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ABSTRACT

The widespread deployment of distributed energy resources in the electricity system presents

novel challenges for all actors in the energy value chain. The integration of climate-friendly

generation technologies into the energy system is not a straightforward task, requiring more

complex planning, management, and market processes than in the past. Technological

advancements in information technology and telecommunications o�er new tools to ensure

the reliability and a�ordability of the electricity supply, while supporting the integration of

environmentally friendly renewable energy sources at larger scales. This, in turn, contributes

to a reduction in CO2 emissions and reliance on hydrocarbon-based energy sources and their

producers.

My research focuses on the integration of weather-dependent and variable distributed gener-

ation into electricity industry processes, with a particular emphasis on the use of advanced

IT tools. I investigate a range of methods at three distinct levels of the electricity sys-

tem, with the objective of enabling a broader range of participants to become active actors,

thereby increasing the �exibility of the electricity system and the e�ciency of the installed

assets.

The initial issue to be addressed is the imbalance in the electricity system as a whole, which

is characterized by a mismatch between production and consumption. Based on the as-

sumption that system imbalance is correlated with measured values of system variables as

well as predictions of exogenous variables, I propose a multi-step version of the Autoregres-

sive Distributed Lag Model for the short-term forecast of system imbalance. The proposed

forecasting model has been compared with a Long Short-Term Memory network-based pro-

cedure as well as with an Extra Trees Regression model using real data. The results show

that the proposed multistep autoregressive forecasting model outperforms the others in all

three evaluation metrics.

Management of portfolios containing a mix of generation and consumption assets involves a

wide range of strategies, encompassing both internal optimizations and market participation.

This analysis examines how a market-based aggregated portfolio using various technologies

can realize economic bene�ts from imbalance forecasting and parallel activities in disparate

but interconnected energy markets through automated strategies. My model generates time-

series data representing energy transactions, revenues, and costs for an aggregator managing

diverse assets. The data generated are based on realistic scenarios, re�ecting true market

pricing conditions and the dynamics of speci�c submarkets. The demonstration results indi-

cate that even with a hybrid portfolio including weather-dependent, variable technologies, it

is possible to achieve signi�cant economic results through parallel participation in multiple
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markets, using complex operational logic, and assuming advanced IT, measurement, and

control backgrounds.

The potential of passive residential consumers to contribute to the operation of the electricity

system has yet to be fully realized. I propose a framework for the estimation, as well as

the prediction of the power �exibility of residential prosumers. In order to quantify the

residential buildings' demand �exibility, a thermodynamic simulation model of a typical

residential house was developed based on �rst engineering principles and integrated with

the �exibility calculation of the building's electricity consumption and generation. Based

on the calculated �exibility values, forecasting techniques, including ridge regression and

extra trees regression, were incorporated to predict short-term �exibility. The results were

validated by simulation experiments using real data for four di�erent scenarios.
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TARTALMI KIVONAT

Az elosztott energiaforrások széles kör¶ elterjedése a villamosenergia-rendszerben új kihívá-

sok elé állítja az energetikai értéklánc valamennyi szerepl®jét. A környezetbarát termelési

technológiák integrálása az energiarendszerbe nem egyszer¶ feladat, a korábbinál összetet-

tebb tervezési, irányítási és piaci folyamatokat igényel. Az informatika és a távközlés tech-

nológiai fejl®dése új eszközöket kínál a villamosenergia-ellátás megbízhatóságának és meg-

�zethet®ségének biztosítására, miközben támogatja a környezetbarát megújuló energiaforrá-

sok nagyobb lépték¶ integrációját. Ez pedig hozzájárul a CO2-kibocsátás és a szénhidrogén

alapú energiaforrásoktól és azok termel®it®l való függ®ség csökkentéséhez.

Kutatásaim középpontjában az id®járásfügg® és elosztott energiatermelés villamosenergia-

ipari folyamatokba történ® integrálása áll, különös hangsúlyt fektetve a fejlett informatikai

eszközök használatára. A villamosenergia-rendszer három különböz® szintjén vizsgálom a

módszerek széles körét azzal a céllal, hogy a résztvev®k minél szélesebb köre válhasson

aktív szerepl®vé, növelve ezáltal a villamosenergia-rendszer rugalmasságát és az eszközök

hatékonyságát.

Az els® témám a villamosenergia-rendszer kiegyenlítetlensége, amely a pillanatnyi termelés

és fogyasztás közti eltérésb®l adódik. Abból a feltételezésb®l kiindulva, hogy a rendszer

kiegyenlítetlensége korrelál egyéb küls® rendszerváltozók mért értékeivel, illetve el®rejelzé-

seivel, a rendszer kiegyenlítetlenségének rövid távú el®rejelzésére az autoregresszív elosztott

késleltetés¶ modell (Autoregressive Distributed Lag Model) többlépésesre átalakított vál-

tozatát használom. A javasolt el®rejelzési modellt összehasonlítottam egy neurális hálóza-

ton (Long Short-Term Memory), valamint egy döntési fákon (Extra Trees Regression) ala-

puló eljárással valós adatok felhasználásával. Az eredmények azt mutatják, hogy a java-

solt többlépcs®s autoregresszív el®rejelz® modell mindhárom értékelési metrika tekintetében

felülmúlja a benchmark modelleket.

A termelési és fogyasztási eszközöket vegyesen tartalmazó portfóliók kezelése összetett m¶ködési

logikák használatát követeli meg, beleértve az eszközökportfólió bels® optimalizálását és

különböz® energiapiacokon történ® párhuzamos részvételt is. A második terület azt vizs-

gálja, hogy a különböz® technológiákat alkalmazó, piaci alapon m¶köd® aggregált portfólió

milyen automatizált stratégiák révén m¶ködhet gazdaságosan úgy, hogy egyrészt kezeli a

portfóliót alkotó eszközök eltér® m¶szaki és gazdasági adottságait, valamint kihasználja az

eltér®, de összekapcsolt energiapiacokon realizálható lehet®ségeket. A kidolgozott modell

olyan id®soros kimeneteket generál, amelyek az energiatranzakciókat, bevételeket és költ-

ségeket reprezentálják egy különböz® technológiájú eszközöket kezel® aggregátor számára.

Az eredmények valós forgatókönyveken alapulnak, amelyek a piaci árképzési feltételeket és
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az egyes részpiacok dinamikáját tükrözik. A demonstrációs eredmények azt mutatják, hogy

még az id®járásfügg®, változó technológiákat tartalmazó hibrid portfólió esetén is lehetséges

jelent®s gazdasági eredményeket elérni több piacon történ® párhuzamos részvétel, összetett

m¶ködési logika alkalmazása, valamint fejlett informatikai, mérési és szabályozási háttér

lehet®ségeinek kiaknázása révén.

A többnyire passzív lakossági fogyasztók bevonása a villamosenergia-rendszer m¶ködtetésébe

jelenleg még kezdeti szakaszban tart, a lakossági felhasználásban rejl® rugalmassági poten-

ciál egyel®re nincs kihasználva, valójában ezen potenciál számszer¶sítése sem megoldott. A

lakóépületek keresleti rugalmasságának számszer¶sítése érdekében egy tipikus családi ház

termodinamikai szimulációs modelljét dolgoztam ki, majd a termodinamikai modellt in-

tegráltam az épület villamosenergia-fogyasztásának és -termelésének rugalmassági kalkulá-

ciójával. A számított rugalmassági potenciál alapján különböz® el®rejelzési technikákat,

többek között ridge és extra trees regressziót használtam a rövid távú rugalmasság el®re-

jelzésére. Az eredményeket valós adatokkal végzett szimulációval validáltam négy különböz®

forgatókönyvre vonatkozóan.
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ZUSAMMENFASSUNG

Der weitverbreitete Einsatz dezentraler Energieressourcen im Elektrizitätssystem stellt alle

Akteure in der Energiewertschöpfungskette neue Herausforderungen vor. Die Integration

klimafreundlicher Erzeugungstechnologien in das Energiesystem wird nicht einfach, und er-

fordert komplexe Planungs-, Management- und Marktprozesse als es vorher wurde. Technol-

ogische Fortschritte in der Informationstechnologie und Telekommunikation bieten neue In-

strumente an, um die Zuverlässigkeit und Erschwinglichkeit der Stromversorgung zu gewährleis-

ten, und gleichzeitig die Integration umweltfreundlicher erneuerbarer Energiequellen in gröÿerem

Maÿstab zu unterstützen. Dies wiederum trägt zu einer Verringerung der CO2-Emissionen

und der Abhängigkeit von kohlenwassersto�basierten Energiequellen und deren Erzeugern

bei.

Meine Forschung konzentriert sich mit besonderem Schwerpunkt auf dem Einsatz moderner

IT-Tools auf die Integration von wetterabhängiger, und variabler dezentraler Erzeugung in

die Prozesse der Elektrizitätswirtschaft. Ich untersuche eine Reihe von Methoden auf drei

verschiedenen Ebenen des Elektrizitätssystems mit dem Ziel, ein breiteres Spektrum von

Teilnehmern in die Lage aktive Akteure versetzen zu werden und dadurch die Flexibilität

des Elektrizitätssystems und die E�zienz der installierten Anlagen zu erhöhen.

Das erste Problem, das es zu lösen gilt, ist das Ungleichgewicht im Elektrizitätssystem als

Ganzes, das durch ein Missverhältnis zwischen Erzeugung und Verbrauch gekennzeichnet ist.

Ausgehend von der Annahme, dass das System Ungleichgewicht sowohl mit den gemessenen

Werten der Systemvariablen als auch mit den Vorhersagen der exogenen Variablen korre-

liert ist, schlage ich eine mehrstu�ge Version des autoregressiven Distributed-Lag-Modells

für die kurzfristige Prognose des Systemungleichgewichts vor. Das vorgeschlagene Prognose-

modell wurde mit einem auf Netzwerk mit Langzeitgedächtnis basierenden Verfahren sowie

mit einem Extrabaum-Regressionsmodell unter Verwendung wahren Daten verglichen. Die

ausgewerteten Daten stellen dar, dass das vorgeschlagene mehrstu�ge autoregressive Prog-

nosemodell in allen drei Bewertungsmaÿstäben besser als die anderen abschneidet.

Die Verwaltung von Portfolios, die eine Mischung aus Erzeugungs- und Verbrauchsanla-

gen enthalten, umfasst eine breite Palette von Strategien, die sowohl interne Optimierun-

gen, als auch die Teilnahme am Markt umfassen. In dieser Analyse wird es untersucht,

wie ein marktbasiertes, aggregiertes Portfolio, welches verschiedene Technologien einsetzt,

wirtschaftliche Vorteile aus Ungleichgewichtsprognosen und parallelen Aktivitäten in unter-

schiedlichen, aber miteinander verbundenen Energiemärkten durch automatisierte Strate-

gien erzielen kann. Mein Modell generiert Zeitreihendaten, Energie Transaktionen, Einnah-

men und Kosten für einen Aggregator darstellen, der verschiedene Anlagen verwaltet. Die
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erzeugten Daten beruhen auf realistischen Szenarien, die die tatsächlichen Marktpreisbedin-

gungen und die Dynamik bestimmter Teilmärkte widerspiegeln. Die Ergebnisse der Demon-

stration zeigen, dass es selbst mit einem hybriden Portfolio, das wetterabhängige, variable

Technologien umfasst, möglich ist, durch die parallele Teilnahme an mehreren Märkten, die

Verwendung einer komplexen Betriebslogik und die Annahme eines fortgeschrittenen IT-,

Mess- und Steuerungshintergrunds bedeutende wirtschaftliche Ergebnisse zu erreichen.

Das Potenzial passiver Privatverbraucher zum Betrieb des Elektrizitätssystems beizutragen

ist vollständig noch nicht ausgeschöpft. Ich schlage einen Rahmen für die Abschätzung

sowie die Vorhersage der Strom�exibilität von Prosumern in Wohngebäuden vor. Um die

Nachfrage�exibilität von Wohngebäuden zu quanti�zieren, wurde ein thermodynamisches

Simulationsmodell von einem typischen Wohnhaus auf der Grundlage erster technischer

Prinzipien entwickelt, und mit der Flexibilitätsberechnung des Stromverbrauchs und mit

der Stromerzeugung des Gebäudes integriert. Auf der Grundlage der berechneten Flex-

ibilitätswerte wurden Prognosetechniken, einschlieÿlich Ridge-Regression und Extrabaum-

Regression eingesetzt, um die kurzfristige Flexibilität vorherzusagen. Die Ergebnisse wurden

durch Simulationsexperimente mit wahren Daten für vier verschiedene Szenarien validiert.
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CHAPTER 1

Introduction

1.1. Motivation

Implications of distributed energy resources

In the contemporary landscape of power systems, the proliferation of Distributed Energy

Resources (DERs) marks a paradigm shift, transitioning the electricity grid from a tradition-

ally centralized architecture to a more decentralized and dynamic ecosystem (Figure 1.1).

In the past, conventional power systems were characterized by large generation sources feed-

ing power into the transmission grid, which was transported to distribution grids and then

delivered to end users. Power �owed in one direction from the high-voltage transmission sys-

tem to the end user on the low-voltage systems. Centralized, dispatchable, and predictable

generation provided transmission-level �exibility to the electric system to balance genera-

tion and demand, implementing a generation-follows-load paradigm [78]. The increasing

amount of distributed and renewable generation (from about 21% share of net electricity

generation in 2010 to 44% in 2030 [62]) transforms the generation side into a more variable

and intermittent energy source, so that the forecasting and control of solar [14] and wind

[46] energy production pose a handful of problems. With the emergence and signi�cant

growth of distributed and intermittent generation, the load-following generation paradigm

has become unsustainable.

Figure 1.1: Power systems are changing from a centralized towards a distributed generation
scheme

DERs, which encompass technologies such as solar panels, wind turbines, and electric vehi-
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cles, represent a shift away from large, centralized power generation facilities. This decen-

tralization democratizes energy production, enabling consumers to become both producers

and consumers of energy. While this transition facilitates the integration of renewable en-

ergy sources and can result in a more sustainable grid, it introduces complexity in balancing

supply and demand, as energy generation becomes more intermittent and less predictable

[68].

The growth of DER generation presents new challenges to both system operators and system

users. DER generation is typically weather dependent, i.e. uncertain and intermittent, and

can only be planned with limited accuracy and controlled in one direction. Progress has

been made to increase the predictability [73] and controllability [31, 29] of DERs, but the

involvement of the demand-side and load-follows-generation models are inevitable. Variabil-

ity increases the magnitude and frequency of changes in the supply-demand balance and

also a�ects the predictability of these changes, resulting in an increased need for �exible

resources to manage imbalances between supply and demand in power systems [41]. Any

imbalance between supply and demand gives rise to �uctuations in frequency which must be

maintained by the Transmission System Operator (TSO). Voltage and frequency regulation

is critical in power systems to ensure the stability and reliability of the electrical grid. Main-

taining the frequency within certain limits is essential for the safe and e�cient operation

of electrical equipment, frequency �uctuations can disrupt the timing and synchronization

of electrical equipment, potentially causing damage or outages [50]. Distribution System

Operators (DSOs) face the task of managing peak loads and preventing network congestion.

The sporadic nature of DERs, such as the variability in solar and wind power generation,

complicates the prediction and management of load patterns. This unpredictability can lead

to periods of signi�cant strain or underutilization of the grid infrastructure, necessitating

advanced management and planning strategies [27].

The stability of the power grid, historically reliant on predictable and controllable power

plants, is challenged by the stochastic output of many DERs. Ensuring a constant balance

between supply and demand, a critical aspect of grid stability, becomes increasingly complex

with the higher penetration of DERs. This complexity can lead to frequency �uctuations

and voltage variations, potentially compromising the reliability of the power supply.

Necessity of digitalization

The e�ect of DERs necessitates enhanced digitalization for real-time monitoring, improved

communication between TSOs and DSOs, and better integration of �exible consumers into

the grid. Digitalization is crucial for grid operators and the industry to adapt to the evolving

energy ecosystem, ensuring stability and e�ciency in the face of increasing complexity [36].
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The integration of DERs necessitates seamless communication and coordination between

TSOs and DSOs. Digital platforms can bridge the informational gap between these entities,

allowing for the exchange of critical data regarding energy production, consumption patterns,

and grid performance. This enhanced communication is vital for maintaining grid balance

and ensuring e�cient energy distribution [99].

Digitalization paves the way for the integration of �exible consumers into the grid. Demand

response programs, empowered by digital technologies, can adjust consumer energy usage

in response to grid needs, thereby providing an additional tool for balancing supply and

demand. Smart meters and home energy management systems play a crucial role in this

regard, enabling consumers to participate actively in grid stabilization [67].

Digital technologies are crucial in integrating and optimizing the use of renewable energy

sources. Advanced control systems, IoT devices, and AI algorithms can enhance the pre-

dictability and management of renewable energy outputs, thus mitigating the challenges

posed by their variability and intermittency [84].

The rise of DERs signi�es a transformative phase in the energy sector, bringing about sus-

tainable energy production but also introducing complexity in grid management. In this

context, digitalization is not just an enabler but a necessity for modern power systems. It

provides the tools and capabilities required to manage the challenges of decentralization,

ensuring that the grid remains stable, e�cient, and capable of meeting the evolving de-

mands of a more dynamic energy landscape. As we progress towards a more sustainable

and decentralized grid, the symbiotic relationship between DERs and digitalization will be

pivotal in shaping the future of energy systems [12].

1.2. Research questions

A fundamental question of the digitization of the electricity sector is whether it is possible to

formulate methods that can be automated in order to increase the e�ciency and utilization

of the system, and make it cheaper and safer to operate. Although there are centralized

actors in the electricity industry, it is largely driven by market processes and market actors

that follow the operating rules of the electricity system and aim to achieve economic bene�ts.

Another way to make e�cient use of the system is to involve previously passive actors in

its operation, of which the involvement of energy consumers is a typical example. It is true

for consumption in general, but for household consumption in particular, that its inherent

�exibility capacity is not systematically exploited. As a �rst step, we need to know the

amount that is available to the consumer at any given moment as a potential consumption

reduction or increase.
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In this thesis the following research questions will be addressed:

1. How accurately and by what methods the system imbalance, the di�erence between

aggregated generation and consumption, can be predicted in the short term, so that

the necessary measures can be taken in advance to stabilize the grid?

2. How a market-based aggregated portfolio using di�erent technologies can derive eco-

nomic bene�ts from imbalance forecasting and parallel activities in di�erent but inter-

connected energy markets through automated strategies?

3. What methodology can be employed to quantify and predict the up-and-down �ex-

ibility of a residential house, de�ned as the ability of a system to adjust its power

consumption or generation in response to �uctuations?

1.3. Structure of the thesis

The structure of the thesis is organized as follows. Chapter 2 provides an overview of the

context, electricity industry background, key concepts and actors. Additionally, a general

presentation of the mathematical tools used is discussed in this chapter. The short-term

forecast of the system imbalance is presented in Chapter 3. Simulation of trading activities in

Chapter 4 addresses research question No. 2. The quanti�cation of the �exibility capability

of a residential household is discussed in Chapter 5. In Chapter 6 the main results of this

research are summarized in three thesis points. The relevant publications can also be found

there.
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CHAPTER 2

Basic notions

2.1. Electricity market

The objective of this research is not to provide a comprehensive overview of the electric-

ity industry and markets. However, in order to contextualize the motivation behind this

research, it is essential to have a clear understanding of the actors involved and the rela-

tionships between them. This chapter introduces the system operator, market players, and

balancing groups. System imbalance is de�ned in more detail, its signi�cance is described

and the ways in which market settlement rules can be used to incentivise individual ac-

tors to reduce imbalance are brie�y discussed. Grid-connected users are ultimately physical

entities with generating or consuming (or storing) capability, but commercial processes on

the one hand and economies of scale on the other have created more complex structures.

One example of this is virtual power plants, which aggregate smaller-scale actors, such as

generators, consumers, and storage, to participate in the electricity industry.

2.1.1. Structure and Participants

Transmission System Operator

TSOs play a pivotal role in the seamless functioning of the power sector. TSOs are re-

sponsible for ensuring the stable operation of the high-voltage transmission networks, which

involves the balancing of electricity supply and demand, maintaining grid reliability, and

overseeing the electricity market. At the core of TSO operations lies the critical responsi-

bility of ensuring the reliable and secure transmission of electricity across the grid. TSOs

are entrusted with the task of managing the transmission network's physical infrastructure,

comprising high-voltage lines, substations, and interconnectors. Maintenance of this in-

frastructure is paramount to guaranteeing the grid's robustness and minimizing the risk of

disruptions.

As the electricity industry evolves, the role of TSOs becomes increasingly complex and

critical. The heterogeneity, intermittency, and decentralization of power generation sources,

along with the complexity of modern energy markets, necessitate advanced IT systems for

TSOs. These systems include SCADA (Supervisory Control and Data Acquisition), Energy

Management Systems (EMS), balancing market operations systems, metering infrastructure,

settlement systems, and telecommunications networks.

Grid planning emerges as another crucial facet of TSO responsibilities. As the energy land-

scape undergoes transformations, with an increasing emphasis on renewable energy integra-
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tion, TSOs are charged with the strategic task of planning and expanding the transmission

infrastructure to accommodate the evolving energy mix. This involves conducting thor-

ough assessments of load forecasts, generation capacities, and technological advancements

to optimize the grid's con�guration for enhanced e�ciency and resilience. Moreover, TSOs

engage in long-term planning exercises to anticipate future energy demands and adapt the

transmission network accordingly.

The coordination of electricity �ows across borders represents a fundamental role of TSOs,

particularly in regions with interconnected grids. Collaborative e�orts with neighboring

TSOs become imperative to facilitate the smooth exchange of electricity, ensure grid sta-

bility, and harness the bene�ts of diverse energy sources. This entails the development

and implementation of cross-border system operation agreements, harmonizing operational

procedures, and establishing communication protocols to address contingencies promptly.

A pivotal function of TSOs is to maintain system balance, a task demanding precision

and foresight. Grid imbalances, arising from mismatches between electricity generation and

consumption, can lead to frequency deviations and compromise the stability of the entire sys-

tem. TSOs are responsible for maintaining the instantaneous balance between generation

and consumption of electricity. The TSO activates balancing reserves provided by mar-

ket participants to resolve real-time system imbalances. TSOs employ sophisticated tools,

including advanced forecasting models and real-time monitoring systems, to predict load

variations and generation patterns accurately. By adjusting the generation or consumption

levels in response to �uctuations, TSOs ensure the equilibrium of the power system and miti-

gate the risk of instability. Automatic Generation Control (AGC) is a regulatory mechanism

designed to maintain system frequency and tie-line power �ows within prescribed limits by

adjusting the output of generators in real-time to balance supply and demand.

Furthermore, TSOs actively engage in market operations, contributing to the e�cient func-

tioning of electricity markets. By participating in market mechanisms, such as energy bal-

ancing markets and ancillary services markets, TSOs ensure the economic optimization of

grid operations. The development of market rules, pricing structures, and market coupling

initiatives falls within the purview of TSO responsibilities, re�ecting their commitment to

fostering transparent and competitive energy markets.

Balance Responsible Parties

In the electrical grid, balancing groups serve as the linchpin in maintaining the balance

between electricity supply and demand. These groups, composed of diverse electricity market

players such as energy producers, suppliers, and large consumers, function as virtual clusters,

aggregating their generation and consumption schedules. This collective approach not only
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simpli�es the process of grid management but also enhances the e�cacy of balancing e�orts.

A Balance Responsible Party (BRP) is an entity that takes on the responsibility for the

balance between supply and demand within a balancing group.

The core function of BRPs revolves around forecasting and scheduling. Each group is tasked

with accurately predicting their electricity needs and production capabilities. For energy

producers, this involves determining the amount of electricity they will generate, while

suppliers and consumers must estimate their consumption levels. These forecasts are then

meticulously compiled into schedules and submitted to the TSO. The accuracy of these

schedules is paramount, as they form the foundation upon which the TSO assesses the

overall balance of the grid and plans necessary balancing actions.

Beyond just forecasting and scheduling, BRPs engage in what is known as internal balancing.

This involves managing discrepancies within their own group, balancing out over- or under-

supply through measures like adjusting generation levels, shifting loads, or even intra-group

trading. This proactive approach to internal imbalance management is crucial in mitigating

the impact of these discrepancies on the wider grid.

The responsibilities of BRPs extend into several key areas. Paramount among these is the

submission of accurate and timely data regarding their scheduled generation and consump-

tion. This data is vital for the TSO to gauge the grid's balance and orchestrate e�ective

balancing strategies. When deviations occur between the scheduled and actual electricity

generation or consumption, balancing groups are held accountable. They are subject to

imbalance charges, which are calculated based on the degree and nature of their imbalance.

This not only incentivizes accurate forecasting but also ensures that groups contribute fairly

to the cost of maintaining grid stability.

In order to maintain the balance of the grid and reduce the need for balancing reserve acti-

vation, the imbalance settlement framework incentivizes BRPs to maintain the aggregated

balance of their generation and consumption balancing group portfolio. The di�erence be-

tween the nomination and the actual electricity consumption or production aggregated to a

BRP is the imbalance volume, and BRPs are charged for their imbalance volume (balancing

energy cost). BRPs with a signi�cant share of variable generation in their portfolio will

increasingly face imbalance charges due to schedule deviations. The market environment

and trends point to shorter lead times, allowing market participants to trade on the basis of

their continuously improving forecasts in both the commodity and balancing markets. With

the internationalization of the balancing market in Europe, these processes are taking place

in an expanding supply-demand environment.
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Participants

The balancing groups comprise a diverse ensemble of energy producers, suppliers, traders,

and large consumers. Energy producers, ranging from traditional power plants to renewable

energy sources, are responsible for generating electricity in alignment with their forecasts.

Energy suppliers and traders act as the intermediaries, navigating the complexities of the

electricity market with a strategic �nesse. Their role requires a deep understanding of market

dynamics and consumer behavior, ensuring that their buying and selling of electricity aligns

with the overall grid balance. This alignment is crucial, as it helps prevent sudden spikes or

drops in electricity supply.

Large consumers, often industrial giants, play a surprisingly pivotal role. Their signi�cant

energy demands can sway the grid's balance. By participating in demand-side management

(DSM), these consumers adjust their energy use in response to grid conditions. Their �exi-

bility is especially valuable during peak times or when renewable sources are less productive,

helping to ease the strain on the grid.

DERs, including solar panels, wind turbines, and energy storage systems, represent the

evolving nature of the grid's composition. These resources, scattered across the grid, con-

tribute to its diversi�cation and resilience. Each resource adds its unique characteristics

to the energy mix, enriching the grid's capacity to adapt and respond to changing condi-

tions. Their decentralized nature poses a challenge, yet their contribution is essential for

the transition towards a more sustainable and resilient energy landscape.

2.1.2. Imbalance in the energy system

De�nition of system imbalance

System imbalance can be de�ned as the aggregate deviation from the situation in which all

actors produce and consume exactly as planned. In other words, it represents the deviation

of the control area from its planned state in the absence of intervention by the system oper-

ator. At its core, system imbalance arises from the unpredictable nature of both electricity

production and consumption. The grid is a dynamic entity, constantly in �ux due to varying

demand from consumers and the irregular supply from producers, especially those reliant

on renewable sources like wind and solar power. These renewables, while eco-friendly and

increasingly essential, add a layer of complexity due to their intermittent nature.

The signi�cance of managing system imbalance cannot be understated. The electrical grid

operates within a delicate balance, maintaining a frequency close to a set point, typically

50 Hz in Europe. Any signi�cant deviation from this frequency can lead to a host of issues,

ranging from minor ine�ciencies to major grid failures. Thus, balancing supply and demand
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Figure 2.1: Market model [71]

in real-time becomes an imperative task.

In order to comprehend the concept of system imbalance, it is essential to gain an under-

standing of the roles of the various stakeholders involved in the operation of the grid. This

encompasses producers, consumers, balancing groups, and, most importantly, the TSO. Each

of these entities plays a distinct role in either contributing to or alleviating the imbalance,

as illustrated in Figure 2.1. Producers and consumers are directly involved in creating the

imbalance through their electricity generation and usage patterns, respectively. On the other

hand, balancing groups and TSOs work towards mitigating these imbalances by adjusting

supply, managing demand, or both.

The process of managing system imbalance involves several stages. Initially, there is a need

for accurate forecasting of electricity demand and supply. This forecasting involves complex

algorithms and models that take into account various factors such as weather conditions,

consumer behavior patterns, and historical data. Following this, there is the scheduling

stage, where electricity generation and consumption are planned out to align as closely as

possible with the forecasts.

Despite these e�orts, imbalances occur, and this is where the real-time management of the

grid comes into play. TSOs, with the assistance of balancing groups, constantly monitor the
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grid, ready to implement measures to address any imbalances. These measures can include

adjusting the output of power stations, utilizing energy stored in batteries, or momentarily

reducing demand through DSM strategies.

A key aspect is the de�nition of what precisely the system imbalance value represents. From a

control point of view system imbalance can be associated to the frequency restoration control

error (FRCE). FRCE means the sum of the power control error and the frequency control

error [15]. This is a residual error that remains in the system after the TSO has acquired

the services needed to minimize the deviation [7]. All variables of FRCE are measurable.

FRCE = (P − P0) +K ·∆f, (2.1)

where:

� P is the measured actual real-time power interchange value,

� P0 is the the total planned position of the cross-border exchange,

� K is the a coe�cient that relates the frequency deviation from its nominal value to

the generation power output that needs to be adjusted to restore the frequency to its

nominal value,

� ∆f is the measured frequency deviation from 50 Hz nominal value.

The FRCE acts as a feedback signal in the closed-loop control system of the TSO, it provides

a measure of how much additional generation or load reduction is needed to restore frequency

to its set point. Based on the FRCE, the AGC system sends control signals to generation

units to adjust their output. If the FRCE indicates that the frequency is below the set

point (implying demand exceeds supply), the AGC system will command an increase in

generation. Conversely, if the frequency is above the set point (supply exceeds demand), it

will command a decrease.

However, the concept of system imbalance as used in Europe is not of interest for control

systems, but rather as an input to accounting and incentive mechanisms. We need to distin-

guish between BRP imbalance and system imbalance. According to the European imbalance

settlement harmonization methodology [1] BRP imbalance means an energy volume calcu-

lated for a balance responsible party and representing the di�erence between the allocated

volume and the �nal position of that balance responsible party, including any imbalance

adjustment applied. Final position equals to the sum of the BRP's external and internal

commercial trade schedules and the allocated volume is the netted volume of all injections

and withdrawals for which the BRP is �nancially responsible. Adjustment is the netted vol-
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ume of activated balancing energy or all volumes activated by the TSO for purposes other

than balancing (e.g. redispatching, cross-zonal curtailment).

System imbalance cannot be measured directly. The European TSO's imbalance settlement

harmonization methodology [1] takes a satis�ed balancing energy demand approach, sum-

ming up the activated reserves and not taking into account the residual control error in the

FRCE value. This is partly because the FRCE frequency deviation component is approxi-

mately the same for the whole synchronous zone, its value does not depend only on the power

deviation of the area. On the other hand, the control energy required by the TSO may not

be completely accurate especially for manually activated and slow mFRR. We can assume

that the TSO has issued an activation up to the extent of the actual imbalance and the

residual error is actually due to the inaccurate execution of the activation, so the addition of

the residual error would double the activation/execution variance in the system imbalance.

Based on these, the system imbalance used is the result of the following calculation.

Imb = aFRRpos − aFRRneg +mFRRpos−mFRRneg + IGCCpos− IGCCneg, (2.2)

where:

� Imb is the system imbalance. Negative sign indicates a shortage, positive sign indicates

a surplus,

� aFRRpos is the activated automatic frequency restoration reserves in the positive

direction,

� aFRRneg is absolute value of the activated automatic frequency restoration reserves

in the negative direction,

� mFRRpos is the activated manual frequency restoration reserves in the positive direc-

tion,

� mFRRneg is absolute value of the activated manual frequency restoration reserves in

the negative direction,

� IGCCpos is the sum of settled imbalance netting volumes between neighboring TSOs

in the positive direction1,

1Imbalance netting is the process agreed between TSOs of two or more areas that allows avoiding the
simultaneous activation of frequency restoration reserves in opposite directions by correcting the input of
the involved frequency restoration processes accordingly. Instead of immediately activating local balancing
resources to correct these imbalances, system operators �rst look for opportunities to o�set these imbalances
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� IGCCneg is the sum of settled imbalance netting volumes between neighboring TSOs

in the negative direction.

Minimizing system imbalance

Imbalance settlement mechanisms provide a framework for the settlement of imbalances.

According to the EB Regulation [16], an imbalance price is de�ned as a positive, negative

or zero price de�ned for each settlement period for an imbalance in each direction. The

literature distinguishes between single and dual pricing imbalance settlement systems. Under

single pricing, a BRP that is short its scheduled energy is subject to the same imbalance

price as a BRP that is over its scheduled energy. Under dual pricing, two imbalance prices

are set: one for positive imbalances, which occur when a BRP has a surplus of energy, and

another for negative imbalances, which occur when a BRP has a shortage of energy [44].

The choice between single and dual pricing a�ects the behavior and incentives of the BRP,

as well as the �nancial options available. When using a single pricing approach, the BRP

is motivated to contribute to the overall system balance, while dual pricing incentivizes the

BRP to maintain a balanced position within its portfolio [4]. The European TSO's imbalance

settlement harmonization methodology [1] con�rms that the European TSO shall implement

the use of single imbalance pricing in accordance with Article 55 of the EB Regulation.

Minimizing system imbalance through frequency regulation is an important system operation

function of the TSO. Through the balancing group system, it delegates this task to the BRPs.

In the single price model, the BRPs also have an interest in ensuring that their deviation

from the schedule is such that the direction of the imbalance contributes to the restoration

of system balance. In fact, a supportive schedule deviation may generate revenue for a BRP,

depending on the imbalance pricing methodology and price forecast. The BRP must know

its position, control its assets, and be able to predict system imbalance in order to take

advantage of this.

BRPs can in�uence this imbalance volume by increasing the accuracy of their nominations,

by over-nominating or under-nominating, or by applying internal balancing. Over the time

horizon in which the system imbalance can be estimated and exploited, minimizing the

balancing energy charge/maximizing revenues is not the only decision criterion for a BRP.

The shortening of intraday lead times and the internationalization of wholesale markets

during this period also provide a liquid market to cover the current position with commercial

transactions in case it deviates from the day-ahead plans. A complex decision logic governs

its activities. It takes into account the possibility of participating in organized intraday

markets (liquidity, prices) and bilateral trading within the scheduling intervals, the schedules

and position of its own aggregated portfolio and individual assets, the operating costs and

against opposite imbalances in neighboring areas [15].
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their adjustments, the forecast direction of the system imbalance and the expected price of

balancing energy.

The management of imbalances that are not managed by the trading markets remains the

responsibility of the TSO. The TSO will ensure that the quality characteristics of the sys-

tem are maintained at the required level by activating di�erent types of reserves through

the frequency control processes. While the activation of FCR (frequency containment re-

serve) is distributed and autonomous, with the primary controllers of the units involved in

FCR control responding to local frequency measurements, the activation of FRR (frequency

restoration reserve) is controlled by the TSO [72]. Automatic frequency restoration reserve

(aFRR) is activated automatically by the TSO's closed-loop automatic generation controller

(AGC). This system is designed to adjust the output of power plants or other resources in

order to maintain the frequency of the grid within speci�ed limits. aFRR process typically

operates continuously, responding to frequency deviations within seconds to minutes. In con-

trast, the manual frequency restoration reserve (mFRR) necessitates manual involvement

from the operator, who dispatches reserve resources with the objective of restoring frequency

balance within a timeframe of minutes to up to 15 minutes. The aFRR is designed for rapid,

precise adjustments, whereas the mFRR is employed for larger, more considered corrections.

Both reserves are indispensable for maintaining grid stability. The aFRR addresses short-

term imbalances, whereas the mFRR provides support for longer-lasting disturbances.

One of the main inputs to the AGC is the area control error (ACE). The objective of the

controller is to reduce this value to 0 using the controlled units. If the imbalance can be

estimated by the TSO, it will be able to reduce the area error to be handled by the aFRR

controller by activating the cheaper and more available mFRR reserves in advance. Due to

the growing variability of the increasing share of variable generation TSOs are expected to

increase their demand for reserves [84], [33] and the importance of fast reserves continues to

grow, emphasizing the importance of imbalance forecasting for TSOs as well.

2.1.3. Virtual power plants

Virtual Power Plants (VPPs) are a crucial development in the energy sector. They link mul-

tiple distributed energy resources, including renewable energy sources, storage systems, and

�exible power consumers, to operate as a single, coordinated power plant. VPPs aggregate

the capacities of these dispersed units through advanced software and communication tech-

nologies, enabling them to be centrally managed and optimized in real-time. VPPs enable

centralized control, providing a range of grid services, including balancing, ancillary services,

and grid stability enhancement. In this study, the terms "aggregator" and "VPP" are used

interchangeably. It should be noted that the term aggregator encompasses a more general

conceptual scope than that of the term VPP. The term aggregator refers to the pooling of
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electrical capacity or �exibility of multiple energy resources and consumers, which enables

the sale of the service they can provide to the grid operator or electricity market. In contrast,

the term VPP is speci�cally focused on generators, while still performing an aggregation

function.

VPPs operate in multiple electricity markets, contributing to both wholesale and balancing

markets. In the wholesale market, VPPs can trade electricity, o�ering both generation and

demand reduction. In the balancing market, VPPs provide valuable �exibility services to

help transmission system operators manage real-time imbalances between supply and de-

mand. VPPs accurately forecast system imbalances and utilize the aggregated capacity of

connected resources to respond swiftly to grid needs, minimizing the requirement for tradi-

tional, carbon-intensive balancing reserves. The signi�cance of VPPs extends beyond their

ability to integrate renewable energy into the grid e�ciently. They also enable consumers,

including small-scale producers and �exible consumers, to actively participate in the en-

ergy market. This democratization of energy production and consumption can lead to more

competitive markets, innovation, and improved energy security.

2.2. Applied tools and methods

In the following, I list and present at a high level the methodological tools that I have

used in the development of the theses. I used ARIMAX (AutoRegressive Integrated Moving

Average with eXogenous inputs), LSTM (Long Short-Term Memory) and ETR (Extra Trees

Regression) for the imbalance forecasting in order to make the chosen ARDL (Autoregressive

Distributed Lag) based time series forecasting comparable to other commonly used methods.

In the following, I present the mathematical and application basics of these benchmark

methods. In addition to the general descriptions, I will also present the speci�c settings

that I used when using them as a benchmark.

2.2.1. ARIMAX

The linear ARIMAX model extends the traditional ARIMA (Autoregressive integrated mov-

ing average) model by including exogenous variables. The core of ARIMAX is the ARIMA

model, which includes autoregression (AR), di�erencing (I) and moving average (MA) com-

ponents [87]. The AR part expresses the current value of a variable as a linear combination

of its own past values. The order of the AR part indicates the number of lagged terms used.

The 'I' part includes di�erencing to ensure stationarity. The MA part models the current

value of the series as a linear combination of current and past error terms. The order of

the MA determines the number of lagged forecast errors in the forecast equation. The main

extension of ARIMAX is the inclusion of external variables that may in�uence the forecast.

These variables are not part of the time series itself, but are assumed to in�uence it. They

are treated as additional regressors in the forecasting equation and their coe�cients are esti-
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mated alongside the ARIMA parameters. The ARIMAX(p, d, q) model can be represented

as follows:

(1−
p∑

i=1

ϕiL
i)(1− L)dyt = (1 +

q∑
j=1

θjL
j)εt +

m∑
k=1

βkxk,t, (2.3)

where:

� p is the order of the AR component,

� d is the degree of di�erencing required to achieve stationarity,

� q is the order of the MA component,

� ϕi are the parameters of the AR component for i = 1, . . . , p,

� θj are the parameters of the MA component for j = 1, . . . , q,

� L is the lag operator (Liyt = yt−i),

� εt is the error term at time t,

� xk,t are the exogenous variables (external factors) at time t for k = 1, . . . ,m,

� βk are the coe�cients of the exogenous variables,

� m is the number of exogenous variables included in the model.

The input data for an ARIMAX model must meet several key characteristics. In Chap-

ter 3, I checked the stationarity of the dependent variable when using the ARIMAX model.

Additionally, a Granger test [34] was performed to con�rm a plausible link between the

independent and dependent variables. Augmented Dickey-Fuller tests [22] were performed

to determine the order of di�erencing. Models were then �tted in the range of 0-8 for

the autoregressive and moving average terms to determine the optimal parameters of the

ARIMAX model.

2.2.2. Extra Trees Regression

The Extra Trees Regression (ETR) model uses an ensemble of unpruned decision trees in

a process known as "extremely randomized trees" [30]. This method is particularly useful

for time series forecasting tasks because it e�ectively captures complex interactions between

variables, thereby improving the model's predictive performance. The ETR model's inherent

ability to accommodate nonlinear relationships makes it well suited for this task, as it can
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identify intricate patterns and dependencies among these variables [86].

ETR is an ensemble learning technique that belongs to the family of tree-based methods

[30]. It builds upon the concept of random forests by introducing even more randomness

into the construction of the individual trees. Unlike random forests, where the splitting

decisions at each node are based on a subset of features and the best split is chosen, ETR

goes a step further by using the entire dataset and selecting splits for each node from a

random distribution. This approach reduces the variance of the model without signi�cantly

increasing bias, leading to a robust prediction model capable of handling over�tting more

e�ectively.

The ETR's ability to handle complex, nonlinear relationships between variables makes it

particularly suitable for time series forecasting. Time series data often exhibit intricate

patterns such as seasonality, trend components, and noise, which traditional linear models

might fail to capture e�ectively. The ETR model, with its ensemble approach, can accom-

modate these nonlinear interactions and dependencies among variables, enhancing predictive

performance [86].

Consider a dataset D = {(xi, yi)}Ni=1, where xi represents the input features and yi the

output (target) values, with i indexing the observations in the dataset. The objective of

ETR is to construct an ensemble of M unpruned decision trees, {Tm}Mm=1, and use their

collective decision to predict the output for a new input x.

For each tree Tm, a bootstrap sample Dm is drawn from the original dataset D. At each

node of the tree, instead of evaluating all possible splits across all features, a random subset

of features is selected, and for each feature in this subset, a split is chosen randomly. The

split that o�ers the best reduction in variance (for regression tasks) is selected to partition

the data at that node. This process is repeated recursively until the tree is fully grown,

without pruning.

The prediction for a new input x by the ETR model is given by averaging the predictions

of all M trees:

ŷ(x) =
1

M

M∑
m=1

Tm(x), (2.4)

where Tm(x) is the prediction of the m-th tree.
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2.2.3. LSTM

Long Short-Term Memory (LSTM) is a recurrent neural network (RNN) architecture �rst

proposed by Hochreiter and Schmidhuber [38], and has been widely adopted for sequence

prediction problems due to its potential to remember and learn long-term dependencies in

sequential data. This property of LSTM makes it particularly well suited for multi-step time

series forecasting, where the objective is to predict several future steps of a target variable

given its historical observations and possibly also exogenous variables. It also plays a vital

role in e�cient power system planning [65].

LSTM units are a type of recurrent neural network (RNN) architecture that was developed

to address the limitations of conventional RNNs, particularly the vanishing gradient problem

[35], which makes it di�cult for RNNs to learn long-term dependencies in sequence data.

An LSTM unit is composed of a cell, an input gate, an output gate, and a forget gate

(Figure 2.2). The cell is responsible for remembering values over arbitrary time intervals,

and each of the three gates can be thought of as a conventional arti�cial neuron, as they

perform operations on the data passing through them. The gates regulate the �ow of

information into and out of the cell, which is why they are called gates. The cell state, or

the "memory" of the LSTM unit, carries information throughout the sequence processing.

Hidden (h) and cell (c) states serve as short-term working memory and long-term memory,

respectively. The LSTM does have a form of memory because the output of each LSTM

unit is fed into the next, and changes to the cell state are made dependent on the operation

of the gates. This is how the LSTM can maintain information in "memory" over time. The

forget gate (f) is a sigmoid function (σ) that decides what information should be discarded

or kept. The input (i) gate updates the cell state with new information. The cell state

candidate gate (g) �rst regulates the information �ow in the network by using the tanh

function on the previous hidden state and the current input (x). The product of tanh is

multiplied by the input gate output to calculate the candidate for the current cell state. The

output gate (o) calculates the new hidden state. W and R denotes the weights of the input

signal and the hidden state respectively, b denotes the bias [100].

To make multi-step imbalance forecasts from a lagged multivariate input, a sequential LSTM

model was created in this work. In a sequential model, the layers are stacked sequentially,

meaning the output of one layer serves as the input to the next layer. An encoder-decoder ar-

chitecture [81] was implemented, that is commonly used for sequence-to-sequence prediction

tasks, where the input sequence is encoded into a compressed, �xed-length representation

(context vector), and then the decoder generates the output sequence based on that repre-

sentation.

The �rst encoder LSTM layer takes the input sequence, processes it, and learns the context
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Figure 2.2: LSTM structure [101]

vector. Its �nal hidden state is passed to a 'repeat vector' layer that repeats the context

vector as many times as the length of the output steps (imbalance forecast window). This

step allows the context vector to match the desired length of the output sequence and

prepares the encoded representation to be fed into the decoder part of the network. The

decoder LSTM layer is then used to generate the multi-step output sequence. Then a dense

layer is applied to each time step of the output sequence independently, ensuring that the

output sequence matches the desired shape.
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CHAPTER 3

Short-term system imbalance forecast of the power grid using

autoregressive distributed lag method

The problem of imbalance in the electricity system and the need to minimize it was discussed

in detail in Chapter 2. This chapter presents a forecasting method that predicts the system

imbalance with a 2-hour lead time and a quarter-hour resolution from publicly available

data. The forecasting uses an econometric model, ARDL (Autoregressive Distributed Lag),

to forecast time-series data. The results are compared with other state-of-the-art methods,

demonstrating that the mathematically simpler ARDL, used in the same context, produces

results of comparable accuracy for the research problem at hand.

The chapter is organized as follows. Section 3.1 provides a review of the relevant literature.

Section3.2 describes the methodology used in the study. Section 3.3 presents the results and

introduces the benchmark models. Finally, Section 3.4 concludes the topic with a summary

of �ndings and implications.

3.1. Related work

In their study, Garcia et al. [28] explore and highlight the constraints and inadequacies

of commonly employed yet simplistic forecasting methods such as ARIMA and exponential

smoothing, due to the non-periodic, non-stationary, and noisy nature of imbalance time-

series data. To address these challenges, the researchers propose the utilization of neural

networks to capture the non-linear and irregular patterns within the data, enabling accurate

prediction of daily imbalance medians.

Kratochvil [49] deals with multivariate short-term imbalance forecasts from the perspec-

tive of a BRP that tries to gain pro�t from achieving the opposite direction of the system

imbalance. The impact of the most important predictors is analyzed by applying autocor-

relation analysis. Focusing on BRP's objective, the point forecast of the concrete value of

the system imbalance is not calculated. 5 intervals of the system imbalance are de�ned and

the predicted imbalance is mapped to one of them, simplifying the prediction problem to

a classi�cation. Kratochvil's ARIMA model resulted in an accuracy of 61.0% in the Czech

market. Contreras [17] is dedicated to hourly imbalance predictions using random forest

regression in the Spanish market with an accuracy of 68.3%.

In their study, Salem et al. [79] introduce an additional forecasting approach that o�ers

the Transmission System Operator (TSO) valuable insights into the anticipated trends of

imbalances within the upcoming two hours. This solution is accompanied by prediction
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intervals, providing information on the reliability of the forecasts. The researchers employ a

quantile regression forests ensemble method to predict imbalances in the Norwegian power

system. They found that training the model with datasets spanning at least twelve months

led to signi�cant enhancements in forecast accuracy compared to using three or six-month

datasets.

In [89] a comprehensive model is proposed that combines a Bidirectional Long Short-Term

Memory (BLSTM) architecture, an attention mechanism, and an encoder-decoder structure.

The proposed model provides valuable insights into the relative signi�cance of features and

aid in understanding the complex temporal dependencies present in the data.

To gain valuable market insight and competitive advantage, both imbalance volume and

price are necessary inputs for decision-making close to delivery time. While the modeling

of day-ahead and intraday electricity markets has been the subject of numerous papers, the

modeling of imbalance market prices has received less attention. Klæboe et al. [47] bench-

marked earlier models published before 2015 and concluded that none of the benchmarked

models produced informative day-ahead point forecasts. This suggests that information

available before the day-ahead market closes is e�ciently re�ected in the day-ahead market

price rather than the balancing market price.

Dumas et al. [23] combine imbalance volume forecasts with reserve costs. The authors utilize

a two-step approach, namely they �rst calculate the probabilities for the system imbalance

and then based on that make predictions regarding the imbalance prices.

In the study conducted by Browell and Gilbert [13], it was shown that the forecast of

imbalance in the UK could be achieved by utilizing a logistic regression model. The model

incorporated demand, wind, solar, and total supply margin as explanatory variables. The

�ndings indicated that the logistic regression consistently outperformed the benchmark by

an impressive margin of 4%.

A novel approach to probabilistic forecasting of German power imbalance prices is presented

by Michal Narajewski [65]. This study is signi�cant because it addresses the highly volatile

nature of the imbalance market, which is characterised by frequent extreme price spikes.

Narajewski uses advanced methods such as lasso with bootstrap, GAMLSS (Generalized

Additive Models for Location, Scale and Shape) and probabilistic neural networks to forecast

30 minutes before delivery. These methods are compared to a naive benchmark and it is

shown that while they do not signi�cantly outperform the benchmark in terms of prediction

accuracy, they do provide a signi�cantly better empirical coverage.

Bottieau et al. [11] demonstrated the superiority of machine learning techniques compared
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to conventional benchmarks when utilizing a feature set consisting of forward prices, as well

as recent and forecasted data on generation and load. The authors successfully employed a

one-step-ahead forecasting model for system imbalance.

Koch [48] analyzes a strategy of taking positions in the German intraday market based on

expected imbalance prices and examines its impact on system stability. It uses a logistic

regression model to predict the direction of the overall system balance and to apply a

pro�table trading strategy. Intraday trading is used to estimate the imbalance prices and

decide whether to take a buy or sell position on a quarter-hourly basis. The applied strategy

simulates a decision with available information during active trading considering the current

and not just average market prices. The model was able to correctly classify the system

balance in 68% of all quarter hours.

3.2. Forecast model

The models presented assume that imbalance correlates with other external variables that

can be measured or scheduled, or with historical values of imbalance itself. The power

system can be a�ected by several primary sources of imbalance. The amount of power

consumed by consumers can be highly variable over the course of a day. This can result in

deviations from the schedule. Unplanned power outages due to equipment failure, extreme

weather conditions, or other unforeseen circumstances can cause imbalances. Power market

conditions, such as changes in demand, fuel, or electricity prices can also cause imbalances

in the power system. Table 3.1 contains all the explanatory variables that are used to train

the forecast models and forecast future values.

3.2.1. Problem statement

For the power system, we have metering data, plans and forecasts available. Measurements

are historical data with quarterly resolution. They are available for the quarter preceding

the forecast. The plans, which are typically schedules provided by market participants, refer

to both past and future time periods. Forecasts published by system operators according to

their internal methodology are also used as predictors. Given these time-series data, or goal

is to provide a multi-step forecast of system imbalances at forecast execution time t for the

current and subsequent quarters t+ 0, t+ 1, ..., t+ 7. This is achieved by creating separate

lag structures of the feature set and training ARDL models for each forecast timestep.

Both training and veri�cation are performed on historical data, adhering to the rules of

temporal availability of plan and measured data. The quality of the prediction is evaluated

using metrics commonly used in the literature and compared to the performance of leading

non-linear machine learning methods.
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Figure 3.1: Distribution of imbalance in MW

3.2.2. Variables

The distribution of the observed imbalance of the Hungarian power grid in 2021 in Figure 3.1

is centered around 0 (median: -12.5), with slightly more weight in the positive imbalance

(skew: 0.24). The imbalance distribution is leptokurtic. It has a sharper peak and fatter

tails than a normal distribution. The Q1 and Q3 quartiles are -79 and 50, respectively.

The imbalance time series in Figure 3.2 shows �uctuations over time with no clear seasonal

pattern, suggesting that it may be stationary. A stationary time series has a constant

mean and variance over time. This implies no trend or seasonality. As the lags increase,

the ACF plot shows a gradual decrease in correlation. The fact that the autocorrelations

remain within signi�cance limits after the �rst few lags suggests that there is no strong

autocorrelation in the data at higher lags. The plot of the PACF shows a spike at lag 1, and

then a decline in the partial autocorrelations immediately thereafter. The sharp cuto� after

the �rst lag in PACF, together with the gradual decline in ACF, suggests that an AR(1)

model would be appropriate for the imbalance time series.

A seasonal decomposition was applied to the imbalance time series. This suggests that there

is no signi�cant seasonality in the data. There is no clear long-term upward or downward

trend, and the pattern appears to be somewhat cyclical. The consistent spread of residuals

suggests that the model captures trend and seasonality fairly well, leaving random noise

that the model cannot explain.

An important consideration in the selection of independent variables was that they should
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Figure 3.2: Imbalance time series analysis

be publicly available in su�cient quantity to be used to train the model. Given that my

aim is a short-term forecast using a sliding window approach, it is expected that they will

be available at the time of forecasting for the period in question. The third aspect is that

the variables are indeed correlated with the system's imbalance.

All variables must be prepared for use in the predictive model. This included standardising

the di�erent time resolutions of the data sources and di�erent time zones, as well as �lling

in missing data and dealing with outliers.

The variables used in the forecasting model are presented below, highlighting the category

of use and their availability over time.

Table 3.1: Usage of predictor variables. Present refers to the period the forecast is executed
in.

Variable Type Past Present Future

System imbalance Metered dependent X
Scheduled solar generation Planned exog X X X
Scheduled wind generation Planned exog X X X
Scheduled load Planned exog X X X
Solar deviation Metered exog X
Wind deviation Metered exog X
Load deviation Metered exog X
Planned change in the scheduled load Fixed X X
TSO's predicted load Fixed X X
Quarter hour of the day Fixed X X

The 'Metered' type refers to variables that are not available in the forecast period, only
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values from the past can be used. 'Planned' variables are available both for the current time

interval and for the future time interval. Typical examples are schedules that are submitted

by market participants as part of the day-ahead or intra-day processes, or forecasts that

are published by the TSO. 'Fixed' variables are available for both past and future, however,

only the forecast interval is used here.

The correlation tests support the engineering considerations that higher load and production

schedules are associated with higher imbalances, and that a high proportion of weather-

dependent production increases the variability. Recent deviations from schedules have a

direct impact on imbalance. These can be calculated from the di�erence between schedules

and actuals.

The change in load has a paradoxical e�ect on the imbalance. According to the physics-

based expectations, an increase in load decreases the frequency of the system, increasing

the de�cit, if not coupled with an increase in production. In contrast, a comparison of

load curves and measured imbalances with a resolution greater than a quarter-hour shows

that, within a quarter-hour, when the consumption trend is increasing, imbalances move

towards de�cit, but at the quarter-hour boundary, de�cit falls sharply, moving towards

surplus. The underlying phenomenon is that although the load curve is continuous, the time

resolution of market transactions and market scheduling is 15 minutes or more. The planned

load is therefore given as a quarter-hourly average power. Generation serving consumption

already tries to follow this stepped curve to mitigate balancing energy. The consequence

of the mismatch between the physical operation and the market abstraction is illustrated

in Figure 3.3, where after the scheduling prepared in a balanced manner, the imbalance is

determined by the di�erence between the production approaching the stepped load and the

continuous load.

Within �fteen minutes, the schedule is unchanged, so the de�cit increases continuously as the

load ramps up. At the �fteen-minute limit, the imbalance changes towards surplus when the

schedule jumps, and it will continue to increase continuously towards de�cit from that point

on as long as the upward direction in load is unchanged. This means that when calculating

the imbalance for a given quarter hour, both the schedule change and the planned load

change should be considered.

Numerous features could be extracted from the quarter-hourly time stamp, but correlation

checks have shown that the time within a day has a clear impact on the imbalance, while

annual, monthly, and weekly samples are not as relevant. To capture the cyclic patterns in

time-based data, timestamps are encoded using cyclic encoding. By converting the day's

quarters into cyclical components, the relative distances can be preserved between quarters

while introducing cyclical patterns into the model. Rather than representing the quarter as
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Figure 3.3: Load, generation and schedules in European power system markets [93]
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a single value that increases linearly, cyclic encoding represents the feature as two separate

variables as shown in Figure 3.4: one representing the sine of the angle around the circle

and the other the cosine.

Figure 3.4: Cyclical encoding of time features. [Source: Feature-engine]

The correlation between time series can be tested with a regression causality test, called

Granger test [34]. The Granger causality test is a statistical hypothesis test designed to

determine whether one time series can be used to predict another time series. It measures

correlation, not causation, in the sense that it can provide useful information about the

relationship between two variables, but it does not provide conclusive evidence of causality.

The idea is that a variable X Granger-causes Y, if past values of X can help explain Y.

Granger causality is only relevant with time series variables. To test for Granger causality,

the Granger causality test compares the predictive power of two models: one that includes

both X and Y as predictors of Y's future values, and another that only includes Y as a

predictor. If the coe�cients of past values of X in the Granger model are statistically

signi�cant (p-value < 0.05) then we can reject the null hypothesis of the test (coe�cients

of past X values in the regression equation is zero) and conclude that X Granger-causes Y.

The Granger test was carried out for 5 lags, the p-values were far below 0.05, so we can

observe that all the selected variables are Granger-causes of the imbalance.

The Augmented Dickey-Fuller (ADF) test [22] is a statistical test used to determine if a time

series is stationary or non-stationary. The test is based on a �rst-order autoregressive model

of the time series. The null hypothesis of the ADF test is that there is a unit root in the

AR model, implying that the data series is nonstationary because the time series mean and

variance change over time. The ADF p-values for the imbalance time series are e�ectively
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0, and the ADF statistics are below 0.05, indicating that we are con�dent in rejecting the

null hypothesis of a unit root. This is a con�rmation of the stationary nature of the data.

3.2.3. Forecast model

I propose a linear multihorizon imbalance forecasting method that uses both past values of

the outcome variable and exogenous variables, and provides �exibility in the design of the

lag structure. For this purpose, I have chosen the Autoregressive Distributed Lag (ARDL)

model. ARDL is a time series econometric model that is used to analyze the relationship

between two or more variables, where one variable is considered the dependent variable

and the others are independent variables. The ARDL model allows for the examination of

both short-term and long-term relationships between the variables. It is a dynamic model,

as it takes into account the lagged values of the variables, which can help to capture the

persistence and dynamics of the relationship. The literature review did not �nd any studies

using the ARDL model for the prediction of imbalances, but it is considered to be a well-

established tool for the analysis of time series data, and several publications have used the

ARDL model in di�erent areas. Engel and Granger [25] extended the relationship between

co-integration and error correction models. Adabor et al. [2] demonstrated the e�ectiveness

of the ARDL approach in producing reliable estimates, especially when the data sample

size is relatively small. Furthermore, Tong at al. [88] highlighted the importance of the

ARDL model as an essential tool in dynamic one-equation regression, which is widely used

in economic time series modelling. Taken together, these references highlight the widespread

application and reliability of the ARDL model in various research areas.

The basic ARDL structure includes a lagged dependent variable, a set of lagged indepen-

dent variables, and possibly exogenous variables [70]. The model can be estimated using

ordinary least squares (OLS) regression or other estimation techniques. My motivation was

the combination of the mathematically simpler linear model with deep domain knowledge to

create a prediction process that would have competitive results. This required both the tar-

get and independent variables to have regressive components. In the case of ARDL, unlike,

for example, the linear ARIMAX also used as a benchmark, where the exogenous variables

are not lagged, I had the �exibility to specify the lag structure of both the dependent and

independent variables.

The general ARDL model applied is speci�ed by Equation 3.1 :

Yt = δ0︸︷︷︸
Constant

+

P∑
p=1

ϕpYt−p︸ ︷︷ ︸
Autoregressive

+

M∑
k=1

Qk∑
j=1

βk,jXk,t−j︸ ︷︷ ︸
Distributed Lag

+ Ztγ︸︷︷︸
Fixed

+ ϵt, (3.1)
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where

� Yt: the forecasted value of the dependent variable at t,

� Yt−p: values of the dependent variable at t− 1, t− 2, . . . , t− p,

� P : maximal lag of Y ,

� Xk,t−j : kth independent variable at t− 1, t− 2, . . . , t− j periods,

� Qk: maximal lag of Xk,

� M : number of lagged variables,

� Zt: �x non-lagged independent variable at time period t,

� ϵt assumed to be i.i.d.,

� δ, ϕ, β, γ are estimated modell parameters.

The ARDL model according to Equation 3.1 calculates the value of the next time period

after the observations. This is called single-step forecasting because we only need to forecast

one step. However, in this case we are interested in several quarters of an hour, several

steps need to be predicted at the same time, so this is a multi-step time series forecasting

problem. There are several approaches to multi-step forecasting. The direct approach

generates separate models for the forecasts t, t+ 1, t+ n with the same predictor variables,

but with di�erent dependent variables for each step. This is a simple method, but it does

not allow the value of the t+2 prediction to be used to calculate t+3. The recursive method

uses the same one-step model several times. The result of the previous step is used as input

for the current estimation.

An ensemble model is used in this paper. For each step, the predicted value of the dependent

variable from the previous step is used to train a separate model with di�erent variables

and lag structures. The model is illustrated in Figure 3.5. The forecast is made at the

time t for the time intervals between t and t + 8. I assume that for both the dependent

and independent variables, observations are already available for time period t − 1. The

value of the Fixed variable (Z in Equation 3.1) is known for the given interval t. From these

inputs, the ARDL model calculates the value of the dependent variable value for period t+1

(FCt+1). In the same period t, the forecast for the interval t+1 is also computed (FCt+1).

To do this, the existing observations of the dependent variable are used as predictors, along

with its forecast for the previous interval (t+0) and the value of the �xed variable for t+1.

For Step t + 2, the set of observations remains the same, but the predictors for t + 0 and
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Figure 3.5: Lag structure of the predictor variables. A separate model is trained for each
step. FC refers to the forecasted values of imbalance.

t+ 1 of the dependent variable are added to the set of predictors. Multi-step forecasting is

implemented iteratively, with di�erent steps using di�erent variable and lag structures, thus

training a separate ARDL model for each step.

As shown in Figure 3.5, to train the model for each step, the predictor set must be con-

structed by adding the prediction of the previous step to the predictor set. The algorithm

for training and prediction is summarized in the Algorithm 1. The objective of the training

step within the speci�ed ARDL framework is to accurately estimate the coe�cients of the

model, which quantify the relationships between the dependent variable and the lagged val-

ues of both the dependent and independent variables. In order to achieve this, the ordinary

least squares (OLS) method [92] is employed. The OLS method operates by identifying the

set of coe�cients that minimize the sum of squared residuals. This is the sum of the squared

di�erences between the observed values and the values predicted by the model. By mini-

mizing these residuals, it is ensured that the model provides the best linear approximation

of the underlying data relationships.

After a model has been trained for a prediction step, the corresponding prediction is made,

29



Algorithm 1 Train multi-step ARDL and forecast

1: procedure Train_ARDL(trainingdata,maxstep)
2: for step← 0,maxstep do
3: if step ̸= 0 then
4: trainingdata⇐ trainingdata+ predictionstep−1

5: end if

6: Modelstep ⇐ Train(trainingdata)
7: predictionstep ⇐ Predict(trainingdata,Modelstep)
8: end for

9: return Model ▷ Di�erent model parameters for each step
10: end procedure

11: procedure Forecast_ARDL(fcdata,maxstep, t) ▷ Forecast between t and
t+maxstep

12: fcdatat+0 ⇐ fcdata
13: for step← 0,maxstep do
14: if step ̸= 0 then
15: fcdatat+step ⇐ fcdatat+step−1 + predictiont+step−1

16: end if

17: predictiont+step ⇐ Predict(fcdatat+step,Modelstep)
18: end for

19: return prediction
20: end procedure

and then the next step is trained by adding that prediction to the set of predictions. The

forecast follows a similar logic. The forecast that is associated with a step is both the �nal

result and the input for the forecast of the next step.

3.3. Results

3.3.1. ARDL forecast

Real data was used to verify the method described above. The data to generate model

variables according to Section 3.2.2 are available on the Hungarian TSO website and the

ENTSO-E Transparency Service. The train period is quarter hours between January 2022

and February 2022, the test period is between March 2022 and December 2022. In these

intervals, all quarter-hour values have been taken into account. It can be said that the time

stamps are independent and identically distributed (IID). The time series are stationary, the

statistical properties of the time series (such as the mean and the variance) do not change

over time.

A separate model is taught for each step because a given forecast event involves multiple

forecast steps with di�erent variable structures. They are also evaluated separately, so that

we can see the forecasting performance for forecasting steps t+ 0, t+ 1, t+ 2, t+ 3, ..., t+ 7
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Figure 3.6: Sample of observed imbalance and prediction

and observe the deterioration of the forecast accuracy with increasing look-ahead window.

It is worth looking at the environment for which the imbalance is being studied when ex-

amining forecast errors. The peak load of the Hungarian power system was 7361MW. The

share of renewable energies was 13,66% of the total electricity consumption. 286MW of

positive aFRR capacity has been procured in the year 2021 [61].

Figure 3.6 shows a snippet of the imbalance forecast. A solid line is the forecast value

and a dashed line is the observed value for the same quarter of an hour. The time series

'FC pred_t0' represents the prediction step 'Step t+0' as shown in Figure 3.5. For a given

time stamp, there are several predictions (t0-t7), but for the sake of clarity, only t+ 0 and

t + 1 are shown in the �gure. The forecast error is the di�erence between the observed

and the predicted value. In addition to the magnitude of the error, the sign accuracy is

of particular importance. This is due to the fact that the methods of balancing energy

management and settlement for positive and negative system imbalances are very di�erent.

Therefore, in addition to the well-known metrics, I present an independently developed

metric for evaluating sign accuracy.

Figure 3.7 contains metrics (Mean Absolute Error, Root Mean Squared Error, Sign Accuracy

Percentage with 40 MW threshold) used to evaluate the predictions. The Mean Absolute Er-

ror (MAE) is a measure of the average size of the errors or di�erences between the predicted

values and the actual values, without taking into account their direction. It is calculated by
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Figure 3.7: Evaluation metrics of the forecast steps

taking the absolute di�erence between the predicted value and the actual observed value,

and then averaging these di�erences over all the observations [103]. The resulting value,

expressed in the same units as the original variable, represents the average absolute error

between the predicted and actual values.

The Root Mean Squared Error (RMSE) is a measure of the average size of the errors between

the predicted value and the actual value, taking into account the direction of the errors.

The RMSE is calculated by taking the square root of the average of the squared di�erences

between the predicted and actual values [103]. Like the MAE, the RMSE is expressed in

the same units as the original variable, and lower values indicate better model performance.

RMSE penalizes large errors more compared to MAE, as it gives greater weight to larger

errors due to the squaring operation.

As the number of prediction steps increases, all prediction metrics increase. This is as

expected, since both the imbalance and the measured values of the independent variables

a�ecting the imbalance continue to move further away from the predicted value over time.

Figure 3.8a shows the cumulative distribution of the absolute error. The error in 90% of

the projections is smaller than 60MW at t+0, but at t+7 the error is larger than 160MW

in 10% of the projections.
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(a) Cumulative distribution of the forecast errors (b) Sign accuracy percentage

Figure 3.8: Forecast errors of the ARDL model

Sign accuracy is important because the value, or more precisely the sign, of the system

imbalance is used to build logic that encourages power system actors to reduce the system

imbalance. Figure 3.1 shows that the value of the system imbalance around 0 is the most

common, and we can assume that the sign is the most di�cult to predict accurately for small

imbalances. To illustrate, the following �gure evaluates the sign accuracy as a function of

a parameter (Figure 3.8b). The Sign Accuracy Percentage (SAP) is calculated by dividing

the number of correct predictions of the direction (Equation 3.2) by the total number of

predictions (Equation 3.3). In addition, a threshold value is applied so that SAP is only

calculated for forecasts with an absolute value that is greater than the threshold value (40

MW in Figure 3.7).

SATrue
step,τ =

∑
t

[
(FCt+step ≥ τ ∧ Yt+step > 0)∨

(FCt+step ≤ −τ ∧ Yt+step < 0)
]

SAFalse
step,τ =

∑
t

[
(FCt+step ≥ τ ∧ Yt+step < 0)∨ (3.2)

(FCt+step ≤ −τ ∧ Yt+step > 0)
]

SAPstep,τ =
SATrue

step,τ

SATrue
step,τ + SAFalse

step,τ

∗ 100, (3.3)

where
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� [condition] is the Iverson bracket, denoting a number that is 1 if the condition in

square brackets is satis�ed, and 0 otherwise,

� SATrue
step,τ , SA

False
step,τ : number of correct and incorrect directional predictions given a

threshold value τ and a forecast window step,

� FCt+step: imbalance forecast of interval t+ step executed at time interval t,

� Yt+step: measured imbalance of interval t+ step,

� τ : threshold value, 0 ≤ τ only forecast over τ or −τ are considered,

� SAPstep,τ : sign accuracy percentage.

In Figure 3.7, I have set a threshold such that the accuracy of the �rst 1 hour estimate of

the SAP is about 90%.

3.3.2. Benchmark models

In the �eld of short-term forecasting of power system imbalances, it is imperative to es-

tablish robust benchmarks to evaluate the e�ectiveness of newly developed models. In this

context, my work uses three widely accepted and scienti�cally validated benchmark models:

ARIMA(X), LSTM, and ETR. The ARIMA model, a mainstay in time series forecasting,

is chosen for its proven utility in capturing linear dependencies and trends in time series

data, particularly in electricity load forecasting [3]. The Long Short-Term Memory (LSTM)

model, a recurrent neural network architecture, is included because of its superior ability to

capture complex temporal dynamics and long-term dependencies in sequence data, making

it particularly suitable for multi-step time series forecasting, as demonstrated in power load

forecasting applications [65]. Finally, Extra Trees Regression (ETR), a variant of the Ran-

dom Forest algorithm, is chosen for its e�ectiveness in handling non-linear relationships and

complex interactions between variables, which is critical in time series forecasting, especially

in contexts involving autocorrelated dependent variables and multiple lagged explanatory

variables [11]. Together, these models provide a comprehensive framework for evaluating

the performance of the ARDL model, encompassing both linear and nonlinear dynamics

relevant to forecasting short-term imbalances in power systems. Although several studies

use the methods selected for the benchmark, the literature on short-term imbalance fore-

casting is not very rich, and comparisons can be valid only if the models are run on the

same assumptions and data. To this end, the benchmark models were not only presented

but also applied and implemented to the problem at hand.

The results of the ARDL model have been compared with the benchmark models and the

results are summarized in Table 3.2. For MAE and RMSE, a lower value indicates better
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forecasting e�ciency. For SAP, a higher value is favorable because the value indicates the

percentage of forecasts above 40 MW and below -40 MW that correctly predict the system

direction. The performance of ARDL is better than the benchmark models in the �rst 4

intervals, i.e. the �rst 1 hour. In the second hour, ARIMAX performs slightly better.

The present work is based on the assumption that the correct choice of relevant external

variables and the design of a lag structure tailored to the forecasting task e�ectively sup-

port forecast accuracy. These preparatory steps made the mathematically simpler dynamic

regression method competitive with the state-of-the-art neural network and random forest

models.

Table 3.2: Comparison of prediction results using 5 months of test data

Metric Step ARDL ARIMAX ETR LSTM

MAE

Step 0 28 54 32 46
Step 1 40 55 45 55
Step 2 49 58 53 64
Step 3 55 59 59 71
Step 4 63 66 67 73
Step 5 69 69 73 75
Step 6 73 71 77 79
Step 7 76 73 80 86

RMSE

Step 0 37 67 43 62
Step 1 53 69 61 73
Step 2 66 75 72 84
Step 3 75 76 81 94
Step 4 86 84 92 98
Step 5 94 86 101 100
Step 6 101 92 108 107
Step 7 105 93 113 117

SAP

Step 0 98 89 97 91
Step 1 94 88 92 86
Step 2 90 87 88 82
Step 3 88 85 85 80
Step 4 84 84 82 78
Step 5 81 82 78 76
Step 6 78 80 76 73
Step 7 76 80 74 69

3.4. Conclusion

This study has demonstrated the e�ectiveness of the ARDL model in forecasting power

system imbalances, crucial for maintaining system frequency and overall stability. Through

comprehensive evaluations using real-world data, the ARDL model has shown superior per-

formance compared to the benchmark nonlinear models, including Long Short-Term Memory

networks and ETR. The introduction of a multi-step forecasting approach allows for predic-

tions over multiple future quarters, enhancing the ability of system operators to anticipate
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and manage imbalances. A further innovation presented in this work is the incorporation

of sign accuracy as an evaluation metric. This metric assesses the model's ability to predict

not just the magnitude but also the direction of the imbalance, which is often more critical

for operational decision-making. The results indicate that the ARDL model not only pre-

dicts the quantitative aspects of the imbalance more accurately but also provides reliable

directional forecasts.

The computational e�ciency of the ARDL model, coupled with its high predictive accuracy,

makes it a practical tool for real-time power system management. This is particularly

signi�cant in an era where timely and accurate predictions are essential for integrating

intermittent renewable energy sources and maintaining grid reliability.
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CHAPTER 4

Time series simulation of the operation and trading activity of

aggregated power generation and consumption portfolios in a

multi-market environment

Management of portfolios containing a mix of generation and consumption assets involves

a wide range of strategies, encompassing both internal optimizations and market participa-

tion. However, the feasible actions during real-time operations depend on several factors,

including the state of associated devices, power system demand, and external in�uences.

This chapter presents a combined technical and market model that enables the simulation

of potential operational strategies. This model generates time-series data representing en-

ergy transactions, revenues, and costs for an aggregator managing diverse assets. The data

generated are based on realistic scenarios, re�ecting true market pricing conditions and the

dynamics of speci�c sub-markets.

4.1. Background

The steady penetration of distributed, weather-dependent generation over conventional large

power plants has been a worldwide trend in recent years, which, together with the evolution

of technology and market operation, allows the development of portfolios that make opti-

mal use of the speci�cities of di�erent generation/consumption technologies (e.g. weather-

dependent and conventional generation units, controllable and non-controllable consumers,

energy storage) in di�erent electricity markets [40].

The implementation of an advanced portfolio management solution entails signi�cant in-

vestment and operational costs and therefore a high economic risk. While overcoming the

technical challenges, it is also di�cult to �nd tangible answers to the questions of whether

it is worth moving towards a heterogeneous portfolio; what level of aggregation is recom-

mended; and what markets, what operations, what results can be achieved. Studies of the

expected pro�tability and returns prior to investing in homogeneous assets such as stand-

alone power plants or energy storage facilities usually approach the problem along the lines

of some kind of industry estimate or average revenue generating capacity. However, port-

folios can be very diverse in terms of composition, size and physical location, so thinking

along the lines of the panels used previously can lead to much greater inaccuracy than before

[20]. Gomes et al. [32] presents an optimal bid submission in a day-ahead electricity mar-

ket for the problem of joint operation of wind with photovoltaic power systems having an

energy storage device. Paper [95] proposes three-stage coordinated optimization scheduling

strategy for a combined cooling, heating, and power microgrid. Yang et al. [97] proposes
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an optimal bidding strategy model of a virtual power plant in the day-ahead market that

contains energy, reserve, and regulation markets. Pei et al. [69] introduces the concept of

microgrid aggregator to involve small-scale microgrids in real-time balancing market bidding

via a hierarchical market framework. In [21] an optimization model is provided for partici-

pation of a distributed energy resource aggregator in the day-ahead market in the presence

of demand �exibility. Wang et al. [91] proposes an optimal bidding strategy model for a load

aggregator that implements a demand response program, which enables the load aggregator

to reduce the risk of �nancial loss caused by price volatility. An optimal operation strategy

for a virtual power plant participating in the day-ahead and intraday energy markets has

been discussed in [53]. The aggregation function determines internal prices by evaluating its

real-time responses to the day-ahead schedule and updating the proposed pricing function

parameters, and adjusts its energy reserves.

In the portfolio, the combination of assets determines the revenue-generating potential.

However, they can only ever work with the resources available at any given time, and in

compliance with their commitments at that time, within the rules and regulations of each

market. In my work, I consider a reasonably accurate model of the current functioning of

the European electricity market. This model depicts market participants operating in elec-

tricity markets with di�erent time horizons and balancing control markets. It also depicts

market participants adapting to the market's process, timing requirements and settlement

rules. In my research, I have created an aggregator model that includes generation, con-

sumption and storage assets with di�erent technologies. This model operates within a real

operational framework. The assets comprising the portfolio are coordinated and operated by

an aggregator role in di�erent electricity markets with the objective of maximising economic

bene�ts, subject to the technical constraints of the assets that make up the portfolio.

The main contribution of my work is that it addresses both the internal modelling com-

plexity arising from the inhomogeneity of the portfolio and the multi-market nature of the

modern electricity industry, while incorporating imbalance forecasting in order to pro�t from

deliberate schedule deviations. This techno-market model provides an opportunity to study

and compare portfolios of di�erent composition and size and di�erent scenarios. The mod-

elling also enables the e�ectiveness of di�erent market strategies and the consequences of

their application to be considered, in addition to the technical composition.

4.2. Model

The starting point of the analysis is a 12-month reference period, with the technical data

of the portfolio and the parameters of the market strategy to be applied inserted into the

real operational framework and factual data. The simulation is run on real parameters

and historical time series data, and the calculation of revenues and expenses is based on the
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Figure 4.1: Available energy markets and trading intervals in the day-ahead and intraday
timeframe in 2023.

actual functioning of each sub-market (di�erent time horizons, timings, settlement rules) and

the resulting states. We can consider the portfolio as a price taker [8], as it cannot in�uence

the price of the commodity due to the competitive nature of the market and the small size

of the aggregator's transactions relative to the size of the market. The output of the model

is a time series of energy �ows, which allows a transparent step-by-step representation of

the operation under the set scenario, facilitating easy tracing of the logic applied in di�erent

market and technical situations.

In the following, we consider a decentralized aggregator portfolio consisting of a consumer, a

weather-dependent solar (PV) generator and a battery energy storage, forming an individual

balancing group. All devices provide real-time metering data to the aggregator. The latter

is capable of closed-loop control of solar and battery energy storage. The priority of the

consumer is to meet the instantaneous energy demand required by its core activity. In my

work, I have created an operational model for the aggregator to determine how to in�uence

the generation and consumption of each asset in the portfolio, and how to transact in the

available markets, after considering the technical and �nancial as well as the external market

framework. The model employs a time-series approach with a time resolution based on the

standard quarterly intervals commonly employed in the �eld.

The challenge in de�ning the operating rules that will yield the greatest economic bene-

�ts is not solely due to the necessity of ensuring that assets with disparate technologies,

technical and economic characteristics function in unison. Additionally, the fact that the

operational areas and individual markets are fragmented, yet still exhibit interdependence,

further complicates the matter as illustrated in Figure 4.1.
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In the model, the aggregator operates in the following energy markets:

� Day-Ahead and Intraday Market (DAM, IDM),

� Imbalance Market,

� Balancing Capacity Market (aFRR),

� Balancing Energy Market (aFRR).

4.2.1. Portfolio assets

The following section describes the main characteristics and operational options of the as-

sets that comprise the portfolio. These operational options re�ect the scenarios considered

in the model. Furthermore, this section provides a brief overview of the operating rules

implemented by the model to control the assets during the time series simulation.

PV Generation

The �exibility of solar PV production was based on the power output values of the di�erent

time horizons of the production forecast and their estimated accuracy. The deviation from

the schedule was estimated from the available historical fact data.

1. In the model, solar PV generation has the potential for pre-scheduled dispatch on a

day-ahead or intraday timeframe:

(a) The supply of the portfolio's own energy consumption without using the grid, with

a prede�ned output, as de�ned in the production and consumption schedules.

(b) Selling to an external operator on the basis of an internal trade schedule.

(c) Charging of energy storage without using the public grid, with a predetermined

quantity as �xed in the production schedule.

2. Providing balancing services with solar generation according to the transmission sys-

tem operator's (TSO) needs:

(a) Availability of negative balancing capacity up to the level of the generation fore-

cast or the planned feed-in to the public network. The reservation of capacity

does not imply its activation.

(b) Provision of negative balancing energy in response to a TSO activation order up

to the planned level of injection into the public network.

3. Real-time control options for solar PV production:
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(a) Allowing over-generation compared to the schedule in order to balance the port-

folio schedule or to deliberately increase balancing energy.

(b) Charging the battery without using the public grid, outside of the schedule.

(c) Curtailment of generation to balance schedules or to intentionally increase bal-

ancing energy.

Parameters

� window: Look ahead window (value: 5) [quarter hour]

� t: Current time interval (quarter hour)

� LDAM: Trading threshold (value: 5000 kWh)

� LaFRR: Balancing bid threshold (value: 15000 kWh)

Variables

� EDA
aFRR-: aFRR- day-ahead energy bid from PV generation [kWh]

� PGen
DA : Day-ahead planned PV generation [kWh]

� PGen
ID : Intra-day planned PV generation [kWh]

� SSaleDAM: PV DAM market sale [kWh]

� CSched
Batt : Battery charge considered during PV scheduling [kWh]

� CSched
EndUser: End-user consumption considered during PV scheduling [kWh]

� PGrid
Scheduled: PV ID scheduled grid feed-in (PV generation) [kWh]

� TTrans
IDM : PV IDM market transactions [kWh]

� EID
aFRR-: aFRR- intra-day energy bid from PV generation [kWh]

� DDev
PV : Deviation of PV generation from ID schedule [kWh]

� PNoReg
PV : PV production behind the connection point without down-regulation [kWh]

� CBattAch
PV : Planned battery charging with PV realization [kWh]

� CSupplyAch
PV : Planned supply with PV realization [kWh]

� EaFRR-
PV : PV aFRR- service [kWh]
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� CBattExtra
PV : Additional PV battery charging behind the meter [kWh]

� CSupplyExtra
PV : Additional PV supply behind meter [kWh]

� EReg
PV : PV down-regulation for scheduling purposes [kWh]

� IPointPV : E�ect of PV production at the connection point [kWh]

Equations

SSaleDAM = max
(
PGen
DA − LDAM, 0

)
CSched
Batt = max

(
SSchedChg ,−(PGen

ID + EDA
aFRR-)

)
CSched
EndUser = max

(
PCons
ID ,−(PGen

ID + EDA
aFRR- + CSched

Batt )
)

PGrid
Scheduled = PGen

ID + CSched
Batt + CSched

EndUser

TTrans
IDM = PGrid

Scheduled − SSaleDAM

EID
aFRR- = min

(
−max

(
PGrid
Scheduled − LaFRR, 0

)
− EDA

aFRR-, 0
)

DDev
PV = PNoReg

PV − PGen
ID

CBattAch
PV = min

(
max

(
−PNoReg

PV + SSaleDAM + TTrans
IDM ,

CSched
Batt ,−(PNoReg

PV + EDA
aFRR- + EID

aFRR-)
)
, 0
)

CSupplyAch
PV = min

(
max

(
−(PNoReg

PV + CBattAch
PV ) + SSaleDAM + TTrans

IDM ,

−(PNoReg
PV + CBattAch

PV + EDA
aFRR- + EID

aFRR-), C
Sched
EndUser,MCons

)
, 0
)

EaFRR-
PV = −min

(
PNoReg
PV ,−ECalc

aFRR-

)
IPointPV = PNoReg

PV + CBattAch
PV + CSupplyAch

PV + EaFRR-
PV + CBattExtra

PV + CSupplyExtra
PV + EReg

PV

Consumer

The planned production of the solar panels will be consumed by the consumer to the extent

of its availability and planned needs, with the remainder of the production plan being sold

on the organized electricity market. The planned demand of the consumer that cannot

be covered by the solar PV production will be purchased from the organized electricity

market in a prede�ned and scheduled manner. The priority of the consumer is to meet its

current energy needs as required by its core business. In the modeling, the consumer is not

controllable and therefore plays a passive role, its deviation from the schedule is managed

by the aggregator through other assets in the portfolio.

Variables
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� PCons
ID : Intra-day planned consumption [kWh]

� SConsID : Consumption schedule (intra-day consumption) [kWh]

� MCons: Measured consumption behind the connection point [kWh]

� IPointCons : E�ect of consumption at the connection point [kWh]

� PEndUser
Market : Market purchase for consumption (intra-day trading) [kWh]

� DDev
EndUser: Deviation of end-user consumption from schedule [kWh]

Equations

SConsID = PCons
ID − CSched

EndUser

IPointCons = MCons − CSupplyAch
PV − CSupplyExtra

PV

PEndUser
Market = PCons

ID − CSched
EndUser

DDev
EndUser = MCons − PCons

ID

Energy Storage

The scheduling of energy storage only occurs during the day. For the deviation from the

energy storage schedule, full discharge and full recharge can be considered as strict limits,

while the desired deviation can be �exibly controlled/adjusted in the range between the two.

1. Scheduled utilization of energy storage:

(a) Charging (purchase) or discharging (sale) to an external operator on the basis of

an individual agreement or organised market prices.

(b) Planned charging of energy storage from solar PV generation without use of the

public grid, as planned in the production schedule.

2. Providing balancing services with the energy storage:

(a) Availability of positive or negative balancing capacity based on a prede�ned bid-

ding strategy or a day-ahead forecasted load level, or up to the di�erence between

the planned and the minimum or maximum charge level.

(b) Provision of positive or negative balancing energy up to the di�erence between

the planned and the minimum or maximum charge level.

3. Real-time control options for energy storage:
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(a) Battery charging by solar generation without using the public grid in an unsched-

uled way.

(b) Charging or discharging a battery from the public grid to balance deviations from

schedules.

(c) Charging or discharging of a battery from the public network beyond the scope

of internal balancing.

Variables

� EMinChg: Minimum battery state of charge [kWh]

� PMaxDis: Maximum discharge power [kW]

� PMaxChg: Maximum charge power [kW]

� EMaxCap: Maximum battery capacity [kWh]

� ηBatt: Battery e�ciency per direction [%]

� PNetDis: Maximum discharge power measured on the grid [kW]

� PNetChg: Maximum charge power measured on the grid [kW]

� EDA
aFRR+: aFRR+ day-ahead energy bid from battery [kWh]

� tAvailRemain: Remaining time until availability [quarter-hours]

� tEndRemain: Remaining time until end of availability [quarter-hours]

� EExp
MinChg: Expected minimum battery charge at the end of period [kWh]

� EPermChg: Permitted battery charging requirement at the end of period [kWh]

� SSchedChg : Battery charging schedule for the target time period [kWh]

� SDeclChg : Submitted charging schedule for the battery [kWh]

� EID
aFRR+: aFRR+ intra-day energy bid from battery [kWh]

� SBattMarket: Market purchase for battery charging (intra-day trading) [kWh]

� DDev
Batt: Deviation caused by the battery from schedule (to be balanced by MAVIR)

[kWh]

� CAvail
Batt : Actual down-regulation (charging) capacity of the battery [kWh]
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� CUpReg
Batt : Actual up-regulation (discharge) capacity of the battery [kWh]

� CExtChg
Batt : Battery charging with external scheduled ID market purchase [kWh]

� EaFRR+
Batt : aFRR+ service with battery [kWh]

� EaFRR-Assist
Batt : Assistance of aFRR- service with battery [kWh]

� ECharge
Batt : Battery charge at the end of period [kWh]

� CO�Sched
Batt : Non-scheduled battery charging from the public grid (LE3) [kWh]

� COtherDis
Batt : Other battery discharges [kWh]

� ETechLossChg
Batt : Technological loss during battery charging [kWh]

� ETechLossDis
Batt : Technological loss during battery discharge [kWh]

� ENoLimitChg
Batt : Battery charge at the end of period [kWh]

� EBalance
Batt : Balancing energy due to battery limits [kWh]

� ETechLossNetChg
Batt : Technological loss during battery charging [kWh]

� ETechLossNetDis
Batt : Technological loss during battery discharge [kWh]
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Equations

EExp
MinChg =

tEndRemain · PMaxDis

4 , if tAvailRemain = 0

max
(
EMaxCap − tAvailRemain ·

PMaxChg

4 , 0
)
, otherwise

EPermChg =

0, if EDA
aFRR+ > 0

max
(
−EMaxCap − ECharge

Batt ,−PNetChg
4

)
, otherwise

SDeclChg = min

(
max

(
SPermChg , CAvail

Batt + EExp
MinChg − ECurrent

MinChg,−
PNetChg

4

)
, 0

)
SSchedChg = SDeclChg (t− 2)

EID
aFRR+ = max

(
min

(
max

(
−(ECharge

Batt − EExp
MinChg

+
PMaxDis

4
· window) · ηBatt, 0

)
,
PNetDis

4

)
− EDA

aFRR+, 0

)
SBattMarket = min

(
SSchedChg − CSched

Batt , 0
)

DDev
Batt = −EBalance

Batt

CAvail
Batt = max

(
−PNetChg

4
,−(ECharge

Batt + EMaxCap) ·
1

ηBatt

)
CUpReg
Batt = min

(
PNetDis

4
,min(ECharge

Batt − EMinChg + PMaxDis, 0) · ηBatt
)

CExtChg
Batt = SBattMarket

EaFRR+
Batt = min

(
ECalc
aFRR+,−ECharge

Batt (t− 1) · 1

ηBatt

)
EaFRR-Assist
Batt = max

(
ECalc
aFRR- − EaFRR-

PV , CAvail
Batt ,min

(
−PNetChg

4
− CExtChg

Batt − COtherDis
Batt , 0

))

EBalance
Batt =


−EMaxCap − ENoLimitChg

Batt , if ENoLimitChg
Batt < −EMaxCap

−PMaxDis − ENoLimitChg
Batt , if ENoLimitChg

Batt > PMaxDis

0, otherwise

ETechLossNetChg
Batt =


EBalance
Batt

ηBatt
− EBalance

Batt , if EBalance
Batt > 0

0
+ ETechLossChg

Batt

ETechLossNetDis
Batt =

−
EBalance
Batt

ηBatt
− EBalance

Batt , if EBalance
Batt < 0

0
+ ETechLossDis

Batt

ECharge
Batt = ECharge

Batt (t− 1) +
(
CExtChg
Batt + EaFRR+

Batt + EaFRR-Assist
Batt + CO�Sched

Batt + COtherDis
Batt

)
+
(
ETechLossNetChg
Batt + ETechLossNetDis

Batt + EBalance
Batt

)
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4.2.2. Operating rules

Market transactions are priced using the HUPX (Hungarian Power Exchange) DAM hourly

and IDM quarterly average prices for the reference period. Among the balancing services,

the aggregator participates in the aFRR (automatic frequency restoration reserve) market.

The model takes into account the possibility of hourly bidding in the aFRR market and

the possibility of intra-day (T-25 minutes) bidding in the intraday market. Reserves and

activated quantities are based on a pricing strategy that can be set in the model. In our

case, the o�er prices are calculated based on a pre-�xed ratio of the moving average price of

the market o�ers already known at the time, and in the case of negative aFRR energy bids,

a �xed negative price was considered in order to avoid loss periods during activations. The

timings used by the model correspond to real market rules for the di�erent activities.

For each time interval, it must be ensured that the portfolio energy balance, i.e. the signed

sum of generation, consumption, trade transactions, balancing energy and imbalance, is 0.

All components except the imbalance can be directly in�uenced, and the imbalance can be

understood as a residual error in the preliminary plans and in the actual operation, the

reduction of which is a fundamental system objective.

In line with the European imbalance settlement rules [1], the imbalance settlement logic

used in the model implies that imbalance can be not only an expense but also an income,

depending on the relationship between the direction of the portfolio imbalance and the

direction of the system imbalance. The model also employs a separate system imbalance

prediction model [6] to generate additional revenue through deliberate deviation from the

schedule in future settlement periods. Depending on the system state prediction, a deliberate

schedule deviation can be chosen instead of keeping the schedule, which can help to increase

the revenue from balancing energy.

No period should be allowed during which the reserved balancing capacity is not available

or cannot be ful�lled at portfolio level, as this carries the risk of exclusion from the market.

To this end, the planned use of solar PV should not jeopardize the availability of balancing

reserves and the necessary recharging or discharging of energy storage should be ensured by

the beginning of the settlement period.

The model calculates the energy �ows for each element of the portfolio and its energy market

components on the basis of the forecasts, the set parameters and the situations that occur

in each period (schedule deviations, contracted reserves, activations) and their subsequent

resolution. The objective function is to maximize the economic pro�t resulting from the

balance of market transactions. The unit prices are known from historical data for the

selected reference period, so the energy quantities and corresponding unit prices are used to
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calculate the cash �ow rate for that period. The energy �ows for a given interval generate

the initial data for the next interval, and the energy �ows and associated cash �ows for the

next interval are generated based on the situation and responses to the situation.

Variables

� PPrice
DAM: HUPX DAM base price [Ft/kWh]

� PPrice
ID60 : HUPX ID60 weighted average price [Ft/kWh]

� PPrice
ID15 : HUPX ID15 weighted average price [Ft/kWh]

� PBid
aFRR+: aFRR+ bid price [Ft/kWh]

� PBid
aFRR-: aFRR- bid price [Ft/kWh]

� PPrice
Balancing: Balancing energy price [Ft/kWh]

� EMAVIR
aFRR+ : MAVIR activation according to aFRR+ MOL [kWh]

� EMAVIR
aFRR- : MAVIR activation instruction according to aFRR- MOL [kWh]

� PTotal
Sched: Scheduled generation and consumption total [kWh]

� SBalanceTrade : Scheduled commercial balance [kWh]

� SImbalance: Scheduling imbalance [kWh]

� MMeasure
Total : Total measurement [kWh]

� MRef: Reference [kWh]

� MExpected: Expected measurement [kWh]

� IPos: Positive activation [kWh]

� RPos: Executed regulation + [kWh]

� CSettle
Pos : Settled regulation + deviation from the market schedule [kWh]

� INeg: Negative activation [kWh]

� RNeg: Executed regulation - [kWh]

� CSettle
Neg : Settled regulation - deviation from the market schedule [kWh]

� EBalance: Balancing energy [kWh]
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� NNetCons: Net consumption measured at the connection point

� RRev
DAM: Revenue from PV DAM sale [Ft]

� RRev
IDM: Revenue from PV IDM adjustment [Ft]

� CUser
IDM: Cost of user IDM supply [Ft]

� CBatt
IDM: Cost of battery IDM charging [Ft]

� RRev
aFRR+: Revenue from aFRR+ regulation energy [Ft]

� RRev
aFRR-: Revenue from aFRR- regulation energy [Ft]
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Equations

PTotal
Sched = SConsID + PGrid

Scheduled + CSched
Batt

SBalanceTrade = −(SSaleDAM + TTrans
IDM + PEndUser

Market + SBattMarket)

SImbalance = PTotal
Sched + SBalanceTrade

MMeasure
Total = IPointCons + IPointPV + CExtChg

Batt + EaFRR+
Batt + EaFRR-Assist

Batt + CO�Sched
Batt + COtherDis

Batt

MRef = MMeasure
Total −RPos −RNeg

IPos = ECalc
aFRR+

INeg = ECalc
aFRR-

MExpected =

MRef + IPos + INeg, if IPos + INeg ̸= 0

PTotal
Sched, otherwise

RPos = EaFRR+
Batt

CSettle
Pos =

max(min(MMeasure
Total − PTotal

Sched, 0), 0), if IPos > 0

0, otherwise

RNeg = EaFRR-
PV + EaFRR-Assist

Batt

CSettle
Neg =

min(max(MMeasure
Total − PTotal

Sched, 0), 0), if INeg < 0

0, otherwise

EBalance = MExpected −MMeasure
Total

NNetCons = IPointCons + CExtChg
Batt + EaFRR-Assist

Batt + CO�Sched
Batt

RRev
DAM = PPrice

DAM · SSaleDAM

RRev
IDM = PPrice

ID15 · TTrans
IDM

CUser
IDM = PPrice

ID15 · PEndUser
Market

CBatt
IDM = PPrice

ID15 · SBattMarket

RRev
aFRR+ = PBid

aFRR+ · CSettle
Pos

RRev
aFRR- = PBid

aFRR- · CSettle
Neg

4.2.3. Scenarios

The results of the operational model are presented under two scenarios. The "Basic Func-

tions" scenario represents a traditional approach, while the "Extended Functions" scenario

makes use of all the options presented in the previous sections.
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Basic Functions

In the Basic Functions scenario, the planned production of solar panels is used by the

consumer up to the level of its planned needs, with the remainder of the production plan

being sold on the organized electricity market. The planned demand of the consumer that

cannot be covered by solar PV production are purchased from the organized electricity

market. The goal of the aggregator is to keep the schedule, which it tries to facilitate

by controlling the battery (charging from the solar panel, buying from the utility grid,

discharging to the utility grid) and the solar panel (allowing over-generation or curtailing

it).

Extended Functions

In the Extended Functions scenario, the portfolio is also an active participant in the balanc-

ing market. It also tries to use its generation for internal use, but the aggregator also o�ers

aFRR services via batteries and solar panels. Battery capacity is o�ered in positive direc-

tion in two-hourly increments in the next day's aFRR balancing capacity tenders according

to a pre-de�ned pricing algorithm. Balancing energy bids are submitted for the contracted

periods in accordance with the rules, also according to a pre-de�ned pricing algorithm. All

contracted periods start at full load to ensure that TSO activations can be fully met. The

battery can be recharged from solar PV generation on or o�-schedule, and from the public

grid on or o�-schedule. If the battery is charged before the start of the contracted period,

a positive aFRR o�er will be made within the day.

Negative aFRR capacity bids are submitted based on the solar panel's planned generation

for the next day. Energy bids are submitted for the contracted periods in accordance with

market rules. If weather conditions and current portfolio circumstances allow, negative

intraday balancing energy o�ers will also be submitted. The amount of energy fed into

the public grid must be at least equal to the amount of energy o�ered. Negative aFRR

activation may even include battery charging if necessary.

Considering that balancing energy can be an expense as well as an income for the balancing

group, a system imbalance forecasting method is used by the balancing group to help balance

the system during foreseeable settlement periods.

4.3. Results

The results of the two scenarios de�ned above are published below. The two scenarios pre-

sented cover the two extreme cases of possible operating models and market strategies, but

in the space between them other intermediate operating approaches are conceivable. The

large contrast is not an end in itself; rather, it demonstrates that the model developed is sen-
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Figure 4.2: Energy �ows for the scenarios

sitive to changes in the operating strategies employed and is consistent with the expectation

that a more complex exploitation of assets and market opportunities will yield signi�cant

economic bene�ts. It is important to note that the "Extended Functionality" requires ad-

vanced control technology implementation and active commercial activity, the costs of which

are not included in the �nancial results. Due to scope limitations, the detailed results of the

simulation are illustrated with a quarter-hourly resolution plot of the events of a selected,

typical but not average day, 4th May 2022. Size of assets in the portfolio:

� Consumer: 15 MW,

� Solar generation: 50 MW,

� Battery energy storage: 12 MW / 24 MWh.

Figure 4.2 compares the expected energy �ows for the two scenarios during this day. For the

Basic Functions case, it is easy to follow the process of scheduling and internal utilization of

generation. During the night, consumption is entirely from the public grid, then increasingly

o�set by PV generation, and �nally PV generation is also used for external sales. The

purchase from the public grid during the daytime hours illustrates the higher consumption

compared to the scheduled consumption, which is compensated by the discharge of the

battery (between the 25th and 40th interval). The battery is recharged by the solar power

plant, taken into account in the intraday schedules as a reduced quantity to be sold. From

10.15 am onwards, in addition to overconsumption, solar overgeneration appears to the

52



Figure 4.3: Financial results for the scenarios

extent that, in addition to covering the overconsumption, it is necessary to curtail generation.

By the end of the day, the role of PV generation in supply is once again taken over by market

purchases. Schedule deviations were present throughout the day, but only to a minimal

extent.

In the case of the "Extended Functions", there are signi�cant deviations from the market

schedule due to the in�uence of both aFRR demand and balancing energy. In addition, it is

worth noting the frequent surge in the level of purchase from the public grid, which is often

necessary due to the urgency to recharge batteries.

Figure 4.3 summarizes the �nancial implications of energy �ows during the day, based on

simulated quarter-hourly energy �ows and real quarter-hourly prices. In the case of Basic

Functions, the cost of external supply of consumption and the system charges imposed on

consumption dominate at the beginning of the day. There is also imbalance energy due

to the limited �exibility (battery full, PV not generating), resulting in a small imbalance

revenue during the period concerned. As solar PV generation ramps up, the HUPX balance

becomes positive, system charges fall and the imbalance is zero for hours. At the end of the

production period, HUPX expenditure and system charges increase again and imbalance

reappears as a revenue item.

In the case of "Extended Functions", signi�cant revenues are generated at the beginning

of the day due to positive aFRR activations, this continues throughout the day with some
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interruptions, and is supplemented at the end of the day by revenues from the contracted

aFRR reserve capacity of the battery. In addition to the balancing market revenues, there

are also imbalance costs due to occasional system imbalance forecasting errors. The increase

in HUPX expenditure and system charges due to the frequent need to recharge the storage

is striking. Every quarter hour that solar PV generation is sold, its downward balancing

capacity is also contracted, resulting in additional revenue. Negative aFRR activations do

not occur during the day.

While above I have shown the di�erences between the scenarios through selected examples,

the following graphs summarize the �gures for the whole year 2022 for the two scenarios.

Looking at the energy �ows on Figure 4.4, solar generation and behind-the-meter generation

utilization show minimal di�erences between the two cases. The negative aFRR revenue ap-

pears as a new item, but does not have any particular spillover e�ects. However, the positive

aFRR activation of the battery and its use for imbalance management lead to fundamental

di�erences. While the annual energy �ow of the battery is around 4-5 GWh in the base

case, in is almost 25 GWh in the extended case. The increased demand for recharging en-

ergy (energy purchased for storage charging) in itself induces signi�cant additional energy

purchases, and internal balancing and supply options are also reduced. Purchases form the

external market are increased by almost 19 GWh, while the use of synergies from the nega-

tive diversion of imbalance (cheap charging from external sources, internal use of solar PV

generation) is doubled.

Figure 4.4: Summary of annual energy �ows for the scenarios [MWh]

If we look at Figure 4.5, which summarizes the cash �ows that are closely linked to the energy

�ows of operation under the two scenarios, the picture is even more colorful. The balance of

organized electricity market transactions becomes signi�cantly negative on an annual basis

in the extended case. However, this is convincingly compensated by the revenues that can

be generated by the use of balancing reserves. The frequent need to recharge the battery
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almost doubles the expenditure on system charges. The positive balance of imbalance energy

is also almost doubled due to system imbalance forecasts.

Figure 4.5: Summary of annual cash �ows for the scenarios [EUR, in thousands]

The overall monetary di�erence is quite impressive, even though we know that this is not the

total annual cash �ow of the portfolio, and that there is a signi�cant di�erence between the

two cases for both Operational Expenditure (OPEX) and Capital Expenditure (CAPEX) -

of course, the picture would be complete if these were taken into account.

It is beyond the scope of this article to discuss in detail the assumptions for additional years

beyond the reference year, but some assertions can be made. If there is no change in market

positioning as a strategy, similar energy �ows can be expected for years to come. If the need

for �exibility in the electricity system is not reduced, this assumption is in line with the

principle of a conservative approach. Therefore, the cash �ows for the following years can

still be determined in the traditional way, based on a time series analysis of the reference

period, i.e. by extrapolating the annual average changes of each item by di�erent indices or

discrete values.

4.4. Conclusion

By bringing together distributed generation and consumption units, it is possible to cre-

ate a portfolio of a size and composition that can overcome barriers to entry and compete

e�ectively in di�erent markets. My model demonstrates how di�erent generation and con-

sumption technologies can work together in complex market conditions.

The purpose of analyzing di�erent scenarios is not to identify the absolute economic opti-

mum, that is the role of an aggregator actively engaged in real operations, using available

information and accumulated operational and commercial expertise. Instead, my model is

designed to provide a robust evaluation of the potential pro�tability from participating in

a broad array of markets, considering real operational conditions and interactions at the

highest feasible resolution, while acknowledging occasional inevitable inaccuracies.
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The results demonstrate the potential variability in e�ectiveness that the same set of tools

can exhibit under di�erent operational strategies. More complex strategies typically require

more intricate organizational, process, and IT support structures, leading to increased risks

and higher implementation costs.

The insights from these simulations can both validate the anticipated positive outcomes

of the proposed development and guide investors towards more feasible strategies (such

as enhancing IT support, choosing suitable markets, adjusting portfolio composition, or

involving a partner) before signi�cant expenditures are incurred.
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CHAPTER 5

Quantifying the power flexibility of a household with

residential solar panels and energy storage

Flexibility is the modi�cation of generation injection and/or consumption patterns in reac-

tion to an external signal (price signal or activation) in order to provide a service within

the energy system [26, 58]. It is the active management of an asset that can impact system

balance or grid power �ows on a short-term basis. The proper management of available

�exibility, both on generation and the demand-side, can help to compensate for the lack

of certainty of renewable sources. As variable renewable energy sources constitute a larger

fraction of electricity supply, interest in �exible resources, including demand response, dis-

patchable generation, transmission interconnection, and storage technologies, is growing

[60]. In the near future, demand-side �exibility would be required for managing power

grids. Bu�ered heat pumps (HPs) are examples of domestic hot water (DHW) systems and

stationary batteries for �exible residential loads that can store energy from the grid and

local generators (e.g., solar panels). Both forms of stored energy (thermal or chemical) can

be used to support self-consumption.

Building energy systems will serve as one possible source of demand-side energy �exibility.

Traditionally, buildings have been consumers of energy, but they are responsible for a large

share of energy demand and therefore may play a key role in improving the �exibility in the

demand-side of the entire energy system.

The size of a residential household does not reach the volume to be able to bid on energy

markets independently, so prosumers may share their �exibility with a pool. The �exibility

pool is managed by an aggregator [64], which can be a DSO, a TSO, or an independent

intermediary entity. Whatever market design is implemented, the prosumer receives a pre-

mium as compensation for the provided �exibility from the aggregator [51]. The results of

[54] showed that the aggregator is able to �nd a match between the �exibility provisioned

and the �exibility procured by the DSO. The aggregator reduces the remuneration costs

paid to users for the �exibility at the same time. The aggregator bids on energy markets ag-

gregating prosumers' �exibility, so it needs to have information about the �exibility volume

of the pool. Either the prosumer provides a bid or the aggregator bears the risk; therefore,

the amount of �exibility must therefore be quanti�ed, and a function has to exist to predict

the available �exibility.

In this chapter a model-based approach is applied to simulate the energy processes of

a residential building, in which the electrical devices were modeled and power consump-
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tion/generation was calculated for each device, so that the consumption/generation mod-

i�cation opportunities could be de�ned as the prosumer's �exibility. By con�guring the

external parameters of the model, the energy consumption of the house and the available

�exibility could be simulated for di�erent scenarios. A supervised prediction could be built

on it, in which the simulation produced �exibility as a dependent variable. The prosumer

model could be scaled to a pool of prosumers that could provide �exibility inputs for an

aggregator function.

The contribution can be summarized in three main points. First, a thermodynamic model of

a typical residential building energy system is developed based on �rst engineering principles.

The simulation model was implemented in the MATLAB Simulink environment. Second,

the thermodynamic model was integrated with the electrical consumption and generation

assets of the house, and a calculation scheme was developed for determining the �exibility

capability of the house. Finally, a linear and a non-linear prediction method was developed

and implemented in Python environment to provide a 15-minute forecast of the prosumer

�exibility.

The chapter is organized as follows. Section 5.1 provides a review of the most relevant

literature. Modeling assumptions and the structure of the proposed residential prosumer

model are detailed in Section 5.2, and based on it, a simulation-based case study is presented

in Section 5.3. This is followed by Section 5.4, which summarizes and concludes the chapter.

5.1. Related work

In the example of [102], extrapolating the Belgian national level implied that domestic

�exibility could equal 1.8% (upward) and 12.1% (downward) of installed generation capacity.

The results presented by the authors of [24] forecast that the household sector will be able

to contribute signi�cantly to the distribution system stabilization with an average potential

of 30GW downwards and 3GW upwards �exibility in the year 2025. This paper analyzed

the potential that is made possible by technology for the provision of system services by

households. Single-family and twin homes were the main focus, since those are the types

of households in which all system components are available. The Electric Power Research

Institute (EPRI) estimated a technical potential summer peak reduction of 175GW from

demand response by 2030 in the USA [52]. The Clean Energy for All Europeans Package

(CEP) [90] empowers prosumers in the EU to o�er their �exibility. The volume necessary

for energy markets requires a large number of prosumers to participate in energy services.

Energy companies require digitalization and the utilization of advanced technologies [10], as

well as market models [9] to involve prosumers in the electricity markets. Using blockchain

technology can simplify the management of microgrid power transactions and realize peer-

to-peer power transactions [96].
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The technical potential of demand modi�cation pro�les was presented for di�erent regions in

the USA in [52]. There are six di�erent load curves of the demands of residential users [83],

for which the demand-side management (DSM) techniques are the following: peak clipping,

valley �lling, load shifting, load reduction, load growth, and �exible load shape. The �exible

load shape technique was assumed in this paper.

Paper [5] proposed an energy storage system as a possible �exibility resource and its potential

role in the future smart grid network. The potential bene�ts of energy storage as the

�exibility resource can facilitate increased participation of storage in di�erent electricity

markets and improve the �exibility of smart grid operation with a high penetration of

renewable energy sources. Paper [85] analyzed the potential of grid �exibility supply by

combined heat and power systems installed at business facilities. Simulations were performed

for a representative day in each season and four types of facilities. Prosumer systems can

operate both an autonomous (o�-grid) and grid-connected (on-grid) systems. While the

energy generated in autonomous systems is consumed by the system's own consumption

devices, the energy produced in grid-connected systems can be consumed by the system

internally, or if there is energy surplus, it can supply the grid [7].

The �exibility of industrial prosumers is a widely researched area with several outstanding

results and papers [39, 43]; however, with the advent of the smart grid, this is increasingly

complemented by the �exibility of residential actors. Residential prosumers form a promising

source of �exibility due to their distributed location and substantial share of the electricity

market. Home energy management systems (HEMS) can reduce electricity consumption by

scheduling electrical appliances [82]. There are several control strategies and methods for

HEM: AI-based control (predictive control, optimization control), linear online control, and

storage systems.

Quantifying �exibility is challenging due to its complex electrothermal dynamics and time

delay e�ects in general. Methodologies to quantify the energy �exibility of buildings are

a�ected by the de�nition of �exibility followed by the respective research. A summary

of quanti�cation methods for the energy �exibility of buildings was provided by [55], in

which the characterization of energy �exibility was a demand increase/generation decrease

as negative �exibility and a demand decrease/generation increase as positive �exibility. The

methodology proposed by [66] considers the �exibility of a speci�c system as the ability

to shift the consumption of a certain amount of electrical power in time. Reference [19]

de�ned �exibility as the possibility to change the electricity consumption of a building

from the reference scenario at a speci�c point in time and during a certain time span.

The quanti�cation of �exibility from a district heating system point of view was given in

[94]. The district heating system was �rstly decomposed into multiple parallel subsystems
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with simpler topological structures. The maximum �exibility of each subsystem was then

formulated as a delayed optimal control problem, and �nally, the available �exibility from

the original system was estimated by aggregating the �exibility of all subsystems.

In [56], household devices were categorized as shifted, but not varied, shifted and varied,

and not shifted, but varied. The simulation results showed that the �exibility of houses

under testing had maximum power values of 200�500 W. The authors of [77] described

the customer-side time �exibility with respect to white goods (washing machine, dryer,

dish washer) with two parameters: con�guration time and deadline. The paper modeled

customer �exibility behavior with �nite mixture models.

5.2. System model

To study demand �exibility, I assumed a residential building located in Hungary. The

building is equipped with an electric heating system, a separate water heater, a home energy

storage system, and rooftop PV panels (see Figure 5.1).

Figure 5.1: High-level model of the system. Line segments without arrow heads represent
bidirectional power �ow.

The prosumer model consists of energy consumers (space heater, hot water, and non-

controllable load), a producer (PV), and a battery. The house is connected to the grid

(on-grid mode), and power �ow is available in both directions. All the energy needs of the

house are supplied by the PV panels and the grid, and there is no other source of power
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(e.g., gas, central heating). Besides using energy from the grid, the PV panels and the

battery can also supply the consumers. When available, self-consumption is preferred. The

available �exibility is calculated by summing the instantaneous �exibility of all devices in

both directions over time.

A thermal model was developed for the space heating and hot water system. It is necessary

to ensure that consumers have access to certain appliances, as not all electrical appliances

can be controlled without inconveniencing the consumer. The �exibility of these appliances

(e.g., lights, water, kitchen devices, other household appliances) is not considered; their

consumption is referred to as non-controllable load. The energy required is supplied from the

PV system, energy storage, or the grid. A conventional greedy algorithm was implemented

to control the operation of the energy storage system when no external �exibility regulation

is applied. The objective is to minimize grid usage.

The objective of the model is to describe the dynamic behavior of the energy consumption

of a typical house with a garden. The aim of the model is not to show perfect quantitative

behavior with the real system; rather, it is expected that the essential dynamic transients

characterizing each module will be recognizably and correctly described by the model. The

key steps of the modeling procedure were performed in accordance with the methodology

outlined in [37].

There is no need for a separate �exibility control block in the case of the default operation

scenario, when no external �exibility activation occurs. All the dispatchable devices can

operate autonomously, and the greedy implementation of battery operation requires no

central control logic. Flexibility is calculated for each device, and the sum represents the

available �exibility of the house for both the up and down direction. Flexibility follows the

interpretation proposed by the authors of [55], it is assumed to be a signed value, positive

when generation can be increased or consumption can be decreased and negative in the case

when generation can be decreased or consumption can be increased.

5.2.1. Hot Water

Hot water is supplied by an electric water tank (DHW tank) containing mw kilograms of

water. A setpoint (T sp
w ) speci�es the maximum temperature of the water, and a thermostat

controls the heating cycles. The thermostat switches the heater o� at the setpoint and turns

it on (Equation (5.2)) when the temperature drops below the setpoint by a threshold value

(T th
w ). When the heater is on, a heating wire warms up the water by ηw e�ciently consuming

a constant level of power (Pw).

A water tank model calculates the water temperature dynamics (Equation (5.1)). The water

temperature change (dTw(t)
dt ) has three main inputs: heat provided by the heater (dQ

g
w(t)
dt ),
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hot water consumption (dQ
c
w(t)
dt ), and heat losses (dQ

hl
w (t)
dt ). When hot water is consumed,

the same amount of cold water (dm
c
w(t)
dt ) �lls the tank. The in�ow water temperature is

the same as the outside temperature (T out
a (t)); thus, consumption cools the tank. The

heat out�ow is proportional to the temperature di�erence between the cold and the tank

water (Tw(t)). Heat loss is calculated considering a heat loss parameter (hlw) [18] and the

di�erence between water and room temperature (T in
a ). The room temperature is an output

signal of the heating subsystem.

The energy balance of the hot water subsystem is expressed by the following equations:

Consw(t) = Pmax
w ·Regw(t)

dQg
w(t)

dt
= Consw(t) · ηw

dQc
w(t)

dt
= (Tw(t)− T out

a (t)) · dm
c
w(t)

dt
· Cw (5.1)

dQhl
w (t)

dt
= (Tw(t)− T in

a ) ·mw · hlw
dTw(t)

dt
=

(
dQg

w(t)

dt
− dQc

w(t)

dt
− dQhl

w (t)

dt

)
1

mw · Cw
,

where Consw(t) stands for the actual water consumption of the house.

Regw(t) =

1 , when the water heater is on,

0 , when the water heater is o�.
(5.2)

Power is a signed value. Pw(t) is negative (consumption) when the heater is on (Regw(t)):

Pw(t) = −Consw(t). (5.3)

The calculated �exibility can be de�ned for both the up and down direction between current

power consumption and the maximum power capacity (down) or 0 (up) using (Equation

(5.4)) below.

F up
w (t) = Consw(t) (5.4)

F down
w (t) = Consw(t)− Pmax

w
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The parameters of the DHW tank and the consumption of hot water are presented in Ta-

ble 5.1.

Table 5.1: Exogenous parameters of hot water dynamics

Parameter Description Unit

mw mass of water in the tank kg
Tw(0) initial water temperature ◦C
T sp
w water temperature setpoint ◦C

T th
w water temperature threshold ◦C

dmc
w(t)/dt water consumption kg/s
Cw heat capacity of water J/(kg·K)
ηw e�ciency of the water heater -

Pmax
w power capacity of the water heater W
hlw heat loss rate W/(kg · K)

T in
a (0) initial indoor air temperature ◦C

T out
a (t) outdoor temperature ◦C

5.2.2. Heating

The thermal model of a house calculates the power consumption of the heating system that

keeps the indoor temperature around a de�ned setpoint. The heating system is equipped

with a thermostat and an electric heater. Similar to the water heater, the thermostat

switches the heater on and o� (Equation (5.9)) when the temperature drops below and

above the setpoint (T sp
a ) by a prede�ned threshold (T th

a ). An air-to-air heat pump supplies

warm air for the house, operating at an average COP ratio (cop).

Total thermal resistance (Rtot) is calculated from the geometry and the material properties

of the house (Equation (5.5)). The walls of the house are made of bricks, and Expanded

Polystyrene (EPS) insulation is used on the walls and the slab.

Awd = nwd · hwd · wwd

Awl = 2 · lwl · hwl + 2 · wwl · hwl −Awd (5.5)

Asl = wwl · lwl

A = Awd +Awl +Asl

The thermal resistance of thermally homogeneous components is calculated using (Equa-
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tion (5.6)).

Rwd = 1/Uwd

Rwl = dbrwl/λ
br + dinswl /λ

ins (5.6)

Rsl = dinssl /λins

The total thermal resistance (Rtot) is determined by assuming one-dimensional heat �ow

perpendicular to the walls. It is given (Equation (5.7)) by the method in the ISO 6946/2007

standard [42].

Rtot =
A

Awl/Rwl +Awd/Rwd +Asl/Rsl
(5.7)

A thermal model calculates the indoor air temperature dynamics of the house. Its two

main inputs are the heat provided by the heating system and heat losses. Contrary to

the water heater, heat gain (dQ
g
h(t)
dt ) is not persistent, but proportional to the temperature

di�erence between the room (T in
a ) and the constant heated air temperature (Th). Heat

loss (dQ
hl
h (t)
dt ) is proportional to the temperature di�erence between the room and outdoor

temperature (T out
a ). The indoor temperature time derivative (dT

in
a (t)
dt ) is expressed by the

following equations:

dQg
h(t)

dt
= min

(
(Th − T in

a (t))
dma(t)

dt
Ca, P

max
h cop

)
Regh(t)

dQhl
h (t)

dt
=
(
T in
a (t)− T out

a (t)
) 1

Rtot
A (5.8)

dT in
a (t)

dt
=

(
dQg

h(t)

dt
− dQhl

h (t)

dt

)
1

(lH · wH · hH) · ρa · Ca

Regh(t) =

1 , when the heater is on,

0 , when the heater is o�.
(5.9)

Consh(t) denotes a theoretical power consumption that is necessary to warm the indoor air
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up to the constant heated air temperature.

Consh(t) = min

(
(Th − T in

a (t))dma(t)
dt Ca

cop
, Pmax

h

)
(5.10)

Power is a signed value. Ph(t) is negative (consumption) when the heater is on:

Ph(t) = −Consh(t) ·Regh(t). (5.11)

The available �exibility quantity from the heating system is calculated for both directions

(Equation (5.12)). When the heater is on, its power consumption can be decreased, and the

maximum upward �exibility is the di�erence between instantaneous power and zero. When

it is o�, downward regulation is available by turning the heater on.

F up
h (t) = Consh(t) ·Regh(t) (5.12)

F down
h (t) = −Consh(t) · (1−Regh(t))
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Table 5.2: Parameters of the heating system

Parameter Description Unit

lwl length of the house m
wwl width of the house m
hwl height of the house m
nwd number of windows -
wwd width of a window m
hwd height of a window m
λbr thermal conductivity of brick W/(m·K)
λins thermal conductivity of EPS insulation W/(m·K)
dbrwl brick thickness m
dinswl insulation thickness of the walls m
dinssl insulation thickness of the slab m
Uwd heat transfer coe�cient of the windows W/(m2·K)

T in
a (0) initial indoor air temperature ◦C

T out
a (t) outdoor temperature ◦C
T sp
a air temperature setpoint ◦C

T th
a air temperature threshold ◦C
Th temperature of air exiting the heater ◦C

dma(t)/dt air �ow rate of the heater kg/s
Ca heat capacity of air (273 K) J/(kg·K)
ρa density of air at sea level kg/m3

Pmax
h maximum power capacity of the heater W
cop heating system's coe�cient of performance -

5.2.3. Storage

Storage provides the �exibility of shifting energy over time. A conventional greedy algorithm

was implemented to control the storage operation when no external �exibility regulation was

applied [51] in order to prefer self-consumption and reduce feed-in power. If there is a higher

consumption by the household than generation by the PV, the storage is discharged until

a minimum charge level. When generation surplus occurs, the storage is charged until it is

full.

The storage model (Equations (5.13)�(5.16)) processes the power requirement (Regb(t)),

determines the default storage operation (charge: Consposb (t) or discharge: Consnegb (t)),

and calculates current state-of-charge (SoCb(t)) taking into consideration the power limits

(Pmax
b ), capacity limits (SoCmin

b , SoCmax
b ), and e�ciency ratio (ηb).

Regb(t) = Pw(t) + Ph(t) + Pl(t) + Ppv(t) (5.13)
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Consposb (t) =

min(max(0, Regb(t)), P
max
b ), when SoCb(t) < SoCmax

b ,

0, otherwise
(5.14)

Consnegb (t) =

max(min(0, Regb(t)),−Pmax
b ), SoCb(t) > SoCmin

b ,

0, otherwise
(5.15)

dSoCb(t)

dt
=

Consposb (t)·ηb + Consnegb (t)·(2− ηb)

Capb
(5.16)

The battery's contribution to the net power balance of the house (Pbattery(t)) has the opposite

sign of battery consumption.

Pb(t) = −Consposb (t)− Consnegb (t) (5.17)

Given the maximum charge (Pmax
b ) and discharge (Pmin

b ) power of the energy storage and

the instantaneous power output, both up and down regulation capacity can be calculated

(F up
b (t), F down

b (t)) when the state-of-charge is between the charge limits.

F up
b (t) = Pmax

b − Pb(t) (5.18)

F down
b (t) = −Pmax

b − Pb(t)
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Table 5.3: Storage parameters

Parameter Description Unit

SoCb(0) battery initial state-of-charge %
SoCmin

b battery minimum state-of-charge %
SoCmax

b battery maximum state-of-charge %
Pmax
b maximum power of the battery W

Capb capacity of the battery Wh
ηb e�ciency of the battery -

Ppv(t) power generation of the PV panels W
Pl(t) power consumption of the non-controllable load W

5.2.4. non-controllable Load

The consumption of the household is made up of controllable and non-controllable loads.

While the controllable load was presented in the previous sections, measured data is used

for the non-controllable load time series (Pl(t)). No �exibility is available for the non-

controllable load.

5.2.5. PV Generation

PV generation (Ppv(t)) depends only on solar radiation. When no �exibility control is

applied, it is assumed that the panels always generates the maximum power, and no upward

regulation is available. The PV can o�er downward �exibility (F down
pv (t)) between 0 and its

current generation.

F down
pv (t) = −Ppv(t) (5.19)

5.2.6. Power Balance and Total Flexibility

The power balance of the house (P (t)) is calculated by summarizing the signed values of

each component.

P (t) = Pw(t) + Ph(t) + Pb(t) + Pl(t) + Ppv(t) (5.20)

The total �exibility is calculated separately for the up (F up(t)) and down (F down(t)) direc-
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tion:

F up(t) = F up
w (t) + F up

h (t) + F up
b (t),

F down(t) = F down
w (t) + F down

h (t) + F down
b (t) + F down

pv (t). (5.21)

5.2.7. Model Veri�cation

The simulation parameters were con�gured taking the geometry and materials used in the

well-insulated, single-story residential house built in 2015 in Hungary. The building has a

ground �oor area of 172 m2, made of insulated brick (38 + 15 cm). The ceiling has a concrete

structure with 30 cm of insulation. The windows have three-pane thermal insulated glazing.

The parameters and calculated variables were compared to the values of the single-family

house involved in the IEA EBC Annex 58 project [45]. The referenced building area is

100 m2; its brick walls are insulated, and double-pane windows were built in. The benchmark

building has slightly worse U-values [74], but the total conductance is lower, because of the

di�erence in size. Interior walls were also considered in the thermodynamic calculations.

The comparisons of the heat transfer coe�cients are given in Table 5.4.

Table 5.4: Calculated heat transfer coe�cients.

Component Building in the Building in the Unit of Measure

Present Study IEA EBC Annex 58 Project

External walls 0.16 0.2 W/(m2·K)
Windows 0.9 1.12 W/(m2·K)
Slab 0.12 0.17 W/(m2·K)

Total envelope conductance 57 36.6 W/K

The model was tested with manual inputs. Figure 5.2 shows the model response for an

arbitrarily chosen input set. In the beginning, there is no consumption. PV generation

ramps up to 4 kW. It charges the battery and supplies the load between one and two.

The power balance of the house remains zero until the battery is full. At Hour 5, the

outdoor temperature drops to −2 ◦C from 24 ◦C, making the space heater turn on after 40

min. Between Hours 6 and 8, 6 l/min hot water is also used. The battery supplies the non-

controllable load and the consumption of both heaters until the state-of-charge (SoC) reaches

its minimum level. The building is fed from the grid after Hour 8. It can be concluded that

the proposed simulation model corresponded to the engineering expectations.
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Figure 5.2: Power of the devices for the veri�cation inputs.

5.3. Results

The energy model of the house in Section 5.2 has been implemented in MATLAB Simulink.

It calculates the total energy consumption/generation and the available �exibility that it

could provide. Four simulations were performed to analyze the �exibility under di�erent

weather conditions and patterns for a 24-hour period.

5.3.1. Scenarios

The scenarios di�ers in the PV generation and outer temperature time series data, and it

is assumed that the non-controllable load and water consumption patterns are the same in

each scenario. Please refer to Table A.2 to review additional parameter values.

Figure 5.3 shows the di�erence between the solar generation pro�le for the di�erent scenarios.

The 1-minute measurements from a 400 kVA PV park were collected and normalized by the

peak power capacity. The relative production of each scenario was multiplied by the capacity

of the modeled rooftop panels to obtain the PV generation time series (Ppv(t)).
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Figure 5.3: PV generation pro�les for the four scenarios. The higher generation at 8 a.m. on
a cloudy summer day (red line) compared to a sunny summer day (orange, dashed) comes
from the e�ciency increase caused by the cooling (a possible cloud passing by) at 7 a.m.

Figure 5.4 shows the environmental temperature (Tout) for the di�erent scenarios. Temper-

ature data were collected from the PV site (T outdoor
air (t)).
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Figure 5.4: Outer temperature pro�les for the four scenarios.

The Almanac of Minutely Power dataset (AMPds) [57] contains electricity, water, and nat-

ural gas measurements at one minute intervals for two years of monitoring. There is a total

of twenty-one power meters and two water meters installed in a residential house similar to

the one analyzed in this study. The 21 electronic submeters are assigned to groups: con-

trollable and non-controllable devices. The controllable devices include the HVAC (heating,

ventilating, and air conditioning), heat pump, and hot water heater. The non-controllable

group encompasses the bedroom, basement, dining room plugs and lights, clothes washer

and dryer, dishwasher, kitchen refrigerator and oven, garage, home o�ce, entertainment,

utility room, and outside plugs. All non-controllable measurements are added, and a typical

1-day time series is created by calculating the average value of the same minute for each day

of the two-year monitoring period. Figure 5.5 shows the non-controllable consumption for

all the scenarios (Pload(t)).
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Figure 5.5: Non-controllable electrical load for the four di�erent scenarios.

Hot water consumption (Figure 5.6) is calculated by the same method as the non-controllable

load. The Almanac of Minutely Power dataset was the source of the 1-minute consumption

data. The mean value was calculated for every minute of the day to generate a 1-day normal

water consumption (dm
cons
water(t)/dt).
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Figure 5.6: Hot water consumption for the four di�erent scenarios.

5.3.2. Simulation Results

Winter�Sunny Day

Figure 5.7 shows the power consumption and generation of the simulated devices. Supply

from the grid and PV generation is the primary sources of energy. Net power is the balance

of the house; it is the volume of power consumption from or fed to the grid. When the

PV generates su�cient power to feed all consumption units, the energy surplus charges the

battery. The greedy battery control method discharges the storage when the PV is low.

After 8 p.m., the house is supplied from the grid again, after the battery becomes empty.

The band of �exibility is not symmetric: although the house is a prosumer, generation and

storage capacity is limited, and consumption is intermittent. There are more occasions when

a consumption device could be turned on than o�, so the downward �exibility is higher. PV

generation increases the upward �exibility by charging the battery: the battery consumption

can always be switched to production.
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Figure 5.7: Power consumption/generation of devices for the winter sunny day scenario.

The upward and downward �exibility capabilities of each device are added, resulting in the

building's maximum �exible power (Figure 5.8).
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Figure 5.8: Available upward and downward �exibility for the winter sunny day scenario.
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Winter�Cloudy

Figure 5.9 shows the power consumption and generation of the simulated devices. On a

cloudy winter day, the e�ect of self-generation is limited, and upward �exibility is con�ned

to the short periods when consumption devices operate or the PV is able to supply the house

and charge the battery. The downward direction is not a�ected.
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Figure 5.9: Power consumption/generation of devices for the winter cloudy day scenario.

The upward and downward �exibility capabilities of each device are added, resulting in the

building's maximum �exible power (Figure 5.10).
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Figure 5.10: Available upward and downward �exibility for the winter cloudy day scenario.

Summer�Sunny

Figure 5.11 shows the power consumption and generation of the simulated devices. On a

sunny summer day, the PV generation has a major e�ect: together with the storage, self-

production is su�cient to supply the instantaneous power consumption of the house. After

noon, the generation surplus is fed back to the grid.
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Figure 5.11: Power consumption/generation of devices for the summer sunny day scenario.

The upward and downward �exibility capabilities of each device are added, resulting in the

building's maximum �exible power (Figure 5.12).

Summer�Cloudy

Figure 5.13 shows the power consumption and generation of the simulated devices. A cloudy

summer day results in a more variable upward �exibility in the positive direction. The energy

of PV production is not enough to supply the house all day, but 90% of the time, so there

is no grid usage.
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Figure 5.12: Available upward and downward �exibility for the summer sunny day scenario.
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Figure 5.13: Power consumption/generation of devices for the summer cloudy day scenario.

The upward and downward �exibility capabilities of each device are added, resulting in the

building's maximum �exible power (Figure 5.14).
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Figure 5.14: Available upward and downward �exibility for the summer cloudy day scenario.

5.3.3. Prediction

The quanti�cation of the �exibility provides instant volumes of the up and down regulation

capabilities. Instantaneous values are not valuable for �exibility buyers such as system

operators or aggregators, so forecasts need to be calculated. It was not a primary objective to

study the prediction methods and evaluate the results; however, a linear (Ridge Regression)

and a non-linear forecast model (Extra Trees Regression) was built to show the short-term

prediction opportunities.

Extra Trees Regression (ETR) method was introduced in Chapter 2. This section will

commence with a brief description of ridge regression, followed by an explanation of the

metrics employed to evaluate the models. Finally, the results of the predictions will be

presented.

A linear model was �t to minimize the residual sum of squares between the observed features

and the values predicted by the linear approximation. Ridge regression was used, which

kept all predictors in the model, but performed an L2-norm regularization [80], reducing

the impact of correlated predictors. Ridge regression [59] is a regularized version of linear

regression where a regularization term is added to the cost function. This forces the learning

algorithm to not only �t the data, but also keep the model weights smaller in magnitude

[76]. The objective function of ridge regression is de�ned as follows [98]:

min
w

1

2

n∑
i=1

||wTxi − yi||22 + λ||w||22 (5.22)

In the formula, upper case denotes a matrix, lower case denotes a vector. xi is the feature
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vector of the i-th sample and yi is the independent variable's true value. λ is a regularization

parameter. Weight vector w is calculated by taking the derivative of Equation (5.22) and

setting it to zero.

w = (XXT + λI)−1XyT (5.23)

A 15-minute interval is the typical market time unit for settlement in the energy sector in

Europe. The calculation of a 15-minute forecast of upward �exibility assumes that it has

a linear relationship between upward �exibility (yi) and the predictor variables (xi). PV

generation, heating system/water heater consumption, power, and the state-of-charge of the

battery were selected as the explanatory variables. There is no prediction of the features,

so 15-minute lags are applied to construct the predictor set (Equation (5.25)). A 15-minute

average of the target variable is calculated and lagged by 15 minutes (Equation (5.24)).

Flexuprolling(i) =

∑i−900300
t=i−18001200 F

up
total(t)

900
(5.24)

xi =



Pwater(i− 900)

Pheating(i− 900)

Pbattery(i− 900)

Ppv(i− 900)

SoC(i− 900)

Flexuprolling(i)


(5.25)

Ridge regression puts constraints on the size of the coe�cients associated with each variable.

These values depend on the magnitude of each variable. If a variable is measured at a higher

scale than the other variables and not centered around zero, they do not give an equal

contribution to the analysis. Both the training and test set must be standardized based on

the mean and standard deviation learned from the training set by removing the mean and

scaling data to unit variance as follows:

z =
x− µ

σ
, (5.26)

where µ is the mean, σ is the standard deviation of x, and z is the scaled predictors.

The coe�cient of variation of the root-mean-squared error (CVRMSE) and the coe�cient
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of determination (R2 score) were used as a set of criteria to evaluate the prediction. The

CVRMSE (Equation (5.27)) measures the variability of errors between true and predicted

values. It gives an indication of the model's ability to predict the overall load shape that is

re�ected in the data [75].

CV RMSE(y, ŷ) =
1

1
n

∑n
i=1 yi

√√√√ 1

n

n∑
i=1

(yi − ŷi)2100 (5.27)

R2 ( 5.28) represents the proportion of variance that has been explained by the independent

variables in the model. It provides an indication of the goodness of �t and therefore a

measure of how well unseen samples are likely to be predicted by the model, through the

proportion of explained variance [63].

R2(y, ŷ) = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳ)2
, (5.28)

where

� n: number of samples,

� yi: true value,

� ŷi: predicted value of the i-th sample,

� ȳ = 1
n

∑n
i=1 yi.

Both predictive models were trained on the same data, i.e. one month of one-minute reso-

lution simulated results. The simulation of �exibility represents the true value of the target

variable. The 1-minute simulation of the target and the explanatory variables were resam-

pled to 15-minute and a single period forecast was made for the �exibility in up and down

direction.

The prediction results and the target value for one day are shown in Figure 5.15 and Fig-

ure 5.16, respectively. Ridge regression follows the shape of the target variable in both

upward and downward directions, but in a naive manner, it re�ects the previous period's

value in the predictions. This occurs because despite the L2 regularization, the lagged

variable of our target variable received the highest coe�cient. The linear model perceives

the autoregressive e�ect as much stronger than the explanatory power of the explanatory

variables.
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Figure 5.15: Sample from the upward �exibility prediction for a day.

In the case of ETR, it can be observed that over�tting of the target variable does not occur.

However, peaks in �exibility capability are typically underestimated in absolute value in

both directions.

Figure 5.16 illustrates a 24-hour sample of the prediction. It can be reasonably concluded

that the results are comparable to those observed in the up direction.
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Figure 5.16: Sample from the downward �exibility prediction for a day.

Table 5.5 contains the metrics for both predictions. Despite the incorrect estimates of the
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outliers, the ETR produced more accurate forecasts in both directions and by both metrics.

There is potential to improve the accuracy of the predictions by increasing the size of the

training set and by testing additional prediction algorithms.

Table 5.5: Prediction results

Metric Direction ETR Ridge

CVRMSE
Up 16% 22%
Down 8% 10%

R2

Up 0.95 0.91
Down 0.76 0.6

5.4. Conclusion

Applying measured weather and load data, the experiments were performed along four

di�erent, but typical scenarios. The results showed that the highest range of �exibility

was available in the summer time, when there was no heating and the solar generation was

maximal. It was also clear that the battery usage was higher in the summer, when the solar

generation was not being consumed instantly. It is important to note that a properly sized

air conditioner unit would balance the load between the summer and winter periods.

Demand-side �exibility can be a valuable source for system operators; however, residential

prosumers do not follow a well-de�ned schedule, so a �rm volume of available �exibility

cannot be planned, but predicted. A �exibility framework was proposed for residential

prosumers in a distributed generation setup. The residential prosumer of the case study

was parameterized so that it described a usual residential actor of the system. To quantify

building demand �exibility, the thermoelectric dynamic response of the building energy

system was modeled and implemented in MATLAB Simulink. Power consumption and

generation were modeled. Simulations were performed based on real world data, and the

�exibility potential was calculated for both up and down �exibility. The simulation of four

scenarios was executed, which covered one day in di�erent seasons. Power consumption and

generation were calculated, as well as upward and downward instantaneous �exibility.

A ridge regression and an extra trees regression-based prediction method were designed for

the purpose of calculating the short-term forecast. The simulation and prediction experi-

ments showed that the proposed methods could serve as the basis of a state estimator or

prediction unit. The accuracy of the forecast was moderate, but by assessing di�erent pre-

diction methods on the prosumer �exibility model, I could choose the right tool to improve

accuracy and con�dence of the prediction.

The aggregation of prosumers' �exibility is necessary to reach the volume that a system oper-

ator can utilize. The framework presented forms a basis to analyze the �exibility prediction
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opportunities on aggregated prosumer portfolios.
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CHAPTER 6

New scientific results

6.1. Theses

6.1.1. Thesis 1 - Short-term system imbalance forecast of the power grid using

autoregressive distributed lag method (Chapter 3)

I have conceived and constructed a data acquisition, processing, and prediction tool tailored

for the short-term forecast of system imbalance within the electrical grid. I have formulated

the forecasting problem, which aims to generate forecasts from publicly available time se-

ries data for the power system at a quarter-hourly resolution for 2 hours after the system

imbalance forecast moment. I formulated the problem in such a way that it could be han-

dled by an Autoregressive Distributed Lag (ARDL)-based method, then parameterized it,

partially modifying the basic ARDL for the prediction purpose. To evaluate the accuracy of

the estimates, I developed a custom metric (Sign Accuracy Percentage - SAP) to measure

the accuracy and usability of the results. I checked the results with 10 months of test data.

The procedure I developed and proposed is capable of performing the 1-hour forecasting

task with a conditional predictive accuracy above 88%. I compared the results with the

methods (ARIMA, LSTM, ETR) commonly used in the literature on the subject and deter-

mined that the e�cacy of the devised ARDL-based approach is found to be commensurate

with that of a signi�cantly more complex neural network and decision tree-based prediction.

I have developed a data collection framework that collects model input data in real time

and continuously performs predictions according to time dependencies, demonstrating that

the e�ciency of the method does not come from a violation of causality, the short-term

prediction method indeed only uses existing and available time stamps for prediction.

Relevant publications: [S1, S2]

6.1.2. Thesis 2 - Time series simulation of the operation and trading activity

of aggregated power generation and consumption portfolios in a multi-

market environment (Chapter 4)

I have developed a method to manage the power generation of a diverse array of assets,

including producers and consumers. The proposed method is based on a discrete-time pre-

dictive model that relies on power �ow equations of the underlying dynamical system. These

equations are formulated to incorporate the technical parameters and economic character-

istics of the assets, while adhering to the regulatory constraints and operational rules of the
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market. A key innovation of this work is the ability to optimize pro�t maximization within a

heterogeneous portfolio of assets, e�ectively navigating and leveraging the opportunities in a

multi-market energy environment. This approach also utilizes short-term system imbalance

forecasting, over a one-year simulation period, comprehensive validation demonstrates that

the imbalance predictions achieve satisfactory accuracy. The results of a scenario analysis

also showed that the portfolio achieved a surplus with the participation in the balancing

market using the model.

Relevant publications: [S3, S5]

6.1.3. Thesis 3 - Model-based quanti�cation of the power �exibility of a house-

hold with residential solar panels and energy storage (Chapter 5)

I have developed a discrete-time nonlinear thermodynamic simulation model of a modern

residential building based on �rst engineering principles. The model is equipped with solar

panels and energy storage, where individual dynamic models for consumers, producers, and

storage devices are developed to interact in response to external disturbances. A novel aspect

of this work is the integration of the thermodynamic model with the �exibility calculation of

the building's electricity consumption. I have proposed a method to calculate the �exibility

of each device, enabling the aggregation of the building's overall up and down �exibility.

Using real-time weather data and consumption patterns, I applied the thermodynamic model

in four scenarios representing real conditions to quantify �exibility potential across di�erent

time periods. Additionally, I incorporated forecasting techniques, including ridge regression

and extra trees regression, to predict short-term �exibility. The results demonstrate that the

developed model e�ectively quanti�es and forecasts the �exibility potential of the system.

Relevant publications: [S4]

6.2. Application of the results

In recent publications, the forecast of the volume of imbalances has usually been considered

as a preliminary step to the price forecast. I believe that the joint prediction of imbalance

volume and price provides market participants with the information they need to take the

most advantageous market position by trading on intraday markets or by controlling their

assets. The direction of the system imbalance is most important from a market position

perspective. However, the forecasted volume helps to judge how accurate the sign prediction

is. On the other hand, TSOs publish anonymous balancing bids in near real time, so that the

resulting price of balancing energy can be approximated from the balancing energy demand

and the merit order of the bids, based on knowing the settlement rules.

The single price model encourages the BRPs to take positions that contribute to the balance
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of the system, but this is strongly in�uenced by their position, the market opportunities and

the cost structure of their portfolio. In case of negative imbalance (shortage), the price of

balancing energy (PriceBE) is derived from the average price of upward regulation, which is

usually high above spot market prices (Intraday price: PriceID). In this case, the direction

of payment is determined by the imbalance position of the BRP, the supporting or causing

state (non-aggravating or aggravating imbalance) determines whether at this high price the

TSO pays the BRP or the BRP pays the TSO. Here the BRP should take a position above

the schedule, even by purchasing energy on the Intraday market (if PriceID < PriceBE ),

because the positive deviation from the schedule is rewarded with a high price by the single

price settlement model. In real time, the potential BRP de�cit should be reduced, since the

cost of the upward regulation is assumed to be lower than the predicted upward balancing

energy price (if SRMCUP < PriceBE). Whether it is demand generated in the ID market or

self-balancing of the portfolio, production is still being increased in processes outside the use

of balancing reserves. As a result, the system imbalance decreases, along with the balancing

energy demand and the corresponding price. In the case of a positive system imbalance

(surplus), there is not so much di�erence between the two cases of payment direction, as

the balancing energy price is derived from the negative direction regulation, which can be

positive or negative, but in any case closer to zero than the upward direction.

For a portfolio of gas engines, it is worth controlling up for negative imbalance and down

for positive imbalance if its short-run marginal cost is between the negative and positive

balancing energy prices. A solar portfolio with a short run marginal cost around 0 should

not be controlled downward in any case in case of positive system imbalance. When there is

a surplus in the system, PVs may be controlled downward only if the downward balancing

energy price is negative. Thus, for a given BRP position, the prediction of the imbalance di-

rection is of great importance, because the positive and negative direction require completely

di�erent reactions.

A necessary element of integrating renewable technologies and increasing the �exibility of

the electricity system is to create portfolios that together e�ectively exploit the bene�ts of

di�erent technologies and eliminate operational disadvantages. I have shown that, based on

extensive data collection and knowledge of the current state of the market and the portfolio,

it is possible to in�uence the market and control activities of a complex portfolio through

automated decision logics in a way that serves both the economic interests of the BRP and

the interests of the system.

The initial development of data collection and control functions for large central power

plants was driven by the need to optimize the generation side with a limited number of

plants. However, the decentralization trend has rendered this approach inadequate in the
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context of the present distributed energy system. The involvement of end-consumers is

essential to resolve local grid issues. However, the emergence of a small players represents a

signi�cant challenge for market players. My work demonstrates the intervals within which

the time-series energy balance of a modern residential building can be in�uenced and the

constraints under which it can be predicted.

6.3. Future research directions

Future work regarding system imbalance forecast should focus on further re�ning the ARDL

model by incorporating additional predictors and exploring advanced ensemble techniques

to improve both accuracy and reliability under varying system conditions. Additionally,

extending the evaluation to include more diverse datasets and operational scenarios will

help generalize the model's applicability and robustness across di�erent grid environments.

This research provides a solid foundation for advancing forecasting methodologies in power

system operations, contributing signi�cantly to the �eld's knowledge and practice.

In the area of complex portfolios, the addition of the tools presented in my work with

residential households and the management of the uncertainties arising from their control

can signi�cantly increase the economic performance of the portfolio and leads to a di�cult

optimization problem. It is necessary to generalize the method to a higher number of

households, for example a local transformer area, in order to give an estimate of the �exibility

of a group of prosumers. Another step in the development of the proposed method is to use

novel prediction methods from the �eld of data science to enhance the short-term prediction

performance for �exibility. In the market dimension, the inclusion of instantaneous price

information can further increase the complexity of the model.
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APPENDIX

A.1. Abbreviations

Table A.1 contains the abbreviations used in the document.

Table A.1: Abbreviations.

Abbreviation Meaning

ACE Area Control Error

ACF Autocorrelation Function

ADF Augmented Dickey-Fuller test

aFRR Automatic Frequency Restoration Reserve

AGC Automatic Generation Control

AI Arti�cial Intelligence

AMPds Almanac of Minutely Power Dataset

ARDL Autoregressive Distributed Lag

ARIMA Autoregressive Integrated Moving Average

ARIMAX (AutoRegressive Integrated Moving Average with eXogenous inputs

BLSTM Bidirectional Long Short-Term Memory

BRP Balance Responsible Party

CAPEX Capital Expenditure

CEP Clean Energy for All Europeans Package

COP Coe�cient of performance

CVRMSE Coe�cient of variation of the root-mean-squared error

DAM Day-Ahead Market

DER Distributed Energy Resources

DR Demand Response

DG Distributed Generation

DSM Demand-side Management

DSO Distribution System Pperator

DHW Domestic Hot Water

EB Regulation Guideline on Electricity Balancing

EMS Energy Management System

EPS Expanded Polystyrene

ETR Extra Trees Regression

FCR Frequency Containment Reserve
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Abbreviation Meaning

FRCE Frequency Restoration Control Error

FRR Frequency Restoration Reserve

GAMLSS Generalized Additive Models for Location, Scale and Shape

HEM Home Energy Management

HEMS Home Energy Management System

HP Heat Pump

HUPX Hungarian Power Exchange

HVAC Heating, ventilating, and air conditioning

IDM / ID market Intraday Market

IID identically distributed

IT system Information Technology System

LSTM Long Short-Term Memory

MAE Mean Average Error

mFRR Manual Frequency Restoration Reserve

OLS Ordinary Least Squares

OPEX Operational Expenditure

PACF Partial Autocorrelation Function

PV Photovoltaic

PX Power Exchange

RMSE Root Mean Squared Error

RNN Recurrent Neural Network

SAP Sign Accuracy Percentage

SoC State-of-charge

SCADA Supervisory Control and Data Acquisition

TSO Transmission system operator

VPP Virtual Power Plant

A.2. Residential house parameters

The simulation parameters in Chapter 5 are taken from the energy audit of a residential

building located in Hungary. Together with the house geometry, they are referred to as the

�house parameters�, which are detailed in A.2.
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Table A.2: Simulation parameters.

Parameter Value Unit of Measure Source

lH 22 m House parameter
wH 10 m House parameter
hH 3 m House parameter
nW 7 m House parameter
wW 1 m House parameter
hW 1.6 m House parameter

λBrick 0.179 W/(m·K) House parameter
λEPS 0.035 W/(m·K) House parameter
dBrick 0.38 m House parameter
dInsW 0.15 m House parameter
dInsS 0.3 m House parameter

UWindows 0.9 W/(m2*K) House parameter
mwater 120 kg Determined by the authors
Twater(0) 55 ◦C Determined by the authors
T sp
water 65 ◦C Determined by the authors

T th
water 15 ◦C Determined by the authors

Cwater 4181 J/(kg·K) Physical constant
ηwater 0.9 - Determined by the authors
Pmax
water 2300 W Determined by the authors

hlwater 0.0069 W/(kg·K) Derived from the results of [18]
T indoor
air (0) 24 ◦C Determined by the authors
T sp
air 22 ◦C Determined by the authors

T th
air 3 ◦C Determined by the authors

Theating 50 ◦C Determined by the authors
dmair(t)/dt Constant 0.2 kg/s Determined by the authors

Cair 1005.4 J/(kg·K) Physical constant
ρair 1.225 kg/m3 Physical constant

Pmax
heating 10,000 W Determined by the authors

copheating 3.6 - Determined by the authors
SoC(0) 15 % Determined by the authors
MinSoC 15 % Determined by the authors
MaxSoC 85 % Determined by the authors
Pmax
battery 4000 W Determined by the authors
Capb 11000 Wh Determined by the authors
ηbattery 0.9 - Determined by the authors
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