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Abstract

Renewable energy introduces (seasonal) imbalances between the supply and demand, contributing to net
congestion on the electric grid. Seasonal energy storage offers a potential solution by shifting excess renewable
generation to periods of shortage. This research investigates the feasibility of using room temperature metal
hydrides for seasonal energy storage in the built environment, the pilot: Urban Energy Island project of the
housing corporation deltaWonen as a case study. 40 apartments will be part of an innovative energy system
to become 80% autarkic while being limited to 40 kW of available grid capacity. To evaluate this concept, a
system-level model predictive control (MPC) strategy was developed to coordinate the energy supply and
demand across a daily battery, the electric grid capacity, a PEM electrolyser, and a PEM fuel cell, interconnected
via a TiFe metal hydride storage system. Waste heat from the different components is also recovered and
utilised. After calibrating with ten-year average data and verifying using verification tests, the model was
tested for the years 2013 and 2015, including extreme cases. Beyond technical performance, the research also
asses safety, cost, reliability, environmental impact and spatial feasibility. The results show that while the
current size of the metal hydrate storage is insufficient to cover the seasonal energy demand, it is effective in
supporting shorter-term shortages, such as during a dunkelflaute. The system also shows potential for modular
scaling. Future research should explore integrating dynamic energy grid prices into the MPC formulation and
implementing a higher-level control layer for strategic long-term energy planning.
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Introduction

The goal of the European Union is to become the world’s first climate-neutral continent by 2050 (European
Union, 2020). In 2022, the energy supply was the largest polluting sector, accounting for 27,4% of the EU’s
greenhouse gas emissions (European Parliament, 2024a). To tackle this, the EU plans to significantly reduce
emissions from the energy sector by increasing the renewable energy supply. In 2023, 24.5% of Europe’s total
energy consumption came from renewable sources (Eurostat, 2023). Yet, the target is to increase this share of
renewable energy to 42,5% by 2030. Additionally, renewable hydrogen is attracting the attention of the European
Union. They estimate that by 2050, renewable hydrogen will be able to meet 20-50% of the transportation
sector’s overall energy needs and 5-20% of the industry’s overall energy needs (European Parliament, 2024b).

However, the solution is not just to install more renewable power plants, because the electricity grid is already
facing problems with congestion. For example, primary school Zilverackers in Veldhoven can not be connected
to the grid, even though the school is built with the "zero on the meter" principle, the building generates as
much energy as it consumes. Despite that, the school needs a high-capacity grid connection, which is currently
unavailable as the grid is full. It could take 5 to 10 years until there is grid capacity available (Triki & Son, 2023).
Furthermore, network operators, such as Liander, struggle to connect all requests for solar parks to the grid,
especially in rural areas where power cables are the least robust (Alliander, 2019). The mismatch between high
solar energy supply during the day and peak demand during the evening, as can be seen in Figure 1.1, is driven
by simultaneously charging electric cars, heat pumps, and induction cooktops, exacerbating the grid congestion.

PEAK

Evening Demand
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Morning Demand

~

Draw from Grid Charge Battery Bank Draw from Battery Bank

Figure 1.1: Electricity supply and demand for a solar system (LetsGoSolar, 2018)

One of the possible solutions is to use batteries as daily storage to balance the supply and demand and reduce
grid congestion. This is a viable option for daily storage. However, another gap needs to be bridged: the
mismatch between high solar renewable energy production in the summer and higher electricity demand in the
winter (National Energy Dashboard, 2024), as is illustrated in Figure 1.2.
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Figure 1.2: a) Seasonal correlation of electricity demand (black line) and solar generation (orange line) for Europe. b) Schematic round-trip
efficiency for a short-term (e.g. battery, green line) and long-term (e.g. H2, blue line) storage technology (Gabrielli et al., 2020)



1.1. Objective 2

In 2024, energy suppliers in the Netherlands lost 2.5% of the annual electricity demand because wind and solar
farms had to be temporarily shut down due to an excess of green energy on the grid (van der Gurp, 2024). For
seasonal energy storage, batteries are not possible due to their low round-trip efficiency when used for long-term
storage. This is because of their relatively low energy density and the self-discharge rate (de Wit, 2022).

Another challenge that needs to be overcome is periods with barely any wind or sunlight, also known as
dunkelflaute. Recently, on the 12th of December 2024, a period of dunkelflaute occurred in the Netherlands.
Between five and six PM, the energy prices reached an all-time high, 122 cents per kWh (including taxes), while
the energy price is usually around 30 cents per kWh (de Vries, 2024).

The implementation of seasonal energy storage solutions could address these challenges. This was the motivation
for the housing corporation deltaWonen to start a pilot. The pilot’s goal is to solve the bottlenecks in the energy
demand of residential areas. The technology to take residential areas off the gas network is available. Still, as for
the electricity grid, the outlined prospect is that security of supply for 2030 is not guaranteed within the current
frameworks. A possible solution for long-term storage is metal hydrides. These metals store hydrogen and can
do so more safely and compactly than storing hydrogen under high pressure or at extremely low temperatures.
There are many types of metal hydrides. The goal of this research is to explore whether they can be useful for
applications in the built environment.

deltaWonen is conducting a pilot using metal hydrides for seasonal hydrogen storage, which sparked interest
from network operator Alliander to further explore this technology.

1.1. Objective

Seasonal energy storage of hydrogen could be a solution to lowering the required peak capacity of the electricity
grid throughout the year, as well as minimising the curtailment of green energy. This research serves to
understand and learn more about the feasibility of the seasonal energy storage of hydrogen. The following main
research question and subquestions will be investigated.

Main Research Question
What is the feasibility of room temperature metal hydrides for seasonal energy storage solutions in the built environment?

The research question primarily addresses the technical feasibility. Additional aspects within the scope of the
research question are economic feasibility, safety requirements, spatial requirements, and system reliability.

Sub Research Questions

* How can a system-level model be developed to evaluate the performance of metal hydride as a seasonal
energy storage solution?

* What is the potential for heat recovery and effective utilisation during the metal hydride storage process?
* What is the round-trip efficiency of a metal hydride storage when applied for seasonal energy storage?

* Beyond technical feasibility, what are the safety risks, economic costs, reliability challenges, spatial
requirements, and environmental impact that affect the overall feasibility of implementing metal hydride
seasonal energy storage?

* To what extent does integrating a seasonal metal hydride energy storage system reduce the required peak
capacity of the electrical grid?

* At what scale can a seasonal metal hydride energy storage system be integrated most effectively within
renewable energy systems?

1.2. Readers Guide

To answer the research question and corresponding subquestions, a room temperature metal hydride energy
storage model has been built with a PEM electrolyser and PEM fuel cell. First, chapter 2 presents the relevant
background literature. In chapter 3, the system description, model description, controller selection and
verification are presented. In chapter 4, the results of the year model and the extreme cases are shown. This is
followed by chapter 5, which assesses the non-technical feasibility aspects: the economic, reliability, maintenance,
spatial requirements and environmental impact. An integrated discussion of all chapters is provided in chapter 6,
and lastly, in chapter 7, the conclusion is given where the research questions will be answered, followed by
recommendations for future research.



Literature Review
2.1. Hydrogen

Hydrogen is a potential energy carrier with a relatively low volumetric energy density and a high energy
density per kilogram. That is why it is typically stored in compressed form, as a liquid, or by binding it to
another element. Hydrogen is considered a clean energy carrier because its use does not lead to carbon dioxide
emissions (Zohuri, 2019). This makes hydrogen energy storage potentially one of the most important means of
storing available energy. When more electricity is produced than required, it can be stored as hydrogen until the
electricity demand is higher than the supply. In Figure 2.1, hydrogen ranks among the best in terms of storage
capacity, when the required storage space is not taken into account.
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Figure 2.1: Overview energy storage systems (Parnamaée et al., 2020)

2.1.1. How to Store Hydrogen

Hydrogen can be stored in multiple ways. It can be stored in a pure elemental form and chemically bonded to a
material. The storage technologies compared in this literature review are shown in bold in Figure 2.2. Methane
is not included as a hydrogen storage technology, because it is, due to the carbon, not considered a clean energy

carrier.

Figure 2.2: Overview of hydrogen storage technologies (Drawer et al., 2024)
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2.1.2. Compressed Hydrogen Storage

Compressing the hydrogen gas is the most common way to achieve higher hydrogen storage densities. Hydrogen
can be stored in tanks up to 700 bar at ambient temperatures. However, at 700 bar, the volumetric energy density
is still relatively low compared to other hydrogen storage technologies in Figure 2.3. Additionally, high-pressure
tanks come with high investment costs and significant safety risks and regulations (Reuf et al., 2017).
Another way to store gaseous hydrogen under pressure is in underground caves (Elberry et al., 2021).
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Figure 2.3: Comparison of different hydrogen storage technologies (Baetcke, 2024)

2.1.3. Liquid Hydrogen Storage

When hydrogen is cooled to -252.15°C, it becomes a liquid. Increasing the volumetric energy density up to 71
kg/m?> (Reuf et al., 2017). This requires a high energy demand of 20% up to 50% of hydrogen’s lower heating
value. During storage, a part of the liquid hydrogen evaporates into gas. These boil-off losses can amount to as
much as 3% per day for small tanks and 1% per day for larger tanks (Drawer et al., 2024).

Cryo-compressed hydrogen is a storage method that combines liquid hydrogen and compressed hydrogen gas.
This technology will not be considered independently, as it presents the same challenges as liquid hydrogen for
seasonal energy storage (Reufs et al., 2017).

2.1.4. Liquid Organic Hydrogen Carrier

Liquid organic hydrogen carriers (LOHC) allow hydrogen storage in liquid form in ambient conditions, enabling
transportation similar to conventional liquid hydrocarbon-based fuels. LOHC systems consist of hydrogen-rich
and hydrogen-lean organic compounds that store hydrogen through repeated catalytic hydrogenation cycles.
Hydrogen is separated from the carrier for discharging using a catalyst and thermal energy at temperatures
between 150 and 310°C (Drawer et al., 2024). While the process is theoretically reversible, reusing the heat
released during hydrogenation to drive dehydrogenation remains technically challenging due to temperature
and process mismatches. After separation, the hydrogen is used, and the carrier molecule must be stored for
reloading (Reufs et al., 2017).

2.1.5. Ammonia

Chemical storage of energy can be accomplished by bonding hydrogen to another atom. Hydrogen can bond to
nitrogen to form ammonia (NH3). Ammonia has been identified as a sustainable fuel for remote and mobile
applications if obtained from renewable energy sources. An advantage of ammonia is that it is a liquid when it
is compressed to 8 bar at room temperature or cooled below -33°C at ambient pressure. This makes it relatively
easy to transport when compared to liquid hydrogen. At the same time, the energy density of ammonia (15,6
M]J/L) is 70% more than liquid hydrogen (9.1 MJ/L) and almost three times more than 700 bar compressed
hydrogen (5.6 MJ/L). However, a major drawback is that temperatures between 400 °C and 650 °C are required
to separate the hydrogen from the nitrogen. Subsequently, an additional downstream cleaning step is necessary
to eliminate unwanted impurities (Drawer et al., 2024). Additionally, ammonia is also considered toxic, with
human exposure limits ranging from 25 to 50 ppm. Exposure to concentrations above 5000 ppm can have deadly
consequences (Valera-Medina et al., 2018).

2.1.6. Metal Hydrides

There is a way to store hydrogen as a solid by bonding it to metal. A metal hydride is a metal that can bond
with hydrogen atoms through a chemical process. This technology provides high volumetric energy density,
making metal hydride promising for compact hydride storage. This is important as not the weight but the



2.1. Hydrogen 5

system’s footprint poses the limitations for a stationary system (M. V. Lototskyy et al., 2017). The reaction is
reversible without loss of storage capacity throughout storage and is controlled by temperature and pressure
(Bellosta von Colbe et al., 2019). The pressure and temperature required for hydrogen absorption and desorption
depend on the metal hydride type. There are various types of metal hydrides, all with unique properties
and challenges. For stationary applications, metal hydrides with hydrogen uptake and release near room
temperature are promising candidates (Moller et al., 2017). Low-temperature metal hydrides are especially
attractive because they have a lower reaction enthalpy and can operate at (near) ambient conditions (Nguyen &
Shabani, 2021).

There are three types of metal hydrides: elemental hydrides, intermetallic hydrides, and complex hydrides.
Elemental hydrides are chemically the simplest form of metal hydrides, as they store hydrogen through simple
ionic bonding to one element. Intermetallic hydrides are formed by alloys containing two or more metal
elements, often classified into AB, AB; and ABs types. Where the A bond is strongly to hydrogen, and the B
elements bond weakly to hydrogen. Hydrogen can diffuse into the metal lattice, forming the hydride phase.
That is why the operation temperatures are generally lower when compared to elemental hydrides. The last type
are complex hydrides, salt-like materials in which hydrogen is covalently bound to the central atoms, forming a
crystal structure. They have the highest hydrogen storage capacities among all hydride types, but often require
temperatures above 300°C for hydrogen release and suffer from limited reversibility (Drawer et al., 2024).

Preferred Material Properties

Various metals can store hydrogen by direct dissociative chemisorption (absorption process that involves a
chemical bond formation between a modifier molecule and the surface (Atif et al., 2022)) of hydrogen gas, as
described in (2.1) (Nguyen & Shabani, 2021). The arrow points in two directions, indicating that the reaction is
reversible.

M + S Hz & MH, +Q @.1)
Where M is a metal or intermetallic alloy; x is hydrogen concentration to metal; Q is the heat of reaction.

The thermolysis release reaction is endothermic; thus, Q is always positive. The heat released during the
absorption process raises the temperature of the system. This rise in temperature significantly increases the
pressure required for the incoming hydrogen gas. If there is no effective thermal management system, this
temperature increase can lead to self-inhibition of the reaction, prolonging the filling time. Similarly, adequate
heat must be supplied at a high enough temperature during desorption to sustain the equilibrium pressure
necessary to release the hydrogen. The amount of heat can be determined by (2.2) (Nguyen & Shabani, 2021).

_ mHz AHMH
Mm,
Where Q (W) is heat released or required during the absorption and desorption process; rit, is the mass flow

rate of hydrogen (kg/s); AHymp is the enthalpy change (J/mol); My, is the molecular weight of hydrogen
(g/mol); nj, is the amount of mol H; per second (mol/s).

Q = 1ig2 * AHMH (2.2)

To determine the operating pressure and temperature of different metal hydrides, pressure-composition-
isotherms (PCls) are typically used in conjunction with the van 't Hoff diagram, as seen in Figure 2.4.

T N
E[ a) ldeal PCI RS E b) van‘t Hoff diagram 5| © Real PCI
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Figure 2.4: a) Ideal PCI at different temperatures, accompanied by b) van 't Hoff diagram and c) real PCI exhibiting hysteresis and plateau
pressure (Klop¢i¢ et al., 2023)

The slope in the van’t Hoff diagram is determined by the reaction enthalpy; this value varies significantly
between low-temperature and high-temperature metal hydrides. Low-temperature metal hydrides have a lower
reaction enthalpy and can operate at (near) ambient conditions. Therefore, reducing the reaction enthalpy by,
for example, adding or substituting elements is beneficial (Nguyen & Shabani, 2021).
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Elemental Hydrides

Elemental hydrides are the simplest form of metal hydrides. Hydrogen chemically bonds to only one element.
Magnesium hydride (MgH>) is the most prominent representative of the elemental hydride group. It has a
volumetric storage capacity of 3.67 kWh/dm?® and a gravimetric storage capacity of 7.6 wt% (Klop&i¢ et al.,
2023). It is cheap and readily available. However, the ionic bond between hydrogen and magnesium is very
strong, resulting in poor reversibility. As a result, a lot of energy is needed to split the hydrogen from the
magnesium, requiring temperatures above 320 °C to desorb the hydrogen from the magnesium (Bolarin et al.,
2024). A disadvantage of magnesium is that when in contact with oxygen, an oxidation layer is formed at the
surface, significantly inhibiting the hydrogen absorption rate. To remove the oxygen layer, an activation process
is required (Drawer et al., 2024).

Intermetallic Hydrides

Intermetallic hydrides consist of at least two types of metal. The alloy scheme corresponds to A;B,H., where
the A element bonds strongly to hydrogen and the B element bonds weakly to hydrogen. Hydrogen can diffuse
into the metal lattice, forming the hydride phase. Therefore, operation temperatures are generally lower than
those of elemental hydrides (M. V. Lototskyy et al., 2017). The intermetallic hydrides can be divided into three
main ratios: AB, AB, and ABs. Each will be discussed in the following paragraphs.

AB

A well-known low-cost AB alloy is TiFe, a combination of titanium and iron, with a volumetric storage capacity
of 4.03 kWh/dm? and a gravimetric storage capacity of 1.86 wt% (Klop¢i¢ et al., 2023). The advantage, over
some other metal hydrides, is that it can absorb and desorb near room temperatures under near-atmospheric
pressures. A drawback of TiFe is the activation process, which is required before TiFe can hydrogenate. This
requires high pressures (65 bar) and high temperatures (400-450°C) to remove the oxidation layer. TiFe is
extremely sensitive to water vapour oxidation, possibly due to the formation of a Ti oxide layer at the surface.
This oxide layer reduces the hydrogen absorption kinetics as well as the storage capacity.

However, the exact reason why the activation process works is still unsolved. Many efforts have been made
to reduce this disadvantage to improve the activation process. The action process of TiFe can be significantly
improved by adjusting the Ti/Fe ratios, adding a third element or adjusting the mechanical process (for example,
ball milling) (H. Liu et al., 2023).

AB)

TiMn, combines titanium and manganese, which has a volumetric storage capacity of 4.09 kWh/dm? and a
gravimetric storage capacity of 1.86 wt%. It is a low-cost metal hydride with good kinetics and easy activation.
TiMn; can achieve relatively high hydrogen absorption rates at room temperature without activation. Its
properties can be further enhanced by ball milling or annealing. Mn has a high oxygen affinity, so it must
be stored without contact with oxygen. The disadvantages are the relatively high plateau pressures and
high hysteresis between the absorption and desorption. The best way to improve these properties is partial
substitution of other elements (Klop¢ic et al., 2023).

ABs

LaNis, a combination of lanthanum and nickel, is a well-investigated metal hydride. It has a volumetric storage
capacity of 4.12 kWh/dm3 and a gravimetric storage capacity of 1.49 wt%. The activation process is relatively
fast and straightforward, requiring cycling below 100°C and below 100 bar of pressure. However, the material
cost is higher than TiFe (Marinelli & Santarelli, 2020). In contrast to TiFe and TiMn,, where mechanical treatment
improves the activation process and kinetic properties, a decrease in storage capacity for LaNis is reported
after 1-3 minutes of ball milling, compared to the cast sample. Due to the good resistance to impurities, oxygen
exposure is less of a problem when compared to most other metal hydrides. Enhancements can be made by
partly substituting Ni with small amounts of Al, Co and Mn, decreasing the plateau pressure. While the partial
substitution of La by Ce, Pr or Nd leads to better cyclability, it also increases the plateau pressure (Klop¢ic et al.,
2023).

Complex Hydrides

Complex hydrides work differently compared to elemental and intermetallic hydrides. They are salt-like
materials in which hydrogen is covalently bound to the central atoms, forming a crystal structure. Complex
hydrides can store relatively large amounts of hydrogen compared to other metal hydrides, making them
potentially interesting storage materials. When first discovered, complex hydrides were not considered for
reversible hydrogen storage because of the high-temperature requirement for the desorption process. This
changed when it was found that the kinetic barrier of the desorption process can be lowered by adding Ti as a
catalyst, resulting in close to acceptable technical conditions (Hirscher & Hirose, 2010). Two common types of
complex hydrides are complex borohydrides (LiBH; and NaBH,) and complex aluminium hydrides (NaAlHy);
they will be addressed in the following two subsections.
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Complex Borohydrides

Complex borohydrides are promising for hydrogen storage due to their high hydrogen content. However, the
high thermal stability makes the hydrogen release process difficult, and they generally exhibit poor reversibility
under moderate technical conditions (Hirscher & Hirose, 2010). This is because, unlike conventional metal
hydrides where hydrogen is reversibly bonded to metal atoms, complex borohydrides store hydrogen in
borohydride (BH4) groups. Hydrogen release involves multi-step decomposition reactions, often requiring high
temperatures and producing stable by-products with limited reversibility (Au & Walters, 2010). Two commonly
studied complex borohydrides are NaBH4 and LiBHj.

The reaction of NaBH} differs from all the other metal hydrides discussed in this literature review. The hydrogen
is released from the NaBH, when in contact with water. The process is called hydrolysis. This approach differs
from all the other metal hydrides presented in this research, as they use heat (thermolysis) for the desorption
process and endothermic reactions. The desorption process of hydrolysis is realised by adding water to NaBHy,,
and the desorption reaction is exothermic. The advantages of the hydrolysis reaction are the fast kinetics at
room temperature, the possibility of a cold start, and straightforward control. The increase in temperature, due
to the exothermic reaction, also increases the reaction speed. This is why water management and cooling are
important to keep the reaction safe (Andersson & Gronkvist, 2019). The reaction is described in (2.3) (Demirci
et al., 2010).

NaBH, + 2H,0 — NaBO, + 4H, + Q (2.3)

NaBHy4 has a volumetric storage capacity of 3.20 kWh/dm?® and a gravimetric storage capacity of 10.8 wt%. The
NaBHy stores half of the hydrogen, and H,O provides the other half of the hydrogen. However, the reaction is
irreversible, and the regeneration of NaBO, is not yet practical. The most common industrial method for the
production of NaBHy is the brown-Schelsinger process, which uses trimethyl borate (B(OCH3)3) and sodium
hydride (NaH) (Dragan, 2022).

Therefore, refuelling with NaBH, remains the best solution until regeneration becomes feasible (Demirci et al.,
2010). This is the reason why NaBH4 will not be taken into further consideration in this literature review.

The second complex borohydride is LiBHy, which is preferred to use with thermolysis for high hydrogen storage
capacity. It has a volumetric storage capacity of 4.08 kWh/dm? and a gravimetric storage capacity of 18.5 wt%.
Its high hydrogen storage capacities could make it an interesting material for hydrogen storage. However, the
hydrogen desorption process occurs in four sequential endothermic peaks, increasing in temperature. The third
peak, with the largest desorption (9 wt%), occurs between 400-680°C.

The harsh operating conditions and slow reaction kinetics represent the most significant challenges that must
be addressed or substantially mitigated. Several strategies are available to enhance these properties; use of
catalysts, partial substitution of alloy or reducing the particle size (Klop¢ic et al., 2023).

Complex Aluminium Hydrides

Complex aluminium hydrides offer several advantages, including low cost and low density. However, their high
kinetic barriers prevented them from being considered viable hydrogen carriers for many years (Hirscher &
Hirose, 2010). A well-studied complex aluminium hydride is NaAlHy.

It has a volumetric storage capacity of 3.20 kWh/dm? and a gravimetric storage capacity of 7.5 wt%. The
significant disadvantage of NaAlHj is that its kinetics are slow, and reversibility is poor. High temperatures
(200-400°C) and pressures (100-400 bar) are required for absorption. To use NaAlHj in practical conditions,
enhancing the properties is required. This can be achieved by using a doping agent (adding small amounts of
foreign elements into an alloy to modify its properties), which is typically mixed under an inert atmosphere and
then subjected to milling.

Selecting Metal Hydride for Seasonal Hydrogen Storage

Among the reviewed metal hydrides, intermetallic hydrides offer the overall best performance. Regarding
volumetric energy density, the intermetallic hydrides generally perform the best. They also show favourable
thermodynamic properties, allowing for hydrogen absorption and desorption at relatively low temperatures
and pressures. Furthermore, considering the lifetime and cyclability, intermetallic hydrides meet the required
stability for stationary applications (over 10.000 cycles with less than 30% capacity loss (Modi & Aguey-Zinsou,
2021)), whereas elemental and complex hydrides suffer from slow kinetics and poor reversibility.

Based on these advantages, only the intermetallic hydrides are considered in this research. More specifically,
the focus will be on TiFe, as this material is used in the case study that is used during this research. More
information about the case study is given in subsection 3.1.1.
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2.2. Sodium-ion Batteries

The increasing demand for sustainable and cost-effective battery storage has driven research beyond the
conventional lithium-ion battery. Sodium-ion batteries (SIBs) are a potential alternative to lithium-ion batteries
(LIBs) as they use the abundant sodium reserves of the earth instead of the scarce lithium, nickel, cobalt and
graphite. However, the energy density is lower than that of lithium-ion. Both batteries’” components and
electrochemical reaction mechanisms are identical, except for the charge carrier, which is Na* instead of Li*.
Furthermore, the material synthesis methods and routes can be easily borrowed and adapted from the LIBs.
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Figure 2.5: Working principle of Sodium-ion Battery (ecolithiumbattery, 2022)

The four main components in a sodium-ion battery are: a cathode material (Na*), an anode material (hard
carbon), an electrolyte (liquid sodium salt), and a separator.

The charging and discharging process is illustrated in Figure 2.5. During the charging process, sodium ions are
extracted from the cathodes and inserted into the anodes, while the current travels via an external circuit in
the opposite direction. When discharging, the sodium ions leave the anode and return to the cathode. The
sodium-ion battery can be fully discharged without damaging the battery (Zhao et al., 2023).

2.3. PEM Electrolyser

Water electrolysis is a process that splits water into hydrogen and oxygen using electrical energy. In an
electrochemical cell, an external voltage drives the redox reaction, converting electrical energy into chemical
energy stored in hydrogen (Chisholm et al., 2022).

The PEM electrolyser has been selected as the electrolyser type because it has a fast response, a low startup time,
compact size, and high hydrogen purity up to 99.999% (Nasser et al., 2022).

PEM electrolysis is an electrochemical process that uses a solid polymer membrane to produce hydrogen and
oxygen from deionised water. High-purity deionised water is pumped into the anode, where it is oxidised to
produce oxygen, protons and electrons. Only the protons can move through the membrane to the cathode,
while the electrons will reach the cathode via an external circuit. At the cathode side, the electrons and protons
combine again to produce hydrogen. The new generation of PEM electrolysers has a stack efficiency of 77-80%
and a system efficiency of 74-79% (van der Roest et al., 2023).

The first benefit of a PEM electrolyser is that it can operate at higher current densities. The ohmic losses limit the
current density. A thin membrane with good proton conductivity can improve the current density. The second
benefit is a low cross-over rate over the membrane, resulting in high-purity hydrogen 5.0 quality (Shiva Kumar
& Himabindu, 2019). Lastly, a solid electrolyte allows for a strong and compact system, enabling the electrolyser
to operate at higher output pressures of 30-40 bar (Hancke et al., 2024). As a result, less energy is required to
compress the hydrogen further, potentially removing the need for an external compressor to store the hydrogen
in the metal hydride.

A disadvantage of PEM electrolysers is that the use of materials is limited. The materials must be resistant to
harsh corrosive low pH conditions (pH 2) and sustain the high voltage (2 V) applied. This will demand the use
of expensive, scarce materials for the catalyst and membrane (Carmo et al., 2013).

Heat Flow Electrolyser

The heat production in the electrolyser stack is due to the chemical reaction’s irreversibility and the cell’s ohmic
resistance. At the thermoneutral voltage, the electrolysis reaction can occur without consuming or producing
heat. However, the reaction rate is so slow at this potential that there is almost no hydrogen production.
Therefore, an overpotential solution is applied to the electrochemical cell. This increases the reaction rate but
also makes the reaction exothermic, and thus, heat is produced.

The research (Tiktak, 2019) showed that, by modelling a medium to large scale PEM electrolysis, 92% of the heat
produced by the stack was extracted by the cooling circuit. The other 8% is mostly used to evaporate the water
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in the stack and convection losses to the environment, reaching a stack efficiency of 98.4%.

The research of (van der Roest et al., 2023) shows in Figure 2.6 that about 5-8% of the usable heat is used to
preheat the deionised water stream before it enters the stack. Additionally, 80% of the waste heat can be used for
another application. In this case, the heat is locally consumed by an industrial heat consumer. This results in a
total system efficiency of 90%.
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Figure 2.6: Energy flow diagram for a PEM electrolyser (van der Roest et al., 2023)

2.4. PEM Fuel Cell

A fuel cell is a device that converts chemical energy from a fuel, hydrogen, directly into electrical energy plus
heat through the electrochemical reaction of hydrogen and oxygen into water. The process is that of electrolysis
in reverse (Cook, 2002).

The PEM fuel cell has been selected as the fuel cell type. Among the various types of fuel cells, PEM fuel cells
represent the most advanced technology and have been widely adopted in numerous systems. This is due to
their ability to achieve higher power density, greater efficiency, lightweight design, compact size, lower cost, low
operating temperatures, and faster start-up compared to other fuel cell types (Bvumbe et al., 2016).

The operation principle of a PEM fuel cell is as follows. First, hydrogen and oxygen are supplied to the anode
and cathode, respectively, through flow channels. This leads to a generation of protons at the anode and
electron transport through the external circuit. At the anode, hydrogen is oxidised, splitting into protons and
electrons. The protons pass through the proton exchange membrane (PEM), while the electrons flow through
the electrically conductive electrodes, the current collectors and the external electrical circuit. At this point, work
is conducted before returning to the cathode. The protons and electrons combined with oxygen at the cathode
produce water and heat. The overall result of this reaction is a flow of electrons through an external circuit,
generating direct current. The efficiency of the stack falls within the ranges of 40% to 50% under standard
operation conditions (Bvumbe et al., 2016). The operational temperature of a PEM fuel cell is between 60 °C and
85°C (Tawalbeh et al., 2022).

Heat Flow PEM Fuel Cell

Figure 2.7 gives an overview of the energy flow in the fuel cell. In this overview, the efficiency of the fuel cell is
assumed to be 50%. The unreacted hydrogen (5%) can be recirculated, vented, burned or used in a secondary
production step. In modern fuel cells, the hydrogen is often recirculated. However, the use case of the unreacted
hydrogen is assumed to be out of scope for this research. The heat generation is 45% of the total energy put into
the fuel cell, and 9% of this heat is used internally or lost due to natural convection, which leaves 36% of the heat
to be reused.
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Figure 2.7: Energy flow diagram in a PEMFC (Cetinkaya et al., 2023)

A part of this heat can be internally used to preheat the hydrogen and air to improve the fuel cell performance
(Nguyen & Shabani, 2020). Another application for the heat is to use it for the desorption process of the
hydrogen out of the metal hydride, while the remainder of the heat can be used for other purposes. The waste
heat greatly increases the hydrogen flow rate during the desorption process, reducing the discharge time of the
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metal hydride. As well as reducing the capacity of metal hydride needed to fulfil the flowrate requirement of
the fuel cell (Omrani et al., 2019).

The simulation in the research of Tong (Tong et al., 2023) showed that 21% of the heat produced by the PEM
fuel cell is enough to heat the metal hydride reactor under ideal conditions. This shows that most of the heat
produced by the PEM fuel cell remains unused. The remainder of the waste heat can be used for other purposes
to increase the system’s efficiency.

The remaining waste heat can be used for three applications: power generation, heating, or cooling. An organic
Rankine cycle or a thermoelectric generator can be used to improve the system'’s electrical efficiency for power
generation. The heat can also be directly used for residential applications, heating rooms, or heating domestic
water. The last application of the heat can be to drive absorption and desorption chillers to cool in residential
applications (Baroutaji et al., 2021; Nguyen & Shabani, 2020; Wilberforce et al., 2024).

2.5. Existing Models and Limitations

A ot of information about the technical details of the different components of the system is already available,
especially about the PEM fuel cell and the possible applications for the waste heat. On the other hand, little
research has been done on integrating the different components (PEM electrolyser, low temperature metal
hydride system and PEM fuel cell). The most promising research is that of (Bhogilla et al., 2024). The research
integrated a metal hydride hydrogen storage system with a reversible PEM membrane fuel cell, working in dual
mode, as an electrolyser and a fuel cell. Part of the heat produced by the fuel cell is used for the desorption
process of the metal hydride, while the remainder of the heat of the fuel cell and the heat of the electrolyser are
used to drive a vapour absorption refrigeration system (VARS) for cooling applications. The research focuses
on finding the maximum system efficiency and optimising the combined cooling and power efficiency. The
system achieves a maximum energy efficiency of 94.1% in electrolyser mode and 73.3% in fuel cell mode. This
useful and interesting research provides the initial formulas that can be used as the foundation to integrate heat
utilisation into a model. However, the research does not mention the integration with the electricity grid.

A reversible PEM fuel cell has lower efficiencies than a separate electrolyser and fuel cell (Banasiak & Kienberger,
2024). Therefore, to maximise the efficiency of the seasonal energy storage system, this research will focus on a
separate PEM electrolyser and fuel cell.

Additionally, in the scope of this research, the fuel cell is used during the winter. During the winter, the cooling
application is not as interesting. However, during the summer, it could be a useful use of he electrolyser’s waste
heat during summer operation. To follow up, the research of (Chen et al., 2015) uses waste heat for cooling in
the summer and heating in the winter. The maximum efficiencies are 70.1% and 82%, respectively. This shows
that using the fuel cell in the winter has greater potential.

The main point of interest for stationary metal hydride systems in the literature has been to supply power to
off-the-grid remote locations. Gray (Gray et al., 2011) explores using an off-the-grid power supply to remote
locations that need a storage system for intermittent renewable energy sources. The system consists of: PV solar
panels, a PEM electrolyser, metal hydride storage, and a PEM fuel cell. Only the surplus of energy is used for
hydrogen production. It explains how to match the PV array and the electrolyser and the requirements for the
metal hydride storage reactor.

The option to use the metal hydride storage system integrated with the electricity grid has been investigated less.
The most extensive research available on the topic is the research of Chauhan & Ranjan (Chauhan & Ranjan,
2024). This research shows the opportunities and challenges of integrating an electrolyser fuel cell system in the
electricity grid (the hydrogen storage technology is not specified). The opportunities are enhanced flexibility
of the grid, balancing of the demand and decarbonising industrial processes. However, challenges remain in
hydrogen storage, efficient energy conversion, and grid compatibility. Policymakers are expected to take charge
of accelerating the system’s adoption by establishing regulations and encouraging investments.

Frankowska (Frankowska et al., 2022) made a model, optimised from the point of view of the operator of
the energy distribution system. Stored hydrogen, kept in pressurised gas tanks, can be deployed to balance
fluctuations in the power grid. The results state several benefits to enhance the flexibility of the electricity grid.
However, the study does not determine the impact on the effectiveness and efficiency of the electricity grid.
The only real large-scale hydrogen storage system that uses an electrolyser-fuel cell system, which can be
integrated with the electricity grid, is the Fukushima Hydrogen Energy Research field (FH2R). After the
hydrogen is produced, it is temporarily stored in high-pressure tanks. It uses renewable energy and the grid to
power the electrolyser. The produced hydrogen can then be used to power the mobility sector and the industry
or transformed back into electricity to balance the grid when there is a high electricity demand. (Toshiba, 2020).
Theoretically, it is possible, and the FH2R project has shown that the system works without storage in metal
hydrides. This opens up an interesting gap in the literature. How much does the integration of a metal hydride
energy storage system, which is connected to the grid, increase the grid’s flexibility by reducing the required
connection capacity demand?



Methodology

This chapter is intended to describe the model and methodology used for answering the research questions. It
starts with a description of the system architecture, followed by the development of the model. The control
strategy is then introduced, and finally, the model verification process is discussed to ensure the accuracy and
reliability of the implemented approach.

3.1. System Description

This section presents the deltaWonen case study, which forms the foundation of this research. After explaining
the simplification of the case study, the background behind the input data of the supply and demand is presented.

3.1.1. Case Study deltaWonen

deltaWonen is a housing corporation that takes responsibility for its social community role as the starter of
the energy transition in the residential areas. Their goal is to optimise the energy transition in their area of
operation. Therefore, they are actively seeking ways to progress in the energy transition. A key step in this
is to make the residential buildings independent from the gas network while not relying on the long waiting
list to reinforce the electricity grid. In 2025, they plan on starting a new project in Kampen, the Urban Energy
Island (UEI). This will be a pilot of 40 apartments that will be part of an innovative energy system to become
80% autarkic. This will be done with the help of daily and seasonal energy storage of self-generated renewable
solar energy. The results from the project will be shared so that they can be used as a blueprint for making other
neighbourhoods in the Netherlands more sustainable. The mismatch between the energy supply and demand
needs to be addressed to achieve this. Most of the energy is consumed in the evening, while renewable solar
energy has its peak production in the middle of the day.

The UEI project contributes to solving the challenge concerning energy supply and disconnection from the gas
network in three different ways (deltaWonen, 2024):

1. Sustainability: aim to use 100% renewable and locally generated energy within the UEI concept.

2. Grid congestion: further electrification of buildings within the existing electricity grid’s capabilities
without grid reinforcement.

3. End user: predictable and constant living costs for residents in energy-efficient and future-proof homes.

Project Description
The Urban Energy Island (UEI) project will be demonstrated with 40 apartments in Kampen and four complexes
of ten apartments. The project will be realised in six development steps (deltaWonen, 2024).

1. Each of the apartments will be made energy efficient, minimising the heat demand of each apartment. The
insulation of the apartments will realise this. In addition, ventilation measures will also be implemented
whereby, through heat recovery, heat from ventilation air will be reused.

2. Each apartment complex will be equipped with a heat pump and hot water booster. A hot water booster
uses the heated water from the heat pump, which is used for heating the apartments, to increase the
temperature further so that it can be used for domestic hot water applications. Additionally, each house
will get an individual hot water buffer, ensuring efficient provision of heating, cooling and hot tap water.
This system uses only electricity and will be free of natural gas.

3. On top of each of the four complexes (of ten apartments each), 75 PV panels will be installed. They will be
oriented towards the south to generate as much energy as possible. The residents will be stimulated to use
as much renewable energy directly as possible and match their demand to the supply. Here, the smart
control of the heat pump and hot water buffer optimises direct consumption.

4. For daily energy storage, collective batteries of 95 kWh will be installed for each complex of 10 apartments.

5. One collective seasonal energy storage will be implemented for the 40 apartments in the form of hydrogen
stored in the intermetallic hydride TiFe. This system includes a 40 kW PEM electrolyser, a 25 kW PEM fuel
cell, and a hydrogen storage capacity of 4.8 MWh.

The stored hydrogen can be used in periods, mainly in the winter, when too little solar energy is generated.

1
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The fuel cell is used to generate electricity, and the waste heat will be, where possible, used directly or
stored in the underground heat storage.

In the project’s final step, a smart controller is integrated into the energy concept so that the various
subsystems can be interconnected and control the use of the electricity grid. In addition to regulating
potential energy surpluses, electricity will be drawn from the grid when rates are at their lowest. The
interaction with the electricity grid is based on dynamic hourly rates.

Simplifications of the Case Study
Certain simplifications have been made to be able to analyse the case study:

Step six of the project description, the integration of dynamic energy prices, is not implemented. This
results in missing the opportunity to charge the metal hydride when the electricity rates are the lowest
and discharge the metal hydride (and sell the electricity) when the electricity rates are the highest. This
step is left out to reduce the complexity of the problem.

The case study includes a collective ground source heat storage system, which allows heat to be stored for
later use. This will not be implemented in the analysis; instead, all the required heat must be produced and
consumed within the same time step of one hour. This results in an increase in the peak load compared to
the real case, as in reality, the heat storage allows for heat generation during the day, while using it during
the evening. This decision has been made as the size of the heat storage solutions is not known, and this
problem is mitigated by using the average heat requirement of a household instead of the heat demand of
a specific household. This already evens out the heat demand over the day.

in the case study, the hot water booster uses heated water from the heat pump, which is used for heating
the apartments, to increase the temperature further to use it for domestic hot water applications. In order
to simplify the situation, these two heat demands are split. The available waste heat is first used to reduce
the demand of the heat pump; if any remaining heat is left, it is then used to reduce the heat demand. In
reality, apart from the advantages of the heat storage mentioned previously, this implementation doesn’t
make a difference to the case study, as the electrical energy required for each heat demand is given
separately. For both, the heat demand is known independently. This decision has been made to reduce the
complexity of the problem.

In the case study, four small daily batteries are used (95 kW); this will be simplified to one daily battery of
380 kW. In reality, the use of four batteries, one at every block of apartments, allows for greater redundancy
and increased flexibility during maintenance. Additionally, it lowers the peaks power delivered or required
from each of the batteries, as also the PV production and demand is split equally over the four batteries.
Nevertheless, using one large battery is a reasonable simplification for the analysis.

in the case study, the energy that can be directly used to fulfil the demand does this without going through
the daily battery. In the analysis, all the energy passes through the daily battery. This simplification does
not affect the results, as the battery is assumed to operate without efficiency losses or degradation. This
assumption is made because the goal of the analysis is to show the feasibility of seasonal energy storage;
the focus is not on the daily battery. However, in reality, this does make a difference, as the battery has
efficiency losses and degradation losses.

Input Data of Supply and Demand

Besides the total annual supply or demand, presented in Table 3.1, no additional profile of the energy use
throughout the year has been provided by deltaWonen. However, to simulate the behaviour throughout the
year, usage profiles for all the supplies and demands, with a time step of one hour between the data points for
an entire year, are required to determine the expected behaviour of the model.

All usage profiles have been normalised so their values fall within a comparable range. This is necessary in order
to use the shape of the usage profile rather than the total magnitude, which is already provided by deltaWonen.
This is accomplished by scaling the dataset so that the sum equals one. The resulting profiles represent the
relative distribution of supply or demand over the year. The normalised inputs can then be multiplied by the
total annual value to find the value per hour.

Table 3.1: Total energy annual

Dataset Value | Unit
Maximum grid capacity 40 kW,
PV Production 138000 | kWh,;
Electricity demand 72000 | kWh,;
Heat demand 16400 | kWh,,
Domestic hot Water demand | 23160 | kWh;
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It is decided to use ten years of data to create a dataset of one year, which is the average of the ten years. Starting
from the most recent available year, 2023, up to 2013 is used; 2014 is not used as not all the data was available for
2014. Using a ten-year average as input for the analysis has the advantage that the analysis is not optimised for a
single year, which could have extreme cases that do not represent a typical year of system usage. In chapter 4, a
single year’s data will be used to test how well the trained model works. The years 2013 and 2015 will be used,
as these are the two years for which the complete input data is available.

The model starts the year on 1 October, with a full metal hydride storage. This is right before the net energy
generation becomes negative, allowing for the most realistic situation, where the metal hydride storage is full at
the end of the summer.

PV Generation

The data for PV generation is found using the photovoltaic geographical information system of the European
Commission (Euopean Commission, 2024). This website estimates the output of a PV system in every location in
Europe for up to an hour, considering solar radiation, temperature and wind speed. As described by deltaWonen,
the case study will take place in the Flevowijk in Kampen. However, the exact location is unknown. Therefore,
an apartment block with a flat roof in the Flevowijk is chosen for the location. The PV panels are placed towards
the south to maximise solar radiation.

Ambient Tempeature

The data for the ambient temperature is supplied in the same dataset as the PV generation.

The ambient temperature determines how much of the heat generated by the system can be effectively reused to
fulfil the heat and domestic hot water demand.

Electricity Demand

The data for the electrical demand is provided by deltaWonen. The E1A data is used; E1A contains the standard
grid capacity size data equal to or lower than 3 x 25A. The data is provided every 15 minutes; as the model
works per hour, the four data points are added together to get the value per hour. However, the data from the
corresponding ten years was unavailable; only the data from 2010-2015 were available. Although a ten-year
average from the corresponding years would have been preferred, it is not a limiting factor. Because electricity
usage excludes the use of heating systems, it is not expected to vary a lot over the years.

Space Heat and Domestic Hot Water Demand

Both the space heat and domestic hot water demand are found on the same website of TNO (TNO, 2024). The
neighbourhood of the case study, Flevowijk, can be selected on the website. For climate information, De Bilt is
used as the location. The result of the dataset is the estimated space heat and domestic hot water demand per
hour.

3.2. Model Description

This section explains the need for the model and outlines its development. To be able to understand the
development of the model, an overview of the model is given first. Afterwards, the assumptions and input of
the model are presented. Finally, the factors considered for each component are described in detail.

3.2.1. Motivation for Development of a Model

A structured and quantitative approach is required to analyse the feasibility of metal hydride as a seasonal
energy storage solution, a complex interdependent system. Rather than relying on an analysis of the components
or empirical testing, a model on a system level provides an integrated framework that allows the evaluation
of the energy flows between the different components as well as insight into the operational strategies of the
system.

The decision to build a model is based on the following motivations:

¢ System complexity: The interaction between the multiple modes of energy (electricity, hydrogen and
heat) and operational constraints requires a structured approach to understand the system behaviour.

* Performance metrics: Through simulation, key performance indicators such as the system efficiency,
(dis)charging of the daily battery and waste heat recovery can be assessed and optimised.

* Design guidance: The model allows easy change of the size and specifications of the components. This
provides insight into the component sizing and the logic of the control of the system.

* Exploration of different scenarios: A model allows for evaluating various scenarios and extreme cases,
without extensive prototyping.
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3.2.2. Overview Model

In Figure 3.1, an overview of the energy flows between all the different components and external supply and
demand in the model is shown.

PV panels Electricity Heat DHW Electrical
P grid demand demand demand
Heat bum Hot water
pump booster
Electrolyser Daily battery Fuel cell
Legend:
Seasonal metal hydride storage
Absorption > Desorption Hydrogen
| proces proces *— Heat

Figure 3.1: Overview of the energy flow between components

The components in the model, shown in Figure 3.1, are treated as black boxes. Their inputs and corresponding
outputs are known, but not all internal details are explicitly modelled. For example, internal heat losses that
can't be reused to reduce the heat demand are known. However, while these losses depend on various factors
within the component, in reality, they are simplified as a constant in the model.

All the streams of supply and demand are connected to the daily battery, which works as the storage of electricity
in the short term. During each time step, all the streams of supply and demand are combined into one net
energy production; the storage level of the daily battery is updated every time step in the model.

The model works in discrete time, with timesteps of one hour. During that hour, the processes in the components
are in a steady state. The time step of one hour is found to be sufficient, as the daily battery can manage
fluctuations within the hour. The most significant peak within the hour is expected when going from no PV
generation to full PV generation. In this case, the 300 PV panels with 400 W,, generate 120 kW of power. This is
within the daily sodium-ion battery’s power range limit of 1C (1C = 380 kW).

The control system is responsible for making optimal use of the daily battery, as well as determining when to
provide electricity to the electrolyser to produce hydrogen that is used to charge the metal hydride storage, or
when the fuel cell must be turned on to turn the hydrogen back into electricity. The demands that need to be
fulfilled are the electrical, heat and domestic hot water demand. There are two possible external input streams
of electricity: PV panels and the electricity grid. The production of the PV panels is intermittent as it depends
on the solar irradiance. The second source of electricity comes from the electricity grid, which can be used to
import electricity to the daily battery or export it back to the grid. The only dependency is that the maximum
grid capacity is 40 kW.

Besides electricity and hydrogen, there is also an energy stream of heat within the system. Heat is generated by
the electrolyser, the absorption process and the fuel cell. Part of the heat of the fuel cell is used to provide the
desorption process with the required heat. This heat can be reused to first lower the heat demand, and, if there
is any heat left, to reduce the domestic hot water (DHW) demand.

3.2.3. Uncertainty on the Prediction Horizon

In real-world applications, future input data is inherently unknown. However, it is possible to forecast what
is expected to happen in the future. Although it is not certain that the expectation will come true, there is
uncertainty in the forecast.

In the model, it would be possible to know what will happen in the future, as historical data is used in this
simulation. However, to mimic the uncertainty of the forecast, a band of uncertainty is added to the input data
within the prediction horizon. More information about the prediction horizon will be explained in the section
about the controller in section 3.3. Each of the data points within the prediction horizon is randomly changed
into a value that falls within the uncertainty band, which is uniform over the prediction horizon; the uncertainty
does not increase when looking further into the prediction horizon. The boundaries of the uncertainty are
different for the PV supply, electrical demand and heat demand bands, which have been based on the mean
absolute percentage error (MAPE) found in other research.
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Except for the first hour, the mean absolute error percentage is added as the uncertainty to all hours within the
prediction horizon. The uncertainty is recalculated for the selected values within the new prediction horizon at
the next time step.

Uncertainty PV Supply Forecast

The study of Theocharides (Theocharides et al., 2024) used two years” worth of data, which were measured at
the test facility at the University of Cyprus. The testbench consisted of five poly-crystalline silicon PV modules,
rated at 235 W), each. The PV panels were oriented towards the south to optimise the annual energy yield. The
first year of data was used to train the model, and the second year was used to test the model. The resulting
mean absolute percentage error of the testing data for the PV power forecasting is 6.91%.

Uncertainty Electrical Demand Forecast

The study of Yan (Yan et al., 2015) demonstrates that the load measurements from the previous 48 hours and
the predicted temperatures for the next 24 hours can be used to predict the day-ahead electrical demand. The
research was based on an analysis of French power consumption and temperature data from 2010. After the
training, the network is tested with a separate dataset, which was not used before in training. The resulting
mean absolute percentage error of the testing data of the load demand forecasting is 3.84%.

Uncertainty Heat Demand Forecast

The study of Golmohamadi (Golmohamadi, 2022) did research into the increasing intermittency of the supply
side for the heat service providers due to the increase in renewable energy. Forecasting the heat demand is
required to mitigate the intermittency of renewable energy. To train the system, three months of historical data
is used. The historical data contains weather information and building variables used to compute building
heat demand. After training, the model is tested to predict the heat demand for the day ahead by using the
24-hour weather forecast in combination with the training data. The heat demand includes space heating and
the domestic hot water demand. The resulting mean absolute percentage error of the testing data is 8.95%.

3.2.4. Assumptions Model

The list of assumptions used to create the model is listed below:

* No integration of dynamic energy prices: The model does not optimise grid consumption based on the
fluctuations in the energy prices. For reasoning, see item 3.1.1.

* Battery degradation and efficiency losses not considered: The degradation and losses of the daily battery
over time are not modelled. This implies that the battery will operate at nominal performance and without
losses throughout the simulation. For reasoning, see item 3.1.1.

* Neglect AC/DC conversion losses: Electrical losses that occur during the conversion between AC and DC
when using the electricity grid are not included. This simplification is made to keep the model in order to
focus on the other key aspects first.

¢ Uniform uncertainty distribution: Random uncertainty, such as forecast error or demand variation, is
assumed to be uniformly distributed over the entire prediction horizon. The only exception is that there is
no uncertainty in the first hour, the hour within the control horizon, because the uncertainty in the first
hour is deemed small enough not to take the uncertainty into account.

* Electrolyser and fuel cell can not operate simultaneously: The electrolyser and fuel cell can not operate
within the same hour. This assumption reflects the design constraint that the metal hydride can not be
charged and discharged simultaneously. This assumption aligns with the use case, as there is never an
energy surplus and shortage at the same hour.

* Hydrogen pressures neglected: The hydrogen pressures required throughout the system are assumed
to be achievable without additional external compressors. All pressure requirements are met internally
within the system design. Therefore, the model does not consider the pressure of the hydrogen between
different components.

* Heat recovery constrained to current hour: The waste heat produced by the components can only be
reused within the current hour. There is no thermal energy storage, which can store the heat for a future
hour. For reasoning, see item 3.1.1.

* Sufficient power capacity of space heating heat pump and hot water booster: The space heating heat
pump and the hot water booster are assumed to have sufficient power capacity to meet the heating demand
required at each time step. This assumption reflects that a hot water reservoir is implemented in the case
study. Without this reservoir, the needed power is higher than in the case study, increasing the system’s
peak load in relation to the real situation.

* Constant COP for space heating heat pump and hot water booster: The coefficient of performance (COP)
is assumed to be constant over the year. As a liquid-to-liquid space heat pump and hot water booster are
used, the variations due to temperature are minor throughout the year. But this excludes the small effect
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of the temperature variations or the effect of the part-load setpoint. As a result, the performance of the
components is either overestimated or underestimated throughout the year. It is assumed, nevertheless,
that these variations will balance out throughout the year, leading to an acceptable overall approximation
over the year.

¢ Perfect heat exchangers: The model assumes no thermal losses between components. This assumption
reduces the complexity of the problem. In reality, thermal losses will occur between components and
during transport, lowering the system’s overall efficiency.

* Steady-state assumption per time step: At each discrete time step, the system is assumed to be in steady
state. Transient dynamics within each time step are not captured, simplifying the system behaviour’s
representation. In reality, however, the system is unlikely to remain in steady state throughout each hour,
as it may need to respond to unexpected variations multiple times per hour.

3.2.5. Input model

The parameters that are required to construct the model are presented in Table 3.2. The input parameters are
obtained from literature sources and information provided by deltaWonen. Subsequently, the efficiency curves
of the electrolyser and fuel cell are introduced.

Table 3.2: System input parameters

Parameter Value | Unit Source

General

COP space heating 4 - (deltaWonen, 2024)

COP DHW 2.5 - (deltaWonen, 2024)

LHV H2 24192 | kJ/mol | (T. Zhang et al., 2023)

prediction horizon 24 hour -

Daily Salt Battery

daily battery max charge speed 1.0 C (Gao et al., 2021)

daily battery max discharge speed 1.0 C (Gao et al., 2021)

daily battery min storage capacity 0 kWh -

daily battery max storage capacity 380 kWh (deltaWonen, 2024)

PEM electrolyser

electrolyser min operational temp 50 °C (Bhandari et al., 2014)

electrolyser max operational temp 80 °C (Bhandari et al., 2014)

electrolyser useful waste heat 0.92 fraction | (Tiktak, 2019)

electrolyser preheat deionised water 0.07 fraction | (Tiktak, 2019)

electrolyser startup 30 second | (Clean Hydrogen Joint Undertaking, 2021)
electrolyser degradation rate 0.00019 | %/h (Clean Hydrogen Joint Undertaking, 2021)
electrolyser min power input 4 kW (van der Roest et al., 2023)

electrolyser max power input 40 kW (deltaWonen, 2024)

Metal hydride Seasonal Storage

metal hydride min storage capacity 0 kWh -

metal hydride max storage capacity 4800 kWh (deltaWonen, 2024)

metal hydride degradation rate 0.017 %/cycle | (Hou et al., 2025)

metal hydride AH absorption 24.3 kJ/mol | (Dematteis et al., 2021)

metal hydride operational temp absorption | 20 °C (GKN Hydrogen, n.d.-a)

metal hydride AH desorption 27.4 kJ/mol | (Dematteis et al., 2021)

metal hydride operational temp desorption | 60 °C (GKN Hydrogen, n.d.-a)

PEM fuel cell

fuel cell min operational temp 60 °C (Tawalbeh et al., 2022)

fuel cell max operational temp 85 °C (Tawalbeh et al., 2022)

fuel cell usable heat 0.8 fraction | (Cetinkaya et al., 2023)

fuel cell unreacted hydrogen 0.05 fraction | (Cetinkaya et al., 2023)

fuel cell startup 60 second | (Clean Hydrogen Joint Undertaking, 2021)
fuel cell degradation rate 0.0004 | %/h (Clean Hydrogen Joint Undertaking, 2021)
fuel cell min power output 2.5 kW (van der Roest et al., 2023)

fuel cell max power output 25 kW (deltaWonen, 2024)

Efficiency Curve Electrolyser and Fuel Cell
The efficiency curves of both the electrolyser and the fuel cell used in the model are shown in Figure 3.2
(Virah-Sawmy et al., 2024) and Figure 3.3 (Sammes, 2006), respectively. The minimum nominal power input
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setpoint for both PEM devices is set to 10%. Although the electrolyser and fuel cell could run below a setpoint
of 10%, the efficiency of both sharply decreases below 10%. Therefore, it has been decided to use the setpoint
from 10% to 100%.

The curve of the electrolyser is an approximated curve of (Virah-Sawmy et al., 2024) created by fitting a cubic
polynomial to the nonlinear efficiency curve, resulting in a smooth nonlinear function that closely matches the
original data points.

The curve of the fuel cell is presented by a piecewise linear approximation with three segments of the original
curve found in (Sammes, 2006), capturing the efficiency behaviour across the operating range.

These methods retain the essential nonlinear characteristics in the model without being more computationally
efficient than using raw data or a fully nonlinear solver, while preserving the nonlinear characteristics of the
curve.

Electorlyser Efficiency Curve Fuel Cell Efficiency Curve
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Figure 3.2: Efficiency curve of electrolyser (Virah-Sawmy et al., 2024) Figure 3.3: Efficiency curve of fuel cell (Sammes, 2006)

3.2.6. PEM Electrolyser

Various factors, including efficiency, startup and degradation, influence the performance of the PEM electrolyser
in the model.

An electrolyser produces two main energy-related outputs: hydrogen and waste heat. The ratio of hydrogen
compared to waste heat depends on the efficiency of the electrolyser. Additionally, not all the waste heat can be
reused as 8% of the waste heat is used to evaporate the water in the stack as well as convection losses to the
environment (van der Roest et al., 2023). Another 7% of the remaining waste heat is internally used to heat the
incoming water (Tiktak, 2019). Allowing 86% of the waste heat to be reused.

The operational temperature of the electrolyser is between 50 °C and 80 °C (Bhandari et al., 2014). The waste heat
is the same as the operational temperature in the model. Additionally, there is a linear correlation between the
setpoint of the electrolyser and the operational temperature. At a setpoint of 10%, the operational temperature
is 50°C, while at a setpoint of 100%, the operational temperature is 80°C.

Efficiency Within the Model Predictive Control Framework

First, within the Model Predictive Control (MPC) framework, the electrolyser’s efficiency is approximated by four
breakpoints, as seen in Figure 3.4. More information about the MPC framework is given in section 3.3. Linear
interpolation is used between the determined breakpoints to determine the efficiency connected to the selected
setpoint. This way, the computational power required within the MPC is minimised without compromising too
much on the accuracy of the efficiency.
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Figure 3.4: Use of breakpoints to determine efficiency MPC while using low computational power
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Efficiency outside of the Model Predictive Control Framework

After the MPC has decided on a setpoint for the electrolyser, the exact efficiency corresponding to the setpoint is
calculated using the efficiency curve of the electrolyser. The efficiency curve is shown in Figure 3.2. This has the
advantage that the most accurate efficiency is used. However, it can cause a slight difference in electrolyser
power, which may overwrite the results for daily battery and metal hydride storage outputs that ideally should
remain unaffected. However, this is deemed acceptable as it greatly reduces the computational power required
for the run.

Startup

It is impossible to turn the electrolyser on immediately with full power when it is cold. Therefore, the
electrolyser’s startup is included in the code. The startup is only implemented when the electrolyser is turned
on in the first hour it is turned on. The startup time is not applied for the consecutive hours the electrolyser is
turned on.

The startup of the electrolyser is implemented in the code as a linear increase of power from a zero setpoint to
the desired setpoint over the time required for the setpoint. As the model works in one-hour intervals, and
the startup time for the electrolyser is only 30 seconds (Clean Hydrogen Joint Undertaking, 2021), the effective
hydrogen production is halved during the startup. For the remainder of the hour, the hydrogen production is
equal to the setpoint of that hour.

Degradation

The electrolyser experiences degradation per hour of usage. When the degradation increases, less hydrogen is
produced for the same amount of electrical energy given as input to the electrolyser. For every hour using the
electrolyser, the electrolyser degrades by 0.00019% (Clean Hydrogen Joint Undertaking, 2021).

This is modelled as a linear process; the degradation over time is the same, independent of the current
degradation status of the electrolyser.

Once the electrolyser reaches 10% of degradation, it is considered to be at the end of its life (U.S. Department of
Energy, 2023).

3.2.7. Metal Hydride
The seasonal metal hydride storage stores the hydrogen produced by the electrolyser until the fuel cell uses the
hydrogen.

Maximum Hydrogen Flow Rate

The maximum hydrogen absorption and desorption rate could constrain the flow rate of the hydrogen. The
maximum loading/deloading mass flow offered by the metal hydride provider GKN Hydrogen is 105 kg H»
per hour (GKN hydrogen, n.d.). However, the flow rate does not restrict the system’s performance under the
current operating conditions. In the most extreme case, the electrolyser and fuel cell operate within a range
where the metal hydride storage absorbs and desorbs the hydrogen fast enough to meet the demand.

To be able to reach the flow rate that is required, it is important to take the generation of heat during the
absorption process and the heat requirement of the desorption process into account.

During the absorption reaction, 10.0% of the Lower heating value of hydrogen (kJ/mol) is released at a
temperature of 20°C. To sustain the desorption reaction, 11.3% of hydrogen’s lower heating value is required
at 60°C (GKN Hydrogen, n.d.-a). The usable heat of the fuel cell is used to fulfil the heat requirement of the
desorption process. As the minimal operational temperature is also 60°C, and the heat usable heat generation is
at least 29%, the fuel cell can always cover the desorption process’s heat requirement.

Degradation

The degradation per cycle of pure TiFe metal hydride storage is not found in the literature. However, the
degradation of the multi-element substituted variant Til.05Y0.02Zr0.03Fe0.8Mn0.2 has been found in literature.
The highest degradation has been measured during the first 100 cycles. During the first 100 cycles, an average
degradation per cycle of 0.017% is measured (Hou et al., 2025). When the degradation increases, the maximum
storage capacity is lowered. The degradation is modelled as a linear process; the degradation over time is the
same, independent of the current degradation status of the metal hydride storage.

Once the metal hydride reaches 20% of degradation, it is considered to be at the end of its life (L. Zhang, 1998).
However, one complete cycle does not occur within a one-hour interval at which the model operates. To account
for this, the hourly generation or consumption of hydrogen is divided by the entire storage capacity, and the
result is then multiplied by the degradation factor. This approach objectively evaluates degradation per hour,
even when the system operates in partial cycles. To account for this, the hydrogen production or demand per
hour is divided by the total storage capacity and multiplied by the degradation factor per cycle. This approach
estimates degradation over time, even when the system operates in partial cycles.
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3.2.8. PEM Fuel Cell

Various factors, including efficiency, startup and degradation, influence the performance of the fuel cell in the
model.

Three energy streams come from the fuel cell: electrical power, waste heat and unreacted hydrogen. 5% of the
hydrogen put into the fuel cell does not react within the fuel cell and is assumed to be a loss of energy in this
model (Tiktak, 2019). The ratio of electrical power compared to waste heat depends on the efficiency of the
fuel cell. Additionally, not all the waste heat can be reused as 20% of the waste heat is lost internally or due
to natural convection (Cetinkaya et al., 2023). A part of the remaining useful waste heat is used to sustain the
desorption reaction in the metal hydride.

The operational temperature of the fuel cell can be between 60°C and 85°C (Tawalbeh et al., 2022). The waste
heat is the same as the operational temperature in the model. Additionally, there is a linear correlation between
the setpoint of the fuel cell and the operational temperature. At a setpoint of 10%, the operational temperature
is 60°C, while at a setpoint of 100%, the operational temperature is 85°C (Tawalbeh et al., 2022).

Efficiency Within the Model Predictive Control Framework

First, within the MPC framework, the fuel cell’s efficiency is approximated by three breakpoints. Linear
interpolation is used between the determined breakpoints to determine the efficiency connected to the selected
setpoint. This way, the computational power required within the MPC is minimised while not compromising
too much on the accuracy of the efficiency.

Efficiency outside of the Model Predictive Control Framework

After the MPC has decided on a setpoint for the fuel cell, the exact efficiency corresponding to the setpoint is
calculated using the efficiency curve of the fuel cell. The efficiency curve is shown in Figure 3.3. This has the
advantage that the most accurate efficiency is used. However, it can cause a small difference in electrolyser
power, which may overwrite the results for daily battery and metal hydride storage outputs that ideally should
remain unaffected. However, this is deemed acceptable as it greatly reduces the computational power required
for the run.

Startup

It is impossible to immediately turn the fuel cell on with full power when it is cold. Therefore, the startup of the
fuel cell is included in the model. The startup is only implemented when the fuel cell is turned on in the first
hour. The startup time is not applied for the consecutive hours the fuel cell is turned on.

The fuel cell startup is implemented in the model as a linear increase of power from a zero setpoint to the desired
setpoint over the time required for the setpoint. As the simulation works in one-hour intervals, and the startup
time for the fuel cell is only 60 seconds, the effective hydrogen production is halved during the startup (Clean
Hydrogen Joint Undertaking, 2021). For the remainder of the hour, the hydrogen production is equal to the
setpoint of that hour.

Degradation

The fuel cell experiences degradation per hour of usage. When the degradation increases, more hydrogen
is required to produce the required electrical power output. For every hour using the fuel cell, the fuel cell
degrades by 0.0004% (Clean Hydrogen Joint Undertaking, 2021).

This is modelled as a linear process; the degradation over time is the same, independent of the current
degradation status of the fuel cell.

Once the electrolyser reaches 10% of degradation, it is considered to be at the end of its life (Wu et al., 2008).

3.2.9. Heat Recovery

Heat can be stored and reused in the same hour that it is produced. However, heat can not be stored for more
than an hour, and any remaining waste heat after that is discarded.

The heat generated in the system carries exergy, which quantifies the fraction of thermal energy that is available
for useful work. This conversion depends on the temperature of the heat and the ambient temperature. The
greater the temperature difference between the heat source and the environment, the higher the exergy content
of the heat, increasing its potential for useful work. This exergy can be calculated using the Carnot efficiency, as
demonstrated in (3.1) (Hassanzadeh & Mansouri, 2005).

Exergy = Q (1 - M) (3.1)

ROUICE

Where Q is the amount of heat (kWh); Tampient is the ambient temperature (K); Tsource is the temperature of the
heat source (K).

As the heat in the case study is provided by a water-to-water heat pump and a water-to-water domestic hot
water heat pump, the heat demand is given in electric energy. First, the recovered heat is used to fulfil the
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demand for space heating. If any recovered heat is left, it is used to (partly) fulfil the domestic hot water heat
demand. To compare the thermal exergy value of the heat to the electric heat demand, the recovered heat is
divided by the COP of the water-to-water space heat pump or the water-to-water domestic hot water heat pump.
In the model, the COP is a constant value of 4 for the space heat pump and 2,5 for the domestic hot water heat
pump, (deltaWonen, 2024). The domestic hot water heat pump further heats the water from the space heat
pump. However, the COP of both heat pumps are, in reality, not constant over the year but depends on the
temperature of the water. However, as the ground level temperature, where the space heat pump is connected
to in the real-world situation, has been relatively stable over the year (Sakata et al., 2023), the constant COP
values are deemed acceptable.

3.3. Controller Selection

This section explains why model predictive control (MPC) is chosen as the control strategy for the system. The
system integrates various components such as PV panels, a PEM electrolyser, a PEM fuel cell, a daily battery,
a metal hydride storage, and devices covering heat and electricity demands. Coordinating all the different
subsystems while accounting for the time-dependent supply and demand, and component constraints requires
a control strategy that can handle multi-energy flows, decision logic and a forecast horizon. MPC is well suited
for this purpose, enabling optimisation over a prediction horizon while incorporating the system dynamics. To
implement this control strategy, Mixed-Integer Linear Programming (MILP) represents both the continuous
energy flows and the discrete decisions of turning components on and off.

3.3.1. Model Predictive Control

Model predictive control is used to model a process optimally while ensuring the constraints are satisfied. The
controller makes the optimal decision within the finite horizon; there is the receding prediction horizon and the
control horizon. The prediction horizon is the finite number of time steps that the controller can look into the
future. It uses the current inputs and the expected outputs to calculate the optimal control action for every
step within the prediction horizon. However, it can only take actions within the finite control horizon. For this
model, a receding horizon is used. This means that once a time step has been completed, the control action
is taken, and both the horizons shift ahead to the next time step to calculate the best control action for every
time step within the new prediction horizon, while only taking the control action within the control horizon.
Figure 3.5 shows the functionality of the MPC and the prediction horizon principle (Li Dai et al., 2012).
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Figure 3.5: MPC receding horizon principle (Li Dai et al., 2012)

The receding prediction horizon is set to be 24 hours, corresponding to the day-ahead price of the dynamic
electricity rate. While the dynamic electricity rate aspect is not included in the model, adding the dynamic
energy prices in future research makes sense. Therefore, a prediction horizon of 24 hours appears to be the most
logical. The effect of the 24-hour prediction horizon is best shown in one of the implementation checks in the
Appendix B. In this check, the prediction horizon is set to 1 hour; by doing so, the model is not able to look into
the future beyond the control horizon. The control horizon is set to be 1 hour; only the control action planned
for the next hour can be taken.
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Reasons why MPC, a control strategy-based model, is the best type of controller to use for this model (Banasiak
& Kienberger, 2024):

* Multi-variable Optimalisation: The system has many interacting components with different constraints
and dynamics. MPC is designed for multi-variable systems.

* Prediction of Future Demand and Generation: MPC uses a precision horizon, which is perfect for a
system when:

— A forecast for the supply and demand of the system is known.
- Anticipating on future supply and demand is required.

— Optimising over time. This is perfect with a system that needs to plan when to charge/discharge the
daily battery and the metal-hydride storage.

* Flexibility and Extensibility: MPC frameworks scale well and allow to:
— Add more constraints and states
- Modify the objective function
— Test different control strategies or scenarios.

MPC is ideal for a hybrid energy system because it can anticipate future conditions, handle complex constraints
and interactions, and optimise performance across multiple time steps and objectives.

3.3.2. Mixed-Integer Linear Programming

To perform the optimisation at each step, the mathematical problem must be formulated in a solvable way. This
is where mixed-integer linear programming (MILP) comes in. It provides a structured optimisation framework
that can handle both continuous variables (energy flows and storage levels) and discrete or binary decisions
(like turning on or off the electrolyser or fuel cell, or selecting between a low and a high setpoint) (Floudas &
Lin, 2005).

The formulation of this optimisation problem influences the quality of the results and the computational power
required to solve it. MILP was selected as the optimisation technique because of its suitability for this type of
problem, in particular due to the following advantages (Floudas & Lin, 2005):

¢ Ability to model discrete operational decisions: MILP can include binary variables to represent the
on/ off states of components and switch from setpoint, which are essential to capture the system behaviour.

¢ Efficient handling of linear constraints: The operational constraints of most components, such as
minimum and maximum power or storage capacities, can be expressed as linear inequalities. MILP can
efficiently solve these combinations of linear constraints.

* Deterministic and globally optimal solutions: MILP solvers are reliable and have robust control actions
because they ensure that a globally optimal solution will be found within a specified optimality gap.

* Scalability to complex systems: MILP solvers, can handle large-scale problems involving many constraints,
time steps and variables. This makes it suitable to use in combination with an MPC with a 24-hour
receding prediction horizon. In the model, Gurubi is used as the solver.

3.3.3. Assumptions controller
The list of assumptions used to create the controller is listed below:

* 24-hour prediction horizon: The prediction horizon is set to be 24 hours, which aligns with the day-ahead
electricity pricing data of the dynamic energy market. While the dynamic electricity rate aspect is not
included in the model, adding the dynamic energy prices in future research makes sense. Therefore, a
prediction horizon of 24 hours appears to be the most logical.

* One hour control horizon: The control horizon is limited to one hour, meaning that only the control
action determined for the next hour is implemented at each step.

e Simplified efficient modelling within the MPC: Within the MPC, the operation efficiencies of the
electrolyser and the fuel cell are approximated using linear interpolation between predefined breakpoints,
as can be seen in Figure 3.4. Outside of the MPC, the exact efficiency corresponding to the efficiency curves
represents a more detailed behaviour. This allows for minimisation of the computational power required
for the model, while preserving the accurate efficiency of the model.

3.3.4. Flow Diagram Controller

A flow diagram of the controller is presented in Figure 3.6 to provide a clear understanding of the system’s
architecture. Part of the process within the controller happens inside the MPC, while some processes happen
afterwards, outside the MPC. This is a trade-off between computing power and accuracy.
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Figure 3.6: Flow diagram controller

3.3.5. MPC Formulation
The goal of the MPC is to choose the lowest objective function possible. Therefore, selecting the right constraints
to the objective function that constrain the MPC where required is important, while leaving enough freedom for
the model to reach the best control action possible.

MPC Constraints

Constraints are added to ensure that the MPC does not break physical boundaries while trying to solve the
objective function with the lowest score possible. The following constraints have been added within the MPC:

¢ The storage level of both the daily battery and the metal hydride storage is constrained between the
minimum and maximum storage capacity.

¢ The electrolyser’s input power and the fuel cell’s output power are constrained between the minimum and

maximum power.

¢ The electrolyser and fuel cell can not be turned on simultaneously.

® The grid usage is limited to the maximum available grid capacity.
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MPC Objective Function

The objective function is a combination of several terms. Each term will be explained individually before being
combined as one objective function. The goal of the MPC is to minimise the objective function, and every term
of the objective function could be interpreted as a punishment for the MPC.

Grid Usage

The grid usage objective is calculated by multiplying the grid usage (in kW) during that hour by the weight
factor Agig. The penalty increases when more grid power is used. The same penalty applies to importing and
exporting electricity from and towards the grid. The equation is shown in (3.2).

Joria = Agria * |ugl (3.2)

Where Jgig (kW) is the grid-related objective, Agyig is the weight factor, and ug (kW) is the amount of grid usage
per hour.

Switching the Electrolyser and the Fuel Cell On and Off

The binary variable for both components is calculated by checking if the previous setpoint was smaller than €,
set to be 1%. For example, the model checks if the last electrolyser setpoint was off and if the electrolyser turns
on in the current hour, the binary deviation variable is set to 1. The equation can be found in (3.3). The objective
is to minimise the number of times the electrolyser or fuel cell is turned on or off within the prediction horizon.
The penalty is the same for turning on or off the component. The electrolyser and fuel cell have a separate
objective function in the model, which work similarly. The combined objective function can be found in (3.4).

alt] = {1 ifs[t] > ¢

0 otherwise
(3.3)
O[]

O[t]

a[t]—a[t—1] Vte{0,...,T-1}

>
>a[t-1]-a[t] Vte{o,...,T-1}

where a[t] €{0,1} is the active state of the component, s[t] €[0,1] is the setpoint of the electrolyser or fuel cell, ¢ is
the small threshold value, 6[t] €{0,1} is the on/off transition indicator respectively d¢i[f] for the electrolyser and
Ofc[t] for the fuel cell, A¢; and Ag are the associated weight factors.

T-1 -
]onﬁoff = Ael - Z 5el[t] + Afe 6fc[t] (3.4)
t=0

t=

_

Where Jon_off is the on/off transition-related objective, Ao and Ag are the weight factors for the electrolyser and
fuel cell, and 0¢[t] and 6¢[¢] are the corresponding on/off transition indicators at time step t.

Changing the Setpoint of the Electrolyser and Fuel Cell

The objective is to regulate the change in setpoint between hours for both the electrolyser and the fuel cell across
the prediction horizon. It minimises the cumulative absolute change in setpoint values between consecutive
time steps, including the transition from the previous time step (before the horizon) to the first time step within
the horizon. This is designed to reduce the total change in setpoint over the entire horizon. The equations are
shown in (3.5) and the objective function is shown in (3.6).

As[t]
As[t]

s[t]—s[t—1] Vte{o,...,T-1}

s[t —1]—s[t] Vte{0,...,T-1} (3.5)

=
=

Where s[t] €[0,1] is the setpoint of the electrolyser or fuel cell, and A; the magnitude of the setpoint change of
the electrolyser or fuel cell.

T-1
I, = An. D ASE] (36)
t=0
Where ], is the change in setpoint-related objective, A5, is the weight factor for change in setpoint for both the
electrolyser and the fuel cell, and A the magnitude of the setpoint change of the electrolyser or fuel cell.

Total Objective Function
The final objective function can be found in (3.7), which is the addition of all the individual objective functions.

]total = ]grid + ]on_off + ]AS (3'7)
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3.3.6. Calibration of Weight Factors

To make the controller behave as desired, it is important to calibrate the weight factors of every term in the
objective function. The weight factors have been calibrated by hand using trial and error. During this process,
the following criteria have been taken into account:

¢ The electrolyser and fuel cell have, in reality, a relatively high degradation when turning them on and off.
Therefore, the electrolyser and fuel cell are preferred to run for longer periods at a lower setpoint, instead
of operating at full power for a short period(Lu et al., 2023).

* The electrolyser and fuel cell have, in reality, a higher degradation when having great changes from
setpoints. Therefore, it is preferred to have the electrolyser and fuel cell running with relatively little
change in setpoint between subsequent hours. Nevertheless, the degradation is less than turning on and
off the electrolyser and fuel cell (Lu et al., 2023).

¢ The electrolyser and fuel cell tend to turn on when the metal hydride storage is full. As this occurs, the
system “wastes’ energy while not being punished (enough) for using the grid to export the power surplus.
This occurs when exporting to the grid is penalised more heavily than using the electrolyte and fuel cell.
To avoid this, it is essential to choose an appropriate weight factor for using the grid.

Following calibration, the final weighting factors applied are as follows: Agiq = 20, Aon_off_el = 130, Aon_off_fc =
190, and Ap, =74

3.3.7. MPC Control Actions
The control actions are the output of the MPC and the input for the next time step of the model. This is the
overview of the control action that the MPC has:

¢ Electrolyser setpoint
¢ Fuel cell setpoint
e Electricity grid import/ export

3.4. Verification Model

Verifying a model aims to find and fix modelling errors (Carson, 2002). First, an overview of the different
verification tests is presented in this chapter. The complete list of the verification checks can be found in
Appendix B.

Overview of verification checks:
* Data check: All the used datasets are checked for irregularities and errors.

¢ Data modelling check: All the datasets implemented from Excel into the model are checked to see if the
data conversion is done correctly. It also checks whether the uncertainty is correctly applied to the data.

* Boundary constraint check: Each component is checked if the boundaries are respected. This is done by
exceeding the boundaries in the input to see if the boundaries hold, and looking into the results to see if
any boundary is exceeded.

¢ Implementation checks of: Efficiency within and outside of MPC, startup, degradation, added uncertainty,
MPC objective function, prediction horizon and exergy heat. The expected workings of each of the
implementation checks are explained. Afterwards, the results are checked to see if they align with the
expected working method.

* Energy balance check: The inputs should be the same as the outputs and losses. However, many
components are involved in the system, which could result in losses due to modelling errors. An additional
goal of this check is to see whether a hand calculation corresponds to the model’s output.

In conclusion, all the verification tests have been verified.

3.5. Discussion

This section reflects on the assumptions and limitations of the current model.

Reflection on the Assumptions:

* No integration of dynamic energy prices: The assumption has the effect that was assumed beforehand.
The reduction in complexity was deemed useful, while the performance of the metal hydride can be
determined by the model. In future research, including the dynamic energy prices would be useful to be
able to include the economic aspect into the model.

* Battery degradation and efficiency losses not considered: The assumption has the effect that was assumed
beforehand. The reduction of the complexity was deemed useful. However, to make this simplification, to
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use the daily battery as an energy storage where all the energy streams come together, it was required
not to consider the efficiency losses. If the development of the model continues in the future, it would
be useful to directly use the possible energy and the daily battery to process the remaining energy. This
would allow for the implementation of efficiency and degradation of the daily battery. While it lowers the
overall efficiency of the model, it leads to a more accurate outcome.

* Neglect AC/DC conversion losses: This assumption only applies to the electricity from and towards the
grid. In retrospect, it would have been possible to implement the AC/DC losses, but it was chosen not to
implement the losses to keep the model simpler and focus on the other key aspects first. It is suggested to
include these losses in future work. Implementing it would increase the import of electricity from the grid
and decrease the amount of electricity exported to the grid.

¢ Uniform uncertainty distribution: The assumption has the effect that was assumed beforehand. However,
there are some disadvantages to this approach. The uncertainty is, in reality, not always between these
bounds, as the mean absolute error is used as input. Moreover, uncertainty typically increases with time,
rather than remaining constant across the production horizon. In retrospect, it would have been better to
use an uncertainty band that increases over the horizon, reaching the mean absolute error at the end of the
horizon.

¢ Electrolyser and fuel cell can not operate simultaneously: The assumption has the positive effect that
was assumed beforehand. It reflects the design constraint that the metal hydride can not be charged and
discharged simultaneously.

* Hydrogen pressures neglected: The assumption has the effect that was assumed beforehand. However, it
relies on the assumption that the electrolyser can reach the required pressures within the startup and that
the pressure during the desorption process is instantly high enough to provide the necessary pressure
to the PEM fuel cell. This assumption could neglect some delays during the operation of the system.
Therefore, it is suggested as future work.

* Heat recovery constrained to current hour: The assumption has the effect that was assumed beforehand.
Excluding the heat storage limits the system’s ability to heat the boiler when PV generation peaks or when
a high heat demand is forecasted within the prediction horizon. Including the heat storage would enhance
flexibility, especially in maximising the consumption of the PV generation. However, the current domestic
hot water demand profile is already the average demand of a group of households, rather than a single
household profile, which is already flattening the peak demand occurrences and reducing the impact of
this limitation. To further reduce the grid capacity required for export, it is suggested that this be included
in future work.

* Sufficient power capacity of heat pump and hot water booster: The assumption has the positive effect
that was assumed beforehand; it simplifies the model by avoiding sizing for peak power demand at every
timestep.

* Constant COP for heat pump and hot water booster: The assumption has the positive effect that was
assumed beforehand; both the liquid-to-liquid heat pump and hot water booster experience minor
temperature differences throughout the year. Therefore, it is justified to assume that the COPs are constant.

* Perfect heat exchangers: Although the assumption has the expected effect, the assumption is, in reality,
incorrect. In future research, including losses at the heat exchangers would be useful. This would lower
the amount of heat that can be recovered, but it will lead to a more accurate outcome.

* Steady-state assumption per time step: The assumption has the effect that was assumed beforehand.
Although in reality, the system is unlikely to remain in a steady state throughout each hour due to
intermittent PV production and unexpected events, it is necessary to reduce the complexity of the model.

* 24-hour prediction horizon: The assumption has the positive effect that was assumed beforehand. The
24-hour horizon is justified as it corresponds with the day-head. One of the verification checks, which can
be found in Appendix B, shows the positive effect that using the prediction has on the results.

* One hour control horizon: The assumption corresponds to the reality; it is not possible to do actions in
the future. Therefore, a control horizon of one hour is justified.

¢ Simplified efficient modelling within the MPC: The assumption to use breakpoints instead of the full
efficiency curve within the MPC has the effect assumed beforehand, significantly lowering the time
required to run the model. However, because the efficiency is calculated again outside of the MPC, using
the more detailed efficiency curve, it could result in a slight power difference, overwriting the storage
value of the daily battery and metal-hydride storage determined by the MPC. Ideally, these outputs are
not overwritten. Therefore, it is worth exploring whether only using the less accurate efficiency within
the MPC is sufficient. If deemed sufficient, it is possible to explore in future research if the process that
now occurs after the MPC can also be calculated inside the MPC. During this process, the trade-off with
calculating time should be considered.
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Limitations of the Model and Controller:

* Potential improvements on start date: By choosing 1 October as the starting date, right before the net
energy generation becomes negative, the positive surplus of energy of the first few days is not stored in
the metal hydride storage, because that is full from the start of the year. Starting on October 15th avoids
this issue by beginning during a negative net energy generation period, preventing the waste of an early
surplus of net energy. However, this approach overlooks the initial days when net energy generation
starts to become negative, potentially giving an overly optimistic impression. Therefore, the starting date
presents a trade-off between accurately representing the storage availability and avoiding energy losses.

* Improvements for space heat demand profile: The space heat demand profile that is used is for an average
household, not a highly insulated household. A highly insulated household would have a shorter period
in which space heat is required. As a result, this would increase the required space heat in the winter, as
now the same total annual demand is split over fewer hours.

* Variability in domestic hot water demand: The model uses a domestic hot water demand, which is
repeated for the same day for the entire year. In reality, the usage varies significantly due to seasonal
trends. As a result, this would increase the required domestic hot water demand in the winter and reduce
the domestic hot water demand in the summer.

* Linear degradation process: The degradation process is, in reality, not linear. For example, the degradation
of TiFe metal hydride is higher at the start of its lifetime. This results in an overestimation at the beginning
and an underestimation at the end of its lifetime (Hou et al., 2025).

* Different parameters within total objective function: The objective function that is used uses different

parameters that do not have the same unit; therefore, it is impossible to compare one value directly to
another. That is why another method has been explored to address this limitation. This method only
used the degradation of the electrolyser and fuelcell for the objective function, where degradation was
applied for having a low or high setpoint, the amount of change of the setpoint between the hours and
the amount of degradation when turning the component on or off. As they all use degradation, it was
possible to directly compare them in the objective function. However, this resulted in the electrolyser and
fuel cell never being used, as the daily battery and grid capacity are sufficiently large, and there is only a
punishment and no stimulation in the objective function.
That is why the original approach is still valid to use. Even though the parameters in the objective function
have different units and cannot be directly compared, they represent different priorities in the system.
By assigning appropriate weight factors, a trade-off can be made between these aspects. This makes it
possible to guide the optimisation meaningfully, even if the terms are not physically comparable.

3.6. Conclusion

In this chapter, a systematic framework has been presented to create a model and optimise the control of the
seasonal energy balance system, consisting of a daily sodium-ion battery, a PEM electrolyser, a TiFe metal
hydride, a PEM fuel cell and an exergy-based heat recovery. The components are modelled as a black box,
incorporating characteristics such as efficiency, startup, maximum flow rate, and degradation effects.

Model predictive control has been selected as the control strategy of the model because of its ability to handle
multi-variable optimisation problems, make use of the prediction horizon to anticipate future supply and
demand, and the MPC framework is flexible. The MPC framework can be extended to include additional
constraints, states, or alternative strategies.

The objective function minimises the usage of the grid, penalises switching on and off the electrolyser and fuel
cell, and changing the setpoint of the electrolyser or fuel cell. Weight factors have been applied to each term,
allowing calibration of the model to reflect the system’s priorities.

While several simplifications were made to reduce the complexity of the model, including the steady state
assumption, excluding the dynamic energy prices, and excluding the heat storage. The model remains effective
for evaluating the performance of the seasonal metal hydride storage. The impact of these assumptions is
assessed in the discussion, and various opportunities for future improvement have been identified.

This approach provides a structured foundation for evaluating the results of the metal hydride seasonal energy
storage solution.



Results

This chapter will present the results of the developed model. First, the yearly results of the 10-year average
dataset and the test dataset will be presented and discussed in section 4.1. This is followed by the result of the
Extreme cases in section 4.2.

4.1. Results Year Model

First, the results obtained using the training dataset are presented. This training data represents the average
values over ten years. Subsequently, the model is evaluated using data from two individual years: 2013 and
2015. These years were selected because complete individual data sets are available for both.

4.1.1. Results Average Ten Year Dataset
The average dataset has been used to calibrate the weight factors that are used in the objective function.

Net Energy Usage

Figure 4.1 shows the daily energy balance. The blue line represents the PV panel supply, the green line represents
the total heat demand, and the orange line represents the electricity demand. The black line is the total sum of
the energy supply and demand, the daily net energy. The horizontal axis represents time, and the vertical axis
represents energy usage (kWh). It includes both positive and negative values, with the zero line located about
one-quarter from the bottom of the graph.
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Figure 4.1: Daily energy balance average ten-year dataset

The net energy becomes negative in October, reaching its lowest values in December and January. It turns
positive again in March, after which the daily net energy gradually increases, peaking around June. From
August onwards, a decline in net energy is observed.

It is important to note that the area under the daily net energy curve with negative values represents the amount
of energy that must be supplied by the metal hydride storage system, assuming the storage capacity is sufficient
to meet the entire demand. On the other hand, the area where the daily net energy is positive corresponds to
the amount of energy that can be stored in the metal hydride system. However, a significant amount of energy
is still lost due to the conversion of electricity to hydrogen and vice versa. Therefore, a positive daily net energy
area should be substantially greater than the negative area to compensate for these conversion losses.

Hydrogen Storage Level in Metal Hydride

In Figure 4.2, it can be seen that from the moment at which the net energy (in Figure 4.1) becomes negative, the
seasonal metal hydride storage starts to be used. The metal hydride storage is empty after 22 days, around the
start of November. Please note that the most energy-demanding months (December and January) are still ahead
of that moment in time.

27
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In March, the net energy becomes positive again, allowing the metal hydride storage to recharge. After 32 days,
the metal hydride storage is full. From that moment on, the energy surplus must be exported back to the grid.
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Figure 4.2: Daily metal hydride storage level average ten-year dataset

Electrolyser Input and Fuel Cell Output Power

Figure 4.3 correlates with Figure 4.2, illustrating the relationship between the metal hydride storage and the use
of the electrolyser and fuel cell. The fuel cell was used for 500 hours until the metal hydride storage was fully
discharged, and the electrolyser operated for 727 hours to recharge the metal hydride.
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Figure 4.3: Hourly electrolyser input and fuel cell output average ten-year dataset

As the hydrogen storage was full at the start and finish of the year, it is possible to compare the average efficiency
of the seasonal energy storage system. The electrical energy put into the electrolyser was 6.4 MWh, and the
total energy in the form of hydrogen produced was 4.7 MWh, resulting in an average efficiency of 73,9% for the
electrolyser. The total amount of hydrogen the fuel cell used was 4.7 MWh, and the total amount of electrical
energy produced was 2.7 MWh, resulting in an average efficiency of 57.9% for the fuel cell. Additionally, 235
kWh of hydrogen did not react in the fuel cell. The total combined average efficiency of the seasonal energy
storage system was 48.7% (excluding use of recovered heat).

Heat Recovery

In total, the electrolyser, fuel cell and absorption process produce 3.4 MWh of usable waste heat (already
excluding internal losses). However, when this heat is converted to its exergy equivalent and the heat required
for the desorption process is subtracted, only 381 kWh is available to reduce the heat demand.

The fuel cell produced 223 kWh of exergy, 77 kWh of which was used to provide the required heat to the
desorption process. All of the 381 kWh of thermal exergy produced through heat recovery could be reused.
In total, 381 kWh was used to reduce the space heating demand. Only 0.5 kWh of exergy remained, spread
over five moments during the year, which could contribute to reducing the domestic hot water demand. This
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occurred in mid-April when the electrolyser’s power output was at its peak.

When taking into account the heat recovery, the average efficiency of the seasonal energy storage system is
increased to 48.7%.

Degradation of components
The electrolyser, metal hydride and fuel cell experienced degradation when in operation. In total, the electrolyser
degraded for 0.1%, the metal hydride for 0.04% and the fuel cell for 0.2%.

Electricity Import and Export From the Grid

In Figure 4.4, it can be seen that in October and half of March to half of April, the metal hydride storage is
used. All the remaining electricity needs to be delivered by the grid from November to mid-March, with a peak
electricity import of 15.1 kW and a total grid import of 35.2 MWh. Similarly, the electricity surplus needs to be
exported to the grid from mid-April till the end of the year in October, with a peak electricity export of 31.0 kW
and a total export of 58.0 MWh. Both are staying under the maximum grid capacity of 40 kW.
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Figure 4.4: Hourly import and export of the grid average ten-year dataset

4.1.2. Results Test Data Set 2013

Net Energy Usage 2013

Figure 4.5 shows the daily energy balance. The blue line represents the PV panel supply, the green line represents
the total heat demand, and the orange line represents the electricity demand. The black line is the total sum of
the energy supply and demand, the daily net energy. The horizontal axis represents time, and the vertical axis
represents energy usage (kWh). It includes both positive and negative values, with the zero line located about
one-quarter from the bottom of the graph.

Daily Energy Balance

1200 1 o Daily electricity supply PV panels
Daily electricity demand | [
10001 Daily heat demand (space heating and DHW) !’\- l
-4 Daily net ener e
800 | y 9y | “5
= 6004 7
2 i
X o
P 400 4
g '\ !
S 2001 e ™
z U (a1
01 % Uy ‘
—200 y ;&' U4
v \- X "
—400 1 ‘W

Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct
Date

Figure 4.5: Daily net energy usage 2013

The net energy becomes negative in October, reaching its lowest values in December and January. It turns
positive again in March, after which the daily net energy gradually increases, peaking around June. From July
onwards, a decline in net energy is observed.
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The difference between 2013 and the average ten-year dataset is that there are more spikes and jumps throughout
the year, mainly due to the electricity supply from PV panels. This is logical as this is the data of one individual
year instead of an average of ten years of data. This creates greater differences in the daily net energy generation
and even dips into the negative a few times during the year, with the most significant dip around mid-May.

Hydrogen Storage Level in Metal Hydride 2013

In Figure 4.6, it can be seen that from the moment at which the net energy (in Figure 4.5) becomes negative, the
seasonal metal hydride storage starts to be used. During the peak of the net energy at the end of October, it can
be seen that the use of the metal hydride storage is temporarily paused. The metal hydride storage is empty
after 25 days. In March, the net energy becomes positive again, allowing the metal hydride storage to recharge.
After 34 days, the metal hydride storage is full. From that moment on, the energy surplus needs to be exported
back to the grid. During the charging of the metal hydride, there are a few moments when hydrogen is used to
power the fuel cell, when the net energy dips below zero.
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Figure 4.6: Daily metal hydride storage level 2013

Electrolyser Input and Fuel Cell Output Power 2013
The fuel cell was used for 594 hours until the metal hydride storage was fully discharged, and the electrolyser
operated for 598 hours to recharge the metal hydride.

The electrolyser usage is especially intermittent when compared to the ten-year average data, with relatively
higher setpoints. This makes sense as it relates to the PV panel supply, which is more intermittent in a year.

In March and April, there are four moments when the fuel cell is used. The use of the fuel cell at these moments
is justified as they correspond to moments when the net energy dipped below zero, as seen in subsection 4.1.2.
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Figure 4.7: Hourly electrolyser input and fuel cell output power 2013

The electrical energy put into the electrolyser was 7.2 MWh, and the total energy in the form of hydrogen
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produced was 5.2 MWh. Resulting in an average efficiency of 72,7% for the electrolyser. The total amount of
hydrogen that the fuel cell used was 5.2 MWh, and the total amount of electrical energy produced was 3.0 MWh,
resulting in an average efficiency of 57.7% for the fuel cell. Additionally, 275 kWh of hydrogen did not react in
the fuel cell. The total combined average efficiency of the seasonal energy storage system was 42,0% (excluding
use of recovered heat).

Heat recovery

In total, the electrolyser, fuel cell and absorption process produce 3.8 MWh of usable waste heat (already
excluding internal losses). However, when this heat is converted to its exergy equivalent and the heat required
for the desorption process is subtracted, only 482 kWh is available to reduce the heat demand.

The fuel cell produced 256 kWh of exergy, 88 kWh of which was used to provide the required heat to the
desorption process. All of the 482 kWh of thermal exergy produced through heat recovery could be reused. In
total, 458 kWh was used to reduce the space heating demand, and 24 kWh was used to reduce the domestic hot
water demand.

When taking into account the heat recovery, the average efficiency of the seasonal energy storage system is
increased to 48.6%, 0.1% lower compared to the ten-year average dataset.

Degradation of Components
The electrolyser, metal hydride and fuel cell experienced degradation when in operation. The electrolyser
degraded for 0.1%, the metal hydride for 0.04%, and the fuel cell for 0.2%.

Electricity Import and Export From the Grid 2013

In Figure 4.8, it can be seen that the metal hydride storage is used in October and from mid-March to mid-April.
All the remaining electricity needs to be delivered by the grid from November to mid-March. With a peak
electricity import of 16.8 kW, with a total grid import of 35.2 MWh. Similarly, the electricity surplus needs to be
exported to the grid from mid-April till the end of the year in October, with a peak electricity export of 55.3 kW
and a total export of 57.4 MWh. This does not meet the requirement to stay below 40 kW of network capacity.
However, it is technically feasible to turn off part of the PV panels when exceeding the 40 kW limit of the grid
capacity. Nevertheless, 1.7 MWh, 1.3% of the total annual PV production, is curtailed this way.
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Figure 4.8: Hourly import and export of the grid 2013

4.1.3. Results Test Data Set 2015

Net Energy Usage 2015

Figure 4.9 shows the daily energy balance. The blue line represents the PV panel supply, the green line represents
the total heat demand, and the orange line represents the electricity demand. The black line is the total sum of
the energy supply and demand, the daily net energy. The horizontal axis represents time, and the vertical axis
represents energy usage (kWh). It includes both positive and negative values, with the zero line located about
one-quarter from the bottom of the graph.

In October, the net energy becomes negative, gradually lowering until reaching its lowest value at the end of
January. It turns positive again in March, after which the daily net energy gradually increases, peaking around
June. From June onwards, a decline in net energy is observed.

As with the results of 2013, there are more spikes and jumps throughout the year compared to the test data.
This creates greater differences in the daily net energy generation and even dips into the negative a few times
during the year, with the most significant dip around mid-May.
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Figure 4.9: Daily net energy usage 2015

Hydrogen Storage Level in Metal Hydride 2015

In Figure 4.10, it can be seen that from the moment at which the net energy (in Figure 4.9) becomes negative, the
seasonal metal hydride storage starts to be used. The metal hydride storage is empty after 17 days. In March,
the net energy becomes positive again, beginning to recharge the metal hydride storage until the net energy has
two dips and discharges the metal hydride again. Afterwards, from April onwards, it takes 22 days to recharge
the metal hydride storage fully. From that moment on, the energy surplus needs to be exported back to the grid.
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Figure 4.10: Daily metal hydride storage level 2015

Electrolyser Input and Fuel Cell Output Power 2015

The fuel cell, see Figure 4.11, was used for a total of 468 hours until the metal hydride storage was fully
discharged, and the electrolyser operated for 790 hours to recharge the metal hydride.

The electrolyser usage is especially intermittent compared to the training data, with relatively higher setpoints
than the test data. This makes sense as it relates to PV panel supply, which is more intermittent in a single year.

In March, there were two moments when the fuel cell was used. The use of the fuel cell at these moments is
justified as they correspond to moments when the net energy dipped below zero, as seen in subsection 4.1.3.

The electrical energy put into the electrolyser was 8.0 MWHh, and the total energy in the form of hydrogen that
the electrolyser produced was 5.8 MWh, resulting in an average efficiency of 73.2% for the electrolyser. The total
amount of hydrogen the fuel cell used was 5.8 MWh, and the total amount of electrical energy produced was 3.2
MWh, resulting in an average efficiency of 56.2% for the fuel cell. Additionally, 291 kWh of hydrogen did not
react in the fuel cell. The total combined average efficiency of the seasonal energy storage system was 41.1%
(excluding the use of exergy heat).
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Figure 4.11: Hourly electrolyser input and fuel cell output power 2015

Exergy Reuse

In total, the electrolyser, fuel cell and absorption process produce 4.2 MWh of usable waste heat (already
excluding internal losses). However, when this heat is converted to its exergy equivalent and the heat required
for the desorption process is subtracted, only 531 kWh is available to reduce the heat demand.

The fuel cell produced 322 kWh of exergy, 103 kWh of which was used to provide the required heat to the
desorption process. All of the 531 kWh of thermal exergy produced through heat recovery could be reused. In
total, 512 kWh was used to reduce the space heating demand, and 19 kWh was used to reduce the domestic hot
water demand.

When taking into account the heat recovery, the average efficiency of the seasonal energy storage system is
increased to 47.8%, 0.9% lower compared to the ten-year average dataset.

Degradation of Components
The electrolyser, metal hydride and fuel cell experienced degradation when in operation. In total, the electrolyser
degraded for 0.2%, the metal hydride for 0.05% and the fuel cell for 0.2%.

Electricity Import and Export From the Grid 2015

In Figure 4.12, it can be seen that during the majority of October and from March to April, the metal hydride
storage is used. All the remaining electricity needs to be delivered by the grid from November to March. With a
peak electricity import of 15.9 kW, with a total grid import of 35.2 MWh. Similarly, the electricity surplus needs
to be exported to the grid from the end of April till the end of the year in October, with a peak electricity export
of 46.9 kW and a total export of 57.0 MWh. This does not meet the requirement to stay below 40 kW of network
capacity. However, it is technically feasible to turn off part of the PV panels when exceeding the 40 kW limit of
the grid capacity. Nevertheless, 426 kWh, 0.3% of the total annual PV production, is curtailed this way.
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Figure 4.12: Hourly import and export of the grid 2015
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4.1.4. Discussion Year Result
This section will discuss the model’s results for the year.

The current metal hydride seasonal energy storage system is not large enough to meet the full energy
demand during winter. However, its capacity makes it well suited to be used as a buffer, for example,
during a dunkelflaute. The current model starts using the metal hydride storage once the net energy
generation becomes negative. This way, the metal hydride storage can provide a minimum of 17 days in
October until it is empty, and 22 days to recharge it in April.

When comparing the positive daily netto energy area to the negative daily netto energy area, while taking
the efficiency losses from the electrolyser and fuel cell into account, it can be seen that the PV production
is too little to recover all the energy the system has used.

Due to the storage capacity of 380 kW, the daily battery is the component that proves to be beneficial. Its
storage capacity is big enough to act as an energy buffer all year round, even if the seasonal energy storage
is not included. However, it would be interesting to see what the minimum size of the daily battery can be.

Both the test datasets pass the criteria set for calibrating the weight factors in subsection 3.3.6. Hence, it
can be concluded that the calibration of the weight factor by hand has been done correctly.

Although the ten-year average training dataset has different normalised input data than the individual
year test data, the total annual supply or demand, given by deltaWonen, is the same for all three. In reality,
the annual supply and demand are not the same for every year and are related to the input data. However,
as only normalised input data is available, this is not possible to implement.

The degradation of the metal hydride is low, as it is effectively only used for two complete cycles during each
year. In future research, it is worth exploring other types of metal hydride that have higher degradation
while also offering a higher volumetric energy density. This could lower the spatial requirement of the
metal hydride while maintaining the required level of reliability.

A way of lowering the required grid capacity beyond the limit of 40 kW is by reducing the number of PV
panels. This reduces the peak production of the PV panels during the summer, while the relatively small
change in the PV panel production in the winter can be compensated for by an increase in the relatively
low grid demand in the winter. Reducing the number of PV panels from 300 to 250 in the years 2013 and
2015 lowers the required grid capacity to 38.3 kW and 30.3 kW, respectively. For 2013, this reduction is
illustrated in Figure 4.13. However, this increases the reliance on the external energy from the electrical
grid. This would result in the case study not reaching its goal of being 80% autarkic.
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Figure 4.13: Hourly import and export of the grid (250 PV panels) 2013

4.1.5. Conclusion Year Result

The model results have been evaluated using the ten-year average dataset and two individual years (2013 and
2015). Overall, the results show that the metal hydride storage falls short as a seasonal energy storage, as the
storage is empty around roughly two to three weeks after the net energy becomes negative. On the other hand,
it still proves a robust buffer during dunkelflaute. Across all cases, the electrolyser achieves an average efficiency
between 72% and 74% and the fuel cell at between roughly 56% and 58% efficiency. Together, the round-trip
efficiency of the metal hydride storage is around 41% to 43%, rising to 47.5% to 48.3% when including the use of
heat recovery.
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The result of the training data never exceeded the maximum grid capacity of 40 kW. In case of the test data,
the electricity exported to the grid occasionally surpassed 40 kW. This issue can be solved by turning off some
PV panels during those hours. But due to this, about 0.3% to 1.3% of the annual PV production is curtailed.
Most importantly, the demand for grid imports never exceeded 40 kW. Another way of not exceeding the grid
capacity is by reducing the number of PV panels.

Due to the reasonably small amount of operation hours, the component degradation proved to be minor, with
the electrolyser losing about 0.3% to 0.4% of capacity, the metal hydride around 0.04% to 0.05%, and the fuel cell
about 1.4% to 1.8% over the year. This supports the longevity of the system.

4.2. Results Extreme Cases
In this section, the results of extreme cases are presented and discussed. The results of one year of data might
not cover the possible extreme cases that the model needs to be able to handle. That is why, in this section,
multiple possible extreme cases are put to the test. The most important extreme cases are presented in this
chapter. The complete list of extreme cases can be found in Appendix C.
Overview of types of extreme cases:
1. Maximum and minimum PV generation
Maximum and minimum net energy
Degradation of components
Removing components (only daily battery, metal hydride system or grid)
Off-grid system

AN

6. Grid power outage

For all extreme cases, the data of 2013 is used, because this year presented the relatively most extreme differences
throughout the year. Additionally, for all the extreme cases the the most extreme day of the year is selected
and is repeated for 14 days in a row. This has been determined by the number of days without sun in the
Netherlands, which is 14 days, measured in 1959 (NU.nl, 2024).

2. Maximum and minimum demand

Case 5: Maximum net energy surplus in the summer, starting with empty metal hydride

The day with the maximum sum of net energy surplus was measured on the 2nd of June. As can be seen in
Figure 4.14, it takes 230 hours to charge the metal hydride storage. In Figure 4.15, it can be seen that from the
moment the metal hydride storage is full, the surplus of electricity is exported to the grid. This results in a
required grid capacity of 54.2 kW.
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Figure 4.14: Extreme case 5: Maximum net energy surplus in the

Figure 4.15: Extreme case 5: Maximum net energy surplus in the
summer - Hydrogen storage per hour

summer - Grid usage per hour

Case 7: Minimum net energy demand in the winter, starting with full metal hydride
The day of the year with the minimum net energy demand in the winter is the 19th of January; in total, there
was a shortage of 399 kWh of net energy.

As can be seen in Figure 4.16, it takes 185 hours to discharge the metal hydride storage. However, about 0.1
MWh of hydrogen is stored until hour 312, which is the hour when the prediction horizon has the last 24 values
within the horizon. From the moment the metal hydride storage is empty, the grid starts to be used again,
resulting in a required grid capacity of 16.9 kW.
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Figure 4.16: Extreme case 7: Minimum net energy demand in the winter - Hydrogen storage per hour

3. Degradation of components

Case 8: Degradation of components

The lifetime of the PEM electrolyser, metal hydride, and PEM fuel cell is finite in the model due to degradation.
However, the moment that each component reaches its end of life is different.

The end of life for the PEM electrolyser is reached when degraded by 10% (U.S. Department of Energy, 2023). It
takes 52631 hours of operation until the electrolyser reaches the end of its life.

The end of life for the PEM fuel cell is reached when degraded by 10% (Wu et al., 2008). It takes 25000 hours of
operation until the fuel cell reaches the end of its life.

The higher the degradation, the lower the efficiency of the electrolyser and the fuelcell. Therefore, more energy
is required as input to reach the same output. To make a better estimation of the operational hours when the
system is at the end of its life, a run will be done with the degraded starting values for all the components (using
the average ten-year data). The average number of operational hours of the first and last years of operation will
be taken to determine the average number of operational hours per year. The results can be seen in Table 4.1

Operation hours: no degradation | Operational hours: max degradation | Average hours
Electrolyser 500 699 600
Fuel cell 727 385 556

Table 4.1: Operational hours without degradation and with full degradation

This results in a lifetime of 87 years for the electrolyser and 44 years for the fuel cell before the components are
degraded past their end of life.

The end of life for the TiFe metal hydride is reached when degraded by 20% (L. Zhang, 1998). It takes 1176
cycles until the metal hydride reaches the end of its life. It experiences two full cycles in a year, taking 588 years
of use until the metal hydride is fully degraded.

This lifetime expectancy is very long. However, the effect values for degradation are determined by the use of a
system that runs for more hours during the year. When running this little hour during the year, calendar time
degradation becomes more important, and it involves aspects such as corrosion and membrane drying.

4. Removing components

Case 9: Awvailable component: grid

The metal hydride storage is set to 0 kWh capacity and the daily battery to 0.001 kW capacity, because setting it
to 0 causes decision by zero errors in the model.

In Figure 4.17, it can be seen that the peak of the electricity import is 36.6 kW, with a total grid import of 68.6
MWh. The peak export to the grid is 122.1 kW, with a total export of 95.1 MWh.
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Figure 4.17: Extreme case 9: Available component: grid - Grid level per hour

Case 10: Available component: daily battery

The year starts with a full daily battery; to be able to do so, the year needs to start on the 15th of October (instead
of the 1th of October), as there is a surplus of net energy at the start of October, that can’t be stored in the metal
hydride or sent to the grid. For the system to sustain over the years of using the system, the daily battery should
be fully charged at the end of the year.

Remember that a minimalistic version of the daily battery was used in the model, as there are no efficiency
losses. Additionally, the self-discharge losses are not taken into account. Therefore, the outputs of this extreme
case do not correspond to a real case, but show the extreme case of the model.

As a result, 239 PV panels are required instead of 300, and a 41.9 MWh capacity for the daily battery. In
Figure 4.18, the daily battery level over the year is shown.
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Figure 4.18: Extreme case 10: Only using the daily battery - Battery storage per day

Case 11: Available component: metal hydride

The year starts with a full metal hydride; to be able to do so, the year needs to start on the 15th of October, as
there is a surplus of net energy at the start of October that can’t be stored in the metal hydride or sent to the grid.
For the system to sustain over the years of using the system, the metal hydride storage should be full at the end
of the year.

It is not possible in the model to set the daily battery capacity to 0 kWh; 20 kWh is the minimum battery capacity
that is required for the model to not result in an error in this extreme case.

As the grid is unavailable, the electrolyser power should be increased to 167 kW to match the maximum net
energy generation. The fuel cell power should be increased to 26 KW to match the most negative net energy
value.

As a result, a 63.0 MWh metal hydride storage is required. In total, 8.3 20-ft containers are required for the
storage of the metal hydride. In Figure 4.19, the daily metal hydride storage level over the year is shown.
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Figure 4.19: Extreme case 11: Available component - Metal hydride per day

5. Off-grid system

Case 12: Off-grid system

The year starts with a full metal hydride; to be able to do so, the year needs to start on the 15th of October, as
there is a surplus of net energy at the start of October that can’t be compensated for by the grid.

In case there is no grid available, the metal hydride storage should be large enough to cover the entire net energy
demand with the metal hydride storage and be able to recharge the metal hydride storage back to full again, to
be ready for next year. This is calculated by changing the metal hydride’s size and the number of PV panels,
as the original number of PV panels is insufficient to charge the metal hydride storage to full again. This is
required for the system to sustain over the years of using the system.

This results in an increase of the size of the metal hydride storage from 4.8 MWh to 60.8 MWHh, as can be seen
in Figure 4.20. In total, 8.1 20-ft containers are required for the storage of the metal hydride. Additionally, an
increase of PV panels from 300 to 346 is required to fill the metal hydride storage back up to full again at the end
of the year. The electrolyser power must also increase from 40 kW to 74 kW to handle peaks in the solar power
and prevent the daily battery from exceeding its upper limit.
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Figure 4.20: Extreme case 12: Off-grid system - Metal hydride storage per day

4.2.1. Discussion Extreme Cases
This section will discuss the results of the extreme cases.

* The calibration is not always sufficient when testing the extreme cases. For example, in extreme case 5, the
electrolyser is not turned off during the run; instead, the controller imports electricity at night to keep
the electrolyser running, as can be seen in Figure 4.15. However, in an optimal situation, the electrolyser
would shut down in the evening. This shows that in some extreme cases, the calibration of the model is
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not optimal.

* The current metal hydride seasonal energy storage system is not large enough to meet the full energy
demand during winter. However, in extreme case 7, it is concluded that the metal hydride storage provides
a sufficient backup for up to a week (185 hours) in the winter with the lowest net energy generation.
However, this is different to the way that the model is implemented. In the current version of the model,
the metal hydride storage starts to be used when the net energy generation becomes negative.

* In extreme case 7, the metal hydride is completely used. However, the last 0.1 MWh of the metal hydride
is saved and only used as the last 24 hours of the run are within the prediction horizon. This indicates that
the model predictive control conserves energy to satisfy the final 24 hours of its prediction horizon, rather
than using all available storage earlier when it might be more beneficial.

* In extreme case 8, it was found out that due to little use of the components over the year, the expected time
before the components fully degrade and reach their end of life is not an accurate representation of the
real situation. Because degradation is not solely driven by operational use, calendar time ageing also plays
arole. This involves aspects such as corrosion and membrane drying.

* In extreme case 9, it was found out that when only using the grid in the model, a grid capacity of 112.1 kW
is required. However, what should be kept in mind is that the model adds all the supply and demand up
to one net energy per hour, which already balances out the peaks that occur within the hour. In normal
operation, this effect is handled by the daily battery, as it can absorb the fluctuations. However, this effect
does not occur in reality when relying solely on the grid. Therefore, the model may underestimate the
actual peak of the grid.

4.2.2. Conclusion Extreme Cases
This chapter has explored a range of extreme scenarios to test the limits of the model system.
The key findings are:

* In extreme case 7, where the minimum net energy demand in the winter is tested, it takes 185 hours (a bit
less than 8 days) to discharge the metal hydride fully.

* Extreme case 8: The operation degradation of the components does not fully cover the total degradation of
the component, as its total use over the year is limited and constrained to a particular part of the year. To
better match reality, calendar time degradation should be taken into consideration.

¢ When only using one of the three components, in extreme cases 9, 10 and 11, the size of the components
drastically increases.

— Extreme case 9: When only using the grid, the grid capacity should be increased to 122.1 kW.

— Extreme case 10: The capacity should be increased to 41.9 MWh when only using the daily battery.
Remember that a minimalistic version of the daily battery was used in the model, as there are no
efficiency losses. Additionally, the self-discharge losses are not taken into account. Therefore, the
outputs of this extreme case do not correspond to a real case but show the extreme case of the model.

— Extreme case 11: When only using the metal hydride, the capacity should be increased to 63.0 MWh,
requiring a volume corresponding to the equivalent of 8.3 20-ft containers. Additionally, the number
of PV panels should be increased from 300 to 426.

¢ In case of an off-grid application in extreme case 12, the grid can not be used. This results in a required
metal hydride storage of 60.8 MWHh, corresponding to the equivalent of 8.1 20-ft containers.



Feasibility

Besides the performance of metal hydride as a seasonal energy storage solution, it is also essential to consider
other factors. These include safety, economic viability, reliability, spatial, and environmental feasibility, all of
which contribute to determining the overall feasibility of the system.

5.1. Safety Feasibility

Safety is always crucial to take into account, especially in the built environment. Each component presents
unique challenges to ensure the safety of the total system. Therefore, the following sections will explore the
safety hazards of the different components.

This section compares the safety hazards of the system with those of other hydrogen storage technologies. The
safest alternative would be to install electrical cables capable of handling the system’s full supply and demand.
However, this is not directly possible in most cases. In such cases, hydrogen presents an attractive alternative
because it is a clean energy carrier that ranks among the best regarding seasonal energy storage capacity.

Hydrogen is highly flammable and has a flammability range in the air between 4 and 75%, and a detonation
range of 18% to 59% (Dagdougui et al., 2018). Furthermore, detecting a hydrogen flame without a special sensor
is hard, as hydrogen flames are invisible and odourless. Lastly, hydrogen is the lightest element, allowing it to
rise and disperse quickly in open air. This can be beneficial outdoors, but problematic in non-ventilated confined
spaces. This makes the storage of hydrogen one of the biggest challenges in working with hydrogen, as hazards
in storage related to leaking and ventilation may result in a hydrogen-air mixture that could ignite (Najjar, 2013).
Hydrogen leak sensors and ventilation are essential in mitigating safety risks. Additionally, pressure-release
valves prevent the possibility of overpressurising the system.

PEM Electrolyser and Fuel Cell

The PEM electrolyser and fuel cell have the same safety concerns. The primary safety concern is gas crossover.
This is the flow of the oxygen side of the membrane to the hydrogen side and vice versa, creating an extremely
reactive hydrogen and oxygen gas mixture that could ignite. This can happen due to membrane thinning, the
membrane’s degradation, or a hole created due to faulty operation. For example, a short circuit could make a
hole in the membrane. Therefore, mitigating the risk of crossover is essential to ensure the optimal function and
integrity of the PEM electrolyser and fuel cell stack (Ubale et al., 2025). This can be mitigated by incorporating
reinforced layers into the membranes. This enhances the durability, but at the cost of increasing the ohmic and
charge-transfer resistance (Kodir et al., 2024).

Other safety concerns are (Norazahar et al., 2024):

¢ Small leaks of hydrogen via the stack or imperfect sealing. Even small hydrogen leaks can be hazardous
due to the low ignition energy and wide flammability range.

e High voltage, electrical short circuits or discharges. PEM electrolysers and fuel cells operate at stack
voltages of up to several hundred volts. Inadequate insulation can lead to a short circuit.

¢ Thermal hazard, improper thermal management can lead to overheating of the components and cause
surfaces to heat up.

Metal Hydride

Metal hydrides are an inherently safer way of storing hydrogen than compressed gas or liquid hydrogen
storage because of their low temperature and low pressure storage requirements (Srinivasan & Demirocak,
2017). The pressure is increased up to a maximum of 40 bar solely during the absorption process. During the
desorption process, the temperature is increased to a maximum of 60 °C. According to (Kukkapalli et al., 2023),
"Metal hydrides are generally considered a safe storage option because they do not release hydrogen gas unless
subjected to specific conditions, such as high temperatures or pressures. This reduces the risk of explosions
and fires." This gives safety advantages over gas and liquid storage methods. The improved safety arises from
hydrogen being chemically bound and stored in its atomic form rather than its molecular state (Nguyen &
Shabani, 2021).

To prevent the release of hydrogen during storage, the temperature of the metal hydride is actively controlled.
The control system of the metal hydride should prevent the metal hydride from overfilling and surpassing
the saturated hydrogen concentration. Therefore, the pressure in the metal hydride tank is lowered to the

40
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equilibrium pressure after the absorption process is finished (Yang et al., 2010). The equilibrium pressure of TiFe
at 25 °Cis 2.7 bar (M. V. Lototskyy et al., 2014). In case the active temperature control fails, and the temperature
increases, the equilibrium pressure increases. If the surrounding pressure gets below the new equilibrium
pressure, the hydrogen will begin to desorb and increase the internal pressure. The desorption continues
as long as the gas pressure equals the new equilibrium pressure, at which the desorption stops (Nguyen &
Shabani, 2021). To ensure the safety of the system in case of an extreme situation, there are pressure release
valves installed on the metal hydride tank that are designed to open if the pressure within the tank exceeds the
maximum allowable pressure.

The research of Rosino Messa (Rosino Messa et al., 2024) uses a 20-ft container that contains up to a total of 40 kg
of hydrogen stored in TiFe metal hydride at less than 50 bar and less than 100 °C. The metal hydride storage in
the case study of Deltawonen stores up to 145 kg of hydrogen. Unfortunately, information on the size of the case
study is not provided.

The research started with identifying the scenarios of potential risk in a TiFe metal hydride storage tank, after
which a risk assessment was conducted, and a consequence analysis was done of the identified risks. The two
worst-case scenarios with the highest safety distances are presented.

The first scenario is the explosion inside the metal hydride tank due to an air-hydrogen mixture. Due to the use
of the metal hydride in the form of pellets, gaps are created. About 30% of the internal volume of the tank is free
volume that can be occupied by gaseous hydrogen. An explosion of the gas mixture inside the metal hydride
pellet is ruled out by having a pore size in the pellet that is smaller than the mean explosion gap limit. Only the
gaseous hydrogen in the tank’s internal free volume could explode (Rosino Messa et al., 2024).

The second worst-case scenario with the highest safety distance is a confined explosion in a container. The safety
distances that are required between houses and humans can be found in Table 5.1.

Table 5.1: Safety distance for extreme cases (Rosino Messa et al., 2024)

Scenario Description | Windows broken | Irreversible effects | lethal effects (m) | serious lethal
(m) to human life (m) effects (m)

Explosion inside metal | 48 24 11 7

hydride tank

Confined explosion in | 36 18 15 7.5

container

The explosion inside the metal hydride tanks is not related to the use of the metal hydride; an explosion could
only occur if air is present inside the tank because of insufficient purging of the electrolyser after maintenance or
because of air contamination. Both of these scenarios can potentially be observed in any gaseous hydrogen
storage system.

In order to mitigate the risks, the following safety measures are implemented (Rosino Messa et al., 2024):

¢ Control of ignition sources through hazardous area classification.

* Overpressure protection to avoid a burst of the metal hydride tanks.

* Mechanical ventilation is activated when hydrogen is detected at or below 25% of the lower flammable
limit.

¢ Fire and hydrogen detection inside the container trigger the system’s emergency shutdown.

* Cables attached to the doors and ground to limit the movement of the doors in case of a hydrogen explosion
inside the container.

Sodium-ion Battery

Sodium-ion batteries are generally considered safer than lithium-ion batteries (Gorman, 2023). However, the
primary safety concern of sodium-ion batteries is that they can overheat and catch fire due to misuse. For
example, overcharging the battery can cause the formation of sodium dendrites to grow, which increases the
chance of an internal short circuit.

A safety advantage of sodium-ion batteries over lithium-ion batteries is that they can be transported at zero
charge. In contrast, lithium-ion batteries require to be transported under a specific state of charge, typically
about 30% (Zhao et al., 2023).

An important component of the battery is the electrolyte. It plays a crucial role in transporting ions between the
cathode and the anode. However, the electrolyte is inherently unstable, flammable, highly electrochemically
reactive, and prone to corrosion. These properties make the electrolyte highly related to the battery safety issues.
The flammability due to thermal runaway of the electrolytes is the most serious safety hazard in applying the
sodium-ion battery. It was found that with a fully charged battery, thermal runaway occurred at a surrounding
temperature of between 133 °C and 165 °C with air. In comparison, the normal operational temperature of the
sodium-ion battery is between -20°C and 60 °C. No thermal runaway was found when the battery was charged
below 50%. To solve this flammability issue, various nonflammable electrolytes have been developed. However,
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until now, no nonflammable electrolyser can fully replace the traditional organic electrolyser due to the lower
electrochemical performance and increased cost (Wang et al., 2024).

5.2. Economic Feasibility

It is essential to assess the economic feasibility of the seasonal energy storage system, as costs are the primary
driver of implementing a potential solution in a real-life situation. Nevertheless, the exact costs are deemed
confidential information by deltaWonen. That is why it is not possible to do an extensive economic analysis.
The case study would not have been possible at this pilot scale as the system is too small to be economically
viable. However, with the grant of 854 thousand euros from the Rijksdienst voor Ondernemend Nederland, the
project can be realised. The fact that the pilot is not economically viable is not a dealbreaker, as the goal of the
pilot is to share the results as open source so that they can serve as a blueprint for the sustainability of other
neighbourhoods in the Netherlands (Rijksdienst voor Ondernemend Nederland, 2025).

Economic Scaling Potential

There is great potential in scaling the seasonal energy storage solution to a greater scale. As the size of the
electrolyser, fuel cell, and metal hydride increases, the cost per kWh decreases. At a certain scale, the seasonal
energy storage price can start competing with the dynamic energy market prices.

From that moment on, the seasonal energy storage potential of the metal hydride storage increases as it creates
opportunities to participate in the energy market, buy and store electricity at low prices, and supply it during
high-demand intervals. This economic incentive could accelerate the adoption of the system.

5.3. Reliability Feasibility

Reliability is critical to ensure safe production, storage, and usage of hydrogen and safe storage and use of
electricity. Due to the seasonal energy storage, the reliability of the components needs to be especially ensured
during specific seasons of the year. In the spring, the metal hydride storage, which is empty after the winter, is
charged by the electrolyser until the metal hydride storage is full at some point in the summer. Once net energy
generation becomes negative in the autumn, the metal hydride storage will be discharged by the fuel cell, until
the metal hydride is empty at some point in the summer.

Therefore, the reliability of the electrolyser is most important in the spring and summer, while for the fuel cell, it
is most important in the autumn and winter. The metal hydride storage needs to be ensured throughout the
year, except when it is empty between winter and spring. The daily battery is used the whole year, making the
reliability of the daily battery essential.

This highlights the best moment to conduct maintenance on the different components in the system. Regular
maintenance is essential to monitor degradation and ensure the reliability of the long-term operation of the
system. The end of winter is the best time of year to do the planned maintenance for the metal hydride because
the storage will have the highest probability of being empty by then. Meanwhile, summer is the best time to
maintain the fuel cell and heat pumps. The best time to maintain the electrolyser is in the winter. Although the
daily sodium-ion battery is constantly in use, the risk is decreased because the daily battery, in reality, consists of
four smaller units. They can be maintained separately to avoid downtime. The best time to do the maintenance
would be when the battery capacity is the lowest. In Figure 5.1, it can be seen that in the months of December
and January, the battery capacity is, on average, the lowest.
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Figure 5.1: Battery level per hour using average 10-year dataset

Early problem detection can be made possible by remote monitoring, which can help to minimise the amount of
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downtime and the amount of required labour.

Depending on the system, maintenance activities can include anything from cleaning to replacement of parts.
Some of the most critical reliability concerns per component are presented.

Sodium-ion Battery

Thermal and chemical stability is crucial for the reliability of sodium-ion batteries. It is essential to monitor the
temperatures across the battery pack to ensure reliability, as hotspots or thermal gradients may signal local
degradation or thermal management failure. The control system should prevent the battery from overcharging
or over-discharging, as this allows dendrites to grow (Sirengo et al., 2023).

An advantage in the reliability of sodium-ion batteries is that they can be stored at zero charge without losing
storage capacity, while the lithium-ion batteries do (Zhao et al., 2023).

PEM Electrolyzer and Fuel Cell

The most important thing to consider to ensure reliability is whether all the parts within the component and the
auxiliary equipment work as expected, as the failure of a single part within the electrolyser or fuel cell can cause
the failure of the component itself.

For example, for the electrolyser, a malfunctioning water purification system can result in contaminated water
entering the stack, which could poison the catalyst. Besides this, the main failure mechanisms of the PEM
electrolyser mainly apply to the degradation of the membrane, which could result in gas crossover (Norazahar
et al., 2024).

An example of the fuel cell is that a failure of the cooling subsystem may create high temperatures, which
increase the rate of catalyst and membrane degradation and the formation of local hotspots. On the other hand,
low temperature facilitates conditions for liquid water to accumulate in the gas supply channels and the stack,
which leads to flooding, causing a drop in voltage output (Vasilyev et al., 2021).

Other main failure mechanisms for both apply to the degradation of the membrane, which could result in gas
crossover. This can mainly be caused by:

* A failure of thermal management, resulting in a hotspot in the membrane or accelerating corrosion of the
corrosive electrolyte (Norazahar et al., 2024).

* Mechanical degradation of the membrane, including thinning, creaking or pinhole formation (Norazahar
et al., 2024).

¢ Flooding or drying out of the membrane (Dotelli et al., 2014).

* Electrolyser specific: The water quality and quantity at the anode could impact the local drying of the
membrane (Norazahar et al., 2024).

* Fuel cell-specific: The air quality and impurities in the air could poison the membrane (Mehrabadi et al.,
2016).

* Fuel cell-specific: The hydrogen quality needs to be over 99.995 vol.% to limit the nitrogen feeding into the
anode (Steinberger et al., 2018). This is not a limitation in this system as the electrolyser produces quality
5.0 hydrogen (99.999 vol.%) (Shiva Kumar & Himabindu, 2019) and the metal hydride storage works as a
hydrogen purifier as it selectively only stores hydrogen (Miura et al., 2012).

Metal Hydride

To maintain a reliable operation with high cycling stability, high-purity hydrogen must be used. Fortunately,
the PEM electrolyser produces high-quality hydrogen (Shiva Kumar & Himabindu, 2019). This minimises the
degradation of the metal hydride, as TiFe is highly reactive with oxygen (Davids & Lototskyy, 2012). However,
due to a possible failure, the electrolyser could supply hydrogen with increased oxygen impurities. Contact with
oxygen passivates the outer layer of the metal hydride, reducing the storage capacity. Fortunately, the oxidation
layer forms a protective layer that prevents further oxidation, which is crucial to avoiding thermal runaway.
When nitrogen comes into contact with the metal hydride, the nitrogen has no safety risks but deactivates the
metal hydride. That is why argon is used for flushing instead of nitrogen (Rosino Messa et al., 2024).
Furthermore, it is essential to take thermal management into account. During storage, it is important to prevent
hydrogen from being released from the metal hydride. At the same time, during the absorption process, heat
removal is required to avoid the buildup of thermal energy. During the desorption process, heat should be
supplied to the metal hydride to allow the hydrogen to be released from the metal hydride.

5.4. Spatial Feasibility

When evaluating the feasibility of seasonal metal hydride storage systems, the spatial requirement of the system
plays a crucial role, as space is limited in the built environment. This section explores the spatial requirements,
focusing on modularity, scalability and potential improvements. A comparison is also made with a conventional
battery-only system to compare the space requirements of both systems.
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Spatial Requirement

The storage capacity of the metal hydride in the case study is 4.8 MWh. Given by the manufacturer, GKN
Hydrogen, 2 MWh of hydrogen can be stored in the first 20-ft container, as the remaining part of the container is
filled up by the electrolyser and fuel cell (GKN hydrogen, n.d.). The storage capacity of the metal hydride can be
increased by 8.3 MWh for every additional 20-ft container because any additional container can only contain
metal hydride (GKN Hydrogen, n.d.-b). In total, the required volume to store all the metal hydride, including
the electrolyser and fuel cell, corresponds to the equivalent of 1.3 20-ft containers.

Modularity and Scalability
The modular design in 20-ft containers provides the advantage that the solution can be scaled up relatively easily.
Another benefit is that the containers can be stacked on top of each other, reducing the required spatial area.

The highest volumetric hydrogen density currently is 150 kg/m?> in Mg,FeHj (Ziittel, 2003). TiFe, by comparison,
has a density of 105 kg/m? (H. Liu et al., 2023). This is an increase of 42.9%, which could reduce the amount of
20-ft containers to 5.9. When stacking two containers on top of each other, an area of 41.6 m? would be required.
However, Mg,FeHg is a complex high-temperature metal hydride. The addition of Fe to the elemental metal
hydride MgH, increases the volumetric energy density but also increases the absorption and desorption enthalpy
(Khan et al., 2020). The higher operational temperature between 410 and 450 °C (Poupin et al., 2021) and the poor
cyclability (Thiangviriya et al., 2021) make Mg,FeHg not a suitable replacement for this moment in time to TiFe.

There is a lot of ongoing research into metal hydride alloy, which shows the potential for future metal hydride to
reduce the spatial requirement of metal hydride storage.

Spatial Requirement of an Only Battery System

Extreme case 10 from section 4.2 is used for this comparison. During this extreme case, only the daily battery
could be used. As a result, a 41.9 MWh capacity is required for the daily battery, and 239 PV panels are required
instead of 300. Remember that a minimalistic version of the daily battery was used in the model, as there are no
efficiency losses. Additionally, the self-discharge losses are not taken into account. Therefore, the outputs of this
extreme case do not correspond to a real case but show the extreme case of the model.

An approximate estimate of the efficiency and self-discharge losses for both sodium-ion and lithium-ion batteries
is provided. These parameters, summarised in Table 5.2, are evaluated over a six-month self-discharge period.

Table 5.2: Performance and capacity values for sodium-ion and lithium-ion batteries

Parameter Sodium-ion Lithium-ion
Efficiency 80% (Yu et al., 2023) 90% (Yu et al., 2023)
Self-discharge rate 3% /month (Delongtop, 2024) | 3.5%/month (Babu, 2024)
Storage capacity (per 20-ft container) 2.3 MWh (Murray, 2024) 5.0 MWh (Murray, 2024)

This results in a required daily battery capacity of 62.9 MWh for the sodium-ion battery, requiring a volume
corresponding to the equivalent of 27.3 20-ft containers. A total battery capacity of 57.7 MWh is required for the
lithium-ion battery, which requires a volume corresponding to the equivalent of 11.5 20-ft containers.

This approximation shows that the sodium-ion battery requires many more containers than the TiFe metal
hydride storage. The lithium-ion battery storage requires 3.4 20-ft containers more than the TiFe metal hydride
storage.

This shows the importance of implementing seasonal metal hydride energy storage to minimise spatial
requirements in an urban environment where space is scarce.

5.5. Environmental Feasibility

There are multiple ways to assess the environmental impact of metal hydrides. The first benefit of metal hydrides
is that they have no energy losses over time and a long lifetime. However, small hydrogen leaks due to imperfect
sealing occur during production, storage and transport. Although the leakage is small, the total leakage adds
up over the years of using the system. Therefore, it is important to carefully take the leakage of hydrogen into
account, as well as making sure that the 5% of unreacted hydrogen in the PEM fuel cell, which is assumed to be
a loss in this research, is in reality reused in the PEM fuel cell.

The main environmental impact comes from processing the material. The selection of the hydrogen storage
material considerably impacts the environmental feasibility. Using a pressurised compressed gas tank can
obtain the lowest emissions. However, the cylinder gas tank has a low volumetric energy density and requires
pressurising of hydrogen at 300-700 bars. Using metal hydrides can lower the storage volume and enhance
safety (L. Liu & Johnson, 2025).

The material impact of TiFe mainly comes from titanium, as it is labelled as a critical raw material by the EU. It
as a CO; footprint of 8.1 kgCO; .,/ kg whereas iron has a CO, footprint of 1.5 kgCO; ., /kg. Recently, it has been
found that TiFe produced from recycled industrial iron and titanium scraps can achieve a storage capacity of
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1.5-1.6 wt%, which is close to the storage capacity of 1.86 wt% of that of high-purity TiFe. This could help to
reduce the production costs of TiFe greatly. However, the production of TiFe has an increased energy demand
(and thus higher CO,-footprint) due to the requirement of an extensive activation step (Klop¢ic et al., 2023). The
alloy TiFe0.85Mn0.05 requires a far less extensive activation step while minimising the loss of storage capacity
and is therefore the more common alloy to use, which only has a CO; footprint of about 0.03 kgCO ., /kg (Alves
etal., 2025).

After reaching the end-of-life, the recovery of materials of the metal hydride installation, including the metal
hydride, reduces the environmental impact of resource use by 60%.

Comparing the Life cycle assessment (LCA) of the TiFe0.85Mn0.05 metal hydride (excluding the PEM electrolyser
and fuel cell) to a simple reference system, which stores the same amount of hydrogen (46 kg) at the same
pressure as the metal hydride storage (30 bar) over a period of 50 years. The total LCA score (including ranked on
influence: climate change, fossil resource use, minerals and metals resource use, particulate matter, freshwater
eutrophication, acidification, photochemical ozone formation, freshwater ecotoxicity) of the reference system is
24.5 points, and for the metal hydride system is 19 points. One point is equivalent to the annual environmental
load of a European person (Alves et al., 2025).

The metal hydride storage in the case study of deltaWonen stores up to 145 kg of hydrogen. This results in an
annual environmental load of 60 European persons.

5.6. Discussion

All the different feasibility aspects of the system, consisting of interrelated components, have been considered
to provide a feasible system. All the feasibility aspects are related to each other and represent trade-offs. For
example, it is possible to increase the system’s safety by selecting a nonflammable electrolyte for the sodium-ion
battery, but this lowers the economic feasibility as well as the total efficiency of the system. Another example is
selecting another type of metal hydride with a higher volumetric density, which would lower the amount of
20-ft containers required for the storage, but would potentially decrease the feasibility of the reliability and
maintenance.

The metal hydride is, in most cases, involved in the worst-case scenarios of the system. The worst-case scenario,
safety-wise, is an explosion inside the metal hydride tank. If there were an explosion inside the metal hydride
tank, a distance of 48 meters is required to prevent the windows from breaking, and a distance of 7.5 meters is
required to prevent serious, lethal effects. However, this scenario is highly unlikely as the electrolyser should
be either insufficiently purged after maintenance, or air contamination should occur, and there should be a
source of ignition. It is worth noting that the hydrogen quantity in the case study is larger than considered in
the research. As a result, the safety distance may be greater in practice.

The worst-case scenario for the system’s reliability would be if maintenance is required for the internals of the
metal hydride at the end of the summer due to a failure. This would require discharging (part of) the metal
hydride storage. After maintenance, this would leave a not (fully) charged seasonal energy storage at the start of
the winter.

These worst cases can be mitigated using an extensive control system with sensors that shut down the system
when malfunctioning and allow for predictive maintenance.

5.7. Conclusion

The feasibility assessment shows a number of safety, economic, reliability, spatial and environmental challenges.
Nevertheless, with the right design choices, control strategies and smart maintenance, these can be successfully
managed. Each component presents unique risks but shows promising safety advantages over other hydrogen
storage technologies. The scalability and long-term potential of the system offer an economical perspective to
compete with the market dynamics in future larger-scale projects. Nevertheless, more research into the exact
economic costs is required to determine the competitive scale of the system. The system’s reliability varies
seasonally, as different components become critical at different times of the year. This seasonal variation requires
a clear maintenance window to be identified in order to ensure year-round performance in combination with a
control system that includes predictive maintenance. The life cycle assessment shows a 20% lower total impact
than the conventional compressed gas reference, even though the critical raw material, titanium, is used for the
metal hydride system. On top of that, the spatial requirement of the metal hydride system is lower than that of
the compressed hydrogen reference system because of its higher volumetric energy density.

Overall, the feasibility assessment demonstrates that, when carefully implemented, the system establishes the
foundation for a future hydrogen storage that is scalable and sustainable. Future work should focus on detailed
economic analysis, pilot-scale demonstration and continued R&D work aimed at developing metal hydrides
which have a higher volumetric energy density at a lower cost.



Discussion

This chapter reflects on the outcomes of the system-level model and evaluates the performance of the proposed
energy system and control strategy. Currently, the MPC controller does not use the seasonal energy storage
when it is most needed, in mid-winter when the storage is already empty, and in mid-summer when it is already
full, thereby limiting the seasonal potential. In this section, the limitations of the current system related to
the size of the metal hydride and the current control behaviour are discussed, and possible improvements are
explored.

6.1. Storage Capacity Limitations Metal Hydride

The first way to improve the performance of the metal hydride as a seasonal energy storage is to significantly
increase the size of the metal hydride storage to fully cover the net energy demand over a year, while also
allowing it to reach full capacity by the end of the year.

Using extreme case 12 from section 4.2 as a reference, the storage volume must increase from 3.8 MWh to 60.8
MWh. The required volume corresponds to the equivalent of 8.1 20-foot containers. Additionally, an increase of
300 to 346 PV panels is necessary to fill the metal hydride storage backup until it is complete at its peak. The
electrolyser power must also increase from 40 kW to 74 kW to handle peaks in solar power and prevent the daily
battery from exceeding its upper limit.

An offline multi-objective optimisation is proposed to more effectively determine the optimal size of the
components for a viable seasonal energy storage solution that covers the entire demand in the winter. This
model aims to identify the minimum required component sizes to meet the annual net energy demand and
ensure that the storage is fully recharged by the end of the year (Kim et al., 2025).

Such a scale-up has spatial and financial consequences. Although technically possible, the large physical
footprint of the metal hydride containers and the high cost associated with the metal hydrides raise questions
about the practicality of this configuration. The current system is better suited for the use of peak shaving or as
a buffer in extreme situations, rather than full seasonal energy storage. Unless it is implemented on a larger,
collective scale, where economies of scale can be leveraged.

6.2. Improving Control Strategy for Limited Storage Metal Hydride

The current MPC implementation does not prioritise hydrogen use during critical periods, such as mid-winter
or during a dunkelflaute. This is because the MPC controller operates on a 24-hour horizon. Since the MPC only
considers the upcoming 24 hours, it lacks foresight into broader seasonal patterns, making it difficult to enforce
the strategic use of the storage system. At the same time, it is inherently impossible to predict precisely when
seasonal energy storage will be most needed; any model will ultimately rely on estimations rather than precise
predictions.

The current limitation of the MPC raises an important question: What is the optimal operational strategy for
utilising the metal hydride storage when it is not large enough to cover the entire net energy demand? The
remainder of this section explores several strategies to use the limited hydrogen storage capacity more effectively.

Strategy 1: Use dynamic energy prices:

Optimise the system based on the dynamic electricity grid prices. During periods of high grid prices, the system
will prioritise using stored energy from the metal hydride storage over the use of the grid import.

A limitation of this approach is the high cost of the energy stored in the metal hydride storage, especially at the
scale considered in the case study. Given the grid’s lower cost and sufficient capacity, the system would likely
use the grid year-round, thereby limiting the use of seasonal storage in the metal hydride size of the model.
By scaling the number of apartments, the relative cost of the metal hydride storage per kW is expected to
decrease while the dynamic energy prices stay fixed. Further research is required to determine the optimal
number of apartments for which the implementation of the seasonal storage system becomes both technically
and economically favourable.
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Strategy 2: Threshold-based control:

A heuristic strategy could trigger the hydrogen discharge once a predetermined threshold is reached. This
threshold value can be precalculated to determine when the seasonal energy storage system can be utilised.
Specifically, the system may begin discharging the metal hydride storage once the cumulative negative net
energy drops below this threshold. This threshold is derived from the average net energy generation over a
year. As a result, the strategy is expected to perform effectively under average yearly conditions and in extreme
scenarios, such as during a Dunkelflaute.

Another option is to calculate a threshold value for the grid usage using the seasonal energy storage. The system
can charge or discharge the metal hydride storage when the import or export to the grid surpasses the threshold.
As a result, the system can be used for peak shaving. The strategy is expected to perform effectively under
average yearly conditions and in extreme scenarios, such as during a Dunkelflaute.

Strategy 3: Seasonal objective function terms:

A more integrated solution involves modifying the MPC objective function to include seasonal incentives. For
example, penalty terms could enforce a minimum hydrogen state-of-charge in the winter months. The severity
of the penalty increases as the year progresses toward the peak winter demand. For example, a larger penalty is
applied in December than in October. While this approach would work for the typical variations of net energy
generation, it would not work well if a dunkelflaute occurs outside of the winter season.

Implementing these possible strategies would require significant modifications to the current model. Currently,
no constraint or objective function term covers this long-term interest. Therefore, in future research, it is
suggested that other modelling options are explored. When trying to minimise the changes to the current model,
it would be interesting to explore a higher second level of control. This separates long-term strategic planning
from short-term operational control. This additional, long-term strategic planning could be either an offline
optimisation or another MPC (Gupta et al., 2023). An offline optimisation is the most logical approach, given the
high uncertainty in long-term forecasts over weeks or months. This level of uncertainty makes it impractical for
a second, long-horizon MPC to reliably guide seasonal energy storage decisions. A key advantage of offline
optimisation is that it can be integrated relatively easily into the existing short-term MPC structure, for example
by using the 10-year average dataset. However, a drawback is that it is less adaptive to real-time deviations from
the offline scenario, potentially leading to suboptimal behaviour under unexpected conditions.
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Conclusion and Recommendations

7.1. Conclusion

This research explored how hydrogen can be stored in a room temperature metal hydride and used for seasonal
energy storage, in combination with solar energy, a PEM electrolyser, a PEM fuel cell and a reduced connection
to the electrical grid.

To conclude this research, the sub-research questions will be answered first, followed by an answer to the main
research question.

Sub-research questions:

How can a system-level model be developed to evaluate the performance of metal hydride as a seasonal energy storage
solution?

A system-level model that captures the interactions between the different components needs to be developed to
evaluate the performance of a metal hydride seasonal energy storage system. To evaluate the performance over
the full year, where in reality only limited information is known beforehand, model predictive control with a
receding horizon of 24 hours is selected as the controller for the model.

The first step in developing the model is to define the system setup, which components should be included,
and how they are related. The next step is to determine the assumptions and input parameters of the model.
Afterwards, model predictive control can be formulated. The constraints, objective function, and control actions
of the model predictive control should be defined. Ideally, the objective function consists of different terms that
can be directly added together; if not, weight factors should be added and calibrated. The last step is to verify
the model, aiming to find and solve the potential modelling errors.

What is the potential for heat recovery and effective utilisation during the metal hydride storage process?

In the test data, it is found that from 3.8 MWh to 4.2 MWh of heat is generated, only 482 kWh to 531 kWh is
effectively reused to lower the heat demand of the households. On average, 12.7% of the heat can be recovered
and utilised effectively.

What is the round-trip efficiency of a metal hydride storage when applied for seasonal energy storage?

The round-trip efficiency of the test data of the metal hydride system is found to be 41.1% to 42.0% when the
heat recovery is excluded. Including the recovery of heat, the round-trip efficiency can be increased up to 47.8%
to 48.6%. Resulting in an average round-trip efficiency of 48.2%.

Beyond technical feasibility, what are the safety risks, economic costs, reliability challenges, spatial requirements, and
environmental impact that affect the overall feasibility of implementing metal hydride seasonal energy storage?

Beyond the performance of the system, implementing a metal hydride seasonal energy storage in the built
environment depends on safety, economic, reliability, spatial and environmental feasibility of the system.
Safety-wise, the metal hydride offers a relatively safe alternative to other types of hydrogen storage technologies
due to the low pressure and low temperature storage. However, one should be cautious of hydrogen leaks
and hydrogen explosions. Economically, the high costs challenge the affordability of the solution. For an
economically feasible solution, the seasonal energy storage should be scaled up to the point that it could compete
with the dynamic energy prices of the grid. Reliability hinges on the seasonal demands. The electrolyser must
perform in the spring and summer, and the fuel cell must be in the autumn and winter. The metal hydride storage
is operating when either the electrolyser or the fuel cell is operating. The daily battery operates throughout the
entire year. Smart maintenance scheduling and remote monitoring help to minimise downtime. The spatial
feasibility depends on the scarcity of space. The modular design allows for an easy scale-up of the capacity if
required. Nevertheless, in residential areas, the required safety distance due to a worst-case explosion inside the
metal hydride storage tank must be carefully considered during the design process. Finally, the environmental
feasibility assessment indicates that the metal hydride has a lower impact than the gaseous hydrogen reference
system. This is possible due to the reuse of materials after the metal hydride has reached its end-of-life.

To what extent does integrating a seasonal metal hydride energy storage system reduce the required peak capacity of the
electrical grid?

In a normal situation, each of the 40 apartments would have gotten a 1x35A grid connection, resulting in a
total of 320 kW required grid capacity. In extreme case 9, where only the grid was available, discussed in more
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detail in section 4.2, a maximum grid capacity of 122.1 kW was required to export to the grid. This is already
significantly lower than the original connection. What should be kept in mind is that the model adds all the
supply and demand up to one net energy per hour, which already balances out the peaks. The peak balancing
effect occurs when using a battery, since it can absorb fluctuations. However, this effect does not occur in reality
when relying solely on the grid. Therefore, the model may underestimate the actual peak of the grid.

With the daily battery and metal hydride system, discussed in more detail in subsection 4.1.3, a maximum of
16.8 kW is required for electricity import from the grid, and up to 55.7 kW is required for electricity export,
based on the 2013 test data. While this is significantly lower than 320 kW, it would still surpass the 40 KW
grid capacity allocated to the project. A solution to this would be to turn off part of the solar panels for a few
moments during the year when the export to the grid exceeds 40 KW. This would, in the year 2013, result in a
curtailment of 1.3% of the annual PV production. Another option would be to reduce the number of PV panels.
This reduces the peak production of the PV panels during the summer, while the relatively small change in the
PV panel production in the winter can be compensated for by the grid.

At what scale can a seasonal metal hydride energy storage system be integrated most effectively within renewable energy
systems?

The most effective scale of the metal hydride energy storage system depends on many factors.

In an off-the-grid scenario, a large-scale storage system must match the seasonal demand. For example, in the
extreme case 12 analysed in section 4.2, a 60.8 MWh metal hydride is sufficient to fulfil the yearly demand of the
40 apartments in the case study of deltaWonen. At this scale, the system achieves seasonal autonomy, though it
comes with a high capital investment that is only used for two full cycles per year. Additionally, the required
volume to store all the metal hydride corresponds to the equivalent of 8.1 20-ft containers.

However, in most realistic scenarios, some grid capacity will be available. The amount of grid capacity that is
available and the type of demand have a significant influence on the most effective size of the metal hydride
storage capacity. In a grid-connected scenario, the effectiveness of the metal hydride storage system shifts from
autonomy to economic viability. The optimal storage scale then depends on the ability of the system to:

* Reduce the dependency of the grid on periods with severe grid congestion and/or high dynamic energy
prices.

e Shift renewable overproduction to periods with high demands.
¢ Economically compete with the dynamic energy prices.

In these cases, the effective integration is achieved at a scale large enough to benefit economically, but small
enough to maintain good storage utilisation.

Although during this research, an extensive economic analysis of the seasonal metal hydride system at this
relatively small scale was not possible. The system is expected to be best implemented at a community scale. On
that scale, it is big enough to become economically viable, but not too large to start losing its cost-competitive
edge, for example, by storing hydrogen in a salt cavern. A transformer substation that supplies electricity to a
neighbourhood might represent a suitable unit size for such an installation. Its scale aligns well with the energy
demand of up to a few hundred households, making it a promising scale for decentralised seasonal storage.

Main-research question:

What is the feasibility of room temperature metal hydrides for seasonal energy storage solutions in the built environment?
Room temperature metal hydrides offer promising characteristics for hydrogen-based, seasonal energy storage
in the built environment, but their feasibility depends on different factors. This research mainly addresses
technical feasibility, but the safety, economic, reliability, maintenance, spatial, and environmental feasibility
have also been touched upon.

Room temperature metal hydride systems absorb and desorb hydrogen at moderate pressures and near ambient
temperatures, which aligns well with the safety and integrational requirements in the built environment.
Additionally, metal hydride can achieve higher volumetric hydrogen storage densities than compressed gas or
liquid hydrogen, making them attractive when planning on using hydrogen in the built environment, where
space is limited.

The results show that the metal hydride can effectively store hydrogen produced during the summer and
convert it back into electricity during the winter when the energy demand is higher. This is enabled by the
lack of self-discharge during storage. However, sufficient storage capacity is required to maintain year-round
functionality. The current size of the metal hydride only allows for a 1 to 3 week backup when the demand is
high in relation to the PV production, or in case of a dunkelflaute.

The round trip efficiency of the metal hyride system is, when recovering the waste heat, on average 47.7%.
While the technology is technically feasible, economic factors remain a barrier to large-scale adoption. The
current high cost of the metal hydride system, including PEM electrolyser and fuel cell, prevents scaling to a
size where it becomes competitive with dynamic energy prices. While any system would eventually become
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competitive if scaled up enough, the required scale for the metal hydride to become a seasonal energy storage is
too large to be implemented for the case study. Therefore, cost reductions or performance improvements in
system components are essential before scale-up becomes viable.

Scale-up of the metal hydride storage could, on the other hand, lead to issues with the spatial feasibility, as the
required volume corresponds to the equivalent of 8.1 20-foot containers. Additionally, as the amount of gaseous
hydrogen increases, so should the safety distance between the metal hydride storage and the buildings.

Room temperature metal hydrides are a technically feasible solution for seasonal energy storage in the built
environment, particularly when recovering part of the waste heat. While their moderate efficiency, high capital
cost, and spatial area currently limit the adoption of the solution, their unique potential to enable renewable
energy shifting makes them a compelling candidate for community-scale systems. With smart control strategies
and heat recovery, metal hydrides could help to bridge the gap between daily fluctuations and long-term
seasonal energy needs in the energy transition.

7.2. Recommendations

Some simplifications have been made during this research, and some aspects of the problem have not been
thoroughly researched. First, the final recommendation for the model will be given. The second part consists of
research-related recommendations.

7.2.1. Recommendation Model
* Heat storage is not implemented in the current model, although this does not affect the recovery of the
waste heat in the model, it does influence the peak heat demand. By incorporating heat storage, the peak
of PV production can be flattened by generating heat, while in winter, the peak in heat demand can be
flattened by preheating the heat storage before heat demand is needed.

* Currently, weight factors are required to add up the different terms within the objective function. For
future research, it is recommended that all the objective terms be transformed into a cost function. This,
combined with the dynamic energy pricing, can help find the optimal size for the metal hydride storage
system. Suppose it is not possible to add up the different terms in the objective function directly. In that
case, it is recommended to use an optimiser to calibrate the weight factors instead of optimising it by hand,
as this could result in a more efficient operating system.

* Look into implementing a second, long-term level within the MPC controller. Allowing for short-term
optimisation, while keeping the long-term goals a part of the optimisation.

* The efficiency losses and degradation of the daily sodium-ion battery are not included. This had a greater
influence on the results than was anticipated beforehand. Therefore, adding these aspects to the model in
future research is recommended.

* The AC/DC conversion losses associated with grid usage are not included in the current model. While the
implementation would increase the import of electricity from the grid, which is not a problem, as it is far
below the maximum grid capacity. It would decrease the export to the grid, which would positively affect
the year results, reducing the amount of grid export that currently exceeds the maximum grid capacity.

* A practical extension to the model would be to curtail the PV production that exceeds the maximum
grid capacity. This would, while only curtailing a small share of energy, allow the system to respect the
maximum grid capacity.

7.2.2. Recommendation Research-Related
* Future research should further explore the aspects introduced in the feasibility chapter, including safety,
economic viability, system reliability, spatial requirements, and environmental impact.

¢ This research focused on room temperature metal hydrides. While room temperature metal hydrides have
advantages in the built environment, it is worth exploring the potential of other types of metal hydrides
with an increased volumetric energy density. In this search for an increased volumetric energy density,
it is suggested that the degradation of the metal hydride be re-evaluated. Currently, it is expected that
only two full cycles are required per year. Therefore, exploring a metal hydride with a volumetric energy
density and a higher degradation rate could be interesting.

e This research was limited to the application of a metal hydride storage in the built environment, excluding
the potential feasibility for an industrial area. In industrial settings, energy demand and PV production
peak during daytime hours, resulting in a stronger alignment between supply and demand. This improved
match could enhance the effectiveness of local energy storage solutions. Additionally, there could be a
demand for higher temperature heat in the industrial area. It is recommended to look into high-temperature
metal hydrides and other types of electrolysers and fuel cells, which could further utilise this demand for
higher temperatures.
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Exploring the Technical Potential of Metal Hydrides for Seasonal
Energy Storage of Hydrogen

Thijs Kroes TU Delft Mechanical Engineering
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Abstract

The seasonal mismatch between solar energy generation and demand causes net congestion on the elec-
tricity grid. While PEM fuel cells and their thermal integration are well studied, less attention has been
given to integrated seasonal energy storage systems combining PEM electrolysers, low-temperature metal
hydride storage, and PEM fuel cells, especially in grid-connected applications. This research investigates
the potential of the metal hydride TiFe for seasonal energy storage in the built environment. A system-
level MPC controller was developed, integrating supplies and demands with a daily battery, TiFe metal
hydride (4.8 MWh), PEM electrolyser and fuel cell. The metal hydride storage provided up to 17 days
of discharge and required 22 days to recharge, but in an extreme case, it was limited to 185 hours of
discharging and 230 hours of charging. Under typical operation, the system achieved a total efficiency
of 47.5% with a required grid capacity of 46.5 kW to balance supply fluctuation and ensure reliable
power. While the current size of the metal hydride storage is insufficient for seasonal energy storage, it is
effective for shorter periods of imbalance. Future work may optimise the storage size or control strategy

by integrating dynamic energy prices or integrating long-term MPC planning.

1 Introduction

In 2022, the energy supply was the largest pol-
luting sector, accounting for 27.4% of the EU’s
greenhouse gas emissions [8]. To tackle this, the
EU plans to significantly reduce emissions from
the energy sector by increasing the renewable en-
ergy supply. In 2023, 24.5% of the total energy
consumed in Europe came from renewable sources
[10]. Yet, the target is to increase this share of
renewable energy to 42.5% by 2030 [9].

The electricity grid is already facing problems
with grid congestion. In the Netherlands, network
operators such as Liander struggle to connect all
requests for solar parks to the grid [1], due to a mis-
match between high solar energy supply during the
day and peak electricity demand in the evening. In
2024, energy suppliers in the Netherlands curtailed
electricity production equivalent to 2.5% of the an-
nual demand, as wind and solar farms had to be
temporarily shut down due to an excess of green
energy on the grid [14].

One of the possible solutions is to use batteries
as daily storage to balance the supply and demand,
in order to reduce grid congestion. This would be
a viable option for daily storage, but another gap
needs to be bridged. This concerns the mismatch
between high solar renewable energy production in
the summer and higher electricity demand in the
winter [20]. For seasonal energy storage, batteries
are not feasible due to their relatively low energy
density and the self-discharge rate [26]. Metal hy-
drides are better suited for seasonal energy storage
as they have no self-discharge [7]

However, despite extensive research on the indi-
vidual components that are required for a metal
hydride seasonal energy storage, such as PEM fuel

cells and their thermal integration, limited atten-
tion has been paid to the full integration of PEM
electrolysers, low-temperature metal hydride stor-
age, and PEM fuel cells into a cohesive seasonal
energy storage system. The most promising re-
search is that of Bhogilla [3]. The study integrated
a metal hydride hydrogen storage system with a re-
versible PEM membrane fuel cell. Part of the heat
produced by the fuel cell is used for the desorption
process of the metal hydride, while the remainder
of the produced heat is used to drive a vapour ab-
sorption refrigeration system (VARS) for cooling
applications. The integration with the electricity
grid is not mentioned in the research. The only
real large-scale hydrogen storage system that uses
an electrolyser-fuel cell system, which can be inte-
grated with the electricity grid, is the Fukushima
Hydrogen Energy Research field (FH2R). Once the
hydrogen is produced, it is temporarily stored in
high-pressure tanks. Theoretically, it is possible,
and the FH2R project has shown that the system
works without storage in metal hydrides [25].

As for the electricity grid, the outlined prospect
is that the security of supply for 2030 is not guar-
anteed within the current frameworks. Therefore,
the housing corporation deltaWonen started a pi-
lot with the goal of solving the bottlenecks in the
energy demand of residential areas. deltaWonen is
investigating the use of metal hydrides for seasonal
hydrogen energy storage. Therefore, the project
of deltaWonen is taken as a case study for this
research, which aims to answer the following re-
search question: What is the technical potential of
room-temperature metal hydride TiFe for seasonal
energy storage solutions in the built environment?

The paper starts with a background about hy-
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drogen storage using TiFe metal hydride. After-
wards, the case study that is used for this research
is outlined in the system description. Then, it de-
scribes how the system-level model is developed,
including assumptions and an explanation of the
components. Model predictive control is used as
a controller. The formulation of the MPC will be
presented. Finally, the simulation results for the
year 2013 are presented and discussed.

2 Background: Hydrogen Storage
Hydrogen is a potential energy carrier with a rel-
atively low volumetric energy density and a high
energy density per kilogram. That is why it is typ-
ically stored in compressed form, as a liquid, or by
binding it to another element. A metal hydride is a
metal that can bond with hydrogen atoms through
a chemical process, reaching higher volumetric en-
ergy densities compared to compressed or liquid
hydrogen [30]. In this research, the intermetallic
metal hydride TiFe will be explored.

2.1 Metal Hydride: TiFe

TiFe is a combination of titanium and iron, with
a volumetric storage capacity of 4.03 kWh/dm3
[15]. The advantage, over some other metal hy-
drides, is that it can absorb and desorb near room
temperatures under near-atmospheric pressures. A
drawback of TiFe is the activation process, which
is required before TiFe can absorb hydrogen. This
requires high pressures (65 bar) and high temper-
atures (400-450°C) to remove the oxidation layer
[17]. Hydrogen is stored in the metal by di-
rect dissociative chemisorption (absorption process
that involves a chemical bond formation between
a modifier molecule and the surface [2]) of hydro-
gen gas, as described in (1) [21]. The arrow points
in two directions, indicating that the reaction is
reversible.

M+ Hy & MH, +Q (1)

Where M is a metal or intermetallic alloy; x is the
hydrogen concentration to metal; Q is the heat of
reaction.

The thermolysis release reaction is endothermic;
thus, Q is always positive. The heat released dur-
ing the absorption process raises the temperature
of the system. This temperature rise significantly
increases the pressure required for the incoming
hydrogen gas. Without an effective thermal man-
agement system, this temperature rise can lead to
self-inhibition of the reaction, prolonging the filling
time. Similarly, adequate heat must be supplied at
a sufficient temperature during desorption to sus-
tain the equilibrium pressure necessary to release
the hydrogen.

2.2 PEM Electrolyser and Fuel Cell oper-
ation

The electrolyser converts electrical energy from the

battery into hydrogen through water electrolysis.

Further modelling details can be found in [11].

The fuel cell converts the hydrogen stored in the
metal hydride into electrical energy. Further de-
tails can be found in [5].

3 System Description
3.1 Case Study
This section presents the deltaWonen case study,
which forms the foundation for this research.
deltaWonen plans on starting a new project, the
Urban Energy Island (UEI). This will be a pilot
of 40 apartments that will be part of an innova-
tive all-electric energy system where 300 PV pan-
els, daily energy storage (380 KWh) and seasonal
energy storage of hydrogen in a metal hydride (4.8
MWh) are used. The system includes a 40 kW
PEM electrolyser and a 25 kW PEM fuel cell to
enable the conversion between electricity and hy-
drogen. The system operates within a limited elec-
trical grid capacity of 40 kW [6], which is signifi-
cantly lower than the 320 kW (40*8 kW) typically
required in a conventional neighbourhood setting.
3.2 Input Supply and Demand
To accurately model the energy usage of a residen-
tial area, an interval of one hour between the data
points has been selected. The total annual supply
or demand can be found at Table 1.

Table 1: Total energy usage models [6]

Dataset Value | Unit

PV Production 138000 | kWhg;
Electricity Demand 72000 kWhg;
Heat demand 16400 kWh¢,;
Domestic Hot Water demand | 23160 kWhg,;

Since the annual total is known, the profile per
hour of the supply or demand is normalised to sum
to one and then scaled accordingly. Additionally,
the ambient temperature is used to calculate the
exergy content of the waste heat.

4 Model Description

A system-level model was built to evaluate the po-
tential of metal hydride for seasonal energy stor-
age. This allows for a structured analysis of the
system’s energy flows and operational behaviour,
which would be challenging to capture through
component-level testing alone. It enables the as-
sessment of key performance metrics such as sys-
tem efficiency and reuse of heat, offers flexibility in
changing component sizes, and allows for testing
different scenarios without requiring prototyping.
4.1 Overview Model

In Figure 1, an overview of the energy flows be-
tween all the different components and external
supply and demand in the model is shown.

The components in the model are treated as
black boxes. Their inputs and corresponding out-
puts are known, but not all internal details are ex-
plicitly modelled. For example, internal heat losses
that can’t be reused to reduce the heat demand are
known. However, while these losses depend on var-
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ious factors within the component, in reality, they
are simplified as a constant in the model.

All the streams of electricity come together in
the daily battery, which works as the storage of
electricity in the short term. All the streams of
supply and demand are combined into one net en-
ergy production.

vV VvV VvV y
Heat DHW
demand demand
A A

Hot water
booster |

Electrical

| PV panels demand

Electricity
grid

| Heat pump | |

Daily battery

A
Electrolyser

| Fuel cell l—

A

Legend:

Seasonal metal hydride storage

I Absorption 5 | Desorption I

1__proces proces |

Hydrogen
Heat

Figure 1: Overview of the energy flow between compo-
nents

The control system decides when to charge or
discharge the daily battery. It determines when to
provide electricity to the electrolyser for hydrogen
production to charge the metal hydride storage. It
also determines when the fuel cell should convert
hydrogen back into electricity. The demands that
need to be fulfilled are the electrical, space heat
and domestic hot water demand. There are two
possible supply sources of electricity: PV panels
and the electricity grid.

Heat is generated during the absorption pro-
cess of the metal hydride as hydrogen bonds to it.
Along with the heat produced by the electrolyser
and the fuel cell, it is first converted into exergy to
account for its useful work potential. This exergy
can then be used to reduce the space heat demand
and, if any is left over, to meet the domestic hot
water demand. However, a portion of the heat of
the fuel cell is required to fulfil the heat demand
of the desorption process. Therefore, only part of
the exergy heat production of the fuel cell can be
used to reduce the heat demand. The remainder
of the heat demand is met by the heat pump for
the space heating and the hot water booster for
the domestic hot water (DHW).

4.2 Assumptions
The key assumptions are:

e Hydrogen pressures are neglected in the
model. The required pressures are assumed to
be achievable without additional compressors.
All pressure requirements are met internally
within the design.

e Steady-state assumption per timestep. At
each discrete timestep, the system is assumed
to be in a steady state. Transient dynam-
ics within each timestep are not captured,
simplifying the system behaviour’s represen-
tation. In reality, however, the system is un-
likely to remain in a steady state throughout

each hour, as it may need to respond to unex-
pected variations multiple times per hour.

e Perfect heat exchangers. The model assumes
no thermal losses during heat transport be-
tween components.

4.3 Uncertainty on Prediction Horizon

In real-world applications, future input data is in-
herently unknown. However, it is possible to fore-
cast what is expected to happen. Although it is
not certain that the expectation will come true,
there is uncertainty in the forecast. This is simi-
lar to a weather forecast, which provides the best
estimate of future conditions, even though actual
outcomes may differ.

In the model, it would be possible to know what
will happen in the future, as historical data is used
in this simulation. However, to mimic the un-
certainty of the forecast, a band of uncertainty
is added to the input data within the prediction
horizon. Each data point in the future is ran-
domly changed into a value that falls within the
uncertainty band, which is uniform over the pre-
diction horizon; the uncertainty does not increase
when looking further into the prediction horizon.
The uncertainty boundaries are different for the
PV supply, electrical demand and heat demands,
which have been based on the mean absolute per-
centage error (MAPE) and can be found in Table 2.

Table 2: Uncertainty mean absolute percentage error

Input MAPE (%)
PV supply 6.91 [24]
Electric demand 3.84 [28]
Heat demand 8.95 [12]

4.4 Daily Battery

All the electricity supply and demand go through
the daily battery. The sum of the supply and de-
mand, the net energy, is the value added or sub-
tracted from each timestep’s daily battery storage
level. The battery capacity is 380 kWh [6]. As the
research goal is to show the potential of seasonal
energy storage, the complexity of the daily battery
is reduced by not incorporating efficiency losses,
self-discharge losses and not including degradation
losses.

4.5 TiFe Metal Hydride

The seasonal metal hydride storage stores the hy-
drogen produced by the electrolyser until the fuel
cell uses the hydrogen. During the storage pro-
cess, there is no self-discharge or efficiency losses
[7]. The metal hydride storage operates within a
defined capacity range. The maximum storage ca-
pacity is set at 4.8 MWh [6].

The degradation is 0.017% per cycle [4]. The
degradation is modelled as a linear process; the
degradation over time is the same, independent of
the current degradation status of the metal hydride
storage. When the degradation increases, the max-
imum storage capacity is lowered.
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4.6 PEM Electrolyser and PEM Fuel Cell
The PEM electrolyser and PEM fuel cell are mod-
elled in the same way. They both have the charac-
teristics of an efficiency curve, start-up, and degra-
dation.

4.6.1 Efficiency

The efficiency of the electrolyser and the fuel cell
within the MPC framework is approximated us-
ing piecewise linear functions defined by selected
breakpoints. A breakpoint is a chosen input value
on the efficiency curve at which the efficiency is ex-
plicitly defined. Linear interpolation is applied be-
tween these breakpoints to determine the efficiency
connected to the selected setpoint. This way, the
computational power required within the MPC is
minimised without compromising too much on the
accuracy of the efficiency curve.

After the MPC has given its control outputs,
the exact efficiency corresponding to the setpoint
is calculated using the efficiency curve.

4.6.2 Start-up

Turning on the electrolyser and fuel cell directly at
full power is impossible when they were previously
turned off. Therefore, a start-up is included, which
is only implemented when the electrolyser or fuel
cell is turned on in the first hour; it is not applied
for the consecutive hours it is turned on. During
the start-up, the power is expected to increase lin-
early from 0 to the desired setpoint over a fixed
time of 30 seconds for the electrolyser [22], and 60
seconds for the fuel cell [29].

4.6.3 Degradation

The electrolyser and fuel cell experience degrada-
tion per hour of usage. The degradation is mod-
elled as a linear process; the degradation per hour
is constant, independent of the current degrada-
tion status. Per hour, the electrolyser degrades
0.00019% [27], and the fuel cell degrades 0.004%
[23].

5 Controller Selection

This section explains why model predictive control
is chosen as the control strategy for the system.

5.1 Model Predictive Control
Model Predictive Control (MPC) is a control strat-
egy where, at each time step, an optimisation prob-
lem is solved over a finite time horizon. This prob-
lem uses the system’s current state as the start-
ing point and calculates the best sequence of con-
trol actions. Only the control action for the next
timestep is applied, which is repeated at the next
time step. An advantage of MPC is that it can
cope with hard constraints on controls and states
[19]. Figure 2 shows the functionality of the MPC
and the prediction horizon principle.

The model simulates an entire year with an in-
terval of 1 hour. The receding prediction horizon
is set to 24 hours, which aligns with the day-ahead

electricity pricing data of the dynamic energy mar-

ket. The control horizon is set to 1 hour in the
model.
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Figure 2: MPC receding horizon principle [16]

MPC was selected as the controller for the model
because it allows for multi-variable optimisation,
prediction of future demand and generation, flex-
ibility to adjust and extend the MPC framework,
and testing of different control strategies or scenar-
ios.

A flowchart of the model, indicating which steps
are handled within the MPC and which are com-
puted afterwards based on its control actions, is
shown in Figure 3.
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5.2 MPC Formulation

The goal of the MPC is to choose the lowest ob-
jective function possible. Therefore, selecting the
right constraints to the objective function that con-
strain the MPC, where required, is essential, while
leaving enough freedom for the model to reach the
best control action possible.

5.3 MPC Constraints

Constraints are added to ensure that the MPC
does not break physical boundaries while trying
to solve the objective function with the lowest
score possible. The following constraints have been
added within the MPC:

e The storage level of the daily battery and the
metal hydride storage is constrained between
the minimum and maximum storage capacity.

e The electrolyser’s input power and the fuel
cell’s maximum output power are constrained
between the minimum and maximum power.

e The electrolyser and fuel cell can not be
turned on simultaneously.

e The grid usage is limited to the maximum
available grid capacity.

5.4 MPC Objective

The objective function is a combination of three
terms. Each term will be explained individually
before being combined in a total objective func-
tion.

5.4.1 Grid Usage

The grid usage objective is calculated by multiply-
ing the grid usage (in kW) during that hour by the
weight factor Agr;q. The same penalty applies to
importing and exporting electricity from and to-
wards the grid.

(2)

Jgrid = /\gm'd * |ug|

Where Jgriq (kW) is the grid-related objective,
Agria is the (constant) weight factor, and u, (kW)
is the amount of grid usage per hour.

5.4.2 Electrolyser and Fuel Cell On-Off
Control

The binary variable for both components is cal-
culated by checking if the previous setpoint was
smaller than e, set to be 1%. For example, the
model checks if the last electrolyser setpoint was
off and if the electrolyser turns on in the current
hour, the binary deviation variable is set to 1. The
equation can be found in (3). The objective is to
minimise the number of times the electrolyser or
fuel cell is turned on or off within the prediction
horizon. The penalty is the same for turning on or
off the component. The electrolyser and fuel cell
have a separate objective function in the model,
which work in a similar way. The combined objec-
tive function can be found in (4).

] = 1 ifsft]>e¢
" )]0 otherwise
vt e {0,...,T—1}
vt e {0,...,T—1}

51t 3)
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where a[t] €{0,1} is the active state of the compo-
nent, st] €[0,1] is the setpoint of the electrolyser or
fuel cell, ¢ is the small threshold value, §[t] €{0,1}
is the on/off transition indicator respectively d;]t]
for the electrolyser and dy.[t] for the fuel cell, A¢;
and Ay, are the associated (constant) weight fac-
tors.

T-—1 T-—1
Jonoff = )\el . Z 5el [t] + Afc : Z 6fc[t] (4)
t=0 t=0

Where Jon_og is the on/off transition-related ob-
jective, Ay and Ay, are the (constant) weight fac-
tors for the electrolyser and fuel cell, and d,,[t] and
0sc[t] are the corresponding on/off transition indi-
cators at timestep t.

5.4.3 Changing Setpoint Electrolyser and

Fuel Cell

The objective is to minimise the change in setpoint
between hours for both the electrolyser and the fuel
cell across the prediction horizon. The objective
is to reduce the total change in setpoint over the
entire horizon. The equations are shown in (5) and
the objective function is shown in (6).

At > st] —s[t—1] V¢ e {o,...,T—1}

Al > slt—1]—s] vie{o,.. T-13 O

Where s[t] €[0,1] is the setpoint of the electrolyser
or fuel cell, and A is the magnitude of the setpoint
change of the electrolyser or fuel cell.

(6)

Where Ja, is the change in setpoint-related objec-
tive, A, is the (constant) weight factor for change
in setpoint for both the electrolyser and the fuel
cell, and A the magnitude of the setpoint change
of the electrolyser or fuel cell.

5.5 Calibration of Weight Factors

As the terms in the objective function do not all
have the same unit, they can’t be directly com-
pared with each other. Weight factors are added
to make the model behave as desired. A dataset
consisting of 10 years of data is used to calibrate
the model. Starting from the most recent avail-
able year, 2023, up to 2013 is used; 2014 is not
used as not all the data was available for 2014. Us-
ing a ten-year average as input prevents the model
from optimising for a year that may include atyp-
ical or extreme conditions, ensuring a more repre-
sentative assessment of typical system usage. The

T—1
JAS = )‘As . Z As[t]
t=0
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weight factors have been calibrated by hand, which
could have resulted in a non-optimal solution. Fu-
ture work could explore optimisation-based tun-
ing methods to enhance the robustness and perfor-
mance of the system. The following criteria have
been taken into account to complete the calibra-
tion.

e The electrolyser and fuel cell have a relatively
high degradation when turning them on and
off. Therefore, it is preferred to have the elec-
trolyser and fuel cell running for multiple con-
secutive hours [18].

e The electrolyser and fuel cell experience
more degradation when changing the setpoint.
Therefore, it is preferred to have the electrol-
yser and fuel cell running with relatively little
change in setpoint between subsequent hours.
[18].

e The electrolyser and fuel cell tend to turn on
when the metal hydride storage is full. As
they do this, they 'waste’ energy while not
being punished (enough) for using the grid to
export the power surplus. This happens when
the grid’s punishment is greater than for using
the electrolyser and fuel cell. It is essential
to carefully select the right weight factor for
using the grid to prevent this from happening.

Following calibration, the final weighting factors
applied are as follows: Agria = 20, Aon_ofiel = 130
Aon_off_fc = 190, )\AS =74

5.6 MPC Control Actions

The control actions are the output of the MPC
and the input for the next timestep of the model.
The control actions that the MPC has are: elec-
trolyser setpoint, fuel cell setpoint, and electricity
grid import/export.

6 Results

After calibrating the model with the ten-year av-
erage dataset, the model is verified. After suc-
cessfully completing all the verification steps, the
model was tested for the years 2013 and 2015.
Since both show similar results, only 2013, the year
with the relatively most extreme supply and de-
mand profiles, is presented.

6.1 Model Verification

First, all datasets were checked for errors, and
if they were correctly converted from Excel to
Python, including the added uncertainty on the
input data, was checked. Component boundaries
were tested by intentionally exceeding the inputs
to confirm they were enforced. Key model features
such as efficiency, start-up, degradation, the MPC
objective function, prediction horizon and exergy
heat were individually checked to see if they be-
haved as expected. Lastly, an energy balance check
was performed to ensure that all inputs, outputs,
and losses matched. All verification checks were
successfully completed.

6.2 Net Energy Usage
Figure 4 shows the daily energy balance. The blue
line represents the PV panel supply, the green line
represents the total heat demand, and the orange
line represents the electricity demand. The black
line is the total sum of the energy supply and de-
mand, the daily net energy. The horizontal axis
represents time, and the vertical axis represents
energy usage (kWh). It includes both positive and
negative values, with the zero line located about
one-quarter from the bottom of the graph.

The model starts the year on 1 October, with a
full metal hydride storage. This is right before the
net energy generation becomes negative.
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Figure 4: Daily net energy usage 2013

6.3 Metal hydride storage

From half of October, when the net energy be-
comes negative, the metal hydride storage starts
to be used, as can be seen in Figure 5. The metal
hydride storage is empty after 25 days. In March,
the net energy becomes positive again, starting to
recharge the metal hydride storage until the net
energy has two dips and discharges the metal hy-
dride again. It takes 34 days from April onwards
to recharge the metal hydride storage. From that
moment on, the energy surplus must be exported
back to the grid.
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Figure 5: Daily metal hydride storage level 2013

6.4 Electrolyser Input and Fuel Cell Out-
put Power

The fuel cell, see Figure 6, operated for a total
of 594 hours until the metal hydride storage was
fully discharged, and the electrolyser operated for
598 hours to recharge the metal hydride.

The electrolyser usage is especially intermittent
when compared to the 10-year average dataset,
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with relatively higher setpoints compared to the
test data. This makes sense as it relates to PV
panel supply, which is more intermittent in a sin-
gle year. During the charging of the metal hydride,
there are a few moments when hydrogen is used to
power the fuel cell, when the net energy dips below
zero, as seen in Figure 4.

Electrolyser Input & Fuel Cell Output Power
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Figure 6: Hourly electrolyser input and fuel cell output
power 2013

The electrical energy put into the electrolyser
was 7.2 MWh, and the total hydrogen produced
was 5,2 MWh. Resulting in an average efficiency
of 72,7% for the electrolyser. The total amount
of hydrogen the fuel cell used was 5.2 MWh, and
the total amount of electrical energy produced was
3.0 MWh. Resulting in an average efficiency of
57.7% for the fuel cell. The total combined average
efficiency of the seasonal energy storage system was
42.0% (excluding using exergy heat).

The electrolyser, fuel cell and absorption process
produce 3.8 MWh of usable heat (excluding inter-
nal losses). However, when converting this heat
to exergy and subtracting the required exergy for
the desorption process, only 482 kWh of exergy is
available to reduce the heat demand. In total, 458
kWh was used to reduce the space heating demand,
and 24 kWh was used to reduce the domestic hot
water demand.

When considering the reuse of exergy, the aver-
age efficiency of the seasonal energy storage system
is increased to 48.6%, 0.1% lower compared to the
ten-year average dataset.

6.5 Electricity Import and Export From
the Grid
In Figure 7, it can be seen that the peak of the
electricity import is 16.8 kW, with a total grid im-
port of 35.2 MWh, as the peak export to the grid
is 55.3 kW, with a total export of 57.4 MWh.
This does not meet the requirement to stay be-
low 40 kW of grid capacity. However, it is tech-
nically feasible to turn off part of the PV panels
when exceeding the 40 kW limit of grid capacity.
Nevertheless, 1.7 MWh, 1.3% of the total annual
PV production, is curtailed this way. Another op-
tion would be to reduce the number of PV panels.
This reduces the peak production of the PV pan-
els during the summer, while the relatively small

change in the PV panel production in the winter
can be compensated for by the grid.
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Figure 7: Hourly import and export of the grid 2013

6.6 Extreme Cases

Two extreme cases show the effective duration of
the metal hydride storage. For both extreme cases,
the day with either the highest or the lowest net
energy is selected, and that day is repeated for sev-
eral consecutive days in the model. The first one
uses the day with the lowest net energy produc-
tion, the 19th of January, to simulate that it takes
185 hours to fully discharge the metal hydride stor-
age. On the other hand, on the 2nd of June, the
day with the highest net energy production, it was
simulated that it takes 230 hours to fully charge
the metal hydride.

7 Discussion

The results show that the metal hydride storage
is too small to effectively function as a seasonal
energy storage. Consequently, the model does not
provide the metal hydride storage during the pe-
riods when it is most needed, in mid-winter when
the storage is already empty, and in mid-summer
when it is already full, thereby limiting the sea-
sonal potential. This section discusses the main
limitations of the current model and possible di-
rections for future improvements.

A key challenge comes to light from the model’s
24-hour receding horizon. Since the Model Pre-
dictive Control (MPC) operates with a limited 24-
hour horizon, it cannot anticipate future energy
demand or supply beyond this window, which re-
stricts its ability to manage seasonal storage strate-
gically. This is an issue as the current metal hy-
dride storage is insufficient to cover the entire win-
ter season. While it is inherently difficult to pre-
dict precisely when the metal hydride storage will
be most required, any model would need to rely on
estimates rather than exact forecasts, underscoring
the complexity of optimising seasonal energy stor-
age in this context.

The results of the model suggest two potential
directions for deeper analysis.

1. What is the required capacity of the metal
hydride to fully cover the net energy demand
over a year, while also being fully recharged
at the end of the year?
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2. What is the optimal operational strategy for
the metal hydride storage when it is too small
to cover the entire winter energy demand?

The first direction can be investigated by increas-
ing the size of the metal hydride and the number
of PV panels, as the original total PV generation
is insufficient to charge the metal hydride storage
back up to 100% again.

This increases the size of the metal hydride stor-
age from 4.8 MWh to 60.8 MWh, as can be seen in
Figure 8. In total, 8.1 20ft containers are required
to store the metal hydride. Additionally, increas-
ing the number of PV panels from 300 to 346 is
required for off-grid operation. The electrolyser
power must also increase from 40 kW to 74 kW to
handle peaks in solar power and prevent the daily
battery from exceeding its upper limit.
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Figure 8: Metal hydride storage level when scaled up to
60.8 MWh

The second relevant consideration is to use the
limited metal hydride storage capacity most effec-
tively. This would be when the net energy demand
is the lowest, in December and January, or in case
of a dunkelflaute. There are multiple options to
use the limited amount of energy in the metal hy-
dride storage in the most effective way:

The first option would be to integrate the dy-
namic energy price into the objective function.
When connecting the grid usage to the current dy-
namic energy price and converting the degradation
for the setpoint change and on-off control into cost,
the objective function can be used without adding
additional weight factors. The current scale of the
metal hydride storage system limits this approach.
As the cost per kWh is higher than that of the
grid. However, by scaling up the metal hydride
size, the cost per kWh of the metal hydride sys-
tem is expected to decrease while the dynamic en-
ergy prices stay fixed. Further research is required
to determine the optimal size of the metal hydride
storage for the number of apartments for which the
storage becomes both technically and economically
favourable.

The second option would be to integrate a sec-
ond level of control for long-term strategic plan-
ning. This separates long-term strategic planning
from short-term operational control. This addi-

tional, long-term strategic planning could be either
an offline optimisation or another MPC [13]. An
offline optimisation appears to be the most logi-
cal approach, given the high uncertainty in long-
term forecasts over weeks or months. This level
of uncertainty makes it impractical for a second,
long-horizon MPC to guide seasonal energy stor-
age decisions reliably. A key advantage of offline
optimisation is that it can be integrated relatively
easily into the existing short-term MPC structure,
for example by using the 10-year training dataset.
However, a drawback is that it is less adaptive
to real-time deviations from the offline scenario,
potentially leading to suboptimal behaviour under
unexpected conditions.

There are several limitations to the current model:

e To respect the 40 kW limit of the grid capac-
ity, part of the solar panels must be turned off
for a few moments during the year.

e Although the heat can be reused, no heat stor-
age is included in the model. Including a heat
storage can shave off the peaks of the PV pro-
duction and the peaks of the heat demand.

e The daily battery is modelled as minimalistic,
as the research focuses on showing the feasibil-
ity of the metal hydride seasonal energy stor-
age. However, the impact of the daily battery
has been greater than first anticipated. Fu-
ture research should include efficiency losses,
degradation, and AC/DC losses in the daily
battery model for more accurate results.

8 Conclusion

This research shows that room-temperature TiFe
metal hydride has technical potential as a seasonal
energy storage solution in the built environment.
However, its current storage capacity (4.8 MWh)
is insufficient to fully cover the seasonal energy de-
mand. Nevertheless, TiFe storage proves effective
for shorter periods of high demand, such as during
dunkelflaute events. It can help mitigate grid con-
gestion and seasonal renewable energy mismatches
where battery-only solutions are impractical.

In the results of the year 2013, the metal hy-
dride storage bridged the supply-demand gap be-
tween winter and summer over cycles of 25 to 34
days, achieving a combined round-trip efficiency
of 45.5% by reusing exergy heat. However, in the
more extreme cases, the storage was only sufficient
for 185 hours of discharge and 230 hours of charg-
ing.

To improve the accuracy of matching real-world
performance, the following directions for future
work can be explored:

1. Integration of dynamic prices and degradation

costs into the MPC objective.

2. Integrate a second-level offline level in the

model that combines offline strategic planning
with the short-term MPC.
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Appendix: Verification

Every verification check that has been done is presented. For every test, the training data is used. Note that the
uncertainty is not taken into account during any of the verification checks. Additionally, after the verification
checks have been done, some weight factors of the objective function have been changed, some input data have
been altered, and the start date of the simulation has been changed. This does not influence the impact of each
of the verification checks, but this could result in different values when replicating a check.

Data Check

Before doing each of the data checks, hypotheses have been drawn up. After conducting the check, a conclusion
is given.

The First verification check is to see whether the raw input data does not show unexplainable irregularities or

patterns. For each production or demand, a figure of the normalised input or demand over the year is provided.
Additionally, a figure of one day of input or demand is presented to check if that matches the hypothesis.

It is important to remember that the data is the average of the neighbourhood, not the data of a single household.

Normalised PV Production

Hypothesis year: The PV production is the greatest in the summer and gradually lowers till reaching the lowest
point in the winter, as solar irradiance is greater and there are more daylight hours. Due to changing weather
conditions between days, the production varies on the day and between days.

Hypothesis day (1st of July): The production is the greatest during the day when the solar irradiance is the
highest. During the morning and evening, when there is no sun, there is also no PV input.

Normalised PV production per Hour

—— Hourly PV production
0.0007 1
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0.0005 + | i
0.0004 1

0.0003 +

Normalised PV production
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date

Figure B.1: Normalised PV production per hour
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Normalised PV production per Hour

—— Hourly PV production
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Figure B.2: Normalised PV production per hour 1th of July

Conclusion: Figure B.1 shows that the PV production shows seasonal and daily fluctuations. The production in
the summer is higher than in the winter, and the production varies over the days.

Figure B.2 shows that there are a lot of hours of irradiance, as there is a production of solar energy between 4
AM and 9 PM. The production is the highest around the middle of the day, at 11 AM in this case.

No irregularities have been found in the data.

Normalised Electricity Demand

Hypothesis year: The demand for electricity is greater in the winter than in the summer because there are fewer
daylight hours and people spend more time at home.

Hypothesis day (1st of July): The demand between the days shows the peaks around the same time every day.
There is little electricity use during the night, with peaks in the morning and the evening.

Normalised electricity demand per Hour
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Figure B.3: Normalised electricity demand per hour
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Normalised electricity demand
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Figure B.4: Normalised electricity demand per hour 1st of July

Conclusion: Figure B.3 shows that there is greater electricity demand in the winter than in the summer.
Figure B.4 shows that the highest demand is in the morning and the evening. This is when most people either
go to work or return from work.

No irregularities have been found in the data.

Normalised Heat Demand

Hypothesis year: Heat demand begins in the autumn, peaks during the winter, and gradually decreases to zero
as spring approaches.

Hypothesis day (1st of Jan): The heat demand is higher during the day than at night, with peaks in the morning

and the evening.

Normalised heat demand
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Figure B.5: Normalised heat demand per hour



71
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Figure B.6: Normalised heat demand per hour 1st of Jan

Conclusion: Figure B.6 shows that the heat demand is the highest in the winter and almost no heat demand
during the winter.

There are relatively high peaks in the winter that show periodic behaviour. After further investigation of the
data, the reason for this is that every peak reoccurs on a Sunday evening in the model. This is logical considering
that this is the day of the week that most people spend their evening inside, increasing the demand for heat
during that evening compared to other days of the week.

Figure B.6 shows that the heat demand peaks in the morning and the evening, as these are the times that most
people are home and heat their houses.

Normalised Domestic Hot Water Demand

The normalised domestic hot water demand is the same every day because it is an estimation from the dataset
of TNO (TNO, 2024). Therefore, only one day will be taken into consideration for the data check.

Hypothesis day: Domestic hot water usage follows the same trend as the hot water demand. The heat demand
is higher during the day than during the night, with peaks in the morning and the evening.

Domestic hot water demand for one day

—— Hourly domestic hot water demand
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Figure B.7: Normalised domestic hot water demand per hour for one day

Conclusion: Figure B.7 shows a peak in the domestic hot water demand during the morning and evening.
However, it is surprising that the morning peak is higher than the evening peak, while this is the other way
around for the heat demand. A reason for this could be that more people shower around the same hour, while
this is more spread out over multiple hours in the evening.

Data modelling check
The data modelling check checks if the data is correctly imported from Excel into the Python model. This is
done by checking if:
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1. The total sum of the normalised data is equal to one for the dataset in Excel and Python.
2. The first day (24 values) of the data in Python matches the first day of the data in Excel.
3. The last value of the data in Python matches the last value of the data in Excel.

PV production:

The sum of the PV production in both Excel and Python is equal to one. Also, the first day’s data is the same for
Excel and Python, and the last data point is the same. Concluding that the data is correctly converted from
Excel to Python.

Electricity demand:

The sum of the normalised electricity demand in both Excel and Python is equal to one. There is a small error of
1.6E-6% between the value in Excel and the value in Python. However, this was found to be a rounding error.
Also, the first day’s data is the same for Excel and Python, and the last data point is the same. Concluding that
the data is correctly converted from Excel to Python.

Heat demand:

The sum of the normalised heat demand in both Excel and Python is equal to one. There is a small error of
2.9E-6% between the value in Excel and the value in Python. However, this was found to be a rounding error.
Also, the first day’s data is the same for Excel and Python, and the last data point is the same. Concluding that
the data is correctly converted from Excel to Python.

Domestic hot water demand:

The sum of the normalised domestic hot water demand in both Excel and Python is equal to one. There is a
small error of 8.9E-14% between the value in Excel and the value in Python. However, this was found to be a
rounding error. Also, the first day’s data is the same for Excel and Python, and the last data point is the same.
Concluding that the data is correctly converted from Excel to Python.

Applied Uncertainty Check
The applied uncertainty check checks if the uncertainty is applied to the right input values (PV production,
electricity demand, heat demand, domestic hot water demand) and used within the selected bounds.

This is done by checking if:

1. The uncertainty is not applied to the first value, representing the current hour.

2. The uncertainty is applied to the other 23 values within the MPC horizon, and each value is verified to lie
within the defined boundaries.

3. The uncertainty allows the original value to be either increased or decreased.

4. The values can’t become negative after applying the uncertainty, as this would be physically impossible.
The first check is verified. The current hour in the MPC remains unchanged after applying the uncertainty.

The second check looked correct at first, as uncertainty was applied in relation to the original values. However,
it was found that the uncertainty was not applied as a percentage of the original value but as an actual value.
For example, the total uncertainty in the heat demand is 8.95%, with a deviation of +4.475% from the nominal
value in both directions. The implementation in the code was that the uncertainty was +0.0475 from the original
value. This resulted in a lower uncertainty than required.

After solving this issue, the uncertainty is applied correctly and verified by the second check.

The third check is verified. After the uncertainty is applied to the original value, the new values are found to
possibly be increased or decreased.

The fourth check is verified. The result can never be negative since all input data is positive, and the applied
uncertainty is a percentage of this positive value. Additionally, as a redundancy measure, any value that would
become negative after applying uncertainty is set to zero.

Boundary Check
The boundary check checks if constrained components can’t surpass the boundary values that have been set.
This is done in two ways:

1. Increasing or decreasing the starting value past the maximum or minimum value.
2. If that is not possible, check whether the boundaries are not exceeded during the run.

3. If that is not possible, alter the boundary conditions to "force” the component to reach the boundary.

Min/ Max Daily Battery
This can be verified using the first check. Normally, the initial daily battery value is set to 190 kWh, half of



73

the battery capacity. Two tests have been done, inserting a negative value for the initial daily battery value or
inserting a positive value beyond the limit of 380 kWh. Both tests result in an error with the warning: "MPC
optimisation did not find an optimal solution". Concluding that the boundaries of the daily battery can’t be
exceeded.

Min/ Max Input Power Electrolyser

The electrolyser input power value can't be verified using the first check, as the power is determined by the
MPC. The lower boundary can be tested by using the second check. This is done by checking if no value in the
electorlyser_energy_usage list is negative and has a lower setpoint than 4 kW when the electorlyser is turned
on. Because 4 kW is the minimum input power for the electrolyser. The list does not exceed any boundaries,
concluding that the minimum boundary of the input power electrolyser can’t be exceeded.

The maximum input power of 40 kW is not reached in a normal run of the electrolyser. That is why the third
check is used to test this. The boundary of the max electrolyser power is lowered to 20 kW, this is lower then
would be reached in a normal run (about 25 kW). The results show a maximum electrolyser setpoint of 20 kW
for this run. Concluding that the boundaries of the electrolyser can’t be exceeded.

Min/ Max Metal Hydride

This can be verified using the first check. Normally the initial metal hydride storage value is set to 4800 kWh.
Two tests have been done, inserting a negative value for the initial metal hydride storage value or inserting a
positive value beyond the limit of 4800 kWh. Both tests result in an error with the warning: "MPC optimisation
did not find an optimal solution". Concluding that the boundaries of the daily battery can’t be exceeded.

Min/ Max Metal hydride Speed Limit

The minimum/ maximum speed of the metal hydride is not a constraint in the model, as it was confirmed in
the preliminary stages that the hydrogen. The maximum flow allowed by GKN hydrogen is 105 kg/hr (GKN
hydrogen, n.d.). In comparison, in the model, only 1.11 kg /hr is reached.

The code limits the potential negative hydrogen flow, as it is directly linked to the electrolyser setpoint, which is
a constraint between the positive values 0.1 and 1.0.

Min/ Max Fuel Cell

The fuel cell input power value can'’t be verified using the first check, as the power is determined by the MPC.
The lower boundary can be tested by using the second check. This is done by checking if no value in the
fuelcell_energy_usage list is negative and has a lower setpoint than 2.5 kW when the electrolyser is turned
on. Because 2.5 kW is the minimum input power for the fuel cell. The list does not exceed any boundaries,
concluding that the minimum boundary of the input power fuel cell can’t be exceeded.

The maximum input power of 25 kW is not reached in a normal run of the fuel cell. That is why the third check
is used to test this. The boundary of the max fuel cell power is lowered to 15 kW, this is lower then would be
reached in a normal run (about 20 kW). The results show a maximum fuelcell setpoint of 15 kW for this run.
Concluding that the boundaries of the fuel cell can’t be exceeded.

Min/ Max Grid Capacity

The maximum input and output grid capacity can be checked using the second check. In a normal run the max
input and output grid capacity is the allowed 40 kW. Therefore the maximum grid capacity will be set to 32 kW.
The results of the run show that the maximum grid input and output was 32 kW. Concluding that the maximum
boundaries can’t be exceeded.

Min/ Max Battery Speed Limit

The maximum charge and discharge speed of the battery can be checked using the second check. In a normal
run, the charge rate does not exceed 0.27 C, and the discharge rate does not exceed 0.08 C. Therefore, both
boundaries will be set to 0.05 C. The results of the run show that the battery charge and discharge log do not
exceed the 0.05 C speed for both charge and discharge. Concluding that the maximum boundaries can’t be
exceeded.

Implementation Check
The implementation check checks if the model implements certain features as expected. The expected way of
working is explained in chapter 3.

Efficiency

The efficiency within the MPC is calculated using breakpoints, and linear interpolation is used between the
breakpoints to determine the efficiency that is connected to the selected setpoint. This way, the computation
power required within the MPC is minimised while allowing the MPC to know the influence that the efficiency
curve has on the selection of a setpoint for the electrolyser and fuelcell.

Outside of the MPC, the determined setpoint is used to accurately calculate the efficiency of the electrolyser or
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fuel cell. To see if the efficiency is calculated correctly, the efficiency that is connected to a setpoint is calculated
by hand for both the electrolyser and the fuelcell.

The results for both the fuelcell and electrolyser show that the planned power corresponds with the right
efficiency for every setpoint, except for the first setpoint when the electrolyser or fuel cell is turned on. This can
be explained due to the start-up factor that is applied outside of the MPC. When multiplying by the start-up
factor, the efficiency corresponds with the planned power.

Start-up

The startup is implemented in the same way for both the electrolyser and the fuel cell. Therefore, the same
verification check can be done for both in the same run. To clearly see if the start-up works, the upper and lower
boundary of the electrolyser are set to 10 kW and for the fuel cell to 5 kW. In the data can be seen that the first
non-zero setpoint is 0.9583 for the electrolyser and 0.916 for the fuel cell. This corresponds with the start-up
time of 300 seconds for the electrolyser and 60 seconds for the fuelcell. Both the results of the electrolyser and
the fuelcell clearly show that the first setpoint is lower than the others, and all other setpoints have the same
setpoint value of 1.0. Concluding that the start-up of the electrolyser and fuelcell works.

Degradation

The degradation of the electrolyser and the fuel cell is implemented in the same way. To check if the degradation
works, the number of hours that a non-zero setpoint is given for the electrolyser or fuelcell can be multiplied
by the degradation factor per hour. In the run, there were 709 active hours for the electrolyser and 516 for the
fuelcell. These should correspond to 0.9964 and 0.9995, respectively. The degradation results are the same,
concluding that the degradation of the electrolyser and the fuel cell work.

The degradation of the metal is a bit different. The degradation is given per cycle instead of per hour of operation.
To check if the degradation works, the total value of the electrolyser output and the fuelcell input summed up
together can be multiplied by the maximum storage capacity of the metal hydride and divided by the maximum
storage capacity of the metal hydride, this value is multiplied by the degradation factor. The degradation value
should correspond to 0.9995, and that aligns with the degradation output of the run. Concluding that the
degradation of the metal hydride works.

Operational temperature

This check can be implemented similarly for the electrolyser and the fuel cell. The values of the component’s
setpoint and the output’s temperature are stored. After the run is finished, three non-zero setpoints of each
component will be randomly selected. Those setpoints are checked by hand if the operational temperature
matches the stored value in the model.

Electrolyser: The operational temperature is 50°C at a setpoint of 0 and 80°C at a setpoint of 1.0. The three
checked non-zero setpoints can be found in Table B.1

Setpoint | Temperature (K) | Correct?
1.0 353.15 yes
0.57 340.3 yes
0.2 329.15 yes

Table B.1: Operational temperature check electrolyser

Fuel cell: The operational temperature is 60°C at a setpoint of 0 and 85°C at a setpoint of 1.0. The three checked
non-zero setpoints can be found in Table B.2

Setpoint | Temperature (K) | Correct?
0.44 344.1 yes
0.25 339.3 yes

0.1 335.65 yes

Table B.2: Operational temperature check fuel cell

Electrolyser and fuel cell can’t be turned on at the same time
The best way to check this is to "force" this behaviour by changing the inputs of the system. This resulted in
Figure B.8.
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Figure B.8: Check if electrolyser and fuel cell are on at the same hour

The first point of interest is around the 700-hour mark, where the fuel cell turns off and the electrolyser turns on
almost directly with a high setpoint. The list of setpoints shows that the fuelcell turns off after hour 706, while
the electrolyser turns on at hour 710.

The second point of interest is around the 820-hour mark, where the electrolyser turns off, and the fuel cell turns
on almost directly with a high setpoint. The list of setpoints shows that the electrolyser turns off after hour 818,
while the fuel cell turns on at hour 822.

Concluding that the electrolyser and fuel cell can't operate within the same hour.

MPC objective

The MPC objective determines how to run the model in the most optimal way, as every objective term works as
a punishment to the model.

There are three different terms in the objective function. In order to verify if they all work as expected, each
weight factor will be individually set to zero. Effectively turning each objective function off individually.
Before conducting the verification test, a hypothesis will be given.

A_ grid equal to zero:
Hypothesis: The grid capacity is sufficiently large to fulfil the entire energy supply and Demand. Therefore, it is
expected that without a punishment for using the grid, the model won't use the grid at all.

Conclusion: Setting A grid equal to zero results in the model not using the metal hydride storage and the daily
battery as little as possible. As can be seen in Figure B.9 and Figure B.10.
Concluding that the verification test works as expected.
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Figure B.9: Daily hydrogen storage level: lambda_grid equal to zero
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Daily Energy Imported from and Exported to the Grid
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Figure B.10: Daily grid usage: lambda_grid equal to zero

A_on_off_electrolyser equal to zero:

Hypothesis: The electrolyser will be turned on and off more often, as this is not punished by the model. It is
expected that the electrolyser will have fewer total operating hours in total due to this change.

Conclusion: Setting A_on_off_electrolyser equal to zero results in the model turning the electrolyser more

frequently on and off, as can be seen in Figure B.11. This reduced the number of operational hours of the
electrolyser from 724 to 605.

Concluding that the verification test works as expected.
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Figure B.11: Electrolyser input and fuel cell output power: lambda on/off electrolyser equal to zero

A_on_off_fuelcell equal to zero:

Hypothesis: The fuel cell will be turned on and off more often, as this is not punished by the model. It is
expected that the fuel cell will have fewer total operating hours in total due to this change.

Conclusion: First, the model gave an error that setting A_on_off_fuelcell equal to zero results in the model
turning the fuel cell more frequently on and off, as can be seen in Figure B.12.
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Figure B.12: Electrolyser input and fuel cell output power: lambda on/off fuel cell equal to zero

However, from the moment that the metal hydride storage is full (around 4400 hours), the fuelcell and electrolyser
start to operate subsequential in order to ‘'waste” energy. Apparently, it is punished less for the model to do this
than to use the grid more.

But this is not a verification error, it would be an issue if it occurred while calibrating the weight factors. That is
why it can be concluded that the verification test works as expected.

A_change_setpoint equal to zero:
Hypothesis: The electrolyser and fuelcell will run with a greater change in setpoint in subsequent hours. This
will result in relatively higher setpoints and, therefore, fewer operational hours than normal.

Conclusion: At first, the MPC gave the error: "MPC optimisation did not find an optimal solution. This error
was solved by running the model with an increased maximum grid capacity. The grid capacity was increased to
100 kW.

This solved the error, but the results were not as expected. The maximum grid capacity increased to a maximum
of 55.61 kW in the period where there is a surplus of energy and the metal hydride storage is full (from April
onwards). However, during this period, the electrolyser and fuel cell are not used; therefore, setting the weight
factor of the setpoint change to zero should not make any difference.

The problem was: while the hydrogen storage level within the MPC was checked at the first hour, it was not
within again within each step within the prediction horizon, this allowed for the MPC to turn on the electrolyser
and fuel cell to ‘'waste” energy, without showing up in the results as there was and additional check of the
hydrogen storage outside of the MPC which overwrite the electrolyser setpoint to zero when the metal hydride
storage was full. This was only a problem when A change setpoint is equal to zero, as before the punishment for
changing the setpoint was great enough to prevent this behaviour from occurring.

To solve this problem Equation B.1 and Equation B.2 have been added to the constraints within the MPC.

If the hydrogen storage is full:

binary_variable (t) = 0
If Hstorage > Hmax - Pel,min = y_ el( ) Vit (B-l)
setpoint,(t) = 0
If the hydrogen storage is empty:
binary_variable; (t) = 0
If Hstorage < Hmin + Pfc,min = y fc( ) vt (B.Z)
setpoint; (t) = 0

While solving this problem, another problem showed, that it was found that only the first hour of the horizon
(at T=0) was punished when turning on/off the electrolyser or fuelcell and not within the entire horizon. This
was changed, and now turning the components on/off is punished for every step within the prediction horizon.

Now the results show the answer that is expected. First off, the maximum grid usage is the expected 29.13 kW.
Secondly, Figure B.13 shows that the change in setpoints is much greater than in a normal run.
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Figure B.13: Electrolyser input and fuel cell output power: lambda change setpoint equal to zero

Furthermore, the amount of operational hours of the electrolyser decreases from 724 to 651 hours, and the
amount of operational hours from the fuel cell decreases from 487 to 417 hours.
Concluding that the verification test works as expected.

A_on_off and A_setpoint_change are equal to zero:

Hypothesis: The (maximum) grid usage will stay the same, but as the control of the electrolyser and fuel cell is
turned off, it is expected that the electrolyser and fuel cell turn on/off frequently and have great changes in the
setpoint.

Conclusion: the grid usage throughout the year and the maximum grid import and export are the same, as can
be seen in Figure B.14.
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Figure B.14: Hourly grid grid import and export: lambda on/off and lambda setpoint change equal to zero

Additionally, as expected, the control of the electrolyser and fuel cell is turned off, the change between the
setpoints is great, and they are frequently turned on and off, as can be seen in Figure B.15.
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Figure B.15: Electrolyser input and fuel cell output per hour: lambda on/off and lambda setpoint change equal to zero

A_grid and A_setpoint_change are equal to zero:
Hypothesis: The grid usage will increase as there is no motivation for the model to minimise the grid usage.
Additionally, the electrolyser and fuel cell will not turn off and on after, but will have great changes in setpoint.

Conclusion: The peak grid usage is the maximum 40 kW for both the import and the export to the grid, as there
is no punishment for using the grid, and there is a punishment for using the electrolyser and fuel cell, as can be
seen in Figure B.16. This results in the model not using the electrolyser and fuel cell at all.
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Figure B.16: Daily grid usage: lambda grid and lambda on/off equal to zero

A_grid and A_on_off are equal to zero:

Hypothesis: The grid usage will increase as there is no motivation for the model to minimise the grid usage.
There is only a punishment for using the electrolyser and fuel cell, they will not be used.

Conclusion: The peak grid usage is the maximum 40 kW for both the import and the export to the grid, as there
is no punishment for using the grid, and there is a punishment for using the electrolyser and fuel cell, as can be
seen in Figure B.17. Notice that the pattern is different to that of Figure B.16.This results in the model not using
the electrolyser and fuel cell at all.



80

Daily Electricity Imported to and Exported from the Grid
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Figure B.17: Daily grid usage: lambda grid and lambda setpoint change equal to zero

Prection horizon
To check if the prediction horizon works, the prediction horizon will be set to 1 hour. Effectively removing the
ability of the model predictive control to look further than the current hour in the model.

Hypothesis: As itisnot possible for the model to plan ahead, it is expected that the model will use the electrolyser
and fuel cell more often, as well as the grid.

Conclusion: At first, the MPC gave the error: "MPC optimisation did not find an optimal solution. This can
be expected as the model should behave much less efficiently than it did before. To solve this error, the grid
capacity limit was increased to 100 kW.

This solved the error. The model now uses more grid power. Increasing the max electricity exported to the grid
from 30.30 kW to 86.7 kW and the max electricity imported from the grid from 15.15 kW to 35.24 kW. While the
total amount imported from the grid and exported to the grid did not change a lot.

Concluding that the verification check works as expected.

Reusing (exergy) heat

To check if the exergy heat works, the exergy results of the model will be compared to a hand calculation.

The simulation will be run for only the months of September, October and November. These months are chosen
because this is the transition from a positive to a negative net energy generation, and the seasonal energy storage
would be empty halfway through November. This allows for testing all situations that can occur during the
model (empty or full seasonal energy storage and positive or negative net energy generation). By running
the model only for two months, the uncertainty and complexity of the hand calculation are reduced without
reducing the added value of the verification check. At the start of the run, both the daily battery and the seasonal
energy storage are half full, 90 kWh and 2400 kWh, respectively.

The useful pictures with results of the run can be seen in Figure B.18 and Figure B.19. These figures might be
useful to understand the simulation run.
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Figure B.18: hydrogen storage over time result for hand calculation
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Figure B.19: Electrolyser and fuel cell power over time result for hand calculation

The inputs and results of the run that will be used for the hand calculation can be found in Table B.3.
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Table B.3: Inputs for hand calculation

Parameter Value | Unit
efficiency electrolyser 0.70 Y%
efficiency fuel cell 0.54 Y%
Non-zero setpoint electrolyser 386 hours
Non-zero setpoint fuel cell 417 hours
Average non-zero setpoint electrolyser 8.9 kW
Average non-zero setpoint fuel cell 6.2 kW
Useful waste heat electrolyser 86 Y%
Useful waste heat fuel cell 80 %
Unreacted hydrogen fuel cell 5 %
Average ambient temperature 2848 | °K
Average operating temperature electrolyser | 330 °K
Average operating temperature fuel cell 339 °K
Temperature absorption process 293 °K
Temperature desorption process 333 °K
Absorption enthalpy 24.3 kJ/mol
Desorption enthalpy 27.4 kJ/mol
LHV H2 241.92 | KJ/mol

Please note that the efficiency and operating temperatures are, during this test, forced to be constant. This
simplified the hand calculation, without reducing the added value of the energy balance check. Because these
variables have already been tested in previous verification checks.

Exergy calculation electrolyser:

Heat production,; = Active hours,; - Average setpoint,; - (1 — Efficiency,;) - Useful heat fraction,;
= 886 kWh

Tambient ) (B'3 )

Telectrolyser

Exergy heat,; = Heat production - (1 -
=121 kWh

Exergy calculation absorption process:

H
Heat production,ps = LHa\b/S - Active hours,; - Average setpoint,; - Efficiency,;
=230 kWh
Tambient (B.4)
Exergy heat,ps = Heat production,ps - (1 3 M)
Tabsorption

=6 kWh

Exergy calculation desorption process:

AHges . Active hoursy. - Average setpointy,

Heat productiongs =

LHVy, Efficiency f.
= —542 kWh
1 _ Jamp (B.5)
Exergy heat;,; = Heat productiong,; _ Tdes
Tic

= —498 kWh

Exergy calculation fuel cell:
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Active hoursy. - Average setpoint .

Heatproductionye = Efficiency - (1~ Efficiency c ~ Unused H2) - Useful heat fractiony
fc
= 1570 kWh
Exergy heats. = (Heat productions. + Heat productionps) - (1 _ ?mbient)
fuelcell

= 169 kWh
(B.6)

Total exergy production = exergy.; + exergy,ps + exergy s = 296 kWh.

This result of the hand calculation is quite close to the result of the model: total exergy production = 293 kWh.
The error between the two solutions (of 3 kWh) could be explained due to rounding errors. Concluding that the
exergy heat is reused in the model, as was expected.

Energy Balance Check

This is the most important check in the verification, as the thermodynamic laws are not actively used in this
model. This could create a situation where the model ‘creates’ energy. The energy balance check is used to
check if this is happening.

The simulation will be run for only the months of September, October and November. These months are chosen
because this is the transition from a positive to a negative net energy generation, and the seasonal energy storage
would be empty halfway through November. This allows testing all situations that can occur during the model
(empty or full seasonal energy storage and positive or negative net energy generation). At the start of the run,
the daily battery and the seasonal energy storage are filled up to 190 kWh and 1500 kWh, respectively.
Additionally, the following components, which have proven to be working as expected in other verification
checks, are not taken into account in the hand calculation and turned off in the model. This simplified the hand
calculation, without reducing the added value of the energy balance check.

® The reuse of exergy heat

¢ Degradation of components

e Start-up of components

¢ A constant value is used for the efficiency of the electrolyser and the fuelcell, 70% and 54%, respectively.

To make this calculation, the raw input data from Excel is used to prevent any use of values calculated in Python.
The sum of the net energy is the PV generation, and subtract all the demands. The total net energy is -5515 kWh
and corresponds to the sum of the net_energy_history in Python.

In figure Figure B.20, it is shown that the metal hydride storage is charged until just reaching the upper boundary
of 4800 kWh. Therefore, ((4800-1500)/0.7) 4714 kWh of power for the electrolyser is required, bringing the total
net energy to (-5515 - 4714) -10230 kWh.
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Figure B.20: Hydrogen storage over time Energy balance check
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The daily battery and metal hydride storage store together (4800%0.54 + 190) 2782 kWh of electrical energy. This
means that the remaining total net energy of (-10230 + 2782) -7448 kWh should come from the grid.

The results of the model export 20 kWh to the grid, and the import to the grid is 7617 kWh. In total, 7761 kWh is
imported from the grid.
This leaves a difference of (-7448 -20 + 7617) 149 kWh. This energy difference could not be explained.

It was eventually found that after calculating the outputs of the MPC, the battery energy level state was updated
in two separate steps within each time increment. While within the MPC, this was done in one timestep. The
two steps can be seen in Equation B.7.

net_energy_effective = electricity_input_total[global_hour] — electricity_demand[global_hour] — effective_heat

battery_energy += —applied_electrolyser_power + actual_fuelcell_output + (grid_input — grid_export)
(B.7)

In the first step, the battery energy level was adjusted using the net_energy_effective based on the effective heat
demand, electricity demand, and surplus or shortage from the PV panel production. Subject to the (dis)charge
limits, the code then updated the battery state by either charging (if net_energy_effective >= 0) or discharging (if
negative).

The second step introduced the flow of power to the electrolyser or grid, or from the fuel cell or grid. Although
these two steps nominally operate on different inputs, both updates affect the same battery level state. In effect,
energy flows related to the conversion processes and grid exchanges were being added twice: once through the
net balance (which indirectly included these flows) and a second time directly. In the overall simulation, this
redundancy resulted in an energy imbalance of about 149 kWh.

The battery level state was combined into a single step to address this problem, as can be seen in Equation B.8.
The definition of the variable delta_energy allowed for adding all the flow of energy in one step. This single step
ensures that each energy contribution is accounted for once, instead of twice.

delta_energy = electricity_input_total[global_hour] — electricity_demand[global_hour]
— effective_heat — applied_electrolyser_power (B.8)
+ actual_fuelcell_output + (grid_input — grid_export)

After implementing the changes, the check is done again. The results are the same until the model imports and
exports energy from the grid. Now, the model export is 44 kWh to the grid, and the import is 7490 kWh. In total,
7446 kWh is net imported grid energy.

This leaves a difference of -2 kWh. This difference could be explained due to rounding errors. Concluding that
the energy balance check has now passed the verification check.



Appendix: Extreme Cases

For all the extreme cases, the test data that will be checked per case, and the most extreme case of the input data,
will be used.

Extreme Case PV Generation

All the extreme cases are taken for 14 days. This has been determined by the fact that the period of days without
sun in the Netherlands is 14 days, measured in 1959 (NU.nl, 2024).

Maximum PV Generation During the Summer
The day of the year with the maximum sum of PV generation was measured in 2013 on the 2nd of June, in total

1179 kWh of electricity was generated. To build the extreme case, the data from this day is used for 14 days in a
row, as can be seen in Figure C.1.
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Figure C.1: Maximum PV generation during the summer: Energy balance per hour

Case 1: Normally, the metal hydride is already full in this period. What is the maximum grid capacity required
in this extreme case?
As can be seen in Figure C.2, the required grid capacity is 55.6 kW.
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Figure C.2: Case 1: Grid usage per hour
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Case 2: If starting from an empty metal hydride, with no maximum storage capacity, what would be the storage
level at the end of the 14 days?

It is found that the calibration of the model is not optimal in this extreme case, as the electrolyser is not turned
off and barely changes setpoint, as can be seen in Figure C.3. While in the meantime, during the hours without
electricity from the PV panels, the grid is used to compensate for the required power of the electrolyser, as can
be seen in Figure C.4. The final hydrogen storage level is 8.0 MWHh, as can be seen in Figure C.5. It took 203
hours to reach the original capacity of the metal hydride of 4.8 MWh.
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Figure C.3: Case 2: electrolyser input power
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Figure C.4: Case 2: Grid usage per hour
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Hydrogen Storage per Hour
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Figure C.5: Case 2: Hydrogen storage per hour

Minimum PV Generation During the Winter

The day of the year with the minimum sum of PV generation was measured in 2013 on the 27th of December; in
total, 17 kWh of electricity was generated. To build the extreme case, the data from this day is used for 14 days
in a row, as can be seen in Figure C.6.
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Figure C.6: Minimum PV generation during the winter: Energy balance per hour

Case 3: Normally, the metal hydride is already empty in this period. What is the maximum grid capacity
required in this extreme case?

As can be seen in Figure C.7, the required grid capacity is 15.8 kW.
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Figure C.7: Case 3: Grid usage per hour

Case 4: If starting from a full metal hydride, how many days does it take to use the entire metal hydride storage?

As can be seen in Figure C.8, it takes 195 hours to discharge the metal hydride storage. Although about 0.1
MWh of hydrogen is stored until hour 312, this is the hour when the prediction horizon has the last 24 values
within the horizon.

From the moment the metal hydride storage is empty, the grid starts to be used again, resulting in the same
required grid capacity of 15.8 kW.
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Figure C.8: Case 4: hydrogen storage per hour

Extreme Case Net Energy
All the extreme cases are taken for 14 days. This has been determined by the fact that the period of days without
sun in the Netherlands is 14 days, measured in 1959 (NU.nl, 2024).

Maximum Net Energy surplus in the Summer

The day with the maximum sum of net energy surplus was measured on the 2nd of June, the same as for the
maximum PV generation during the summer case. However, for this case, the metal hydride storage has its
original maximum capacity of 4.8 MWh.

As can be seen in Figure C.9, it takes 230 hours to charge the metal hydride storage. From the moment the metal
hydride storage is full, the grid starts to be used (as can be seen in Figure C.10), resulting in a required grid
capacity of 54.2 kW
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Figure C.9: Extreme case 5: Maximum net energy surplus in the summer - Hydrogen storage per hour
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Figure C.10: Extreme case 5: Maximum net energy surplus in the summer - Grid usage per hour

Minimum Net Energy Demand in the Winter

The day of the year with the minimum net energy demand in the winter is the 19th of January; in total, there
was a shortage of 399 kWh of net energy. To build the extreme case, the data from this day is used for 14 days in
a row, as can be seen in Figure C.11.
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Figure C.11: Minimum net energy demand during the winter: Energy balance per hour



90

Case 6: Normally, the metal hydride storage is already empty in this period. What is the maximum grid capacity
required in this extreme case?

As can be seen in Figure C.12, the required grid capacity is 16.9 kW.
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Figure C.12: Case 6: Grid usage per hour

Case 7: If starting from a full metal hydride, how many days does it take to use the entire metal hydride storage?

As can be seen in Figure C.13, it takes 185 hours to discharge the metal hydride storage. Although about 0.1
MWh of hydrogen is stored until hour 312, which is the hour when the prediction horizon has the last 24 values
within the horizon. From the moment the metal hydride storage is empty, the grid starts to be used again,
resulting in the same required grid capacity of 16.9 kW
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Figure C.13: Case 7: Hydrogen storage per hour

Case 8: Degradation of Components

The lifetime of the PEM electrolyser, metal hydride and PEM fuel cell is finite in the model as there is degradation.
The end of life is different for each of the components.

The end of life for the PEM electrolyser is reached when degraded by 10% (U.S. Department of Energy, 2023). It
takes 52631 hours of operation until the electrolyser reaches the end of its life.

The end of life for the PEM fuel cell is reached when degraded by 10% (Wu et al., 2008). It takes 25000 hours of
operation until the fuel cell reaches the end of its life.

The higher the degradation, the lower the efficiency of the electrolyser and the fuelcell. Therefore, more energy
is required as input to reach the same output. To make a better estimation of the operational hours when the
system is at the end of its life, a run will be done with the degraded starting values for all the components (using
average data of the 10 years). The average number of operational hours of the first year of operation and the last
year of operation will be taken to determine the average number of operational hours per year. The results can
be seen in Table C.1
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Operation hours: no degradation | Operational hours: max degradation | Average hours
Electrolyser 500 699 600
Fuel cell 727 385 556

Table C.1: Operational hours without degradation and with full degradation

This results in a lifetime of 87 years for the electrolyser and 44 years for the fuel cell.

The end of life for the TiFe Metal hydride is reached when degraded by 20% (L. Zhang, 1998). It takes 1176
cycles until the metal hydride reaches the end of its life. It experiences 2 full cycles in a year, taking 588 years of
use until the metal hydride is fully degraded.

This lifetime expectancy is very long. However, the effect values for degradation are determined by the use of a
system that runs for more hours during the year. When running this little hour during the year, calendar time
degradation becomes more important, which involves aspects such as corrosion and membrane drying.

Remove components from the system:
The year 2013 is used, as it has the relatively worst performance of the two test years.

Case 9: Available component: grid
The metal hydride storage is set to 0 kWh capacity and the daily battery to 0.001 kWh capacity, because setting it
to 0 causes decision by zero errors in the model.
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Figure C.14: Extreme case 9: Available component: grid: Grid level per hour

In Figure C.14, it can be seen that the peak of the electricity import is 36.6 kW, with a total grid import of 68.6
MWh kWh. As the peak export to the grid is 122.1 kW, with a total export of 95.1 MWh.

Case 10: Available component: Daily Battery
The year 2013 is used, as it has the relatively worst performance of the two test years.

The year starts with a full daily battery; to be able to do so, the year needs to start on the 15th of October, as the
surplus of energy at the start of October, that can’t be stored in the metal hydride or sent to the grid. To be able
to sustain over multiple years, the required energy over the year, the daily battery should be full at the end of
the year as well.

Neither the grid nor the metal hydride can be used.

Keep in mind that a minimalistic version of the daily battery was used in the model, as there are no efficiency
losses. Additionally, the self-discharge losses are not taken into account. Therefore, the outputs of this extreme
case do not correspond to a real case, but show the extreme case of the model.

As a result, 239 PV panels are required instead of 300, and a 41.9 MWh capacity for the daily battery. In
Figure C.15, the daily battery level over the year is shown.
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Figure C.15: Extreme case: Only using the daily battery: Battery level per day

Case 11: Available component: metal hydride
The year 2013 is used, as it has the relatively worst performance of the two test years.

The year starts with a full metal hydride; to be able to do so, the year needs to start on the 15th of October, as the
surplus of energy at the start of October, that can’t be stored in the metal hydride or sent to the grid. To be able
to sustain over multiple years, the required energy over the year, the metal hydride should be full at the end of
the year as well.

Neither the grid nor the daily battery can be used. However, it is not possible in the model to set the daily
battery capacity to 0 kWh; 20 kWh is the minimum battery capacity that is required for the model to not result
in an error in this extreme case.

As the grid is unavailable, the electrolyser power should be increased to 167 kW to match the maximum net
energy generation. The fuel cell should be increased to 26 KW to match the lowest net energy value.

To be able to fully charge the metal hydride at the end of the year, 426 PV panels are required instead of 300.

As a result, a 63.0 MWh metal hydride storage is required. In total, 8.3 20ft containers are required for the
storage of the metal hydride. In Figure C.16, the daily metal hydride storage level over the year is shown.
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Figure C.16: Extreme case: Only using the metal hydride: Metal hydride level per day

Case 12: Off-grid system
The year 2013 is used, as it has the relatively worst performance of the two test years.

The year starts with a full metal hydride; to be able to do so, the year needs to start on the 15th of October, as the
surplus of energy at the start of October, that can’t be compensated for by the grid.

In case there is no grid available, the metal hydride storage should be large enough to cover the entire net energy
demand with the metal hydride storage and be able to recharge the metal hydride storage back to full again, to
be ready for next year. This is calculated by changing the size of the metal hydride as well as the number of PV
panels. As the original total PV generation is insufficient to charge the metal hydride storage to full again.
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This results in an increase of the size of the metal hydride storage from 4.8 MWh to 60.8 MWHh, as can be seen
in Figure C.17. In total, 8.1 20ft containers are required for the storage of the metal hydride. Additionally, an
increase of PV panels from 300 to 346 is required to fill the metal hydride storage back up to full again at the end
of the year.
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Figure C.17: Extreme case: No grid capacity available: Metal hydride storage per day

Grid Power outage

During a power outage, the grid is not available to be used. In reality, there is no export or import of electricity
possible. In code, only the import of electricity will be set to 0 kW. In reality, the solar panels will be turned off
to prevent the surplus of electrical energy from being exported to the grid. To imitate this in the code, the export
to the grid will be unlimited. All the electricity in the model that is exported will be curtailed in reality.

The year 2013 is used, as it has the relatively worst performance of the two test years.
The extreme cases of the start of the astrometric seasons will be put to the test.

Case 13: How Long Could the System Last if There Is a Power Outage During the Summer

During the start of the summer (21st of June), the metal hydride storage is already full under normal conditions.
This means that all the surplus electricity from the solar panels is curtailed in the summer. From the moment
that the net energy becomes negative, the metal hydride storage needs to be used.

This results in a possible power outage of 135 days. In the first 110 days, the PV production in combination with
the daily battery is sufficient to fulfil the energy demand. From day 111, as can be seen in Figure C.18, the metal
hydride needs to be used; after 25 days, the metal hydride storage is empty. From that moment on, the system
would need to start using the grid.
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Figure C.18: Extreme case: grid outage summer: Hydrogen storage per day
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In Figure C.19, it can be seen how much electricity from the PV power should be curtailed in reality per day. In
total, 36 MWh of electricity from the PV panels needed to be curtailed in the summer.
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Figure C.19: Extreme case: grid outage summer: Grid export per day

Case 14: How Long Could the System Last if There Is a Power Outage During the Autumn

During the start of the autumn (22nd of September), the metal hydride storage is already full under normal
conditions.

Therefore, the results are the same for the summer, but the power outage would only be able to last for 42 days,
as there are fewer days with a positive net energy generation, compared to starting in the summer.

Case 15: How Long Could the System Last if There Is a Power Outage During the Winter
During the start of the winter (21st of December), the metal hydride storage is already empty under normal

conditions. In that case, a full daily battery would empty after 1 day. From the second day, the system would
need to start using the grid.

However, in order for this extreme case, the run will also start with a full metal hydride. This results in a
possible power outage of 8 days. In Figure C.20, it can be seen that after 8 days, the metal hydride storage is
empty. From that moment on, the system would need to start using the grid.
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Figure C.20: Extreme case: grid outage winter: Grid export per hour

Case 16: How Long Could the System Last if There Is a Power Outage During the Spring

During the start of the spring (20th of March), the metal hydride storage is almost empty (around 800 kWh)
under normal conditions. But the net energy is high enough during the not require the grid. Therefore, the
results are the same as for the summer, but the power outage would be able to last for 228 days, as there are

more days with a positive net energy, compared to starting in the summer. In Figure C.21, the metal hydride
storage level per day can be seen.
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Figure C.21: Extreme case: grid outage spring: Hydrogen storage per day

In total, 58 MWh of electricity from the PV panels needed to be curtailed during the spring and summer.
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Appendix: Python Code

import numpy as np

import matplotlib.pyplot as plt

import matplotlib.dates as mdates
import pandas as pd

from datetime import date

from dateutil.rrule import rrule, DAILY
from gurobipy import Model, GRB

file_path = r"C:\Users\AL33325\OneDrive.-_.Alliander_NV\Documents\Thesis\Input._python.model.xlsx"
df_ipp = pd.read_excel(file_path, sheet_name="Average.over._l0_.years", skiprows=10) #Average over 10
years , 2013, 2015

# Simulation time & season settings

startup = True # Components require a startup ramp when turned on

degradation = True # Degradation multipliers will update over time

grid_capacity_limit = True # Limit the grid capacity

use_exergy_heat = True # The exery heat is used to (partly) fulfill the heat demand

use_efficiency_curve_MPC = True # Use breakpoints of efficiency curve in MPC, if off a constant is
used

use_uncertainty = True # Add uncertainty to the prediction horizon

# MPC-specific parameters (switching, setpoint change, grid weight)

lambda_grid = 20 # punish the grid input and output # onder de 10 gaat het systeem
het grid niet meer gebruiken...

lambda_on_off_electrolyser = 130 # additional penalty for electrolyser on/off switching

lambda_on_off_fuelcell = 190 # additional penalty for fuel cell on/off switching
lambda_setpoint_change = 74 # punish how much the EL and FC change their setpoint
num_days = 365 # Days

start_date = date(2013, 10, 1)
start 1th of October
horizon_hour = 24 # Hours

3*

Year/month/day # start date of simulation # in normal conditions

# Fixed input parameters

yearly_space_heat_demand = 16400 # kWh
yearly_domestic_hot_water = 23160 # kWh
yearly_electricty_demand = 72000 # kWh
yearly_PV_supply = 138000 # kWh
maximum_grid_capacity = 40 # kW

# Battery parameters
C_charge_battery =1
C_discharge_battery =1

Charging rate
Discharging rate

H* W W W K

min_energy_battery = 0 kWh
max_storage_capacity_battery = 380 kWh
initial_energy_battery = max_storage_capacity_battery/2 kWh

# Electrolyser parameters
electrolyser_temp_min = 50 # DegC
electrolyser_temp_max = 80 # DegC
electrolyser_useful_waste_heat = 0.92 # Fraction
electrolyser_preheat_deionized_water = 0.07 # Fraction
electrolyser_startup = 30 # seconds startup ramp
electrolyser_degradation_rate = 0.0000019 # fraction degradation per hour
electrolyser_max_power = 40 # kW

electrolyser_min_power = electrolyser_max_power*0®.1 # kW (minimum operating power)

# Metal hydride storage parameters

min_storage_capacity_MH = 0 # kih

max_storage_capacity_MH = 4800 # Kkih

initial_energy_MH_year = 4800 # KkWh
metalhydride_degradation_rate = 0.00017 #fraction # degradation per cycle!!
MH_molarmass = 0.1037 # kg/mol

# Absorption process (for TiFe)
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deltaH_abs = 24.3 # kJ/mol
temp_abs = 20 # degC

# Desorption process (for TiFe)
deltaH_des = 27.4 # kJ/mol
temp_des = 60 # DegC

# Fuel cell parameters
fuelcell_usable_heat = 0.8 # Fraction of heat that is not
internally used
fuelcell _unreacted_hydrogen = 0.05
unreacted
fuelcell_temp_min = 60
fuelcell_temp_max = 85
fuelcell_startup = 60
fuelcell_degradation_rate = 0.000004
fuelcell_max_power_output 25
fuelcell_min_power_output = fuelcell_max_power_output®0.1

£

Fraction of hydrogen that remains

DegC

DegC

Seconds startup ramp

Fraction degradation per hour
kw

kW (minimum operating power)

= oH W K K W

# Other constants
COP_space_heating = 4

COP_dhw = 2.5

LHV_H2_mol = 241.92 # kJ/mol
hours_per_day = 24 # Hour
seconds_per_hour = 3600 # Seconds

# Uncertainty parameter
if use_uncertainty:
uncertainty_horizon_input_electricity = 0.0691/2 # fraction, maximum uncertainty added/
subtracted (half of uncertainty added and half subtracted from mean) # +-3.455%
uncertainty_horizon_demand_electricity = 0.0384 / 2 # fraction, maximum uncertainty added/
subtracted (half of uncertainty added and half subtracted from mean) # +-1.92%
uncertainty_horizon_demand_heat= 0.0895 / 2 # fraction, maximum uncertainty added/
subtracted (half of uncertainty added and half subtracted from mean) # +-4.475%
else:
uncertainty_horizon_input_electricity = 0
uncertainty_horizon_demand_electricity = 0
uncertainty_horizon_demand_heat= 0

# Degradation (start at 1.0 = no degradation)
electrolyser_degradation = 1.0
metalhydride_degradation = 1.0
fuelcell_degradation = 1.0

# Start code
total_hours = num_days * hours_per_day
start_day = start_date.timetuple().tm_yday

# Setup season start indices

# Read and scale input data using vectorized operations

start_index = (start_day - 1) * hours_per_day

first_half = df_ipp.iloc[:start_index]

second_half = df_ipp.iloc[start_index:-11]

df_shifted = pd.concat([second_half, first_half], ignore_index=True)
available_energy_MH = initial_energy_MH_year

electricity_input_n = pd.to_numeric(df_shifted.iloc[:total_hours, 1], errors=’coerce’).values

ambient_temp = pd.to_numeric(df_shifted.iloc[:total_hours, 2], errors=’coerce’).values

space_heat_demand_n = pd.to_numeric(df_shifted.iloc[:total_hours, 3], errors=’coerce’).values

electricity_demand_n = pd.to_numeric(df_shifted.iloc[:total_hours, 4], errors=’coerce’).values

domestic_hot_water_demand_n = pd.to_numeric(df_shifted.iloc[:total_hours, 5], errors=’'coerce’).
values

# Scale inputs

electricity_input_total = electricity_input_n yearly_PV_supply

space_heat_demand = space_heat_demand_n * yearly_space_heat_demand
electricity_demand = electricity_demand_n * yearly_electricty_demand
domestic_hot_water_demand = domestic_hot_water_demand_n * yearly_domestic_hot_water

ambient_temp_K = ambient_temp + 273.15
electrolyser_temp_min_K = electrolyser_temp_min + 273.15
electrolyser_temp_max_K = electrolyser_temp_max + 273.15
fuelcell_temp_min_K = fuelcell_temp_min + 273.15
fuelcell_temp_max_K = fuelcell_temp_max + 273.15
temp_abs_K = temp_abs + 273.15

temp_des_K = temp_des + 273.15
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#efficiency electrolyser

electrolyser_efficiency_MPC_noS0S2 = 0.70 #average efficiency over input

x_data = np.array([6.1, 0.2, 6.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0])

y_data = np.array([0.73, ©0.74, 60.75, 0.74, .73, 0.72, 0.70, 0.67, 0.63, 0.60 ])
coeffs = np.polyfit(x_data, y_data, 3)

a, b, ¢, d = coeffs

def electrolyser_efficiency_curve(setpoint):
x = max(0.1, min(l1.0, setpoint))
return a*x**3 + b*x**2 + c*x + d

#efficiency fuelcell
fuelcell_efficiency_MPC_noS0S2 = 0.54 # Average efficiency over input
def fuelcell_efficiency_curve(setpoint):
if setpoint <= 0.1:
return 0.56
elif setpoint < 0.2:
return 0.3*setpoint + 0.53
elif setpoint <= 1.0:
return -0.125*setpoint + 0.615
else:
return 0.0

# SOS2 breakpoint definitions for efficiency approximations

breakpoint_electrolyser = [0.1, 0.3, 0.65, 1.0]

electrolyser_efficiency_MPC = [electrolyser_efficiency_curve(breakpoint_electrolyser[0]),
electrolyser_efficiency_curve (breakpoint_electrolyser[1]), electrolyser_efficiency_curve(
breakpoint_electrolyser[2]), electrolyser_efficiency_curve(breakpoint_electrolyser[3])]

factor_electrolyser = [breakpoint_electrolyser[i]*electrolyser_efficiency_MPC[i] for i in range(len(
breakpoint_electrolyser))]

breakpoint_fuelcell = [0.1, 0.2, 1.0]

fuelcell_efficiency_MPC = [fuelcell efficiency_curve(breakpoint_fuelcell[0]),
fuelcell_efficiency_curve(breakpoint_fuelcell[1]), fuelcell_efficiency_curve(breakpoint_fuelcell
[21)1]

factor_fuelcell = [breakpoint_fuelcell[i]/fuelcell_efficiency_MPC[i] for i in range(len(
breakpoint_fuelcell))]

def compute_startup_factor(startup_remaining, startup_total, dt=seconds_per_hour):
if startup_remaining < dt:
ramp_avg = (((startup_total - startup_remaining) / startup_total) + 1) / 2

total_avg = (ramp_avg * startup_remaining + 1 * (dt - startup_remaining)) / dt
return total_avg

else:
f_start = (startup_total - startup_remaining) / startup_total

f_end = (startup_total - startup_remaining + dt) / startup_total
return (f_start + f_end) / 2

# MPC function with minimum setpoint constraints and both-off possibility
def mpc_step(current_hour, battery_energy, hydrogen_storage, degradation_elec, degradation_fc,
prev_setpoint_electrolyser, prev_setpoint_fuelcell, horizon=horizon_hour,
uncertainty_horizon_demand_electricity=uncertainty_horizon_demand_electricity,
uncertainty_horizon_input_electricity=uncertainty_horizon_input_electricity,
uncertainty_horizon_demand_heat = uncertainty_horizon_demand_heat,
lambda_setpoint_change=lambda_setpoint_change, lambda_on_off_electrolyser=
lambda_on_off_electrolyser, lambda_on_off_fuelcell=lambda_on_off_fuelcell):
= Model ()
minChorizon, len(electricity_input_total) - current_hour)

=
|

T

# Generate uncertainty for forecast: current hour deterministic (0), future hours get random
noise
indices = np.arange(current_hour, min(current_hour + T, len(electricity_input_total)))
if len(indices) > 1:
uncertainty_input = np.concatenate(([0],electricity_input_total[indices[1:]] np.random.
uniform(-uncertainty_horizon_input_electricity, uncertainty_horizon_input_electricity,
len(indices) - 1)))
uncertainty_demand = np.concatenate(([0],electricity_demand[indices[1:]] * np.random.uniform
(-uncertainty_horizon_demand_electricity, uncertainty_horizon_demand_electricity, len(
indices) - 1)))
uncertainty_heat = np.concatenate(([0], space_heat_demand[indices[1:]] * np.random.uniform(-
uncertainty_horizon_demand_heat, uncertainty_horizon_demand_heat, len(indices) - 1)))
uncertainty_domestic_hot_water = np.concatenate(([0],domestic_hot_water_demand[indices[1:]]
* np.random.uniform(-uncertainty_horizon_demand_heat, uncertainty_horizon_demand_heat,
len(indices) - 1)))

else:



190

191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218

219
220
221
222
223
224
225
226
227
228

229
230

231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261

99

uncertainty_input = uncertainty_demand = uncertainty_heat = uncertainty_domestic_hot_water =
np.array ([0])

E_in = np.clip(electricity_input_total[indices] + uncertainty_input, 0O, None)

E_dem = np.clip(electricity_demand[indices] + uncertainty_demand, 0, None)

H_dem = np.clip(space_heat_demand[indices] + uncertainty_heat, 0, None)

DHW_dem = np.clip(domestic_hot_water_demand[indices] + uncertainty_domestic_hot_water, ®, None)
net_energy = E_in - E_dem - H_dem - DHW_dem

# Start Constraints:

# Decision variables: continuous setpoints (fractions in [0.1,1])
setpoint_electrolyser = m.addVars(T, 1lb=0, ub=1, name="setpoint_electrolyser")
setpoint_fuelcell = m.addVars(T, 1lb=0, ub=1, name="setpoint_fuelcell")

# Single binary variable for switching (1 selects electrolyser; 0 selects fuel cell)
y = m.addVars(T, vtype=GRB.BINARY, name="y")
for t in range(T):
m.addConstr(setpoint_electrolyser[t] <= y[t])
m.addConstr(setpoint_fuelcell[t] <= 1 - y[t])
electrolyser_active = m.addVars(T, vtype=GRB.BINARY, name="electrolyser_active")
fuelcell_active = m.addVars(T, vtype=GRB.BINARY, name="fuelcell_active")
for t in range(T):
Link the additional binaries to the switching decision:
.addConstr(electrolyser_active[t] <= y[t])
.addConstr (fuelcell_active[t] <= 1 - y[t])
Force the setpoint to be zero if the unit is not active:
.addConstr (setpoint_electrolyser[t] <= electrolyser_active[t])
.addConstr(setpoint_fuelcell[t] <= fuelcell_active[t])

F*

82 8 58 8

# Define minimum operating fractions (if the unit is on, its setpoint must be at least this

value)
min_electrolyser_setpoint = electrolyser_min_power / electrolyser_max_power
min_fuelcell_setpoint = fuelcell_min_power_output / fuelcell_max_power_output

for t in range(T):
m.addConstr(setpoint_electrolyser[t] >= min_electrolyser_setpoint electrolyser_active[t])
m.addConstr(setpoint_fuelcell[t] >= min_fuelcell_setpoint * fuelcell_active[t])

# Battery and hydrogen dynamics
battery = m.addVars(T+1, lb=min_energy_battery, ub=max_storage_capacity_battery, name="battery")
m.addConstr (battery[0] == battery_energy)
hydrogen = m.addVars(T+1, lb=min_storage_capacity_MH, ub=max_storage_capacity_MH *
metalhydride_degradation, name="hydrogen")
hydrogen_storage = min(hydrogen_storage, max_storage_capacity_MH * metalhydride_degradation)
if hydrogen_storage >= max_storage_capacity_MH * metalhydride_degradation -
electrolyser_min_power*1
for t in range(T):
m.addConstr(electrolyser_active[t] == 0)
m.addConstr (setpoint_electrolyser[t] == 0)
m.addConstr (hydrogen[0] == hydrogen_storage)
if hydrogen_storage <= min_storage_capacity_MH + fuelcell_min_power_output*1:
for t in range(T):
m.addConstr (fuelcell_active[t] == 0)
m.addConstr (setpoint_fuelcell[t] == 0)

# Start objective function MPC:
# Grid variables (kW)
if grid_capacity_limit:
grid_export = m.addVars(T, 1lb=0, ub= maximum_grid_capacity, name="grid_export")
grid_input = m.addVars(T, 1b=0, ub= maximum_grid_capacity, name="grid_input")
grid_usage = m.addVar(lb=0, ub= maximum_grid_capacity, name="z")
for t in range(T):
m.addConstr (grid_export[t] <= grid_usage)
m.addConstr (grid_input[t] <= grid_usage)
else:
grid_export = m.addVars(T, 1lb=0, name="grid_export")
grid_input = m.addVars(T, 1b=0, name="grid_input")
grid_usage = m.addVar(lb=0, name="z")
for t in range(T):
m.addConstr (grid_export[t] <= grid_usage)
m.addConstr (grid_input[t] <= grid_usage)
obj = lambda_grid * grid_usage

# On/off transition binaries for every step including t=0
epsilon = le-2

u_elec = m.addVars(T, vtype=GRB.BINARY, name="u_elec")
u_fc = m.addVars (T, vtype=GRB.BINARY, name="u_fc")
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# Link initial transition (prev -> t=0)
prev_active_elec = 1 if prev_setpoint_electrolyser > epsilon else 0

prev_active_fc = 1 if prev_setpoint_fuelcell > epsilon else 0

# transition at t=0

m.addConstr(u_elec[0®] >= electrolyser_active[0®] - prev_active_elec)

m.addConstr(u_elec[0] >= prev_active_elec - electrolyser_active[0])

m.addConstr (u_£fc[0] >= fuelcell_active[0] - prev_active_£c)

m.addConstr (u_£fc[0] >= prev_active_£fc - fuelcell_active[0])

# transitions for t>0

for t in range(l, T):
m.addConstr(u_elec[t] >= electrolyser_active[t] - electrolyser_active[t-1])
m.addConstr(u_elec[t] >= electrolyser_active[t-1] - electrolyser_active[t])
m.addConstr (u_fc[t] >= fuelcell_active[t] - fuelcell_active[t-1])
m.addConstr (u_£fc[t] >= fuelcell_active[t-1] - fuelcell_active[t])

%

obj += lambda_on_off_electrolyser sum(u_elec[t] for t in range(l, T))
obj += lambda_on_off_fuelcell * sum(u_fc[t] for t in range(l, T))

# Setpoint change cost variables
delta®_elec = m.addVar(1lb=0, name="delta®_electrolyser")

delta®_fc = m.addVar (1lb=0, name="delta®_fuelcell")

m.addConstr (delta®_elec >= setpoint_electrolyser[0] - prev_setpoint_electrolyser)
m.addConstr(delta®_elec >= prev_setpoint_electrolyser - setpoint_electrolyser[0])
m.addConstr (delta®_fc >= setpoint_fuelcell[0] - prev_setpoint_fuelcell)
m.addConstr (delta®_fc >= prev_setpoint_fuelcell - setpoint_fuelcell[0])

delta_electrolyser = m.addVars(T-1, 1b=0, name="delta_electrolyser")
delta_fuelcell = m.addVars(T-1, 1b=0, name="delta_fuelcell")
for t in range(l, T):
m.addConstr(delta_electrolyser[t-1] >= setpoint_electrolyser[t] - setpoint_electrolyser[t

=11
m.addConstr(delta_electrolyser[t-1] >= setpoint_electrolyser[t-1] - setpoint_electrolyser[t
D
m.addConstr (delta_fuelcell[t-1] >= setpoint_fuelcell[t] - setpoint_fuelcell[t-1])
m.addConstr (delta_fuelcell[t-1] >= setpoint_fuelcell[t-1] - setpoint_fuelcell[t])

s

obj += lambda_setpoint_change (delta®_elec + delta®_fc + sum(delta_electrolyser.values()) +
sum(delta_fuelcell.values()))

# SO0S2 approximations for the efficiency functions in hydrogen dynamics
efficiency_electrolyser_term = {}
efficiency_fuelcell_term = {}

if use_efficiency_curve_MPC:
for t in range(T):
# Electrolyser efficiency curve MPC formulation
lambda_electrolyser = m.addVars(len(breakpoint_electrolyser), 1b=0, name="
lambda_electrolyser_%d" % t)
m.addConstr (sum(lambda_electrolyser[i] for i in range(len(breakpoint_electrolyser))) ==
electrolyser_active[t])
m.addConstr (setpoint_electrolyser[t] == sum(breakpoint_electrolyser[i]
lambda_electrolyser[i]
for i in range(len(breakpoint_electrolyser)))
)
efficiency_electrolyser_term[t] = m.addVar(name="efficiency_electrolyser_term_%d" % t)
m.addConstr(efficiency_electrolyser_term[t] == sum(factor_electrolyser[i] *
lambda_electrolyser[i]
for i in range(len(
breakpoint_electrolyser))))
m.addSOS (GRB.SOS_TYPE2, [lambda_electrolyser[i] for i in range(len(
breakpoint_electrolyser))])

# Fuel Cell efficiency curve MPC formulation
lambda_fc = m.addVars(len(breakpoint_fuelcell), 1b=0, name="lambda_fc_%d" % t)
m.addConstr (sum(lambda_fc[i] for i in range(len(breakpoint_fuelcell))) ==
fuelcell_active[t])
m.addConstr (setpoint_fuelcell[t] == sum(breakpoint_fuelcell[i] * lambda_fc[i]
for i in range(len(breakpoint_fuelcell))))

efficiency_fuelcell_term[t] = m.addVar(name="_efficiency_fuelcell_term_%d" % t)
m.addConstr( efficiency_fuelcell_term[t] == sum(factor_fuelcell[i] * lambda_£fc[i]

for i in range(len(breakpoint_fuelcell))))
m.addSOS (GRB.SOS_TYPE2, [lambda_fc[i] for i in range(len(breakpoint_fuelcell))])

# Dynamics constraints for battery and hydrogen with S0S2
m.addConstr (battery[t+1] == battery[t] + net_energy[t] + grid_input[t] - grid_export[t]
- setpoint_electrolyser[t]*electrolyser_max_power + setpoint_fuelcell[t]*
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fuelcell_max_power_output)
m.addConstr (hydrogen[t+1] == hydrogen[t] + electrolyser_max_power
efficiency_electrolyser_term[t]
- fuelcell_max_power_output/degradation_fc * efficiency_fuelcell_term[t])
m.addConstr (hydrogen[t] >= fuelcell_min_power_output * setpoint_fuelcell[t])

*

degradation_elec *

# Not using efficiency curve approximation, but just using a constant value for the efficiencies
of electrolyser and fuelcell
else:
for t in range(T):
# Dynamics constraints for battery and hydrogen without S0S2
m.addConstr (battery[t+1] == battery[t] + net_energy[t] + grid_input[t] - grid_export[t]
- setpoint_electrolyser[t]*electrolyser_max_power + setpoint_fuelcell[t]*
fuelcell_max_power_output)
m.addConstr (hydrogen[t+1] == hydrogen[t] + setpoint_electrolyser[t]*
electrolyser_max_power*degradation_elec*electrolyser_efficiency_MPC_noS0S2
- setpoint_fuelcell[t]*fuelcell_max_power_output/(degradation_fc*

fuelcell_efficiency_MPC_noS0S2))

m.addConstr (hydrogen[t] >= fuelcell_min_power_output

m.setObjective(obj, GRB.MINIMIZE)
m.Params.OutputFlag = 0
m.optimize ()

if m.status != GRB.OPTIMAL:

setpoint_fuelcell[t])

print("Warning: _MPC_optimization._did.not.find_ an_.optimal_solution.")

if m.status == GRB.INFEASIBLE:
m.computeIIS(Q)
m.write("model.ilp")
return

setpoint_electrolyser_0 = setpoint_electrolyser[0].X
setpoint_fuelcell_0 = setpoint_fuelcell[0].X

grid_export_® = grid_export[0].X
grid_input_0 = grid_input[0].X
battery_next = battery[1].X
hydrogen_next = hydrogen[1].X
grid_usage_val = grid_usage.X

return setpoint_electrolyser_0, setpoint_fuelcell 0,

, battery_next, hydrogen_next

# Initialize states

battery_energy = initial_energy_battery
hydrogen_storage_log = [available_energy_MH]
battery_history = []

grid_export_history = []

grid_input_history = []

net_energy_history = []

electrolyser_setpoint_history = []
fuelcell_setpoint_history = []
electrolyser_energy_usage = []

fuelcell_electrical_output = []
fuelcell_h2_input_history = []
electrolyser_heat_history = []
absorption_heat_history = []
fuelcell_heat_history = []
exergy_heat_history = []
effective_heat_demand_history = []
met_by_exergy_history = []
required_H2_history = []
battery_charge_log = []
battery_discharge_log = []
potential_H2_history = []
exergy_des_required_history = []
max_battery_C_charge_required_history = []
max_battery_C_discharge_required_history = []
electrolyser_temp_K_history = []
fuelcell_temp_K_history = []
used_exergy_for_space_heating_history = []
used_exergy_for_dhw_history = []
usable_heat_fuelcell_history = []
fuelcell_exergy_history = []
fuelcell_exery_minus_des_exergy_history = []
electrolyser_exergy_history = []
absorption_exergy_history = []
heat_required_des_history = []

grid_export_0, grid_input_0, grid_usage_val
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electrolyser_efficiency_history = []
fuelcell_efficiency_history = []
planned_fuelcell_power_history = []
planned_electrolyser_power_history = []

# Startup dynamics flags and counters
electrolyser_active = False

electrolyser_startup_remaining = electrolyser_startup
fuelcell_active = False
fuelcell_startup_remaining = fuelcell_startup

global_hour = 0
while global_hour < total_hours:

prev_setpoint_electrolyser = electrolyser_setpoint_history[-1] if electrolyser_setpoint_history
else 0.0
prev_setpoint_fuelcell = fuelcell_setpoint_history[-1] if fuelcell_setpoint_history else 0.0

# Solve MPC

setpoint_electrolyser, setpoint_fuelcell, grid_export, grid_input, battery_next_mpc,
hydrogen_next_mpc, grid_usage_val = mpc_step(
current_hour=global_hour,
battery_energy=battery_energy,
hydrogen_storage=hydrogen_storage_log[-1],
degradation_elec=electrolyser_degradation,
degradation_fc=fuelcell_degradation,
prev_setpoint_electrolyser=prev_setpoint_electrolyser,
prev_setpoint_fuelcell=prev_setpoint_fuelcell,
horizon=horizon_hour,
uncertainty_horizon_input_electricity=uncertainty_horizon_input_electricity,
uncertainty_horizon_demand_electricity=uncertainty_horizon_demand_electricity,
uncertainty_horizon_demand_heat=uncertainty_horizon_demand_heat,
lambda_setpoint_change=lambda_setpoint_change,
lambda_on_off_electrolyser=lambda_on_off_electrolyser,
lambda_on_off_fuelcell=1lambda_on_off_fuelcell

)

# MPC outputs

planned_electrolyser_power = setpoint_electrolyser electrolyser_max_power

planned_fuelcell_power = setpoint_fuelcell * fuelcell_max_power_output

*

planned_fuelcell_power_history.append(planned_fuelcell_power)
planned_electrolyser_power_history.append(planned_electrolyser_power)

# Electrolyser startup dynamics:
if startup:
if planned_electrolyser_power > 0:
if not electrolyser_active:
electrolyser_startup_factor = compute_startup_factor(electrolyser_startup_remaining,
electrolyser_startup, dt=seconds_per_hour)
applied_electrolyser_power = planned_electrolyser_power
electrolyser_startup_factor
electrolyser_startup_remaining -= seconds_per_hour
if electrolyser_startup_remaining <= 0:
electrolyser_active = True
electrolyser_startup_remaining = 0
else:
print(f"Electrolyser._in.startup,.factor:.{electrolyser_startup_factor:.2f}, .
remaining:.{electrolyser_startup_remaining}.s")
else:
applied_electrolyser_power = planned_electrolyser_power
else:
electrolyser_active = False
electrolyser_startup_remaining = electrolyser_startup
applied_electrolyser_power = 0

# Fuel cell startup dynamics:
if planned_fuelcell_power > 0:
if not fuelcell_active:
fuelcell_startup_factor = compute_startup_factor(fuelcell_startup_remaining,
fuelcell_startup, dt=seconds_per_hour)
applied_fuelcell_power = planned_fuelcell_power
fuelcell_startup_remaining -= seconds_per_hour
if fuelcell_startup_remaining <= 0:
fuelcell_active = True
fuelcell_startup_remaining = 0

fuelcell_startup_factor
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else:

print (f"Fuel.cell_in,.startup,.factor:.{fuelcell_startup_factor

{fuelcell_startup_remainingl}.s")

else:
applied_fuelcell_power = planned_fuelcell_power
else:
fuelcell_active = False
fuelcell_startup_remaining = fuelcell_startup

applied_fuelcell_power = 0
else:
applied_electrolyser_power = planned_electrolyser_power
applied_fuelcell_power = planned_fuelcell_power

# Electrolyser setpoint and efficiency

setpoint_electrolyser = applied_electrolyser_power / electrolyser_max_power if

electrolyser_max_power > 0 else 0

electrolyser_efficiency = electrolyser_efficiency_curve(setpoint_electrolyser)
* electrolyser_degradation

potential_H2 = applied_electrolyser_power * electrolyser_efficiency
electrolyser_output = potential_H2

# Check hydrogen storage capacity

current_H2_storage = hydrogen_storage_log[-1]

if current_H2_storage + potential_H2 > max_storage_capacity_MH
allowable_H2 = max_storage_capacity_MH *
if allowable_H2 > 0 and electrolyser_efficiency > 0:

*

:.2f}, remaining: .

metalhydride_degradation:
metalhydride_degradation - current_H2_storage

applied_electrolyser_power = min(allowable_H2 / (electrolyser_efficiency *

electrolyser_degradation), applied_electrolyser_power)
potential_H2 = allowable_H2
else:
applied_electrolyser_power = 0
potential_H2 = 0
print("Warning:_Hydrogen.storage.capacity.reached")
potential_H2_history.append(potential_H2)

# Fuel cell setpoint and efficiency

setpoint_fuelcell = applied_fuelcell_power / fuelcell_max_power_output if

fuelcell_max_power_output > 0 else 0
fuelcell_efficiency = fuelcell_efficiency_curve(setpoint_fuelcell)

required_H2 = applied_fuelcell_power / (fuelcell_efficiency * fuelcell_degradation) if

fuelcell_efficiency > 0 else 0
available_H2 = current_H2_storage + potential_H2
actual_H2_used = min(required_H2, available_H2)

actual_fuelcell_output = actual_H2_ used * fuelcell_efficiency * fuelcell_degradation

hydrogen_new = current_H2_storage + potential_H2 - actual_H2_used

hydrogen_new = max(min(Chydrogen_new, max_storage_capacity_MH * metalhydride_degradation),

min_storage_capacity_MH)
hydrogen_storage_log.append(hydrogen_new)
required_H2_history.append(required_H2)
fuelcell_efficiency_history.append(fuelcell_efficiency)
electrolyser_efficiency_history.append(electrolyser_efficiency)

# Temperatures of electrolyser and fuelcell at selected setpoint

electrolyser_temp_K = setpoint_electrolyser*(electrolyser_temp_max_K - electrolyser_temp_min_K)

+ electrolyser_temp_min_K

fuelcell_temp_K = setpoint_fuelcell*(fuelcell_temp_max_K - fuelcell_temp_min_K) +

fuelcell_temp_min_K

electrolyser_temp_K_history.append(electrolyser_temp_K)
fuelcell _temp_K_history.append(fuelcell_temp_K)

# Fuel cell exergy heat calculation for desorption process
if actual_H2_used > 0:

effective_fuelcell_efficiency = actual_fuelcell_output / actual_H2_used

else:
effective_fuelcell_efficiency = 0

#heat for desorption process is always required, even if exergy heat
exergy_des_factor = max(®, 1 - ambient_temp_K[global_hour] / temp_des_K)

exergy_fuelcell_factor = max(0, 1 - ambient_temp_K[global_hour] / fuelcell_temp_K)

# Total heat required for desorption
Q_use_des = deltaH_des / LHV_H2_mol * actual_H2_used
# Exergy required to drive desorption
exergy_des_required = Q_use_des * exergy_des_factor

# Usable heat and its exergy content

usable_heat_fraction_fuelcell = max(l - fuelcell_unreacted_hydrogen -

effective_fuelcell_efficiency, 0)
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* usable_heat_fraction_fuelcell * fuelcell_usable_heat

* exergy_fuelcell_factor

usable_heat_fuelcell = actual_H2_used
usable_exergy_fuelcell = usable_heat_fuelcell

# Remaining exergy after meeting desorption demand
fuelcell_exergy_minus_des_exergy = max(usable_exergy_fuelcell - exergy_des_required, 0)
if fuelcell_exergy_minus_des_exergy == 0 and actual_H2_used > 0:
print (£f"[hour.{global_hour}]._.Warning:._.Fuel.cell. .exergy.fully_used._for.desorption. _No.surplus
oexergy.available.")

electrolyser_heat = applied_electrolyser_power * (1 - electrolyser_efficiency)
electrolyser_useful_waste_heat * (1 - electrolyser_preheat_deionized_water)
absorption_heat = (deltaH_abs / LHV_H2_mol) * electrolyser_output

# Compute exergy based on Carnot efficiency factors

current_ambient = ambient_temp_K[global_hour]

carnot_electrolyser = max(®, 1 - current_ambient / electrolyser_temp_K)
carnot_abs = max(®, 1 - current_ambient / temp_abs_K)

carnot_fuelcell = max(®, 1 - current_ambient / fuelcell_temp_K)

exergy_electrolyser = electrolyser_heat * carnot_electrolyser

exergy_abs = absorption_heat * carnot_abs

hourly_exergy = (exergy_electrolyser + exergy_abs + fuelcell_exergy_minus_des_exergy) # is in
thermal kW

electrolyser_heat_history.append(electrolyser_heat)
electrolyser_exergy_history.append(exergy_electrolyser)
absorption_heat_history.append(absorption_heat)
absorption_exergy_history.append(exergy_abs)
usable_heat_fuelcell_history.append(usable_heat_fuelcell)
fuelcell_exergy_history.append(usable_exergy_fuelcell)
fuelcell_exery_minus_des_exergy_history.append(fuelcell_exergy_minus_des_exergy)
exergy_des_required_history.append(exergy_des_required)
exergy_heat_history.append(hourly_exergy)
heat_required_des_history.append(Q_use_des)

# Calculate effective heat demand after exergy recovery

if use_exergy_heat:
# hourly_exergy is in kWh_heat
# Convert the available exergy to its electric equivalent for space heating
hourly_exergy_space_heat_demand_electric = hourly_exergy / COP_space_heating

if hourly_exergy_space_heat_demand_electric >= space_heat_demand[global_hour]:
# Full space heating demand is met
met_by_exergy_space_heat_demand = space_heat_demand[global_hour]
used_exergy_for_space_heating = met_by_exergy_space_heat_demand * COP_space_heating
remaining_exergy_heat = hourly_exergy - used_exergy_for_space_heating
effective_space_heating = 0

# Now use any remaining exergy heat for DHW

met_by_exergy_dhw_electric = remaining_exergy_heat / COP_dhw

if met_by_exergy_dhw_electric >= domestic_hot_water_demand[global_hour]:
met_by_exergy_dhw = domestic_hot_water_demand[global_hour]
used_exergy_for_dhw = met_by_exergy_dhw * COP_dhw
effective_dhw = 0

else:
met_by_exergy_dhw = met_by_exergy_dhw_electric
used_exergy_for_dhw = met_by_exergy_dhw * COP_dhw
effective_dhw = domestic_hot_water_demand[global_hour] - met_by_exergy_dhw

met_by_exergy = met_by_exergy_space_heat_demand + met_by_exergy_dhw
effective_heat = effective_dhw # space heating is fully met

else:
# Not enough exergy heat to fully cover the space heating electric demand
met_by_exergy_space_heat_demand = hourly_exergy_space_heat_demand_electric
used_exergy_for_space_heating = met_by_exergy_space_heat_demand * COP_space_heating
used_exergy_for_dhw = 0 # No exergy left for DHW
effective_space_heating = space_heat_demand[global_hour] -

met_by_exergy_space_heat_demand
effective_dhw = domestic_hot_water_demand[global_hour]
effective_heat = effective_space_heating + effective_dhw
met_by_exergy = met_by_exergy_space_heat_demand
else:

# No exergy heat is used, all demand must be met by other means

met_by_exergy_heat_demand = 0

used_exergy_for_space_heating = 0
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used_exergy_for_dhw = 0
met_by_exergy_dhw = 0
met_by_exergy = 0

effective_heating = space_heat_demand[global_hour]
effective_dhw = domestic_hot_water_demand[global_hour]
effective_heat = effective_heating + effective_dhw

# Compute net energy available using effective heat demand

met_by_exergy_history.append(met_by_exergy)

effective_heat_demand_history.append(effective_heat)

net_energy_effective = electricity_input_total[global_hour] - electricity_demand[global_hour] -
effective_heat

net_energy_history.append(net_energy_effective)

used_exergy_for_space_heating_history.append(used_exergy_for_space_heating)

used_exergy_for_dhw_history.append(used_exergy_for_dhw)

delta_energy = (electricity_input_total[global_hour] - electricity_demand[global_hour] -
effective_heat
- applied_electrolyser_power + actual_fuelcell_output + (grid_input -
grid_export))

# Apply battery charge/discharge limits based on the computed delta.
if delta_energy >= 0:
available_storage = max_storage_capacity_battery - battery_energy
allowed_charge = C_charge_battery * max_storage_capacity_battery
battery_change = min(delta_energy, available_storage, allowed_charge)
# Log the charge amount and record max charge requirement.
battery_charge_log.append(battery_change)
max_battery_C_charge_required = max([electricity_input_total[global_hour] +
applied_fuelcell_power + grid_input]) / max_storage_capacity_battery
max_battery_C_charge_required_history.append(max_battery_C_charge_required)
else:
allowed_discharge = C_discharge_battery * max_storage_capacity_battery
# Limit the discharge such that it does not exceed allowed discharge.
battery_change = max(delta_energy, -allowed_discharge)
# Log the discharge amount and record max discharge requirement.
battery_discharge_log.append(battery_change)
max_battery_C_discharge_required = max([applied_electrolyser_power + grid_export +
domestic_hot_water_demand[global_hour] + space_heat_demand[global_hour]]) /
max_storage_capacity_battery
max_battery_C_discharge_required_history.append(max_battery_C_discharge_required)

# Update the battery energy once with the computed change.

battery_energy += battery_change

# Ensure the battery stays within its minimum and maximum limits.

battery_energy = max(min(battery_energy, max_storage_capacity_battery), min_energy_battery)

battery_history.append(battery_energy)
grid_export_history.append(grid_export)
grid_input_history.append(grid_input)
fuelcell_electrical_output.append(actual_fuelcell_output)
fuelcell_h2_input_history.append(actual_H2_used)
electrolyser_setpoint_history.append(setpoint_electrolyser)
fuelcell_setpoint_history.append(setpoint_fuelcell)
electrolyser_energy_usage.append(applied_electrolyser_power)

if degradation:
if applied_electrolyser_power > 0:
electrolyser_degradation -= electrolyser_degradation_rate
metalhydride_degradation -= metalhydride_degradation_rate*(applied_electrolyser_power/
max_storage_capacity_MH) #degradatie gaat niet hierover de max, anders zou
degradatie steeds erger worden, nu is degradatie constant aangenomen
if applied_fuelcell_power > 0:
fuelcell_degradation -= fuelcell_degradation_rate
metalhydride_degradation -= metalhydride_degradation_rate*(actual_H2_used/
max_storage_capacity_MH) #degradatie gaat niet hierover de max, anders zou
degradatie steeds erger worden, nu is degradatie constant aangenomen

global_hour += 1

665 # Outputs

666
667

668
669

total_electrolyser_energy_used = sum(electrolyser_energy_usage)

electrolyser_energy_output = [p * electrolyser_efficiency_curve(p / electrolyser_max_power) for p in
electrolyser_energy_usage]

total_electrolyser_energy_output = sum(electrolyser_energy_output)

total_fuelcell_input = sum(fuelcell_h2_input_history)
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total_fuelcell_electrical_output = sum(fuelcell_electrical_output)

total_unused_hydrogen = sum(fuelcell_h2_input_history) * fuelcell_unreacted_hydrogen
total_operational_hours_electrolyser = sum(l for x in electrolyser_energy_output if x != 0)
total_operational_hours_fuelcell = sum(l for x in fuelcell_electrical_output if x != 0)

total_electrolyser_heat = sum(electrolyser_heat_history)
total_absorption_heat = sum(absorption_heat_history)
total_fuelcell_heat = sum(fuelcell_heat_history)
total_exergy_heat = sum(exergy_heat_history)
total_effective_heat_demand = sum(effective_heat_demand_history)

system_size = (max_storage_capacity_MH - 2000) /8300 + 1

net_energy_history = np.array(net_energy_history)

positive_values = np.where(net_energy_history > 0, net_energy_history, 0)

area_positive = np.trapz(positive_values)

negative_values = np.where(net_energy_history < 0, net_energy_history, 0)

area_negative = np.trapz(negative_values)

total_combined_heat = sum(absorption_heat_history) + sum(electrolyser_heat_history) + sum(
usable_heat_fuelcell_history)

excess_grid_export = sum(max(®, grid_export - 40) for grid_export in grid_export_history)

#prints

print(f"Total._electrolyser_energy.used: _.{total_electrolyser_energy_used:.2f}_kWh")

print(f"Total_electrolyser.energy.output:._ {total_electrolyser_energy_output:.2f}_kWh")

print (f"Total_fuel.cell_hydrogen._input:_{total_fuelcell_input:.2f}_kWh")

print(f"Total._fuel_.cell_electrical:_.{total_fuelcell_electrical_output:.2f}_kWh")

print(f"Total_electrolyser._operational _hours:.{total_operational_hours_electrolyser:.2f}_hours")

print(f"Total._fuel.cell_operational._hours:._{total_operational_hours_fuelcell:.2f} _hours")

print(f"Total_unreacted_hydrogen: _.{total_unused_hydrogen:.2f}_kWh")

print(f"Final._battery.energy:.{battery_energy:.2f}_kWh")

print (£"Final_hydrogen.storage:.{hydrogen_storage_log[-1]:.2f}_kWh")

print(f"Total_net._energy.(effective,_nominal):_ {sum(net_energy_history):.2f}_kWh")

print Q)

print (f"Total_usable_heat.produced: _ {total_combined_heat:.2f}_kWh")

print(f"Total._exergy._heat_.produced:_.{total_exergy_heat:.2f}_kWh")

print(f"Total_exergy._heat.reused.for_heating:.{sum(used_exergy_for_space_heating_history):.2f}_kWh")

print(f"Total._exergy._heat.reused.for.domestic_hot.water:_ {sum(used_exergy_for_dhw_history):.2f}_kWh"
)

print(f"Total_exergy._heat.reused:_ .{sum(used_exergy_for_space_heating_history)+sum(
used_exergy_for_dhw_history):.2f}_kWh")

print Q)
print(f"Total_energy.sent._back._to.the grid:_ {sum(grid_export_history):.2f}_kWh")
print (f"Max._energy.sent_back. to.grid.in hour:_ {max(grid_export_history):.2f}_kW")
print(f"Total_energy.taken. from.the grid:_ {sum(grid_input_history):.2f}_kWh")
print (f"Max._.energy.taken.from._the.grid.in_hour: {max(grid_input_history):.2f}_kW")
print(f"Total_energy.that.exceeded.the.grid.capacity:.{excess_grid_export:.2f}_kWh")
print (f"Max._flow_input/output_metal _hydride._storage:._ {max(max(required_H2_history),.max(
potential_H2_history))*3600/120000:.2f} kg.per_hour")
print ()
print(f"System.size:_ {(system_size):.2f}_measured.in.20._.foot.containers")
print ()
if degradation:
print(f"Electrolyser.degradation:. .{electrolyser_degradation:.6£f}")
print (f"Metalhydride.degradation:._.{metalhydride_degradation:.6£f}")
print (f"Fuel.cell_.degradation:_.{fuelcell_degradation:.6£f}")

#plots
fontsize_labels = 14
fontsize_title = 16
fontsize_legend = 13
fontsize_ticks = 15

# Daily plots

plt.figure(figsize=(10, 6))

plt.plot(electrolyser_energy_usage, label="Electrolyser.power.input’, marker=’o’, color="blue’)
plt.plot(fuelcell_electrical_output, label=’Fuel_cell_power_output’, marker="x’, color="red’)
plt.xlabel ('Hour’, fontsize=fontsize_labels)

plt.ylabel (' Power.(kW)’, fontsize=fontsize_labels)
plt.title(’Electrolyser.Input. & .Fuel_Cell_Output._Power’, fontsize=fontsize_title)
plt.grid(True)

plt.legend(fontsize=fontsize_legend)

plt.xticks(fontsize=fontsize_ticks)

plt.yticks(fontsize=fontsize_ticks)

plt.tight_layout()

plt.show()
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plt.figure(figsize=(10,6))

hours = range(len(hydrogen_storage_log))

plt.plot Chours, hydrogen_storage_log, marker="'o0’, linestyle=’-’, color=’purple’)
plt.xlabel ("Hour", fontsize=fontsize_labels)

plt.ylabel ("Hydrogen.storage.(kWWh)", fontsize=fontsize_labels)
plt.title("Hydrogen.Storage._per_Hour", fontsize=fontsize_title)

plt.grid(True)

plt.xticks(fontsize=fontsize_ticks)

plt.yticks(fontsize=fontsize_ticks)

plt.show()

# Results per day

daily_electricity_input = [sum(electricity_input_total[i*hours_per_day:(i+1)*hours_per_day]) for i
in range (num_days)]
daily_electricity_demand = [sum(electricity_demand[i*hours_per_day:(i+1)*hours_per_day]) for i in

range (num_days) ]

daily_effective_heat_demand = [sum(effective_heat_demand_history[i*hours_per_day:(i+1)*hours_per_day
1) for i in range(num_days)]

daily_net_energy = [sum(net_energy_history[i*hours_per_day:(i+1)*hours_per_day]) for i in range(
num_days)]

dates = list(rrule(DAILY, dtstart=start_date, count=num_days))

plt.figure(figsize=(12, 6))

plt.plot(dates, daily_electricity_input, label="Daily.electricity._.supply.PV.panels", marker="0")

plt.plot(dates, [-x for x in daily_electricity_demand], label="Daily._electricity.demand", marker="x’
)

plt.plot(dates, [-x for x in daily_effective_heat_demand], label="Daily._heat._.demand.(space_heating.
and_DHW)", marker=’'s’)

plt.plot(dates, daily_net_energy, label="Daily.net._.energy", linestyle="--", color="black", marker="d
M)

plt.xlabel("Date", fontsize=fontsize_labels)

plt.ylabel ("Energy.(kWwh)", fontsize=fontsize_labels)

plt.title("Daily.Energy.Balance", fontsize=fontsize_title)

plt.legend(fontsize=fontsize_legend)

plt.grid(True)

plt.xticks(fontsize=fontsize_ticks)

plt.yticks(fontsize=fontsize_ticks)

plt.gca().xaxis.set_major_formatter (mdates.DateFormatter ("%b"))

plt.gca().xaxis.set_major_locator(mdates.MonthLocator())

plt.show()

electrolyser_energy_output = [p * electrolyser_efficiency_curve(p / electrolyser_max_power) for p in
electrolyser_energy_usage]

daily_electrolyser_energy_usage = [sum(electrolyser_energy_usage[i*hours_per_day:(i+1)*hours_per_day

1) /hours_per_day for i in range(num_days)]
daily_fuelcell_output = [sum(fuelcell_electrical_output[i*hours_per_day:(i+1)*hours_per_day])/
hours_per_day for i in range(num_days)]

plt.figure(figsize=(10, 6))

plt.plot(dates, daily_electrolyser_energy_usage, label="Daily.Average_Electrolyser_input’, marker='o
’, color="blue’)

plt.plot(dates, daily_fuelcell_output, label='Daily._Average._Fuel._.Cell.Output’, marker="x’, color=’
red’)

plt.xlabel("Date", fontsize=fontsize_labels)

plt.ylabel ("Average_Hourly_Output.(kWh)", fontsize=fontsize_labels)

plt.title("Daily.Average_ Electrolyser_ Input.&_.Fuel _.Cell_ Output._Power", fontsize=fontsize_title)

plt.legend(fontsize=fontsize_legend)

plt.grid(True)

plt.xticks(fontsize=fontsize_ticks)

plt.yticks(fontsize=fontsize_ticks)

plt.gca().xaxis.set_major_formatter (mdates.DateFormatter ("%b"))

plt.gca().xaxis.set_major_locator(mdates.MonthLocator())

plt.show()

daily_hydrogen_storage = [hydrogen_storage_log[(i+1)*hours_per_day - 1] for i in range(num_days)]

plt.figure(figsize=(10,6))

plt.plot(dates, daily_hydrogen_storage, marker='o’, linestyle=’-’, color='purple’)
plt.xlabel("Date", fontsize=fontsize_labels)

plt.ylabel ("Hydrogen.Storage.(kWh)", fontsize=fontsize_labels)
plt.title("Daily_Hydrogen.Storage._.Level", fontsize=fontsize_title)

plt.grid(True)

plt.xticks(fontsize=fontsize_ticks)

plt.yticks(fontsize=fontsize_ticks)

plt.gca().xaxis.set_major_formatter (mdates.DateFormatter ("%b"))
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plt.gca() .xaxis.set_major_locator(mdates.MonthLocator())

plt.show()

daily_grid_export = [sum(grid_export_history[i*hours_per_day:(i+1)*hours_per_day]) for i in range(
num_days) ]

daily_grid_input = [sum(grid_input_history[i*hours_per_day:(i+1)*hours_per_day]) for i in range(
num_days)]

plt.figure(figsize=(10,6))

plt.plot(dates, daily_grid_export, label="Daily._Electricity.exported.", marker='o’, color=’'green’)
plt.plot(dates, daily_grid_input, label="Daily._.Electricity.imported", marker="x’, color=’'orange’)
plt.xlabel("Date", fontsize=fontsize_labels)

plt.ylabel ("Daily.grid.usage.(kWWh)", fontsize=fontsize_labels)
plt.title("Daily.Electricity.Imported._.to.and_ Exported.from._the_ Grid", fontsize=fontsize_title)
plt.legend(fontsize=fontsize_legend)

plt.grid(True)

plt.xticks(fontsize=fontsize_ticks)

plt.yticks(fontsize=fontsize_ticks)

plt.gca() .xaxis.set_major_formatter (mdates.DateFormatter ("%b"))
plt.gca().xaxis.set_major_locator(mdates.MonthLocator())

plt.show()

dates_hourly = pd.date_range(start=start_date, periods=len(electrolyser_energy_usage), freq='h’)

plt.figure(figsize=(10, 6))

plt.plot(dates_hourly, electrolyser_energy_usage, label="Electrolyser.power._input’, marker=’'o’,
color="blue’)

plt.plot(dates_hourly, fuelcell_electrical_output, label=’Fuel_cell_power_output’, marker='x’, color
="red’)

plt.xlabel (’Month’, fontsize=fontsize_labels)

plt.ylabel (’Power. (kW)’, fontsize=fontsize_labels)

plt.title(’Electrolyser_Input._&_Fuel _Cell_Output_Power’, fontsize=fontsize_title)

plt.grid(True)

plt.legend(fontsize=fontsize_legend)

plt.xticks(fontsize=fontsize_ticks)

plt.yticks(fontsize=fontsize_ticks)

plt.gca() .xaxis.set_major_formatter (mdates.DateFormatter ("%b"))

plt.gca() .xaxis.set_major_locator(mdates.MonthLocator())

plt.tight_layout ()

plt.show()

plt.figure(figsize=(10, 6))

plt.plot(dates_hourly, grid_export_history, label="Electricity.exported"”, marker="o’, color=’'green’)
plt.plot(dates_hourly, grid_input_history, label="Electricity.imported", marker="x’, color=’orange’)
plt.xlabel ("Month", fontsize=fontsize_labels)

plt.ylabel ("Grid_usage.(kW)", fontsize=fontsize_labels)
plt.title("Electricity.Imported.to_and_ Exported.from_ the Grid.per_Hour", fontsize=fontsize_title)
plt.legend(fontsize=fontsize_legend)

plt.grid(True)

plt.xticks(fontsize=fontsize_ticks)

plt.yticks(fontsize=fontsize_ticks)

plt.gca().xaxis.set_major_formatter (mdates.DateFormatter ("%b"))
plt.gca().xaxis.set_major_locator(mdates.MonthLocator())

plt.tight_layout()

plt.show()

plt.figure(figsize=(10, 6))

plt.plot(dates_hourly, battery_history, marker=’o’, linestyle=’-’, color='blue’, markersize=1)
plt.axhline(y=max_storage_capacity_battery, color="r’, linestyle=’--’, label=’'Max.battery.capacity’)
plt.xlabel ("Month", fontsize=fontsize_labels)

plt.ylabel("Battery.level. . (kWh)", fontsize=fontsize_labels)

plt.title("Battery_Level _over_.Time", fontsize=fontsize_title)

plt.grid(True)

plt.legend(fontsize=fontsize_legend)

plt.xticks(fontsize=fontsize_ticks)

plt.yticks(fontsize=fontsize_ticks)

plt.gca() .xaxis.set_major_formatter (mdates.DateFormatter ("%b"))
plt.gca().xaxis.set_major_locator(mdates.MonthLocator())

plt.tight_layout ()

plt.show()
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