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Preface

Die vergangenen Jahre waren gepragt von globalen Krisen wie der COVID-19-Pandemie und
dem russischen Angriffskrieg gegen die Ukraine. Die zunehmende Verunsicherung der
Bevolkerung spiegelt sich insbesondere im Erstarken radikaler Parteien wider. Saubere, griine
Energie ist der Schlissel, um die groBRten Herausforderungen der Menschheitsgeschichte in
den kommenden Jahren zu bewaltigen und die Auswirkungen der Klimakrise zu begrenzen.
Gleichzeitig kann eine dezentralere Energieversorgung die geopolitischen Konflikte
reduzieren, deren Kern zumeist der Kampf um fossile Ressourcen ist.

Die vorliegende Dissertation soll einen Beitrag zur Transformation hin zu einem nachhaltigen
Energiesystem leisten. Der Fokus liegt dabei auf der Schwerindustrie, in der die
Dekarbonisierung als besonders herausfordernd gilt. Dies liegt zum einen am hohen
Energieeinsatz und den hohen Prozesstemperaturen sowie am Preisdruck globaler Markte.
Am Beispiel eines bestehenden Glasswerks werden unterschiedliche Dekarbonisierungs-
optionen verglichen und bewertet. Zentrale Rolle spielen dabei der Energietrager Wasserstoff
und eine moglichst hohe Elektrifizierung der Schmelzwanne. Bestandteil der Untersuchungen
ist, wie griner Strombezug und das Ausschopfen von Flexibilitaiten mithilfe von
Batteriespeichern zu kompetitiven Kosten fiihren kénnen.

Ich mochte insbesondere Prof. Dirk Uwe Sauer danken, der es mir ermaoglicht hat, an seinem
Lehrstuhl zu forschen und mir stets das grote Vertrauen entgegengebracht hat. Zudem danke
ich Prof. von der ARen fiir die Ubernahme des Korreferats. Auf meinem Weg begleitet haben
mich unter anderem eine Vielzahl von Kolleg:innen, die mit mir an denselben Themen
geforscht und mich stets unterstlitzt haben. Insbesondere danke ich Dr. Jan Figgener,
Dr. Christian BufRar, Sebastian Zurmiihlen, Mauricio Celi Cortés, Dr. Lucas Koltermann und
allen weiteren Kolleg:innen aus der Abteilung fiir die Netzintegration von Speichersystemen
am ISEA. Auch den studentischen Hilfskrdaften und Abschlussarbeitern Joschka Krause, Laszlo
Hartung und Ole Krause mochte ich fiir die hervorragenden Vorarbeiten danken, die zum
Gelingen der Dissertation beigetragen haben.

Die Forschung in der vorliegenden Dissertation wurde zudem durch die Projekte COSiMa (FKZ
EFO 0133E) und InEEd-DC (FKZ 03SF0597) ermoglicht. Ich danke insbesondere den
Ansprechpartner:innen auf Seiten des Glasswerks sowie den Kolleg:innen der RWTH Aachen
fir ihre wertvollen Beitrage und Einblicke im Rahmen der Projekte.

Ich bin Uberzeugt, dass die Vorteile eines nachhaltigen Energiesystems erdriickend sind und
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Herzensangelegenheit, zu der ich mich auch zukiinftig verpflichtet flihle und fir die ich mich
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Abstract

Achieving climate neutrality requires decarbonisation across all sectors. While emissions from
the German electric power sector show a promising trajectory, other sectors are progressing
more slowly. This includes the industrial sector, where energy-intensive applications are
particularly challenging due to the need for high-temperature process heat. The primary
approach to decarbonising these applications is to maximise electrification where possible and
to substitute the remaining demand for fossil energy carriers with renewable hydrogen or its
derivatives. This usually comes with increased renewable power installations, including
photovoltaic and wind power, which require redesign and operational adjustments to existing
industrial energy systems. This may include battery storage systems to increase flexibility and
align with the variable nature of renewable power generation.

A challenging industrial application for decarbonisation is glassworks for automotive products.
The main challenge is to increase the furnace's electrification and replace the primary energy
carrier, natural gas, with hydrogen. One option for supplying renewable hydrogen is via
pipeline as part of the planned hydrogen core network in Germany. The basic concept for this
core network was already approved by the German Federal Network Agency in 2024, with
phased commissioning until 2032. An alternative solution that can be realised in the short
term is on-site production of green hydrogen via electrolysis. Supplying the electrolysis system
with green electricity requires power purchase agreements that comply with the high legal
requirements of the EU Renewable Energy Directive.

Finding the most cost-efficient solution for industrial sites requires a sophisticated energy
system modelling framework that can benchmark different solutions. There is a variety of
frameworks featuring multiple approaches. The majority of frameworks are designed to
model national or smaller regional grid-scale energy systems. Only a few frameworks focus on
industrial scale. Therefore, a framework is developed specifically for local industrial flexumer
applications. This includes integrating a value stacking approach for battery storage systems
to demonstrate cost-reduction potential by leveraging additional flexibility.

The developed framework is applied to a glassworks use case in Germany. The results show
that, despite a decreasing trend towards 2037, decarbonisation choices lead to higher annual
costs than rebuilding a natural gas-based furnace, by at least 18.3%. The most cost-
competitive decarbonisation is achieved through high furnace electrification, which reduces
hydrogen demand. By utilising low-cost renewable generation through power purchase
agreements and battery storage, operating an on-site electrolysis system can be a competitive
choice compared to connecting to a future hydrogen pipeline. Furthermore, in 2024,
substantial additional cost reductions of up to 30.1% can be achieved when exploiting the
flexibility of the electrolysis system and stacking multiple use cases for the battery storage
system. Although the evaluation focuses on one specific glassworks use case, the results act
as a blueprint for decarbonisation concepts for other industrial sites.
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1. Introduction

Energy systems worldwide face profound challenges as the energy transition progresses. The
acceleration of the climate crisis requires a fast transformation towards net-zero. In 2023,
global annual greenhouse gas (GHG) emissions reached a new record-high of 53 Gt of CO;
equivalents [1]. At the same time, in 2024, the global average temperature has increased by
1.6°C compared to pre-industrial levels, exceeding the 1.5°C target of the Paris
Agreement [2]. The increased anthropogenic warming of the atmosphere is causing extreme
weather events to occur more frequently [2] threatening the living conditions of humans
worldwide. At the same time, increasing geopolitical tensions pose a challenge to energy
security. With the ongoing invasion of Ukraine by Russia since February 24, 2022, the supply
of natural gas (NG) to especially Europe abruptly decreased, which led to disruptions in the
global energy markets [3].

The acceleration of the climate crisis and the rise in geopolitical conflicts demand a faster
transition to sustainable energy sources. Achieving climate neutrality requires
decarbonisation across all sectors. While emissions for the electric power sector in Germany
show a promising trajectory substantially below the political targets, other sectors show
slower progress [4, 5]. This includes the industrial sector, which is particularly challenging
when it comes to energy-intensive applications that require high-temperature process heat
and large amounts of energy at a global competitive price [4, 6]. For most of these industries,
today, the largest share of energy comes from fossil fuels [5]. The primary and most efficient
solution to decarbonise heavy industry applications is to aim for higher rates of electrification
[5—7], when technically possible, in combination with the utilisation of green electricity. Higher
electrification is enabled by the coupling of energy sectors, including electricity, heat, and gas
[7]. Moreover, switching to green electricity provides the chance for a low-cost energy supply.
The levelised costs of energy (LCOEs) for photovoltaics (PV) and wind power plants (WPP) in
Germany have substantially reduced over the last decade and reach levels as low as
4.1 EURCct2024/kWh and 4.3 EURct2024/kWh (2024), respectively [8]. For many industrial sites,
on-site renewable installations can be a quick and simple way to generate their own green
electricity and transition from consumers to prosumers. However, space requirements,
among others, can potentially be a limiting factor that demands additional renewable external
generation. A prominent form of contracting renewable electricity is via power purchase
agreements (PPAs), which show increasing volumes in Germany [9, 10].

Another important step towards climate neutrality for the industry sector is to exploit possible
flexibility. This may include battery storage systems that balance the variable nature of
renewable power generation and provide additional flexibility-related services, thereby
enhancing revenue potential. The market for industrial and large-scale storage systems in
Germany is continuously growing, with a cumulated installed capacity of almost 3 GWh at the
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beginning of 2025 [11]. Currently, battery storage systems in the industrial sector are mainly
used for behind-the-meter (BTM) services, e.g. peak-shaving (PS) and self-consumption
increase (SCI) [12, 13]. New concepts, as shown by Englberger, aim at combining them with
front-of-the-meter (FTM) services [14]. Industrial prosumers that exploit these additional
flexibilities are referred to as flexumers [15].

A challenging industrial application for decarbonisation is glassworks for automotive products.
Typical glass furnaces for this application have comparatively long lifetimes of 20-30 years,
which requires sufficient lead-time for the transformation to net-zero [16]. A holistic life-cycle
assessment (LCA) by Jost et al. [17] compares different measures to reduce GHG emissions in
the glass industry and concludes that reductions of 75% are possible. Another study by Zier et
al. [18] shows possible decarbonisation pathways for this industry, discussing various options
for substituting fossil fuels. From the perspective of the energy supply and consumption, the
most promising concept for decarbonisation is to increase the electrification/efficiency of the
melting furnace and substitute the primary energy carrier of NG with renewable hydrogen [18,
19]. One option for supplying renewable hydrogen is via pipeline as part of the planned
German hydrogen core network. The basic concept for this core network has already been
approved by the Federal Network Agency in 2024, with phased commissioning until 2032 [20].
An alternative solution that can be realised in the short term is the on-site production of green
hydrogen through electrolysis. However, supplying the electrolysis system with green
electricity usually requires adequate contracting of PPAs to comply with the high legal
requirements of the EU Renewable Energy Directive (RED 1) [21, 22]. This particularly includes
the requirements for the geographical and temporal correlation between renewable
generation and electrolyser system consumption. Optimising PPA portfolios for industrial use
cases under consideration of mitigating financial risks can be achieved with stochastic
optimisation [23, 24]. Figure 1 presents the concept of a decarbonised industrial flexumer
applied to the glassworks use case, which serves as the foundation for the methods developed
in this thesis.

1.1. Research objective

This dissertation aims to develop an energy system modelling framework capable of
benchmarking different decarbonisation options for a glassworks use case in Herzogenrath,
Germany. Finding the most cost-efficient solution for the industrial site requires a
sophisticated energy system modelling framework. The developed model should be a realistic
technical representation of a future energy supply system for the use case, including
electricity, heating, and gas systems, as well as generation, storage, and hydrogen use. There
is a variety of different energy system modelling frameworks featuring multiple approaches
[25—28]. The majority of frameworks are designed to model national or smaller regional grid-
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Figure 1: Concept for the decarbonised energy system of an industrial flexumer with sector coupling, applied to the use case
of a glassworks. Own illustration. Abbreviations: grid connection point (GCP), power purchase agreements (PPA), frequency
containment reserve (FCR), automatic frequency restoration reserve (aFRR), intraday-continuous (IDC), day-ahead auction
(DAA).

scale energy systems. Fewer frameworks focus specifically on the industrial scale, as shown in
[15]. In this dissertation, a framework is developed specifically for local industrial flexumer
applications. The approach is based on mixed-integer linear programming (MILP) and
combines best-practice implementations from various existing frameworks. This includes a
separation into a sizing and an operation problem, and methods to improve solvability,
including time series aggregation and a rolling horizon approach [29-31]. Moreover, the
modular structure of the approach enables flexible integration of any required energy sectors,
technical components for energy conversion and storage, and regulatory constraints. This
allows the framework to be applied to a wide range of industrial energy systems.

The core element of the developed framework is a value stacking approach for industrial
battery storage. The approach enables combining behind-the-meter (BTM) and front-of-the-
meter (FTM) services. For BTM services, it considers peak shaving and increased self-
consumption from on-site renewable generation. The main application for FTM services is the
integration of PPAs, which separates the value stacking approach from most other methods
in the literature. There are only a few studies on the optimisation of PPAs with battery storage
that primarily focus on installing the battery storage at the site of the renewable asset [32]. In
addition, the model includes implementations for spot market trading and for detailed
representations of ancillary services. This includes frequency containment reserve (FCR) and
automatic frequency restoration reserve (aFRR). One major contribution of the implemented
approach is its aggregation method for accurately integrating ancillary services. These services
are based on second-to-second decisions that are converted into the 15-minute resolution of

the energy system modelling framework. Overall, the approach in this dissertation aims at
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closing the gap between stand-alone battery revenue models and state-of-the-art energy
system models. Section 3 provides the methodology for the developed industry flexumer
decarbonisation framework.

With the developed framework for industry decarbonisation, we conduct an extensive
analysis of decarbonisation options for the existing glassworks in Herzogenrath, Germany. The
site operator provides extensive measurement data to feed the energy system model. Based
on all model input parameters, we develop a scenario setup to capture the relevant
sensitivities and adequately evaluate the use case (see Section 4). The evaluation compares
different years for the transformation of the glassworks’ energy system, including 2024, 2030,
and 2037. The evaluation section is split into three major subsections. Subsection 5.1 features
a high-level analysis of decarbonisation options for the glassworks. Overall, the results show
that, despite a decreasing trend towards 2037, decarbonisation choices lead to higher annual
costs than rebuilding an NG-based furnace, by at least 18.3%. The most cost-competitive
decarbonisation is achieved through high furnace electrification. In Subsection 5.2, the most
promising setups are further evaluated in more detail. The evaluation highlights that
operating an on-site electrolysis system can be a competitive option compared to connecting
to a future hydrogen pipeline network. Finally, in Subsection 5.3, additional benefits of
leveraging flexibility potentials are analysed. The results indicate that in 2024, substantial cost
reductions of up to 30.1% can be achieved when exploiting the flexibility of the electrolysis
system and stacking multiple use cases for the industrial battery storage system. Although the
evaluation focuses on the specific glassworks use case in Herzogenrath, the results act as a
blueprint for decarbonisation concepts for other industrial sites.



2. Fundamentals

This section provides the theoretical foundation for the development of necessary models and
parameterisation of use cases in this dissertation. This includes the basics of energy system
modelling. Section 2.1 gives an overview of typical methods and compares various techniques.
A prominent characteristic of renewable energy systems is the volatile nature of generation.
Therefore, the key challenge is to balance intermittent renewable generation and demand.
One key asset that provides the necessary flexibility is energy storage, particularly battery
storage systems. Section 2.2 summarises the basics of industrial battery storage systems and
their typical applications, including self-consumption increase, peak shaving, arbitrage, and
frequency control. Moreover, to decarbonise industrial energy systems, it is essential to
consider the coupling of different end-energy sectors, including electricity, heat, and gas.
Section 2.3 gives an overview of the relevant sector-coupling technologies. Furthermore,
regulations impose many additional constraints on renewable energy systems. Therefore,
Section 2.3.3 summarises all relevant regulatory aspects for the glassworks use case of this
dissertation.

2.1. Energy system modelling

Finding solutions to decarbonise energy systems requires advanced energy system modelling
techniques. They enable sophisticated optimisation of renewable energy systems to find the
best configuration and operation. While the term framework describes a modelling toolbox
that contains the mathematical implementations and constraints, a model is the application
of a framework to a specific use case [33]. The diversity of energy system structures has led
to a wide range of approaches for different frameworks and models.

2.1.1. State-of-the-art

A large number of energy system models and frameworks exist, and multiple reviews aim to
categorise them by their features. Typically, reviews distinguish between top-down, bottom-
up, or hybrid models [25, 34]. Top-down models are often used to analyse the impact of
energy or climate policies on macroeconomic sectors and therefore feature a simpler
representation of the energy system and its components [25, 34]. On the contrary, bottom-
up models focus on the detailed modelling of technical components and the
interdependencies of energy systems, allowing for identifying the best system configuration
from a techno-economic perspective [25, 34]. Hybrid models, however, aim to combine top-
down and bottom-up approaches to leverage the advantages of both [25]. In this dissertation,
the bottom-up approach is the sole relevant approach, as the focus is on detailed modelling
of industrial energy systems and their components.
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Bottom-up models are further split into short- and long-term models, as described in detail by
Prina et al. [25] and summarised in the following. While short-term models typically feature
shorter time horizons of single target years, long-duration models consider the transition of
an energy system over several years. On the one hand, long-term models can be classified as
intertemporal models, consisting of a single optimisation problem over the full horizon. On
the other hand, another approach for long-term models is the myopic approach, in which the
horizon is divided into sub-problems and results are recursively transferred from one to the
next. Moreover, considering a longer temporal horizon enables the formulation of additional
constraints, such as the (de-)commissioning of components or life-cycle considerations. [25]
Apart from the top-level overview of energy system models, we identify five main categories
in the literature (see Table 1) to achieve a finer granularity of categorisation based on [25, 27,
28]. While all models feature a high temporal resolution, spatial resolution and modelling
detail vary substantially between models, and no model achieves the highest rating for all
categories [25]. This highlights that there is no one-size-fits-all model that can solve all
problems, as the complexity of energy systems requires models to focus on very specific
research questions and sub-problems.

Table 1: Categorisation of energy system models and frameworks based on [25, 27, 28], with own adaptations to improve
consistency.

Sectors

Optimisation techniques

Solution objective

Temporal scope

Geographical scope

Structural approach
e Component-based
e Rule-based
e Agent-based

Mathematical approach

Overall classification
e Optimisation
e Forecasting

e Backcasting

Specific objectives

Time resolution
e Seconds
e 15 minutes

e Hourly

Time horizon

Model structure
e Single-node
e Multi-node

Geographical region

End-use sectors

o Electricity

e Building

e Transport

o District heating

e Industry

e Linear programming (LP) e Simulation o Typical days/weeks | Single (industrial) plant

e Mixed-integer LP (MILP) o Dispatch optimisation/ ® One year e Local energy system Commodities:

e Non-linear Unit commitment e Multi years ¢ National energy o Electricity
(e.g., quadratic) o Single-objective (pathway) system e Heat

e Dynamic investment optimisation e Multi-national energy e Cooling

o Stochastic/robust e Multi-objective system e Gas

e Heuristic investment optimisation e Continental energy e Hydrogen

o Artificial intelligence system e Liquid fuels

Modelling language

e Python

e GAMS (The General
Algebraic Modelling

Language)

Optimisation techniques: Formulating optimisation problems requires a set of optimisation
variables, equality and inequality constraints, and one or multiple objectives [35]. The
objective defines the problem and is formulated as a mathematical function (the objective
function) that can be minimised or maximised. There are many available numerical
optimisation techniques to set up and solve an energy system simulation or optimisation
model [25, 36]. A very common technique is linear programming (LP) [36, 37]. In this case, the

6



2.1 Energy system modelling

objective function and all constraints for relationships between energy flows and component
behaviour are linear. To add more flexibility to the optimisation problem, mixed-integer linear
programming (MILP) [37] introduces the possibility of binary decision variables that enable a
higher modelling detail, for instance, for component behaviour by piecewise linearisation of
efficiencies or switching components on and off [38]. One benefit of MILP-based models is
that when the solver used finds a solution, it is always guaranteed to be the global optimum
[39]. Moreover, fast commercial solvers for LP and MILP are widely available [39]. In contrast
to LP and MILP, quadratic programming (QP) is less commonly used. However, there are
applications, especially in the smart and micro-grid domain, that use the principle [40, 41].
When modelling highly complex energy systems with multiple sectors and components, even
for LP or MILP problems, solving can become challenging. Therefore, other mathematical
approaches exist that aim to improve solvability. In dynamic programming, the optimisation
problem can be divided into sub-problems that are simpler and therefore easier to solve [42,
43]. Another possibility is to apply heuristic approaches. This is a group of methods based on
the principle of searching for a near-optimal [36] solution by iteratively evaluating different
system configurations [35, 44]. This requires a very fast calculation time for each single system
solution, which can, for instance, be achieved with rule-based formulations for energy
distribution [35, 44]. Common methods for heuristic optimisation make use of the
evolutionary strategy concept [44]. Apart from rule-based methods, another way to structure
and simplify optimisation problems is to use agent-based approaches [36, 45]. This requires
identifying entities, e.g., consumers or prosumers, that exhibit their own behaviour and can
therefore be isolated from other parts of the model [36].

One issue with all deterministic modelling approaches is that they do not account for
uncertainties, for instance, in renewable generation and demand. However, in stochastic and
robust optimisation, there are two techniques for incorporating uncertainty into energy
system modelling: assigning a probability of occurrence to certain parameters, or treating
uncertainty as a mathematical space, respectively [39, 46]. Furthermore, a possible method
to account for uncertainties, though computationally complex, is the Monte Carlo
optimisation [46]. Another large field of energy system modelling optimisation techniques can
be categorised under the generic term of artificial intelligence [27]. This includes fuzzy logic,
particle swarm, and neural networks, among others [27]. From a programming perspective,
many programming languages are suited for energy system modelling. However, while in the
2000s the majority of models relied on the programming language “General Algebraic
Modelling System (GAMS)”, since 2010, Python has become the new standard [47].

Based on current methods and literature reviews of optimisation techniques, we conclude
that the MILP modelling approach is well-suited for the industrial prosumer use case we aim
to evaluate in terms of solvability, preliminary work, available tools, and software support.
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Solution objective: Depending on the use case, the objective of what to optimise varies. It can
be distinguished between optimisation, forecasting, and back-casting [27]. The aim with
optimisation models is to identify the optimal investment decision for a given portfolio of
possible technologies or operational decisions for optimal energy flows within an energy
system [27]. Optimisation models are further separated into single or multi-objective [25]. For
multi-objective optimisation, also referred to as multi-criterial optimisation, more than one
objective is formulated, which allows for optimising, for instance, costs and CO; emissions at
the same time [48]. In contrast to optimisation models, forecasting models are simulation
models that analyse a pre-defined system under future conditions to identify, for instance,
renewable energy demands [27]. Another approach is backcasting, where a future condition
is specified and the optimisation model provides the best possible pathway to reach that
future state [27]. One specific and common objective in electric power system modelling is
the optimal planning of the operation of existing power plant resources, referred to as
dispatch. Mathematically, this can be formulated as an LP model (unit commitment problem)
or rule-based, considering the merit order list of power plants [38].

Temporal scope: Two main characteristics of an energy system model are the time resolution
and the time horizon. The time resolution refers to the granularity of the modelling, thus the
length of each time step (time-slice) [25], which is usually identical within one model.
However, there are concepts where individual time steps can have different lengths [30]. On
the contrary, the optimisation horizon measures the full timespan a model covers. For long-
term models, the optimisation horizon of multiple years further separates into single
simulation years [25]. The majority of energy system models feature an hourly time resolution
and an optimisation horizon of one year or more [28].

Geographical scope: One important characteristic to distinguish is the geographical coverage
of energy system models, which can vary widely. Typically, on a higher geographical level,
models are classified as one- or multi-node models. A one-node model aggregates a specific
geographical region into a single node, assuming ideal transmission or distribution conditions
without losses or bottlenecks [25]. In the electricity sector, this is known as the copper plate
model [49]. On the contrary, multi-node models consist of more than one node, with
distribution or transmission capacities modelled between them [25]. Regarding geographical
coverage, models further differentiate by the size of the energy system and the area they
cover. This can include single (industrial) plants or areas covering local, national, multi-
national, or continental energy systems [25, 27].

Energy sectors: There are several end-use energy sectors, for instance, electricity or industry
[25]. Within the end-use sectors, it can further be distinguished between energy commodities,
including electricity, heat, and hydrogen, among others [25]. Most models mainly cover the
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electricity sector with limited options of sector coupling, while industrial applications are only
considered by one-third of the models [28]. Moreover, to the best of our knowledge, a
sophisticated framework specifically designed to decarbonise industrial applications does not
exist. However, a few studies use MILP-based approaches customised to optimise single
energy-intensive industrial applications. In Fleschutz et al., a beverage company is turned into
a so-called flexumer by leveraging flexibility potentials, including demand response (DR), peak
shaving, and self-consumption increase [15]. Other studies evaluate the potential for demand
side management (DSM) for a cement plant [50] and DR for copper production [51].

While categorisation is a main motivation for comparing energy system modelling
frameworks, qualitative comparisons can yield further insights. A qualitative comparison can
be achieved by feeding energy system models with the same harmonised input data and
comparing the results. One of the first so-called model experiments presented by Gils et al.
reveals that, despite similar results for the energy balance of dispatchable power plants and
flexibility, the technologies used across the models can differ significantly [52]. However, the
reasons for differences in the study remain unclear, as modelling differences are not evaluated
[52]. Therefore, a range of follow-up studies aims to provide better insights by focusing
specifically on modelling details and harmonising input data through simplified test cases [26,
53, 54]. In the first study, only basic technologies and the flexibilities with fixed capacities
(dispatch) of the power sector are compared, and despite very different mathematical
concepts in the models, the results are very similar due to high data harmonisation [53].
However, when comparing capacity expansion, deviations in results increase, especially for
long-duration storage and transmission [54]. The deviations become even higher when more
individual technologies are introduced, especially for sector coupling, as some models can only
consider them rudimentarily [26]. In this group of studies, harmonised data and simplified test
cases lead to a better understanding of the differences in results. However, the results'
relevance is limited. Therefore, another comparative study focuses on scenarios that include
variations in policy parameters that are relevant to the German energy transition [55]. The
insights reveal that significant deviations can occur in crucial technologies such as battery
storage investments. Therefore, it is important for political actors to distinguish between
different modelling approaches and their impacts on results.

As energy systems become increasingly complex, a common question is how to reduce model
size without sacrificing accuracy. An analysis by Priesmann et al. [49] concludes that a certain
complexity is necessary and that a good practice is to use different formulations for
dispatch/operation and investment decision problems. Another common issue of energy
system models with longer continuous optimisation horizons is that the model knows all its
input parameters, which is known under the term of perfect foresight [25]. This can lead to
unrealistic results compared with real systems, especially for flexible components like storage
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systems, whose operation depends primarily on time-series characteristics that are usually
unknown beforehand. One possible solution to this problem is the so-called rolling horizon
(RH) approach that is commonly used, especially for system dispatch simulation [56] and
micro-grid applications [57]. It uses a rolling window to split the full optimisation problem into
smaller sub-problems on a temporal scale. For instance, Marquant et al. [31] apply the
approach to Urban Energy Hubs, while Silvente et al. [29] use it for energy supply and demand
planning in micro-grids.

With the number of energy system models and approaches rising, one of the main issues
remains transparency [58]. There are attempts to solve this problem, especially through open-
source initiatives. This especially includes the Open Energy Modelling Initiative (Openmod)
[59] that features a large database of existing energy system models and energy modelling
data. In addition, few studies have examined the quality of open-source energy system models
in depth. A study by Candas et al. looks more closely at implementations of open source
models and finds that, despite similarities, there is a variety of unique features for some
models [60]. Furthermore, a comparison of open source frameworks by Berendes et al. reveals
that the usability of open source can still be increased [61]. Nevertheless, recent research
indicates that, despite a growing number of open models and frameworks, many models are
still not publicly available, and that reproducibility is often not possible [25, 27].

2.1.2. Battery storage system modelling

There is a wide range of electrochemical, electrical, and machine learning models for battery
storage systems and a deep understanding of the underlying effects and insight into battery
cells [62—64]. However, a majority of energy system modelling frameworks focus on larger
system scopes, for instance, nationwide energy systems and therefore typically feature
rudimentary representation for battery storage systems [53, 60]. While this might be sufficient
for national energy system models, for local energy systems, the development of different
operating strategies for battery storage, including combinations of several use cases (multi-
use or value stacking) (see definition in Subsection 2.2.2) [12] comes with the necessity of a
greater detail in modelling. In the literature, there are few sophisticated value-stacking
models, mostly for stand-alone applications. One of the most prominent stand-alone models
that considers peak shaving (PS), frequency containment reserve (FCR), and spot market
trading (SMT) is presented by Englberger et al. [13]. However, only a few multi-use models are
integrated into state-of-the-art energy system modelling tools that can investigate optimal
energy system configuration and storage use for prosumer/flexumer applications
simultaneously. One study integrates ageing characteristics of energy storage into a so-called
zero-carbon multi-energy system [65]. The approach in this dissertation aims at closing the
gap between stand-alone battery models and state-of-the-art energy system models.
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2.2. Stationary battery storage systems

The market for stationary battery storage systems in Germany shows increasing growth [11,
12]. As of the end of 2024, about 18 GWh of stationary battery storage systems were installed
in Germany [11]. Figure 2 shows the development of stationary battery storage in Germany
since 2015.

Most of the market growth for stationary battery storage comes from the residential segment
(home storage). The industrial segment accounts for only about 4% of installations, although
the growth rate was over 30% in 2024. Nevertheless, there are high expectations for future
growth in this sector, considering especially popularity of behind-the-meter applications [66].
For all installed battery storage systems in Germany, the dominating technology is lithium-ion
[12]. Although lead-acid batteries still play a role, they are predominantly used for an
uninterruptible power supply [12]. Therefore, for the use case of this dissertation, we focus
on the lithium-ion technology.
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Figure 2: Development of the market for stationary battery storage systems in Germany based on data from [11]. Own
illustration.

2.2.1. Battery fundamentals

The lithium-ion battery technology is based on the “Rocking-Chair” principle (see Figure 3) as
described in the following by summarising descriptions in [67, 68]. It consists of two
electrodes, the anode and cathode, as well as separators in between. The cathode consists of
a lithium metal oxide that can be substantially different depending on the type of lithium-ion
battery. The anode material is usually based on carbon, such as graphite. The separator is a
porous membrane that is permeable to lithium ions and electrically isolates the electrodes.
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Figure 3: Illustration of the basic structure and working principle of a lithium-ion battery, reffered to as “Rocking-Chair”
concept. Own illustration based on [67, 68].

All elements are surrounded by an organic liquid electrolyte that conducts lithium ions. During
discharge, lithium ions deintercalate from the anode carbon structure and travel to the
cathode, where they intercalate into the metal oxide. The electron that has been separated
from the lithium atom, however, travels outside the cell via the electric circuit from anode to
cathode. For charging, the process reverses in the opposite direction. [67, 68]

Based on the principle of lithium-ion batteries, various material combinations for the anode
and cathode exist [69, 70]. While the anode typically consists of a graphite-based material, the
cathode features different metal oxides, which commonly include nickel manganese cobalt
oxide (NMC) and lithium-iron phosphate (LFP) [70]. Despite lower energy density, battery
storage systems with LFP chemistry are particularly suited for stationary applications as they
are based on low-cost materials and promise long lifetimes [70, 71]. In 2021, LFP batteries
accounted for 50% of global newly installed capacity in the stationary segment, which is
expected to increase in the coming years [71].

In the performance of a lithium-ion battery, its ageing characteristics play a key role. It can be
mainly distinguished between calendar and cyclic ageing [72]. Calendar ageing describes
ageing over time through ongoing chemical processes. It depends highly on the state-of-
charge (SOC) and temperature of the battery [72]. Avoiding high SOC and temperatures
reduces the ageing rate. The other type of ageing is cyclic ageing, which occurs during charging
or discharging. Its main influences are current rate, depth-of-discharge (DOD), and
temperature [72]. The DOD describes the depth of one cycle. For instance, charging from 10%
to 90% SOC corresponds to a DOD of 80%. Adjusting the battery's operation and avoiding high
DODs significantly reduces the ageing rate. Another important performance indicator for
different use cases is equivalent full cycles (EFC) of a battery storage system, which is the
cumulative energy throughput divided by the nominal capacity [73].
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Another more general characteristic of storage systems that can be a limitation for many
applications is the energy-to-power ratio (EPR). It is calculated by dividing the energy capacity
by the storage asset's maximum power capability. For battery storage systems, limiting factors
can be the battery cells or the inverters. The EPR can be designed specifically for an anticipated
use case by choosing battery and inverter capacity accordingly. For stationary battery storage
systems in Germany, typical EPRs are between 1-4 hours [12].

2.2.2. Typical use cases for battery storage systems

There is a wide range of use cases for stationary battery storage systems [13, 74, 75]. They are
separated into front-of-the-meter (FTM) and behind-the-meter (BTM) services. FTM services
affect the exchange with the electric power grid and typically include either grid-stabilising
services (ancillary services) or energy exchange through wholesale markets [14]. The most
common FTM use case in Germany until 2019 was frequency control (see Subsection 2.2.3);
however, the range of possible applications has expanded since then [12]. For megawatt-scale
systems, trading energy on spot markets at power exchanges (arbitrage) is becoming
increasingly popular, as are renewable integration and multi-use concepts [12, 13]. On the
contrary, battery storage systems with sizes of several hundred kilowatt-hours are typically
designed to provide BTM services. This includes increasing self-consumption from, for
instance, PV or WPP, peak shaving of the load, EV charging, or backup power supply [12].
While technically possible, combining FTM and BTM services in Germany has been difficult
due to regulatory constraints aimed at preventing the mixing of subsidised renewable
generation and fossil electricity from the electric power grid [76]. However, with the new
regulations of the 2023 German Renewable Energy Act (EEG 2023), this has changed, although
guestions remain regarding the implementation of required measurement concepts [77]. In
the following, we describe in more detail the use cases for battery storage relevant to the
modelling in this dissertation.

Self-consumption increase (SCI)

This concept refers to an application where battery storage systems are used to increase the
self-consumption rate of self-generated renewable electricity from typically PV [14]. This is
beneficial when self-generated renewable electricity is cheaper than grid electricity. Common
applications for SCI are residential home storage systems that typically are designed with an
EPR of 2 hours and show 200-300 EFCs per year [12, 78, 79]. For industrial battery storage
systems in Germany, this is also the dominating use case that (as of 2022) applies to over 50%
of installations [12].
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Peak-shaving (PS)
Commercial and industrial consumers in Germany connected to the public electric power grid

have to pay grid fees, which include energy- and power-related tariffs [80, 81]. The power-
related tariff, known as peak power costs, is charged for the highest 15-minute load peak
within a year [81, 82]. This motivates companies to reduce their peak load to reduce costs.
Battery storage systems can be used to reduce peak load. This requires charging the battery
before the peak to take over the load's supply when the peak occurs. The challenge with this
use case is that precise prediction of load peaks is necessary. This can, for instance, be
achieved with probabilistic forecasting approaches [83]. In addition to the regular PS concept,
there are other regulations to reduce grid fees. The atypical grid usage concept incentivises
companies to shift their consumption from periods of high power grid utilisation to periods of
lower utilisation to obtain individual grid fees with reductions of up to 80% [81, 82]. Battery
storage systems can be used to take advantage of this regulation.

Spot market trading (ST)
There are different spot market power trading platforms in Europe, with the European Power

Exchange (EPEX SPOT) in Leipzig trading over 90% of volume in Germany (status 2021),
followed by Nord Pool [84]. Spot markets at EPEX SPOT can be divided into day-ahead auctions
(DAA) and intraday continuous (IDC) trading. The DAA features a product length of 1 hour, and
the auction closes at 12 pm the day before delivery [85]. On the contrary, IDC products can be
traded until 5 minutes before delivery with 15-minute granularity [85]. With a battery storage
system, price spreads within or between those markets can be utilised, which is referred to as
arbitrage trading [14]. It can be distinguished between regular trading, when the battery is
actually charged or discharged, and virtual (financial) trading [86] without any physical energy
flows when positive and negative bids balance each other out. Table 2 summarises the most
relevant characteristics of the DAA and IDC spot markets at the EPEX SPOT.

Table 2: Characteristics of the day-ahead auction and intraday continuous trading spot markets at the EPEX SPOT, based on
information in [85].

EPEX SPOT market Day-ahead auction (DAA) Intraday continuous trading (IDC)
Product length 1 hour 15 minutes

Gate opening - 3 pm the day before delivery
Gate closing 12 pm the day before delivery 5 minutes before delivery

Type of auction Pay-as-bid Pay-as-bid

Minimum trade quantity 0.1 MWh 0.1 MWh

2.2.3. Frequency control markets in Germany

The German power grid is part of the largest synchronous electric power grid in the world,
known as the Continental Europe Synchronous Area (CESA) [87]. It covers more than 20
countries and multiple transmission grid operators (TSOs) across continental Europe [88].
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Most European countries are part of the association of the European Network of Transmission
System Operators for Electricity (ENTSO-E), which ensures coordinated operation of the large
electric power grid [85, 89]. The synchronous grid frequency of the CESA is 50 Hz [85].
Maintaining the frequency requires a mechanism to balance demand and supply. Frequency
control markets are designed for this purpose. Several frequency control markets exist with
different requirements regarding response times and duration of provision [85, 90]. This
ensures that the most suitable assets activate at the right time. Figure 4 illustrates the
frequency control market products in Germany and their respective response times.
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Figure 4: Schematic illustration of frequency control market products in Germany (2024), with their corresponding ramping
requirements. Own illustration based on data from [85, 90].

In the following three paragraphs, we summarise the market characteristics and design of
control markets in Germany that are described in detail on regelleistung.net [90]. The market
with the fastest response to frequency deviations is the frequency containment reserve (FCR)
market, also known as the primary frequency control reserve. In 2007, FCR cooperation was
established through joint procurement among German TSOs. Over time, TSOs from eight
other countries joined this collaboration, covering more than 50% of the FCR demand of
ENTSO-E members, corresponding to over 1,500 MW of provision. The activation of FCR is
decentralised and occurs as a direct response to frequency deviations from 50 Hz, and must
be initiated within 30 seconds. The maximum power has to be activated at a deviation of
200 mHz, which typically does not occur [91]. Asset operators providing FCR are compensated
solely for the reservation of capacity, not for activation. Participation in the FCR capacity
market is possible via a pay-as-cleared auction that closes at 8 am the day before delivery. The
auction features FCR products in 1 MW steps for reserving capacity with a length of 4 hours
starting at midnight. Each product is symmetrical, which requires equal amounts of positive
and negative control power. [90]
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The market that gradually replaces FCR over time is the automatic frequency restoration
reserve (aFRR), also known as the secondary frequency control reserve. For aFRR, since 2017,
a collaboration among European countries has existed through the Platform for the
International Coordination of Automated Frequency Restoration and Stable System Operation
(PICASSO). Activation of aFRR occurs via a setpoint specified by the responsible TSO. The ramp-
up requires a first response within 30 seconds, with full activation 5 minutes after the
frequency deviation. For activation signal processing by the TSOs, the clearing price and, thus,
the list of activated assets are calculated every few seconds based on the merit order list
established every 15 minutes [90, 92, 93]. In contrast to FCR, participants in the auction can
choose between aFRR capacity products, compensating for the reservation of capacity, and
aFRR energy products, compensating for activated energy. All capacity auctions are based on
the pay-as-bid principle, and products are separated into negative and positive provision. On
the contrary, the aFRR energy market applies the pay-as-cleared principle to both positive and
negative products. [90]

The third and final market is the manual Frequency Restoration Reserve (mFRR), also known
as tertiary frequency control. The mFRR activates after 5 minutes and gradually replaces aFRR.
It has to be active latest 12.5 minutes after the occurrence of the frequency deviation. The
market design and products are similar to aFRR. However, activation is executed manually by
the asset operator. Table 3 summarises the most relevant characteristics of the frequency
control reserve markets in Germany. [90]

Table 3: Characteristics of the frequency control reserve markets in Germany, based on information in [90].

Frequency Automatic frequency restoration reserve Manual frequency restoration
containment reserve (aFRR) reserve (mFRR)
(FCR) aFRR capacity aFRR energy mFRR capacity I mFRR energy

Decentralised based

Activation —_— . At
on frequency Activation signal by TSO Manual activation by asset operator
procedure L
deviation
) ) Positive and negative - . . i Positive or Positive or
Direction . Positive or negative Positive or negative i .
(symmetrical) negative negative
Product length 4 hours 4 hours 15 minutes 4 hours 15 minutes
Minimum quantity 1MW 1MW 1MW 1MW 1MW
Gate closing 8 am the day before 9 am the day before | 25 minutes before 10 am the day 25 minutes
delivery delivery delivery before delivery before delivery
Minimum provision | 15 minutes 1 hour 15 minutes 4 hours 15 minutes
Market mechanism Pay-as-cleared Pay-as-bid Pay-as-cleared Pay-as-bid Pay-as-cleared

Participation in auctions for the German frequency control markets requires successful
prequalification (PQ). With this procedure, asset owners prove to the responsible TSO that
they can provide FCR or aFRR with the desired performance. The technical requirements are
summarised in a document called PQ-conditions [94]. For assets with reduced energy capacity,
such as battery storage systems, specific conditions must be met.
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For large-scale battery energy storage systems (BESS) in Germany, FCR has been the most
relevant market for the past years, as it is well suited for 1-hour systems with maximum
activation times of 15 minutes [94, 95]. In contrast, the aFRR capacity and energy market
featured maximum activation times of 4 hours until 2022, which were not attractive,
especially for the first large-scale battery storage systems with comparatively lower energy-
to-power ratios (EPR) [12, 85, 95]. However, in 2022, the market design for aFRR energy was
changed from 4-hour to 15-minute products [85]. In combination with the ongoing saturation
of the FCR market, aFRR products have become more attractive to battery storage operators
[95].

2.3. Sector Coupling

The concept of sector coupling has many ambiguous definitions in the literature [7].
Nevertheless, most definitions agree that sector coupling is an instrument to increase the use
of variable renewable energy (VRE) generation to decarbonise end-use demand sectors like
electricity and industry [7]. When coupling sectors, energy flows must be adequately tracked
to assign corresponding emissions. For emissions, it must be distinguished between those that
directly occur on-site (scope 1), emissions from imported energy and fuels (scope 2), as well
as other upstream and downstream emissions (scope 3) [96].

Industrial sites often have energy demands across multiple sectors, including electricity, heat,
and gas. Depending on the industry sector, the electrification level for German industrial sites
is only between 13-66% [97]. Primary energy carriers, including NG, coal, oil, and others,
provide the remaining share of energy demand [97, 98]. The deep decarbonisation of the
industry sector requires a higher electrification and substitution of fossil fuels by green energy
carriers, in particular hydrogen [98, 99]. Reaching higher electrification levels is possible
through the coupling of energy sectors. This typically requires technical components that can
convert electricity into other forms of energy. In particular, the coupling of electricity and heat
is key for many applications, with many technologies available to achieve this [100]. For this
dissertation, this includes the coupling of electricity and heat by industrial heat pumps (HPs)
and an electrolysis system. On the one side, HPs can serve industrial heat demand for low
temperature levels in the range of up to 200°C by utilising lower temperature waste heat
[101]. On the other hand, the purpose of the electrolysis system is to produce green hydrogen
that can be used to generate high-temperature industrial heat for melting raw materials. For
the use case of the glass industry in this dissertation, this corresponds with temperatures
around 1200°C [18, 102]. To add flexibility to the sector-coupled industrial energy system,
energy storage can play a key role [7]. In the following, we describe the relevant sector
coupling components and their technical characteristics for the use case of the glassworks in
this dissertation in more detail.
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2.3.1. Industrial heat pumps

Many industrial sites produce vast amounts of waste heat that is often unused [103]. With
high-temperature HPs, it is possible to utilise waste heat and reuse it for low-temperature
industrial heating demands [101]. Typically, this is suitable for industrial heating demands with
temperatures of up to 200°C [101, 104].

The working principle of an HP is to extract thermal energy from a lower temperature heat
source (Tsource), for instance, from waste heat, and convert it to a higher temperature (Tginx)-
The coefficient of performance (COP) in Eq. (2.1) defines the efficiency that depends on source
and sink temperatures [104]. Different models of high-temperature HPs can serve different
temperature levels for source (0-100°C) and sink (35-180°C) with COPs between 1.9 and 6.0
[104].

T.: + 273.15°C
cop, = 2kt * Tip (2.1)

Tsink,t - Tsource,t

High-temperature HPs are often combined with thermal energy storage (TES) to better size
the system and increase flexibility and operational efficiency. For TES, it can be distinguished
between sensible, latent, and thermochemical heat thermal energy storage [105]. The most
common thermal storage type with low-cost materials like water is sensible heat thermal
energy storage (SHTES), which is well suited for low temperature industrial heat (<150°C) [105,
106]. However, it has a 3-4 times lower energy density than latent heat thermal energy storage
[105]. For the glassworks use case in this dissertation, we consider only SHTES for modelling
waste heat utilisation, as cost considerations are most important.

2.3.2. Electrolysis systems

Water electrolysis enables the production of green hydrogen with renewable electricity by
splitting water into its two components, hydrogen and oxygen [107]. There are three main
existing electrolysis technologies that have different characteristics. This includes alkaline
water electrolysis (AWE), Proton Exchange Membrane (PEM) electrolysis, and high-
temperature electrolysis, as described in detail in [107]. They differ mainly in their use of
electrolytes and in temperature levels. While AWE systems have been commercially used for
several decades, the PEM technology started development in the 1960s [107]. For high-
temperature electrolysis, several technologies exist, with solid oxide electrolysis (SOE) among
the prominent candidates [108]. However, SOEs are still in a developmental and research
stage [107, 108], which is why we focus on low-temperature technologies for application in
this work. Figure 5 illustrates the typical structure and working principles of AWE and PEM
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electrolysis cells based on [107, 109]. Furthermore, we illustrate the setup of an electrolysis
system that requires additional electrical components, as shown in [110]. In the remainder of
this dissertation, we model the entire electrolysis system as a single component.

Alkaline water electrolysis (AWE) Proton exchange membrane (PEM)
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Figure 5: Visualisation of the basic structure and working principle of AWE and PEM electrolysis cells, as well as illustration of
an exemplary setup of an electrolysis system. Own illustration based on [107, 109, 110].

The following two paragraphs summarise the working principle of the AWE and PEM
technology as described in [107]. The AWE is operated with an alkaline electrolyte consisting
of potassium hydroxide (KOH) and operates at temperatures between 40-90°C, with a typical
operating temperature of 80°C. It is a well-established technology with modules available in
the megawatt range at comparatively low costs of 1000€/kW. The technology is also
characterised by a high degree of cyclic stability with stack lifetimes of up to 90,000 h. The
efficiencies of AWE systems are between 60-85%. The main disadvantage is a low current
density, resulting in a comparatively low power density. Moreover, the minimum part load is
at 20-40% of the nominal capacity. [107]

Similar to AWE technology, PEM electrolysis operates at temperatures between 20-80°C. Its
main features are the proton-conducting membrane and platinum-group metals on the
electrodes, required by the high anode overvoltage. This leads to current densities that are 2-
3 times higher than for the AWE. Equally, the power density increases, making PEM
electrolyser systems more compact than AWE systems. Moreover, PEM electrolysis systems
can operate in standby mode, with part loads of approximately 5% of nominal power, where
power is mostly supplied to the periphery. One of the major challenges is the shorter lifetime
of the stack (20,000-50,000 h) and the comparatively high cost of the noble platinum-based
electrodes. [107]
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Table 4: Comparison of state-of-the-art technological characteristics of AWE and PEM electrolyser systems.

Technical parameters AWE system PEM system Sources
Current density in A/cm? 0.2-1.3 <2.0 [107, 111]
Operating temperature in °C 40-90 20-80 [107, 112]
Operating pressure in MPa 0.1-3 3-8 [112]

Stack lifetime in hours 60,000 - 90,000 20,000 - 90,000 [107,112]
Electrical efficiency in % 63-70 56-64 [107, 108, 112]
Lower power threshold in % of nominal power 12-22 3-7 [107, 108, 113]
Hydrogen purity in % >99.8 >99.999 [108]

Ramp up time (warm start) in min 5.9 2 [113]

One further important aspect of modelling an electrolyser is that its efficiency curve reaches
its maximum at part load. The efficiency curve for the AWE system differs substantially from
the PEM electrolyser, with the highest part load at around half of the nominal power [114].
On the contrary, the PEM electrolysis system has the highest part load at one-third of the
nominal power [115]. Based on [114, 115] and reported efficiencies as well as power
thresholds in [112] we approximate exemplary efficiency curves for AWE and PEM
electrolysers systems in 2024 as illustrated in Figure 6.

Hydrogen storage

There are several possibilities for storing hydrogen, as summarised in the following two
paragraphs, based on information from [116]. These can initially be categorised into material-
based and physical-based storage technologies. For material-based hydrogen storage, it can
be further distinguished between chemical and physical sorption. Chemical sorption includes
all types of storage in which hydrogen is chemically bound within a different material, for
instance, ammonia or liquid organic hydrogen carriers (LOHC). This comes with the
disadvantages of high investments for conversion plants from hydrogen to other chemical
energy carriers and vice versa, as well as comparatively low efficiencies. On the contrary,
physical sorption refers to storing hydrogen in porous structures, including carbon-based
materials, which shows a high potential for low-cost materials. However, the technology still
faces challenges in energy density, pressure, and temperature, and is currently in a
development and research phase. [116]

Physical-based hydrogen storage includes either liquefied/cryogenic or compressed hydrogen
storage. Compression-based systems use pressure vessels capable of handling up to 100 MPa,
while cryogenic systems require temperatures of -250°C. In particular, for cryogenic hydrogen
storage systems, this results in additional cooling energy consumption, leading to energy
losses of around 40%. Similarly, compression-based hydrogen storage requires additional
energy. Nevertheless, with only approximately 10% of energy losses, the efficiency is
substantially higher. [116]

For the glassworks use case in this dissertation, investment costs and efficiency are the most

important requirements for hydrogen storage. Therefore, for modelling purposes, we
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Figure 6: Approximation of exemplary electrical efficiency curves for AWE and PEM electrolysis systems in 2024, based on
datain[112, 114, 115].

consider only compressed hydrogen storage. Specifically, we focus on Type | steel or
aluminium pressure vessels, typically operating at 20-30 MPa, which is the most conventional
and cost-competitive technology [116, 117].

2.3.3. Levelised costs of hydrogen

For industrial energy systems that require hydrogen for decarbonisation, the competitiveness
of different technological choices largely depends on the overall costs for producing or
importing green hydrogen. A measure to make these costs more transparent and better to
compare is the levelised cost of hydrogen (LCOH). The LCOH is typically calculated by dividing
all accumulating costs for hydrogen production by the total amount of hydrogen produced in
kilograms [118, 119]. The most important cost drivers for green hydrogen production in
Europe are electricity costs and capital expenditures (CAPEX) for required components, while
water costs play a negligible role [119]. The best-case LCOH for hydrogen production in
Germany is above 6 EUR/kgH», with the AWE having a cost advantage over PEM technology
[118].

2.4. Regulatory framework

The integration of RE generation and green hydrogen production for modelling industrial
energy systems requires consideration of numerous regulatory requirements. For Germany,
this includes mainly the Renewable Energy Act (German: Erneuerbares Energien Gesetz -
(EEG)) on the national level [120] as well as the Renewable Energy Directive (RED) at the
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European level [22] that both were updated in 2023. This Subsection summarises the relevant
regulatory requirements for the glassworks use case in this dissertation.

2.4.1. Feed-in compensation for renewable generation

For renewable generation, the EEG regulation [120] provides a mechanism that compensates
for feeding potential surplus to the electric power grid, which is also described in detail in
[121] and summarised in the following. While the EEG compensates small residential power
plants (<100kW) with a fixed feed-in tariff, larger industrial and utility-scale plants must
participate in the so-called direct marketing (DM) mechanism (German: Direktvermarktung).
This means that larger renewable plants are listed on the stock exchange, and the state pays
a market premium to compensate for the difference from a fair feed-in value. The fair feed-in
value of the renewable energy (RE) plant is typically determined in a tender process and is
guaranteed for 20 years [120]. For most RE power plants, the fair feed-in value is identified in
a tender that regularly takes place. For each type of RE power plant, the regulator defines
upper caps for the volume and price within the tenders [120]. Figure 7 illustrates the German
DM mechanism. [121]

For the calculation of the market premium, monthly market values for different types of RE
generators are published by the network transparency platform [122]. Table 5 shows the
market values of utility-scale PV for 2023 and 2024. The trend shows that the market value
has been decreasing since the beginning of 2023, similar to wholesale electricity prices after
the 2022 energy crisis [123]. The monthly market premium is then calculated by subtracting
the monthly market value from the fair value [121].

Table 5: Monthly market value of utility-scale PV for 2023 and 2024 in EURct/kWh. Values taken from [122].

RE generator Year Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

2023 | 12.291 | 12.343 | 8.883 | 8.002 | 5.356 | 7.124 | 5.173 | 7.533 | 7.447 | 6.763 | 8.525 6.592

Utility-scale PV
2024 7.535 5.875 4.965 | 3.795 | 3.161 | 4.635 | 3.554 | 4.263 | 4.512 | 6.752 | 10.067 | 11.171

2.4.2. Production of green hydrogen

Most hydrogen produced today is not green, with the majority of production utilising steam
reforming, which splits fossil methane into its compounds, hydrogen and carbon dioxide (CO3)
[124]. This form of hydrogen is referred to as grey hydrogen [21, 124]. Another possibility is
coal gasification, referred to as brown hydrogen (lignite) or black hydrogen (hard coal) [21,
124]. All fossil fuel-based production has in common that it comes with high CO; emissions.
One possibility to reduce emissions is to use carbon capture and storage (CCS), which
literature often refers to as blue hydrogen [21, 124]. In electrolysis systems, the colour of the
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Figure 7: Visualisation of the German direct marketing (DM) concept for the compensation of the feed-in of RE generation
plants. Own illustration based on [121] and information in [120].

produced hydrogen depends on the source of the electricity used. However, in literature,
there are different definitions. One common definition is to mark hydrogen from nuclear
energy in purple and hydrogen produced from grid electricity in yellow [124]. Reaching the
climate targets, however, in the long term requires most hydrogen production to be green,
utilising RE sources. In the European Union, the Renewable Energy Directive (RED) provides
the regulatory framework for green hydrogen production [22]. The revised directive (RED llI)
following the former version (RED 1) entered into force on 20™ of November 2023. One of the
main changes introduced by RED Il is the introduction of renewable targets for fuels of non-
biological origin (RFNBO), including hydrogen. The renewable share of RFNBO (based on
energy content) must be at 42% and 60% until 2030 and 2035, respectively [22, 125].

The most important regulations for the production of hydrogen were already included in RED
Il and are adopted in RED Ill [22]. Among the last adoptions of the RED Il are regulations on
how to produce green hydrogen and definitions for renewable electricity for hydrogen
production, as described in detail in [21] and summarised in the following. The simplest
implementation of green hydrogen production from a regulatory perspective is an off-grid or
co-located island setup. This means there is a direct connection between RE generation and
the electrolyser system, allowing for a simple calculation of the share of renewable electricity.
One restriction of the RED Il for the off-grid concept is that the RE generators must not have
been in operation for more than 3 years prior to the electrolysis system. Another possible
setup for green hydrogen production is the grid-connected approach. This, however, poses
challenges in accounting for the renewable share of electricity. Therefore, the RED Il defines
three criteria: additionality, geographical correlation, and temporal correlation. They define
the circumstances under which electricity generation for hydrogen production is recognised

23



2 Fundamentals

as green. The main purpose of additionality is to ensure that sufficient RE generation is
installed to power the electrolyser and to avoid a reduction in renewable electricity for other
sectors. When it is not possible to install RE generation on-site of the hydrogen production,
contracting of power purchase agreements (PPA) (see Subsection 2.4.3) in the same
geographical area (geographical correlation) is necessary. Moreover, for all renewable
electricity, it must be ensured that generation and demand match in the temporal domain,
with monthly or hourly correlation, depending on the date of installation of the electrolyser
system. Table 6 summarises the most important characteristics of these three criteria. [21]

Table 6: Criteria for green electricity for hydrogen production in accordance with the regulations of the RED I, based on
information from [21].

e VRE installed together with the
hydrogen plant

e |Installations from power purchase
agreements (PPA)

For all to be fulfilled:

o VRE installation not older than 3
years at the start of hydrogen

e VRE in the same bidding zone as
the electrolyser

e VRE in interconnected bidding zone
(same or higher DA prices than in
bidding zone of electrolyser)

e VRE in the offshore zone connected
to the electrolysers bidding zone

Additionality Geographical correlation Temporal correlation

Purpose | Proof that enough additional RE Proof that additional RE generation is Proof that additional RE generation
generation is set up to cover the within the same geographical area as correlates in the temporal domain with
additional demand for hydrogen the hydrogen production the demand for hydrogen production
production

Valid Hz installations before 2028: Immediately Monthly correlation until:

from 15t January 2038 31t December 2029
New H, installations from 2028: Hourly correlation from:
15t January 2028 15t January 2030 (EU)

15t July 2027 (member states)
Criteria One to be fulfilled: One or more to be fulfilled: One to be fulfilled:

e VRE generation matches the demand
of the electrolyser in the same
calendar month (or hour), possibly
with storage

o DA clearing price of electricity is
below the threshold (20€/MWh or
0.36 times of CO; price)

production

For geographical correlation, geographical areas are mainly defined through price or bidding
zones that depend on grid bottlenecks that typically occur between EU neighbouring countries
[126]. Germany, as of today, is one bidding zone and therefore counts as one geographical
area, although there are grid bottlenecks from north to south that fuel debates on splitting
Germany into several bidding zones [127].

There are a few exceptions in the RED [22] where the criteria for green hydrogen production
are not mandatory, as described in [21] and summarised below. This includes bidding zones
with a very high share of renewable electricity, where the share exceeds 90% in a calendar
year. Another exception is bidding zones where the electricity emission factor is less than
18 gC0O,e/MJ. However, this applies only when hydrogen producers have contracted for at
least one renewable PPA. Furthermore, the regulation allows the electrolyser system to

24



2.4 Regulatory framework

consume grid power when this reduces the need for redispatch during temporary grid
bottlenecks. [21]

2.4.3. Power purchase agreements

When it is not possible to install RE generation at the hydrogen production site, PPA
contracting becomes inevitable. This type of contracting takes place outside organised
markets and describes bilateral, medium- or long-term contracting for electricity, typically
between large consumers and suppliers (corporate PPAs) [126, 128, 129]. This has become
especially popular recently for contracting of RE generation (green PPAs) to gain greater
independence from volatile energy markets and ensure price security for both parties over a
longer period [128-130]. The main characteristics of PPA contracts are quantity, duration,
price, and individual agreements [129]. For power purchase agreements, there are different
contracting types. They can be separated into two main categories: physical on-site and
physical off-site PPAs [126, 128, 129]. For physical on-site PPAs, the (RE) generators are at the
same location as the consumer and physically connected behind GCP. On the contrary, for off-
site PPAs, the generation unit and consumption are geographically separated and only
connect physically via the public electric power grid, which results in additional grid charges.
For off-site PPAs, it can be further distinguished between sleeved and financial PPAs (virtual
PPAs). In the case of sleeved PPAs, an intermediary, e.g., an energy trading or utility company,
stands between the energy supplier and the consumer to take over administrative tasks,
including the management of balancing groups or green electricity certificates [126, 129]. In
the case of financial PPAs, financial transactions and physical electricity delivery are decoupled
[126, 129]. This type of PPA contracting ensures a certificate of origin for green power supply
on the balancing sheet.

For green PPAs, the power supply profile can vary significantly, especially depending on the
type of RE power plant. One type of green PPA is the so-called pay-as-produced, which refers
to a supply profile that is equal or very similar to the production of the RE power plant [126,
129]. For PV pay-as-produced PPAs, the supply profile corresponds to a typical PV generation
curve that peaks at noon and is zero at night. Another type of PPA is the baseload PPA [129].
It ensures a fixed supply profile either for a year or each month.

PPA contracts require the supplier and consumer to agree on a purchase price that is mutually
beneficial. The calculation of a fair price for a PPA involves several components, as described
in [126] and summarised below. The base load prices on the stock exchange serve as a
comparative value from which a profile factor, depending on the type of RE generation
technology, is deducted, taking into account the effects of future RE installation capacity.
Other deductions include marketing costs for RE prognosis errors or for balancing energy

25



2 Fundamentals

demands, as well as costs for production risks associated with VRE generation. On the
contrary, the characteristics of green electricity positively influence prices and can be
qguantified through the price of certificates of origin. [126]

26



3. Methodology

The focus of this dissertation is to identify energy system configurations for decarbonised
power supply for industrial flexumer applications, utilising flexibility options such as battery
storage. At its core, this requires a framework to model industrial energy systems and optimise
their energy flows. For this purpose, we develop the Framework for Optimising Sector-
Coupled Urban Energy Systems (FOCUS). It uses the principle of mixed-integer linear
programming (MILP) and the Python programming language. For designing the optimisation
problem, we specifically use the Pyomo package [131]. Gong et al. describe the basic concept
of the FOCUS framework that aims at building models from the prosumer to the city district
scale [132]. However, in the scope of this dissertation, we solely focus on the prosumer level.
Section 3.1 presents the development of the basic prosumer model, which can be applied to
any prosumer application. In Section 3.2, we transform the prosumer into a flexumer model
by implementing a value stacking model for battery storage systems. Section 3.3 contains
implementations of additional tools required by the FOCUS framework.

3.1. FOCUS - prosumer model

The prosumer model of the FOCUS framework features a modular structure. The structure is
based on the concept of object-oriented programming. This includes a class structure that
uses inheritance to create objects with different characteristics. Figure 8 provides an overview
of the prosumer model's structure. The prosumer class forms the core of the model. Its objects
define the main characteristics of a prosumer and process the input data. Implemented
characteristics include the prosumer configuration, comprising installed technical
components, their interconnections, and the overall optimisation strategy and settings. After
creating a prosumer object, it instantiates the component classes and the energy
management system (EMS) class. Component classes can be used to model any energy
conversion or storage components, as well as structural components required by a prosumer.
The component library in Subsection 3.1.2 gives an overview of available component classes.
The EMS class is the central element of the optimisation. It contains the objective function,
which defines the quantity to be minimised or maximised. In a last step, we pass the prosumer
model to a solver. For all optimisations in this dissertation, the GUROBI solver [133] with
academic licence is used. The solver returns the optimal solution, including optimised
component sizes and energy flows between components.

In the following, we use the structure shown in Figure 8 to set up a realistic optimisation
procedure that accounts for the temporal component. When it comes to complex industrial
prosumers, solving the entire optimisation problem as a single entity is challenging, given
limited computational power. Therefore, we choose to implement a two-layer approach,
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Figure 8: Visualisation of the basic structure of the FOCUS prosumer model, including information flows and creation of the
optimisation model by using the Pyomo package. Own illustration based on [123].

separating component sizing from the operation of the energy system (see Figure 9). In the
following, we refer to the sizing and operating layer.

The output of the sizing layer is the optimised sizes of components, which include energy
conversion and storage components. To obtain realistic results, especially for long-duration
storage sizing, it is necessary to optimise over a 1-year period. This is highly complex, as the
size of the optimisation problem increases linearly with the number of time steps. Therefore,
we take several measures to reduce complexity. On the one hand, simplified component
models are used whenever possible. This includes the fact that most components have only
one fixed efficiency. On the other hand, we try to increase the model time step length by
aggregating timesteps whenever possible. Subsection 3.3.2 describes the algorithm for time
step aggregation.

The operating layer receives the optimised component sizes and storage levels from the sizing
layer. In contrast to the sizing layer, which assumes simplified conditions, the operating layer
aims to produce results closer to real operation. Therefore, a so-called rolling horizon (RH)
approach is implemented as described in Subsection 3.1.5. This approach cuts the one-year
optimisation problem into multiple smaller sub-problems and solves them individually. This
reduction in model size enables the use of more detailed component models.
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Figure 9: Comparison of the sizing and operating layer of the FOCUS prosumer model. The sizing layer is always optimised

before the operating layer to determine component sizes, among others.

3.1.1. Prosumer class

The prosumer class provides the basic structure to model any kind of prosumer application. It

consists of several methods that are summarised in Table 7. The creation of a prosumer class

object activates the initialisation method (__init__). As input, it receives the following list of

variables:

@)
@)
@)
@)
@)
@)

name: unique identifier for each prosumer object/scenario

configuration: prosumer layout consisting of several dictionaries and variables
profiles: dictionary containing time series for all required profiles

t_start: time stamp for starting date (format: “YYYY-MM-DD hh:mm:ss”)
t_step: list of all time step lengths for the optimisation

mode: string that distinguishes between sizing or operating layer (see Figure 9)

From the configuration variable, the initialisation function extracts components, connections,

global variables, and services. The components dictionary includes one entry for each installed

component. Each component must have the following standard parameters:

o O O O

type: name of the implemented component type

model: name of the predefined parameterisation model for the specified type
min_size: minimal size of the component in kW (converters) or kWh (storage)
max_size: maximum size of the component in kW (converters) or kWh (storage)
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Table 7: Relevant methods of the FOCUS prosumer class that contain the core implementations to create any kind of

prosumer object.

call Name Input variables Purpose
hierarchy
1 _init_() name = {str}: unique identifier Initialisation of the
configuration = {dict}: prosumer layout Prosumer class object
profiles = {dict}: input time series
t_start = {timestamp}: starting date
t_step = {list}: length of time steps
mode = {str}: sizing or operation mode
2 optimise_sizing() strategy_name = {str}: optimisation strategy Controls/executes the
solver_name = {str}: name of solver optimisation of the sizing
mip_gap = {float}: min. quality of solution layer
presolve = {int}: use presolve model
int_feas_tol = {float}: feasible tolerance
time_limit = {int}: time limit in seconds
2 optimise_operation() | strategy = {str}. optimisation strategy Controls/executes the
solver_name = {str}: name of solver optimisation of the
mip_gap = {float}: min. quality of solution operating layer
presolve = {int}: use presolve model
int_feas_tol = {float}: feasible tolerance
time_limit = {int}: time limit in seconds
t_overlap_default = {int}: overlap RH
t_interval_default = {int}: length RH interval
t_perfect_foresight = {int}: steps with perfect foresight for RH
initial_rsl = {Dataframe}: results from sizing
3 build_sizing_model() | strategy_list = {list}: optimisation strategies Controls the creation of
the sizing model
3 build_rolling_model() | time_steps = {list}: time steps of RH interval Controls the creation of
t_perfect_foresight = {int}: steps with perfect foresight for RH the operation model
initial_rsl = {Dataframe}: results from sizing
fixed_rsl = {Dataframe}: RH results from
previous interval
strategy = {list}: optimisation strategies
4 add_flow_variables() | model = {ConcreteModel}: Pyomo model Adds optimisation
var_dict = {dict}: optimisation variables variables for all
prefix = {tuple}: prefix to name constraint connections between
components
4 add_connection_ model = {ConcreteModel}: Pyomo model Adds optimisation
constraints() var_dict = {dict}: optimisation variables constraints for all
prefix = {tuple}: prefix to name constraint connections between
components
5 _extract_results() var_dict = {dict}: optimisation variables Generates a dataframe
time_steps = {list}: optimisation time steps with the results of the
optimisation
6 save_results() strategy = {str}: optimisation strategy Controls the saving of
results to pkl and csv
formats
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In addition to these standard parameters, components can also have unlimited individual
parameters (see Subsection 3.1.2). To create an energy system, components must be
interconnected. All connections are specified in a connections list. A dictionary containing the
following parameters describes each one-way connection:

from: name of origin component
output: integer that defines the origin component output connector to connect from
to: name of destination component

o O O O

input: integer that defines the destination component input connector to connect to

To set up a complete prosumer model, additional global variables are needed. This caninclude
financial constraints, prices, or emission factors. Mandatory constraints are the interest rate
(vearly_interest) and the planning horizon (p/lanning_horizon), which are required to calculate
the annuities of components.

In contrast to all the previously mentioned configurations, the services dictionary is optional.
Services include flexibility components, such as markets, to provide ancillary services to the
electric power grid. In the services dictionary, single components can be linked to those
services.

Once the prosumer class is initialised, we call its methods, shown in Table 7, in a defined order.
First, the function optimise_sizing() is called, which controls the optimisation of the sizing
layer. It calls the method build_sizing_model(), which is responsible for controlling the
creation of the sizing model. This includes calling respective building functions within the
component and energy management classes. Moreover, the flows between components are
established in the optimisation model by calling the Prosumer methods add_flow_variables()
and add_connection_constraints(). When the optimisation model is finalised, the method
optimise_sizing() passes the model to the solver. Once we receive the optimal sizing result
from the solver, the method optimise_sizing() calls the method _extract results() that
converts the solver results into a Pandas dataframe. This marks the end of the sizing layer and
the beginning of the operating layer, which is started by calling the method
optimise_operation(). This method receives the optimal sizing results and controls the
operating layer. At its core, it cuts the optimisation problem into smaller pieces by applying
the RH procedure. For each RH interval, it calls the method build_rolling_model() that creates
the operation models equivalent to the procedure described for the sizing layer. In parallel,
optimise_operation() continuously collects all RH operation results into a single Pandas
dataframe. In the last step, the method save_results() separately converts the sizing and
operation results to pkl or csv format and saves them to the desired path.
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3.1.2. Component library

One core element of modelling prosumer behaviour is enabling realistic modelling of technical
components. The FOCUS framework's component library serves this purpose. The modular
structure of the library is designed to allow for the modelling of all relevant energy conversion,
energy storage, or structural components. We achieve modularity by applying the inheritance
principle, the main principle of object-oriented programming. The parent component class is
called AbstractComponent (inheritance level 0). It serves as a basic building block for all other
component classes that inherit from it. When creating any component object, the
AbstractComponent class initialises the following list of variables:

name: unique identifier of component

type: component type

input_commodity_1/2: commodities are allocated to inputs 1 and 2
output_commodity_1/2: commodities are allocated to outputs 1 and 2
min_size: minimum size of component

max_size: maximum size of component

o O O O O O O

predictions: dictionary with predictions for time series

The core method of the AbstractComponent class is build_model(). 1t calls the methods
_add _variables() and _add constraints, which exist in any component class, to add
optimisation variables and constraints, respectively. From the AbstractComponent class, we
inherit the base component classes (inheritance level 1). From the base classes, more specific
component classes can be inherited (inheritance level 2). Figure 10 gives an overview of the
implemented inheritance levels and component classes.

The most commonly used base component class is BaseComponent. All generation and energy
conversion components inherit from this class. Its main characteristic is that it features at least
one input and one output variable linked by a mathematical equation that replicates the
physical behaviour of the corresponding component. On the contrary, the BaseConsumption
component class has no output variable and acts as a sink with an underlying demand
characteristic. Moreover, to connect the prosumer to any external energy supply network,
such as public grids, we introduce a BaseGrid class. This class usually has one input and one
output variable and enables buying or selling energy to the external supply network at
different prices. The remaining two classes are a balancing node, represented by the
BaseBusBar class, and the BaseStorage class, which we use for modelling any kind of storage
component. In contrast to the BaseComponent class, the BaseStorage class has only one input
and one output variable, with a possible time lag between them, depending on the storage's
energy capacity.
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Figure 10: Inheritance structure of the component library of the FOCUS framework consisting of three levels. The illustrated
boxes all represent individual class structures. EMS components are not part of the inheritance structure and function as
independent components.

From the component base classes, we inherit the specific component classes, which are
referred to as component types in the following. The component types are classified by
sector/commodity, with the output variable determining which sector they are assigned to.
While this dissertation focuses on the electricity, hydrogen, heat, and gas sectors, other
sectors can be added to the component library. The component types can be understood as
envelopes that have to be filled with parameterisation data. Therefore, for each component
type, multiple parameterisations (models) exist that can differently shape the components'
characteristic behaviour. For many components, a simplified model is used in the sizing layer
to reduce complexity. The full model is typically used for the operating layer. Table 8
summarises all relevant component classes that inherit from the base classes.

In the following, we describe in detail the most important mathematical equations of
component classes. In the programme code, the naming of optimisation variables and
constraints follows a clear structure. In this dissertation, however, to be as compact as
possible, we use simple formula letters for the variable names. Therefore, Table 22 in
Appendix A provides a translation between programme code optimisation variable names and
the formula letters used in the following for the mathematical description of components. In
addition, the table lists all other modelling variables we use to formulate the constraints.
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Table 8: List of implemented relevant component types that are part of the FOCUS framework component library. With the
component types, specific component models can be parameterised, some of which are listed as examples.

Input/output commodities
Input 1: commodity_1 (In1)
Base Component classes Component parameterisations Input 2: commodity_2 (In2)
class (types) (models) - exemplary Output 1: commodity_3 (Out1)
Output 2: commodity_4 (Out2)
electricity hydrogen heat gas
Base PVGenerator PV_ROOF_L Outl
Component PPA_PAP_PV
oPA PPA_PAP_WIND_OFFSHORE outl
PPA_PAP_WIND_ONSHORE
PPA_BASELOAD
GridConnectionPointMV GCPMW 1,2 2,1
Staticlnverter INVPV 1 1
StaticBilnverter INVBAT, INVBAT_SIMPLE 1,2 2,1
StaticBiTransformer TR1 1,2 2,1
ElectrolysisBasic PEM_BASIC, AWE_BASIC In1 Outl Out2
Electrolyzer2Step2Units PEM_2STEP, AWE_2STEP Inl1 Outl Out2
H2Compressor H2COMP In1 Outl
HeatPumplndustrial INDUSTRY_HP Inl Outl
Melting MELT In1 In2
MELT_H2_8MWel,
Melting_H2 MELT_H2_12MWEel, In1 In2
MELT_H2_20MWel
ElectricBoiler BOI2 In1 Out2
Base ElectricalConsumption CNS1 In1
Consumption HeatConsumption TDS Inl
Base Arbitrage ARB_SIMPLE_BUY_FIX 1 1
Grid DirectMarketing DM 1 1
FCR FCR, FCR_SIMPLE 1 1
aFRR aFRR, aFRR_SIMPLE 1 1
H2Grid H2G1, H2_SLACK 1 1
HeatGrid HG1 1]
GasGrid GAS1 1]1
BaseBusBar ElectricalBusBar ELEC_BUSBAR, 2 1
BLCE_GROUP_SIMPLE
Base LiionBattery LFP 1 1
Storage PressureStorage PST1 1 1
ThermalStoragelndustry | THERM_STORAGE 1 1
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3.1 FOCUS - prosumer model

BaseComponent

This class adds three main optimisation variables. This includes two unbounded variables for
each input and output power, as well as a nominal power variable (Py). Two basic
optimisation constraints are added. The first constraint in Eq. (3.1) ensures that the input is
no greater than the maximum capacity. For the sizing layer of the model, a capacity reserve
(Teapres) Can be optionally added. The second constraint in Eq. (3.2) connects the input and
output power with a simple efficiency 7. Another optional constraint allows for discrete sizing
(3.3). Apart from energy-related constraints, we need to factor in component investment
costs as indicated by Eq. (3.4). The BaseComponent class features capital costs, which include
annuities for the investment and fixed operational costs with a factor (ff;y op) Of investment
costs (3.5). For annuities, we calculate the annuity factor (ANF) that is multiplied by the net
present value of the investment. Moreover, additional factors for replacement and residual
values are taken into account. Appendix E contains a more detailed description of financial

calculations.
P, < PP | PR, < PP s (1+ Teapres) VEET (3.1)
Pouzre = Pinie*n VEET (3.2)
P = ngiser * Paiser (3.3)
Keapex = Kiny * PN % (ANF + frivop + frepiace + fresiduat) (3.4)

BaseConsumption

Consumption components require only one optimisation variable for their input. Eq. (3.5)
describes the constraint that links the input to the time series for consumption. The class does
not feature any cost-related constraints.

Phie = Plogae VEET (3.5)

L

BaseGrid

Grid connections for prosumers should be bidirectional, allowing them to draw power from
the grid or inject power into it. As with the BaseComponent class, we define two unbounded
optimisation variables for input and output power, and one bounded optimisation variable for
the nominal power capacity. One condition is that the input and output variables must have
the same commodity. For constraints, we use the identical formula as in Eqg. (3.1) and add
another constraint for the output in Eq. (3.6) to account for the possibility of flows in both
directions. In addition, the model must prevent flows in opposite directions simultaneously
(bidirectional flows), which is physically impossible. Therefore, the constraints in Eq. (3.7) and
Eqg. (3.8) add a limitation on bidirectional flows by using a set of two binary variables. Eq. (3.7)
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ensures that only one binary variable is in an active state (equalling 1) at the same time. The
global variable M describes a large number, referred to as big-M [134], which ensures
unambiguousness. Finally, we consider cost constraints for the BaseGrid class. For capital
costs, it uses the same implementation as in the BaseComponent class, as described in
Eq. (3.9). However, the most relevant costs are the operating costs associated with purchasing
energy from and selling energy to the grid. As an alternative to fixed prices, time-dependent
variable prices can be used by passing a Pandas Series of prices instead of a float value.

PRt <Py VteT (3.6)

Zintt t Zourne <1 z€{01},VteT (3.7)

Piiie < Zinte * M * Pymax | Poitre < Zourre * M * Pymax  VEET (3.8)
Kopex,buy,sell,fix - outl t* n}r)r&ly + Pnl e * 7-"-Sell (3-9)
Kopex,buy,sell,var - outl ¢ * ”Irjrll;ly,t + Pnl t* 7-"-Sell t (3-10)

BaseStorage
To add flexibility to the prosumer energy system, we implement a basic class for storage

components. Equivalent to the BaseComponent and BaseGrid classes, the BaseStorage class
includes two unbounded optimisation variables for input and output. For capacity, however,
we add a bounded variable for nominal energy capacity instead of power capacity. In addition,
the storage model requires an additional unbounded optimisation variable for the storage
level, referred to as the state-of-energy (SOE). In Eq. (3.9), we formulate the power capacity
constraints on the storage's input and output powers. They ensure that input and output
power remain within the specified limits. The calculation of the boundaries accounts for
limitations imposed by efficiencies () and energy-to-power ratios (EPR). On the contrary, the
constraints in Eq. (3.12) ensure that the SOE is always above a lower (SOE,,,;,) and below an
upper (SOE,,4,) threshold. Another mandatory constraint for energy storage is the energy
conservation constraint in (3.13), which calculates the SOE at each time step based on input
and output energy flows and the self-discharge rate (155 acn). TO ensure that the storage is
not charged and discharged at the same time, the constraints in Eq. (3.7) and (3.8) of the
BaseGrid class are equally implemented. In addition, we add an optional negative penalty to
maximise the storage level at each time step, as in Eq. (3.14), which is used only for hydrogen
pressure and thermal storage in this dissertation. For capital cost, the class features the
identical implementation as in the BaseComponent class, as described in Eqg. (3.9).

ml mil
CN Pout1t< CN

Pl owp. <
in1,t * Nin | Mowe — EPR,,

VteT 3.11
~ EPR;, ( )
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E = Epin = SOEpin * Ci | E; < Epax = SOE o *CAY VtET (3.12)

Er = Et_q * Nsetr.ach + Pinie * Nin * tae — Ponty s * *tpy VEET (3.13)

out

Kopexpent = —E; (3.14)

With this basic implementation of the BaseStorage class, we can realistically model a wide
range of storage applications. However, the performance of many storage technologies, for
instance battery storage, depends on degradation behaviour. Calendar ageing can already be
reduced by setting appropriate parameters for the introduced SOE limits (3.12). However, the
model does not yet consider cyclic ageing. Therefore, we implement an additional cycle
limitation constraint according to Eq. (3.15). It limits the cycles by calculating the available
share of possible cycles from the total available cycles (Lcy¢). This share is proportional to
the duration of the optimisation horizon with respect to the total available calendar lifetime
(Lcatendar)- In addition to the regular cycling of the storage, we optionally add a variable for
hidden cycling for ancillary services (Pp;4en) @s defined in Subsection 3.2.4.

Lcycle " ZtA,t
Lcalender 8760 h

1

1 1 1 +

*2CN = 2 ( in1t * Nin + Pouer,e ¥ —— + P;?idden,t) *Tat (3.15)
= Nout

BaseBusBar

This component class serves as a structural element, aggregating multiple components into a
single entity. It is similar to the BaseGrid class and features one input and output optimisation
variable that requires the same commodity. The difference, however, is that pricing on the
input and output is not possible, and there is no clear definition of the direction of the flows.

PR . =Phi, VteT (3.16)

3.1.3. Detailed component modelling

From the basic components in Subsection 3.1.2, we can derive more detailed and specific
component classes. However, all specific components inherit from a basic component and
thus inherit its functionality until overwritten. For most specific components, this only includes
small, relevant changes to adjust component behaviour to the desired output. In the
following, we show the detailed modelling for only those specific component classes that
feature relevant changes compared to the base component classes. Furthermore, in this
subsection, we exclude the ancillary service classes FCR and aFRR as well as the wholesale
arbitrage class, as Section 3.2 focuses specifically on those components.
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PVGenerator (BaseComponent)

This class features different implementations for PV systems. In the scope of this dissertation,
we do not consider the irradiance-based model and solely use the capacity factor (CF)-based
model. The CF-based model requires the equivalent relationship between output and nominal
capacity as described in Eqg. (3.6). In addition, the constraint in Eq. (3.17) defines how the
output energy depends on the CFs. This definition allows for curtailment of generated PV
electricity.

Pgeén,PV,t =Pl S PG *CFpyy VEET (3.17)

PPA (BaseComponent)

PPAs are one contracting option for industrial prosumers to exploit green renewable
electricity directly from external PV, WPP, hydropower, or other RE generators. The PPA class
allows for the inclusion of such external renewable electricity generation. The implementation
is similar to the PVGenerator class. However, we need to account for an efficiency loss in
electricity transmission and distribution and introduce a pricing option. Eq. (3.18) describes
the efficiency loss (a modification of Eq. (3.17)), while Eq. (3.19) models a constant purchase
price for generation from PPAs. Furthermore, unlike the PVGenerator class, the constraint in
Eqg. (3.18) does not allow any PPA curtailment; however, the PPA's availability can be varied
with the CF parameter.

l — l — l l
Pienppat = Poutre = Pn * CFE" * Ny giser VT ET (3.18)
— l
Kopex,contr,PPA - Pgutl,t * 77:PPA,conlfr * tA,t VteT (3-19)

StaticBilnverter and GridConnectionPointMV (BaseComponent)
In prosumers with RE generators, often a conversion between direct current (DC) and

alternating current (AC) is necessary. Inverters serve this purpose. In the StaticBilnverter class,
we add a bidirectional inverter to the component library for use with battery storage. The
class features two inputs and two outputs. The constraints in Eq. (3.20) connect inputs and
outputs with a fixed efficiency. Other constraints equivalent to those in BaseGrid in Eq. (3.8)
impose a bidirectional flow limitation, ensuring that we can use the inverter in only one
direction at a time. The same model is used for the GridConnectionPointMV class, which allows
for modelling a GCP. It also requires limiting bidirectional flows to avoid circular energy flows
in the model.

l _ l l _ l
Poeutl,t - Piilz,t * Ninv | Pgutz,t - Piill,t *Ninv VteT (3-20)
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ElectrolysisBasic and Electrolyser2Step2Units (BaseComponent)

The decarbonisation of industrial prosumers often comes with a fuel switch from NG to
hydrogen. This, for instance, is necessary for the glassworks use case in this dissertation, which
requires high melting temperatures and thus a high energy density of the energy carrier used.
As hydrogen is not widely available today, electrolysis systems can be a solution to produce
green hydrogen. Therefore, with a more simplistic approach in class ElectrolysisBasic and a
more detailed approach in class Electrolyser2Step2Units, we implement two models for
electrolyser systems. The simplistic model requires only a few constraints. The constraint in
Eq. (3.21) adds a calculation for hydrogen output using a simple efficiency factor applied to
the electricity input. Equally, the constraint in Eq. (3.22) defines the waste heat output as the
difference between the total and hydrogen efficiencies. Another particularity of the
electrolysis system models is that, for capital expenditures, we separate costs into periphery
and stack-related components, as they have different lifetimes. The stack's lifetime in years is
calculated according to Eq. (3.23). This leads to different annuity factors, replacement costs,
and residual values as indicated by Eq. (3.24).

P2, = Pienll,t * Nel,H2 (3.21)
PoHuet%ft = Pienll,t * (77el - nez,m) (3.22)

L _ Tstack,life,hours
stack 8760 * (1 — poff.min)

(3.23)

Kcapex = Kcapex,periphery + Kcapex,stack
— mil
- Kinv,periphery * Py * (ANFp + ffix,op,p + freplace,p + fresidual,p) (3-24)

ml
+ Kinv stack * PN * (ANFS + ffix,op,s + freplace,s + fresidual,s)

Based on the simplistic electrolyser system model used for the sizing layer of the optimisation,
the class Electrolyser2Step2Units adds a more complex approach for the operating layer. More
detailed modelling is required to account for the comparatively slow dynamics and the specific
efficiency curves of electrolysers in real operation. For the more complex approach, we follow
the recommendations of Baumhof et al. [135]. In a first step, using three binary variables, we
define three possible operational states: off-mode, standby-mode, and on-mode. Eq. (3.25)
ensures that the electrolyser system can only be in one state at a time. Eq. (3.26) defines valid
power states or ranges for the respective mode. The constraints in (3.27)-(3.30) ensure that
the binary variables take on the desired power states and ranges. Moreover, to account for
the modularity of an electrolysis system, we model two identical units. All equations below
are only describing one of the two identical units, which is why the nominal system power is
always divided by two.
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Zoff,t + Zstandby,t + Zonl,t + Zonz,t =1 zZ € {0;1}; VteT (3-25)
Pt P!
Poff =0 Pstandby = 7 * Pstandby Pon,startup = 7 * Pon,startup
pe pe (3.26)
Pon,upper = 7 * Pon,upper Pon,lower = 7 * Pon,lower
—péel
Zopfr < 1(;“ +1 VteT (3.27)
P'enll t Pstandby Pstandby - P'?lll t
Zstandby,t = — +1 | Zstandby,t = 7241 VteT (3.28)
M M
Pt —p P _ pel
Zonl,t < inl,t on,upper +1 | Zon1,t < on,startup inl,t +1 VteT (3.29)
M M
pel . —P, P — pel
Zonz,t < inl,t Mon,lower +1 | Zonz,t < on,uppe;\”/l inl,t +1 VteT (3_30)

For the defined operating modes, we can define the hydrogen output of the electrolysis
system. For off- and standby-mode, we define the hydrogen output as zero as indicated in
Eg. (3.31). In on-mode, in contrast to the implementation in class ElectrolysisBasic, the class
Electrolyser2Step2Units features a linearised efficiency with three interpolation points,
resulting in two linearisation areas, as illustrated in Figure 11. We calculate the slopes
(m1,m2) according to Eq. (3.32) and Eq. (3.33) and use them to formulate the linearisation
constraints to obtain electrolysis system hydrogen output (3.34).

PG e * Zorre =0 | Pz e Zstanabyt =0 VL ET (3.31)

Pon,startup * non,startup - Pon,upper * non,upper

ml = (3.32)
Pon,startup - Pon,upper
m2 = Pon,upper * 770n,upper - Pon,lower * non,lower (3 33)
Pon,upper - Pon,lower
H2 el
Poutl,t < (Pinl,t *ml + Pon,startup * non,startup) * non,N * Zonl,t vteT (3 34)

H2 el
Poutl,t < (Pinl,t *m2 + Pon,lower * non,lower) * non,N * Zonz,t vteT
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Figure 11: Schematic illustration of the linearisation process for the electrolysis system efficiency curve during on-mode in
the FOCUS framework. The method considers three characteristic efficiency points similar to the description in [135].

Another important characteristic of an electrolyser system is the cold-start behaviour from
off-mode to on-mode. To detect the cold start state, we introduce an additional binary
variable. The variable is potentially activated when the electrolyser system is switched on and
has not been in on- or standby-mode in the previous time step (3.35). The constraints in Eq.
(3.36) narrow this down by ensuring that, before a cold start, the electrolyser system is tuned
off. Moreover, they ensure that an off and cold start mode cannot occur simultaneously, and
that it is not possible to go from off to standby mode. Finally, we consider an increased ramp-
up time for electrolyser systems with the constraint in Eq. (3.37) that limits the input power
during cold start to a percentage (Pramp,cota) Of Nominal input power.

Zeold,t 2 Zon1,t + Zon2,t — Zon1,t—-1 — Zon2,t—-1 — Zstandby,t—1 VAS {011}' VteT (3-35)

Zeotdr < Zofri-1 | Zeotar + Zofrt < 1 | Zstanavye + Zofre-1 <1 VEET  (3.36)

Pﬁl P]\e}l
l
2 - ienl,t 2 Zeold,t * Pramp,cold * —2 vteT (3.37)

Furthermore, electrolysers have downtime that needs to be accounted for. The constraint in
Eq. (3.38) ensures that the sum of time steps for off- and standby-mode is at least as high as
the sum of availability (A) of the electrolysis system.

Z Zoff.t + Z Zstandby,t = Z At (3.38)

teT teT teT
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Another modification in the Electrolyser2Step2Units class compared to the ElectrolysisBasic
class is the calculation for waste heat output. The assumption with constraint (3.39) is that a
certain percentage of waste heat (ppeqri0ss) 1S non-recoverable. Furthermore, when the
electrolyser system is not in on-mode, no heat output is possible according to the constraint
in Eqg. (3.40).

Pais: < Pi?qlu * (1 - pheat,loss) — Pz, VtET (3.39)
ngt%ft < M = (Zonl,t + Zonz,t) VteT (3-40)

Pgluet%ft = M * (Zonl,t + Zonz,t - 1) + Pienll,t * (1 - pheat,loss) - Pgiztl,t vVteT (3-41)

The last remaining implementation for the Electrolyser2Step2Units model concerns
operational costs. Under current regulations, the electric power grid fees, levies, and taxes for
the electrolysis system can be reimbursed, as we account for in Eq. (3.42). However, the
reimbursement is only applied to selected scenarios as defined in Subsection 4.2.

— el el
Kopex,levy,tax - _Pinl,t * 7-"-fee,levy,tax (3'42)

H2Compressor (BaseComponent)

Efficient storage of green hydrogen produced by the electrolyser system requires a
compression unit to increase the energy carrier's volumetric energy density. For this purpose,
the class H2Compressor models the required compressor unit to account for the additional
energy consumption of the compression process. With the constraint in Eq. (3.43), we
normalise the compressor size to the second input commodity, namely hydrogen.
Furthermore, with the defined constraint in Eq. (3.44), we assume that the hydrogen input
equals the hydrogen output, so no hydrogen losses occur. Finally, the constraint in Eq. (3.45)
introduces a factor for electric power consumption in kWe per compressed kWhu, of

hydrogen.
P2, <Pff* vteT (3.43)
Pl =Pl5, VteT (3.44)
Pilie = Phbe * Clns VEET (3.45)

Melting and MeltingH2 (BaseComponent)

The central component with the highest energy consumption of the glassworks use case in
this dissertation is the melting furnace. We model this component with the Melting and
MeltingH2 classes. These very simplified representations do not consider thermodynamic
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processes, as this is not the focus of this work. Instead, we connect the two input variables of
the classes solely to two exogenous demands, as shown in Eq. (3.46). While the Melting class
represents the fossil furnace with NG demand, MeltingH2 receives a hydrogen demand
instead.

el _ pel NG _ pNG H2 _ pH2
Pinl,t - Pload,t | Pinz,t - Pload,t Pinz,t - Pload,t VteT (3'46)

HeatPump (BaseComponent)

Industrial prosumers often have large waste-heat sources and process-heat demands.
Specifically, in use cases involving an electrolysis system, waste heat utilisation can increase
overall energy efficiency. The efficient exploitation of waste heat requires high-temperature
HPs that convert waste heat at 70-80°C into industrial heat demand at around 100°C (see
Subsection 4.1). To model this behaviour, we implement the HeatPump class. Eq. (3.47)
defines the input and output of the system as connected via a variable efficiency, known as
the coefficient of performance (COP). The COP depends on temperature levels, which we
calculate outside the optimisation model using Eq. (2.1).

Pohlfglt,t = Pienll,t * COP; (3.47)

DM (BaseGrid)

The component for direct marketing (DM) (German: Direktvermarktung) serves as a sink for
RE generation to account for compensation of electric power grid feed-in (see Subsection
2.4.1). The component uses only one input from the BaseGrid class and compensates for the
energy inflow using a time-varying price defined by the constraint in Eq. (3.48). Moreover,
power grid fees, levies, and taxes have to be applied when feeding into the public electric
power grid.

_ el el el el
Kopex,feed,pmt = _Pinl,t *Tpmt * tA.t + Pinl,t * Mfee levy tax VteT (3.48)

3.1.4. Energy management system

Another type of component included in the FOCUS components library is the energy
management system (EMS) components. EMS components are fundamentally different from
other component types, as they do not fit the typical class-and-inheritance structure. Their
purpose is to add the optimisation objective, for instance, minimisation of overall system costs
or equivalent CO; emissions, or to add additional overall constraints that apply to the
prosumer energy system. For this dissertation, we use 6 different EMS components. All EMS
components are described in this subsection, except for the services EMS that are covered in
detail in Subsection 3.2.4.
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Main EMS (EnergyManagementSystem.py)

The purpose of the main EMS is to collect cost and CO, emission data from all existing
components of the prosumer energy system and use them to formulate the objective
function. For costs, we differentiate between capital expenditures (CAPEX) and operational
expenditures (OPEX). OPEX mainly consist of energy purchasing costs (Kqpex buy,seir), €mission
costs (Kopex,em), PeNalty costs (Kopex pen), l€VY and taxes (Kopex tevy,tax), and revenues from
providing grid services (Rgervice)- We can choose three optimisation strategies, of which we
use only the first and second (S1 and S2) in this dissertation. However, the third strategy (S3)
is included in the description for the sake of completeness:

S1: annuity: minimisation of annuity

o S2:annuity_with_peak_power_costs: minimisation of annuity with consideration of
peak power costs

o S3:co2: minimisation of equivalent CO; emissions

0bj(51,52) = min (2 Z[xcapex_c + xopex_c,t]) EUR (3.49)

teT ceC

Obj(53) = min <Z Z ecjt> tCo, (3.50)

teT ceC

Kopex,c,t(Sl) = Kopex,buy,sell,c,t + Kopex,em,c,t + Kopex,pen,c,t + Kopex,levy,tax

(3.51)
+ Rservice EUR
Kopex,c,t(SZ) = Kopex,c,t(Sl) + Kopex,pp EUR (3 52)
— l :
- K'-opex,c,t(Sl) + nle)P * Pgeclp,max EUR
Rservice = Z(RFCR,L“ + Rarrrt + Rarpt) EUR (3.53)
teT
l l l s . pel _
Prflax 2 Pi%l,gcp,t - Prilax,sizing I S1ZIng layer' Prilax,sizing =0 (3-54)
— el l
Kopex,levy,tax - n]gee,levy,tax * Pienl,gcp (3-55)
where t = time steps in optimisation interval T P = power
e = equivalent CO; emissions R =revenue
L = lifetime of components K = costs
i = interest rate for investment T = price
c = conversion/storage components
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As the definitions show, the strategies S1 and S2 in Eq. (3.49) are very similar. The only
difference from S1 to S2 is that for commodity electricity, we add annual peak power costs as
shown in Eq. (3.51) and (3.52). Annual peak power costs (kpp) are calculated by multiplying
the maximum peak load within 15 minutes of one year at the electric power GCP (Pgeclp,max
with the peak power price (&h). The maximum peak power is determined with the constraint
in Eq. (3.54). For the operating layer of the model, we subtract the maximum peak power
from the sizing layer to factor in only additional peak power. Another part of OPEX is energy-
related grid fees, levies, and taxes for electricity. We calculate them for all imported electricity
via the GCP in accordance with Eq. (3.55).

Green hydrogen production EMS (EnergyManagementSystemRED.py)

The regulations for green hydrogen production in Europe are defined by the RED Il and Il [21],
as described in detail in Subsection 2.4.2. This requires additional constraints for the
developed prosumer model to ensure temporal alignment between RE generation from PPAs
and electrolysis system demand. The relevant granularity for the evaluations is hourly and
monthly matching. In a first step, we define the sum of all generation from PPAs and RE onsite
generation for a potential PV rooftop system available after the GCP, according to Eq. (3.56).

PI(;IIDA,sum,t = Z Pf,lt *MNeep T Plfll/,roof,t VteT (3.56)
XEPPA

Using the available generation from PPAs, we can define constraints on the potential PPA
inflow to the battery inverter. This requires the definition of a positively bounded optimisation
variable (Pﬁ,lpAﬁinv,bat,t). Eq. (3.57) states that the battery inverter PPA inflow must be less
than or equal to the difference between the total available PPA generation and the electrolysis
system's total consumption. In addition, we add the battery inverter PPA outflow to avoid
infeasibility in the equation when the electrolysis system demand exceeds available
generation from PPAs. Furthermore, we need to constrain the battery inverter PPA inflow to
the maximum battery charging power and consider other potential inflows from ancillary
services, including FCR and aFRR (for definitions see Subsection 3.2.2 and 3.2.3) as defined in
Eqg. (3.58). We can neglect wholesale energy in the constraints, as generation from PPA has
priority, and wholesale power is distributed accordingly on the balance sheet.

el el el el
PPPA—)inv,bat,t S PPPA,Sum,t - Pely,inl + Pinv,bat—>PPA,t VteT (3.57)

el el el el
PPPA—»inv,bat,t = Pinl,inv,bat,t - (Poutl,FCR,t + Poutl,aFRR,t) * ngcp VteT (3-58)

In the next step, the PPA inflow to the battery inverter can be used to define a virtual energy
level (Epqe ppa) Of the battery concerning stored generation from PPAs. This virtual energy
level must always be lower than or equal to the actual energy level of the battery storage, as
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defined by Eq.(3.59). As for the BaseStorage class in Eq.(3.13), we define an energy
conservation constraint on the virtual energy level in Eq. (3.60).

Eparprat < Epare VEET (3.59)

— el
Evat,prac = Ebat,ppac—1 * Nseif,ach + Pppasinvpat,t * Ninv,pat * Ninpat * tae

o 1 (3.60)

inv,bat—PPA, e * % * tA,t VteT
ninv,bat nout,bat

Similar to the inflow of generation from PPAs to the battery inverter, the outflow requires
additional constraints. On the one side, we limit the PPA outflow to the available stored
generation from PPAs by using the virtual storage level as defined in Eq. (3.61). On the other
hand, the PPA outflow is limited by Eq. (3.62) to the battery inverter's total output power
minus the activated output power for ancillary services, including FCR and aFRR.

el
inv,bat—PPA,t < Ebat,PPA,t * ninv,bat * 770ut,bat * tA,t vVteT (3-61)

el
(Pinl,FCR,t + Pnl aFRR, t)

el < Pel

inv,bat—-PPA,t = Youtl,inv,bat,t ~ VteT (3'62)

Ngcp
With knowledge of the PPA flows to the battery storage, we can construct a constraint to
ensure RED Il compatibility, as indicated in Eq. (3.63). This means we do not allow the
electrolyser system's input power to exceed RE generation from PPAs (directly or via battery
storage). Depending on the requirements of the RED I, this condition is ensured within the

length of the correlation time interval (At). For instance, for hourly correlation, the condition
is ensured for every hour (T;) within the optimisation interval (T).

t+At t+At

z ely inl,t = Z( PPA,sum,t + Pienlv,bat—>PPA,t) vVt e T' VAt € TAt (3'63)
t

For the operating layer of the prosumer model, in the case of monthly correlation, another
approach must be chosen, as the applied rolling horizon (see Subsection 3.1.5) is limited to a
window of 24 hours. Therefore, we use the results of the sizing layer to define an upper
threshold, as indicated in Eq. (3.64), that accounts for possible flexibility.

t+At t+At t+At
l
z ely in1,t = Max (Z P PPA,sum,t Z P:ly,inl,t,sizing > Vt € T,VAt € Ty, (3.64)
t
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3.1 FOCUS - prosumer model

Direct marketing EMS (EnergyManagementSystemDM.py)

Direct marketing (DM) (German: Direktvermarktung) refers to a mechanism to regulate
compensation for RE generators feeding into the electric power grid in Germany (see
Subsection 2.4.1). The EMS for DM is mainly responsible for ensuring that the compensation
is applied only to RE generation within the prosumer energy system. Eq. (3.65) ensures the
validity of this criterion.

m1 oMt < z Ctare VtE€T|r € R{renewable generators} (3.65)

Thermal component sizing EMS (EnergyManagementSystemThermalSizing.py)
The sizing of thermal components can be highly sensitive when aiming to exploit waste heat

potential. This is particularly the case when waste heat potential depends on the operation of
other components or exhibits seasonal characteristics. Ensuring that the sizing of thermal
components in the model's sizing layer is also feasible in the operating layer requires an
additional sizing constraint. The critical point for supplying the thermal load is when it reaches
the annual maximum. Therefore, in this case, we define that the thermal power rating of all
heat-supplying components needs to be equal to the maximum load. For the glassworks use
case, thermal conversion components include the electric boiler and industrial HP. Eq. (3.66)
ensures that their rating equals the maximum annual thermal load.

PTflI}lx = NHP P N,e—boiler (3-66)

Battery sizing EMS (EnergyManagementSystemBatSizing.py)

For sizing the battery storage system, one important characteristic is the energy-to-power
ratio (EPR). When considering ancillary services in the operating layer of the model, it is
necessary to limit the EPR ratio in the sizing layer to a typical range to improve battery
utilisation in the operating layer. As we separately model battery inverter and battery storage
units, we formulate an additional constraint in Eq. (3.67) to ensure the EPR stays within the
defined lower (EPRpq¢ min) and upper (EPRp gt max) bounds.

CN bat Pelec CN bat (3.67)

pe < — =
N,inv,bat EPRbat min N,inv,bat EPRbat max

3.1.5. Rolling horizon approach

At the operating layer (see Figure 9), we intend to increase the modelling detail for
components and the prosumer energy system to obtain results closer to real operation. This
results in increased complexity of the optimisation model, pushing it to the limits of solvability.
To overcome those computational limitations, we implement a so-called rolling horizon (RH)
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approach, commonly used in the literature for MILP problems (see Subsection 2.1.1). The
basic principle is to cut the optimisation problem into smaller pieces. Figure 12 shows the
basic structure of this approach's implementation for our use case, including the most
important variable definitions.

Operating layer (rolling horizon)

Iteration 1 JEeeiiige]

Control

Iteration 2
[}

°

I
1
1
i i
Iteration n-2 ! i Control
H ! Legend i :
. H ! H Control horizon i H
Iteration n-1 i i [ Prediction horizon i i Control
i E [ Transfer of component sizing i i ! i
: 1 I Il Transfer of storage levels i ! I :
lteration n i i Il Transfer of results H i i i Control
1 1 H 1
1 1 1 H 1 i
1

1
i ! V
Results Operating results
1 1

v Optimization time

v

Figure 12: Illustration of the Rolling Horizon (RH) approach for the operating layer in the FOCUS prosumer model. Own
illustration based on information in [29].

Usually, the optimisation horizon for the FOCUS prosumer model is one year (8760 time
steps). We divide this horizon into smaller sub-problems (scheduling horizon), which consist
of a control and a prediction horizon. For the control horizon, as a trade-off between
accuracy/predictability and solving time, we choose a length of 24 hours as supported by the
literature [29, 57]. The control horizon is the time interval at the beginning of each sub-
problem during which we do not modify our inputs, assuming perfect foresight. We set the
length of each control horizon to 4 hours to align with the product length in frequency control
markets [90]. The prediction horizon is the time range from the end of the control horizon
until the last time step of the sub-problem. The resulting length with the above assumptions
is 20 hours. Typically, the prediction horizon includes forecasts for all time series of the energy
system to achieve a more realistic operational profile. However, for simplicity, we assume
perfect foresight as the standard setting in this dissertation. After solving an RH sub-problem,
the results for the control horizon are taken as the final results. For the next RH iteration, we
shift the sub-problem by the length of the control horizon and transfer the states for
continuous variables, such as storage levels. The process is then iteratively repeated until the
end of the full optimisation horizon.
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3.2 FOCUS - flexumer model

To implement the RH approach into the FOCUS prosumer class, some structural adjustments
are necessary. Using the method add_fix_sizing_constraints(), optimised sizing values can be
transferred to the operating layer and between RH sub-problems. For energy storage, we
transfer storage levels between RH sub-problems using the add _fix_storage constraints()
method. The constraint in Eq. (3.68) defines this transfer.

SOERH,IterationZ — SOERH,Iterationl (3.68)

t_start t_end

3.2. FOCUS - flexumer model

Flexibility is playing an increasingly important role for industrial companies, especially in view
of the fluctuating energy prices during the recent energy crisis [3]. One component that can
provide this flexibility is industrial-scale battery storage. Over the past few years, significant
technological progress has driven rapid growth in the German market for industrial battery
systems (see Figure 2). Moreover, combining battery services in so-called value stacking or
multi-use approaches is becoming increasingly popular [12]. Therefore, we develop a value
stacking model to complement the FOCUS prosumer model and convert it into a flexumer
model. While peak shaving and RE integration are already covered by the implementations in
the BaseStorage class (see Subsection 3.1.2) and the energy management system (see
Subsection 3.1.4), this section adds necessary mathematical formulations for FTM services.
This includes a wholesale trading (arbitrage) component in Subsection 3.2.1 and ancillary
services components in Subsection 3.2.2 (FCR) and 3.2.3 (aFRR). Moreover, implementing
FTM services entails many additional constraints, requiring an energy management
component as described further in Subsection 3.2.4.

3.2.1. Wholesale trading (arbitrage)

The arbitrage component inherits from the BaseGrid class (see Subsection 3.1.2). In Eq. (3.69),
we define the input and output power of the arbitrage component as the sold and bought
quantity of a discrete product size (P_fé”,buyjstep) in kW. The current discrete product size (x)
for DA and IDC markets is 100 kW (xfélsff,uy = 100 kW). Another important characteristic of
trading markets in general is the product length, thus temporal duration. The constraint in
Eq. (3.70) ensures that the arbitrage operation complies with the trading product length of
the respective market. We apply this constraint to all time steps except for possible
start/delivery times for arbitrage (T,,,). For instance, in the DA market with a one-hour
product length, possible start/delivery times are always at the full hour.
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el _ pelx discr el _ pelx discr
Pinl,t - Psell,t * Xsell | Poutl,t - Pbuy,t * xbuy VteT (3-69)
el — pel el — pel
sell,t — Psell,t—l | Pbuy,t - Pbuy,t—l vt ¢ Tarb (3-70)

By using the definitions for purchasing and selling power, we can calculate the revenue for the
arbitrage component with Eq. (3.71) and (3.72). The revenue mainly depends on the price
(T arb,set,puy) that is usually time-dependent. However, the implementation also allows the

use of fixed prices.

_ pel _ pel
Karbsellt = Pinl,t *TMarp,sell,t * tA,t Karb,buy,t - Poutl,t * 7-’-'arb,buy,t * tA,t vteT (3-71)

Rarb,t = Karb,sell,t — Karb,buy,t VteT (3.72)

For the sizing layer of the flexumer model, the arbitrage component provides a very flexible
energy source, as with perfect foresight, the model can find the optimal trading schedule.
However, this might not be a realistic schedule and might overestimate the real arbitrage
potential. Therefore, we define a possible trading limit with the constraint in Eq. (3.73).

el el el el
Pinl,t < Plimit,sell | Poutl,t < Plimit,buy VteT (3-73)

Finally, the arbitrage component needs to account for equivalent CO, emissions from the
electric power grid. Therefore, with the constraint in Eq. (3.74), we multiply the emission
factor (EF) in gCO; per kWh by the energy we sell in wholesale markets. The factor can be
either a time-dependent variable or a fixed value across all time steps.

el

earb,t = Poutl,t * EFarb,t * tA,t VteT (3-74)

3.2.2. Frequency containment reserve (FCR)

FCR as an ancillary service is characterised by a simple market design that makes it attractive
for battery storage (see definitions in Subsection 2.2.3). It features only one capacity product
every four hours, which is symmetrical and thus includes positive and negative provision [90].
To ensure that we fulfil the four-hour product blocks (Tje, rcr) We apply the identical
constraint as for arbitrage in Eqg. (3.75) to the FCR capacity product (Pfflp_FCR). The constraint

now is only valid for time steps that are not the delivery times of FCR (Ts;qrt rcr)-

Pfép,FCR,t = Pcecip,FCR,t—l Vt & Tsearercr = [Oh, 4R, 8h, ... ] (3.75)
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3.2 FOCUS - flexumer model

Based on the reserved FCR capacity, we can calculate the activated FCR power. It depends on
the frequency deviation of the electric power grid relative to the desired 50 Hz frequency. For
frequency deviations, however, data processing is needed. The ancillary services module in
the FOCUS Tooling library (see Subsection 3.3.1) converts high-resolution frequency
measurement data into activation factors (a) that we can use to formulate constraints. With
the net frequency deviation factor (azl]‘?t) in Eq. (3.113) and (3.114), we can formulate the
potential activated FCR power constraint in Eq. (3.76) for negative and positive activation. The
product size for reserved capacity is in megawatt (MW) steps (x,?éSRCT = 1000 kW). The
constraint in Eq. (3.77) defines the maximum of the activation power.

el,+ — pel discr net,—
Poot,rcre = Peap,rcrt * XFCR * Qpp ¢ (3.76)
Pel’_ _ Pel % xdiscr " anet,+ :
pot,FCR,t — " cap,FCR,t FCR Aft
elmax,+ _ pel 3
Pact,FCR,t = Pcap,FCR,t * 10 (3.77)

In the following, the potential activation power is limited. Depending on the net frequency
deviation (Afp...) we define allowed ranges for the real activated FCR power in accordance
with the prequalification (PQ) conditions [94]. The conditions allow exceeding the activated
power by 20% at all times. When the net frequency deviation is less than 10 mHz, the operator
has the flexibility to choose whether to provide power, a feature referred to as dead band.
From 10-200 mHz, the activated power must increase linearly with the frequency deviation. If
the deviation exceeds 200 mHz, the operator must fully activate the reserved capacity. The
constraint in Eq. (3.81) connects positive activation to the output and negative activation to
the input of the FCR component.

Afpets < 10 mHz: 0 < Poitocre < Poaircre * 1.2 VtET  (3.78)

10 MHz < Afpery <200 mHz:  Povtion, < Pobt o S Potre*x12 VEET  (3.79)

P = P

Afnet,e > 200 mHz Paviicre < Pacirere * 1.2 VEET  (3.80)
1 _ pel+ ! _ pel-

PSyi rere = Pactrerye | Putircrt = Pactrere VEET (3.81)

In a final step, we can calculate the FCR revenue with the constraint in Eq. (3.82). The revenue
mainly depends on the reserved power and the market-clearing price for FCR (1 ;qp rcr). We
normalise the revenue to the product length (T}ep, rcr)-

_ pel discr At
Recrt = Peaprerit * XFCR' * Teaprcrt ¥ m—— VLET (3.82)

Tlen,FCR
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3.2.3. Automatic frequency restoration reserve (aFRR)

In contrast to the FCR provision, the aFRR market allows bids for four products (see definitions
in Subsection 2.2.3). This includes separate bids for the reserved capacity (aFRR capacity) and
activated energy (aFRR energy), as well as separate bids for positive and negative provision
[90]. Therefore, it is effectively more complex to integrate the aFRR component in the FOCUS
component library. Similar to the FCR implementation in Eq. (3.83) and (3.84), we start by
defining constraints that ensure compliance with the aFRR product length. Here, we
distinguish between aFRR capacity with a product length of four hours, and aFRR energy with
a product length of 15 minutes [90]. At the same time, we consider that when participating in
the aFRR capacity market, it makes sense to participate in the aFRR energy market with at
least the same capacity to avoid being activated free of compensation.

L+ L+
Pceap,aFRR,t = Pcilp,aFRR,t—l vt $ TStart,cap,aFRR = [Oh; 4‘h; 8h; ] (3-83)
pett = peit vt e = [Oh, 4h, 8h 3.84
E,aFRR,t — "E,aFRR,t—-1 ¢ start,E,aFRR —[ ) ) '] ( . )
L+ L*
Py irrrt = Poparrry VEET (3.85)

In the next step, a set of constraints is formulated to determine the positive activated aFRR
power for the aFRR energy market. This requires using a cumulative activation factor (ag:t*
as provided in Subsection 3.3.1. The activation of positive and negative power is modelled
separately, as it is possible to place individual bids for both directions. Therefore, we
implemented the condition that the positive activated aFRR power must not become negative.
Eq. (3.86) to (3.87) use a binary variable (z,.. 1) in combination with the big M method to
ensure that this condition is valid for all time steps. Finally, the constraint in Eq. (3.88)
calculates the activated positive aFRR power. It is multiplied by an activation factor f;.¢ 4rrr
that indicates the average power the asset is called up on. Products for activation are in

megawatt steps (x5 = 1000 kW).

x _ pel+ cum,+ _ el,— cum,—

P™ = Pg arrRit * Uqctrt Pgirrrt * Qact <M *Zgerny VEET (3.86)
el,— cum,— el,+ cum,+ _

Pe arrrt * @actt Peirrrt * Xaere <M —2zgerne) VEET (3.87)
el _ pel+ _ p* discr

Pinl,aFRR,t - Pact,aFRR,t =P * XaFRR * Zact,1,t * fact,aFRR VteT (3-88)

Similarly, the negative activated aFRR power must not become positive. Therefore, we define
equivalent constraints for negative activation in Eq. (3.89) to (3.90). Negative power is
activated according to the constraint in Eq. (3.91).
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*xx __ pel,— cum,— el,+ cum,+
P =Pz irrre * Qactt — Prarrrt * Xactt =M *Zgetpr VEET (3.89)
el,+ cum,+ el,— cum,—
Py irrrt * %acti — Prarrrt * Qactt < M(1—zget1e) VEET (3.90)
el,— . pD** discr
Poutl aFRRt = Pact arrre = P™" * XaFRR * Zact,2t * factarrr  VEET (3.91)

With defined factors for aFRR capacity and energy provision, we can calculate the revenue of
the component. In contrast to FCR, it depends on reservation power as well as activation
energy. Eq. (3.92) calculates revenues for aFRR capacity reservation, and Eq. (3.93) calculates
revenues for activated aFRR energy. The total aFRR revenue is the sum of both shares (3.94).

_ pelt discr
Reap,arrrt = PeaparRRt ¥ XaFRR * 7Tcap arrrt *tae VEET (3.92)
_ pelx discr
Ract,aFRR,t - Pact,aFRR.t * xaFRR * nact aFRR,t * tA,t VteT (3'93)
RaFRR,t = Rcap,aFRR,t + Ract,aFRR,t vVteT (3.94)

3.2.4. Services Energy Management

In addition to the ancillary services component model, an external energy management model
is required. It ensures that FCR and aFRR capacity is reserved at the appropriate components,
and that SOE limitations for storage components, such as batteries, are considered.

Capacity provision

For battery storage, capacity needs to be reserved at the battery inverters. We need to
differentiate between negative and positive capacity provision. With the constraint in
Eqg. (3.95), we reserve positive capacity at the inverter output. The battery inverter output
must always be less than or equal to the nominal inverter capacity minus the share of unused
FCR and aFRR reserve capacity. This unused share results from subtracting reserved capacity
from activated energy. For aFRR, reserved capacity refers to the capacity of aFRR energy
where we always bid equal to or higher than the aFRR capacity, as defined in Eq. (3.85).
Eq. (3.96) provides the equivalent constraint for reserving negative capacity at the inverter

input.
Z Poutrce < Z Pﬁfc + P/ I = {battery inverters},Vt € T
cel cel
el discr el,+ discr el,+ el + (3.95)
P/ = —Peap,rcre * Xrck' — Prarrrt * XarRR t FPactpere + Pactarrre
| =

Ngcp
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Z Pinice < Z A I = {battery inverters},Vt € T
c€l c€l (3.96)

P = (_P ceép,FCR.t *xpen — P lse,lciz_?RR,t * xapak + P, aecli,_FCR,t +F, aecli,_aFRR,t * Ngcp
The activation of FCR results in changes in the battery's storage level. Therefore, the PQ-
conditions [94] demand a recharge management for energy storage that can be activated at
any time. With the constraints in Eq. (3.97) and Eq. (3.98), we account for a recharge reserve
(r) as a percentage of reserved FCR capacity. For aFRR, this limitation does not exist.
Depending on the inverters' capacity and the battery's power capacity, one or the other
constraint is more restrictive.

P ceci FCR,t * xgéSRCT
z PEl. = (1+71)* < P ) VtET (3.97)
cel Mgep
C P&, FCRt * xgésRcr
MBS (147) % ( capFCRE ) VtET (3.98)
EPRout,in ngcp

Energy provision

In accordance with the allocated capacity of the respective market, sufficient energy must be
available in the battery storage at all times for full activation of FCR and aFRR over the period
of the minimum activation times (T,;) [94]. Therefore, in a first step, we define the maximum
possible charging and discharging energies using Eq. (3.99), based on the current battery
storage level. For this, we define a path efficiency (7,4:x) that includes losses at the battery

unit and at the inverter.

Edch,t = (Ebat,t - Emin,bat) * Npath | Ech,t = (Emax,bat - Ebat,t) * VteT (3.99)
path
_ pel discr
Ercrmaxt = Peaprcrt * XpcR' * Tactrcr VEET (3.100)
+ _ pelt discr
Ecap,aFRR,max,t - Pcap,aFRR,t * XaFRR * lact,cap,aFRR VteT (3 101)

+ _ pelLt discr
EE,aFRR,max,t - Pcap,aFRR,t * XaFRR * act,E,aFRR VteT

Based on the previous definitions, we can formulate the constraints in Eg. (3.102) and
Eqg. (3.103). They ensure that the service components do not exceed the battery's chargeable
and dischargeable energy limits.

E > E + ET VteT
dcht FCR,max,t cap,aFRR,max,t (3.102)

+
Edch,t = EFCR,max,t + EE,aFRR,max,t VteT
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Ecne= E + E, VtET
cht FCRmax,t cap,aFRR,max,t (3'103)

Ech,t = EFCR,max + EE,aFRR,max,t VteT

Another constraint from the PQ-conditions [94] is the limited permitted operating range for
control units with limited storage volume for FCR provision. This ensures that the marketable
output can always be provided symmetrically at any point in time. To implement this
constraint, we use the maximum frequency deviation factor (see Subsection 3.3.1) to account
for the maximum cumulative frequency deviation within one optimisation time step. With this
factorin Eq. (3.104) and (3.105), we can formulate constraints on the allowed upper level (UL)
and lower level (LL) for the SOE of the battery. In the last step, we use the defined upper and
lower levels to constrain the SOE of the battery according to Eq. (3.106).

el discr max
Cnpat * SOEyLe = Epatt—1 * Zrcron + Peappere * Xrcr * L2 ¥ Qppp * tpyr *

(3.104)
gcp

el discr min
Cnpat * SOE Lt * Zpcron < Epatt-1 + Peaprere * Xrcr' * 1.2 % Qpppe * tar * Ngep (3.105)

0.25h
(SOEmax - SOEmin) * EPRpyin

SOE: =1 | SOEy,; =1—SOE,,, VteT (3.106)

Marketable capacity

The marketable capacity of a battery storage participating in FCR needs to be further limited
to ensure that the so-called reserve mode is possible [94]. Therefore, we define the constraint
in Eq. (3.107) that limits marketable FCR capacity by a minimum reserve factor (T}.¢s rcr) OF
EPR, depending on which parameter is the limiting one. For aFRR, there is no definition for
reserve operation. Therefore, we use minimum activation times (T,.:) or EPR to limit the

marketable capacity for aFRR capacity in Eq. (3.108) and aFRR energy in Eq. (3.109).

1
Tres,FCR ’ EPRmin

Pc%p,FCR,t * xg(i‘%cr < CN,bat *Npath * min( ) VteT (3.107)

1 1

Pel'i

cap,aFRRt * xglgskclg < Cn,pat * Mpath * min( ) VteT (3.108)

)
Tact,cap,aFRR EPRmin

Pel,i discr 1 1

£ aFRR.t * XaFRR < Cn pat * Npatn * mm(

, VtET (3.109)
Tact,E,aFRR EPRmin)

Hidden cycling dynamics

The optimisation step length of at least 15 minutes cannot represent the dynamic
characteristics of FCR and aFRR provision. Between optimisation intervals, power flows and
battery storage cycling can occur within seconds. We refer to this cycling as hidden cycling, as
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the optimiser cannot directly see it. In Eq. (3.110) and (3.111), we define optimisation
variables (Py;g4en) to consider hidden cycling. The calculation requires the use of a cumulative
frequency deviation and an activation factor, as defined in Subsection 3.3.1. The factor
cumulates positive and negative cycling separately. Finally, we incorporate the variables for
hidden cycling power into the cycle-limited battery storage constraint in Eq. (3.15) to reduce
the usable cycle count accordingly.

m,— discr el,+
Phlddent = (P, ap FCRt * “Aft *XpcR — Pactrere T
1 (3.110)
el,+ cum,+ discr el +
Pg arrrt * Yactt * XaFRR — Pactarrre) * —— VLET
path
- discr el,
Priagent = (Pe apFCRt * aAft T X — Pactrere T (3.111)
el,— cum,— discr el, )
Pearrrt * Xactt * XaFRR — Pact.arrre) * Mpacn VEET

3.3. FOCUS - tooling library

As part of FOCUS, the tooling library provides additional functionality beyond the core model
for energy system optimisation. For instance, this includes packages for processing input and
results data or creating scenarios. In the following, we introduce only the two most relevant
packages: data preprocessing for ancillary services (see Subsection 3.3.1) and variable-time-
step clustering to reduce the optimisation model size (see Subsection 3.3.2). Furthermore, we
summarise selected additional calculations relevant to evaluating the optimisation results (see
Subsection 3.3.3).

3.3.1. Ancillary services preprocessing module

The provision of ancillary services comes with many side constraints that require additional
data processing. This module provides a set of tools to convert required data into a format
that we can use to formulate the optimisation constraints for FCR and aFRR. For FCR, this
includes frequency deviation factors that convert high-resolution frequency deviations on a
second-to-second basis to align with the 15-minute optimisation intervals in FOCUS. For aFRR,
activation depends heavily on the bidding strategy, as the market design uses a pay-as-bid
approach. This requires preprocessing of the bidding data to generate activation signals.

Frequency containment reserve (FCR)

The activation of FCR directly depends on the frequency and, equally, the stability of the
electric power grid. The measure that indicates instability is the frequency deviation from
50 Hz. The frequency deviation (Af,.), however, is changing within milliseconds, and
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measurements are on a second-by-second basis (7). Therefore, we have to process the
frequency data to align with the 15-minute optimisation intervals in FOCUS. In a first step, we
calculate the net frequency deviation by aggregating all single deviations within one

optimisation time step (t, ;).
t+tA_t

Afnz=50Hz = fr | Afnete = 2 Afpr*T  VLET (3.112)
=t

By using the net frequency deviation, we can calculate a net frequency deviation factor (a&ft

according to Eq. (3.113) and (3.114). When the net frequency deviation is 200 mHz, the factor
becomes 1.

1h
A if A >
apryt =14200 mHz x 3600s * ty, frete U Bfnete 200 o ¢ p (3.113)
0 lelse
1h
_ A if A <0
anry = 14200 mHz % 3600s * ty, frete 1 Bfnets < VteET (3.114)
0 lelse

While the net frequency deviation factor enables the calculation of FCR activation and
revenue, it does not provide any information about the storage's true cycling. Therefore, in
the following, we define a positive and negative cumulative frequency deviation factor to
capture the energy throughput within an optimisation time step. Eq. (3.115) and (3.116)
define the calculation of these two factors. We add up all positive or all negative frequency
deviations within one optimisation interval (¢, ;) and normalise the resulting sum to 200 mHz.

Af c-|1:tm,t

cum,+ 1h T+iae

- VEET 3.115
“0rt T 200 mHz * 36005 * ty, Z AfF %1 (3.115)
n,t

=t

Af C;,Lm, t

_ 1h T+tat
cum,~ _ ' VteT 3.116
Fare 200 mHz * 3600s * ty ’ Z Afr, *T ( )

=t

Net and cumulative frequency deviation factors indicate a measure at the end of each
optimisation interval. However, to estimate the maximum change in storage levels during
each interval, we need to determine the maximum and minimum frequency deviation factors.
This is an important measure to ensure that for each second, we do not exceed the storage
level limits. The calculation of the maximum deviation requires a rolling net frequency
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deviation factor over all time steps of one optimisation interval. The function in Eq. (3.117)
defines this time-dependent net frequency deviation factor. To detect the maximum and
minimum of the net frequency deviation function as indicated in Eq. (3.118), we vary the time
(tsec) from beginning of the interval (t) to the end of the interval (t + t, ;).

Afpete
1h T+t
ARt (toee) = * e VteT 3.117
Af,t( sec) 200 mHz * 3600s * tsec Z Afnr . T ( )
=t
aX‘LfC,lgcz max (agfg,s:(tsec)) I a1Anfi,?= min (axj?,sr(tsec)) VteT (3.118)

tsec€|t:t+ta ] tsec€[t:t+tay]

As a summary of the definitions, Figure 13 visualises all defined frequency deviation factors
for an exemplary optimisation interval.
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Figure 13: lllustration of calculated frequency deviation factors for an exemplary 15-minute interval on January 15t, 2024,
from 3:45-4:00 pm (t=12).

Automatic frequency restoration reserve (aFRR)

Activation for aFRR is fundamentally different from FCR. Instead of the local frequency
deviation, it is based on the position on the merit order list of the aFRR energy auction and
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the demand for each time step processed by the responsible transmission system
operator (TSO) [90]. While for the aFRR capacity market, the responsible TSO publishes
average prices of awarded bids, this is not the case for aFRR energy, which requires additional
calculations. Therefore, for the aFRR energy market, we sort all bids in ascending order. From
that ordered list, we calculate which bids are allocated by summing bids until we reach the
market cap published by the TSOs in MW. Using the merit order list of allocated bids, we can
determine the correlation between power and energy prices for each bid position. The
positioning of our battery asset depends on the bidding strategy. In order to translate the
bidding strategy into a measurable value, we define a so-called price position coefficient (x,,).
This coefficient is between 0 and 1 and indicates a specific position of the allocated power on
the merit order list. A price position of 0.5 corresponds to the power-price-pair where 50% of
all allocated power is below, and 50% of all allocated power is above that position. Bidding at
a high price position carries the risk of not being allocated. Lower price positions reflect a more
conservative bidding strategy. Figure 14 illustrates the definition of the price position

coefficient.
Bidding price
A allocated not
allocated

Price position 1.0

TTqgg™]= === ==ssssasasssssssnsnaanussssnnsnanaannassnsnaaanaaEEssSsssssss"s" " R
Price position 0.5

L EECLEEEE L E LR Y

Bid 11
0 —p

Cummulated bidding power (aFRR energy)

Figure 14: lllustration of the developed price position coefficient (P), which indicates the targeted bidding position on the
merit order list for the aFRR energy market. The algorithm developed calculates the merit order list for every second and
identifies the corresponding price (m,) based on the selected price position.

In the next step, we use the price position definition to calculate the activated aFRR energy.
Eq. (3.119) calculates the power threshold (P,,) for a specific price position (x,;) in
dependence on the total allocated power (P,;,.). Based on this definition, we define a second-
by-second activation signal (4) for both negative and positive aFRR energy in Eq. (3.120). The
activation signal equals 1 when the power of the price position is lower than the activation set
point by the TSO (P, ) for the considered time step. An activation signal of 1 indicates
activation of the entire battery power.
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Pypr = Paiocr * Xpp < xppT € [0,1],VT E ty, (3.119)
1 if Pypr <

=1 ppa = Pret 3.120

Az {O, else VT E tay ( )

In a last step, we need to convert the second-by-second activation signal (4) to the resolution
of the optimisation model (t5.). We use the same approach as for the cumulative FCR
activation factors. Eqg. (3.121) and (3.122) separately define the calculation of cumulative
activation factors for aFRR energy for positive and negative activation.

t+tA’t

1h
cum,+ +
=— Af VteT (3.121)
Factt = 36005 « t, Z g

£

t+tA,t

1h
am-_ W Ny 3.122
Factt = 36005 tae Z ’
=

3.3.2. Variable time step clustering module

For the sizing layer of the FOCUS flexumer model, a reduction in complexity is required to
solve the model with available computational resources. In particular, industrial flexumer
applications are often highly complex. One possible approach to reduce model size is to
reduce the number of optimisation steps through time-step aggregation. The method has
been shown by Savvidis et al. [30] for linear programming (LP) market and investment models.
Based on this approach, we implement a similar method. In principle, aggregation is possible
whenever characteristics of time series for generation and demand are static over a period of
time steps. A measure of this is the residual load, the difference between VRE generation and
the system's electric load. With Eq. (3.123), we calculate the total power demand of the
flexumer energy system by aggregating demands across all energy sectors. Apart from
electrical demands, this includes hydrogen and thermal demands that must be converted with
the respective conversion efficiencies of the components. For total electric demand, the total
system residual load can be calculated using Eq. (3.124). In addition to the total system
residual load, we also calculate the electrolysis system residual load in Eq. (3.125). This allows
identifying critical times when the electrolysis system supply is in deficit due to RE generation,
potentially triggering battery storage operation.

Ploadct Ploadct + Ploadct * NH2-el + Ploadct *Nthoel VteT

(3.123)
¢ € C{components}

Presloadt = Z genrt Z Ploadct VteT (3.124)
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c € C{components} | r € R{renewable generators}

l _ l l
Prees,load,ely,t - z Pgeen,r,t - Pleoad,ely,t VteT
- (3.125)

r € R{renewable generators}

With the calculated residual loads, we can define residual load segments (Xgeg res) in Which
conditions are similar and aggregation is possible. However, to account for the flexibility in
the operation of sector-coupling components, such as the electrolysis system, we define a
power band around the zero point of the residual load. A power threshold (Pggs) in MW, that
applies both in positive and negative directions, defines the width of this power band. Within
this band, we do not allow for any aggregation. To implement this power band, we construct
residual power segments for the total residual load (xseg res,c) and electrolysis system residual
load segments (Xseg res,ely,t)- Depending on whether the load is above or below the defined
power band, a value of 1 or -1 is applied. For time steps where the residual load is within the
defined power band around the zero point of the residual load, the residual segments vector
equals 0 as shown in Eq. (3.128). By calculating the derivative of the residual segments vector
(Xseg,rest), We can calculate a list of time stamps (T, res) With Eq. (3.129) indicating when
there is a change between the three defined states for the residual load. During these changes,
no aggregation is allowed.

A _
xseg,res,t(Pfes,load,t = PRES) =1 VteT

b (3.126)
xseg,res,ely,t(Pres,load,ely,t = PRES) =1 VvteT
l —
xseg,res,t(Pﬁes,load,t = _PRES) =-1 vteT (3.127)
: B .
xseg,res,ely,t(Pﬁes,load,t < _PRES) =-1 vteT
l l =
Xseg,res,t(Pfes,load,t < PRES n Pfes,load,t > _PRES) =0 VteT (3 128)
l l .
xseg,res,ely,t(Prees,load,t < PRES N Prees,load,t > _PRES) =0 VteT
Tiimres = T|¥tegress # 0] + T[Xiegreserye # 0] VEET (3.129)

Another equally important characteristic to account for is peak demand. This can particularly
affect component sizing. Therefore, we set an upper demand threshold (pyeqr) for each
demand component above which aggregation is limited. The threshold is defined as a
percentile (p,) of the annual demand of each component. Moreover, we apply the method to
the total demand in Eq. (3.123) to properly account for peak power costs that depend on the
highest 15-minute peak of an industrial site during one year [82]. As with residual demand,
we can define segments based on the peak power threshold. Segments with demand values
below the peak power threshold are assigned a value of 0. On the contrary, segments for
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demand values above the peak power threshold are allocated to the actual demand values,
as indicated by Eq. (3.132). Finally, with the derivative of the residual segments vector
(x;eg,peak,t), a list of timestamps can be created, indicating changes in peak power demand. A
minimum threshold of 100 kW is set to account only for relevant changes in peak demand.
However, this excludes cases where peak demand occurs more than once in consecutive time
steps. For the glassworks use case in this dissertation, this mainly concerns the hydrogen
demand of the furnace with over 1000 hours at maximum load (see Figure 18). In particular,
long durations at maximum load can influence the sizing of storage components. Therefore,
in Eq. (3.134), we define that whenever peak demand for the hydrogen furnace occurs, no
aggregation is possible.

Ppear = Px(Poad,ce) VEET (3.130)
Xsegpeakt(Pioad,ct < Ppeax) =0 VL ET (3.131)
xseg,peak,t(Pload,c,t > Poear) = Pioaaer VEET (3.132)
Timpeak = T|Xsegpears > 100kW]| VteT (3.133)
Timpeakuz = T [Pload,HZ,t == Y?E%X(Pload,Hz,t)] VteT (3.134)

In addition to residual and peak load conditions, component availability can influence
optimisation and the desired clustering of time steps. In particular, when central components
such as the electrolyser system require maintenance and are unavailable, the energy supply
to loads temporarily changes. This can lead to substantially different component operation
and higher energy storage utilisation. Therefore, as defined in Eq. (3.135), we ensure that no
aggregation is possible when the availability of the electrolyser system (A, ;) equals O to
capture all operation dynamics. Moreover, the quality of the results is expected to decrease
with increasing temporal length of the aggregation window. Eq. (3.136) ensures that a
maximum aggregation length (Ty,;y) is not exceeded.

Timoff = T|Aeye ==0] VteT (3.135)
Tiimwin = T[t%Twy ==0] Vt€T (3.136)

In the final step, the algorithm applies timestep aggregation to all input time series of the
FOCUS flexumer model. To achieve this, we first collect unique timestamps that limit
aggregation and sort them in ascending order, as indicated in Eq. (3.137). Second, for all input
time series (S) of the model mean values are calculated between two consecutive aggregation
limits (Ty;m,qg4r) according to Eq. (3.138). Figure 15 exemplifies the aggregation procedure.

62



3.3 FOCUS - tooling library

Tlim,aggr = UNIQ UETT (Tlim,res + Tlim,peak + Tlim,peak,Hz + Tlim,off + Tlim,win) (3-137)

Sr = (S[t = Tllm,aggr,r nt< Tllm,aggr,r+1]) VteT,VTE Tlim,aggr (3'138)
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Figure 15: lllustration of clustering of time steps for the sizing layer of the FOCUS flexumer model. Clustering is only possible
when there is no violation of the rules for all defined categories (residual load, peak demand, maximum window length, and
availability of the electrolysis system)

3.3.3. Additional calculations

The evaluation of optimisation results requires additional calculations to determine
correlations and cost factors that are not directly shown by the model output. This includes
the calculation of the levelised cost of hydrogen (LCOH) as a relevant key performance
indicator (KPl) commonly used in the literature (see Subsection 2.3.3). For the calculation of
LCOH, we add up all relevant cost shares and divide them by the produced amount of
hydrogen (mgﬁ,,wml) as indicated by Eqg. (3.139). Relevant cost shares are separated into
CAPEX and OPEX. For CAPEX, we consider annualised costs for all components of the hydrogen
supply system. For the use case in this dissertation, this includes the electrolyser system,
compressor, hydrogen storage, battery inverter, and battery storage. For OPEX, we include all
costs associated with operating the hydrogen supply system. This includes costs for peak
power, purchasing generation with PPAs, purchasing power from wholesale markets, and
levies and taxes.
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capex,H2 + Kopex,HZ

H2
mely,total

K
LCOH = (3.139)

Kcapex,HZ = Kcapex,ely + Kcapex,comp + Kcapex,HZsto + Kcapex,bat + Kcapex,inv,bat (3-140)

Kopex,H2 = Z(Kopex,HZ,PP,t + Kopex,H2,PPALt + Kopex,H2,ws,t + Kopex,HZ,tax,levy,t) (3.141)
teT

For scenarios that should not include a reduction of peak power, we need to calculate total
peak power costs (K,pex,pp) after the optimisation. We simply calculate them by multiplying
the annual 15-minute maximum electric power drawn at the GCP by the peak power price as
indicated by Eq. (3.52). However, depending on regulations, in some scenarios, we may need
to consider reimbursing peak power costs associated with the electrolysis system. This
requires separately calculating the additional share of peak power attributable to the
electrolyser supply system. To achieve this, with Eq. (3.142), we first calculate the peak power
that is caused by the basic consumption of the industrial site (Pﬁ}:}base). This benchmark
includes all fixed electric consumption, as well as thermal consumption converted using a
simple efficiency factor.

el — el th
Ppp pase = I?E%,X(Pdemand,t + Paemana,t * 77th—>el) (3.142)

In a second step, we can calculate the additional peak power (P§}3+,H2) that is caused by the
restructuring of the energy system to produce green hydrogen. For this, we include energy
flows from the GCP to all components (C) that are part of, or connected to, the hydrogen
supply system. For the use case of this dissertation, this includes the electrolyser system,
compressor, hydrogen storage, battery inverter, and electric boiler.

P§119+,H2 = max (Psémand,t + ch’elmand,t *Nthoel T Z Pgecl‘p—w,t) - Plfll),base (3.143)
ceC
In some scenarios, regulations allow reimbursement of peak power costs associated with the
operation of the electrolysis system (see the regulations in Table 10). We calculate the peak
power of the electrolysis system by adding up all the supplying energy flows drawn at the GCP.
For reimbursement, we consider only the additional peak power of the electrolysis system by
subtracting the industrial site's base peak load from the electrolysis system's peak load.

APP

el

Rreimburse = T[PP * (I’[tle%,X(P;clpeely,t) - ngl’,base) lf APP 2 O (3144)
0 if APP <0

64



4.  Scenario parameterisation

This dissertation focuses on evaluating future energy supply options for an existing glassworks
in Herzogenrath, Germany. Subsection 4.1 provides a detailed description of the use case. To
evaluate decarbonisation options for this use case, Subsection 4.2 defines a detailed scenario
setup. The scenario setup is complemented by descriptions of model input data preparation
(Subsection 4.3) and model component parameterisation (Subsection 4.4).

4.1. Use case description

The glassworks in Herzogenrath operated by Saint-Gobain is one of the largest manufacturing
sites for car glazing in Germany. The plant has an annual energy demand of over 400 GWh and
equivalent CO; emissions of over 90 Mt per year, including process-related emissions from the
melting of glass raw materials [102]. The plant consists of two separate sections, including
Saint-Gobain Glass (SGG) and Saint-Gobain Sekurit (SGS).

The SGG section primarily consists of the melting furnace (see Figure 16), which produces raw
glass via the so-called float glass process. This general process is described in detail in Zier et
al. [18], which is used as a reference throughout the following description. The site operator
provides additional specific information about the Herzogenrath site [102]. At the beginning
of the float glass process, the raw glass materials are mixed in the batch preparation. For float
glass production, mainly quartz sand (silicon dioxide, SiO2) with a 70-73% weight share, fluxing
agents such as soda ash, and stabilisers such as alkaline earth oxides are used. Other additives
include colourants and fining agents. After batch preparation, the preheated raw material
mixture is added to the melting furnace, where it is melted at 1200-1600°C. SGG uses a
conventional melting furnace that is supplied with fossil NG and electricity [102]. NG burners
fire horizontally above the melted glass mass, while electrical heating rods at the bottom of
the tank boost the melting process. However, in the current furnace in Herzogenrath, heating
rods provide only a small share of the energy required for melting [102]. After melting, in the
main forming step of the float process, the molten glass mass flows into a tin bath, where it
floats on the surface due to its lower density and different surface tension. To adjust the
thickness of the glass, lances are manually inserted into the glass from the outside to draw it
apart and adjust the speed of the glass flow [102]. While the glass mass travels through the
float bath, the temperature is adjusted from the top by electrical heating elements or radiant
burner systems. Above the tin bath, an inert atmosphere consisting of nitrogen (90%) and
hydrogen (10%) prevents oxidation. For the Herzogenrath site, the gases are extracted from
the atmosphere with an air separation unit [102]. When the glass leaves the float bath, it has
a temperature of around 600°C and must be further cooled down. In the final step, the
continuous glass strand is cut into uniform pieces, and a quality check is conducted, sorting
out glass blanks with defects such as gas bubbles [102]. [18, 102]
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Figure 16: Schematic representation of the status quo energy system of the glassworks use case in Herzogenrath that serves
as a use case for the evaluation. The representation is based on information from the site operator [102] and the illustration
in [136]. Abbreviations: SGG: Saint-Gobain Glass, SGS: Saint-Gobain Sekurit, NG: natural gas, CHP: combined heat and power.

For the next steps, the glassworks operator provides further information [102]. The glass
blanks produced at SGG are first stored in a warehouse before being transported to SGS for
further processing. There are four production lines at SGS for different types of car windows,
including roof, front, back, and side windows. The production lines run entirely on electricity
and are independent of each other, serving different production campaigns that depend on
the order situation. For heating the production halls, SGS features its own heating system that
includes a combined heat and power plant (CHP) with a rated electric power output of
1.99 MW¢ and two gas boilers, each with a rated thermal output of 1.05 MW. The CHP is
operated in heat-led mode, and the electricity generated as a by-product is directly consumed
by SGS to serve the manufacturing load. Figure 16 illustrates the glassworks energy system
and visualises all important demand and component characteristics of the status quo [136].
The electrical power rating of the GCP is 120 MVA, consisting of two medium-voltage

transformers, with one usually in standby mode. [102]

4.2. Specification of scenarios

To decarbonise the glassworks, several measures can be implemented, as proposed by Zier et
al. [18]. They state that a full decarbonisation requires a fuel switch from fossil to RE sources.
From a construction point of view, the simplest solution is to substitute NG with methane
from other sources, as the structure of the melting furnace remains the same. Possible
alternative sources include biogas or gasification of solid biomass, such as wood. However,
both approaches involve uncertainty about the influence of impurities and additional gas
components on glass quality. Moreover, the availability of both sources is limited, making
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them unsuitable as substitutes for energy-intensive industry. Synthetic methane could
overcome the impurity issue. However, the production process has a high energy demand,
and there are only a few concentrated CO, sources, making this option economically
challenging. The most promising solution is to switch from NG to renewable hydrogen, and at
the same time, increase the efficiency of the melting furnace through higher electrification
[7]. Other possible measures include waste heat recovery (WHR), preheating of combustion
gases, and batch cullet- or oxy-fuel combustion. [18]

For the glassworks in Herzogenrath, decarbonising the energy system requires the
construction of a novel hydrogen-based furnace. The current NG-based furnace design has a
rating of 30 MWy for the NG burners and an electric power rating of 3 MWeal. In collaboration
with the site operator [102] and calculations based on the thermodynamic modelling in [137],
we choose two different hydrogen furnace designs (F1 and F2) to be considered for
decarbonisation of the energy supply, with technical characteristics summarised in Table 9.

Table 9: Glass melting furnaces considered for the decarbonised energy supply of the glassworks use case in Herzogenrath.
The values are derived from collaboration with the site operator [102] and calculations based on the thermodynamic model
developed in [137].

Status quo with NG Potential future hydrogen furnaces
isti F1 F2
Characteristic FO e . . e
(Low electrification) (High electrification)
Financials
Normalised invest
1 15 2.5

(Assumption by site operator)

Power rating

Rated electric power in MW 3.0 8.0 20.0

Rated power NG in MW 30.0 0.0 0.0

Rated power hydrogen in MW 0.0 22.4 7.7
Features

Oxidiser | Air

The two variations for a future furnace are designed to meet the same annual glass production
as the status quo furnace with NG (FO). However, they differ in the degree of electrification.
For furnace F1, we consider an electric power rating of 8 MW, whereas furnace F2 has a
considerably higher rating of 20 MWe. It can be observed that, due to efficiency gains,
hydrogen furnaces with higher electrification have a lower total power rating. For
simplification and better comparability, we consider air as the oxidiser for all three considered
furnaces. However, it must be noted that substantial additional energy savings are possible
when switching to oxy-fuel combustion, as indicated in [137]. At the same time, this would
require additional investments in air separation units [18]. Furthermore, for better
comparability with other studies, we also do not model the steam turbine for WHR that exists
in the status quo setup (see Figure 16).
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4.2.1. Flexumer model configuration

The described use case for the glassworks in Section 4.1 must be transferred to the layout of
the FOCUS flexumer model. This requires identifying relevant components and aggregating
where possible to reduce complexity. For this, we separate the modelling into a setup for
rebuilding the NG-based furnace and one for constructing a novel hydrogen furnace. For
hydrogen furnaces, it is further distinguished between access to a future hydrogen pipeline
and hydrogen production via an on-site electrolyser system. Figure 17 illustrates the model
set-up for all three cases.

The most relevant components for the reference setup for rebuilding the NG furnace (A) are
the furnace and an electric boiler to meet the SGS space-heating thermal demand. The central
busbar connects all electrical flows within the flexumer model. Before the GCP, we model a
balancing group that the glassworks operator manages. However, in the status quo case, there
is only one connection to it that allows buying energy from wholesale. Instead of the existing
CHP and NG boilers, we model an electric boiler to meet SGS's space heating demand, enabling
better comparability among scenarios.

The first model for energy system decarbonisation focuses on accessing green hydrogen via
pipeline connection (B). The setup is similar to the reference case with the NG furnace, with
the NG pipeline replaced by a hydrogen pipeline that we assume is available at the site at no
additional cost. However, we also consider adding an optional PV rooftop and battery storage
system. Furthermore, the generation from the PV rooftop system can be sold via the DM
component that is connected to the balancing group of the industrial site. Depending on the
scenario setup, PV and battery storage are not included as described in more detail in
Subsection 4.2.2.

The second model for energy system decarbonisation features on-site hydrogen production
via electrolysis (C). Therefore, we add the necessary components for hydrogen production,
including an electrolyser system, a compressor, and hydrogen storage, with the latter
connecting to the furnace. The waste heat from the electrolyser system is utilised in an
industrial HP to meet SGS's space heating demand. In addition, we include a thermal storage
to increase the flexibility of the thermal supply. To avoid infeasibilities, we model a slack
component for both hydrogen and heat commodities that provides infinite supply. However,
slack components are parameterised with very high operational costs and are thus used only
as the last possible option by the optimiser. Furthermore, to enable green hydrogen
production, RE generation from PPAs and battery storage is required. We connect the PPAs
directly to the site's balancing group, applying a loss factor for electric power grid
transmission. In addition, as setup (C) by definition features a large battery storage system for
PPA buffering (see Figure 19), we connect electric power grid services to the balancing group,
effectively enabling the glassworks to become a flexumer. This includes the frequency control
markets FCR and aFRR for both negative and positive directions. However, depending on the
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scenarios, available flexibility options differ as described in Subsection 4.2.2. The PV rooftop

system is optional, equivalent to setup (B).
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Figure 17: Model structure of the different scenario setups in the FOCUS flexumer model. Setups include a
reference case for rebuilding the NG furnace (A), a hydrogen furnace with connection to a future hydrogen pipeline
(B), and a hydrogen furnace with electrolysis system on site (C). Abbreviations: GCP: grid connection point, FCR:
frequency containment reserve, aFRR: automatic frequency restoration reserve, PV: photovoltaic, WPP: wind
power plant, PPA: power purchase agreement, AWE: alkaline water electrolysis, PEM: proton exchange

membrane, HP: heat pump
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4.2.2. Basic scenario framework

The definition of a basic scenario setup for decarbonising the energy system of the glassworks
use case depends heavily on future developments in the German energy system, political
decisions, and data availability. For the transformation of the glassworks energy system, the
phase out of fossil NG and a higher level of electrification are key aspects. This means that, for
the site's future energy supply, the electricity sector plays a particularly important role.
Detailed studies are available that analyse pathways for the future German electric power
system. For the near future in 2030, a study by Fraunhofer ISE provides four different scenarios
on the development of power plant capacities, considering rising electricity demand through
the electrification of sectors [138]. For the more distant future, the network development plan
(NDP) by the German Federal Network Agency (BNetzA) considers three different scenario
pathways for 2037 [139]. The scenarios from both studies serve as a base for the developed
scenario framework for the glassworks use case. We define three supporting years that meet
data availability requirements and cover different stages of the regulatory framework for
hydrogen production (see Subsection 2.4.2). The supporting years include the present year,
based on 2024 price data, and two future years that aim to represent conditions in 2030 and
2037. Table 10 summarises the basic scenario framework used to evaluate the decarbonised
energy supply for the glassworks use case in this dissertation.

Table 10: Setup of the basic scenario framework to evaluate a decarbonised energy supply of the glassworks use case. The
framework consists of three support years that aim at covering relevant projections for political targets and regulations.

Support years for scenario definition Respective
Reference
Present (2024) Future | (2030) Future Il (2037) Law
General assumptions / regulations
Green hydrogen - . . Electrolysis system on site
o Electrolysis system on site — - [20]
availability Hydrogen pipeline
PPA: monthly temporal PPA: hourly temporal PPA: no temporal RED Il (21, 22]
correlation correlation correlation RED IlI ’
EnWG,
Exemption from electric §118 [81, 126,
Green hydrogen - | power grid fees for 20 years StromNEV 140]
production ) . §19
- Uncertain, no exemptions assumed
Exemption from offshore EnFG [141]
and KWKG levies §36
Exemption from electricity StromStG
[142]
taxes §9a
Exemption of double electric power grid fees and electricity taxes (planned for the
Battery storage o Draft [143]
beginning of 2025)

In the present scenario, historical prices for energy commodities are used, and hydrogen
production requires only a monthly temporal correlation. In 2030, the assumed
decarbonisation of the electric power grid is at 80% [138] and hydrogen production on site
requires hourly temporal correlation of electrolysis system demand and generation from
PPAs. In 2037, we assume high decarbonisation of the German electric power grid in
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accordance with future scenarios of the (BNetzA) [139]. This leads to the assumption that local
electric power grid emission factors at the glassworks fall below the threshold of 18 gCO.e/M)J
(40 gCO2e/kWh) in 2037, and green hydrogen production from grid electricity is allowed [21].
To simplify the modelling and as future spot market prices are difficult to predict, we do not
consider the specific regulation that electricity for the electrolysis system can be drawn from
the electric power grid at wholesale prices below 20 EUR/MWh [21]. Furthermore, in 2030
and 2037, we assume that access to a hydrogen pipeline is possible, which is not available in
the present scenario. For hydrogen production via an electrolysis system in Germany, electric
power grid fees are exempted for plants that start operation before 2029, according to §118
of the EnWG [144]. In addition, according to §9a of the StromStG, the electricity tax is
exempted for the electrolysis system consumption if the company is part of the manufacturing
industry [145] including glassworks.

In the next step, we collect the necessary parameter data for the basic scenario framework.
This includes assumptions about energy prices, levies and taxes, emissions, and financial
constraints. Table 11 summarises all relevant parameters for the considered support years. To
adjust energy prices from public sources to 2024 price levels, taking inflation into account, we
use the Harmonised Index of Consumer Prices (HICP) for industrial goods published by the
European Central Bank (ECB) [146] (see Appendix C, Table 24). For currency conversion from
US Dollar to Euro, the ECB also provides annual average values [147] (see Appendix D, Table
25). The green colour in the table indicates the default values used for all scenarios. On the
contrary, orange and blue indicate that the parameters are solely considered for the sensitivity
analysis.

There are only a few sophisticated studies that analyse the development of energy prices in
Germany. One study of the EWI from 2022 considers price developments until 2030 for
relevant energy carriers, including electricity and NG [151]. The study distinguishes between
low availability and unavailability of Russian NG imports. For 2030, this results in NG prices in
the range of 18-59 EUR2022/MWh. For electricity, the EWI study considers the development of
NG prices alongside moderate or high RE expansion and high or moderate electrification. This
leads to a range for wholesale electricity prices of 52-135 EUR2022/MWh.

Another study conducted by Prognos in 2024 focuses on energy price developments for the
German industry until 2045 [150]. It contains three pathways for upper-, middle-, and lower-
level price developments. The study states NG prices in the range of 14-35 EUR2022/MWh for
2030, which is slightly lower than the EWI study's values. However, 2030 electricity wholesale
prices are forecast to be similar, between 54-120 EUR2022/MWh. For 2037, the projection
shows declining NG prices between 14-24 EUR2022/MWh and wholesale electricity prices at
57-126 EUR2022/MWh. We combine the results of both studies to specify price ranges for the
basic scenario setup shown in Table 11.
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Table 11: Parameterisation of the basic scenario framework to evaluate a decarbonised energy supply of the glassworks use
case. The data is separated into energy supply, levies and taxes, emissions, financials, and the three support years.

Scenarios
Unit Present (2024) Future 1 (2030) Future 11 (2037) Ref.
low | high | mid low | high I mid low I high I mid
Energy supply
[102, 148,
Hydro power future (EU27) EUR2024/MWh 82 88 85 48 115 77 51 113 61 149]
o [150,
NG futures (pipeline) EUR2024/MWh 35 15 62 50 15 25 22 151]
. . (152,
Ha (pipeline) EUR2024/MWhy Not available 148 | 210 | 179 140 174 157 153]
PPA utility-scale PV (GER) EUR2024/MWh 45 60 53 42 38 [8, 9]
PPA wind on-/offshore (GER) EUR2024/MWh 45 69 57 52 48 [8, 9]
PPA hydro power (GER) [148,
EUR2024/MWh 76 208 100 Not used
(base load) 149]
Levies and taxes
) ] [102, 154,
Electric power grid fees EUR2024/MWh 6.5 149 | 10.7 10.7 155)
Electricity tax EUR2024/MWh 0.5 [154]
Electricity peak power price EUR2024/MWh 175.53 [80]
NG grid fees EUR2024/MWh 8.8 | 4.8 | 5.4 | 5.4 9.4 [156]
Emissions
Scope 1
Process-related emissions tCO2/a 30,000 | 21,000 [102]
NG emission factor kgCO2/MWhng 202 [157]
102,
CO; emission certificate costs EUR2024/t 68 68 161 | 125 95 266 200 [150]
Scope 2
Emissions for NG provision kgCO2/MWhng 16 55 [123]
Emissions electric power grid | kgCO2/MWhe Assumption: zero as only certified green electricity is considered -
Financials
Investment horizon a 20 [102]
WACC % 81 | 90 | 85 | 8.5 [158]
Inflation rate (10-year avg.) % 1.354 [146]
Legend:
Default scenario parameters (i) | scenario sensitivity “high energy prices” (") | scenario sensitivity “low energy prices” (/)

For future hydrogen prices, studies are less detailed. While no hydrogen pipelines are
currently geographically relevant for the glassworks use case in Herzogenrath, development
plans for a hydrogen core network in Germany indicate potential future availability. However,
for the location of Herzogenrath, there is high uncertainty, as the development plan in
Germany, approved by the Federal Network Agency in October 2024, does not specifically
include a connection near the glassworks site [20]. However, at the European level, an
association of mostly NG-associated companies revealed plans that include connections in the
Netherlands in close proximity [159]. Despite the planned construction of the Dutch hydrogen
network until 2030, a possible date of connection to the glassworks site in Herzogenrath
remains speculative. Once a hydrogen pipeline connection is available, another uncertainty is
hydrogen pricing. A study by Fraunhofer ISE estimates the hydrogen provision costs via
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pipeline from Spain in 2030 to be between 137-145 EUR/MWh [152]. At the same time, the
study provides assumptions for the price of liquefied hydrogen from Brazil to Germany via
ship, with approximated costs of 171-207 EUR/MWh. To account for the higher uncertainty
for the near future, we apply the respective higher values to the 2030 scenario and the lower
values to the 2037 scenario. For average price prediction, the simplified assumption is made
that half of the hydrogen is imported from Spain and the other half from Brazil. Furthermore,
for pipeline transmission values between 2.5-4.5 EUR/MWh per 1000 km are reported in the
literature [152, 153]. Therefore, in a simplified approach, we assume that additional
transmission costs to the Herzogenrath location within Germany are 2 EUR/MWh for worst-
case distances up to 500 km.

The production of green hydrogen faces significant regulatory constraints regarding the origin
of green electricity, which can be addressed through PPA contracting. PPA pricing is usually
not disclosed, as contracts are individually negotiated between the consumer and the
producer. However, we use average values per technology that are reported in [9] for 2024.
Even if current PPA price levels are below compensation schemes from the EEG [120], their
long-term perspective can be attractive [10]. For future years, we calculate the PPA
contracting price by assuming a price decline equal to reductions in the lower-reported LCOEs
of the technologies (see Appendix B, Table 23). Hydropower PPAs that can function as a
baseload PPA are an exception in this regard. As there is no public data available, the price for
this type of PPA contract is estimated at 100 EUR2024/MWh based on LCOE data in [148, 149].
This considers that available capacity is limited, especially as the hydropower plants
geographically have to be located in Germany to comply with RED Il [21]. On the contrary, for
hydropower futures in the EU, we assume that due to the larger available capacity in the Alps
and northern Europe, prices at 85 EUR2024/MWh are realistic for 2024, which is 85% of the
average wholesale price in Germany [151]. However, as they do not meet the requirements
for green hydrogen production, we only use green hydropower futures to meet the remaining
electricity demand of the glassworks site. For the future scenarios in 2030 and 2037, we
assume that the 85% ratio between EU hydropower futures and wholesale prices in Germany
remains the same. Based on this assumption, prices for EU hydropower futures can be
calculated from wholesale price predictions in [150, 151].

Other significant assumptions for the base scenario setup include emissions, regulatory
constraints such as taxes and levies, and financial parameters. For electric power network
charges, there is a wide price range that depends on the industry type and energy
consumption. With the abolition of the EEG levy in mid-2022, industrial electricity network
charges in Germany significantly decreased to an average of 14.9 EUR/MWh in 2024 [154].
However, for the energy-intensive industry, further reductions of up to 90% of usual charges
are possible [155]. Therefore, in collaboration with the glassworks site operator, we choose
6.5 EUR/MWh as a realistic lower bound [102]. In addition to levies, the German industry has
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to pay a reduced electricity tax of 0.5 EUR/MWh [154]. Similar to electricity network charges,
NG network charges apply to industrial consumers. Based on data from the German Federal
Statistical Office, we select an average value of 5.4 EUR/MWh [156]. Furthermore, Then et al.
[160] assume that towards 2037, network charges for NG infrastructure will increase by 75%
to 9.4 EUR/MWh, with a decreasing number of NG customers. With regard to equivalent CO>
emissions, we consider scope 1 and scope 2 emissions. Scope 1 emissions mainly include NG
combustion in the melting furnace and process-related emissions from melting raw materials
for glass production. The process-related emissions account for about 30,000 tonnes per year
and are expected to be reduced at least by 30% towards 2030 with improved raw material
composition [102]. On the contrary, scope 2 emissions are related to the provision of energy
carriers, including NG and electricity. In this regard, we consider upstream emissions for NG
provision, which depend heavily on the share of Russian NG and liquefied natural gas (LNG)
[123]. For the weighted average cost of capital (WACC), we assume an average value of 8.5%
for the industrial manufacturing sector [158].

4.2.3. Scenario variations for flexibility

To benchmark the value of flexibility for the glassworks use case, we define additional scenario
variations that derive from the basic scenario framework in Subsection 4.2.2. By default, the
basic scenario framework is implemented with fixed energy prices and features no additional
flexibility (flexibility level A). Table 12 provides an overview of scenario variations and
indicates available flexibilities.

For flexibility levels B and C, we analyse the potential for flexibility through behind-the-meter
(BTM) services. This includes peak shaving (PS) (peak power aware operation) and direct
marketing (DM) of on-site RE generation. Peak power aware operation is applied to all
flexibility levels B-H. Moreover, for BTM, we assume a fixed power price based on long-term
green hydropower futures (EU27).

On the contrary, flexibility levels D-F focus on single revenue streams of front-of-the-meter
(FTM) services. This includes spot market trading (ST) and frequency control markets. In
frequency control markets, we consider the frequency containment reserve (FCR) and the
automatic frequency restoration reserve (aFRR). The first value stacking approach (flexibility
level G) combines all single FTM services, excluding DM. The second value stacking approach
(flexibility level H) combines all FTM and BTM services of the battery storage system.

For the NG furnace, we consider only flexibility level A, with no additional flexibility. On the
contrary, flexibility options B and C are applied across all decarbonisation scenarios, with
either on-site hydrogen production via an electrolyser system or connection to an external
hydrogen pipeline. Flexibility levels with FTM services (D-H) are applied only to scenarios with
an electrolyser system, as these already feature a large battery storage system to increase
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self-consumption of RE generation from PPAs. For those cases, the EPR of the battery storage
system is set to 4 hours, which is a typical upper ratio for large-scale BESS applications
providing FTM services [11, 12].

Table 12: Overview of all scenario variations to evaluate flexibility potentials for the glassworks use case. For flexibility levels
D-H, the EPR of the battery is constrained to 4 hours. In addition, the sizing of the battery storage system does not account
for any FTM services, as the main purpose is to buffer RE generation from PPAs. FTM use cases are applied only to the
operating layer of the optimisation model to leverage additional flexibility with the given assets.

& Flexibilities Scenario overview
Flex 3 Power suppl Furnace F1 (low electrification)
Level 1] PPl Furnace FO i o
@ BTM FTM Furnace F2 (High electrification)
< PS | DM | ST | FCR | aFRR | Pipeline (NG) | Electrolysis system (H2) | Pipeline (Hz)
Present (2024)
A Full Hydropower future Default (no flexibility) No battery Optimised battery No battery
u . L e
B EU27 v +PPA -
model . . Optimised battery
c (fixed price) v Vv + AWE or PEM
D v v
E v v
F Without Wholesale: v v | Not considered Optlmlsedhbattery
EPR =4 hours
G FTM Intraday v V|V v ( + PPA ) Not considered
Services continuous (IDC)
+ AWE or PEM
H VI Vv |V |V v
Future 1 (2030)
A Full Hydropower future Default (no flexibility) No battery Optimised battery No battery
u . L e
B EU27 v i + PPA .
model . . Not considered Optimised battery
c (fixed price) NAV/ + AWE or PEM
Future 11 (2037)
A Full Hydropower future Default (no flexibility) No battery Optimised battery No battery
u
EU27 v i +PPA __
model . . Not considered Optimised battery
C (fixed price) v v + AWE or PEM
Legend: applied for scenarios (V)
Front-of-the-meter (FTM)
Behind-the-meter (BTM) Spot market trading (ST)
Peak shaving (PS) Frequency containment reserve (FCR)
Direct marketing (DM) of the rooftop PV system Automatic frequency restoration reserve (aFRR)

4.3. Model input data preparation

For modelling the scenarios described in Section 4.2, accurate collection and generation of
input data are essential. While historical data is available for the present year scenarios (2024),
data for future scenarios often requires preparation. Table 13 provides an overview of all input
data used to parameterise the scenarios, grouped into energy demand, power generation,
market prices, and market characteristics. Before being applied to the optimisation model,
time series that do not comply with a 15-minute resolution are resampled. In the model's
operating layer, a rolling horizon is used, with perfect foresight for the prediction horizon
across all time series.
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For energy demand data for the industrial glassworks site, we use the measured 2019 data
and apply it to all NG base-furnace scenarios, including furnace demands. Based on furnace
consumption data from 2019, the demand for the hydrogen furnaces (G2, P2) is calculated
using the thermodynamic model developed by Jost et al. [137]. Furthermore, we assume a
constant space-heating demand for SGS (H1) across all years. Moreover, the capacity factors
for PPAs and PV rooftop generation are calculated based on solar radiation and wind speed
measurements of the German weather service (DWD) [24, 161] and remain constant for all
years.

Table 13: Overview of input data used for the scenario evaluation. For all time series data, we exclude the 29t of February in
leap years and harmonise the data to daylight saving time.

Applied scenarios
ID Description of dataset Temp. Year | Type Source 2024 2030 2037
Res.
NG H2 NG H2 NG H2
Energy demands
G1 | NG demand for NG furnace 60 min | 2019 | Measurement [102] v X v X v X
G2 | H.demand for H; furnace 60 min | All Simulation [137] X v X v X v
P1 | Electricity demand for NG furnace 60 min | 2019 | Measurement [102] v X v X v X
P2 | Electricity demand for Hz furnace 60 min | All Simulation [137] X v X v X v
P3 | Other electricity demand SGG/SGS 60 min | 2019 | Measurement [102] v v v v v v
H1 | Thermal demand SGS 60 min | 2019 | Measurement [102] v v v v v v
Power generation
Al | Availability electrolyser 15min | 2024 | Definition* [162] X v X v X v
S1 | Solar radiation (at glassworks) 15min | 2023 | Measurement [161] X v X v X v
W1 | Wind speeds (at glassworks) 15min | 2023 | Measurement [161] v v v v v v
C1 | PPA/RE CF based on S1/W1 15 min | 2023 | Calculation [24] v v v v v v
Market prices/costs
K1 | Direct marketing (DM) compensation 60 min | 2024 | Calculation® [122] v v v | v | v | v
K2 | IDC spot market prices (ID1) 15min | 2024 | Report [11663 v | v
K3 | FCR capacity clearing prices 4 hours | 2024 | Report [90] v | Y Not applied
K4 | Avg. aFRR capacity prices (pos/neg) 4 hours | 2024 | Report [90] v v
K5 | Avg. aFRR energy prices (pos/neg) 15min | 2024 | Report [90] v v
Market-related characteristics

F1 Electric power grid frequency for FCR 1sec 2024 | Measurement [122] v v
M1 | Tender and market results FCR/aFRR - 2024 | Report [90] v | Y Not applied
M2 | Setpoints aFRR 1 sec 2024 | Report [122] v v
Legend:

*Defined according to assumptions in Subsection 4.4.1
°Calculated based on Subsection 2.4.1

applied without changes for all scenarios (V)

not applied for scenarios (X)
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4.3.1. Characteristics of input time series

The model's multiple input time series have individual features that substantially influence the
optimisation results. This particularly concerns demand series, as their time-specific patterns
determine how much energy needs to be imported from which RE sources. Figure 18
illustrates the characteristics of all demand time series, separated into three groups by furnace

type.

—— Load duration curve (sum) —— Furnace green hydrogen demand (G2) ——— Other power demand (P3)
—— Furnace natural gas demand (G1) —— Furnace power demand (P1) —— Thermal demand (H1)
NG furnace (FO) H2 furnace (8MWg,, F1) H2 furnace (20MWy,, F2)
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Figure 18: Characteristics of the demand input profiles, classified by type of furnace used for the scenarios. The upper plots
show the annual load duration curves, while the lower plots show aggregated monthly energy demands.

Overall, the aggregated load duration curves indicate that the glassworks site's energy
demand ranges from 29-58 MW. Moreover, from left to right, demand decreases as
electrification and, subsequently, furnace efficiency increase with higher levels of
electrification. At the same time, the remaining site's electric and thermal demands are the
same across all scenarios. The monthly energy demands complement the picture. The
measured data show that energy demand is highest in January and gradually decreases
throughout the year. Moreover, thermal demand is comparatively low and shows a seasonal
pattern with no demand from June to August. The reason for this pattern is that thermal
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demand mainly comes from space heating of the manufacturing halls [102]. Another takeaway
from monthly energy demand data is declining hydrogen demand as furnace electrification
increases. This is a key characteristic that has a major impact on the model outcome.

4.3.2. Optimised portfolios for power purchase agreements

One of the main inputs for the developed industry flexumer framework is pre-optimised PPA
portfolios. To obtain optimised PPA portfolios for the different scenarios, the methodology by
Brucksch et al. [24] is used. By applying stochastic optimisation, it is possible to account for
uncertainties in RE generation and demand variation. The considered geographical scope for
PPA assets is Germany, as it counts as one bidding zone, which complies with the requirement
from the EU RED Il for green hydrogen production [21]. Moreover, the method employs
geographical clustering of Germany, with each cluster representing distinct local PV and WPP
generation characteristics. The optimiser can choose from all clusters to put together the best
PPA portfolio. In addition to PV and WPP, the optimiser can choose hydropower PPAs that are
modelled with 100% availability for the whole year in a simplified approach. However,
hydropower capacity in Germany is limited to only 6.44 GW [163]. Therefore, a conservative
pricing assumption of 200 EUR/MWh (see Table 11) is chosen to minimise the contracting of
hydropower PPAs.

The methodology is applied to the glassworks use case. A simplified representation of the
energy system with electrolysis and battery storage system is implemented. Other inputs
include the two historical weather years of 2020 and 2023, as well as variations of the load.
Finally, the PPA portfolio optimisation is applied to the basic scenario framework as defined
in Table 11 for the support years of 2024, 2030, and 2037. In addition, it distinguishes between
low (F1) and high (F2) electrification of the hydrogen furnace, as defined in Table 9. Another
variation arises from the choice of AWE or PEM technology for the electrolyser system (see
Table 16). Moreover, under a conservative assumption, we assume lower efficiencies at full
load for the electrolyser system in individual support years, including a maintenance rate of
5% per year (see Table 16). In addition, for the battery storage and the electrolysis system, we
assume decreasing specific investment costs (see Table 15 and Table 16). Furthermore, in all
scenarios, hourly temporal correlation between generation from PPAs and electrolysis system
demand is applied in a conservative manner to account for the highest requirements of the
RED Il [21]. Overall, this leads to 12 optimised PPA portfolios comprising different PV, WPP,
and hydropower generation assets, as summarised in Table 14. We observe that across all
portfolios with low furnace electrification, substantial amounts of energy are contracted
through hydropower PPAs. In addition, large minimum battery capacities between 115-
471 MWh are required to buffer the generation from contracted PV and WPP PPAs. Overall,
the contracted capacity of PPAs decreases from 2024 to 2037 as the electrolysis system's
efficiency increases. For portfolios with high furnace electrification, the picture changes.

78



4.3 Model input data preparation

Lower furnace hydrogen demand leads to less PPA contracting. Moreover, the contracted
capacity spans across a larger number of assets and a wider variety of PV PPAs orientations.

Understanding the underlying characteristics of the optimised PPA portfolios requires a closer
look at the temporal level. Figure 19 illustrates the load duration curves for all portfolios and
contracted RE assets, as well as aggregated load duration curves for each portfolio. In addition,
the demand for the electrolysis system is approximated by dividing the furnace's hydrogen
demand by the assumed electrolyser system efficiencies.

Table 14: Summary of contracted PPAs for the different portfolios, which serve as input data for the decarbonised energy
system model of the glassworks use case. The portfolios are optimised with the model developed in [24]. The weather
station's data is provided by the German weather service [161].

Furnace PPA Orientation We‘a ther Location o.f -
type type (if any) station ID ) weather sfatlion Contracted capacity in MW
(bwbD) (Distance to site in km)
Type of electrolysis system > AWE PEM
Year of consideration = 2024 2030 2037 2024 2030 2037
Portfolio ID 2> 1 2 3 7 8 9
South 1001 51.6451°N, 13.5747°E (526) | 16.426 - - 11.534 - -
South 2925 51.3932°N, 10.3123°E (299) | 1.134 | 12.545 | 9.119 1.460 | 12.724 | 13.190
South 3098 51.2452°N, 7.6425°E (114) | 15.609 | 59.145 | 59.051 | 14.354 | 57.200 | 67.214
E East 3098 51.2452°N, 7.6425°E (114) | 25.053 | 2.396 | 3.941 | 27.882 | 6.948 -
E South 5100 49.7479°N, 6.6583°E (132) | 18.460 | 59.312 | 66.414 | 22.218 | 59.956 | 68.275
k= - 197 51.3219°N, 9.0558°E (211) | 48.763 | 63.815 | 65.496 | 53.358 | 68.172 | 72.930
Eé - 691 53.0451°N, 8.7981°E (303) | 5.263 6.131 | 5.893 - - -
g - 1001 51.6451°N, 13.5747°E (526) | 40.853 | 16.218 - 40.030 | 11.084 | 3.570
@ - 1200 54.0691°N, 9.0105°E (405) - - - 6.392 6.355 5.996
E - 2023 48.7918°N, 10.7062°E (403) | 49.966 | 44.971 | 39.853 | 55.553 | 48.845 | 43.973
- 5349 53.5196°N, 12.6654°E (534) | 33.528 | 53.980 | 54.570 | 40.754 | 58.077 | 62.026
Hydro - - - 26.383 | 20.570 | 16.793 | 34.374 | 26.619 | 22.682
Minimum battery storage capacity at industrial site in MWh > 115.107 | 396.449 | 449.173 | 115.386 | 386.287 | 470.074
Portfolio ID 2> 4 5 6 10 11 12
PV South 891 53.8713°N, 8.706°E (376) - 3.282 - - 1.862 2.054
PV East 1001 51.6451°N, 13.5747°E (526) - - 3.724 - - -
PV South 1001 51.6451°N, 13.5747°E (526) | 37.166 | 35.242 | 22.685 | 36.152 | 31.650 | 34.752
PV East 2925 51.3932°N, 10.3123°E (299) | 2.581 8.759 | 12.620 - 2.678 | 10.477
PV South 2925 51.3932°N, 10.3123°E (299) - - - - 13.537 | 0.463
PV South 3098 51.2452°N, 7.6425°E (114) | 28.571 | 8.142 - 32.767 | 12.888 | 12.359
E PV East 3098 51.2452°N, 7.6425°E (114) | 15.143 | 35.939 | 39.765 | 10.185 | 23.132 | 29.231
g East 5100 49.7479°N, 6.6583°E (132) | 10.166 | 20.516 | 30.842 | 16.561 | 7.547 | 15.261
=] South 5100 49.7479°N, 6.6583°E (132) - 3.126 - 0.227 | 26.970 | 15.460
sf-é East 5109 53.5998°N, 13.3039°E (575) - - 6.075 - - -
g - 197 51.3219°N, 9.0558°E (211) | 41.434 | 46.052 | 37.536 | 49.244 | 61.247 | 53.546
E - 691 53.0451°N, 8.7981°E (303) | 4.281 3.954 | 4.000 - - 35.687
;—:D - 1001 51.6451°N, 13.5747°E (526) | 40.583 | 37.336 | 32.751 | 41.349 | 40.352 -
- 1200 54.0691°N, 9.0105°E (405) - - - 4.863 | 4.202 | 4.031
- 2023 48.7918°N, 10.7062°E (403) | 43.089 | 35.415 | 30.107 | 41.890 | 36.725 | 36.337
- 3660 50.3602°N, 6.8697°E (79) | 14.917 | 1.200 | 6.422 9.060 - 2.446
- 5349 53.5196°N, 12.6654°E (534) | 32.775 | 32.925 | 31.016 | 39.947 | 35.607 | 34.305
- - - 0.174 - - 2.278 - -
Minimum battery storage capacity at industrial site in MWh > 80.205 | 97.007 | 80.608 | 73.303 |153.000 | 128.723
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Demand electrolysis system (sorted to duration curve of PPA sum) —— WPP PPAs (duration curves)
—— PPA generation (duration curve, sum) Hydropower PPAs (duration curves)
PV PPAs (duration curves)
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Figure 19: Characteristics of renewable generation from PPA portfolios. It distinguishes between AWE and PEM electrolysis

systems, as well as between low (F1) and high (F2) furnace electrification. The electrolysis system demand is approximated
based on the furnace's invariable hydrogen consumption, with a fixed electrolysis system efficiency loss.
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4.4 Component parameterisation

From the load duration curves in Figure 19, we can observe that hydropower PPAs (light blue)
act as a baseload, shifting the portfolio's aggregated load duration curve upward. The area
under the electrolysis system demand curve and above the aggregated load duration curve
corresponds to the total storage demand that is required. From this correlation, we find that
storage demand is reduced with hydropower PPAs. Moreover, the optimisation achieves the
highest required storage capacity for low electrification of the furnace when the electrolysis
system demand is highest. In particular, in 2037, with low specific investment costs for the
battery, this leads to high optimal storage capacities (see Table 14), which is more cost-
competitive than a solution with hydropower.

4.4. Component parameterisation

The energy system model for the present and future glassworks site includes a variety of
electric, thermal, and hydrogen components. Accurate parameterisation of those component
models for defined scenarios is essential to achieving high-quality results. This section
summarises the parameterisation for all required components. This concerns all energy
conversion and storage components, including the electrolyser system, battery storage
system, and other smaller components (see Subsection 4.4.1). In addition, Subsection 4.4.2
highlights the parameterisation of all market components. Furthermore, the time step
clustering algorithm for the sizing layer of the FOCUS flexumer model requires adequate
parameterisation (see Subsection 4.4.3).

4.4.1. Parameterisation of energy conversion and storage components

For all new component models required for decarbonisation, we provide a sizing range rather
than fixed sizes. Within these ranges, the optimiser finds the best sizing of each component
based on the chosen objective function. One parameter that primarily influences the sizing
layer's results is component investment costs. In particular, components with higher
investment costs, such as battery storage or electrolyser systems, have a substantial impact
on investment decisions in the modelling.

To adjust investment costs from literature to 2024 price levels, we use the Harmonised Index
of Consumer Prices (HICP) for industrial goods published by the European Central Bank (ECB)
[146] (see Appendix C, Table 24). For currency conversion from US Dollar to Euro, the ECB
provides annual average values [147] (see Appendix D, Table 25). Other parameters include
maintenance costs, service life, and efficiencies. Table 15 summarises the parameterisation
for all electrical component models in dependence on the scenario years (Subsection 4.2.2).
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4 Scenario parameterisation

Table 15: Parameterisation of electrical components for the energy system model of the glassworks use case. Components
include a large-scale rooftop PV system, a PV inverter, a battery storage system, an inverter, and a transformer.

2024 2030 2037
Parameter Unit Symbol Ref.
low I high I mid | low I high | mid low | high I mid
Large-scale rooftop PV
Power capacity MW, Py py Optimised: 0 - 12.315
Spec. investment costs EUR2024/kWp | Ky 831 | 1531|1181 | 784 | 1470 | 1127 724 1395 | 1060 [8]
Fixed operational costs %/Inv. frix.op 239 | 134 | 1.72 | 259 | 142 | 1.83 2.88 1.52 | 1.99 [8]
Service life a Lcatendar 30 [8]
PV inverter
Power capacity MW Py pv inw Optimised: 0 - 12.315
Spec. investment costs EUR2024/kW | Ky 69 46 23 [165]
Fixed operational costs %/Inv. frix.op 0.5 1.5 1.0 | 05 1.5 10 |05]| 15 1.0 [166]
Service life a L catendar 10 20 15 10 20 15 | 10 | 20 15 [166-168]
Efficiency (one-way) % Ninv 97 [79, 169]
Battery storage system (LFP) — without inverter — MW range
Energy capacity MWh Py bat Optimised: 0 — inf. / fixed for flexibility scenarios D-H -
Spec. investment costs EUR2024/kWh | Ky, 156 | 330 | 243 83 217 | 151 81 199 | 141 [12, 166]
Fixed operational costs %/Inv. frix.op 0.5 1.5 1.0 0.5 1.5 1.0 0.5 15 1.0 [166]
Service life a L catendar 13 21 17 13 23 18 13 26 20 [166]
Cycle lifetime (EFC) # Leyeie 7200 8300 9600 [166]
Input/output efficiency % Nin | Nout 98 [169]
Min. SOE % SOE ,in 10 Assump.
Max. SOE % SOE o 90 Assump.
Initial SOE at to % SOE it 30 Assump.
Efficiency to grid (path) % Npath 89.4 [166, 169]
Self-discharge %/month Nself_dch 0.1 [170]
Battery inverter
Power capacity MW Py pat inv Optimised: 0 — inf. / fixed for flexibility scenarios D-H -
Spec. investment costs EUR202/kW | Ky 62 102 82 56 94 76 48 85 66 [166]
Fixed operational costs %/Inv. frix.op 0.5 15 1.0 | 05 1.5 1.0 0.5 1.5 1.0 [166]
Service life a L catendar 20 34 27 20 36 28 20 37 29 [166]
Efficiency (one-way) % Ninw 97 [79, 169]
Battery transformer
Power capacity MW Py pat,inv Assumption: same as battery inverter -
Spec. investment costs EUR2024/KVA | Ky 16 [171]
leeé op.eratlonal costs #/inv. Jrixep Assumption: same as battery inverter [171]
Service life a L catendar
Efficiency (one-way) % Ninw 97 [169]
Legend: Parameters used for the evaluation ()

For utility rooftop PV, we assume that the lowest possible investment costs reported in the
literature can be achieved, as industrial-scale companies can potentially benefit from
purchasing large quantities. By using the tool “Energie Atlas” (Eng.: Energy Atlas) [172] of the
federal state of North Rhine-Westphalia (NRW), the maximum size of the PV rooftop system
calculates to 12.315 MWp [136], with the simplifying assumption that all panels face south
and rooftops can be fully covered. Concerning the efficiency of BESS, we take into account the
losses for all relevant components, including the battery inverter and transformer, with typical
values reported in [169]. We model the battery inverter and transformer as a single
component. At the same time, we assume that transformers at the GCP have the same one-
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4.4 Component parameterisation

way efficiency of 97%, resulting in a path efficiency from the BESS to the electric power grid
of 89.4%. Furthermore, the assumption is that the transformer capacity at the GCP with
120 MVA [102] is large enough to be able to cover the additional demand of the electrolysis
system and other components for decarbonisation.

Similar to the parameterisation of electrical components, we collect parameters for AWE and
PEM electrolyser systems in Table 16. One critical parameter is electrical efficiency. However,
differentiation of various efficiencies is important. While often voltage efficiencies are stated,
the relevant parameter for conversion from electricity to hydrogen is the electrical efficiency
[107]. Moreover, the efficiency applies to hydrogen's lower heating value (LHV), as we
combust it to exploit its thermal energy in the furnace. To convert from HHV to LHV-based
efficiencies, we use a factor of 0.85 [107]. To account for the part-load efficiency of the
electrolysis system, the efficiency curves approximated in Subsection 2.3.2 for AWE and PEM
are used for the operating layer of the model. We use two support points for the highest
efficiency at 47% and 30% for AWE and PEM, respectively, lower efficiencies at 100% nominal
load, and lower turn-on powers to model two linearised efficiency curves. For the sizing layer,
the average efficiency at 75% load is modelled to account for non-optimal operation. For WHR
modelling, the overall electrolyser system efficiency is required. This can be obtained by
estimating the irreversible heat loss that cannot be further utilised for waste heat utilisation.
We calculate this energy loss by using the energy balance in [173] for a PEM electrolyser and
normalising it to the electrical efficiencies that we use for each year. For the AWE electrolysis
system, irreversible heat loss is assumed to be at only 2.6% [174]. Another important
parameter for the electrolysis system is ageing. To estimate the ageing reserve required in the
model, we multiply the ageing rate by the stack lifetime. For the AWE system, this leads to
reserves of 8.25%, 9.5%, and 12.5% for 2024, 2030, and 2037, respectively. For the PEM
electrolyser system, the reserve needs to be 9.0%, 7.2%, and 15.0% for 2024, 2030 and 2037,
respectively. The capacity reserve is incorporated into the model, leading to system oversizing
at the beginning of life.

Another characteristic of PEM electrolysers is that the operating range can be up to 120% of
the nominal power [180]. However, we limit the operation to 100% of the nominal load to
reduce ageing and to avoid inefficient operation. As the electrolyser will be the most critical
component of the new energy system, careful consideration of downtime is essential.
Downtimes will substantially affect the sizing of other hydrogen components, including
storage and compressors. On average, annual downtime is reported to be about 5% across
the whole hydrogen production plant, including the electrolyser system, compressors, and
pressure storage [162]. Given the large modularity of the hydrogen system, we assume that
downtimes are evenly distributed across all 15-minute intervals in each year. Moreover, as a
worst-case assumption, we expect a downtime of the hydrogen supply of 2 hours [162] until
a hydrogen replacement, for instance, by a trailer, is available.
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Table 16: Parameterisation of electrolysis systems to produce green hydrogen for the decarbonisation of the glassworks use
case. It is differentiated between AWE and PEM electrolysis systems.

2024 2030 2037
Parameter Unit Symbol Ref.
low | high | mid Iow| high I mid | low | high I mid
Electrolyser (AWE)

Power capacity MWe Py el Optimised: 0 —inf. [102]
Spec. investment costs [108, 112, 175,
. EUR2024/kWe | Ky 502 | 1406 | 954 | 402 | 854 | 628 [ 201 | 703 | 452

(incl. stack) 176]
Stack costs EUR2024/kWe | Kinp seack | 242 | 429 | 336 | 52 | 257 | 155 112 [113,177]
Fixed operational costs %/Inv. frix.op 13 | 35|24 |25 49| 3.7 {3980 ]6.0 [113, 178]
Service life a Logienawr | 225] 31 | 26 [ 20| 35 | 27 | 20| 40 | 30 [113]
Electr. Effic. to Hz2 (LHV) Non,n % 63 70 66 | 65| 71 68 [ 70 | 80 | 75 [112]
Heat loss (no use) % Nheat,loss 2.6 [174]
Maintenance time (off) % of time Poffmin 5.0 [162]
Cold start (ramp up) %/15min Prampcota | 20 | 50 | 30 | 30 | 100 | 65 100 [113]
Standby power % of Py Pstandany 1 [ s ] 3 [1]s 3 |1 | 5 | 3 [113, 135]
Effic. factor at Py % of Nonn Nonupper 90 [114]
Effic. factor at 0.47*Py % of Nonn Non,lower 100 [114]
Effic. factor at 0.2*Py % of Non .y Non,startup 74 [114]
Stack lifetime 1000 h Tstackuse | 60 | 90 [ 75 |90 | 100 | 95 [100] 150 [125]  [108,112]
Aging rate %/1000 h Telaging 0.11 0.1 [179]
Capacity reserve %/100 Teap,res 0.0825 0.095 | 0.125 [108, 112, 179]

Electrolyser (PEM)

Power capacity MWe Py el Optimised: 0 —inf. [102]
Spec. investment costs

. EUR2024/kWe | Ky 1105|2180 | 1643 | 653 | 1873|1263 | 201 | 904 | 553 | [108,112,176]
(incl. stack)

Stack costs EUR2024/KWel | Kinpstack | 384 | 1071 728 | 63 | 580 | 322 |141| 221|181 [113, 177]
Fixed operational costs %/Inv. frix.op 07 (09|08 06|08 ]| 07 |09]|16 |13 [113]
Service life a L yatondar 19 [ 21 [ 20 [19| 26 [ 22 [20] 35 | 27 [113]
Electr. Effic. to Ha2 (LHV) Non,N % 56 64 60 | 63 | 68 65 (67 | 74 | 70 [112, 173]
Heat loss (no use) % Nheatloss 8 7 6 [173]
Maintenance time (off) % of time Posf,min 5.0 [162]
Cold start (ramp up) %/15min Pramp,cola | 63 94 78 |83 | 100 | 91 100 [113]
Standby power % of Py, Dstandby 1 s |3 |1]5s5 3 ]1 | 5 | 3 [113, 135]
Effic. factor at Pn % of Nonn Non,upper 80 [115]
Effic. factor at 0.3*Py % of Nonn | Non,tower 100 [115]
Effic. factor at 0.05*Py % of Nony Non,startup 93 [115]
Stack lifetime h Totacktife | 30 | 90 | 60 | 20 | 90 | 60 | 100 | 150 | 125 [108, 112]
Aging rate %/1000 h Telaging 0.15 0.12 [179]
Capacity reserve %/100 Teapyres 0.09 0.072 I 0.15 [108, 112, 179]
Legend:

Parameters used for the evaluation ()

Apart from the electrolyser system, the model includes other hydrogen and thermal
components. This includes a hydrogen compressor system and a pressurised tank to buffer
the produced hydrogen before it is combusted in the furnace. The size of the compressor is
limited to 4.5 MWe,, which translates to 50 MW, considering the conversion efficiency. For
hydrogen pressure storage, we assume a maximum capacity of 167 MWhuz, corresponding to
5 tonnes of hydrogen. This is a regulatory threshold that, when exceeded, comes with higher
requirements for safety measures, as hydrogen is defined as a dangerous substance according
to BimSchV [181]. Therefore, the site operator has decided to stay below this threshold [102].
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4.4 Component parameterisation

In the thermal sector, an industrial HP unit (including a heat exchanger) and an electric boiler
are used to decarbonise SGS's heat supply. As the maximum heat demand is 6.408 MW, the
upper power limits for optimising the industrial HP and the electric boiler are set to 1.8 MW
and 6.5 MWeq, respectively, based on the industrial HP's lowest COP of 4. To increase the
flexibility of heat supply, we also model the option to include thermal storage that can buffer
heat for up to 24 hours, enabling the utilisation of daily wholesale electricity price spreads.
With a 6 MW peak load, this yields a theoretical upper limit of 144 MWhw. Table 17
summarises the parameters of all hydrogen and thermal component models.

Table 17: Parameterisation of additional hydrogen and thermal components required for the decarbonised energy system of
the glassworks use case. This includes a hydrogen compressor unit, a pressurised hydrogen storage tank, an industrial HP, an
electric boiler, and a thermal storage.

2024 2030 2037
Parameter Unit Symbol Ref.
low | high | mid | low | high | mid | low | high | mid
H2 compressor (low pressure)
Power capacity MWe Py comp Optimised: 0 —inf. [102]
Spec. investment costs EUR2024/kWh | Ky 52 83 67 [184-186]
Fixed operational costs %/Inv. frix.op 2 5 3.5 [183, 185]
Service life a L gtendar 12 [182]
Efficiency % NH2,comp 91 [116, 187]
H> storage (pressurised tank type I, 20-30 MPa)
Max. energy capacity MWhg PU5 tank 166.65 (5 tonnes) [102]
Spec. investment costs | EUR202a/kWh | i¢;pp 17 | 30 | 24 [183, 184, 186, 188]
Fixed operational costs %/Inv. frix.op 0.0 Assumption
Service life a L catendar 40 [189]
Efficiency % NH2,stor 100 Assumption
Initial SOE at to % SOE it 50 Assumption
Self-discharge %/day Nself_dch 0.12 [190]
Industrial HP (Tsource: 60-80°C, Tsink: 100-150°C)
Power capacity MWe Py up Optimised: 0 — 1.8 [102]
Spec. investment costs | EURx024/kWel | Ky 300 [ 1000 | 600 | 350 | 600 | 475 ] 350 | 560 | 455 [101, 173, 191]
Fixed operational costs %/Inv. frix,op 2.5 3.2 3.3 [104, 173]
Service life a L catendar 20 25 [104, 173]
CcoP %/100 copP 2 [ 6 |4 5 [104, 173]
Heat exchanger
Spec. investment costs I EUR2024/kW'h | Kiny | 85 | [173]
Electric boiler
Power capacity MWe Py ctec poil Optimised: 4.2 -6.5 [102]
Spec. investment costs EUR2024/kWei | Kiny 136 [191]
Fixed operational costs %/Inv. frix.op 0.4 [191]
Service life a L catendar 20 [191]
Efficiency % Nelec,boiler 99 [191]
Thermal storage system (sensible, water)
Energy capacity MWhi, Py stor.th Optimised: 6 - 144 Assumption
Spec. investment costs | EURx024/kWh | Ky 40 | 100 [ 70 [ 36 | 100 | 68 | 34 [ 100 | 67 [191]
Fixed operational costs %/Inv. frix,op 0.5 [191]
Service life a Lcatendar 25 [191]
Input/output efficiency % Nstorage,th 98 [191]
Self-discharge %/week Nself_dch 0.35 | 7 | 3.7 [192]
Legend:
Parameters used for the evaluation ()
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4 Scenario parameterisation

For efficiency considerations in industrial HPs, we assume the sink and source temperatures
are constant. Therefore, the COP is constant at an average value of 4, as reported in literature
[104] for the current technology development stage. For future years, we assume an improved
constant value of 5. In addition to an industrial HP, a heat exchanger is required to utilise
waste heat from the electrolyser system. The specific investment costs for the heat exchanger
are assumed to be 85 EUR/kW:n [173]. Those costs are added to the investment costs for the
industrial HP by multiplying them by the COP. Regarding cost and performance data for
hydrogen compressors and storage vessels, there is significant uncertainty in the literature.
Assumptions include that the storage vessel is lossless and that all losses in the compressed
hydrogen storage system are accounted for in the compressor component. Furthermore, we
assume that the service life of the low-pressure hydrogen storage is at least as high as the
estimations for hydrogen pipelines. In addition, it is expected that fixed operational costs
primarily apply to the compressor unit and can be neglected for the pressurised tank. For the
compression unit, we assume a conservative service life of 12 years, as stated in [182], given
its high technological maturity. However, new approaches to compression might emerge in
the coming years, enabling more reliable and cheaper systems [183].

4.4.2. Parameterisation of market components

In addition to physical components, the energy system model of the decarbonised glassworks
site also features market components that require parameterisation. The design of the
wholesale and ancillary markets varies in terms of pricing, product length, and specific
requirements for battery storage systems. Table 18 provides an overview of the
parameterisation of the market components considered.

Regarding PPA contracting, we must account for transmission losses between generation and
consumption. We assume an average distance of 373 km for PPA portfolios in Table 11 [24],
resulting in transmission losses of 2.42% [193]. In addition, we assume that transformer and
inverter losses at the generation plant accumulate to 4% [169]. Therefore, in total, we account
for PPA transmission and distribution energy losses of 6.42%. For the fair value of DM with
regard to the PV rooftop system, historic values are taken from publications of the Federal
Network Agency for auctions in mid-2024 to calculate time-variant price signals [194]. For
2030 and 2037, we assume fair values will reduce proportionally to the reported average
LCOEs for utility-scale PV (see Appendix B, Table 23). Further, we use fixed values, as we lack
future wholesale price forecasts. The market design of the frequency control markets FCR and
aFRR is mainly described in [90, 94]. For future frequency control market design, the simplified
assumption is that conditions remain as is. For FCR, marketable power may be reduced by
requirements for a so-called reserve operation [94]. Therefore, we calculate a minimum
reserve factor in accordance with the PQ-conditions in Eq. (4.1), assuming an EPR of 1 and that
half of the power can be potentially marked for FCR.
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0.5 MWh 5min
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Tres,FCR = 1h — 2h *

Table 18: Parameterisation of service/market components. This includes parameters for PPA contracts, DM, and spot
markets, as well as for the ancillary services FCR and aFRR.

2024 2030 2037
Parameter Unit Symbol Ref.
low | high | mid | low | high I mid | low | high | mid
Power purchase agreements (PPA)
Efficiency (transm., distrib.) % | Ner distr | 93.58 | [193]
Direct marketing (DM) (compensation scheme for RE generation)
Fair value large PV rooftop* | EUR2024ct/kWh | Ty | 7.950 | 10.19 | 8.940 | 8.130 | 6.990 | (8, 194]
Intraday continuous (IDC) spot market
Product length h Tieninc 0.25 [85]
Trade limit kWh Pfrlnit,sell,buy No limit set -
Frequency containment reserve (FCR)
Product length h Tienrcr 4.0 [90, 94]
Minimum activation time h Tactarrr 0.25 [90, 94]
Recharge reserve % SOE r 25 [90, 94]
Minimum reserve factor h TresFcr 0.916 [90, 94]
Automatic frequency restoration reserve (aFRR) — capacity and energy market
Product length (capacity) h Tiencap.arrr 4.0 [90, 94]
Product length (energy) h Tiene arrr 0.25 [90, 94]
Minimum activation (capacity) h Tact,cap,arrr 1 | 4 | 1.2 [90, 94]
Minimum activation (energy) h Tact £,aFRR 0.25 [90, 94]
Recharge reserve % SOE r 0 [90, 94]
Price position (energy) %/100 Pafrr,pos 0.2 Assumpt.
Average activation power %/reserve factarrr 100 Assumpt.
Legend:
Parameters used for the evaluation () *see direct marketing (DM) concept in Subsection 2.4.1

Another parameter with higher uncertainty is the minimum activation time of aFRR energy for
assets with reduced energy storage capability, which includes battery storage. According to
the prequalification conditions, a minimum activation of 60 minutes is sufficient in theory; in
practice, the storage system operator must ensure that, worst case, the activation lasts the
full duration of the 4-hour product window [94]. Therefore, battery storage operators usually
need to implement additional storage management measures that account for this worst-case
scenario. These measures include recharge management and/or combined control groups of
battery storage and assets with unlimited energy storage capability, such as conventional
generators [94]. For the glassworks use case, recharge management via intraday trading is the
optimal approach, as no other large conventional generation is available. The worst case for
recharge management on the intraday is that 20 minutes remain until the next possible
delivery, as the product duration is 15 minutes and the gate closure is 5 minutes before
delivery [85]. The basic concept of this recharge limitation is explained in more detail by Thien
et al. [195]. Therefore, for aFRR, we assume a minimum activation time of 1.2 hours. The
actual activation of aFRR is enabled via a set point from the TSO [90]. The extent to which the
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reserved power is activated depends on the single asset's geographical location and the
electric power grid's characteristics [90, 93]. However, for simplification, we assume that if
the battery storage is activated, it must activate its entire marketed power.

4.4.3. Parameterisation of time step clustering algorithm

The algorithm for clustering time steps (see Subsection 3.3.2) requires adequate
parameterisation to fit the glassworks use case. For validation, we use the defined scenario
with high furnace electrification and AWE electrolysis system, which proves to be the most
promising decarbonisation setup during the analysis section. The scenario with no time-step
aggregation, using 0.25-hour intervals, serves as a reference. Due to the high computational
complexity of this reference, validation of the aggregation results is conducted only for the
first half of the year, from January to July. This is expected to be sufficient to cover different
seasonal and demand characteristics.

To find the optimal time-step clustering settings, we conduct a sensitivity analysis of the most
relevant algorithm parameters (see Figure 20). This first concerns the threshold for the
residual load (Pggs). It defines a band around the zero crossing of the residual load, where no
clustering is allowed, to clearly separate times with deficits and surpluses in RE generation
from PPAs. We analyse this parameter between 0.2-0.7 MW, in incremental steps of 0.1 MW.
Moreover, we vary the percentile threshold (p,) that filters time steps with peak power
operation between 80-85%, in steps of 1%. In addition, the maximum length of aggregation
intervals needs to be defined. For this parameter, we evaluate time intervals from 0.75 to

2.0 hours, with a step size of 0.25 hours.

Overall, the results of the sensitivity analysis indicate that adequate parameterisation is
essential to avoid substantial deviations in component sizing of over 10%. Nevertheless, the
influence of time step clustering on the overall annual costs is only minor, as the error is always
<0.8%, which is less than the 2% error margin (MIP Gap) of the optimiser. In addition, the cost
breakdown shows that the error in time-step clustering mostly arises from capital costs, while
it does not substantially affect operating or emission costs.

The variation in maximum cluster size (Ty;y) indicates that, with increasing window size, the
quality of the results generally decreases. In particular, with a maximum cluster size of 2 hours,
substantial deviations in the sizing of the battery inverter exceed 20%. In general, for smaller
components like the thermal storage (<1 MWh), sizing is more sensitive, as its influence on
total costs is negligible. Moreover, for smaller components, such as the compressor, sizing
depends heavily on the electrolysis system. Only small changes in the electrolysis system size
can lead to substantial deviations for the compressor. A less obvious result can be observed
when the maximum cluster size (Ty;y) is set to the lowest value of 0.75 hours. The deviation
for the sizing of most components is substantially higher than for the 1-hour window. This can
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Figure 20: Sensitivity analysis of relevant parameters for the time step clustering algorithm, for the scenario with an AWE
electrolysis system and high furnace electrification in 2024. The colours of the heat map indicate the deviation in cost
components and component sizing relative to no aggregation, with time steps of 0.25 hours. The results are calculated over
half a year, from January to July. For each parameter variation, the other two parameters are kept constant, as indicated
above the heat maps.

be explained by the hourly granularity of RE generation from PPAs (see Table 13). The 0.75-
hour aggregation intervals are not compatible with this granularity, leading to a RE generation
pattern with a different dynamic. Therefore, we set the maximum time step duration to one
hour.

Focusing on the threshold for the residual load (Prgs) we can observe that deviations are
below 15% for most components. An exception is again the sizing of the thermal storage, given
its small size (<1 MWh). To keep a safe margin to the higher deviations, we consider a
threshold of 0.3 MW for (Pggs) to be optimal. The last parameter concerns the peak power
threshold. The highest deviations occur when the percentile (p,) is set to 80% (pgg)- As the
electrolysis and battery storage systems are the most important components of the energy
system, we consider a percentile of 83% optimal. With this choice, the deviation in sizing for
the electrolysis system is 0.3%, and for the battery storage system, -4.6%. The overall annual
system costs, however, only deviate by -0.3%. We apply the identified optimal parameters to
the time step clustering algorithm across all evaluation scenarios.
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5. Case study: decarbonised energy supply for a glassworks

This section includes a comprehensive analysis of the glassworks use case, as described in
detail in Subsection 4.1. The primary target for the future energy system of the glassworks site
is to maximise GHG emission reductions at the lowest possible system cost. For the evaluation
in this dissertation, we consider different design choices for the energy supply of the
glassworks site. This includes variations in furnace design and the source of green hydrogen.
For hydrogen furnace design, we differentiate between low electrification (F1) and high
electrification (F2) with power ratings of 8 MW, and 20 MWe, respectively. The choices for
obtaining green hydrogen break down into on-site electrolyser production and connection to
a future hydrogen pipeline network. Specifically, regarding the electrolysis system, we further
distinguish between alkaline water (AWE) and proton exchange membrane (PEM)
technologies. While the design choices target the decarbonisation of the glassworks’ energy
supply, additional process-related GHG emissions occur during the melting of the glass raw
materials. Solutions to reduce those additional emissions are excluded from the analysis as
they are covered in detail by Jost et al. [17].

The analysis section is divided into three subsections. The first subsection (5.1) provides a
high-level comparison of the different decarbonisation choices. Based on the insights from the
first subsection, the second subsection (5.2) includes an in-depth analysis of the selected most
promising decarbonisation setups. For the first and second subsections, we do not include
peak power costs in the objective. Finally, Subsection 5.3 evaluates additional cost-reduction
potential by leveraging battery storage flexibility, including peak-power-aware operation,
wholesale trading, and ancillary services.

5.1. Comparison of decarbonisation options

Evaluating the best possible setup for the future energy system of the glassworks primarily
requires comparing total annual system costs. They consist of annualised capital costs and
annual operating costs. Figure 21 shows a high-level comparison of all possible
decarbonisation scenarios by annual total system costs and share of capital costs. For energy
prices, we consider the medium price projections for NG and electricity (see ‘mid’-columns in
Table 11). Rebuilding the existing NG furnace acts as a benchmark for all decarbonisation
scenarios (grey colour). The results for the NG furnace show that, for future scenarios 2030
and 2037, total annual costs increase compared to the present 2024 scenario. In particular,
for 2030, the increase is substantially higher, at about 18.9%, compared to 13.2% in 2037. At
the same time, the comparably low share of investment costs is further decreasing from 10.7%
in 2024 to below 10% in 2030 and 2037. As capital costs remain the same, this indicates that
operating costs are increasing, mainly due to higher energy and emission-related costs (see
Figure 25).
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Figure 21: Comparison of all considered decarbonisation scenarios for the future energy system of the glassworks use case,
for different years of installation. Rebuilding the existing NG furnace serves as a reference. For future energy prices, medium
energy price projections are considered. While the symbol in the upper legend indicates the fuel source, the colour in the
lower legend represents the furnace design. Table 19 summarises all source data.

For decarbonisation scenarios (blue colour), the results show that the total annual costs for
installing a hydrogen-based solution in 2024 are consistently higher than those of the NG-
furnace-based scenario. At the same time, the share of investment costs is substantially
higher, with shares between 24-29%. Depending on the decarbonisation scenario, the
increase in total annual costs in 2024 is between 56-139% compared to the NG furnace. A
hydrogen furnace with high electrification and an AWE electrolysis system achieves the most
cost-competitive decarbonisation in 2024 with total annual costs of 63.4 Mio. EUR2024. On the
contrary, in the worst case, a low level of furnace electrification combined with a PEM
electrolyser system leads to substantially higher total annual costs of 96.2 Mio. EUR2024. This
mainly comes from higher capital costs and lower efficiencies for the PEM technology in 2024,
compared to the AWE technology.

The picture only marginally changes towards 2030, with most decarbonisation scenarios with
electrolysis systems showing total annual costs similar to 2024. In line with the 2024 scenarios,
the most economical decarbonisation is achieved with the AWE electrolysis system and high
furnace electrification, with total annual costs of 61.6 Mio. EUR2024. The main driver for cost
decreases from 2024 to 2030 is lower capital costs for electrolyser and battery systems.
However, for scenarios with an electrolysis system and low furnace electrification, the costs
are even slightly higher in 2030, particularly due to increased peak power costs, levies, and
taxes (see Subsection 5.2.1, Figure 30). In 2030, in addition to the scenarios with the
electrolysis system, we consider connecting to a hydrogen pipeline network when available.
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The results indicate that, for high furnace electrification, this decarbonisation choice is at
similar costs to the solution with AWE electrolysis. With total annual costs of
61.3 Mio. EUR2024, the difference is less than 1%. However, focusing on the low electrification
cases reveals the downside of the approach with pipeline connection. The comparatively high
hydrogen energy prices in the pipeline case become disadvantageous as the required amount
of hydrogen increases.

Table 19: Summary of total annual system costs for all regular scenarios of the future energy system of the glassworks use
case. See the data visualisation in Figure 21. For future energy prices, medium energy price projections are considered.

Technology type Pipeline (NG) AWE system (H:) PEM system (H2) Pipeline (H2)
Furnace type NG-FO H2-F1 | H2-F2 H-F1 | H2-F2 H2-F1 | H2-F2
2024

Share invest costs in % 10.698 24.253 27.200 26.481 28.336
Total annual costs in Mio. EUR2024 40.414 83.118 63.411 96.246 67.785
2030
Share invest costs in % 9.000 22.239 25.160 23.488 26.283 9.441 17.410
Total annual costs in Mio. EUR2024 48.036 85.530 61.639 95.772 65.472 68.179 61.251
2037
Share invest costs in % 9.448 24.095 24.155 23.138 24.345 10.364 18.936
Total annual costs in Mio. EUR2024 45.758 70.915 54.147 76.703 57.518 62.109 56.315

The picture changes towards 2037, with substantial cost-reduction potential for
decarbonisation choices compared to 2024 and 2030. Although rebuilding the NG furnace
remains the most economical solution, the gap to the decarbonisation options is narrowing.
With 54.1 Mio. EUR2024, the scenario with AWE electrolysis and high furnace electrification has
18.3% higher total annual costs than the NG furnace. The scenario with a hydrogen pipeline
and high furnace electrification closely follows this solution.

Overall, the results emphasise that, independent of the decarbonisation choice, a moderate
cost increase in glass production in the future can be expected. However, there is significant
uncertainty about future developments in energy prices for NG, electricity, and green
hydrogen. In particular, recent geopolitical tensions with the Russian invasion of Ukraine have
caused unprecedented turbulence in the global energy markets [3] and proven the fragility of
such. In addition, there is a high uncertainty regarding the development of CO; emission
certificates.

While the previous results in Figure 21 hold under the assumption of medium energy price
developments, further evaluations are required to account for price uncertainties. Therefore,
we analyse the effect of two additional price sensitivities, including a scenario with low and
high energy prices (see Table 11). Figure 22 and Figure 23 show the results of the sensitivity
analysis. For the scenario of rebuilding the NG furnace, the total annual costs in 2030 and 2037
are similar to or even lower than those in 2024. This is mainly influenced by substantially lower
NG prices that overcompensate for the assumed moderate increase in CO; emission costs.
This leads to reductions of total annual costs for the NG-furnace-based scenario of over 12%
in 2037, compared to 2024.
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Figure 22: Comparison of all considered decarbonisation scenarios for the future energy system of the glassworks use case,
distinguished by their share of investment costs. The status quo case with the NG furnace serves as a reference. For future
energy prices, low energy price projections are considered. While the symbol in the upper legend indicates the fuel source,
the colour in the lower legend represents the furnace design. Appendix H summarises all relevant source data.
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Figure 23: Comparison of all considered decarbonisation scenarios for the future energy system of the glassworks use case,
distinguished by their share of investment costs. The status quo case with the NG furnace serves as a reference. For future
energy prices, high energy price projections are considered. While the symbol in the upper legend indicates the fuel source,
the colour in the lower legend represents the furnace design. Appendix H summarises all relevant source data.
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Decarbonisation scenarios show an even greater potential for cost reductions in future years
than the fossil setup. For 2037, the setup consisting of a furnace with high electrification and
an AWE electrolysis system achieves total annual costs as low as 48.8 Mio. EUR2024. This is
20.9% higher than for the NG furnace in the present 2024 scenario. Furthermore, the
competitiveness of the hydrogen pipeline option in 2030 and 2037 substantially increases
under the assumption of lower green hydrogen prices from the pipeline. In 2030, total annual
costs are over 12% lower than in the best-case electrolysis system scenario for high-furnace
electrification. In 2037, the gap closes again, with the hydrogen pipeline scenario costing only
about 2% more. Overall, low energy prices are particularly beneficial for rebuilding the NG
furnace or connecting to a hydrogen pipeline. However, the competitiveness of scenarios with
an electrolysis system also slightly increases.

In contrast to previous conclusions, the results for high energy prices show a smaller gap
between decarbonisation scenarios and rebuilding the NG furnace. The high energy prices
disproportionately affect the total annual costs of the scenario for rebuilding the NG furnace.
High NG and CO; emission certificate prices lead to a surge in total annual costs compared to
medium energy price assumptions, with 43.6% in 2030 and 32.8% in 2037. On the contrary,
the best-case decarbonisation scenario with an AWE electrolysis system and high furnace
electrification only increases by 14.1% and 20.5% for 2030 and 2037, respectively, compared
with the medium price assumptions. For 2030, this scenario even achieves only a 2% increase
in total annual costs compared to the NG furnace. This emphasises the greater robustness of
the scenarios with an electrolysis system due to greater independence from global energy
prices. On the contrary, in scenarios with a hydrogen pipeline connection, higher energy prices
negatively affect competitiveness relative to other decarbonisation choices. Similar to the NG
furnace scenario, total annual costs increase disproportionately by 27.8% in 2030 and 33.9%
in 2037 compared with the medium energy price scenarios, for high furnace electrification.
This reflects the high dependence of this solution on cheap global hydrogen prices. At the
same time, the results emphasise the risk of connecting to a hydrogen pipeline as a global
market currently does not exist.

5.1.1. Levelised costs of hydrogen

Another key measure for comparing different decarbonisation choices for the glassworks use
case is the levelised costs of hydrogen (LCOH). In the case of electrolysis-system-based setups,
LCOHs are calculated by summing all required annualised investment and operating costs for
hydrogen production and dividing them by the total amount of hydrogen produced.
Subsection 3.3.3 provides the detailed mathematical formulations for the calculation of LCOH.
For annualised investments, we consider the electrolyser system, compressor, hydrogen
pressure storage, battery storage, and battery inverter. Even if the battery is not directly
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connected to the hydrogen sector, it is required to power the electrolysis system with green
power from PPAs while meeting the conditions for hydrogen production under RED Il and RED
[l (see Subsection 2.4.2). For operating costs, we consider electricity costs for powering the
electrolyser system and the compressor. For this, we neglect any revenues from selling PPA
or supplying load with energy from PPAs. Moreover, regarding electric power grid fees, we
only consider additional peak power costs incurred by hydrogen production. For 2024, some
of the peak power costs can be reimbursed under current regulations. A detailed analysis in
Subsection 5.2.1 (Figure 30) provides an overview of the cost breakdown. For the
decarbonisation case where the site is connected to a future hydrogen pipeline, LCOH are
predefined based on the assumption of global hydrogen energy carrier costs (see Table 11).
Figure 24 illustrates the LCOH for all decarbonisation choices and years under consideration.
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Figure 24: Levelised costs of hydrogen depending on the decarbonisation choice and year. For future energy prices, medium
price projections are considered. While the symbol in the upper legend indicates the fuel source, the colour in the lower
legend represents the furnace design. Appendix H summarises all relevant source data.

The results show that overall LCOH are decreasing towards 2037. While the LCOH is between
9.3-11.7 EUR2024/kg in 2024, it reduces to between 5.2-8.1 EUR2024/kg in 2037. The increase in
LCOH in 2030 for scenarios with an electrolysis system and low furnace electrification mainly
stems from higher peak power costs. Furthermore, the electrolysis-system-based scenarios
show substantially lower LCOH for the furnace with high electrification. Higher furnace
electrification reduces hydrogen production demand and, in turn, additional peak power.
Regarding the type of electrolyser system, AWE technology has lower LCOH than PEM
technology due to lower specific investment costs and higher efficiencies. This advantage
remains similar across the considered years, with the AWE's LCOH 12.5-23.2% lower than the
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PEM technology's in 2037. The decarbonisation choice with a connection to a future hydrogen
pipeline shows competitive LCOHs of 5.8 EUR2024/kg in 2030 and 5.2 EUR2024/kg in 2037.
Moreover, this solution always lies below the scenarios with an electrolysis system.
Reflecting on the total annual system costs (see Figure 21) confirms that the basic trends from
the LCOH assessment are consistent. However, hydrogen costs are only one part of the
equation. There are additional factors not reflected in the LCOH that improve the
competitiveness of electrolysis-system-based scenarios. This includes utilising cheap
generation from PPAs to meet the remaining power demand at the glassworks site and
generating revenue by selling excess PPA generation to wholesale markets (see Figure 30).

5.1.2. Optimal sizing of components

Understanding the underlying effects and dependencies behind the observed variations in
total annual costs requires a closer look at individual cost components and CO, emission
results. Therefore, Figure 25 provides a comprehensive breakdown of costs and CO; emissions
for all considered scenarios for the evaluation of the glassworks use case. The breakdown
reveals that, for rebuilding the NG furnace in 2024, operating costs account for the largest
share at 75.5%. Emission costs solely account for 13.8%. However, we observe substantial
changes in this relationship in future-year scenarios. Operating costs for the scenario with an
NG furnace increase in 2030, considering the projected increase in NG prices. This is mainly
due to short-term scarcity and is expected to change again towards 2037, when NG prices are
projected to return to levels before the 2022 energy crisis, assuming decreasing global
demand [151]. On the contrary, CO; emission certificate costs are projected to increase in
future-year scenarios to 125 EUR/t in 2030 and 200 EUR/t in 2037 (see Table 11). This leads to
an increasing share of emission costs of 21.4% and 35.9% for 2030 and 2037, respectively. The
amount of CO; emission is similar for all considered years, with 81.9 Mt in 2024 and 82.2 Mt
in 2030 and 2037. The majority of CO; emissions come from the combustion of NG. For
process-related emissions, we assume that, through advances in raw material composition, a
30% reduction is possible in future years [102]. At the same time, we observe 17.9% higher
CO; emissions from the combustion of NG in 2030 and 2037, as we assume an increase in the
NG provision's emission factor (see Table 11).

When focusing on decarbonisation choices, the factor with the greatest influence on
operating costs is the furnace setup. In scenarios with low furnace electrification, operating
costs are always higher than in high-furnace electrification scenarios. This mainly stems from
the furnace's lower hydrogen consumption with higher electrification, leading to lower
electric power demand in scenarios with an electrolyser system (see Section 5.2). For the
hydrogen pipeline scenarios, the dominating cost component is operating costs. For 2030,
they account for 9.4% and 10.4% of total annual costs under high and low furnace
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Figure 25: Breakdown of annual costs and CO, emissions for all considered scenarios for the glassworks use case evaluation.
For future energy prices, medium price projections are considered the default. The error bars indicate the variation in total
annual system costs across high and low energy price scenarios. Abbreviations: FO: NG furnace, F1: hydrogen furnace with
low electrification, F2: hydrogen furnace with high electrification. Appendix H summarises all relevant source data.

electrification, respectively. This underscores the high dependence of this scenario on low
import prices for green hydrogen. The comparatively large error bar representing price
uncertainty leads to the same conclusion. Furthermore, we observe that, in scenarios with an
electrolysis system, the main cost component remains operating costs. However, capital costs
make up a substantially larger share than for the scenarios with an NG furnace and hydrogen
pipeline. A clear trend can be observed that for all electrolysis-system-based setups, the
operating and capital costs are decreasing towards 2037. For the AWE electrolysis system with
high furnace electrification, operating costs decrease from 44.1 Mio. EURz024 in 2024 to
36.9 Mio. EUR2024 in 2037. In general, the main driver of this trend is declining electricity and
capital costs for electrolyser and battery storage systems (see the assumptions in Section 5.2).
However, for 2030, the electrolysis-system-based scenarios show mostly similar or increasing
operating costs. This particular comes from increased peak power costs and electric power
grid levies (see Subsection 5.2.1, Figure 30). For the PEM electrolysis system, operating costs
are substantially higher than for the AWE electrolysis system due to lower efficiencies.
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For capital costs, several factors must be taken into account. On the one hand, capital costs
for the furnace are assumed to be the same across all years, with substantially higher capital
costs for higher furnace electrification. This difference is shown specifically for the hydrogen
pipeline scenarios. On the other hand, capital costs for electrolysis and battery storage
systems decrease over time. Therefore, overall capital costs for the scenarios with an AWE
electrolysis system decrease by 15.2% and 24.2% from 2024 to 2037 for low and high furnace
electrification, respectively. Compared with the AWE electrolysis system, the PEM electrolysis
system has substantially higher capital costs due to higher specific investment costs.

The remaining cost position for emissions depends directly on the amount of CO; emitted. In
the decarbonised energy system, we substitute NG combustion, leading to reductions in CO;
emissions of 52.9% in 2024 and 74.4% in both 2030 and 2037. Consequently, the emission
costs are substantially lower than in the scenario with an NG furnace. For all decarbonisation
choices, this leads to emission costs of 2.0 Mio. EUR2024, 2.6 Mio. EUR2024, and 4.2 Mio. EUR2024
for 2024, 2030, and 2037, respectively. In particular, the impact of increasing CO, emission
certificate costs for future years is substantially reduced. However, a share of process-related
emissions of 21 Mt remains in 2030 and 2037, which can only be decreased further with
additional measures, including CCS technologies. However, this is not within the scope of this
dissertation and has been analysed in detail by Jost et al. [17].

Although operating costs account for the largest share of total annual costs across all
scenarios, adequate component sizing, particularly in the electrolysis-system-based scenarios,
is essential to remain within the range of competitiveness. Figure 26 shows the sizing of the
relevant components to meet the hydrogen furnace's energy demand. This includes the
electrolyser system, compressor, and hydrogen pressure storage. For reference, we include
the furnace's predefined electrical power ratings (see Table 9). In addition, Table 20
summarises the optimal component sizes for all scenarios.

The optimal sizing results of components to supply the energy demand of the hydrogen
furnace primarily show that the electric power rating of the electrolyser system is highly
dependent on the level of electrification of the furnace. For the scenarios with AWE
technology, the optimal electric power rating of the electrolyser system is between
39-44 MWe and 13-19 MW for low and high furnace electrification, respectively. The
decreasing trend from 2024 to 2037 is due to increasing efficiencies and declining capital costs
over time. As the capital costs of the electrolysis system are a major cost driver for the new
energy system (see Figure 29), scenarios with higher electrification are generally more
beneficial. For the PEM technology, the lower efficiency compared to the AWE technology
even leads to higher electrical power ratings of up to 55.4 MW in the case of low furnace
electrification in 2024. Furthermore, we can observe that the reduction of electrolyser system
size from 2024 to 2030 for AWE technology is only minor or even slightly increases. One factor
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that leads to this outcome is the higher requirements for temporal matching of RE generation
from PPAs and electrolysis consumption for 2030, according to the RED Il [21]. While only
monthly matching is required in 2024, hourly matching must be ensured in 2030. This requires
increasing the size of the electrolysis system to allow greater flexibility during operation. In
addition, as hydropower PPAs are increasingly avoided in future years (see Figure 19),
generation variability increases. This can be better utilised with a larger electrolyser system.

Table 20: Summary of the optimal sizing of all energy system components, for all regular scenarios of the evaluation.
Abbreviations: FO: NG furnace, F1: hydrogen furnace with low electrification, F2: hydrogen furnace with high electrification.

Energy conversion components Energy storage components
Tech. | Scenario : (rated electric powe'r in MW) (rated capacity in MWh)
Electrolysis Industrial . Battery Battery H2 Thermal
Compressor E-boiler R
system HP inverter storage storage storage

_ F0-2024 0.0 0.0 0.0 6.408 0.0 0.0 0.0 0.0
;n_. 2 F0-2030 0.0 0.0 0.0 6.408 0.0 0.0 0.0 0.0
F0-2037 0.0 0.0 0.0 6.408 0.0 0.0 0.0 0.0
F1-2024 43.606 3.793 3.792 2.616 29.883 225.668 166.650 0.0
g F1-2030 44.020 4.359 6.408 0.0 42.437 416.926 166.650 0.0
2 < | F1-2037 39.292 2.337 6.408 0.0 37.996 449.173 21.226 0.0
w T | F2-2024 18.710 3.305 3.776 2.632 16.270 110.440 166.650 0.0
E F2-2030 17.133 2.625 4.266 2.142 19.643 144.483 166.650 0.345
F2-2037 13.507 0.832 4,512 1.896 8.066 80.608 7.296 1.271
F1-2024 55.361 4.245 3.792 2.616 33.722 145.670 166.650 0.0
g F1-2030 48.684 3.507 6.408 0.0 41.034 386.287 141.808 0.0
2 & | F1-2037 48.414 2.354 6.408 0.0 39.565 470.074 21.226 0.0
g < | F2-2024 22.965 3.163 3.792 2.616 14.190 73.303 166.650 0.0
& F2-2030 18.253 1.904 4.173 2.235 22.017 155.409 166.650 0.0
F2-2037 16.642 0.959 4.604 1.804 12.409 128.723 7.296 0.390
° F1-2030 0.0 0.0 0.0 6.408 0.0 0.0 0.0 0.0
% ~ | F1-2037 0.0 0.0 0.0 6.408 0.0 0.0 0.0 0.0
g < | F2-2030 0.0 0.0 0.0 6.408 0.0 0.0 0.0 0.0
F2-2037 0.0 0.0 0.0 6.408 0.0 0.0 0.0 0.0

The optimal sizing of the electrolysis system interacts with the sizing of the hydrogen pressure
storage (see Figure 26) and battery storage capacity (see Figure 27). The optimiser tries to find
a balance between increasing/decreasing the power rating of the electrolysis system and
sizing the hydrogen and battery storage capacities. Possible factors that particularly influence
this trade-off include specific investment costs and efficiencies that improve from 2024 to
2037. On the contrary, for the hydrogen pressure storage, those parameters are constant
across all considered years. Another factor to consider is the maximum allowed hydrogen
storage size in the modelling, in accordance with current safety regulations that limit storage
to 5t (167 MWhuy,11v) without additional safety requirements [181]. Increasing this threshold
can lead to substantially higher storage capacities for hydrogen and battery storage systems,
as shown in Brucksch et al. [24]. Moreover, individual PPA portfolios across all scenarios may
lead to different operational characteristics (see Figure 19). The superposition of all these
factors yields less intuitive results regarding the sizing of the storage components.

For the hydrogen pressure storage, we can observe that in 2024 and 2030, the capacity is
usually optimised to the maximum threshold of 167.65 MWhy;,nv (see Figure 26). Another
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Figure 26: Optimised sizing of components to supply the energy demand of the furnace, including electrolyser system,
compressor, and H, pressure storage, for all scenarios of the evaluation. For reference, we include the furnace's electric
power ratings. Abbreviations: FO: NG furnace, F1: hydrogen furnace with low electrification, F2: hydrogen furnace with low
electrification. Source data is provided in Table 20.

overall trend is that optimal capacities are decreasing towards 2037. This trend is mainly
driven by improved performance parameters in the electrolysis system, including higher
efficiencies. In 2037, the optimal hydrogen storage capacity reaches minimum values of
21.2 MWhyz,inv for low electrification, and 7.3 MWhua,iuv for high electrification of the
furnace. The fact that those minimum capacities are independently reached for AWE and PEM
technology proves that this is a lower threshold of the optimisation space. The threshold
occurs when we model maintenance times of 5% per year for the electrolysis system, with
only 50% of the system's capacity available in the worst case. During standby and off times
when half of the electrolysis system's capacity is idle, the hydrogen storage needs to act as a
buffer to meet the mostly constant hydrogen demand of the furnace (see Table 16). The
electrical power rating of the compressor for pressure storage mainly depends on the size of
the electrolyser system and the generation characteristics of the PPA portfolio. The results
show sizes between 0.8-4.4 MW., which corresponds to between 4-18% of the electric power
rating of the electrolysis system.
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Figure 27: Optimised component sizing for the battery storage system to maximise utilisation of RE generation from PPAs.
Abbreviations: FO: NG furnace, F1: hydrogen furnace with low electrification, F2: hydrogen furnace with low electrification.
Source data is provided in Table 20.

For battery storage sizing, the results show a partial inverse trend compared to hydrogen
storage sizing. By 2030, optimal battery storage capacity is expected to increase (see Figure
27). However, this is particularly pronounced in scenarios with low furnace electrification and
less pronounced in those with high furnace electrification. At the same time, the results are
very similar for scenarios with an AWE and PEM electrolysis system. The main reason for larger
battery capacities with low furnace electrification is the increased hydrogen demand. This
results in higher electricity demand for the electrolysis system. Serving the increased
electricity demand requires additional contracting of RE generation via PPAs (see Table 14).
This leads to an increased need for buffering RE excess generation to serve the electrolysis
system and the remaining electricity demand of the glassworks site (see Figure 19). For low
electrification of the furnace, battery capacities reach up to 449.2 MWhe. Given that BESSs
with a capacity of around 600 MWh are planned in Germany [11], this falls within a realistic
range from a technical perspective. Nevertheless, with limited available space at the
glassworks site, we consider this an ambitious and rather unlikely setup. On the contrary, for
the economically most viable case with high electrification and an AWE electrolyser system,
the optimal battery capacity is between 80.6-110.4 MWhe|, which we consider a more realistic
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setup. Another important takeaway from battery storage sizing results is the comparatively
high EPR ratios between 2-14 h. This implies that the battery storage is operated for slow
charging with excess generation from the PPAs over a longer period. The optimal electric
power rating of the battery inverter depends solely on fluctuations in PPA profiles (see Figure
19). This leads to optimal sizing between 29-43 MW and 8-23 MWg for low and high
electrification of the furnace, respectively.

Another part of the decarbonised energy system is the supply of thermal space heating
demand for the SGS department. Figure 28 shows the results of component sizing, including
an industrial HP, an electric boiler, and thermal storage. For the scenarios with an NG furnace
and hydrogen supply via pipeline, the only option to supply the heat demand is to size the
electric boiler to the maximum annual demand of 6.408 MW:. On the contrary, sizing is less
intuitive in scenarios with an electrolysis system. Those scenarios are implemented with the
option to build an industrial HP WHR from the electrolysis system. In addition, a sizing
constraint ensures that the sum of thermal ratings of high-temperature HP and electric boiler
equals the maximum thermal load as defined in Eq. (3.66).
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Figure 28: Optimised component sizing for the thermal energy supply of the SGS department, for all scenarios of the
evaluation. Abbreviations: FO: NG furnace, F1: hydrogen furnace with low electrification, F2: hydrogen furnace with low
electrification. Source data is provided in Table 20.
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The results indicate that the sizing of thermal components is very similar across scenarios with
an AWE and a PEM electrolysis system. Moreover, for 2024, the sizing results for the electric
boiler and the industrial HP are almost identical, at around 3.8 MW and 2.6 MWy,
respectively. At the same time, no thermal storage capacity is required in 2024, as the
electrolyser efficiency is comparatively low, resulting in a high waste-heat potential. Overall,
the sizing results indicate that in 2024, capital costs for the HP are the dominant factor, and a
comparatively large electric boiler is required to cover peak demand. However, this picture
changes in 2030 and 2037 with decreasing specific investment costs for the high-temperature
HP and an assumed increase of COP from 4 to 5. For scenarios with low furnace electrification,
this eliminates the electric boiler across all setups. The higher hydrogen demand in these
scenarios and thus larger electrolysers leads to sufficient amounts of waste heat, with no need
to install any additional thermal storage. For high furnace electrification, however, the waste
heat from the electrolyser is insufficient to meet the entire thermal load. Therefore, electric
boilers with an optimal thermal power rating of between 1.804-2.235 MW, are required.
They are partly combined with additional thermal storage capacity. As the AWE electrolysis
system features higher efficiencies, less waste heat is available, leading to larger thermal
storage sizing of up to 1.271 MWj.

5.2. Detailed evaluation of the most promising decarbonisation choices

A detailed understanding of the outcomes of the high-level comparison of decarbonisation
choices in Section 5.1 requires an in-depth analysis of single scenarios. In this section, we
specifically focus on the two most promising decarbonisation scenarios. On the one hand, this
includes the scenario with an AWE electrolysis system, which offers clear economic
advantages over the PEM electrolysis system. On the other side, we further evaluate the
scenario with a connection to a future hydrogen pipeline. For both options, we primarily focus
on scenarios with high hydrogen furnace electrification, which promise the lowest total annual
costs (see Subsection 5.2.2, Figure 21). This is required to stay within a competitive cost range
with the NG furnace. Nevertheless, the alternative with low electrification of the hydrogen
furnace may offer the benefit of transferability in construction and operation, as it is closer to
the current NG-based furnace design. Therefore, additional evaluations for this option are
included in Appendix | and referenced during the evaluation.

5.2.1. Solution I: electrolysis system with high furnace electrification

As a first decarbonisation option, we analyse the hydrogen furnace with high electrification
(see Table 9, F2) in combination with AWE electrolysis. The furnace has an annual hydrogen
demand of 5553 tonnes, which must be produced by the electrolysis system using green
electricity from PPAs. From the sizing results summarised in Table 20, we can obtain the
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optimal sizes for all single components. For the AWE systems, optimal electrical power ratings
are 18.7 MWe|, 17.1 MWe, and 13.5 MW, for 2024, 2030, and 2037, respectively. Another
central component of the new energy system is the battery storage system. Its optimal
capacity is 110.4 MWh, 144.5 MWh, and 80.6 MWh for 2024, 2030, and 2037, respectively. In
a first evaluation, we break down all cost components to identify relevant cost drivers. Figure
29 illustrates a breakdown of the annualised capital costs for all relevant, modelled energy
conversion and storage components of the energy system. Similarly, Figure 30 shows a
breakdown of annual operating costs, including emission costs.

The distribution of capital costs clearly shows that the melting furnace, the AWE electrolyser
system, and the battery storage system make up the largest share. The annualised investment
of the furnace is 10.6 Mio. EUR2024, which corresponds to a share of 61.3% of capital costs in
2024. This share increases to 68.1% in 2030 and 80.8% in 2037. On the one hand, this shows
that capital costs are a major weakness of a novel furnace with high electrification. It is
estimated to be 2.5 times more expensive than an NG-based furnace [102]. The expected high
costs of this new type of furnace are highly uncertain, as it must be developed from scratch.
On the other hand, this can also be an opportunity for long-term cost reductions if a more
cost-efficient design is found. On the contrary, for investment costs of other components,
detailed future price projections are available. For the AWE and battery storage system, the
specific investment costs are expected to substantially decrease towards 2037. At the same
time, as efficiency increases, the required capacity of the electrolysis system decreases. While
capital costs for the AWE system account for 2.6 Mio. EURz024 in 2024, they decrease to
1.6 Mio. EUR2024 in 2030 and 1.0 Mio. EUR2024 in 2037. Similarly, the annualised capital costs
for the battery storage system (incl. battery inverter) reduce from 3.5 Mio. EUR2024 in 2024 to
1.4 Mio. EUR2024 in 2037, considering a substantial reduction in required capacity. Overall, the
results show that total investment costs have the potential to decrease by 10.1% and 24.2%
towards 2030 and 2037, respectively. This leads to greater competitiveness for this solution
compared to the NG-based furnace scenario.

Although capital expenditures account for a significant share of costs in the electrolysis-
system-based scenarios, the majority of annual costs are operating costs (see Figure 30). The
largest share of operating costs comes from purchasing RE generation with PPAs to operate
the AWE system. In 2024, this corresponds to 20.3 Mio. EUR2024, Which is 44% of all operating
costs. However, with decreasing PPA prices for 2030 and 2037, this share substantially
decreases to 38% and 37.2%, respectively. Although the PPA portfolios are optimised to follow
the furnace's demand, a substantial share of RE generation must be resold on wholesale
markets. This leads to revenues between 3-5 Mio. EUR2024, depending on the year of
consideration. In addition to the PPA supply, contracting green hydropower futures (EU27) to
cover the remaining power demand of the glassworks site accounts for a large share of costs.
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In 2024, this is the third-largest cost share at 12.2 Mio. EUR2024. Nevertheless, this position
shows a substantial reduction potential towards 2037 when the amount decreases to
9 Mio. EUR2024, with assumed reductions in prices for hydropower futures.

[ Sum Il AWE system [ Pressure storage I E-boiler Il Battery inverter
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Figure 29: Breakdown of annualised investment costs of all required components for the decarbonised energy system of the
glassworks, in case of high electrification (20 MW,) of the melting furnace. The electrolysis system is AWE-based.
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Figure 30: Breakdown of annual operating costs for the decarbonised energy system of the glassworks, in case of high
electrification (20 MWel) of the melting furnace. The electrolysis system is AWE-based.
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The second-largest cost position in 2024 is peak power costs for electricity drawn from the
electric power grid. In 2024, they account for 30.1% of all operating costs. However, with
increasing efficiency of the AWE system, they are reducing from 13.9 Mio. EUR2024 in 2024 to
11.4 Mio. EUR2024 in 2037. It should be considered that there is a high uncertainty concerning
peak power tariffs with substantial increases since 2021, introduced by the local distribution
system operator (DSO) at the glassworks location [80, 196]. Depending on political decisions,
the results could deviate substantially. Nevertheless, the high costs lead to the conclusion that
measures to reduce peak power are becoming increasingly relevant. The evaluation of peak-
power-aware operation in Subsection 5.3.1 shows that substantial cost reductions are
possible. In addition to peak power costs, other electric power grid fees and taxes account for
a relevant cost share of 4.8%, 10.1%, and 11.1% for 2024, 2030, and 2037, respectively. Similar
to peak power costs, this cost share is considered highly uncertain. Overall, the insights clearly
show that, with high electrification of energy-intensive industries, electric power grid fees are
a substantial factor in whether decarbonisation is cost-competitive. Therefore, future electric
power grid fees should be designed to support industries with rising electric power demand
in their decarbonisation efforts. Furthermore, the 2024 reimbursement of electric power grid
fees and taxes for the electrolysis system reduces overall costs by only 1.5% for high
electrification of the furnace and AWE system. On the contrary, for low furnace electrification,
higher savings are possible, as peak power costs can be effectively reduced (see Appendix |,
Figure 48). In addition, it can be noted that emission costs for remaining process-related CO;
emissions are increasingly relevant towards 2037. Therefore, investing in additional measures
to reduce those emissions has to be carefully considered [17].

With the relevant cost factors in mind, gaining further insights into the operational behaviour
of the decarbonised energy system requires a closer look at individual energy flows. Figure 31
provides an overview of the resulting required annual energy flows between components for
an installation in 2024. The visualisation of annual energy flows for the 2024 scenario with an
AWE electrolysis system and high furnace electrification shows a total inflow of 362.4 GWh of
PPA power generation to the balancing group of the industrial glassworks site. The largest
share comes from WPP generation (262.4 GWh), followed by PV (98.6 GWh) and only a small
share from hydropower (1.4 GWh). Timely mismatches between PPA power generation and
energy consumption at the glassworks site result in 85.3 GWh that must be resold on
wholesale markets. Under the constraints of the European RED Il directive on green hydrogen
production, the demand for the electrolyser system (103.2 GWh) must be fully met by PPA
generation (monthly correlation). With 49.4 GWh, WPP covers the majority of the electrolyser
system demand. Generation from PV PPAs adds another 39.9 GWh. From the battery storage
system, 12.6 GWh of additional PPA power generation covers the electrolysis system demand.
Moreover, in 2024, only a small additional amount of energy from wholesale markets of
0.7 GWh is supplied to the electrolysis system, as only monthly matching is required for PPA
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Figure 31: Annual energy flows in GWh for the 2024 decarbonisation scenario with an AWE electrolysis system and high
electrification of the furnace (20 MW4). Flows smaller than 1 MWh are not displayed. “Demand other” includes all remaining
electricity demand of the sections SGG and SGS.

and the electrolysis system. The electric load of the furnace and other power demands of the
glassworks site consume the remaining PPA power generation of 94.1 GWh and 55.3 GWh,
respectively. Nevertheless, PPA power generation cannot cover demands at all times.
Therefore, 143.4 GWh of additional power generation must be purchased on the wholesale
markets, for which we assume green hydropower futures (EU27) as the source. The furnace
and other sites’ power demands mostly consume this additional energy share. Other smaller,
less significant power consumers include the compressor, the industrial HP, and the electric
boiler. Focusing on the hydrogen production, the furnace directly consumes 57.8 GWh (90.1%)
of the total hydrogen production, while only 6.0 GWh are temporarily stored by the hydrogen
pressure storage. In the thermal sector, with 12.8 GWh, the industrial HP supplies most of the
thermal demand through WHR from the electrolysis system. Thermal peak demands are only
occasionally met by the electric boiler, resulting in an annual supply of only 0.7 GWh.

Another important aspect when analysing the energy flows of the new energy system is losses.
The highest annual losses of 26.4 GWh occur for the electrolyser system. This leads to a
combined annual efficiency including WHR of 74.4%. However, it must be noted that this
efficiency could be increased by utilising higher amounts of waste heat, for instance, in CCS
processes [17]. Another substantial source of energy losses is the transformers at the GCP.
They are modelled with a single efficiency of 97%, resulting in annual losses of 12.6 GWh in

this scenario. Less substantial losses of 4.3 GWh are occurring at the battery storage system.

For the decarbonised energy system scenarios in 2030 and 2037, energy flows change
substantially (see Figure 32 and Figure 33). Most importantly, due to the higher efficiency, the
electric power demand of the electrolysis system decreases to 100.5 GWh in 2030 and
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92.8 GWh in 2037. However, in 2030, a similar amount of RE generation from PPAs compared
to 2024 is still required, totalling 361.9 GWh. This mainly stems from the shift from WPP to PV
PPAs, driven by lower PV prices. At the same time, PV generation aligns less well with the
relatively constant demand for hydrogen, thereby increasing the ratio of PPA generation to
electrolyser system demand.
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Figure 32: Annual energy flows in GWh for the 2030 decarbonisation scenario with an AWE electrolysis system and high
electrification of the furnace (20MW4)). Flows smaller than 1 MWh are not displayed. “Demand other” includes all remaining
electricity demand of the sections SGG and SGS.
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Figure 33: Annual energy flows in GWh for the 2037 decarbonisation scenario with an AWE electrolysis system and high
electrification of the furnace (20MW4)). Flows smaller than 1 MWh are not displayed. “Demand other” includes all remaining
electricity demand of the sections SGG and SGS.
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In addition, in 2030, hydrogen production is subject to stricter requirements, including hourly
temporal matching, as per the RED Il (see Subsection 2.4.2). Overall, these factors lead to a
higher battery storage throughput of 37.1 GWh in 2030. On the contrary, in 2037, we assume
the electric power grid is sufficiently decarbonised and that no temporal matching is required.
For this reason, 13.4% (12.2 GWh) of the electrolyser system's electrical power demand
originates from wholesale markets. Furthermore, with higher electrolyser system efficiencies
in 2037, the total RE generation from optimised PPA portfolios decreases to 347.2 GWh. At
the same time, the amount of energy to be purchased via wholesale power futures increases
to 147.5 GWh.

Another effect caused by the higher efficiency and lower specific investment costs of the
electrolysis system towards 2037 is the reduced energy flow of only 2.6 GWh to the hydrogen
pressure storage. Moreover, higher electrolysis system efficiency and greater utilisation of the
lower share of waste heat by the industrial HP reduce overall electrolysis system losses to
23.4 GWh in 2030 and 16.1 GWh in 2037. This leads to combined electrolysis system
efficiencies of 76.7% and 82.7% in 2030 and 2037, respectively.

For all scenarios that include an electrolysis system and industrial HP, we model the possibility
to draw energy from a hydrogen and thermal slack component to avoid infeasibilities. The
evaluation of cumulated energy flows from slack components (see Appendix J, Figure 52)
shows that the highest uncovered load is 415.3 MWh for hydrogen and 0.2 MWh for thermal
demand. The uncovered load occurs because the operating layer uses a rolling-horizon
approach with foresight of only 24 hours. This can, in some scenarios, lead to insufficient
storage level filling at a single time step. However, in the worst case, the uncovered load is
less than 0.3% of hydrogen and 0.002% of thermal demand. This does not affect the overall
results outcome. Moreover, no slack flows occur in the most promising scenario with AWE
electrolysis and high furnace electrification. Uncovered demand can be avoided in a real
operation through the implementation of a sophisticated, prognosis-based energy
management system that detects critical future supply situations and applies adequate

storage filling or load shifting when possible.

In the next step, the obtained energy flows enable an accurate calculation of LCOH in EUR/kg,
as described in Subsection 3.3.3. This allows for a better comparison of decarbonisation with
an electrolysis system versus connecting to a future hydrogen pipeline. To better understand
the cost components of the calculation, Figure 34 provides a cost breakdown. We calculate
the additional peak power according to Eq. (3.143).

The LCOH cost breakdown illustrates that one of the dominating factors is PPA purchasing
costs, with a rather constant share for all years. They account for 33.3%, 29.7%, and 33.5% in
2024, 2030, and 2037, respectively. WPP PPAs account for the largest share, representing
more than half of the generation from PPAs and being attached to slightly higher prices. The
other dominant factor is the increase in peak power costs associated with electrolyser system
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Figure 34: Breakdown of LCOH for a one-year operation of the decarbonised glassworks energy system in the case of high
electrification (20 MWe) of the furnace. The electrolysis system is AWE-based.

operation. This increase in peak power leads to cost shares of 29.7%, 33.6%, and 26.7% in
2024, 2030, and 2037, respectively. The high share of peak power costs indicates that peak-
power-aware operation of the electrolysis system should be implemented, as further analysed
in Subsection 5.3.1. The remaining operating cost shares of the LCOH calculation are less
significant. This includes wholesale purchases that cover the remaining electric power demand
for the hydrogen production. In 2024 and 2030, this is mostly due to the compressor
consumption of the hydrogen pressure storage with small shares of <0.1 EUR2024/kg. In 2037,
the wholesale share increases to 0.4 EUR2024/kg, as it covers part of the electrolyser system's
demand.

Other major contributors to LCOH are capital costs for the battery storage and electrolysis
system. The battery storage system (incl. inverter) accounts for 1.8 EUR2024/kg, 1.5 EUR2024/kg,
and 0.7 EUR2024/kg in 2024, 2030, and 2037, respectively. The AWE system shows slightly
lower shares of 1.4 EUR2024/kg, 0.8 EUR2024/kg, and 0.5 EUR2024/kg in 2024, 2030, and 2037,
respectively. However, as capital costs decline towards 2037, the impact of levies and taxes
increases, accounting for 10.1% of LCOH in 2037.

Gaining further insights into the operation of the decarbonised energy system requires a
closer look at the behaviour of individual components. This concerns all energy conversion
and storage components of the decarbonised energy system. Figure 35 illustrates the
distributions of electrical input power for conversion components and of input and output
power for storage components. Figure 36 complements the picture by showing the
distribution of state-of-energy (SOE) of all storage components.
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Figure 35: Distribution of electric input power for all conversion components of the decarbonised energy system and
input/output power for the storage components of the glassworks use case. The electrolysis system is AWE-based. For H,
storage, the values are normalised to the maximum H, throughput. For all other components, values are normalised to the

electric input power rating.
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Figure 36: Distribution of the SOE for all relevant storage components of the decarbonised energy system of the glassworks
use case. The electrolysis system is AWE-based. All values are normalised to the maximum storage level.

Focusing on the electrolyser system, the distribution shows that the operation is substantially

different for the considered years. In 2024, the AWE system is operated across a wide range

of different operating points, with an average of 63.0% of rated electric input power. This low

average utilisation is due to the modelled efficiency curve for the AWE electrolysis system,
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which peaks at 47% of the nominal load and decreases towards full load (see Figure 6). With
increasing efficiencies of the electrolysis system in future-year scenarios, the average
operating point shifts upwards to 67.0% in 2030 and 78.4% in 2037. The lower utilisation of
the system in 2024 and 2030 is due to the optimiser selecting a larger power rating for the
AWE system (see Figure 26). On the one hand, this is driven by lower electrolyser system
efficiencies. On the other hand, monthly and hourly temporal matching between the
electrolyser system's demand and RE generation from PPAs must be ensured to comply with
the RED Il regulation (see Subsection 2.4.2). For 2037, the distribution is more concentrated,
and the maximum power input is even below the rated input power to avoid the most
inefficient operating points. In addition, at around 50% of rated electric power, there is
another accumulation of operating points when half of the electrolysis system is in the off
state or in standby mode during maintenance.

For the compressor, the median of the input power distribution indicates it is switched off at
least 50% of the time. When it is switched on, however, there are two main operating points,
either close to the minimum or close to the maximum electric power rating. The compressor
system operates at part load only on a few occasions. This distribution of power for the
compressor represents the implemented operating strategy for the hydrogen pressure
storage, as defined by Eq. (3.14).

The strategy implemented for the pressure storage incentivises a rapid replenishment to
maintain the highest possible hydrogen backup reserve at all times. When small amounts of
hydrogen are drawn from the pressure storage during a time step, they are immediately
refilled with mostly low input power at the compressor. When the electrolysis system is in
maintenance, however, larger amounts of hydrogen are taken from the pressure storage.
Afterwards, it is filled as quickly as possible with maximum compressor power. This operating
strategy leads to high average SOEs of 93.9%, 98.4%, and 95.5% for hydrogen pressure storage
in 2024, 2030, and 2037, respectively.

For thermal components, the behaviour mainly depends on the waste heat potential of the
electrolysis system. This potential decreases towards 2037 as the electrolysis system size
decreases and its efficiency increases. At the same time, the COP of the industrial HP is
assumed to increase from 4.0 in 2024 to 5.0 in 2030 and 2037. Consequently, the average
point of operation concerning electric power rating reduces from 38.9% in 2024 to 35.5% and
32.6% for 2030 and 2037, respectively. The electric boiler covers situations when the waste
heat potential is insufficient. This leads to a high distribution of input power at low shares of
the rated power, and it occurs only on a few occasions that it is operated at the maximum
power rating.

Looking at the battery storage system, we observe that the average SOE declines substantially
over the considered years. While in 2024 the average SOE is at 46.2%, it reduces to 40.1% in
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2030 and 20.3% in 2037. This shows that less RE generation from PPAs needs to be buffered
as the electrolyser efficiency increases. Moreover, the inverter's power distribution shows
that, even with high EPRs, it mostly operates near 0% of nominal electric power. Most of the
time, the battery storage system is in an idle state. The maximum charging or discharging
power is only utilised on very few occasions. In addition, the average SOE shows that the full
capacity is only partially used.

To improve understanding of the timely correlation between battery storage operation and

daily or seasonal characteristics, Figure 37 illustrates the average SOE categorised by daily 15-
minute intervals and month of the year.
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Figure 37: Average annual battery storage SOE categorised for all months and all quarter hours of the day, for the scenario
with high electrification of the furnace (20 MW,) and AWE electrolysis system.

In 2024, the timely distribution of SOE for the battery storage shows a pattern similar to that
of typical PV battery storage applications [78]. The battery is charged mainly between 10:00-
16:00, with mostly PV generation from PPAs (see energy flows in Figure 31), and discharged
between 20:00-04:00. This behaviour is more pronounced during the months from May to
September, with higher solar radiation. In January, November, and December, the distribution
shows substantially lower battery storage usage. Focusing on 2037, the utilisation of battery
storage substantially reduces, leaving the asset unused for most of the time. The main factor
in this outcome is that the battery's optimal capacity remains similar or even slightly increases
due to lower specific investment costs. At the same time, the electrolysis system's efficiency
increases. Moreover, in 2037, no temporal matching between generation from PPAs and
supply to the electrolysis system is required. Considering the comparatively high capital costs
of battery storage (see Figure 29), the results raise the question of how to achieve higher
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utilisation of the battery storage. Therefore, in Section 5.3, we evaluate whether the battery
storage can provide additional flexibility by combining the main operation of integrating VRE
generation from PPAs with additional use cases.

5.2.2. Solution II: hydrogen pipeline with high furnace electrification

The alternative decarbonisation option, compared with the electrolysis-system-based
scenario in Subsection 5.2.1, is to connect to a future hydrogen pipeline. We evaluate this
option for the more promising setup with high furnace electrification (20 MWe,) in 2030 and
2037. It is important to note that for 2030, there is high uncertainty regarding the availability
of a hydrogen pipeline connection to the glassworks use case site (see Subsection 4.2.2). For
capital costs, no additional components other than the hydrogen furnace are considered. The
capital costs for the furnace are equal to those in the electrolysis-system-based scenario, at
6.3 Mio. EUR2024 (see Figure 29). For operating costs, Figure 38 provides a detailed cost
breakdown. In addition, we illustrate the energy flows for the pipeline scenarios, which are
identical for 2030 and 2037 (see Figure 39).

The cost breakdown shows total annual operating costs of 50.6 Mio. EUR2024 in 2030 and
45.7 Mio. EUR2024 in 2037 for the pipeline scenarios with high furnace electrification. This is
considerably above the operating costs of the electrolysis-system-based scenarios (see Figure
30). The decreasing trend towards 2037 can be explained by reductions in the energy costs of
hydrogen and electricity, while energy flows remain identical. The largest share of operating
costs comes from purchasing 319.2 GWh of green hydropower generation (EU27 futures) on
the wholesale markets with 24.6 Mio. EUR2024 in 2030 and 19.5 Mio. EUR2024 in 2037. They
account for 48.6% and 42.7% of total annual operating costs in 2030 and 2037, respectively.
This indicates that the largest cost-reduction potential in the scenarios with hydrogen pipeline
connection and high furnace electrification is low-cost RE generation. Therefore, in Subsection
5.3.2, we analyse possible cost reductions with PV rooftop installations at the glassworks.
The other cost factors for the pipeline scenario with high furnace electrification are
substantially lower. Despite comparatively high prices, hydrogen purchasing costs accounted
for only 22.6% of total annual operating costs in 2030 and 22.0% in 2037. However, this
corresponds to only 63.8 GWh of imported hydrogen, or 16.7% of aggregated energy imports.
This shows the benefit of high furnace electrification, which reduces the demand for expensive
green hydrogen imports compared to low furnace electrification. The remaining operating
costs are peak power, taxes and levies, and emission costs. In particular, peak power costs
account for shares of 16.6% and 18.4% in 2030 and 2037, respectively. However, compared to
the scenarios with the electrolysis system, they are substantially lower. Nevertheless, the
potential to reduce peak power costs needs to be evaluated (see Subsection 5.3.1).
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Figure 38: Breakdown of annual operating costs for the decarbonised glassworks energy system in case of high electrification
(20 MW¢)) of the melting furnace and connection to a future hydrogen pipeline.
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Figure 39: Annual energy flows in GWh for the 2030 and 2037 decarbonisation scenarios with connection to a future
hydrogen pipeline and high electrification of the furnace (20MW4)).
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5.3. Evaluation of flexibility potentials

The electrification of the energy system of the glassworks use case leads to higher annual
electric power demands, which comes with the risk of high operational costs. Moreover, large
investments in electrolysis and battery storage systems are required to produce on-site green
hydrogen (see Figure 29). At the same time, the battery storage system is only partially used
to buffer PPA generation. Most of the time, a large share of its capacity remains unused (see
Figure 37). Furthermore, sector-coupling components such as electrolyser systems, industrial
HP, or electric boilers can shift their operational characteristics. This provides the unique
opportunity to leverage additional cost savings through a more flexible operation of the
energy system. This includes reducing peak power from the electric power grid, increasing
self-consumption of RE generation, trading on the wholesale electricity markets, or providing
ancillary services to stabilise the electric power grid. The following subsections provide a
detailed analysis of the potential benefits of flexible operating strategies.

5.3.1. Flexibility level B: reduction of peak power

One primary disadvantage of higher electrification of the energy system of the glassworks is
increased peak power costs (see Figure 30). The peak power costs linearly scale with the peak
power price, which is assumed to be 175.53 EUR024/kW for the electric power distribution
grid that the glassworks is connected to [80]. Applying peak-power-aware operation offers the
opportunity for substantial cost reductions. Therefore, in Eq. (3.52), we add peak power costs
to the objective function of the optimisation problem. We apply peak-power-aware operation
across all scenarios with an AWE electrolyser system and hydrogen pipeline, both for low (F1)
and high (F2) electrification of the furnace. Figure 40 shows the peak power reduction per
scenario and the resulting cost-saving potentials.

The results for peak-power-aware operation indicate that substantial reductions in peak
power are possible. This, in particular, concerns the scenarios with an AWE electrolysis system
and low electrification of the furnace that achieves peak power reductions of between
31.0%-40.9%, depending on the year of installation. Those peak power reductions overall
correspond to a reduction in total annual costs between 6.6%-10.3%. Overall, with high
furnace electrification, peak power is lower because the electrolyser system has a lower
energy demand. Therefore, a smaller peak power reduction of 17.0%-18.1% is achieved,
leading to reductions in total annual costs of 3.2%-4.2%. The lowest total system costs of 52.4
Mio. EUR2024 is achieved with high furnace electrification in 2037. Consequently, peak-power-
aware operation reduces the gap relative to the 2037 scenario for rebuilding the NG-based
furnace, which features total annual costs of 45.8 Mio. EUR2024 (see Table 19).

Another striking feature of the results is that a reduction of peak power does not necessarily
lead to a reduction in total annual costs. This can be observed in the 2037 scenario with high
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Figure 40: Peak power reduction and cost savings potential with peak power aware operation for scenarios with AWE
electrolysis system and hydrogen pipeline connection, both for low (F1) and high (F2) electrification of the furnace.
Reductions are calculated in comparison with the basic results in Section 5.1.

furnace electrification and connection to a hydrogen pipeline. Despite a peak power reduction
of 2.8%, total annual costs increase by 0.2%. The main reason for this outcome is that peak-
power-aware operation results in higher capital costs in the model's sizing layer, which
assumes perfect foresight over the entire optimisation horizon. However, at the operating
layer, the implemented rolling horizon reduces this foresight to 24 hours, potentially leading
to suboptimal operation compared to the sizing layer. Overall, the results indicate that a
battery storage system for the hydrogen pipeline scenarios has limited value as no flexibility
can be exploited. To better understand increases in capital costs, Figure 41 illustrates changes
in optimal capacities for the relevant components, including the battery storage system,
electrolyser system, and hydrogen pressure storage.

Overall, peak-power-aware operation clearly affects the sizing of relevant components. In
particular, the battery inverter size is reduced while the electric power rating of the
electrolysis system is mostly increased. We observe the largest reduction in battery inverter
size of 64.0% for low furnace electrification in 2037. For the electrolysis system, the highest
increase in electric input power rating of 8.7% occurs with low furnace electrification in 2024.
The results overall indicate that, rather than increasing the utilisation of battery storage, it is
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Figure 41: Impact of peak power aware operation on sizing of relevant components including battery storage system,
electrolyser system, and hydrogen pressure storage. Results are shown for scenarios with AWE electrolysis system and
hydrogen pipeline connection, both for low (F1) and high (F2) electrification of the furnace. Reductions are calculated relative
to the basic results in Section 5.1.

often more cost-effective to increase the electrolysis system size to enable more flexible
operation. Another option to increase flexibility and reduce the peak power of the hydrogen
production is to install a larger hydrogen storage tank. This is indicated by the substantial
377.5% increase in furnace capacity for high electrification in 2037. However, in most
scenarios, this is not possible as the maximum allowed size of 167 MWHua,1nv (see
Subsection 4.4.1) is already reached. Furthermore, it must be noted that, in some scenarios,
the battery storage capacity remains at the minimum required by the PPA portfolio
optimisation and cannot be further reduced (see Table 14). For hydrogen pipeline scenarios,
the optimal capacity for a new battery storage is between 12-19 MWh. However, the
comparatively small reduction in peak power does not yield substantial cost savings.
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Apart from differences in component sizing, the operation of the glassworks energy system
changes substantially when peak power costs are included in the objective function. Figure 42
illustrates the changed behaviour of the most relevant components, including electrolysis and
battery storage systems, during the highest annual power peak.
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Figure 42: Visualisation of component behaviour during the occurance of the highest 15-minute annual power peak on 21t
of May at 11:45, for the 2030 scenario with AWE electrolysis system and high (F2) electrification of the furnace. The upper
plot shows the operation without, and the lower plot shows the operation with peak-power-aware operation.

We can observe that, for regular operation without peak power awareness, the electrolysis
system operates at a very constant input power that changes only during maintenance, when
half of the system is temporarily unavailable. Furthermore, its input power is always above
the furnace's hydrogen demand. For battery storage, charging is more volatile, resulting in
many single 15-minute power peaks at the GCP. This is especially true during the day, when
PV generation from PPAs is at its peak, and the battery often charges. Moreover, at the GCP,
the aggregated electric power at the glassworks site shows that the highest demand typically
occurs during the day. Consequently, the annual electric peak power of 80.8 MW also occurs
at noon at 11:45.
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With peak-power-aware operation, however, the components' behaviour changes
substantially. The electrolysis system now operates much more flexibly, and the rated capacity
slightly decreases by 0.1 MWe. Moreover, charging the battery storage system is more
beneficial to the system. This especially occurs when the power at the GCP is below the new
annual 15-minute peak power, which has been reduced to 65.1 MWe. However, this reduces
the required power rating of the battery inverter (see Figure 41) and potentially leads to less
utilisation of RE generation from PPAs.

5.3.2. Flexibility level C: PV generation on-site

Applying a simple strategy for peak-power-aware operation (flexibility level B) is beneficial in
most scenarios for total annual system costs (see Subsection 5.3.1). In the next step, we add
the option to install a PV rooftop system at the glassworks use case site to achieve further cost
savings. The maximum size of the PV rooftop system the optimiser can choose is 12.3 MWp.
Table 21 shows the optimal sizing results for the PV rooftop system and inverter for all
scenarios with an AWE electrolysis system and hydrogen pipeline connection.

Table 21: Optimal sizing results, self-consumption rates, and DM revenues for a PV rooftop system installed at the site of the
glassworks use case. All panels face south.

AWE system Hydrogen pipeline
KPI Low electrification of High electrification of Low electrification of High electrification of
furnace (F1) furnace (F2) furnace (F1) furnace (F2)

2024 | 2030 | 2037 | 2024 | 2030 | 2037 2030 2037 2030 2037
PV rooftop rated 12.315 | 12.315 | 12.315 | 12.315 | 12.315 | 12315 | 12.315 12.315 12.315 12.315
power in MW,
PVinverter rated 11552 | 11.928 | 12.315 | 11.500 | 11.862 | 12.257 | 11.804 12.257 11.804 12.257
power in MW
Self-consumtion 0624 | 0001 | 00 | 0271 | 00 0.0 0.0 0.0 0.0 0.0
rate in %
DM revenue in 1.042 | 1.058 | 0912 | 1.034 | 1.059 | 0.912 1.059 0.912 1.059 0.912
Mio. EUR2024

For all scenarios, the PV rooftop system is sized to the maximum possible capacity. This proves
that installing a PV system on the glassworks site is a no-regret option. The PV inverter is sized
slightly below the capacity of the PV rooftop system and varies between scenarios. Moreover,
the self-consumption rate indicates that almost all of the PV rooftop system's generation is
sold via DM. Depending on the scenario and year, the revenue is between 0.9-1.1 Mio.
EUR2024. The difference can be explained by the modelling assumptions. In 2024, DM has been
modelled with variable prices according to the DM model (see Subsection 2.4.1). For a few
time steps with low spot market prices, this leads to low compensations that prevent feeding
PV generation into the electric power grid. For 2030 and 2037, however, fixed feed-in tariffs
based on electricity prices are assumed, as no market data is available. Consequently, all the
generation from rooftop PV is fed into the electric power grid. Similar to the evaluation for
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flexibility level B with peak-power-aware operation, in Figure 43, we evaluate the reduction
of total annual system costs and peak power when installing a PV rooftop system.

The results for reductions in total annual costs show that installing a PV rooftop system is
beneficial across all considered scenarios. On the one hand, the PV rooftop system provides
low-cost RE generation. On the other hand, it proves valuable by further reducing the site's
peak power compared to applying only peak-power-aware operation (see Figure 43). For the
considered scenarios with an AWE electrolysis system, the peak power reduction ranges from
18.4%-41.7%, leading to total annual cost reductions of 3.6%-10.6%. Compared with peak-
power-aware operation only (see Figure 40), scenarios with low furnace electrification
particularly benefit from the PV rooftop system in terms of peak power. The lowest total
system costs of 52.2 Mio. EUR2024 is achieved through high-furnace electrification in 2037.
Despite additional reductions, a substantial gap to the scenario with an NG-based furnace
remains (see Table 19).

For the cases with a connection to a future hydrogen pipeline, substantially smaller reductions
are achieved. This is the case because the site's peak power and power consumption are lower
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Figure 43: Peak power reduction and cost savings potential with peak power aware operation and installation of a PV rooftop
system at the site of the glassworks. Results are calculated for scenarios with an AWE electrolysis system and a hydrogen
pipeline connection, for both low (F1) and high (F2) furnace electrification. Reductions are calculated relative to the basic
results in Section 5.1.
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than those in the electrolysis-system-based scenarios (see Figure 39), thereby reducing overall
reduction potentials. Nevertheless, all pipeline scenarios now show small reductions of 0.3%
or less compared to peak-power-aware operation only (flexibility level B).

Understanding the benefits of the PV rooftop system requires a closer look at the correlation
between peak power and PV rooftop generation. Figure 44 illustrates the 1,000 highest power
peaks before and after the installation of the PV rooftop system for the AWE electrolysis
system and high-furnace electrification. This enables the identification of the correlation
between peak power occurrence and PV rooftop generation. The results show that the PV
rooftop system further reduces the peak power by up to 13.5 MW,|, compared to flexibility
level B, which is slightly above the rated power of 12.3 MW. The highest relative reduction is
at 20.8%. However, we observe that the lowest peak power with the PV rooftop system
already occurs at the 50™-highest peak, with 63.1 MWe. Nevertheless, with additional
flexibility in asset operations, the peak power can be further reduced to 59.4 MW (see Figure
43). Focusing on the 300t highest power peaks and above, we can observe that a limitation is
reached as more and more instances occur when the PV system cannot further reduce peak
power. It must be noted that the shown results are only valid for the specific use case of the
glassworks and might differ substantially for other applications. Nevertheless, for applications
where peak power occurs at or near noon, PV systems offer the opportunity to substantially
reduce peak power and save costs.
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Figure 44: Peak power reduction with the PV rooftop system compared to peak power aware operation only, for the 1000
highest power peaks of the scenario with an AWE electrolysis system and high electrification of the furnace.
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5.3.3. Flexibility level D-H: FTM services and value stacking

With peak-power-aware operation and installation of an on-site PV rooftop system,
substantial total annual cost savings can be achieved (see Figure 40 and Figure 43). However,
as both cases do not substantially increase the utilisation of the battery storage system, we
want to evaluate the additional potential for integration of FTM services. This includes spot
market trading (ST) and ancillary services. For ancillary services, we consider frequency
containment reserve (FCR) and automatic frequency restoration reserve (aFRR). As the
evaluation of FTM services requires extensive market data that is difficult to predict for future
years, the focus is on the support year 2024, where historical data is available. Moreover,
throughout the analysis, we focus exclusively on scenarios with an AWE electrolysis system
that yield the most promising economic results (see Figure 21).

In a first step, we want to compare the cost-reduction potential of different single services
and value stacking approaches. We stick to the flexibility levels defined in the scenario setup
in Table 12. On the one hand, this includes isolated consideration of ST, FCR, and aFRR. On the
other hand, we evaluate two value stacking approaches. This includes stacking of only FTM
services without considering a PV rooftop system (flexibility level G) and stacking of all
available flexibility options (flexibility level H). Figure 45 compares reductions in total annual
system costs across the different flexibility choices considered. Flexibility level A (REF) serves
as a reference representing the basic results from the decarbonisation analysis of the
glassworks use case in Sections 5.1 and 5.2. The reference values are 83.1 Mio. EUR2024 and
63.4 Mio. EUR2024 for low and high electrification of the furnace, respectively. Moreover, the
results for peak-power-aware operation (flexibility level B) and for a PV rooftop system with
DM (flexibility level C) are included for comparison. In contrast to BTM services, FTM services
are not part of the model's sizing layer and are implemented only in the operating layer. This
means that the component sizing for all scenarios with FTM services is very similar to that for
flexibility levels B or C, depending on whether a PV rooftop system is included. However, to
enable FTM services to be properly used, we set the EPR of the battery storage system to 4
hours. This is a typical upper ratio for a large-scale BESS in Germany, designed to provide FTM
services [11, 12].

Overall, substantial reductions in total annual costs are possible by leveraging additional
flexibility potential for both low and high furnace electrification (see Figure 45). Combining
flexibility services generally leads to higher cost reductions. Moreover, the reductions are
higher for the low-electrification case, as a substantially larger battery storage system is
installed to buffer RE generation from PPAs (see Figure 27).

One flexibility option with a large cost-reduction potential is ST (flexibility level D). This means
that, instead of fixed tariffs for buying and selling wholesale power, time-variant prices are
applied in the intraday continuous (IDC) market. This leads to an overall reduction in total
annual costs of 15.2% and 9.7% for low and high furnace electrification, respectively. The
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Figure 45: Comparison of reductions in total annual system costs for different flexibility choices. Results are shown for
scenarios with an AWE electrolysis system as well as low (F1) and high (F2) electrification of the furnace. Flexibility level A
(REF) serves as a reference representing the basic results from the decarbonisation analysis in Sections 5.1 and 5.2. For all
scenarios, peak-power-aware operation is implemented. The scenario with flexibility level G features a stacking of all FTM
services. The scenario with flexibility level H combines all BTM and FTM services. For the aFRR energy market, a conservative
bidding strategy is applied, targeting a price position at 20% of allocated bids.

breakdown of costs shows that this is mostly due to selling more energy on the IDC. On the
one hand, excess RE generation from PPAs can be used for this purpose. With the battery
storage system, a larger share of this excess generation is stored compared to flexibility level
B, and it is sold when prices at the IDC are high (see Figure 46). On the other hand, when prices
on the IDC are low, the battery storage can be charged, and the energy used to cover the
glassworks demand at a later point in time. However, a potential disadvantage of applying ST
is that the glassworks' scope 2 emissions might increase when trading power from a non-
renewable source. This needs to be carefully evaluated when implementing this flexibility
option. However, electricity is usually bought at low prices when the electric power grid's
emissions are lower [163]. In addition, with the ongoing decarbonisation of the electric power

system [138], emissions associated with trading are expected to gradually decline.

Compared with ST, participating in the FCR market with the battery storage system vyields
lower cost savings of 9.6% and 4.7% for low and high furnace electrification, respectively. The
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FCR revenue is at 3.0 Mio. EUR2024 for low and 1.1 Mio. EUR2024 for high furnace electrification.
With 52 weeks a year, this leads to weekly average revenues of 973.7 EUR2024/MW/week (F1)
and 810.6 EUR2024/MW/week (F2). Compared with the achievable FCR revenues displayed on
the Battery Revenue Index [197], this is substantially below the full market potential. This can
be explained by the fact that storage is also used to buffer generation from PPAs, leaving less
capacity for FCR. Moreover, strict regulations on SOE management under the PQ-conditions
for FCR effectively reduce reservable capacity when the battery SOE is out of the required
range, as implemented in the model via Eq. (3.106). The results align with the expectation that
the FCR market for battery storage will become less attractive in the coming years due to
cannibalisation as an increasing number of batteries are prequalified for this market [95].

On the contrary, participation in the aFRR market proves to be the best choice in terms of
flexibility when comparing single-service results. Reductions of 18.8% and 9.7% can be
achieved for low and high furnace electrification, respectively. The aFRR revenue is split
between the capacity (aFRRcp) and energy (aFRRe) markets. For the conservative bidding
strategy in the aFRR energy market, targeting a price position of 20%, the revenue share from
the capacity market is substantially higher than that from the energy market. Overall, a
revenue of 11.4 Mio. EUR2024 for low and 4.4 Mio. EUR2024 for high furnace electrification can
be achieved. Similar to FCR results, we can calculate the weekly average aFRR revenues to
3,760.1 EUR2024/MW/week (F1) and 3,380.3 EUR2024/MW/week (F2). This is in the expected
range [197] and proves that the aFRR market is well-suited for combining increasing self-
consumption of RE generation from PPAs in one battery. However, the complexity of the
bidding process on the aFRR market leads to greater uncertainty about the reduction that will
be achieved in real operation. In contrast to FCR, a sophisticated bidding strategy is required,
as it is possible to place separate bids for capacity and the energy market, as well as for
positive and negative direction (see Subsection 2.2.3). Nevertheless, the variation in price
positions (Appendix I, Figure 50) shows that revenues remain on a similar level when applying
a different bidding strategy on the aFRR energy market. Lower revenues on the energy market
are partly compensated by increased bidding and revenues on the capacity market. Another
development to consider is that in the long term, the potential for the aFRR market might also
decrease when more and more batteries participate [95]. This risk can be reduced by adopting

value stacking approaches that leverage multiple market channels.

Focusing on the two scenarios using a value stacking approach (flexibility levels G and H), the
results clearly show a benefit over single-market results. The main difference between the
two approaches is that for the flexibility level H, the PV rooftop system with DM is considered
as an additional option. Overall, flexibility level H leads to the highest reductions of total
annual costs of 30.1% and 18.8% for low and high furnace electrification, respectively. For high
furnace electrification, this corresponds to 51.5 Mio. EUR2024, which is still 27.4% higher than
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rebuilding the NG furnace in 2024. In both value stacking approaches, the role of FCR is minor
and does not substantially reduce total annual costs. This is the case because aFRR allows
bidding on both positive and negative markets, thereby providing greater flexibility to adjust
to battery storage SOE. The PV system for flexibility level H proves advantageous, as it
generates additional RE that can be flexibly used. Overall, the results emphasise that, in future
years, utilising flexibility could close the competitiveness gap relative to rebuilding the NG
furnace.

We can identify further causalities by analysing the operation of the battery storage system in
detail. Figure 46 illustrates the sizing and cycling of the battery storage system, separated into
the different flexibility services. For sizing results, we find that the scenario design yields very
similar results across all flexibility cases. For flexibility levels A-C, the battery storage systems
are part of the sizing layer. This leads to slight differences in battery capacity for low furnace
electrification, stemming from peak-power-aware operation. For flexibility level B, the battery
size is optimised to a lower value as the electrolysis system size increases and less battery
capacity is required (see Figure 41). On the contrary, for flexibility level C and low furnace
electrification, the optimiser chooses a higher battery capacity, as PV rooftop generation
reduces peak power, opening up more flexibility for battery storage (see Figure 43). For FTM
services, the EPR of the battery is set to the typical upper value of 4 hours [11, 12]. This
additional constraint leads to small differences in battery capacity sizing for the flexibility case
H compared with flexibility level C.

Focusing on battery cycling, we observe that for the reference case (A), the cycling is
190.2 EFC/year and 238.9 EFC/year for low and high furnace electrification, respectively.
Moreover, the cycling is considerably smaller for the larger battery storage system with low
furnace electrification. Adding flexibility does not necessarily lead to higher cycling. In the
flexibility cases B and C, peak-power-aware operation results in lower EFCs, as it primarily
limits battery charging during peak load periods when RE generation from PPAs is high. The
highest cycling is observed for ST (flexibility level D), with 262.1 EFCs (F1) and 455.3 EFCs (F2).
For high furnace electrification, the EFCs even exceed the theoretically available 424 EFCs per
year, calculated by dividing the cycle lifetime by the calendar lifetime in years. Usually, this
threshold should not be exceeded by the model with cycle limitation implemented according
to Eq. (3.15). However, at the operating layer of the model, this constraint can lead to
divergent behaviour if the cycling in the rolling horizon is unequally distributed between the
control and prediction horizons. When focusing on the origin of the increased cycling in the
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5 Case study: decarbonised energy supply for a glassworks
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Figure 46: Sizing and cycling of the battery storage system for the considered flexibility scenarios A-H. EFCs are separated
into the services provided by the battery storage system. In addition, micro cycling for FCR and aFRR is a separate category.
Results are shown for scenarios with an AWE electrolysis system as well as low (F1) and high (F2) electrification of the furnace.
For the aFRR energy market, a conservative bidding strategy is applied, targeting a price position at 20% of allocated bids.

flexibility case D, the results indicate that trading itself accounts for only part of the additional
cycling. In particular, for low furnace electrification, most of it is due to higher utilisation of RE
generation from PPAs. This is beneficial, as low-cost RE generation from PPAs can substitute

for power purchases on the spot market during periods of high prices.

In contrast to ST, adding ancillary services in cases E-H leads to substantially reduced
additional cycling. In addition, we can observe the displacement of intermediate storage of
generation from PPAs, as reserving capacity for ancillary services is more lucrative. In
particular, participating in the FCR market (flexibility level E) results in only a minor increase,
or even a reduction, in overall cycling. On the one hand, FCR must be reserved for 4-hour
blocks and be symmetrical in both directions, which reduces flexibility for other services, for
instance, buffering RE generation from PPAs. On the other hand, it also only adds smaller
amounts of cycling. Cycling is almost evenly distributed between net cycling for FCR and
additional cycling via micro cycling. With the micro-cycling-aware implementation, the model
accounts for cycling over the time range of seconds when responding to frequency deviations,
even though the overall modelling resolution is 15 minutes. Overall, net and micro cycling
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5.3 Evaluation of flexibility potentials

leads to 27-33 additional EFCs for participating in the FCR market. In addition, recharge
management via wholesale adds up to another 18 cycles/year. In sum, this is substantially
below the expected cycling of this application, around 250 EFCs per year, when applying FCR
only as a service for a battery storage system [198].

The picture changes for aFRR that features substantially higher cycling. The amount of aFRR
cycling is mainly influenced by the bidding strategy on the energy market. By default, the
model uses a conservative bidding strategy that targets a price position of 20% of allocated
bids. This results in frequent activation of the battery storage system. For aFRR-only operation
(flexibility level F), depending on high or low electrification of the furnace, 61-63 EFC/years
are added with up to 25 cycles/year for recharge management. The numbers show negligible
micro-cycling for aFRR below 2 EFCs/year. When aiming for higher risk and higher-priced
positions in the aFRR energy market, cycling can be substantially reduced (see Appendix |,
Figure 51).

For the most profitable case of stacking all services for the battery storage system, the EFCs
per year are similar to those for the single markets, despite substantially higher revenues. This
is the case because flexibilities supplement each other, and ancillary services that are only
attached to moderate cycling reserve large parts of the capacity. A possible supplement to
flexibility is that energy charged to the battery from negative aFRR activation can be sold on
the spot market when prices are high. Overall, the results highlight that, for the glassworks
use case, battery storage value stacking offers substantial economic benefits without
negatively impacting its anticipated battery cycle life. For ST only, however, the EFCs should
be observed more clearly to prevent faster ageing with more intense cycling.
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6. Discussion and outlook

Achieving climate neutrality requires decarbonisation across all sectors. One particularly
challenging sector is the industry sector, in particular, when it comes to energy-intensive
applications that require high-temperature process heat. In this dissertation, decarbonisation
options for a glassworks in Herzogenrath, Germany, are analysed. The process of melting raw
materials for glass production in the furnace requires large amounts of energy, currently
provided by the combustion of fossil NG and a small share of electric boosting. To decarbonise
the energy system of the glassworks, a fuel switch to renewable hydrogen is required in
combination with a higher degree of furnace electrification. However, currently, there are only
limited sources of renewable hydrogen. A short-term solution to produce on-site green
hydrogen is to operate an electrolyser system powered by renewable electricity. The long-
term alternative is to import renewable hydrogen via a future pipeline as part of Germany's
planned hydrogen core network. Choosing the economically best system design and making
the right technology choices requires a comprehensive energy system analysis. To achieve
this, the FOCUS flexumer optimisation framework is developed based on MILP programming.
It provides a modular structure that can be applied to any industrial sector-coupled energy
system. For better performance, its structure is split into a sizing and an operating layer,
enabling efficient optimisation. Further speed-up is achieved through time-step aggregation
in the sizing layer and a rolling horizon approach in the operating layer of the model.

Overall, the evaluation results show clear options for achieving a decarbonised energy supply
for the glassworks. Both the solution with the own production of hydrogen on-site and
connecting to a hydrogen pipeline have advantages as well as disadvantages and show similar
economic outcomes. The decision on which option to implement mainly depends on the type
of risk site owners are willing to accept. With the electrolyser-based solution, the energy
system becomes substantially more complex, requiring substantial investments in new
components. At the same time, it provides a more robust solution by reducing dependencies
on global energy prices, which can be further reduced with on-site RE generation. On the
contrary, the solution with a hydrogen pipeline is more similar to the status quo, with a
comparatively simple system operation. On the downside, it is a bet on the future, as no
hydrogen pipeline network or global hydrogen market currently exists, which entails
significant price uncertainty. In addition, regarding the furnace design, most of the R&D effort
should be invested in achieving higher levels of electrification. This is the most important lever
to enable cost-competitive glass production in the future. In addition to economic
considerations, the higher electrification features more realistic components and PPA sizing,
avoiding mostly hydropower PPAs with limited capacity available in the German bidding zone.
Nevertheless, the evaluations show that even in 2037, there is still a substantial economic gap
between rebuilding the NG furnace and the renewable scenarios for the glassworks energy
system.
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6 Discussion and outlook

6.1. Technology comparison

For the analysis of decarbonisation choices, we consider three different years for constructing
the new furnace. This includes 2024 as a present year, 2030 as a near-future year, and 2037
as a more distant future year. The scenario that rebuilds the NG-based furnace serves as a
benchmark for the decarbonised energy system across all years. For the furnace, we consider
low (8 MWe,) and high (20 MWe,) electrification, compared to only 3 MW, for the NG furnace.
Another variation involves two different types of electrolyser systems based on AWE or PEM
technology. For all scenarios with on-site hydrogen production, we apply optimised PPA
portfolios to meet the electrolyser system's demand in accordance with the requirements of
the EU RED Il regulation. The regulation demands monthly and hourly temporal matching of
PPAs and electrolysis system demand for 2024 and 2030, respectively. To achieve better
matching, battery storage systems are used.

The results of the evaluation indicate that total annual costs for the scenario of rebuilding the
NG-based furnace increase from 2024 to 2037. The main factors are rising NG prices and
higher CO, emission certificate costs. In particular, emission costs show increasing shares of
21.4% and 35.9% for 2030 and 2037, respectively. For decarbonisation in 2024, setups with
an electrolysis system incur higher total annual costs than rebuilding the NG-furnace-based
system. This is particularly due to higher operating costs for peak power, levies, and taxes.
However, the competitiveness of decarbonisation scenarios improves towards 2037 with
substantial decreases in total annual costs. The cost savings are mainly due to reductions in
the capital costs of the electrolyser system and battery storage, as well as lower future
electricity prices. Capital costs for the scenarios with an AWE electrolysis system show a
potential to decrease by up to 24.2% from 2024 to 2037. In the best case, the 2037 scenario
with an AWE electrolysis system and high furnace electrification has total annual costs 18.3%
higher than the NG-furnace-based setup. The scenario with a hydrogen pipeline connection
and high furnace electrification lies only slightly above. In addition, a high level of furnace
electrification is substantially more cost-competitive than a low level. This particularly applies
to scenarios with a hydrogen pipeline connection, where operating costs are the dominating
factor and highly dependent on the amount of imported hydrogen. Another measure to
benchmark different decarbonisation choices is the LCOH. While in 2024 the LCOH is between
9.3-11.7 EUR2024/kg, it reduces to between 5.2-8.1 EUR2o24/kg in 2037. In particular,
electrolyser-system-based scenarios with AWE technology have lower LCOHs than those with
PEM technology, due to lower specific investment costs and higher efficiencies. Moreover,
scenarios with an electrolysis system can be competitive with the hydrogen pipeline setup by
utilising low-cost RE generation from PPAs. Independent of the decarbonisation choice, CO;
emissions show a reduction potential of 52.9% in 2024, and 74.4% in 2030 and 2037. This
substantially reduces the impact of CO; certificate costs on total annual costs. The remaining
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6.2 Design considerations

emissions are process-related and can only be further reduced with new raw material
combinations or CCS technology.

Other factors that substantially influence the results are energy price assumptions for future
years. While the basic results assume a medium price corridor, a sensitivity analysis accounts
for the uncertainty associated with price predictions. To cover extremes in both directions,
the sensitivity analysis considers low- and high-priced scenarios. In both cases, the annual
costs are increased/decreased simultaneously for NG, electricity, and green hydrogen. The
low energy price corridor is particularly beneficial for rebuilding the NG furnace. However, the
competitiveness of the scenario with a hydrogen pipeline connection slightly increases. On
the contrary, the results for high energy prices show a substantial reduction of the gap
between decarbonisation scenarios with an electrolysis system and rebuilding the NG furnace.
This emphasises the greater robustness of total annual costs for the electrolysis-system-based
scenarios, as they are less dependent on global energy prices. The opposite holds for scenarios
with a connection to a future hydrogen pipeline, where higher energy prices for green
hydrogen have a clear negative impact. The competitiveness of the hydrogen pipeline case
mainly depends on cheap global hydrogen prices, which are highly uncertain because no
global market currently exists.

6.2. Design considerations

While the decarbonisation solution with a hydrogen pipeline connection shows high
uncertainty regarding total system costs, the energy system setup is fairly simple and
comparable to the scenario with an NG-based furnace. On the contrary, the solution with an
electrolysis system results in a more complex design that requires several novel components.
The central component next to the furnace is the electrolyser system for hydrogen production.
Its electric power rating is very much dependent on the level of electrification of the hydrogen
furnace. For an AWE electrolyser system, the optimal electrical power rating is 44-39 MWy
and 19-13 MW, (2024-2037) for low and high furnace electrification, respectively. The lower
efficiency of PEM technology even results in optimal power ratings of up to 55.4 MWe,. The
electrolysis system is combined with a hydrogen pressure and battery storage system, which
provides flexibility to buffer RE generation from PPAs. In addition, the hydrogen storage is
used to bypass maintenance periods of the electrolysis system. Overall, optimal sizing results
for hydrogen storage range from 7.3 MWhuy,inv to the regulatory threshold of
167.65 MWhhy,ivv (5 tonnes of hydrogen), showing a decreasing trend towards 2037 as
electrolyser efficiencies improve. The fact that the optimiser chooses the largest allowed
hydrogen storage size for all scenarios in 2024 and 2030 indicates that the ideal size would be
even larger. In Brucksch et al. [24], eliminating this threshold shows that both battery- and
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6 Discussion and outlook

hydrogen-storage capacity would increase substantially, allowing for higher shares of low-cost
PV in PPA portfolios.

Overall, for the battery storage system, optimal capacities increase towards 2037 as specific
investment costs decrease. One peculiarity of the battery sizing results is comparatively high
EPR ratios between 2-14h, indicating a slow charging characteristic and excess generation
from PPAs over a longer time. The wide range originates from different PPA portfolio designs.
Moreover, low furnace electrification results in comparatively high capacities of up to
449.2 MWhel. Although technically feasible, this solution is considered challenging due to
space limitations at the industrial site. On the contrary, a more realistic setup is reached with
high furnace electrification in combination with an AWE electrolysis system that shows
optimal battery capacity between 80.6-110.4 MWhe. This is a clear argument in favour of a
high degree of furnace electrification. Moreover, the results show that applying WHR to the
electrolysis system can provide a major share of the thermal demand for space heating, and
electric boilers can be effectively downsized.

The comparison of all decarbonisation options shows that the economically most promising
scenarios involve high electrification of the hydrogen furnace, either via an AWE electrolyser
system or via connection to a future hydrogen pipeline. The main challenge for all
decarbonisation choices is the design of a novel hydrogen furnace from scratch. This
particularly concerns a high level of furnace electrification, which substantially differs from
that of existing NG-based furnaces with low electrification. While the hydrogen furnace with
low electrification is estimated to be only 1.5 times more expensive than an NG-based furnace
design, high furnace electrification is estimated to be 2.5 times more expensive.
Consequently, in scenarios with an AWE electrolysis system, the high-electrified furnace
accounts for the majority of total capital costs, ranging from 61.3% to 80.8% (2024-2037).
Other relevant shares of capital costs come from the AWE electrolyser and the battery storage
system.

Nevertheless, the main share of total annual costs is operating costs. The largest amount is
required to purchase RE generation under PPAs to operate the electrolysis system with green
electricity. While in 2024 the main share of generation from PPAs is supplied by WPP
(49.4 GWh), this shifts towards PV in future years as PPA prices decline. One main advantage
of the electrolysis-system-based scenarios is that low-cost excess generation from PPAs can
be used to supply the remaining load of the glassworks. Nevertheless, the timely misalignment
between PPA power generation and the glassworks' energy consumption results in substantial
amounts of renewable electricity that need to be resold to the wholesale market (85.3 GWh
in 2024). This mismatch reduces in 2037 under the assumption that the temporal matching of
generation from PPAs and electrolysis system demand, as of the EU RED I, no longer applies.
As renewable generation from PPAs cannot cover demands at all times, additional power
generation from hydropower futures (EU27) has to be purchased on the wholesale market
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6.2 Design considerations

(143.4 GWh in 2024). Another large contributor to operating costs is peak power costs, as well
as taxes and levies, with an increasing cost share towards 2037. The results show that peak
power costs are a substantial factor that can determine whether decarbonisation is cost-
competitive. With higher electrification, peak power costs increase substantially compared to
an NG-based furnace and account for 30.1% of all operating costs in 2024. Therefore, future
electric power grid fees should be designed to support industries with rising electric power
demand in their decarbonisation efforts.

Furthermore, a main disadvantage of the electrolysis-system-based setup is the high energy
losses of the components. This mainly concerns the electrolysis system, which has a combined
efficiency of only 74.4% when considering WHR (2024). However, with the anticipated
increase in the efficiency of the electrolysis system towards 2030, lower amounts of waste
heat will result. This leads to a substantial reduction in losses and a higher utilisation of waste
heat with the industrial HP. Another aspect that influences losses is the operational
characteristic of the electrolysis system that is modelled with variable efficiency. In 2024 and
2030, the AWE electrolyser system is often operated at a part load of around 50% to exploit
maximum efficiency. With increasing electrolysis system efficiency in 2037, however, it is
more optimal to reduce the power capacity and approach maximum load points instead.
Other, less substantial losses occur at the battery storage system, which has a much lower
energy throughput and better efficiency than the electrolysis system. Moreover, the battery
storage shows a pattern similar to that of typical PV battery storage, with higher usage in
summer months and lower usage in winter months. Considering the comparatively high
capital costs of battery storage, better utilisation can be achieved by integrating additional

use cases.

Compared with electrolysis-system-based scenarios, setups including a connection to a
hydrogen pipeline are characterised by lower capital costs, as only the hydrogen furnace
needs to be considered. On the contrary, the operating costs are substantially higher. The
main share of operating costs is required to purchase green electricity from hydropower
futures (EU27), amounting to 319.2 GWh. This indicates that the largest cost-reduction
potential in the scenarios with hydrogen pipeline connection and high furnace electrification
is low-cost RE generation. The other major cost contributor is the purchase price of imported
green hydrogen from the pipeline. Despite the comparatively low annual energy consumption
of 63.8 GWh, they account for over 20% of operating costs. Other cost factors, such as peak
power costs, taxes, and levies, are substantially lower than for the electrolysis-system-based

scenarios.
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6.3. Flexibility potentials

A central approach to further increase the competitiveness of decarbonisation scenarios is to
leverage their flexibility potential. By leveraging the flexibility of the battery storage and
electrolyser system, the industrial site can be converted from a prosumer to a flexumer
application. Applying peak-power-aware operation already shows substantial cost-reduction
potential. In scenarios with an AWE system, total annual costs decrease by 3.2-10.3%. This is
mainly achieved by increasing the electrolysis system capacity, thus enabling more flexible
hydrogen production during off-peak times. Moreover, the results indicate that, for scenarios
with a hydrogen pipeline connection, the peak power and cost-reduction potential are limited,
as the energy system lacks flexible power-consuming components. In this case, investing in a
new battery storage system only shows negligible reductions.

Another solution that effectively reduces peak power is the installation of a 12.3 MW, PV
rooftop system at the industrial site. PV generation shows a strong correlation with the site's
peak power consumption, so most of the generation is directly fed into the electric power grid
to reduce peak power and save costs. This is advantageous in two ways, as the feed-in is also
reimbursed through the DM mechanism. Overall, this simple measure leads to total annual
cost savings of 3.6-10.6% in scenarios with an AWE electrolysis system, making the investment
in the rooftop PV system a no-regret decision.

In electrolysis-system-based scenarios, further cost reductions can be achieved by applying
front-of-the-meter (FTM) services. Switching from fixed wholesale futures prices to variable
intraday continuous prices proves beneficial for the power supply. This scenario variation
achieves total annual cost reductions of 15.2% and 9.7% for low and high levels of furnace
electrification, respectively. However, scope 2 emissions for the glassworks might be
increasing when trading power from a non-renewable source. Those additional emissions
depend on the electric power grid mix and need to be carefully considered when
implementing this flexibility option. Another characteristic of applying ST only is that the
cycling of the battery storage system can substantially increase, which potentially leads to
higher ageing rates.

Another flexibility option for scenarios with an electrolysis system is to participate in ancillary
services for frequency control with the already existing battery storage system. This comes
with the advantage that the cycling of the battery storage system is lower than for
participating in ST only. For the glassworks, aFRR shows the most promising results, with cost
reductions of 18.8% and 9.7% for low and high furnace electrification, respectively. On the
contrary, participating in the FCR market proves substantially less beneficial, as the market
design is less flexible and thus less compatible with the PPA operation of the battery.
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Moreover, as battery installations increase, cannibalisation effects on the FCR market could
further reduce revenue in the near future.

The largest economic benefits can be achieved with the so-called value stacking of all single
flexibilities. However, this substantially changes the original operation of the storage as
ancillary services are partly displacing the buffering of RE generation from PPAs. Nevertheless,
in 2024, the full value stacking approach yields the highest total annual cost reductions of
30.1% and 18.8% for low and high furnace electrification, respectively. Nevertheless, for the
most promising decarbonisation case with high furnace electrification in 2024, total annual
costs are still 27.4% higher than for rebuilding the NG furnace. However, given the closing cost
gap towards 2037, utilising flexibilities could help achieve cost parity between the fossil and
decarbonised energy systems in the future.

6.4. Research Outlook

Although the evaluation focuses on the specific glassworks use case in Herzogenrath, the
results act as a blueprint for decarbonisation concepts for other industrial sites. However,
further advances could be achieved when applying the developed industry flexumer modelling
framework to other use cases and benchmarking the results. In addition, improving the
model's operating layer through sophisticated predictions could yield even higher-quality
results. Furthermore, the higher profitability of battery storage can be demonstrated by
integrating more sophisticated trading strategies into the value stacking approach.

One of the major disadvantages of the used methodology is that it is on the verge of reaching
the limitations of MILP programming. Based on the findings of this dissertation, rule-based
approaches could be implemented that allow for greater modelling detail and are closer to
real operations. Another improvement could be integrating a pathway approach into the
flexumer framework design. This would enable an aggregated cost comparison over the
lifetime of a newly installed furnace. Regarding flexibility, the evaluation could also be further
extended. While this evaluation assumes constant consumption profiles for all scenarios, load
shifting could provide another substantial flexibility lever. In addition, flexible components
such as the electrolyser system could participate in frequency control markets to increase
marketable power in combination with the battery storage system.
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Apendix

Appendix A - List of variables

Table 22: List of optimisation variables and sets for the MILP model of the developed FOCUS flexumer framework. In addition,
other relevant modelling variables that are not directly part of the MILP model are summarised.

Optimisation variables and sets

5 Data Variable L
Programme code ID Formula letter Unit Description
type Type
input_1 pm kw float unbounded Input power for commodity m1
output_1 P2, kw float unbounded | Output power for commodity m2
. . Nominal power capacity based on input
capacity P kW float bounded .
commodity m1
. . Nominal energy capacity based on input
capacity (BaseStorage) c kwh float bounded .
commodity m1
energy SOE kWh float unbounded | Storage level (state-of-energy)
capacity_discrete_intervall Ngiscr none integer | unbounded | Quantity of discrete sizing capacity
. . Binary variable to switch on/off component
z_input Zin1 none €{0,1} binary i
input
. Binary variable to switch on/off component
z_output Zout1 none €{0,1} binary
output
z_off Zoff none €{0,1} binary Binary variable for electrolyser off-mode
. Binary variable for electrolyser standby-
z_standby Zstandby none €{0,1} binary
mode
z_2p Zon none €{0,1} binary Binary variable for electrolyser on-mode
z_cold Zeold none €{0,1} binary Binary variable electrolyser cold start-mode
curtailment_1 P i kw float unbounded | Surplus power for BaseBusBar component
slack_1 Pk kw float unbounded | Deficit power for BaseBusBar component
capital_cost Kcapex EUR float unbounded | Capital costs of components
operating_cost Kopex,buysel,fix | EUR float unbounded | Grid operating costs with fixed price
Kopex,puy,sellvar | EUR float unbounded | Grid operating costs with variable price
Kopex,pen EUR float unbounded | Penalty costs for imbalance of BusBar
Kopex,contr.PPA EUR float unbounded PPA purchasing/contracting costs
contracting_costs Kopex,contrel EUR float unbounded Electrolyser contracting costs
Modelling variables
i Data .
Programme code ID Formula letter Unit ¢ Description
ype
t_step ta h float Time series with the length of all optimisation time steps
- nr none integer | Number of time steps in optimisation horizon
discrete_sizing_intervall Paiscr kw integer | Size of one unit / discrete sizing interval
X Series i . i . .
consumption Pl kw (float) Time series with consumption data for commodity m
oa
- Pien kw float Power generation of commodity m
efficiency %/100 float Efficiency for conversion components
Ner distr %/100 float Efficiency for PPA due to transm./distr. losses
Ninw %/100 float Inverter efficiency
Net,H2 %/100 float Electrolyser efficiency to hydrogen output
total_efficiency Net %/100 float Total electrolyser efficiency (including heat)
Electrolyser efficiency factor for upper power during on-
eta_h2_2p Non,upper %/100 float Y Y pPErP €
mode
Electrolyser efficiency factor for lower power during on-
eta_h2_3p Non.lower %/100 float
’ mode
eta_h2_nominal Non,N %/100 float Electrolyser nominal efficiency
input_efficiency Nin %/100 float Input efficiency for storage components
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output_efficiency Nout %/100 float Output efficiency for storage components
e2p_in EPR;, h float Input EPR for storage components
e2p_out EPR ¢ h float Output EPR for storage components
min_soe SOE in %/100 float Minimum SOE for storage components
max_soe SOE 0 %/100 float Maximum SOE for storage components
yearly_interest i %/100 float Interest rate for investments
cycle_life Leycie none integer | Cycle life of storage system
life L cqtendar a integer | Calendar life of storage system
curtailment_price Teyrtail EUR/kWh float Price for curtailing energy in BusBar
slack_price Tsiack EUR/kWh float Price for drawing slack energy in BusBar
price nl','llfy EUR/kWh 2::: Price for buying energy from the grid
injection_price nny EUR/kWh 22:1 Compensation for selling energy to the grid
ppa_price T ppAcontr EUR/kWh floa.t/ PPA contracting price
’ Series
contract el contr EUR/kWhu | float Contracting price for Hz from electrolyser
cost Kiny EUR/kW(h) | float Investment costs of components
ann ANF none float Annuity factor for investments
fw frixop none float Factor for fixed operational costs (investment)
- freptace none float Factor for investment costs for replacement
- fresidual none float Factor for investment costs for residual value
power_factors CF none (SfT(::ts) Capacity factor for RE generators/PPAs availability
cop cop %/100 float Efficiency of heat pump/coefficient of power
set_t Tsink °C float Temperature of heat pump sink
amb_t Tsource °C float Temperature of heat pump source
consum_elec celec kWel/kWh, | float Electricity consumption hydrogen compression
LB_standby Pstandby %/100 float Electrolyser standby power as share of nom. power
181 Ponower %/100 float Electrolyser lower power limit during on-mode as share of
nom. power
capacity._reserve Toapres %/100 float ;a:jicr:tgylzzer;ve for energy conversion components (only
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Appendix B - Levelised costs of electricity (LCOE)

Table 23: Summary of the levelised costs of electricity (LCOE) that are used for the parametrisation of the scenarios, based
on [8]. Values are linearly extrapolated for years that are not included in the study. For PV rooftop and offshore wind, we
assume the same relative LCOE decline as utility-scale PV and onshore wind.

Year in Study

Extrapolation years

Technology Unit 2024 2035 2045 2030 2037
low high low high low high low high low high
Large-scale PV rooftop EURCcta024/kWh | 5.65 | 11.93 [ 4.50 | 9.50 | 4.06 | 858 |[5.02 |10.60 | 4.41 | 8.98
Utility-scale PV EURCt2024/kWh | 4.12 6.98 3.28 5.56 2.96 5.02 3.66 6.21 3.22 5.45
Wind onshore EURctao2a/kWh | 4.26 | 9.18 |394 | 842 |362 | 781 |4.09 | 877 |3.88 | 830
Wind offshore EURcta024/kWh | 5.37 | 1037 | 4.97 | 951 | 457 | 882 |[5.15 | 9.90 |4.89 | 9.37

Legend:
Calculated/extrapolated values ()
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Appendix C - Inflation rates

Table 24: Inflation rates for the Euro area as published in the European Central Bank (ECB) data portal [146].

Time range Harmonised Index of Consumer Prices (HICP) . Average .inflatio.n rate
from year (July) > to year (July) . . in % - HICP industrial goods
Energy Industrial goods excluding energy excl. energy

2010 > 2024 -7.9 1.172 1.140

2011 > 2024 -11.6 1.166 1.188

2012 > 2024 -5.9 1.148 1.157

2013 > 2024 -1.4 1.143 1.222

2014 > 2024 1.2 1.144 1.354

2015 > 2024 5.8 1.139 1.457

2016 > 2024 6.9 1.135 1.596

2017 > 2024 2.4 1.131 1.774

2018 > 2024 9.7 1.128 2.028

2019 > 2024 0.7 1.125 2.384

2020 > 2024 8.6 1.108 2.597

2021 - 2024 -14.1 1.101 3.259

2022 > 2024 -39.4 1.055 2.713

2023 > 2024 -5.9 1.005 0.500

142




Appendix

Appendix D - Currency exchange rates

Table 25: Currency exchange rates for the Euro area as published in the European Central Bank (ECB) data portal [147].

Year Euro (EUR) per US Dollar (US$)
2010 0.754
2011 0.718
2012 0.778
2013 0.753
2014 0.753
2015 0.901
2016 0.903
2017 0.885
2018 0.847
2019 0.893
2020 0.876
2021 0.846
2022 0.950
2023 0.925
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Appendix E - Financial calculations

The following equations provide the calculation basis for the annualised capital cost of
components in the FOCUS framework. All calculations are according to VDI2067 [199].

(L+D)lxi
ANF =——— Al
aA+ik-1 (A1)

Nreplace 1
freptace = ANF * Z m (A.2)
i=1
(nreplace + 1) * L —H 1

fresiauar = ANF * (A.3)

*
L (i+DH
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Appendix F - Optimiser and server settings

Table 26: Summary of the optimiser settings and server specifications that have been used for optimisation.

Solver settings

Solver parameter Value
Solver name Gurobi
MIPGap 0.02
Presolve 2
TimeLimit 900
Threads 5
IntFeasTol 0.001

Server specifications
Model name AMD EPYC 7H12 64-Core Processor
CPUs 256
CPU MHz 3277.758
Architecture X86_64
Threads per core 2
Memory 2.0TB
Swap 996 GB
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Appendix G - Reduction of model size with time step clustering

Table 27: Summary of achieved model reductions with the time step clustering algorithm in the sizing layer of the FOCUS
flexumer model. Reduction values are calculated for all scenario variations.

Model size reduction in %
Year
s NG furnace - FO Low furnace electrification (Hz) — F1 High furnace electrification (Hz) — F2
(flexibility level)
Pipeline AWE PEM H: pipeline AWE PEM H: pipeline

2024 (A) 49.39 49.38 49.52 49.39
2030 (A) 67.29 49.78 49.80 49.73 49.69

62.31 63.14
2037 (A) 49.81 49.95 49.69 49.77
2024 (B) 49.39 49.52
2030 (B) 49.78 49.73

62.31 63.14
2037 (B) 49.81 49.69
2024 (C) 49.34 49.48
2030 (C) 49.90 49.77

62.31 63.14
2037 (C) 49.89 49.70
2024 (D) 49.39 49.52
2024 (E) 49.39 49.52
2024 (F) 49.39 49.52
2024 (G) 49.39 49.52
2024 (H) 49.34 49.48

= The different energy price levels that are evaluated do not influence the model size reduction
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Appendix H - Figures source data

Figure source data for Subsection 5.1:

Table 28: Source data for Figure 22 - comparison of total annual system costs with low energy price assumptions.

Technology type Pipeline (NG) AWE system (H.) PEM system (H>) Pipeline (H.)

Furnace type NG-FO H-F1 | H2-F2 H-F1 [ H2-F2 H-F1 | H2-R2
2030

Share invest costs in % 10.642 23.265 27.411 24.543 28.284 11.632 21.593

Annual costs in mio. EURzo24 40.625 81.187 56.401 91.314 60.718 55.335 49.386
2037

Share invest costs in % 12.204 27.921 26.629 26.655 26.992 11.805 21.399

Annual costs in mio. EURa24 35.427 59.974 48.841 65.249 51.456 54.524 49.833

Table 29: Source data for Figure 23 - comparison of total annual system costs with high energy price assumptions.

Technology type Pipeline (NG) AWE system (H.) PEM system (H>) Pipeline (H2)

Furnace type NG-FO H2-F1 | H2-F2 H-F1 | H2-F2 H2-F1 | H2-F2
2030

Share invest costs in % 6.270 20.714 22.363 22.114 23.435 7.540 13.615

Annual costs in mio. EUR2024 68.957 92.594 70.326 102.379 73.803 85.364 78.321
2037

Share invest costs in % 7.115 20.757 21.532 19.873 22.388 8.226 14.146

Annual costs in mio. EUR2024 60.763 83.395 65.270 91.174 67.916 78.254 75.385

Table 30: Source data for Figure 34: levelised costs of hydrogen (LCOH) and hydrogen consumption.

Technology type AWE system (H2) PEM system (Hz) Pipeline (H.)

Furnace type H2-F1 H2-F2 H2-F1 H2-F2 H2-F1 | H2-F2
2024

Annual Hz demand in t 5553.200 1914.814 5553.200 1914.814

Cost of Hz in EUR2024/kg 9.289 9.419 11.603 11.665
2030

Annual H, demand in t 5553.200 1914.814 5553.200 1914.814 5553.200 1914.814

Cost of H2 in EUR2024/kg 9.712 8.722 11.533 10.614 5.766 5.766
2037

Annual H> demand in t 5553.200 1914.814 5553.200 1914.814 5553.200 1914.814

Cost of Hz in EUR2024/kg 7.089 5.620 8.106 7.319 5.233 5.233
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Table 31: Source data for Figure 25 — breakdown of all cost and emission shares for all regular scenarios.
Tech Scenario Cost parts in Mio. EUR2024 Emissions in Mt
Capital costs Operating costs Emission costs Process-related emissions Combustion of NG

. | Fo-2024 4.324 30.523 5.567 30.000 51.872
.;_J'_- 2 F0-2030 4.323 33.444 10.269 21.000 61.152
F0-2037 4.323 25.004 16.430 21.000 61.152
F1-2024 20.159 60.919 2.040 30.000 0.0
g F1-2030 19.021 63.884 2.625 21.000 0.0
Z = | F1-2037 17.087 49.628 4.200 21.000 0.0
w s F2-2024 17.248 44.123 2.040 30.000 0.0
5 F2-2030 15.508 43.506 2.625 21.000 0.0
F2-2037 13.079 36.868 4.200 21.000 0.0
F1-2024 25.487 68.719 2.040 30.000 0.0
g F1-2030 22.495 70.652 2.625 21.000 0.0
?; 'I: F1-2037 17.747 54.755 4.200 21.000 0.0
s = F2-2024 19.207 46.537 2.040 30.000 0.0
g F2-2030 17.208 45.639 2.625 21.000 0.0
F2-2037 14.003 39.316 4.200 21.000 0.0
° F1-2030 6.437 59.117 2.625 21.000 0.0
£ = F1-2037 6.437 51.472 4.200 21.000 0.0
é— == F2-2030 10.664 47.963 2.625 21.000 0.0
F2-2037 10.664 41.451 4.200 21.000 0.0

Figure source data for Subsection 5.2.1:

Table 32: Source data for Figure 29 - breakdown of annualised investment costs for the scenario with AWE system and high

furnace electrification.

Cost Furnace AWE Compressor Pressure Industrial E- Thermal Battery Battery

items system P storage HP boiler storage storage inverter
2024

< 5 10567 | 2.629 | 0.038 | 0.381 | 0.074 | 0.040 | 0.000 | 0.176 | 3.342

2o 2030

g5

o 10.567 | 1.589 | 0.031 | 0.381 | 0.054 | 0.032 ] 0.002 | 0.198 | 2.654

1%]

g 2 2037

= 10.567 | 1.006 | 0.010 | 0.017 | 0.055 | 0.029 | 0.009 | 0.072 | 1315

Table 33: Source data for Figure 30 - breakdown of operating cost components for the scenario with AWE system and high

furnace electrification.

Cost PPA ppawpp | prapy | WMOle | ppa Tax/levy Peak Tax/Levy n
items hydro (buy) (buy) sale (sell) reimbursement AWE power electricity Emission
(buy) (buy)

" 2024

2 g 0143 | 14958 | 5224 | 12190 | -4.523 ] 0722 | 13911 | 2.943 [ 2.040
o 2030

cE 0000 | 12.097 [ 5428 | 10513 | -3.388 | 0.000 | 14.177 | 4679 | 2625
g5 2037

© 0000 [ 10066 | 5223 ] 9.000 | -3.332 ] 0.000 [ 11.353 ] 4.558 | 4.200
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Appendix | - Additional evaluations
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Figure 47: Breakdown of annualised investment costs of all required components for the decarbonised energy system of the

glassworks in case of low electrification (8 MW,) of the melting furnace. The electrolysis system is AWE-based.
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Figure 48: Breakdown of annual operating costs for the decarbonised energy system of the glassworks in case of low

electrification (8 MWel) of the melting furnace. The electrolysis system is AWE-based.

149



Appendix

IPPA hydro

@PPA PV
storage

olesale (buy)

Figure 49: Annual energy flows in GWh for the 2024 decarbonisation scenario with AWE electrolysis system and low
electrification of the furnace (8 MWeq). Flows smaller than 1 MWh are not displayed. “Demand other” includes all remaining
electricity demand of the sections SGG and SGS.
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100 Low furnace electrification (F1) High furnace electrification (F2)
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Figure 50: Comparison of reductions in total annual system costs for flexibility level F (aFRR) for different price positions (PP)
on the aFRR energy market. Results are shown for scenarios with an AWE electrolysis system as well as low (F1) and high (F2)
electrification of the furnace. Flexibility level A (REF) serves as a reference representing the basic results from the glassworks
decarbonisation analysis. For all scenarios, peak-power-aware operation is implemented. The default, more conservative
setting for modelling the price position in the aFRR energy market is 0.2 (PP0.2), meaning that 20% of all bids are lower than
the own position and 80% are higher.
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Low furnace electrification (F1) High furnace electrification (F2)
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Figure 51: Sizing and cycling of the battery storage system for flexibility level F (aFRR) for different price positions (PP) on the
aFRR energy market. EFCs are separated into the services provided by the battery storage system. In addition, micro cycling
for aFRR is a separate category. Results are shown for scenarios with an AWE electrolysis system as well as low (F1) and high
(F2) electrification of the furnace. The default, more conservative, setting for modelling the price position in the aFRR energy
market is 0.2 (PP0.2), meaning that 20% of all bids are lower and 80% are higher than the own position.
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Appendix J - Evaluation of uncovered load (slack)

AWE system (H>) PEM system (H5)
500
V2
E 400
[7)]
T < 300
=
9=
® <
== 200
€
g 100
(@]
0
0.30
v
®
- 0.25
©
g _0.20
55
S5 0.15
§.E
© 0.10
£
g 0.05
3
0.00 s S ~ < = ~ < o ~ < o ~
o m m o~ m m o m m o~ m m
o o o o o o o o o o o o
oN (o\] (o] N o (o] o (o] (o] N oN (o\]
— — — N N ~N — — — ~N ~N N
[N, [N, L [N, [, [N, [N, [N L [N [N, [N,
Scenarios

Figure 52: Annual cummulated uncovered load (slack) for all scenarios with electrolysis system and medium price
assumptions. The evaluation is separated into hydrogen and thermal slack.
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Nomenclature

aFRR
AC
AWE
BESS
BTM
CAPEX
CCS
CESA
CF
CoP
DC
DM
DOD
DR
DSM
DSO
ECB
EEG

EF
EFC
EMS
EPR
FCR
FTM
GAMS
GCP
HP
IDC
KPI
LCA
LCOH
LFP
LHV
mFRR
MILP
NG
NMC
NRW

automatic frequency restoration reserve
alternating current

alkaline water electrolysis

battery energy storage system
behind-the-meter

capital expenditures

carbon capture and storage
Continental Europe Synchronous Area
capacity factor

coefficient of performance

direct current

direct marketing
depth-of-discharge

demand response

demand side management
distribution system operator
European Central Bank
Erneuerbares Energien Gesetz
(German Renewable Energy Act)
emission factor

equivalent full cycles

energy management system
energy-to-power ratio

frequency containment reserve
front-of-the-meter

General Algebraic Modelling System
grid connection point

heat pump

intraday continuous

key performance indicator

life cycle assessment

levelised costs of hydrogen

lithium iron phosphate

lower heating value

manual Frequency Restoration Reserve
mixed-integer linear programming
natural gas

nickel manganese cobalt

North Rhine-Westphalia
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Nomenclature

OPEX operational expenditures
PEM Proton Exchange Membrane
PQ prequalification

PS peak shaving

PV photovoltaic

RE renewable energy

REF reference

RH rolling horizon

SGG Saint-Gobain Glass

SGS Saint-Gobain Sekurit

SOC state-of-charge

SOE state-of-energy

ST spot market trading

TES thermal energy storage

TSO transmission system operator
VRE variable renewable energy
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Achieving climate neutrality requires decarbonisation across
all sectors, with the industry sector particularly lagging behind.
Especially, energy-intensive applications requiring high-tem-
perature process heat are challenging for decarbonisation. The
primary strategy involves maximising electrification and substi-
tuting fossil energy with renewable hydrogen or its derivatives.
This requires redesigning existing industrial plants, increasing
variable renewable power installations, and potentially incorpo-
rating battery storage systems.

A notable challenge is decarbonising glassworks for automotive
products, focusing on electrifying furnaces and replacing natural
gas with hydrogen. Renewable hydrogen can be produced on-
site using electrolysis powered by green electricity from power
purchase agreements. To identify cost-efficient solutions, a so-
phisticated energy system modelling framework is developed
and applied to a local German glassworks site. This includes a
value stacking approach for battery storage to demonstrate the
cost-reduction potential enabled by enhanced flexibility.

The results indicate that decarbonisation choices for the
local glassworks site incur higher annual costs than rebuild-
ing a natural gas furnace by at least 18.3%. However, high
electrification reduces hydrogen demand and utilising low-cost
renewable generation can make on-site electrolysis competitive
compared to a future pipeline connection. In addition, substan-
tial cost reductions of up to 30.1% are achieved by leveraging
electrolyser flexibility and multi-use battery storage operation.
These findings serve as a blueprint for decarbonisation strate-
gies across other industrial sites.
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