0 kW and 11.5 kW, respectively. The trans-
former utilisation remained under 100 %, with the transformer HST
reaching a safe level of up to 80 °C. Between 08:00 and 14:00, there was
a slightly higher PV generation, but as there was no additional control
strategy for PV generation in this research, the generation profile was
same for all given cases. In Fig. 6-B, the DAH case results showed that,
with the price driven strategy, the cumulative demand of eight heat
pumps increased to 12 kW when the price was at low level at 00:00 and
correspondingly the cluster total demand reached 15 kW. The trans-
former capacity in the German building cluster was limited to 11.5 kW
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and during thermal charging of the HWTs, the transformer HST
increased to 115 °C, corresponding to a transformer utilisation of 125 %,
exceeding its rated capacity. However, since the TCS BGI signal was not
implemented in the DAH case, no additional control strategies were
available to address the transformer overload when transformer HST
reached 110 °C. As the HWT temperature reached the charging setpoint
value, the heat pump power demand decreased and, based on the dy-
namic setpoint varying with the ambient temperature together with
price level, the thermal charging was activated during the day at
different times as 07:00 and 16:30. If the HWT temperature value was
below the setpoint, even though it was a high price event period, e.g.
16:30-21:00, the heat pumps operation continued to ensure thermal
comfort.

For the DAH_TR case, to keep the transformer HST below the desired
maximum value of 110 °C, the TCS BGI signal was introduced in addi-
tion to the price BGI signal in the cluster control strategy. The first low
price period started at 00:00 and the power demand of all heat pumps
rapidly reached to 11 kW inducing the transformer HST increase (Fig. 6-
C). However, when transformer HST raised to 110 °C, the TCS switched
from O to 1 between 00:15 and 01:20 as given in Fig. 6-D. This event
immediately supressed the thermal charging of HWT, and heat pumps’
power demand decreased till the transformer HST drops to 90 °C. After
ensuring the transformer HST was at 90 °C, the heat pumps again
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Fig. 7. The daily load profile presentation of the Swiss building cluster for a day in April. Subplots A, B and C present the results from the REF case, the DAH case and
the DAH_TR case, respectively. HST: Hot Spot Temperature, TCS: Transformer Critical Status.
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charged the HWTs based on the dynamic setpoint value at that certain
moment. By falling 20 °C less than the critical transformer HST value, a
secured time was ensured to avoid a repetitive TCS event since the
following heat pump operation occurred in a short time if the HWT
temperature was lower than the charging setpoint. The delayed activa-
tion of the HWT charging, kept the transformer HST at a normal range,
thus, avoids the rapid transformer aging. This analysis is discussed in
Section 3.2.

The operational analysis of the Swiss building cluster under different
load management scenarios — REF, DAH, and DAH_TR cases — are
presented in Fig. 7 (A), (B), and (C), respectively, using the 7th of April
as a representative day.

This date was selected as it marks the first occurrence of the TCS BGI
signal during the year. In contrast, in the German building cluster, the
first occurrence of the TCS BGI signal (22nd of January) took place on a
different day due to differences in climatic conditions, building thermal
properties, and control strategies. Since the objective of this study is not
to compare the clusters directly but to demonstrate how the operational
scenarios apply under different conditions, each cluster was analysed
based on the first occurrence of the TCS BGI signal within its respective
operational context. This approach ensures that the analysis remains
consistent with the goal of evaluating BGI signal utilization across
diverse building configurations rather than drawing direct comparisons
between clusters.

The Swiss building cluster total demand represents all loads from the
entire cluster, including heat pumps as well as baseloads such as light-
ing, equipment, and plug-in loads. In Fig. 7-D, the price BGI signal and
TCS BGI signal are presented. Unlike in the German building cluster,
heat pump operation in this case was controlled by the manipulated
indoor and buffer tank temperature. Consequently, no HWT thermal
charging signal is designated in Fig. 7-D. In Fig. 7-A, which presents the
operational analysis for the REF case, the power demand for heat pumps
remained low, indicating that most of the cluster total demand was
attributed to household loads. The peak heat pump demand and cluster
total demand were approximately 3 kW and 10 kW, respectively. Given
that PV generation significantly exceeds the total power demand,
transformer utilisation was surpassed due to feed-in to the power grid,
for instance, exceeding —120 % at 12:00. Consequently, the transformer
HST surpassed 100 °C.

The results of the DAH case are presented in Fig. 7-B. As the price fell
into the low category around 11:00 (as shown in Fig. 7-D), the indoor
and the buffer tank setpoint temperatures raised, leading to an increased
power demand from the heat pumps. The cluster total demand,
including the additional heat pump demand, was covered by PV gen-
eration and the residual load was reduced, which resulted in a slight
reduction in transformer utilisation, i.e. —110 %, and transformer HST.

The results of the DAH_TR case are presented in Fig. 7-C. As the
transformer HST exceeded 110 °C after 12:00, the TCS switched to 1
(Fig. 7-D), and consequently, electricity consumption by the heat pumps
dropped to 0 as they were switched off. However, PV generation
remained high, and due to the reduced self-consumption after the heat
pumps were deactivated, grid feed-in increased. This, in turn, raised
transformer utilisation and further increased the transformer HST. To
reduce the transformer HST, the heat pumps need to be activated at
midday when there is a high PV surplus in order to increase self-
consumption. As the transformer HST must first go down to 90 °C
before the heat pumps are allowed to start again, an event extends over a
longer period, e.g. two hours. This results in a counterproductive
outcome, where the control strategy in the DAH_TR case inadvertently
exacerbates transformer loading. This issue is further discussed in Sec-
tion 4. Fig. 7-B shows that during low prices at midday, the heat pumps
are activated with higher indoor setpoint temperatures. In the REF case,
only medium target temperatures were set, resulting in a lower elec-
tricity demand for space heating than the DAH case.
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3.2. Transformer hot spot temperature and aging

The fluctuations in transformer HST across different representative
weeks are illustrated in Fig. 8, highlighting the transformer HST peaks.
Representative weeks from January (when first TCS BGI signal occurs)
and July are given for the German building cluster, whereas weeks from
April (when first TCS BGI signal occurs) and July are shown for the Swiss
building cluster.

In the heating season, the control of HWT setpoint temperatures in
response to the single BGI signals in the German building cluster resulted
in a broader range of transformer HST values in January compared to
the REF case. For example, the transformer HST varied between 20 °C
and 110 °C, whereas in the REF case, it reached up to 80 °C. The
broadened setpoint temperatures altered heat pump operation, leading
to changes in power demand from the grid. During the cooling season in
July, some transformer HST peaks were higher in the REF case since PV
generation partially covered the power demand of the building, and the
rest was fed into the power grid. In the DAH case and the DAH_TR case,
the setpoint of the cold-water storage tank was lower during the
favourable BGI signal periods, thereby increasing demand and reducing
the surplus electricity feed-in by covering the increased heat pump de-
mand. This leaded to a decreased transformer HST since the transformer
stress was mitigated. In some events, transformer HST was higher than
the desired maximum value of 110 °C such as 125 °C which occurred a
few times due to the feed-in from surplus PV generation. One such event
spans the period during which the transformer HST rises above 110 °C
and subsequently returns to 90 °C, with the duration of these events
varying. Except the feed-in event times, the transformer stress was less in
the German building cluster during cooling season because the feed-in
was decreased with BGI control strategies exploited by increased
active cooling.

As presented in Section 3.1, the transformer was stressed due to PV
feed-in event in the Swiss building cluster. In the Swiss building cluster
during April, higher transformer HST occurred during midday when
feed-in was at its peak. On the 7th of April, the transformer HST value
reached 110 °C in the REF case, and when TCS was introduced in the
DAH_TR case, the heat pump operation was suspended which lowered
the self-consumption and caused higher transformer HST. In the cooling
season, there was no mechanical cooling as described in Section 2.2,
thus, the transformer HST values remained the same for the cooling
season in all cases. Feed-in from the PV generation was the main driver
that the transformer HST reached to 130 °C in July.

The transformer aging results, relative to the reference scenario, are
presented in Fig. 9. To provide a standardized reference for comparison
of transformer aging the overall annual value of the REF case trans-
former aging was normalized to 100 % as can be seen for the German
building cluster in Fig. 9-A and Swiss building cluster in Fig. 9-B. The
normalization allows us to compare the transformer aging of the
different cases easier.

In the REF case of the German building cluster, where no BGI signal
was applied, transformer aging was the lowest at 1.9 days. In this
baseline case, the cluster power demand did not have sharp peaks that
the transformer capacity was approached frequently. However, when a
single BGI signal was used, such as in the DAH case and CO case, the
applied control strategy caused significant peaks resulting in reaching to
the transformer capacity, where faster transformer aging ensued.

The most rapid aging occurred in the DAH case and then following in
the CO, case with slightly less difference as 262 % and 253 %, respec-
tively. When the TCS signal was included in the DAH_TR case and the
CO,_TR case, the building energy systems operation could align with the
transformer needs, e.g., the cluster’s power demand was reduced, alle-
viating transformer stress. As seen, by the introduction of this signal, the
relative aging was found lower as 250 % and 230 % in the DAH_TR case
and CO2_TR case compared to the CO2 and DAH cases, respectively. The
rapid aging during heating season addresses the impact of demand peak
developments from BGI control strategies, e.g., applying higher
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Fig. 8. The transformer HST change for the selected cases for representative weeks, where the red line represents the HST limit which triggers a TCS BGI signal. A(1)
and A(2) present the results from the German building cluster, whereas B(1) and B(2) show the results for the Swiss building cluster.
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Fig. 9. The transformer relative aging for both clusters over a year. A — German building cluster, B-Swiss building cluster. The Swiss building cluster relative aging

between September and December is illustrated in a zoom view.

setpoints compared to the REF case. In the cooling season, PV generation
was at the highest level where it covered mainly the cooling demand.
Besides, when there was relatively less demand and surplus generation,
it was fed into the power grid. As seen during June and July, the aging
accelerated where the feed-in caused higher transformer HST in all
cases. During the transition season, i.e., May and September, the
building heating and cooling demands were lower, hereby, BGI control
could not take place often as applied during the rest of the year.

In the Swiss building cluster, the equivalent aging days in the REF
case is 16.7 due to PV feed-in. The PV feed-in in the German building
cluster is relatively lower compared to the Swiss building cluster.
Therefore, there is a significant difference in transformer aging between
the two clusters. In general, the single BGI signal operations in the DAH
case and CO; case showed the lowest relative aging as 91 % and 95 %,
respectively (Fig. 9-B). In those cases, the heat pumps often ran around
midday during the heating season, when PV yield was also available.
This increased the self-sufficiency and reduced the grid feed-in, which
had a positive influence on aging. In the DAH_TR case and the CO2_ TR
case, since the TCS BGI signal was rarely activated, they showed almost
the same aging curve as 99 % and 101 %, respectively. As the main aging
took place in summer due to the high grid feed-in the aging of all Swiss
building cluster cases were close. The impact of PV feed-in is evaluated
more in the Discussion section.
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3.3. Transformer load, cost, greenhouse gas emissions and thermal
comfort change

The cases DAH, CO,, DAH_TR and CO,_TR, where BGI signal were
exploited in the cluster operation, were compared to the baseline
operation — the REF case. The analysis under different operation sce-
narios revealed distinct results between the two building clusters located
in Germany and Switzerland. In Fig. 10, the transformer load observed
at the power grid meter connected to the transformer is shown,
reflecting values after accounting for self-consumption.

In the German building cluster, transformer load increased in the
range of 6.0 % to 7.1 % when BGI control strategies were applied. In the
single BGI signal operation, the transformer load was slightly lower than
sequential BGI signal cases. In the Swiss building cluster, the trans-
former load increased in the DAH case and the DAH_TR case in the range
of 2.6 % to 2.8 % where price BGI signal was used in the cluster oper-
ation. However, in the CO, case and the CO,_TR case —where CO.eq
intensity BGI signal was utilised- transformer load decreased 0.9 %
because COzeq intensities changed very often and rarely longer periods
with high or low setpoints occur. Since TCS BGI for COoeq. was more
rarely activated than the DAH cases, no change was observed between
the CO; case and the CO,_TR case in the Swiss building cluster.

The cost saving was higher in the DAH case and the DAH_TR case
around 4.0 % and 8.0 % for the German and Swiss building clusters
respectively, as presented in Fig. 11. Fewer savings in the CO5 case and
CO,_TR were calculated since the DAH and COzeq intensity are not
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Fig. 11. Yearly energy cost change relative to the REF case for both clusters.

correlated positively among year all the time. When a cluster is operated The results of DAH and DAH_TR case were close to each other on both

using a BGI signal with a certain objective, e.g. a price signal to achieve clusters since the TCS occurred a few times during the year which did
economical saving, this may reflect oppositely on the operational sav- not change the operational savings significantly. The same behaviour
ings of cases where different objective is aimed such as reducing GHG. also was seen for the CO;, case and the CO2_TR case. As mentioned above
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Fig. 12. Yearly GHG emission change relative to the REF case for both clusters.
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TCS BGI for CO2eq. was more rarely activated than the DAH cases, no
change was observed between the CO5 case and the CO2_TR case in the
Swiss building cluster.

As given in the cost change analysis, the uncorrelated trend of DAH
and COqeq intensity BGI signal affected GHG emission saving differently
on the DAH case and the CO; case. In Fig. 12, the GHG emission was 0.7
% less in the CO; case compared to the REF case and it was found 0.9 %
less in the CO4_TR case for the German building cluster. In the Swiss
building cluster, the GHG emission had a reduction of 18.7 % under the
CO9eq intensity signal operation in the CO; case and (5). As described
before, TCS occurs rarely, therefore the results were the same or did not
differentiate significantly. Conversely, the GHG emissions increased by
1.3 % and 4.5 % in the DAH case and the DAH_TR case for the German
and Swiss building cluster, respectively.

The BGI operational control strategies must be implemented without
compromising thermal comfort as discussed in Section 2.5. To assess
this, the operative temperature of one selected building from the
German building cluster (Fig. 13-A) and the Swiss building cluster
(Fig. 13-B) under the DAH_TR case operation is presented for the entire
year. In German building cluster, active heating and cooling were uti-
lised to maintain indoor temperatures between 21 °C and 25 °C, in
alignment with the ISO 7730 standard [50]. In contrast, the Switzerland
case lacked mechanical cooling, adhering instead to the comfort range
defined by the SIA 180 standard [51]. This standard considers the
moving average of the ambient temperature over 48 h as a benchmark
for acceptable comfort levels. In both clusters, there were instances
where temperatures exceeded or fell short of the prescribed limits: 21 °C
in the German building cluster and the SIA 180 limits in the Swiss
building cluster. In the German and Swiss building cluster, the lowest
indoor temperature for the representative buildings was 20.3 °C and
18.0 °C, respectively. These deviations arose because ventilation, ach-
ieved through manual window operation, was controlled either by in-
door CO3 levels or a fixed window opening schedules. In the Swiss
building cluster, where the BGI control strategy was limited to heat
pump operation during the heating period, deviations below the lower
temperature limit for heating were highlighted in the grey area. None-
theless, temperatures below the lower limit occurred only within a
narrow range in both clusters.

Temperatures below the lower limit and above the higher limit
occurred during the non-heating season (white area). The shortfalls
occurred due to the fix nighttime ventilation between the 15th of June
and the 15th of August. The excesses are based on the window opening
times during daytime. As mentioned, the ventilation time is based on a
fix time schedule and independent of the ambient temperature.
Crucially, for both occupant comfort and the effective implementation
of this control strategy, thermal conditions were maintained in both
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clusters. However, slightly lower indoor temperatures were observed
due to natural ventilation.

4. Discussion

This research analysed the operation of the building clusters and
their transformers over an entire year. Single day building operation
results showed distinct differences between the examined building
clusters. In the German building cluster, the TCS was triggered due to
the increased heat pump demand in the cluster. However, in the Swiss
building cluster, the heat pump demand was comparatively less than the
overall cluster demand. Especially because of the high amount of PV
generation, where the excess power was fed into the grid resulting in
transformer overload triggering the TCS. When the transformer is
overloaded, in principle, the demand should be reduced. In the Swiss
building cluster, reducing demand led to a decrease in PV energy con-
sumption during heating season, which reduced self-sufficiency.
Consequently, the amount of power fed into the grid increased. To
avoid this situation, we want to highlight the importance of integrating
advanced control strategies specific to each building within the cluster.
If transformer HST is high due to feed-in, large consumers should adjust
their setpoint temperatures to peak values within the acceptable range
of thermal comfort levels or switch on their HVAC systems. If no grid
feed-in occurs during times with high transformer HST, the building/s
with high demand should minimise their demand or switch off their
HVAC systems. In this research, all buildings in the same cluster were
controlled with the same control strategy and no individual control was
applied for each building. Our future work involves developing
customized control strategies for each building, aligned to its demand
profile.

While the clusters are not meant to be compared in a normative sense
(e.g., which performs better), their differences allow us to observe how
system behaviour and control outcomes vary due to system-specific
properties. For example, in the German building cluster, where the
cluster peak heating demand is higher than the Swiss building cluster,
the load shifting could be applied on a larger scale. Higher setpoints lead
to greater demand on the heat pump and the thermal storage, enabling
effective peak shaving during periods of low BGI categories. However,
the increased peaks resulted in faster aging during heating season. In
contrast, the peak heating demand is lower because of buildings thermal
properties in the Swiss building cluster, and the higher setpoints setting
did not accelerate the transformer aging on the heating system since the
increased heating demand was partially covered by PV generation.
Therefore, the aging resulted in a lower value compared to REF case.
During the cooling season, the rapid transformer aging was slowed down
in the German building cluster as PV generation partially covered the
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Fig. 13. The indoor operative temperature of representative buildings from the cluster Germany (A) and Switzerland (B). In (A), ISO 7730 standard with fixed
temperature boundaries is applied. In (B), the moving average of the ambient temperature over 48 h according to SIA 180 is applied and presented on the x-axis. Grey

area in (B) presents the heating season.
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cooling demand and there were less feed-in events compared to the REF
case. Conversely, the Swiss building cluster’s lack of mechanical cooling
system limits its summer flexibility, leading to TCS events and fewer
opportunities for dynamic control, which results in rapid transformer
aging during the cooling season, i.e., the transformer aging was less than
REF case in DAH and CO- cases. This leads to observable differences in
transformer HST profiles and aging rates under the same BGI control
structure between clusters. It is important to note that the transformer
HST is affected not only by the cumulative cluster power demand, but
also by the ambient temperature as previously mentioned. If this
research were conducted in a region with vastly different climate
characteristics, the TCS could activate more frequently, potentially
accelerating the transformer aging and maintenance cost.

When evaluating yearly metrics such as transformer load, cost, and
GHG emission savings, no significant differences were observed between
DAH and the DAH_TR cases and also between CO5 and the CO5_TR cases.
However, the timing of peak events during the day differed. This
discrepancy arises because the COzeq intensity value is not always
positively correlated with the price value [29]. In future, when the
electricity market dynamic aligns closer with the RES supply and de-
mand imbalances, an integrated strategy can be applied for both cost
and GHG emission saving. Although electric vehicles are not examined
in this study, their increasing share is expected to influence transformer
load. Incorporating charging strategies have to be included in the BGI
signal controls.

On the other side, both clusters include highly insulated, energy-
efficient buildings. This raises questions about the future viability of
building-grid interaction as the stock of energy-efficient buildings
grows. When most buildings have minimal heating and cooling de-
mands, their ability to relieve congestion events will be limited, and the
resulting cost savings may not be sufficient to motivate end users to
participate. Consequently, more innovative business models and
incentive structures will be needed to sustain engagement in building-
grid interaction schemes.

These variations underscore a key finding: BGI signals perform very
differently depending on each cluster’s system setup, seasonal operating
patterns and flexibility reserves. Rather than aiming for uniform results,
our study stresses the importance of fitting control strategies to each
scenario and shows how signals can produce varied effects, even when
driven by the same protocols, because of each cluster’s distinct
composition. A key insight from this study is the importance of dis-
tinguishing between load-driven and generation-driven transformer
stress when designing flexibility control strategies. In load-driven sce-
narios, such as peak heating or cooling demand, reducing or shifting
consumption is a viable means to relieve transformer stress. In contrast,
generation-driven stress, e.g., caused by high PV feed-in, requires
alternative strategies, such as coordinated load activation or storage
integration, to absorb excess generation and avoid back feeding-related
transformer overload. Therefore, applying identical control signals
across clusters without accounting for the dominant source of trans-
former stress may lead to suboptimal outcomes. Including two clusters
helps to highlight that flexibility solutions are not one-size-fits-all. This
is particularly relevant for stakeholders developing scalable demand
side management strategies or integrating flexibility into building stock.

Additionally, authors consider three operational control strategies
that could be applied as future work: curtailment of PV generation,
implementation of an electrical energy storage system and scheduling
the preheating of domestic hot water system during high PV generation.
The first option provides a complete solution by curtailing generation in
proportion to the extent of transformer overloading. In some countries
like Germany, this approach is applied. However, this also would mean a
reduction in renewable energy usage, which does not align with the
transition efforts from fossil-based systems to RES. Charging electrical
energy storage systems, electrical vehicles and preheating the domestic
hot water storage could assist the power grid operation during feed-in
times. This also would increase the self-sufficiency of the system.
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Additionally, in the case of applying these advanced control strategies,
we suggest considering energy sharing solutions within a building
cluster where the energy is shared within the local grid. Various business
models can be applied that the power is sold to the grid/local network or
traded between the neighbours.

5. Conclusion

In this research, we address the growing demand for Building-Grid
Interaction (BGI) applications at cluster level which plays a significant
role for electrification and full integration of renewable energy systems
(RES) into power grid. In this study, single and sequential BGI signals
were exploited to unlock energy flexibility and present their impact on
the power grid. The single BGI signals used were day-ahead prices and
electricity COzeq intensity to enable economical and grid-friendly
operation in different simulation cases, respectively. To reflect the sta-
tus of power grids, especially when there is peak shift event occurring
during favourable BGI signal times, a transformer model that complies
with the IEC 60076-7 standard was integrated into the Building Per-
formance Simulation (BPS) environment and the research was con-
ducted under a co-simulation framework. Two energy-efficient building
clusters from Germany and Switzerland, were used as case studies. Since
the power grid robustness has priority over the price or the COqeq in-
tensity BGI signal operation, a hierarchical approach was applied where
TCS BGI signal overrides the in-use BGI signal and changes the opera-
tional control strategies in order to support the reliable power grid
operation.

The results reveal that while single BGI signal implementation
optimise demand side management, their simultaneous application
within a cluster can trigger grid instabilities, highlighting the need for
additional BGI signal such as TCS. The sequential integration of TCS
with other BGI signal effectively prevents transformer overloads. How-
ever, the control strategy should be building customized focusing on the
transformer stress ground as load-driven or generation-driven trans-
former. The findings suggest future research on integrating advanced
controls and advanced control technologies such as electrical energy
storage utilisation and energy-sharing models within a cluster to
enhance energy system resilience and flexibility. These outcomes offer
strategies for integrating buildings into the power grid and supporting
the shift to a low-carbon future.

Another important point the authors want to highlight is the chal-
lenges to conduct a BGI analysis in a co-simulation environment. In the
market, there are various BPS tools that can be purchased or freely used.
During the transition of energy supply systems, the users require a
platform where the cluster of buildings and energy grid analysis can be
performed together without requiring heavy additional effort. In this
research, to carry out the BGI analysis, different tools were coupled, and
considerable time was spent to obtain stable communication between
the tools and print high resolution data. Moreover, this output data was
stored in those tools individually and required additional time for post-
processing. With the growing electrification and BGI applications, the
demand for user-friendly, fast and stable tools will be increasing.
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6. DISCUSSION

This dissertation set out to understand how buildings can be operated as flexible
prosumers in a way that is technically, economically and environmentally meaningful
and feasible at the distribution level. The four papers approach this question from

complementary angles:

e signal analysis (how to combine price and CO:eq. intensity information into

one controllable objective),

e a residential reference case (what control can and cannot deliver in a highly

efficient dwelling),

e control algorithm design at the single-building scale (how to plan and apply

actions under comfort and equipment limits), and

e cluster operation across two countries (how transformer stress shape the value

of demand-side flexibility).

Read together, the studies show that signal choice, control architecture, and system
scale are interdependent: none can be treated in isolation if flexibility is to be
applicable, verifiable, and aligned with local network constraints. Below, the answers

to the research questions with paper-specific discussion are given.
RQ1 - Composite objective vs single-signal control.

Paper 1 demonstrates that a joint penalty signal can deliver balanced gains across cost
and emissions relative to single-signal control. Over the heating season, the combined
case reduced CO: emission by 21-24% and cost by 24-34%, tracking the best single-
signal outcome on each metric while avoiding one-sided optimizations. The study also
shows that aggregation choice matters: biweekly thresholds smoothed activation even
though annual averages converge. Since day-ahead price and average CO2eq. intensity
are not reliably aligned, the paper concludes that composite signaling is valuable, but
it must be embedded in a controller with priorities or adaptive weights and always
remain bounded by DSO feasibility. It further documents that cross-border exchanges

influence national CO: intensity, complicating price/carbon alignment.
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RQ?2 - Controller architecture for flexibility under price and congestion signals.

Paper 2 provides a calibrated reference in a very efficient dwelling: a predictive
heuristic reduces the daily bill from 5.64 € to 5.45 € underprice response, with 5.50 €
after the post-congestion event; indoor temperatures remain essentially stable by
design (fluctuation around by 1 °C). The residential case indicates a limit set by
efficiency itself: with well-insulated envelopes, high coefficient of performance
equipment, and narrow comfort bands, the available flexibility margin is relatively
limited. Most demand is essential and closely connected to maintaining comfort,
leaving little scope for preheating/precooling or prolonged shifting to later periods
without violating temperature or equipment constraints. Accordingly, both bill savings
and congestion load reductions are limited and are delivered primarily via minor
scheduling adjustments rather than large energy shifts. This should be understood as
an inherent characteristic of efficient buildings, not a weakness of the control
approach, and it underscores the need for portfolio aggregation and realistic program

targets.
RQ3 - Co-optimizing grid and market-oriented operation at the single-building level.

Paper 3 shows that an RBPC control architecture can plan preheating/precooling and
use the slab’s thermal storage to follow price signals while enforcing slab/zone
temperature limits and respecting DSO constraints. In market operation, RBPC
achieved additional cost savings by 2.2% over RBC; during a congestion event it
delivered a 9.35 kW power reduction with LMGI 88.6%, then resumed market-
oriented operation with overall cost still lower. Comfort was maintained, i.e., market-
oriented actions produced only modest operative temperature fluctuations over a
representative week. Together with Paper 2, the studies show that RBC provides as a
simple reference, whereas RBPC introduces predictive control and resolves objective
conflicts with lower computational cost under DSO constraints compared to other
complex control architecture models. White-box MPC in the loop remains a theoretical
benchmark but is generally too computationally intensive for short decision intervals
in co-simulation. For current practice, RBPC offers a practical balance of capability,

computational feasibility, and transparency/verifiability.

RQ4 - Multi-building clusters: signaling strategies that balance cost, CO2, and grid
reliability.
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Paper 4 shows that local network context determines which actions create real value.
In the German cluster, a sequential strategy, i.e., price/CO: signals by default,
overridden by a transformer critical status signal and mitigated demand-driven aging
relative to single-signal cases. In the Swiss cluster, price/CO: signals could slightly
lower aging via self-consumption, whereas overriding with transformer-critical status
at inopportune times could increase aging by curtailing useful on-site PV utilization.
Comfort bounds are preserved in both clusters. Accordingly, transformer-aware
control must be root cause oriented and context specific. Before acting, the controller
should determine whether the local stress stems from high imports or from surplus
generation and then choose measures that address that cause. For example, reducing
evening imports via preheating versus increasing midday consumption through storage

charging or modest setpoint increases.

Taken together, these findings establish an integrated picture of grid-interactive
buildings: signals, controllers, and local network context must be treated as a coupled
design problem. Joint price/CO- signaling helps, but only when embedded in priority-
aware control that treats DSO limits as hard constraints; RBPC provides a practical
arrangement layer for this task. At the same time, the available flexibility in highly
efficient dwellings is modest, so programs should privilege verifiable adherence and
reliability over headline-grabbing shift quantities, and aggregate portfolios to achieve
system impact. At the multi-building scale, transformer-aware, context-specific
actions, i.e., reducing imports versus increasing on-site utilization, are essential to
avoid re-creating peaks or curtailing useful self-consumption. Methodologically, the
calibrated co-simulation and key performance indicators framing offer a reproducible

way to test such strategies end-to-end.
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7. CONCLUSION

This dissertation examined how building-side demand flexibility can be signaled,
controlled, and verified so that buildings deliver bidirectional value, specifically lower
cost and emissions for end users and dependable, verifiable support for the distribution
grid, without compromising comfort. Transmission-level signals were treated as
boundary conditions; the focus was distribution-feasible operation. The contributions
cover signal analysis (Paper 1), a high-efficiency residential dwelling (Paper 2) and
single-building control in a non-residential TABS building (Paper 3), and transformer-

aware cluster operation in Germany and Switzerland (Paper 4).

Beyond the paper-level findings, the thesis contributes a coherent framework for grid-
interactive buildings: (I) a joint penalty signal that synthesizes economic and
environmental drivers with tested thresholding schemes; (ii) a rule-based predictive
controller that ensures priority-aware and enforces comfort/equipment limits while
planning thermal actions; (iii) a co-simulation pattern (calibrated white-box plant +
numerical controller) with a transparent key performance indicator set and (iv)
transformer-aware cluster scheduling that makes the load vs generation-driven

distinction operational.

7.1 Summary

Finding 1: Signal design is decisive but not sufficient. The joint penalty signal
developed in Paper 1 demonstrates that a composite objective that is both economical
and lower carbon can be achieved. This directly addresses a gap in much of the
literature, where buildings are asked to follow a single signal and then evaluated
unfavorably when that signal is misaligned with other objectives. The study also makes
clear that price and CO2eq. intensity do not always move together. When they diverge,
composite control alone cannot resolve the conflict: it must be embedded in a
controller that ensures explicit priorities. The implication is that signal design should

be evaluated as a critical design variable.
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Finding 2: Requirement for an applicable controller. Paper 2 complements the
picture from the residential side. In a very efficient dwelling, a controller reduces cost
and shape demand without comfort penalties when sequential grid and market-oriented
optimization are applied. Together with paper 3, they show that an RBPC architecture
can schedule preheating/precooling and charge thermal storage in the building mass
while applying slab and zone temperature limits and respecting DSO constraints.
These two papers justify RBPC as a middle ground: capable and reliable than static
rules (as in RBC), yet far lighter than white-box-in-the-loop MPC for short decision

periods.

Finding 3: Scale and locality shape outcomes. Paper 4 moves from single buildings
to clusters and shows why the main cause of the transformer stress must be central. In
one cluster, transformer stress is primarily load-driven; in the other, it is generation-
driven. A sequential strategy that defaults to price/COzeq. intensity control and is

overridden by local limits. This argues against one-size-fits-all approach.

Finding 4: Methods and transferability. Methodologically, the dissertation
contributes to a reproducible co-simulation workflow that couples a calibrated white-
box building energy performance model with a numerical controller, harmonizes
signals and decision periods, and evaluates outcomes with a transparent key
performance indicator set. Further research can be supported by covering both
residential and non-residential buildings and by testing clusters in different locations

such as broader climates, tariffs, and feeder topologies will further strengthen research.

7.2 Limitations and outlook

Modeling workflow and toolchain. Conducting BGI studies at research quality is still
slow. High-resolution inputs (weather, prices, CO2eq. intensity, occupancy, congestion
windows), device-level actuation, closed-loop co-simulation, and calibration all raise
the bar. Today there is no helpful tool that makes modeling, control, and evaluation
seamless. A practical next step is to package the workflow demonstrated here into a
modular toolbox: a hub for co-simulation, importers for price/CO2/DSO signals, ready-
to-use control architectures as RBPC templates, and a key performance
indicator/validation suite with automatic reports. To reduce study time, surrogate

models (reduced-order or grey-box) can stand in for parts of the white-box plant once
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calibrated; scenario pruning and parallelization can cut compute without losing

decision quality.

Data needs and standards. The quality of any flexibility assessment is capped by the
quality of the data. Many sites lack reliable, high-frequency dataset for the assets that
matter (heat pumps, DHW, TABS sensors, EES and more). A sensible outlook is to
define a minimal, standard data layer for BGI studies such as timestamps, basic device
setpoints and feedback. Where measured data are incomplete, digital-twin techniques,
combining short calibration runs with synthetic time series, can fill gaps while keeping

uncertainty explicit.

Control evolution under uncertainty. RBPC demonstrates that much of the value of
predictive control can be achieved at manageable computational cost. The next step is
to make the controller uncertainty aware such as represent forecast bands for prices,

CO:, and weather.

From single sites to portfolios. Because highly efficient dwellings have limited
shiftable energy, impact comes from aggregation. As the stock of efficient buildings
grows, there is simply less energy to move without touching comfort. Value will

concentrate on products that pay for being available at the right place and at the time.

The methodological gap (tools and data), the physical reality (limited shiftability in
efficient homes), and the market gap (products that pay for time- and location-specific
availability) are the three levers that will determine whether building flexibility scales.
The work in this dissertation provides patterns as signal analysis, controller design,

and evaluation practice to act on all three.

7.3 Implications for pilot markets and building typologies

The findings of this dissertation indicate that not all building types contribute equally
to system-relevant flexibility. While highly efficient dwellings demonstrate technical
feasibility and provide an ideal testbed for verifying control approaches under strict
comfort and equipment constraints, their absolute flexibility potential remains modest.
The combination of low heating and cooling demand, narrow comfort ranges, and
high-efficiency systems limits the available energy that can be temporally shifted
without compromising comfort. Consequently, the system-level impact of individual

residential buildings is small, and aggregation is required to achieve measurable
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network effects. However, this aggregation requires high coordination effort,
substantial data exchange, and increased uncertainty due to occupant diversity, which

collectively reduce cost-effectiveness in early-stage flexibility programs.

From an impact—effort perspective, other building typologies such as particularly non-
residential and mixed-use buildings, come forward as promising pilot candidates.
Commercial and public buildings, such as offices, schools, and retail facilities,
typically feature larger conditioned floor areas, centralized HVAC systems, and
occupancy-driven schedules that provide distinct flexibility windows outside working
hours. Their thermal inertia, combined with reduced comfort constraints during
unoccupied periods, enables meaningful load shifting with moderate control
complexity. Similarly, small industrial sites or community-scale energy systems,
where several loads are already monitored and centrally managed, offer high

controllable capacity per site and more straightforward data acquisition.

Therefore, early market pilots should focus on clusters that combine diverse load types
under a common transformer, for instance mixed-use neighborhoods or business parks,
where both the coordination effort and verification requirements remain manageable

while the overall system impact is enhanced by diversity.
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