Finanziato
dall'Unione europea Y~ dell’'Universita
NextGenerationEU &> e della Ricerca

Ministero

P
)

DEGLI STUDI

UNIVERSITA
FIRENZE

DOTTORATO DI RICERCA IN

Industrial Engineering

CICLO XXXVIII - ex D.M. 352/2022

Uncertainty-Aware Designh and Operation of Hydrogen-
Integrated Multi-Energy Systems for Hard-to-Abate Sectors

Progettazione e gestione in condizioni di incertezza di
sistemi multi-energetici integrati con idrogeno per i settori
hard-to-abate

Settore Scientifico Disciplinare

ING-IND/09 (IND-06/B)

Dottorando Supervisore

Dott. Ademollo Andrea Prof. Carcasci Carlo

Coordinatore

Prof. Lapo Governi






“All models are wrong, but some are useful.”

George E. P. Box






A mia mamma Diana, al mio babbo Marco e a mio fratello Stefano,
alla mia nonna Luana, aglt 211 e ai cugini,
e ai nonni che non ci sono pit ma che sento ancora vicini.






DECLARATION

I hereby declare that this submission is my own work and, to the best of my knowledge
and belief, it contains no material previously published or written by another person, nor
material which to a substantial extent has been accepted for the award of any other degree
or diploma at University of Florence or any other educational institution, except where due
references are provided in the thesis itself.

Any contribution made to the research by others, with whom I have been working at the
University of Florence or elsewhere, is explicitly acknowledged in the thesis.

Andrea Ademollo
30/11/2025



II



ACKNOWLEDGEMENTS

Questo dottorato é stato un viaggio lungo e intenso, fatto di modelli, codici, conference
call, ma soprattutto di persone. Se guardo a questi anni, vedo una rete di relazioni senza la
quale questo lavoro non esisterebbe.

Inizio ringraziando il mio supervisore, il Prof. Carlo Carcasci. Mi ha dato fiducia fin
dall’inizio, lasciandomi spazio per esplorare temi nuovi, per proporre idee e per crescere
in autonomia. Mi ha permesso di partecipare a conferenze internazionali e di lavorare su
collaborazioni industriali che mi hanno fatto conoscere da vicino il mondo dell’impresa e della
consulenza. Il suo supporto, la disponibilita al confronto e la liberta che mi ha concesso sono
stati fondamentali per la mia crescita scientifica e professionale.

Un grazie importante va poi ai coautori con cui ho condiviso questo percorso di ricerca.
In primis Mattia Calabrese, con cui siamo cresciuti molto insieme: abbiamo affrontato nuovi
topic, ci siamo confrontati su modelli e risultati, c¢i siamo supportati nei momenti in cui le
cose sembravano non tornare mai. Ringrazio Niccolo Ulivi per il lavoro sull’agrivoltaico: il
suo contributo sulla parte agronomica ¢ stato essenziale per dare solidita a un tema in cui
I’energia non ¢ 'unico pezzo del puzzle. Ringrazio anche Alessandro Mati, che ho avuto come
coautore all’inizio del dottorato e da cui ho imparato molto nei primi passi, e Marco Pagliai,
che con la sua esperienza in ambito chimico ed elettrochimico mi ha aiutato a strutturare
meglio i modelli delle tecnologie che ho studiato.

Un capitolo speciale lo meritano Albert e Javier, conosciuti durante il mio periodo
all’estero a Barcellona, nell’ambito del progetto europeo REINFORCE alla Universitat
Politécnica de Catalunya. Mi hanno accolto nel loro gruppo, mi hanno insegnato moltissimo
sull’ottimizzazione stocastica e sul modo di lavorare su problemi complessi mantenendo
sempre una visione applicata. Con Albert, in particolare, é nata un’amicizia che va ben oltre
il lavoro e che spero diventi una collaborazione imprenditoriale duratura. Quell’esperienza a
Barcellona ¢ stata uno dei passaggi che pitt mi ha fatto capire quanto mi piaccia trasformare
modelli in strumenti concreti.

Ringrazio anche Maurizio Vaccaro per gli input preziosi dal punto di vista aziendale, nati
dalla collaborazione con Baker Hughes e sfociati nel lavoro sullo stoccaggio di idrogeno.

Un pensiero va anche a chi, nel lavoro quotidiano, ha tenuto in moto la macchina
dell’Universita. Ringrazio Benedetta Rizzo per la disponibilita e la pazienza con cui ha
risposto alle mie (numerosissime) domande: avere qualcuno che ti aiuta a districarti tra
scadenze, moduli e procedure rende il percorso molto piu gestibile.

Ai miei colleghi di dottorato devo tantissimo. Oltre a Mattia Calabrese e Niccolo Ulivi, che
ho gia citato, voglio ringraziare soprattutto Michele Francesconi, che ¢ stato un vero collante
del gruppo: € lui che ha dato il nome al “MEVS group” e che ha saputo creare uno spirito di
squadra, dentro e fuori dall’ufficio. Con lui ho condiviso corsi di approfondimento a Roma e
una summer school a Eindhoven che potrei riassumere tranquillamente con "Agghiaccianti".
Ringrazio Marco Zini, da cui ho imparato molto soprattutto all’inizio: ricordo le prime
settimane passate letteralmente dietro al suo computer per capire come lavorava. Grazie
anche ai colleghi “storici” Alessandro Mati, Mattia Pasqui e Lapo Cheli, e a quelli presenti:

II1



Gabriele Guzzo e Valentina Veltroni. Tutti insieme hanno reso questo percorso meno solitario
e molto pitt umano.

Voglio ringraziare poi tutti gli amici storici tra cui Daniele Fusillo e Marco Benelli ma
anche i nuovi come Damiano Salvadori, con cui ho organizzato eventi e feste per ragazzi
e ragazze della nostra eta. Sembra qualcosa di lontano dal dottorato, ma in realtd mi
ha insegnato tanto: trattare con i proprietari, relazionarsi con clienti e fornitori, gestire
burocrazia e imprevisti. Sono esperienze che non compaiono in nessun paper, ma che ti
formano almeno quanto un articolo scientifico e che hanno contribuito a costruire la persona
che sono oggi.

Arrivo ora alla parte per me pitl importante: la famiglia. Senza di loro, questo traguardo
non sarebbe stato possibile. Mi rendo conto di essere molto fortunato: per quanto si possa
essere determinati e testardi, certe possibilita non sono aperte a tutti, e se si vuole fare le
cose al 100% senza qualcuno che ti sostiene ¢ davvero difficile.

Ringrazio di cuore mia nonna, per i pranzi sempre ben voluti e per I'affetto silenzioso ma
costante. Mi ha sempre capito quando le dicevo che quel giorno non sarei passato perché
dovevo lavorare al dottorato, senza mai farmene una colpa. Estendo questo ringraziamento
anche agli zii e ai cugini, che hanno sempre mostrato interesse e sostegno per quello che
facevo, magari con una domanda o una battuta, ma facendomi sentire parte di una famiglia
allargata che fa il tifo per me.

Ringrazio i miei genitori, mamma Diana e babbo Marco. Hanno accettato i miei orari
strani, le cene rimandate perché “prima vado in palestra e poi torno, cosi posso lavorare fino
a tardi”, e hanno sempre cercato di aiutarmi a trovare un equilibrio tra studio, lavoro e vita
personale. Soprattutto, sento che credono davvero in me: la fiducia di mia mamma € spesso
quella piu esplicita, diretta, a volte quasi travolgente; quella di mio babbo ¢ piu silenziosa
ma altrettanto solida. Insieme, sono una spinta enorme a impegnarmi e a credere di poter
affrontare le sfide, quelle che ho incontrato in questi anni e quelle che arriveranno dopo il
dottorato.

Ringrazio mio fratello per il suo sarcasmo pungente e le sue domande “da business™ “Ma
quello che fai ¢ scalabile? C’¢ un brevetto? E commercialmente applicabile o no, cosa stiamo
aspettando?”. Domande che all’inizio potevano sembrare fuori luogo, ma che in realta mi
hanno costretto a tenere sempre una visione a 360 gradi su cio che stavo facendo. Mi hanno
aiutato a non chiudermi nella sola dimensione accademica e a chiedermi come le idee possono
diventare soluzioni concrete. Sono convinto che questa attitudine ci tornera utile anche nella
nostra futura avventura di startup.

Infine, voglio ringraziare me stesso. In questi anni mi sono accorto di quanto sia cresciuto:
ho sviluppato un approccio metodico nel portare a termine i progetti, una capacita di lavorare
con costanza e una forza che forse non immaginavo di avere. Sono orgoglioso del lavoro
di ricerca che ho svolto, ma anche di tutte le attivita parallele che ho portato avanti: la
partecipazione a Impresa Campus, la collaborazione con Baker Hughes, il tirocinio in Centria,
il periodo all’estero a Barcellona, I'organizzazione di eventi. Sono tutte tessere di un mosaico
che racconta che non voglio essere solo “un ricercatore”, ma una persona con uno sguardo
ampio sui problemi e sulle opportunita.

Resto profondamente grato ai miei cari per il supporto che mi hanno dato: senza di loro
non sarei arrivato fin qui. Ma da oggi in poi una parte importante del percorso dipendera
anche da quanto sapremo costruire sul lavoro fatto finora. Guardo con curiosita e speranza
alla startup che proveremo a creare insieme ad Albert, Javier e mio fratello. Forse tra qualche
anno rileggero queste righe con un sorriso, pensando a quando tutto questo era solo un’idea
scritta in fondo a una pagina di ringraziamenti.

IV



ABSTRACT

Green hydrogen is a promising option to decarbonise hard-to-abate industrial and remote
energy systems, yet plant-level design and operation are affected by multiple uncertainties.
In this thesis, uncertainty is treated explicitly in two ways: (i) long-horizon variability of
renewable availability for capacity planning (two-stage stochastic design), and (ii) short-
horizon uncertainty in PV output and electricity prices revealed sequentially across market
gates (multi-stage stochastic scheduling). Regulatory and certification uncertainty is treated
through explicit constraints and sensitivity analysis.

This thesis develops and applies a modelling toolbox for power-to-hydrogen (PtH) plants
embedded in multi-energy systems, built chronologically from rule-based simulation to
deterministic and, ultimately, two-stage and multi-stage stochastic mixed-integer linear
programming (MILP), with the explicit aim of understanding the strengths and limitations
of each modelling layer.

The work begins with the development and use of the Multi Energy System Simulator
(MESS), which couples detailed component models (electrolysers, fuel cells, hydrogen stor-
age, batteries and auxiliaries) with multi-carrier mass and energy balances and rule-based
controllers. Applied to industrial cogeneration and to grid-connected, PV-based PtH plants
serving constant hydrogen demand across Italian bidding zones, MESS highlights how plant
design and operation react to changes in the PV-to-electrolyser ratio, component degradation
and green-hydrogen certification rules. The rule-based approach is transparent and flexible but
offers no guarantee of optimality and requires extensive parameter tuning. These limitations
motivate a shift towards optimisation-based methods.

A deterministic MILP formulation is first introduced for joint design and operation of
PtH plants, with particular emphasis on hydrogen storage technology selection. By enforcing
techno—economic constraints over a representative year, it provides cost-optimal designs under
perfect foresight and enables a consistent comparison of compressed-gas, underground and
metal-hydride storage. This reveals that different technologies can deliver similar levelised
cost of hydrogen (LCOH), with the preferred option that could be driven more by geology,
footprint and mass requirements. At the same time, the deterministic formulation exposes its
own weakness: by assuming known future conditions, it cannot capture the cost of hedging
against variability in renewable availability and electricity prices.

To address this, the thesis advances to a two-stage stochastic MILP applied to the joint
sizing and operation of an off-grid hybrid renewable energy system for the island of Pantelleria
in Italy. Here, investment decisions are taken before uncertainty is revealed, while hourly
operation is optimised in the second stage under multiple renewable energy production
scenarios. Results show that, at zero emissions, the deterministic design costs 8.10 M€ /yr
while the two-stage stochastic design increases the mean to 9.37 M€ /yr (+15.7%). Comparing
two-stage solutions with perfect-foresight designs quantifies the cost of robustness, defined as
the scenario-weighted increase in costs of the two-stage solution relative to the deterministic
perfect-foresight solution under the same COy cap, and shows how deterministic sizing can
underestimate both total cost and emissions when variability is ignored. At this point, the
focus is still primarily on design: uncertainty is treated to make better sizing choices and
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reduce LCOH at the planning stage, but operational decisions remain aggregated into a single
recourse block.

In practice, however, once a PtH plant has been built, the main lever left to reduce effective
hydrogen cost and improve economic performance lies in its day-to-day interaction with
electricity markets. The methodological path therefore culminates in a multi-stage stochastic
MILP for market-coupled scheduling of a grid-connected PtH plant, already in place, serving
a hydrogen refuelling station. Scenario trees for electricity prices and renewable generation
represent day-ahead, intraday and reserve markets with non-anticipativity constraints and
detailed device dynamics. This formulation captures how information is gradually revealed
and optimises bidding and dispatch decisions so as to maximise operating profit and implicitly
lower ex-post LCOH. The case studies show that co-optimised bidding and recourse operation
can increase expected operating profit while reducing downside risk compared with strategies
that treat prices as deterministic or ignore reserve-market participation, and provide a
consistent way to value flexibility from batteries, fuel cells and hydrogen storage once the
plant configuration is fixed. In the Barcelona case study, the electrolyser delivers the
contracted 1440 kgH, /day at an average load factor of about 42% while the fuel cell remains
mainly in standby to monetise reserve capacity.

An appendix finally sketches how agrivoltaic layouts can be introduced as an alternative
PV siting option in land-constrained PtH projects by modifying land-use and cost parameters
without altering the core optimisation structure. In the Tuscany case study, agrivoltaics
yields a positive net present value of 781 k€ per hectare and an internal rate of return of
13% (vs. 1330 k€ and 21% for ground-mounted PV), while preserving crop revenues.

Overall, the thesis offers a chronologically developed and internally consistent framework
for moving from rule-based simulation to market-aware stochastic optimisation of green-
hydrogen-enabled multi-energy systems, clarifying when each modelling layer is appropriate
and how neglecting uncertainty or market coupling can materially affect both plant sizing
decisions and operating economics.

Keywords: green hydrogen, power-to-hydrogen, multi-energy systems, stochastic optimisa-
tion, electricity markets
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PROPOSITIONS

Motivation

« Decarbonising hard-to-abate sectors requires plant-scale models of green-hydrogen
systems that connect detailed technology behaviour with economically meaningful
indicators such as the levelised cost of hydrogen and emissions.

« To support real decisions on power-to-hydrogen plants, it is not sufficient to use
either simple rule-based models or purely deterministic optimisation; a consistent
methodological path, from detailed simulation to stochastic optimisation, is needed to
treat design and operation under uncertainty and market exposure in a unified way.

Original contribution

= The thesis extends the Multi Energy System Simulator (MESS) into a hydrogen-
centred, multi-energy simulation framework with detailed component models, enabling
transparent rule-based analyses of industrial cogeneration and grid-connected power-to-
hydrogen plants under green-hydrogen certification rules.

= A deterministic mixed-integer linear programming (MILP) model is developed for
the joint design and operation of power-to-hydrogen plants, providing a consistent
benchmark to compare hydrogen storage technologies.

« A two-stage stochastic MILP framework is introduced for the sizing and operation of
an off-grid hybrid renewable-hydrogen system, quantifying the cost of robustness and
demonstrating how deterministic designs can misrepresent total cost and emissions
when uncertainty in renewable generation is ignored.

« A multi-stage stochastic MILP model is formulated for the market-coupled operation of
a grid-connected power-to-hydrogen plant serving a hydrogen refuelling station, showing
how sequential participation in day-ahead, intraday and reserve markets can increase
expected profit, reduce downside risk and reveal the economic value of operational
flexibility once the plant is built.

Open questions

« How can high-fidelity physical and degradation models of hydrogen technologies be
embedded into large-scale optimisation frameworks without losing tractability, for
example through systematic piecewise-linearisation or hybrid simulation—optimisation
schemes?
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How can data-driven and machine-learning-based forecasting be combined with scenario
generation to construct scenario trees that better capture temporal correlations, regime
changes and rare but impactful events for prices and renewable production?

How should power-to-hydrogen plants be co-designed with electricity networks, account-
ing for congestion, locational pricing and grid reinforcement needs, rather than treating
the grid connection as a single unconstrained node?

« Which combinations of market products, tariff structures and risk-aware objective func-
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tions are most suitable to characterise the long-term profitability and effective hydrogen
cost of power-to-hydrogen projects under evolving policy and market conditions?
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SYNOPSIS

The transition towards a low-carbon energy system requires deep emissions reductions
in hard-to-abate sectors such as chemicals, steel, cement and paper. In this context, green
hydrogen produced from renewable electricity is increasingly considered as an enabling
energy carrier, particularly where direct electrification is not immediately feasible. Power-
to-hydrogen (PtH) plants, however, are capital-intensive assets that must be designed and
operated under multiple sources of uncertainty: fluctuating renewable generation, variable
hydrogen demand, evolving regulatory frameworks for green-hydrogen certification, and
volatile electricity markets. This thesis addresses these challenges by developing a coherent
methodological path for modelling PtH plants embedded in multi-energy systems, starting
from rule-based simulation and progressing to deterministic, two-stage and multi-stage
stochastic mixed-integer linear programming (MILP). Along this path, the focus moves from
design-level decisions that shape the levelised cost of hydrogen (LCOH) at planning stage to
operational decisions that exploit market opportunities once a plant is built.

Scope and objectives. The overarching goal of the thesis is to build and apply a toolbox
that can (i) represent PtH plants and their coupling with other energy carriers at component
level; (ii) support the techno—economic design of such plants under realistic technical and
policy constraints; and (iii) optimise their operation under uncertainty and electricity-market
exposure. Rather than advocating a single “best” model, the work investigates the strengths
and weaknesses of different modelling layers and clarifies when each is appropriate. This is
done through a sequence of case studies that cover industrial cogeneration, grid-connected
PtH plants supplying steady hydrogen demand, off-grid hybrid renewable-hydrogen systems,
and a grid-connected plant serving a hydrogen refuelling station with access to day-ahead,
intraday and reserve markets.

Rule-based simulation with MESS. The thesis begins with the development and use
of the Multi Energy System Simulator (MESS), a rule-based simulation framework for
multi-energy systems. MESS couples detailed component models for electrolysers, fuel
cells, compressors, hydrogen storage, batteries and conventional units with multi-carrier
mass and energy balances. Control strategies are implemented through priority rules that
emulate industrial control philosophies. This layer is used to study two main configurations.
First, a solid oxide fuel cell (SOFC) cogeneration system for a paper mill is analysed, in
which natural gas is progressively replaced by hydrogen. Simulations quantify how this
substitution affects fuel consumption, emissions and approximate LCOH, demonstrating
that hydrogen-fed SOFCs can deliver significant COs reductions while maintaining high
electrical self-sufficiency. Second, MESS is extended and coupled with a genetic algorithm to
size grid-connected, PV-based PtH plants supplying a constant industrial hydrogen demand
across Italian bidding zones. Here the simulator is used to explore how PV-to-electrolyser
ratios, component degradation and different temporal-correlation rules between renewable
generation and hydrogen consumption influence grid dependence and the share of hydrogen
that may be certified as green.

These rule-based studies are transparent and flexible: they allow rapid exploration of
alternative layouts, control rules and policy constraints, and provide valuable intuition on
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system behaviour. However, they also reveal the intrinsic limitations of rule-based approaches:
there is no guarantee that the resulting designs or schedules are cost-optimal, the value of
flexibility options (such as storage or modulating converters) is difficult to quantify, and the
impact of alternative future conditions can only be explored through ad hoc parametric runs.
These weaknesses motivate the transition to optimisation-based formulations.

Deterministic optimisation for joint design and operation. The next methodological
step replaces rule-based control with a deterministic MILP formulation for joint design and
operation of PtH plants. In this framework, decision variables represent plant capacities,
hourly operating points and storage trajectories over a representative year, and constraints
enforce techno—economic feasibility, hydrogen-delivery requirements and simplified green-
hydrogen rules. The focus is placed on hydrogen storage technology choice: compressed-gas
tanks, underground hydrogen storage and metal-hydride options are embedded into a common
plant model and compared under consistent operating assumptions.

This deterministic model provides cost-optimal designs under perfect foresight and clarifies
the drivers of LCOH differences between storage technologies. Results indicate that, once
capital cost, operating profiles and coupled constraints are taken into account, multiple
storage options can yield similar LCOH. In such cases, practical aspects such as geology,
footprint and mass constraints could be the most limiting ones. The deterministic MILP thus
offers a principled benchmark for design and a richer insight into trade-offs than rule-based
simulation alone. At the same time, it assumes full knowledge of future loads and renewable
generation, which is unrealistic for assets with long lifetimes and high exposure to variability,
and can therefore produce designs and LCOH estimates that are overly optimistic.

Two-stage stochastic optimisation for design under uncertainty. To address design
under uncertainty, the thesis then develops a two-stage stochastic MILP formulation. Here,
first-stage variables represent capacity decisions (e.g. PV, wind, batteries, hydrogen storage,
diesel backup), while second-stage recourse variables represent hourly operation under multiple
scenarios. This framework is applied to an off-grid hybrid renewable—hydrogen system for the
island of Pantelleria, where the objective is to minimise total annualised cost and emissions
subject to reliability requirements and different CO5 budgets.

By comparing two-stage designs with deterministic ones, the model explicitly quantifies
the cost of robustness. It shows that, when variability in renewable availability and load is
significant, deterministic designs tend to mis-size storage and backup capacity, leading to
underestimation of both total cost and emissions, especially when tight emission caps are
imposed. The two-stage formulation thus improves sizing decisions and yields more realistic
LCOH estimates by internalising the cost of unfavourable operating conditions. Methodologi-
cally, this step retains the linear structure and interpretability of the deterministic MILP
but introduces a clear separation between decisions that must be taken before uncertainty is
realised and those that can adapt ex post. However, operational recourse is still represented as
a single block, and the model does not explicitly address the temporal structure of electricity
markets.

Multi-stage stochastic optimisation for market-coupled operation. In practice, once
a PtH plant has been built, the main leverage left to reduce effective hydrogen cost and
improve economic performance lies in operational decisions, in particular in how the plant
interacts with electricity markets on a daily basis. This motivates the final methodological
step: a multi-stage stochastic MILP for market-coupled scheduling of a grid-connected PtH
plant serving a hydrogen refuelling station. In this setting, plant capacities and technical
constraints are assumed known and fixed, and the optimisation problem focuses on operating
schedules and market bids.
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Scenario trees are used to represent the joint evolution of electricity prices and renewable
generation across day-ahead, intraday and reserve markets. Non-anticipativity constraints
ensure that decisions at each stage depend only on information that is actually available at
that time, while state variables track the dynamics of batteries, hydrogen storage, electrolyser
loading and, where relevant, fuel cells. The model captures both energy and reserve products
and allows different flexibility portfolios to be compared on a consistent basis.

Case studies reveal that co-optimised bidding and recourse scheduling can increase
expected operating profit and, crucially, reduce downside risk compared with strategies that
treat prices as deterministic or ignore reserve-market participation. They also highlight
how the presence of flexible assets reshapes operating strategies: for example, batteries
and fuel cells can be used to hedge against price volatility and to capture reserve revenues,
thereby indirectly lowering the ex post cost of hydrogen for a given plant configuration. This
multi-stage model therefore complements the design-oriented deterministic and two-stage
formulations by focusing on operational value creation for an existing plant.

Overall contributions. Taken together, the modelling layers developed in this thesis
form a coherent toolbox for analysing green-hydrogen-enabled multi-energy systems. Rule-
based simulation with MESS supports exploratory studies and stakeholder communication,
deterministic and two-stage MILP formulations provide structured support for plant sizing
and LCOH assessment under alternative uncertainty assumptions, and the multi-stage MILP
offers a detailed view of how market-aware operation can exploit the flexibility of an already-
built plant. Across the case studies, the work shows that (i) different hydrogen storage
technologies can be nearly interchangeable at plant level once optimally sized and operated,
with non-technical aspects often driving the final choice; (ii) ignoring uncertainty in design
can lead to mis-sized assets and underestimation of costs and emissions; and (iii) explicit
modelling of electricity markets and sequential decision-making reveals additional operational
value streams and shapes both profitability and risk exposure.

An appendix finally sketches how agrivoltaic layouts can be introduced as an alternative PV
siting option in land-constrained PtH projects by modifying land-use and cost parameters while
preserving the core optimisation structure. Overall, the thesis contributes a chronologically
developed and internally consistent framework that helps clarify when each modelling layer
is appropriate and how neglecting uncertainty or market coupling can materially affect both
the sizing of PtH plants and their operating economics once deployed.
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Acronyms
AEL
AEMEL
AF
aFFRR
AV
BESS
BF-BOF
BOP
CcHs
CCUS
CF
CGH,
CHP
COq
COMP
CRF
CVaR
DA

DC

DG

DRI
EAF
EH

EL

NOMENCLATURE

Alkaline Water Electrolyser
Anion-Exchange Membrane Electrolyser
Abandoned Farmland
automatic Frequency Restoration Reserve
Agrivoltaic
Battery Energy Storage System
Blast Furnace-Basic Oxygen Furnace
Balance of Plant
Cryo-compressed Hydrogen
Carbon Capture, Utilisation and Storage
Conventional Farming
Compressed Gaseous Hydrogen
Combined Heat and Power
Carbon dioxide
Compressor
Capital Recovery Factor
Conditional Value-at-Risk
Day-Ahead
Direct Current
Diesel Generator
Direct Reduced Iron
Electric Arc Furnace
Electric Heater
Electrolyser
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EOL
EU

FC
FCS
GHG
GMPV
GT

H,O
HRES
HRS
HRSG
HS
HTA
IB
[EA
IES
IM
IPOPT
IRR
ISO
KPI
LH,
LOHC
LP
MESS
MH
MILP
MINLP
NFPA
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End of Life

FEuropean Union

Fuel Cell

Full-light Cropping System
Greenhouse Gas

Ground-Mounted Photovoltaic

Gas Turbine

Hydrogen

Water

Hybrid Renewable Energy System
Hydrogen Refuelling Station

Heat Recovery Steam Generator
Hydrogen Storage

Hard-to-Abate

Imbalances

International Energy Agency
Integrated Energy System

Intraday Market

Interior Point OPTimizer

Internal Rate of Return
International Organization for Standardization
Key Performance Indicator

Liquid Hydrogen

Liquid Organic Hydrogen Carrier
Linear Programming

Multi Energy System Simulator
Metal Hydride

Mixed Integer Linear Programming
Mixed-Integer Nonlinear Programming

National Fire Protection Association



NG
NLP
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NPV
NREL
O2
OMIE

PBT
PCM
PEMEL
PEMFC
PPA
PtG
PtH
PtHtP
PtX

PV
PVGIS
PyPSA
RED III
RES
REFNBO
RM

RT
RUE
SAA
SDDP
SG
SMR

Natural Gas

Nonlinear Programming

Net Present Cost

Net Present Value

National Renewable Energy Laboratory
Oxygen

Operador del Mercado Ibérico de Energia (Iberian Electricity Market Op-
erator)

Payback Time

Phase Change Material
Proton-Exchange Membrane Electrolyser
Proton-Exchange-Membrane Fuel Cell
Power Purchase Agreement
Power-to-Gas

Power-to-Hydrogen
Power-to-Hydrogen-to-Power

Power-to-X

Photovoltaic

Photovoltaic Geographical Information System
Python for Power System Analysis
Renewable Energy Directive (recast)
Renewable Energy Sources

Renewable Fuels of Non-Biological Origin
Reserve Market

Real-Time

Radiation Use Efficiency

Sample Average Approximation
Stochastic Dual Dynamic Programming
Steam Generator

Steam Methane Reformer
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SOFC
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SQP
TAC
TES
T™MY
TRL
TSFA
UHS
VAR
VPP
VRE
WT

Greek symbols

= S X ™ R

S =

Latin symbols
AG®

AH°
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Solid Oxide Electrolyser Cell
Solid-Oxide Fuel Cell

Special Ordered Set of type 2
Sequential Quadratic Programming
Total Annualised Cost

Thermal Energy Storage
Typical Meteorological Year
Technology Readiness Level
Time Series Factor Analysis
Underground Hydrogen Storage
Vector Autoregressive model
Virtual Power Plant

Variable Renewable Energy
Wind Turbine

Generic solar/incidence angle

Array tilt angle

BESS calendar-ageing coefficient
Binary variable

Efficiency

Specific-heat ratio

Weighting / mode-selection parameter
Scenario probability

Discrete operating mode

Rule parameters for the rule-based policy.

Exogenous inputs

Standard-state Gibbs free energy change

Standard-state reaction enthalpy change

[kJ /mol]
[kJ /mol|



AS°
AT
At

Standard-state reaction entropy change
Temperature difference

Time-step length

Mass flow rate

Molar flow rate

Volumetric flow rate

Characteristic thickness

Membrane ionic conductivity

Air excess ratio

Membrane hydration number

Expected profit over the multi-stage daily horizon
Set of assets/technologies

Children of node n in the scenario tree.

C-rate of the BESS

Battery ageing damage increment
Genetic-algorithm (GA) fitness value

Ground-level irradiance field used in agrivoltaic shading
Per-period inequality constraints

Index set used for intraday interval partitioning

Set of intraday sessions still covering delivery hour ¢
Per-period operating-cost function

Set of nodes at stage k£ in the multi-stage scenario tree
Absolute pressure

Thermal resistance

Set of ground pixels in the agrivoltaic layout

Set of time steps over the planning horizon

Time indices aggregated at scenario-tree node n

Set of delivery hours tradable in intraday session ¢
Set of time steps belonging to calendar year y

Admissible control /decision domain

[kJ/(mol K)|



Vi

ARID
ASR
DHI
DNI
DR
ETy
GHI
GTI
LAOR
LCOE
LCOH
LC
LER
LHV
LOH
OPEX
PAR
PR
REV
RH
SDR
SEC
SFC
SOC
SOH
TIT
Tr
XXX

Feasible state/decision space for z; -]
Admissible decision domain at stage k -]
Admissible design domain for s. ]

Agricultural Reference Index for Drought -]

Area-specific resistance [Q2m?]
Diffuse horizontal irradiance [W/m?|
Direct normal irradiance [W/m?|

Real discount rate ]

Reference evapotranspiration [mm /day]|
Global horizontal irradiance [W/m?|
Global tilted irradiance (plane-of-array) [W/m?|
Land Area Occupation Ratio [%]
Levelised cost of electricity [€ /kWh|
Levelised cost of hydrogen [€ /kg|

Life-cycle count to end of life -]
Land Equivalent Ratio combining crop and electricity outputs -]
Lower heating value [kWh/kg|
Level of Hydrogen -]
Operating expenditures €]
Photosynthetically Active Radiation [W/m?|
PV performance ratio -]
Revenue €]

Relative humidity -]

Self-discharge rate of the battery [h=!]
Specific electric consumption [kWh/kg|
Specific fuel consumption [kg/kWh|

Battery state of charge -]
Battery state of health B
Turbine inlet temperature K]

Actual daily crop transpiration [mm /day]



TT

Py ()
115,

TP

Cn

Aalb

Co
CAPEX
CF,

Ccl

cp

fSolar

f Water

G
q(-)

Cumulative thermal time (growing degree days)
Scenario set in the stochastic formulation
Scenario index in the stochastic formulation
Stage-k cost aggregation function
Non-anticipativity pairing set at stage k
Density

Certification aggregation window.

Information revealed up to scenario-tree node n
Area

Ground albedo

Electrolyte molality

Exhaust bypass fraction in HRSG duct

Commodity price or remuneration

[m?]

-
[mol/kg|
-

[€ /kWh], [€ /Sm?], [€ /kg]

Upfront investment €]
Installed capital cost €]
Operating cash flow in calendar year y [€]
Carbon intensity [kgco2eq/kWh| or [kgcooeq/kem, |
Specific heat capacity at constant pressure. [kJ/ (kg K)]
Diameter [m]
Distance [m]
Binary /multi-component diffusivity [m? /s
Energy / capacity [kWh|
Faraday constant [C/mol]
State recursion / system dynamics -]
Fraction of daily PAR intercepted by the crop canopy -]
Water-stress modifier in the SIMPLE model -]
Solar irradiance [W/m?|
Per-period equality constraints -]
Specific enthalpy [kJ/kg]
Electric current [A]
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SsC

Ly

Y*

Yt

Subscripts
XXXII

Current density

Investment-cost function of the design s
Thermal conductivity

Axial length

Molar mass

Mass

Generic count / number / horizon length
Number of time steps in the planning horizon
Nameplate electrical power of a unit
Instantaneous power

Specific thermal energy

Radius

Universal gas constant

Time-invariant sizing / design decision vector
Specific consumption

Temperature.

Control vector

Electric voltage

Continuous scheduling decision vector
Decision vector associated with node n
Volume.

Width

Wind speed

Molar fraction

State vector

crop yield per hectare

Discounted payback year

Output vector

Height

[A/m?|

€]

[Wm= K~
[m]

|kg/mol]

(kW]

(kW]
[kWh/kg]
[m]

[J/ (mol K)]
[

[Sm? kg™
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air
aisle
amb
app
bed
cal
ca
cell
ch
ci
col
conc
cont
co
ct
cyc
deg
des
dis
edge
elec
es
exh
ext
Far
fw
hub
id

ins, i

Activation

Air

Aisle

Ambient
Approach

Bed

Calendar
Cathode-side quantities
Cell

Charge

Cut-in

Column
Concentration
Container
Cut-out
Charge-transfer
Cycle
Degradation
Desorption
Discharge
Module edge
Electrolyte
Equivalent solid / thermal mass
Exhaust
External
Faradaic
Feedwater

Hub

Ideal
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1. INTRODUCTION

The contemporary energy—environment nexus is characterised by mutually reinforcing
crises—climate change, biodiversity loss, and air pollution—that stem from two centuries
of fossil-fuelled industrialisation over a finite biosphere. The 2024 global mean surface
temperature was 1.55°C above the 1850-1900 pre-industrial baseline, making it the warmest
year on record; monthly and 12-month averages temporarily exceeded 1.5°C during much of
2023-2024 [1-3]. Updated remaining-budget assessments indicate that, as of 1 January 2025, a
50 % chance of limiting warming to 1.5°C corresponds to a remaining budget of ~235 Gt COs,
and ~1110 Gt COq for 2°C (higher-likelihood budgets are smaller) [4]. Against this backdrop,
total greenhouse gas emissions reached a new high of 57.1 Gt/yr COg-eq in 2023, and energy-
related CO5 emissions climbed to a record 37.8 Gt in 2024, underscoring the urgency of
structural change [5, 6].

Within Europe, the transition is framed by binding legislation targeting climate neutrality
by mid-century and deep reductions by 2030. The 2050 Long-Term Strategy, the European
Climate Law, and the European Green Deal provide the legal and policy architecture, while
successive packages (Fit for 55, including the recast Renewable Energy Directive (RED III)
and related market reforms) align instruments, markets, and standards to deliver the targets
[7-9]. Independent assessments continue to flag policy and investment gaps compatible
with a 1.5°C pathway, highlighting needs in renewable deployment, electrification, efficiency,
flexibility, grids, and credible carbon pricing [9]. At the same time, the transition must
contend with real-economy frictions: legacy asset vintages, technology learning curves, supply-
chain constraints for critical materials, and institutional limits in permitting and planning.
Regulatory clarity on renewable and low-carbon hydrogen has advanced via RED III and the
Commission’s Delegated Acts that define Renewable Fuels of Non-Biological Origin (RFNBO)
conditions and life-cycle methodology, tightening certification baselines for investment [10,
11].

In this context, hydrogen is not a panacea, but it is potentially decisive where direct
electrification faces thermodynamic or process constraints (e.g., high-temperature industry,
chemical feedstocks, long-haul mobility), and where long-duration storage is needed to
integrate Variable Renewable Energy (VRE) at scale. Its effective deployment requires
evidence-based prioritisation of end-uses coupled with rigorous planning and scheduling of
Power-to-Hydrogen (PtH) plants.

The remainder of this introduction is organised as follows: Section 1.1 details the energy-
transition and decarbonisation drivers behind the growing interest in hydrogen. Section 1.2
discusses hydrogen’s specific role in the broader energy system and the key system-integration
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1 Introduction

levers that can facilitate its deployment. Building upon this, Section 1.3 identifies the
hard-to-abate sectors where hydrogen can have the greatest impact and classifies relevant
archetypes for analysis. Section 1.4 provides an overview of the entire hydrogen value chain,
from production to end-use. Finally, Section 1.5 outlines the specific structure and content of
the subsequent chapters of this thesis.

1.1 Energy transition and decarbonisation drivers

Within the European Union (EU) policy architecture introduced in Chapter 1—climate
neutrality by mid-century under Fit for 55, RED III and RFNBO rules with strengthened car-
bon pricing and trade safeguards—the immediate drivers of the transition are operationalised
through pricing and planning tools: the 2023 European Union Emissions Trading System
(EU ETS) revision tightens the cap and broadens scope for energy-intensive activities, while
the carbon border adjustment mechanism aligns the effective carbon cost of selected imports
to EU benchmarks, mitigating leakage and reinforcing low-carbon investment signals [12, 13].
Security of supply and network governance complement these price signals: REPowerEU
accelerates renewable deployment and diversification, the revised Trans-European Networks
for Energy steers cross-border infrastructure via projects of common interest / projects of
mutual interest frameworks, and hydrogen-ready corridors appear in system planning (e.g.,
the European Hydrogen Backbone) to link coastal import/Renewable Energy Sources (RES)
hubs with inland demand centres and storage basins [14-16].

Current system status. Despite policy momentum, system aggregates still reflect a
structural mitigation gap: energy-related CO, rose again in 2024 to a record 37.8 Gt [6];
global total primary energy supply reached 592 EJ in 2024 and remained 86 % fossil-based
(oil 34 %; coal 28 %; gas 25 %), with nuclear just over 5% [17]. Power-sector progress is
rapid—about 585 GW of renewable capacity added in 2024, led by Photovoltaic (PV) and
wind—yet electricity is only part of final energy: renewables supplied a little over 8 % of
total energy demand in 2024 and 13.5% of total final energy consumption in 2023, while
in Europe they reached 24.5 % of gross final energy with wide Member State heterogeneity
[18-20]. These aggregates are summarised in Figure 1.1, which shows total world primary
energy use.

Integration and flexibility. Deepening VRE shares stress operations and networks:
temporal /spatial variability, limited coincidence with demand, and grid bottlenecks manifest
as frequency excursions, congestion, and curtailment [22]. A credible response relies on
a portfolio of flexibility resources—short-duration storage and fast reserves (increasingly
batteries), responsive demand, interconnection, and grid reinforcement—supplemented by
complementary long-duration options to bridge multi-day to seasonal imbalances; authoritative
pathways (such as International Energy Agency (IEA) Net Zero Emissions) are consistent with
this multi-lever approach [23-25]. Delivering a 1.5°C-consistent trajectory hinges on scaled
capital formation into clean supply, grids, flexibility, and demand-side efficiency, supported
by carbon pricing and de-risking instruments; independent trackers still show heterogeneity
in pledges and near-term delivery, reinforcing the need to prioritise measures with the highest
abatement per euro and strong co-benefits while preserving affordability and security [9, 20,
26, 27|.

Italian context. In Italy, the draft updated national energy and climate plan grounds
these dynamics in industrial districts and logistics corridors, highlighting renewable siting,
grid constraints, and flexibility needs; wholesale price formation and gas costs condition
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Figure 1.1: World primary energy use. Data retrieved from [21].

arbitrage and investment signals for grid-connected assets, while residual grid carbon intensity
informs lifecycle appraisals of electrified configurations and end-use choices [28, 29|.

1.2 Hydrogen’s role in the energy transition

Hydrogen is not a panacea, but it can be decisive where direct electrification is constrained
by thermodynamics, process chemistry, or operational envelopes, and where long-duration
flexibility is required to integrate high shares of VRE. A widely used framing of the relative
competitiveness of hydrogen applications is Michael Liebreich’s Hydrogen Ladder, which ranks
prospective end-uses from “unavoidable” (Category A) to “uncompetitive” (Category G) in a
net-zero energy system [30]. A representative prioritisation consistent with this framing is
shown in Figure 1.2.

In this thesis hydrogen’s role is structured along three levers: (i) feedstock substitution
to displace unabated fossil-based Hs in refineries and bulk chemicals and to enable Direct
Reduced Iron (DRI) routes in steel with Electric Arc Furnaces (EAF); (ii) high-temperature
fuel/Combined Heat and Power (CHP) carrier in process industries via hydrogen-ready gas
turbines with heat-recovery or Solid Oxide Fuel Cell (SOFC)-based CHP; and (iii) flexibility
resource that stores surplus renewable energy over days to seasons with reconversion to power
[31-34].

Industry and refineries. Current Hy demand is concentrated in ammonia, methanol,
and hydroprocessing and remains largely supplied by unabated fossil routes; accelerating
low-emission Hy uptake here yields first-order abatement and builds scale for downstream
applications. Flagship initiatives (e.g., H2 Green Steel) signal a shift to large electrolytic
supply for DRI/EAF steelmaking alongside chemical pilots and CO, capture retrofits, though
aggregate volumes still fall short of 2030 milestones and require bankable offtake and targeted
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Figure 1.2: Hydrogen Ladder 5.0: prioritisation of hydrogen end-use sectors from A
(“unavoidable”) to G (“uncompetitive”) in a prospective net-zero energy system. [30].

support [32, 33, 35].

Transport. While hydrogen’s aggregate transport share is modest, certain duty cycles—heavy-
duty road, selected maritime segments, and non-electrified rail—benefit from high energy
density and rapid refuelling. Demonstrators such as the MF Hydra ferry and the Coradia
iLint train illustrate feasibility; broader scaling hinges on refuelling infrastructure, platform
maturity, and total cost of ownership convergence [32, 36, 37].

Buildings. Pilots in the UK and Japan explore hydrogen boilers and residential fuel
cells, yet infrastructure requirements and efficiency comparisons with heat pumps indicate a
constrained near-term role under current policies [32].

Power and long-duration storage. Hydrogen and ammonia offer dispatchable options
via gas turbines, internal combustion engines, and fuel cells; co-firing and dedicated firing have
been demonstrated at increasing shares, with NO, managed through dry-low-NO, combustion
and selective catalytic reduction. For seasonal adequacy, hydrogen stored in pressurised
tanks or subsurface (e.g., salt caverns or suitable porous formations) and reconverted in
high-efficiency fuel cells (stack electrical efficiency > 60 %) can hedge prolonged low-VRE
periods alongside compressed air energy storage, pumped hydro, and advanced batteries
across timescales [23, 32, 34].

Storage pathways and siting. Compressed gas favours modularity and dispersed
siting; underground options unlock very large capacities where geology permits; selected
metal hydrides offer compactness with thermal-management needs. Comparative syntheses
of volumetric density, siting, safety, and cost inform technology selection by duty and scale
are reflected in the modelling choices later in the thesis [38-40].

Regulatory certification. Delegated acts under the Renewable Energy Directive specify
additionality and temporal/geographical correlation for electricity used in RFNBO and set
life-cycle Greenhouse Gas (GHG) methodologies and thresholds. Because these definitions
delimit admissible operating envelopes and contracting space (e.g., hourly matching windows,
regional correlation, certificate accounting), they are encoded in the thesis as hard constraints
rather than ex-post checks, ensuring policy-coherent sizing and scheduling {10, 11].
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Modelling implications. The thesis prioritises feedstock replacement and industrial
decarbonisation where hydrogen is indispensable and models hydrogen production, storage
and reconversion as complements to battery- and network-based flexibility within uncertainty-
aware optimisation that reflects technical envelopes, market participation rules, and certifica-
tion [32, 33].

1.3 Hard-to-abate sectors and archetypes

Hard-to-Abate (HTA) sectors are characterised by large, continuous energy needs and
process conditions—high-temperature heat, reducing atmospheres, strict product-quality
constraints—that make direct electrification technically difficult, operationally risky, or cost-
prohibitive at scale. Typical HTA domains include refining and bulk chemicals (ammonia,
methanol), primary metals (iron and steel), cement and glass, and process industries such as
pulp and paper, where heat recovery integration and high availability further limit disruptive
fuel switching [41-43]. Across major economies with diverse structures (EU, USA, China),
heavy industry constitutes a substantial fraction of national GHG emissions; in China, for
example, heavy-industry emissions account for roughly one-third of the national total, while in
the EU and USA they remain material even as power-sector decarbonisation advances [44-46].
Decarbonising these sectors therefore requires a portfolio of levers: demand- and material-
efficiency (including circularity and quality-preserving substitution), process innovation, fuel
switching to low-carbon electricity and clean molecules, and Carbon Capture, Utilisation and
Storage (CCUS), sequenced under credible policy and infrastructure plans [41].

Hydrogen’s role in HTA. Even where electrical technologies exist, many HTA processes
require > 1000 °C heat or controlled reducing environments, and their plant-wide energy
integration (e.g., cascade use of by-product heat, CHP) is optimised for continuous operation.
Redesigning such systems around electricity-only solutions may forgo valuable waste-heat
streams, impose significant grid reinforcement, and challenge product quality and availability.
Hydrogen provides three complementary functions: (i) a molecular feedstock (ammonia,
methanol, refinery hydroprocessing), (ii) a reducing agent (ironmaking), and (iii) a high-
temperature fuel for kilns and furnaces; additionally, as an intermediate energy carrier it
couples VRE to continuous industrial loads via conversion, compression, and storage [31-34].
Hydrogen is not a universal solution; rather, it complements electrification and CCUS where
it yields higher abatement per euro, preserves product specifications and availability, and
minimises system-level costs and risks [41, 46, 47].

Present hydrogen use and future pathways. Today, most hydrogen is consumed in
oil refining and ammonia synthesis. In Europe, annual hydrogen demand is on the order of
~8.65 Mt, with Germany and the Netherlands among the largest users; refineries, ammonia,
and methanol dominate the sectoral split, highlighting a near-term feedstock-substitution
opportunity that is technologically mature and policy-relevant [48]. Medium-term growth in
iron and steel is expected as hydrogen-based direct reduction (Ho—DRI) with EAF melting
scales from pilots and first-of-a-kind projects [49].

Globally, hydrogen demand reached just over 97 Mt in 2023 and remains overwhelmingly
concentrated in established uses: refining, ammonia and methanol together account for the
vast majority of demand, with fossil-based DRI and other industrial uses making up most of
the remainder, while new “energy-transition” applications still contribute well below 1% [50].
On the supply side, production is almost entirely derived from unabated fossil fuels: roughly
two-thirds from natural gas, about one-fifth from coal gasification, and more than 15 % as
by-product hydrogen in refineries and petrochemicals, with low-emissions routes (fossil with
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CCUS and electrolysis) still below 1 Mt and under 1% of global output [50]. Global hydrogen
production by technology is summarised in Figure 1.3.
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Figure 1.3: Global hydrogen production by technology. Data derived from the Global Hydrogen
Review 2024 [50].

Archetypes used in this thesis. To capture the diversity of HTA use-cases while
keeping the modelling tractable, three archetypes are defined and used throughout:

e Steady industrial Hy (base-load off-taker)—continuous or slowly varying hydrogen draw
typical of refineries, ammonia/methanol plants, and Hy~DRI steelmaking. The emphasis
is on high electrolyser utilisation, continuity-oriented storage, and integration with site
utilities [49, 51, 52].

e Hydrogen Refuelling Station (HRS; variable Hy demand)—time-of-day-peaked service
load driven by fleet logistics, requiring staged compression and cascade-bank manage-
ment; electrolyser/compressor dispatch can couple to wholesale electricity prices to
reduce operating costs [53].

e Coupled electric-thermal demand—simultaneous electricity and process-steam demand
over long operating windows, favouring tightly integrated CHP (Gas Turbine (GT)-Heat
Recovery Steam Generator (HRSG) or SOFC-CHP) layouts [34, 43].

The combination of these archetypes spans much of the techno-economic design space
encountered in HTA sectors and supports generalisable insights on sizing, scheduling, and
system value. For illustration, Figure 1.4 compares representative daily hydrogen demand
profiles for the steady industrial off-taker and the HRS archetypes, normalised to a common
peak and with equal daily hydrogen consumption.
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Figure 1.4: Representative daily hydrogen demand profiles: Steady industrial Hy demand
(constant load) and Hydrogen refuelling station Hy demand (time-of-day-peaked). Both profiles are
normalised by the maximum hourly demand of the refuelling-station profile, so that the areas under
the curves correspond to the same daily hydrogen consumption.

1.3.1 Steady industrial hydrogen demand

This archetype captures continuous or slowly varying hydrogen demand typical of large
process sites: refineries (hydrotreating, hydrocracking), bulk chemicals (ammonia via Haber—
Bosch, methanol), and ironmaking via hydrogen direct reduction with Electric Arc Furnace
(EAF) finishing (Hy-DRI-EAF). In refineries and chemicals, hydrogen is an essential feedstock
whose shortfall immediately constrains throughput; in Ho—-DRI, hydrogen is the primary
reductant for iron ore in the shaft furnace, replacing syngas/natural gas (NG) [31, 49, 51].
The incumbent Blast Furnace-Basic Oxygen Furnace (BF-BOF) steel route exhibits high
emissions (approximately 1.8 tco,/terude steel)s While NG-DRI-EAF can roughly halve that to
approximately 0.9 tco, /terude steel; deep decarbonisation requires switching to Ho-DRI-EAF
and/or targeted CCUS on residuals [49]. Representative hydrogen intensities on the order
of ~50kgy, /tsteer are commonly adopted for Ho-DRI [52]. Refinery and chemical complexes
typically draw multi-MW to multi-tens-of-MW hydrogen equivalents, operating 24/7 [31, 51].

Assurance of continuity. Because the off-take is steady, the preferred operating stance
is high annual utilisation of the hydrogen supply to lower unit costs. In practice, sites consider
three generic options whose detailed engineering is treated later in the thesis: (i) co-locating
electrolysers with the plant (sized against baseload with modest headroom), (ii) grid-coupled
electrolysis backed by long-term power sourcing (e.g., Power Purchase Agreements (PPAs)),
and/or (iii) delivered hydrogen from external producers. The mix chosen is context-specific
(power prices, space, permitting, grid access) but, for base-load users, designs emphasise
reliability and predictable scheduling rather than frequent cycling [31]. Additionally, some
onsite buffer is typically provided even when supply is steady. At concept level this may be
above-ground compressed storage or, where conditions allow, subsurface options; the purpose
is continuity across short outages and maintenance rather than daily arbitrage [38-40].

System and market interfaces. When hydrogen is produced from electricity, site
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economics hinge on electricity price formation and achievable utilisation. Even for base-
load users, limited operational flexibility can help align with grid constraints or contractual
conditions, but the economic optimum generally remains at high capacity factor. Under EU
certification for RFNBO, additionality and temporal /geographical correlation rules bound
admissible operating windows for renewable hydrogen claims; these guardrails are encoded as
constraints in the modelling framework used later in the thesis [10, 11].

Early European initiatives illustrate the transition from pilots to first-of-a-kind plants:
HYBRIT (Sweden) produced fossil-free sponge iron using hydrogen in 2021; ArcelorMittal
(Hamburg) is advancing hydrogen-based DRI; additional programmes by Tata Steel, Baowu,
Thyssenkrupp, and Voestalpine are tracked in public databases (e.g., the Green Steel Tracker)
and inform the scaling trajectory for steady industrial offtakers [54-56].

1.3.2 Variable hydrogen refuelling station demand

HRS serving depot-based or corridor fleets (buses, trucks, light-duty vehicles) exhibit
pronounced intra-day peaks tied to departures, returns, and logistics windows, with com-
paratively modest day-to-day variability once operations stabilise. The boundary draw seen
by onsite production and storage is therefore a bursty service load driven by fast-fill events
and minimum-wait constraints, rather than a smooth process demand [53]. This temporal
asymmetry motivates designs that decouple hydrogen production from dispensing through
intermediate compression and buffered storage. Usually two configurations are considered:
(i) onsite production that feeds compression, and intermediate storage before dispensing, and
(ii) delivered hydrogen (gaseous or liquid) that is conditioned onsite through comparable
buffer and dispensing stages. Onsite routes reduce road deliveries and can couple to local
renewables; delivered routes externalise production but add logistics and interface scheduling
[53]. In both cases, staged compression and cascaded storage are used to meet short service
windows reliably.

Scheduling and market coupling. Because demand is peaked while production assets
favour steady, high utilisation, HRS operation co-optimises: (i) production timing (e.g.,
shifting into lower-price hours where feasible), (ii) compressor duty, and (iii) inventory
trajectories in intermediate storage to guarantee service levels (queueing limits, first-fill
times). Under EU renewable-fuel certification for road transport, Delegated Acts enforce
additionality and hourly temporal/geographical correlation for electricity used to produce
certified RFNBO hydrogen; these rules bound admissible operating windows and, in turn,
the required production and buffer capacities for a given service profile [10, 11]. Compared
with large industrial offtakers that require multiple tonnes per day, typical HRS throughputs
are lower and more variable; as a result, the specific cost of hydrogen is more sensitive to
fixed capital recovery on production, compression, and storage equipment. Co-optimising
production hours (subject to certification windows), compressor duty, and buffer trajectories
to concentrate operation in lower-price periods and to reduce idle time improves capacity
factors and lowers unit cost; analogous utilisation gains are relevant for stations supplied by
delivered hydrogen, where compression/dispensing assets still exhibit high fixed-cost intensity
[53, 57].

1.3.3 Coupled electric-thermal demand

Some industries, such as pulp and paper mills, exhibit sustained, simultaneous demands
for electricity and process steam (typically saturated in the medium-pressure range), making
them prototypical CHP users with high annual operating hours and availability requirements
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[43, 58, 59]. The site power-to-heat ratio depends on product mix and machine configuration,
while heat-integration practices (e.g., multi-effect evaporation, cascade use of exhaust/waste
heat) shape the feasible electricity—steam trade-off [43, 60]. Conventional CHP layouts rely
on gas turbines with heat recovery, steam turbines, and, at larger sites, combined-cycle CHP
[43, 61|. When sized to the mill’s steam curve and integrated with process heat recovery,
CHP consistently outperforms separate generation on energy utilisation and life-cycle cost;
upgrades typically target better heat recovery and process-side efficiency measures [60, 62-64].

Low-carbon pathways and hydrogen options. Decarbonisation strategies span fuel
switching (biomass/biogas integration in suitable mills), targeted electrification where ther-
modynamically feasible, enhanced waste-heat valorisation, and—where applicable—carbon
capture on concentrated flue points [59, 65, 66]. Hydrogen provides complementary routes
that preserve the CHP logic: (i) adapting existing prime movers toward hydrogen-ready
operation in the gas-turbine/heat-recovery pathway, with appropriate attention to combustion
characteristics and emissions control; and (ii) deploying fuel-cell-based CHP (e.g., SOFC)
that couples high electrical efficiency with useful heat for site services [34]. Where hydrogen
is produced on site, an electrolyser and modest hydrogen storage can be scheduled against
electricity prices and plant downtime; where hydrogen is delivered, planning focuses on secure
offtake and on the interaction with the mill’s steam and power profiles.

Integration and operation. Within gas-turbine-based CHP, the HRSG is the integrating
hinge between prime-mover exhaust and the site’s steam headers: HRSG configuration and
approach /pinch choices determine achievable steam levels, stack temperature limits, and
the electricity—steam trade-off that must match the mill’s composite steam curve [43, 67].
Operationally, mills may adopt a thermal-follow strategy (prime mover schedules to track
steam demand; electricity imported/exported as needed) or an electric-follow strategy (prime
mover optimised to power prices/constraints; steam balance completed via auxiliary boilers
or Thermal Energy Storage (TES)). The former typically benefits from steam accumulators
or hot-water TES to buffer short transients; the latter may require limited electrical storage
for drive protection/short peak shaving or secure external supply contracts. Where hydrogen
is produced on site, an electrolyser and modest hydrogen storage can be timed to electricity
prices and maintenance windows; where hydrogen is delivered, planning focuses on firm
offtake and interaction with the site’s steam/power profiles. Key KPIs include overall fuel
utilisation, specific electricity /steam per tonne of product, and delivered cost metrics that
reflect fuel/carbon prices and asset utilisation.

1.4 The hydrogen value chain

This section introduces the hydrogen value chain as a sequence of tightly linked functions
that transform electricity and water into hydrogen delivered to a user with defined pressure,
purity, and continuity requirements. For large industrial off-takers, a typical PtH supply
comprises the following building blocks:

1. Electricity provision from on-site renewables (PV, wind) and, where permitted,
limited grid import. Hybrid renewable portfolios are commonly considered to shape
the production profile driving electrolyser utilisation [68-70].

2. Short-term electrical buffering using Battery Energy Storage System (BESS)
optionally smooths minute-to-hour variability and mitigates RES ramps seen by the
electrolyser; modest buffering can increase utilisation and reduce downstream storage
needs when economically justified [70, 71].
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. Hydrogen production: electrolysis converts electricity to hydrogen. Three technolo-

gies dominate: Alkaline Electrolyser (AEL), Proton-Exchange Membrane Electrolyser
(PEMEL), and Solid Oxide Electrolyser Cell (SOEC). They differ in maturity, operating
temperature, dynamic response, efficiency, and water treatment needs, and are selected
according to the driving electricity profile and integration opportunities (e.g., heat)
[72].

. Hydrogen compression brings the product to the plant’s handling pressure and

purity: compression/pressurisation, gas drying and purification, and safety systems.
The chosen delivery pressure depends on on-site distribution and end-use equipment
[72, 73|. In the quantitative models developed in this thesis, compression is represented
as an explicit electrical load (Section 3.2.2).

. Hydrogen storage provides decoupling across time scales. Options include compressed-

gas tanks (modular, mature), underground storage in suitable geology (bulk, low specific
cost where available), and metal hydrides (high volumetric density when low-grade
heat is present). Each option trades round-trip efficiency, footprint, cost, and operating
temperature/pressure [40, 72].

. Delivery and end-use complete the chain: on-site piping/tube trailers or short

pipelines distribute hydrogen to users. End-uses include direct combustion in boilers
and gas turbines (with growing co-firing/retrofit capabilities) and reconversion via fuel
cells for electricity and CHP when flexibility is required |72, 73|.

Because electricity supply, electrolysis, storage, and end-use are interdependent, design

choices at one stage cascade to the others. For instance, the renewable mix and variability
shape electrolyser sizing and operating mode; these, in turn, influence storage technol-
ogy /pressure and distribution design. Integrated assessments therefore consider component
interactions, local resource and space constraints, and any GHG intensity limits on grid
electricity when defining “renewable hydrogen” pathways [68-70, 73]. A generic layout of
such a hybrid on/off-grid PtH system is shown in Figure 1.5.
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Figure 1.5: General schematic representation of a hybrid on/off-grid PtH system.
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1.4.1 Renewable electricity supply

The RES block sets the energy input profile for electrolysis and thus strongly influences
electrolyser capacity factor, storage requirements, and overall operating strategy. In industrial
applications, PV-wind hybridisation is often adopted to exploit complementary diurnal and
seasonal patterns (PV typically summer-peaked, wind frequently stronger in winter at many
European/coastal sites), reducing curtailment and smoothing the input to electrolysis |68,
70]. PtH systems can operate fully off-grid (all electricity from RES and on-site buffers)
or with a grid interconnection. Where policy allows, limited grid imports may be used to
support continuity, subject to compliance with renewable-hydrogen GHG-intensity thresholds;
conversely, strict limits drive larger on-site RES builds and greater reliance on hydrogen
storage [69, 73]. Additionally, hourly variability of RES affects electrolyser ramping, start-up
frequency, and partial-load operation. BESS integration can reduce fluctuations seen by
the electrolyser, improving utilisation and potentially lowering required hydrogen storage
mass; excessive BESS sizing generally raises system cost without commensurate benefit |70,
71]. Finally, practical design must account for land/roof availability, setback and safety
distances, interconnection limits, and potential co-benefits (e.g., use of by-product oxygen,
heat integration). The RES portfolio selected upstream influences downstream choices
(electrolyser technology and operating set-points, storage type/pressure, delivery pressure),
so RES sizing is treated consistently with the rest of the chain in techno-economic studies
[68, 72.

1.4.2 Hydrogen production

Electrolysis splits water into hydrogen and oxygen in an electrochemical cell with two
electrodes separated by an electrolyte. Practical plants assemble multiple cells into stacks
and add Balance of Plant (BOP) (power conversion, water treatment, thermal management,
gas processing) and, where required, on-stack or downstream pressurisation. Integration in
PtH systems couples the electrolyser to the upstream electricity profile (RES and/or grid),
targeted delivery pressure and purity, and the chosen storage/end-use pathway [72, 74, 75].

Four technology families are relevant for industrial applications, as represented in Fig-
ure 1.6.

Low-temperature units (AEL, PEMEL, Anion-Exchange Membrane electrolyser (AEMEL))
operate at 50°C to 100°C with aqueous or polymeric electrolytes and can be configured
for differential pressure on the hydrogen side; high-temperature SOEC operates at 800°C
to 1000°C with ceramic electrolytes conducting O*  and usually delivers near-atmospheric
product that is compressed downstream. Typical specific electricity use for modern PEMEL
at nominal conditions is 50 kWh/kgy, to 55kWh/kgy,, depending on load, temperature,
and auxiliaries [69, 73]. Where suitable sinks exist, low-grade heat (50°C to 80°C) and
by-product oxygen can be valorised to improve system-level performance |76, 77|. Indicative
stack-level characteristics are summarised in Table 1.1.

e AEL uses an aqueous alkaline electrolyte (typically KOH) with nickel-based electrodes
and separators. Strengths are maturity and comparatively low specific CAPEX; lim-
itations include lower current density, slower transients, reduced efficiency at deep
part-load, and gas-crossover constraints 72, 74].

e PEMEL employs a solid proton-conducting membrane with noble-metal catalysts (Pt,
IrO,). It offers compact designs, high current densities, and fast load following, and is
well suited to variable RES profiles. Differential-pressure operation routinely delivers
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Figure 1.6: Comparison of electrolysis technologies: schematic principles and reactions of AEL,

PEMEL, AEMEL, and SOEC.

Table 1.1: Indicative comparison of electrolysis technologies (stack-level ranges). Maturity refers to
Technology Readiness Level (TRL).

AEL PEMEL AEMEL SOEC
Operating temperature (°C) 65-100 70-90 50-70 800-1000
Delivery pressure (bar) 25-30 30-80 ~30 <30
Stack voltage efficiency (%) 60-80 60-80 40-65 80-95
Specific energy (kWh/Nm?) 4.5-7.5 5.8-7.5 4.8-5.2 2.5-3.5
Dynamic response slow—moderate fast moderate slow
H, purity (vol., %) 99.3-99.9 99.999 99.99 99.999
Stack lifetime (h) 10000 20000 n/a >20000
Maturity (TRL) Commercial ~ Commercial R&D/pilot ~ Demo
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30 bar to 80 bar hydrogen; heat recovery (50 °C to 80°C) can preheat feedwater or serve
local heat uses [75-77|. Iridium intensity and cost remain key challenges [74].

e AEMEL—Anion-Exchange Membrane electrolyser—targets PEM-like cell architecture
with alkaline-side ion transport, enabling reduced precious-metal use. Current systems

are limited by membrane conductivity and catalyst activity /durability; R&D focuses
on membranes, electrodes, and cell design to close the gap with AEL/PEM [72].

e SOEC supplies part of the splitting energy as high-temperature heat, achieving high
stack efficiencies at 800 °C to 1000 °C (ceramic electrolytes, e.g., yttria-stabilised zirconia
(YSZ)). It is attractive where steady heat is available (industrial waste heat, nuclear).
Challenges include materials stability, thermal-cycling sensitivity, sealing, and BOP
complexity; pressurisation typically occurs downstream |72, 74].

Key cross-cutting decisions include: (i) delivery pressure—on-stack pressurisation versus
downstream compression, (ii) operating strategy—balancing RES following with limits on
cycling and low-load operation, (iii) heat and oxygen valorisation—recovering low-temperature
heat and using O3 in adjacent processes, and (iv) water management |72, 76]. Modest electrical
buffering or RES hybridisation can raise utilisation and shrink hydrogen storage, whereas
excessive battery sizing adds cost without proportional benefit [70, 71].

As controllable loads, electrolysers can participate in ancillary services. Operation is
conveniently described by three mutually exclusive states—on (producing), standby (holding
at low power), and off—with distinct warm (standby—on) and cold (off—on) starts. PEM
units typically ramp within sub-second to second-scale and cold-start within minutes; alkaline
units respond in seconds—minutes with longer cold-starts. Properly scheduled, both meet
secondary-reserve response windows (e.g., 15min automatic Frequency Restoration Reserve
(aFRR)) [78]. When on, stacks can offer bidirectional reserve around the set-point (within
minimum-input limits); in standby, downward reserve dominates; when off, only cold-start
upward modulation is feasible and must respect start-up time [79-81].

BOP shapes efficiency, availability, and site integration: (i) AC/DC conversion—transformer
efficiency; (ii) water treatment—filtration and polishing to prevent contamination (typically
15L/kgy,); (iii) thermal management—closed-loop cooling and dry coolers/chillers to remove
low-grade heat; and (iv) gas processing—demisters and dryers for purity and safety. Local
integration can upgrade BOP value, e.g., using low-grade heat for water preheating or nearby
thermal users [76, 77].

Ageing influences scheduling and economics. Degradation correlates with cumulative
operating hours and start /stop events. In PEM systems, catalyst dissolution/support corrosion
and membrane hydration cycles dominate; in alkaline units, electrode corrosion and separator
ageing are critical. Embedding degradation via usage costs (hours on) and start-up costs
(warm vs. cold) steers schedules toward fewer starts (often favouring standby over repeated
off/on), smoother profiles, and selective reserve provision when revenues exceed marginal
ageing costs—consistent with experimental and review evidence that fast cycling and deep
excursions accelerate wear, while steady operation extends life [72, 82|.

1.4.3 Hydrogen compression

Hydrogen’s very low volumetric energy density makes compression indispensable whenever
production and consumption are temporally or spatially decoupled. Target pressures depend
on the use case (on-site buffer storage, pipeline injection, refuelling), and compression
approaches fall into two broad families: mechanical and non-mechanical [83].
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1. Mechanical compression. Positive-displacement machines dominate current practice
for medium-high discharge pressures and moderate flows. Reciprocating (oil-free)
compressors are widely deployed above 3 MPa, often in multistage layouts up to tens
of MPa; they are mature but require careful materials selection (embrittlement) and
robust thermal management and maintenance at high compression ratios. Diaphragm
compressors hydraulically drive a metal diaphragm that isolates the gas from lubri-
cants, providing very high purity at low—medium flow—typical of HRS—at the cost of
diaphragm fatigue and limited throughput [83]. For high flows and intermediate ratios,
centrifugal stages are attractive, but hydrogen’s low molecular weight forces very high
impeller tip speeds; material and aero—thermo—mechanical constraints limit today’s
adoption mainly to prototypes. Linear and liquid-piston concepts exist largely at R&D
level for hydrogen (the latter better established for compressed-air service) [83].

2. Non-mechanical compression. Thermally or electrochemically driven concepts
eliminate most moving parts and can integrate with site heat. Metal-hydride compressors
absorb hydrogen at one condition and desorb at higher pressure when heated; they can
leverage waste heat and deliver very pure gas, but overall efficiency is low (typically
2% to 10 %) and multistage designs are needed beyond ~150 bar [84]. Electrochemical
(PEM-based) compressors transport protons across a membrane under an applied
potential and recombine them at elevated pressure; they are compact and oil-free, with
demonstrations reported up to ~1000 bar, but durability at high differentials remains a
challenge [85]. Cryogenic/cryo-compressed options combine deep cooling (near 20 K)
with pressurisation to achieve very high densities; complexity and boil-off management
restrict these to niche applications. Adsorption-based concepts are at an early stage
with limited performance data [83].

Mechanical compressors remain standard for industrial and mobility deployments, yet
compression energy is non-negligible: a substantial fraction of the stored hydrogen LHV can
be consumed to reach high pressures, motivating careful staging and intercooling measures
[83]. Non-mechanical routes can be advantageous where waste heat is available, purity is
critical, or compactness and low maintenance are valued, but most are not yet broadly
commercial. At elevated pressures hydrogen departs from ideal-gas behaviour; density and
work estimates should therefore employ an appropriate equation of state or compressibility
factor Z via PVol = nZRT. Ideal-gas estimates are generally adequate up to roughly
~100 bar; beyond that, tabulated Z(p,T') or reference equations of state (e.g., Leachman et
al.) are recommended for design and system modelling [86].

1.4.4 Hydrogen storage

Hydrogen storage technologies span physical options—compressed gaseous hydrogen
(CGHy), liquid hydrogen (LHs), and cryo-compressed hydrogen (CcHs)—and material-based
options (metal hydrides (MH) and liquid organic hydrogen carriers (LOHC)). In PtH supply
chains, storage decouples stochastic generation and end-use over time scales from intraday
to seasonal, interacts with electrolyser operating strategy and compression choices, and
constrains ancillary-service delivery through charge/discharge limits and pressure windows.
The main storage pathways and their indicative characteristics are summarised in Table 1.2
[40, 83, 87, 88|.

Upstream, electrolyser outlet pressure and dynamics determine the need for on-stack
pressurisation versus downstream compression; midstream, storage selection fixes the pres-
sure/temperature domain and the round-trip pathway (purely mechanical for CGH, tanks
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Table 1.2: Summary of hydrogen storage pathways.

CGH, LH, CcH, UHS Hydrides LOHC
Pressure |bar] 100-1000* ~1 200-300 50-200 10-200 ~1
Temperature [°C]  ambient  ~ —253 ~ —233 ambient 20-350 20-300
Density [kg/m3| 8-50 ~70 5060 4-15 50-150  carrier-dependent
Duration diurnal  transport diurnal week—season  diurnal week
Ch./disch. rate Fast Fast Fast High Mid Mid
TRL High High Demo High Mid Mid-High

Note: * Most Type III/IV vehicle/industrial systems operate at 350 bar/700 bar; higher
pressures refer to specialised applications.

and underground hydrogen storage (UHS) caverns, thermally assisted for metal hydrides,
liquefaction plus boil-off control for LH,/CcH,); downstream, end-use pressure and continu-
ity requirements drive minimum inventory and usable Level of Hydrogen (LOH) windows.
Co-optimising these couplings is essential to avoid oversized compression, excessive cycling of
electrolysers, or underutilised storage [40, 83].

1. Compressed gas (CGH;). CGH; cylinders are the standard modular choice for
on-site buffers and mobility. Four tank types are typically used [89, 90|, as illustrated
schematically in Fig. 1.7: Type I (all-metal) and Type II (metal liner, hoop-wrapped)
are heavy and typically limited to 175 bar to 300 bar; corrosion and mass penalise
gravimetric capacity (approximately 1.7-2.1 wt%). Type III (metal liner, full composite
wrap) and Type IV (polymer liner, full composite wrap) are used at 350 bar/700 bar
with system gravimetric capacities approximately 5.0-5.7 wt%. Type III offers very
high burst strength and negligible permeation; Type IV minimises mass and shows
good cycling durability. System design balances compression work, footprint, and
safety. Indicative system-level characteristics of the four tank types are summarised in
Table 1.3 83, 89, 90].

e
N\

Full metal shell Composite overwrap
]

I \I f Metal liner X

Full composite overwrap Full composite overwrap
!; : Metal liner ;! m
.Q Type lli : \ 7 ‘ Y\'lB'y,I)? {V | \ 7

Figure 1.7: Schematic cross-sections of compressed hydrogen cylinder types: Type I (all-metal),
Type II (metal liner with partial composite overwrap), Type III (metal liner with full composite
overwrap) and Type IV (polymer liner with full composite overwrap).

2. Liquid and cryo-compressed. Liquefied hydrogen attains ~70kg/m? at 20K,
enabling high energy density for transport and some stationary buffers. Cryo-compressed
tanks combine low temperature with elevated pressure (200 bar to 300 bar), further
enhancing density and reducing boil-off losses. Integration requires liquefaction, vacuum
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Table 1.3: Indicative characteristics of CGHg tank types (system level).

TypeI Typell TypeIll Type IV

Pressure (bar) 175-200  200-300  350-700 350-700
Gravimetric density (% mass)  ~1.7 ~2.1 5.0-5.5 5.0-5.7

insulation, and boil-off gas management; economics hinge on duty cycle and utilisation
[86, 91].

3. Underground hydrogen storage (UHS). Salt caverns provide large-scale, low-cost
bulk storage with high deliverability, proven for natural gas and demonstrated for H,.
Key issues are suitable geology, cushion gas, permeability, and microbiological /chemical
interactions (for aquifers/reservoirs). UHS naturally supports weekly to seasonal
balancing and reduces the need for above-ground tank farms [40].

4. Material-based storage. Metal hydrides store hydrogen via reversible chemisorption
with high volumetric density and near-ambient pressure operation; they require heat
for desorption, making waste-heat coupling attractive. LOHC physically transport
hydrogen bound in a liquid (e.g., toluene/methylcyclohexane); they offer ambient-
condition logistics and fuel-like infrastructure at the cost of dehydrogenation energy
and catalyst management |84, 87, 88|.

Storage choice sets the optimal discharge pressure and thus the compression train (on-stack
pressurisation vs. multi-stage downstream compression). For flexibility services, part of fast
up/down regulation can be routed through storage charge/discharge within allowable pressure
bands, limiting electrolyser cycling. Conversely, hydride/LOHC systems shift flexibility
to thermal units (heaters/reactors), affecting reserve-provision speed. In all cases, storage
ageing (cycling, thermal gradients, liner fatigue for tanks; cavern leaching cycles; hydride
decrepitation; catalyst deactivation in LOHC) should be reflected in scheduling to avoid
hidden OPEX and loss of availability [40, 83, 87|.

1.4.5 Hydrogen utilisation

Hydrogen end-use blocks in this thesis cover two pathways to deliver electricity and
process steam at industrial sites: fuel-cell CHP and Gas Turbine (GT) combustion with heat
recovery.

Fuel cell

Fuel cells (FCs) convert hydrogen and oxygen directly into electricity and heat through
electrochemical reactions, producing water as the by-product. Their performance is governed
by the Nernst potential and overpotential losses (activation, ohmic, concentration), rather than
a thermodynamic cycle limit, and is therefore strongly dependent on cell design, materials,
operating temperature, reactant quality, and current density [92]. In Power-to-Hydrogen-to-
Power (PtHtP) settings, fuel cells supply firm electricity and co-generated heat for CHP;
start-up time, ramping capability, part-load efficiency, and fuel purity requirements determine
how they are dispatched alongside storage and other on-site units [93, 94|. Detailed numeric
ranges are provided in Table 1.4.

The main technology families are distinguished by electrolyte and temperature, as repre-
sented in Figure 1.8.
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Table 1.4: Indicative characteristics of stationary fuel-cell technologies.

PEMFC AFC PAFC MCFC SOFC
Temperature (°C) 50-100 60-90 150-200 600-700 500-1000
Typical fuel H, H, H, H, /NG /biogas H, /NG /biogas
Electrical efficiency (%) 40-60 50-70 37-45 45-55 45-60
CHP efficiency (%) 80-90 80-85 80-90 75-85 75-95
Dynamics fast fast moderate moderate slow
Maturity Commercial Demo Commercial R&D/Demo  Demo/Commercial
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Figure 1.8: Comparison of fuel cell types: schematic principles and reactions of PEM and Solid
Oxide fuel cells, showing electrochemical reactions and general inputs and outputs.
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The following bullets summarise indicative characteristics for stationary use:

e Proton-Exchange-Membrane Fuel Cell (PEMFC): low-temperature polymer elec-
trolyte (50 °C to 100 °C) with noble-metal catalysts; high power density, rapid transients,
and compact balance-of-plant; requires dry, high-purity Hy and tight water/thermal
management; stack cost and precious-metal intensity remain key constraints [93, 94].

e Alkaline Fuel Cell (AFC): aqueous KOH electrolyte (60°C to 90°C); high electrical
efficiency and fast dynamics; sensitivity to CO5 in the oxidant stream limits use with
ambient air unless CO, is removed, making pure O, operation advantageous but costly

[93].

e Phosphoric Acid Fuel Cell (PAFC): phosphoric-acid electrolyte (150 °C to 200 °C);
tolerant to some fuel/air impurities and proven in CHP blocks at the 100 kW to 1000 kW
scale; electrical efficiency lower than high-temperature options but with well-established
durability in stationary duty [94].

e Molten Carbonate Fuel Cell (MCFC): molten-carbonate electrolyte at about
600 °C to 700 °C with internal reforming of natural gas or biogas; good fuel flexibility
and scale for large stationary plants; corrosion and electrolyte management are central
design issues [94].

e Solid-Oxide Fuel Cell (SOFC): solid-oxide electrolyte operating at 500 °C to 1000 °C;
highest electrical efficiency potential among FCs and excellent quality heat for CHP;
internal reforming and tolerance to multiple fuels (Hy, NG, biogas, syngas) enable
flexible integration; start-up is comparatively slow and thermal cycling must be limited
to protect materials |92, 94, 95].

SOFC and MCFC exhaust at 200 °C to 600 °C enable steam generation, and SOFC anode
off-gas oxidation provides a controllable thermal source for HRSG or process heaters, whereas
PEMFC heat at 50°C to 80°C serves low-grade loops [92, 94].

At plant level, fuel quality, pressure, and contaminant limits define the upstream interface.
PEMFC stacks are typically fed with dry, high-purity Hy at modest pressure; SOFC systems
can accept Hy or reformed fuels near atmospheric pressure with anode recycle, shifting BOP
emphasis from compression to thermal integration [93, 94]|. Heat valorisation is technology-
dependent: PEMFC reject heat at 50°C to 80°C for low-grade uses, whereas SOFC/MCFC
exhausts at 200 °C to 600 °C are suited to steam generation and process integration, raising
overall efficiency and reducing hydrogen throughput for a given useful-energy target [92, 94].

Dispatch and flexibility depend on start-up and part-load behaviour. PEMFC units
support fast ramps and short warm starts, enabling frequent cycling when required by
variable renewables; SOFC units favour fewer thermal cycles and sustained operation near an
efficient load band, with start-up costs and degradation considerations guiding schedules in
PtH plants [92, 95]. Durability is shaped by operating stresses: for PEMFC, catalyst and
support degradation, membrane hydration cycles, and fuel/air transients dominate; for SOFC,
thermal gradients, interconnect corrosion, and anode re-oxidation are critical. Including
usage- and start-related penalties in scheduling internalises ageing and nudges operation
toward smoother profiles and fewer cold starts [94, 96].

Hydrogen-fired gas turbines (GT)

Gas turbines can be adapted to hydrogen-rich fuels to supply firm power and high-
temperature heat, making them suitable end-uses within PtH chains for industrial campuses
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and CHP. In retrofits, the compressor—turbine core is typically retained while combustors, fuel
control, and selected BOP elements are modified for hydrogen; downstream, an HRSG recovers
exhaust heat, with typical exhaust/stack temperatures constrained by pinch/approach and
acid-dew-point limits (exhaust ~720 K to 870 K; stack >400K) [97|. A simplified hydrogen-
fired gas-turbine combined heat-and-power layout with heat-recovery steam generator (HRSG)
and paper-mill steam supply is illustrated in Fig. 1.9.
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Figure 1.9: Simplified hydrogen-fired gas-turbine combined heat-and-power (CHP) system with
heat-recovery steam generator (HRSG) supplying process steam to a paper mill. The coloured lines
indicate air (green), fuel (yellow), exhaust gases (red), water/condensate (solid blue) and steam
(dotted blue). Numbered components include: gas-turbine compressor (1), combustor (2), turbine
and generator (3), feedwater pump (4), HRSG heat exchangers (5, 7), condensate tank or deaerator
(6), steam drum (8), process steam user (9) and stack (10).

Combustion and hardware. Relative to natural gas, hydrogen’s higher laminar flame
speed, wider flammability limits, lower ignition energy, and lower volumetric heating value
enable ultra-lean operation but raise flashback and auto-ignition risks in premixed systems.
Practical adaptations include micro-mixing or sequential lean-premixed burners, increased
injector velocities and staged air/fuel to suppress flashback, and steam or nitrogen dilution
for NO, control where required. Materials and seals must be compatible with hydrogen
to mitigate embrittlement and leakage. Original equipment manufacturer pathways range
from certified co-firing (today typically 20 % to 65 % (vol.)) to 100 % hydrogen via burner
swaps and control updates, with catalogued changes in pressure loss, fuel-flow capacity, and
control logic [98, 99]. With appropriate combustor design, base-load shaft efficiency can be
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comparable to natural-gas operation while maintaining low CO and managing NO, through
lean combustion and/or diluents; part-load stability depends on the chosen burner concept
and must preserve HRSG constraints [97].

Retrofitting experience and system studies indicate technical feasibility for both hydrogen
co-firing and neat-hydrogen operation in industrial frames. At plant scale, economics hinge
on hydrogen cost and duty cycle; integrated PtH-GT assessments show viable operability
envelopes when compression, storage, and GT firing limits are co-designed [73, 100]. In
practice, burner replacement and control upgrades are a minor fraction of total project
CAPEX relative to RES—electrolysis—storage, but they unlock high-value CHP service and
fast electrical /thermal ramps [100].

Integration with PtH chains. GT fuel requirements (pressure, flow transients, allowable
Wobbe index) co-determine the downstream compression train and storage pressure level
to minimise recompression. Compared with SOFC blocks, GTs accept wider fuel-quality
variation and offer faster start/ramp, which is useful when electrolysers follow RES. Scheduling
co-optimises (i) hydrogen production and storage (charging/discharging) to keep the turbine
within efficient, low-NO,, regions and respect HRSG pinch /approach, and (ii) GT load changes
for residual fast modulation, subject to combustor stability under high-hydrogen operation
[73, 100].

1.5 Thesis structure

The remainder of the thesis is organised as follows. Chapter 2 reviews rule-based, deterministic,
and stochastic approaches for joint sizing and scheduling of hydrogen-integrated energy
systems and positions the contribution of this work within that literature. It highlights
how different modelling choices embed technical detail, uncertainty, and market interaction,
motivating the toolbox adopted in later chapters.

Chapter 3 presents the modelling framework used throughout the thesis. It is structured
around two main families: (i) rule-based simulation, implemented via the Multi Energy System
Simulator (MESS), and (ii) optimisation-based formulations. For the latter, deterministic
Mixed Integer Linear Programming (MILP) and stochastic MILP (two-stage design and
multi-stage scheduling) are developed on a common component library, with uncertainty and
information-structure constraints layered on top.

Chapter 4 reports five application studies that draw on these methods. Two cases use
the rule-based simulator: a like-for-like comparison of SOFC-based CHP against a gas-
turbine-based benchmark at a paper mill, and a nation-wide PV-PtH screening for industrial
hydrogen supply across Italian bidding zones. Three further cases use MILP formulations:
a deterministic joint sizing—scheduling baseline comparing hydrogen storage technologies;
a two-stage stochastic design study for a stand-alone island system under reliability and
emissions constraints; and a multi-stage stochastic scheduling study for a hydrogen refuelling
station operated as a hydrogen-enabled virtual power plant in coupled electricity markets.

Chapter 6 synthesises the main findings from the methodological and application chapters,
drawing out implications for policy, market design, and investment in hydrogen-integrated
systems, and outlining directions for future work.

An additional topic—agrivoltaic siting under land constraints—is documented in Ap-
pendix 7. It provides photovoltaic layout constraints and land-use/economic trade-offs
relevant when conventional ground-mounted PV is infeasible, while leaving the core PtH
sizing and scheduling methodology unchanged.
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Rule-based simulation (Multi-Energy System Simulator, MESS)
Decision context: physical system assessment and configuration screening
Uncertainty treatment: explored through sensitivity analysis outside the decision model
Case studies (Chapter 4): Paper-mill cogeneration and Italy-wide PV-based PtH screening
Main related papers: [P7], [P10], [P6]
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Figure 1.10: Conceptual map of the modelling families used in the thesis, the associated case
studies, and their primary peer-reviewed publications (detailed in Chapter 5). The case studies are
intentionally heterogeneous because each modelling layer targets a different decision context.
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2. STATE OF THE ART

The decarbonisation mandate outlined in EU policy |7, 14] and the certification constraints
governing renewable fuels [10] make the design and operation of PtH assets a time-coupled
planning problem: capacity choices (e.g., PV/BESS/EL/HS/FC ratings) and hourly schedul-
ing (dispatch, market participation, compliance) interact over long horizons. As established
in the Introduction, component characteristics, duty profiles, and site rules shape feasibility
and cost. The focus here is how the literature has modelled these intertwined decisions to
screen concepts, quantify trade-offs, and cope with uncertainty.

A widely used lens in the energy-system-modelling literature distinguishes between
optimisation and simulation models. Optimisation models formulate an objective (e.g., cost,
emissions) and constraints to endogenously select designs and operations; simulation models
reproduce system behaviour under specified designs and operating rules without seeking
an internal optimum. Optimisation is typically used for normative pathways and least-cost
portfolios, whereas simulation supports descriptive scenarios, feasibility, and operational
detail; both are useful depending on the question and context [101]. This distinction also
matters for hydrogen: absent explicit policy or technical constraints, least-cost formulations
can under-select hydrogen technologies; simulation allows testing designs that reflect non-cost
preferences or compliance needs before moving to formal optimisation.

e Rule-based simulation. Operating logics (priority rules, thresholds, module on/off,
state updates) are propagated over full-year time series to test feasibility, explore
technology mixes, and verify certification or temporal-matching constraints in a traceable
manner. These studies favour speed and interpretability and readily accommodate
detailed component modelling (including degradation) and site-specific rules; they do
not guarantee economic optimality and expose multi-objective trade-offs only indirectly.

e Deterministic optimisation. Optimisation frameworks (typically LP/MILP) co-
optimise components’ sizes and hourly operation under perfect foresight, enforcing
balances, capacity limits, and cyclic state constraints while quantifying trade-offs (e.g.,
total annualised cost vs. emissions). Certification requirements can be represented
explicitly as hard constraints, enabling direct comparison of compliant vs. purely
economic solutions. Tractability often calls for simplified plant dynamics or monetised
degradation, and results are sensitive to forecast assumptions.

e Stochastic optimisation. Scenario-based models represent variability in weather,
load, and prices. In PtH plants, two-stage stochastic formulations usually separate
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first-stage sizing from second-stage operation to ensure feasibility across scenarios,
while multi-stage scheduling aligns decisions with information revelation in sequential
electricity markets. These approaches quantify the value of flexibility and hedging,
at the expense of greater modelling and computational burden and a dependence on
scenario generation and reduction choices.

Across these families, ageing and degradation (e.g., PV output decay, BESS cycling

costs, electrolyser /fuel-cell usage and start-up wear) can shift the sizing/dispatch frontier
and are therefore either simulated explicitly or monetised within optimisation. Certification
and compliance (e.g., lifecycle GHG-intensity caps) can become binding, reshaping feasible
designs relative to purely economic optima and motivating explicit constraints in models [10].
Uncertainty treatment is context-dependent: two-stage models are common when supply and
demand variability dominate, whereas multi-stage formulations are preferred when sequential
market offers and redispatch matter.

Representative tools—both commercial and open-source—developed for this scope are

summarised below.
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. Backbone (implemented in the General Algebraic Modeling System (GAMS)). An

adaptable framework for both investment planning and short- to mid-term scheduling
across multiple energy carriers; it supports scenario-based uncertainty (stochastic
parameters). Pros: broad multi-sector coverage in a single code base; usable for
capacity expansion and for unit-commitment—style operation; documented features for
handling uncertainty. Cons: requires commercial modelling software and solvers; not a
turnkey model but a flexible framework that must be configured for each study [102].

. Balmorel (implemented in GAMS; partial-equilibrium, welfare-maximising formula-

tion). A deterministic model widely used for electricity and district-heating planning
and market analysis, with a strong track record in Nordic and wider European appli-
cations. Pros: mature open-source code base; detailed representation of power/heat
markets and cross-border trade. Cons: uncertainty is usually explored via separate
scenario runs rather than within the model; detailed hydrogen and process-industry
representations require user extensions [103].

. energyPRO (commercial suite; simulation plus an analytical cost-optimal scheduler).

A project-level tool for combined heat and power, district heating and cooling, and
Power-to-X (PtX) applications, with dispatch simulation and a built-in analytical solver
for cost-optimal operation (and optional solver-based optimisation). Pros: familiar
interface for plant-level techno-economics; integrates operational and market constraints.
Cons: closed-source; uncertainty is usually explored via separate scenario runs rather
than within the model [104].

. oemof/solph (open energy modelling framework in Python; LP and MILP). An open

framework in which the solph library builds optimisation problems from a graph of
components and connections. Pros: very extensible; active open-science ecosystem
with many examples and add-ons. Cons: primarily geared to optimisation; purely
simulation-style studies require custom components; uncertainty is usually explored via
separate scenario runs rather than within the model [105].

. PyPSA (Python for Power System Analysis; network simulation plus linear optimisation

for operation and investment). Combines power-flow simulation with multi-period
optimisation under linearised network equations and is frequently used at national
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or continental scale; supports sector coupling. Pros: demonstrated scalability; rich
electricity-sector features and open datasets. Cons: uncertainty is usually explored via
separate scenario runs rather than within the model [106].

6. REopt (National Renewable Energy Laboratory (NREL); MILP). A techno-economic
optimiser for sites and campuses that sizes and schedules distributed energy resources
to minimise life-cycle cost. Pros: robust, well-documented workflow; broad library of
technologies; widely used via a web interface. Cons: optimisation-centric; uncertainty
is usually explored via separate scenario runs rather than within the model [107].

7. SpineOpt (implemented in the Julia language using the julia mathematical program-
ming library; operational and planning horizons, with explicit uncertainty support).
A flexible framework with rich temporal structures and options for representing un-
certainty and decomposition. Pros: strong focus on detailed temporal resolution and
uncertainty handling; modern open tooling. Cons: higher modelling complexity [108|.

In what follows, Section 2.1 reviews rule-based simulation as a screening and compliance
instrument, Section 2.2 covers deterministic joint sizing-scheduling, and Section 2.3 surveys
stochastic optimisation under uncertainty, distinguishing two-stage sizing from multi-stage
market-offer models. Formal model statements are deferred to Chapter 3.

2.1 Rule-based simulation

A rule-based simulator advances the system by executing a logic-driven mode selector and
the associated mode dynamics at each time step, rather than optimising decisions. Figure 2.1
sketches the resulting time-marching loop: given the current state z;, exogenous inputs &;, and
rule parameters 6, the simulator selects an operating mode o;, computes the corresponding
controls u;, and updates states and outputs before moving to the next step.

2.1.1 Mathematical formulation

Following the hybrid /switching-systems formalism [109, 110], the compact time-marching
formulation is shown in Eq. 2.1:

O = F(iﬂtaft;e)
Uy = ,uat(xtagt;0>
Tey1 = fo’t(xtv U, ft)

yt:ydt(‘rhutagt)a = 17"‘7NT'

2.1

Reading 2.1 (general — PtH examples). Implementation note. In code, I" is realised as
an if /else rule tree evaluated at every step; the path taken is o;, whose effects are the chosen
branch and set-points below.

State z;. General: all memory variables propagated across time. PtH examples: hydrogen
inventory, battery State Of Charge (SOC), unit statuses (on/off, warm/cold), start counters,
degradation states, and certification ledgers that timestamp renewable provenance and
certified quantities.

Exogenous inputs &. General: uncontrollable drivers supplied as time series. PtH
examples: solar /wind availability, electricity /heat demands, wholesale and network tariffs,
ambient conditions.
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Inputs at step t: x¢, &, 6

Mode selection: o; = (x¢, &; 6)

Control update: us = Hg,(xt, & 6)

State & outputs: Xt 41 = fo (X, Ut, &)
and yt = yg,(Xt, Ut, t)

Repeat fort=1, ..., Nt

Figure 2.1: Rule-based time-marching scheme: at each step ¢, inputs (¢, &, 0) feed the mode
selector I', the control map p,,, and the mode-dependent dynamics/output maps fy,, ys,, yielding
ut, Te41 and Y.

Rule parameters 0. General: thresholds and priorities governing decisions. PtH
ezamples: SOC bands, minimum loads/idle times, curtailment caps, import/export priorities,
and compliance gates (e.g., “produce Hy only when eligible RES is available”).

Mode selector o, = I'(-). General: discrete operating situation chosen by evaluating
predicates on (zy,&;0). PtH examples: surplus/deficit on the electric balance; charge vs.
discharge for storage; produce vs. consume hydrogen; import vs. export at the grid interface;
warm vs. cold-start regimes.

Control map u; = i,,(-). General: deterministic set-points/actions within the active
mode, respecting instantaneous limits and guards. PtH examples: electrolyser production
set-point, compressor mass flow, battery charge/discharge power, grid import/export.

Mode-dependent dynamics x;.; = f,,(-). General: physics-consistent updates of all
states. PtH examples: energy/mass balances for Hy, electricity and heat; start-up penalties;
degradation increments; certification-ledger writes that attribute eligible RES to produced
hydrogen with correct time alignment.

Outputs y; = y,, (). General: variables of interest derived from states/actions. PtH
ezamples: unmet-load hours, curtailed energy, hydrogen production/uses, cash flows; certified-
green Hy under annual /monthly /hourly correlation, instantaneous/aggregated GHG intensity,
and KPIs such as Levelised Cost of Hydrogen (LCOH) or Net Present Value (NPV).

Domains and guards. General: x; € X, u; € U with mode-dependent admissible
sets; guards enforce invariants. PtH examples: electrolyser minimum load when online;
tank pressure/volume limits; battery SOC bands; certification guards enforce the selected
temporal-correlation mode.

Initial and boundary conditions. General: x; specified; optional cyclicity to avoid end
effects. PtH examples: set initial hydrogen inventory, battery SOC, and certification-ledger
state.

Structure and implementation. General: explicit time march. PtH examples: full-year
(8760 h) traces with multiple carriers and certification ledgers are tractable. Implementation
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order per step: refresh &; evaluate ['; compute and clip u;; update states via f,,; settle grid
via Yo, -

Running 2.1 for t = 1,..., Ny with fixed (T, u, f,y, ) yields a transparent, auditable
trajectory. Replaying across scenarios, size vectors, and alternative rule sets builds a fast
screening map for feasibility, certification, and levelised cost.

2.1.2 Scientific literature on rule-based simulation for PtH plants

Rule-based simulation has an important role in the hydrogen-renewables community and
has been used to “play out” hourly (and often sub-hourly) operation of PtH plants without
solving an optimisation problem. The common pattern is a supervisory energy-management
strategy that applies simple if-then logics to decide when to run the electrolyser, when to
charge or discharge short-term storage, and when to call on a fuel cell or the grid, while
component-level dynamics are simulated with physics-based or empirical models. This makes
it possible to explore feasibility, sizing sensitivities, and operational side-effects such as on/off
cycling and round-trip losses with full time resolution and transparent control rules.

A representative and influential example is the dynamic model and validation of the
Hydrogen Office demonstrator in Scotland. Valverde-Isorna et al. develop a whole-system
model of a wind—electrolyser—storage—fuel-cell microgrid and validate it against operational
data from the site. The supervisory control is threshold-based: surplus wind triggers
electrolysis (subject to tank headroom), while deficits are covered by the fuel cell when the
tank exceeds a minimum state; otherwise the grid bridges the shortfall. Their study reports
realistic round-trip efficiencies and shows how wind variability propagates into electrolyser
cycling and tank utilisation, providing a transparent baseline for design choices and for
assessing autonomy under different wind regimes [111].

Earlier works established much of today’s modelling practice. Khan and Igbal analyse a
stand-alone small wind—hydrogen hybrid where an electrolyser absorbs surplus wind and a
fuel cell covers deficits. Their MATLAB /Simulink study uses a simple supervisory rule to
toggle between electrolysis and generation; results quantify the achievable load coverage and
hydrogen balance as functions of wind resource and storage size [112]. In a grid-connected
setting, Zhou et al. model the electrolyser and associated power electronics in detail and embed
them in a wind—hydrogen—supercapacitor hybrid; on top of device-level control loops, they
implement energy-management rules that prioritise wind capture while maintaining direct-
current (DC) bus quality, demonstrating how rule parameters affect hydrogen throughput
[113].

Many techno-economic screening studies use commercial simulators with rule-based
dispatch engines. In Hybrid Optimisation of Multiple Energy Resources (HOMER), for
example, the default controllers are load-following (generators produce only enough to meet
the primary load) and cycle-charging (whenever a generator runs, it operates near full output
and surplus power charges storage or feeds lower-priority sinks). These logics have been
widely applied to PV /wind/battery /fuel-cell/electrolyser hybrids to explore sizing under
representative time series. As a concrete example, Dawood et al. analyse a stand-alone 100 %
renewable microgrid using HOMER with a PV-battery—hydrogen configuration; their results
show how storage sizing influences reliability and cost, and that hydrogen storage becomes
attractive when seasonal mismatches dominate and curtailment would otherwise be high [114].
Beyond off-the-shelf rules, Dufo-Lopez and Bernal-Agustin explicitly tune rule parameters
(e.g., switching thresholds) with a metaheuristic and then simulate the year-long operation of
PV-wind-battery—hydrogen systems; they report how different rule sets shift unmet load,
curtailment, and component utilisation, and how hydrogen storage improves autonomy for
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weak seasonal solar resources [115]|. In a more recent MATLAB/Simulink workflow, Wei et al.
implement a PV-electrolyser-hydrogen-tank system with a rule that directly routes PV direct
current to electrolysis while a low-pass filter determines the capacity of the auxiliary storage
used to smooth PV fluctuations; the study quantifies how the controller’s time constant and
storage size shape hydrogen production variability and smoothing efficiency [116].

Finally, hardware-focused demonstrations also rely on rules at the supervisory layer, even
when lower-level loops are continuous. Little, Thomson and Infield discuss the electrical
integration of a stand-alone wind/PV system with a DC bus linking the electrolyser, fuel cell
and converters; while the paper’s emphasis is power-electronics integration and protection,
the microgrid is operated under straightforward operating rules (bus regulation, electrolyser
absorption of surplus, fuel-cell supply on deficit), and the authors report commissioning
insights on converter interactions and safe operating envelopes—practical details that underpin
many simulation rule sets used later in the literature [117]. A much-cited early feasibility study
by Shakya, Aye and Musgrave couples such rule-based operation with economic analysis for
a stand-alone wind—PV-hydrogen system in Australia; they show that hydrogen storage can
enable high renewable penetrations in off-grid contexts, with viability hinging on electrolyser
and storage costs as well as resource complementarity [118].

Advantages and drawbacks of rule-based approaches. Rule-based simulation is fast,
transparent, and easy to extend with component detail or site-specific constraints (including
start-up penalties and ledgering for eligible production). It yields auditable time traces
that expose feasibility, cycling, and certification questions before one commits to a specific
optimisation model. The trade-off is that there is no endogenous optimality: performance
depends on the chosen rules and thresholds, and multi-objective trade-offs (cost vs. emissions
vs. curtailment) are only observed ex post rather than solved for. For this reason, many
studies use rule-based simulation to screen designs and stress-test controls, and then move to
LP/MILP /nonlinear programming (NLP) formulations when endogenous trade-offs or strong
policy constraints must be represented.

Recent surveys on hydrogen-based hybrid microgrids confirm that energy-management
contributions span heuristic/rule-based schemes, deterministic optimisation, and stochastic
formulations; rule-based controllers remain common when constraints are highly non-linear,
policy-driven, or when fast screening across many design alternatives is required [119]. In
parallel, sector-coupling reviews emphasise that electrolyser flexibility (load range, ramping,
start-up/stand-by losses and lifetime effects) largely determines the system-level value of PtH
as a controllable demand and storage pathway [120]. In this thesis, rule-based simulation is
therefore used as a transparent baseline and feasibility /stress-test layer, while the optimisation
layers quantify endogenous trade-offs and the value of hedging uncertainty.

2.2 Deterministic optimisation

In a deterministic setting, the optimiser solves a fixed mathematical programme for one
specified set of data (forecasts and parameters). Both the quality of theoretical guarantees and
the practical scalability depend on the modelling framework and on the chosen algorithms.

e Linear programming (LP). Problems with a linear objective, linear equality/inequality
constraints, and continuous decision variables are convex and have polynomial-time al-
gorithms. Modern solvers combine presolve and scaling with either the simplex method
(pivoting on a basis) or interior-point/barrier methods (Newton steps within the fea-
sible region) [121, 122]. These implementations exploit sparsity and block structure
effectively.
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e Mixed-integer linear programming (MILP). When some decision variables must
take integer or binary values, the resulting problems are, in general, computationally
hard in the worst case. The dominant paradigm builds on linear-programming relax-
ations with branch-and-bound or branch-and-cut, strengthened by cutting planes, primal
heuristics, and problem decomposition [123, 124]. The tightness of the formulation (i.e.,
strong relaxations) is a key driver of performance.

e Nonlinear programming (NLP). With smooth nonlinear objectives and/or con-
straints and continuous variables, state-of-the-art algorithms include interior-point
methods and sequential quadratic programming. These rely on first- and second-order
derivative information [125-127]. Convex nonlinear programmes have globally optimal
solutions under standard regularity conditions; for non-convex problems, algorithms
return locally optimal, stationarity-certified solutions.

These methods differ in modelling expressiveness and solution guarantees:

e Modelling expressiveness. LP uses only linear relations and continuous variables;
MILP keeps linear relations but adds integer/binary variables for discrete choices;
NLP allows smooth nonlinear relations with continuous variables. In PtH terms: LP
captures linearised physics and accounting; MILP captures on/off logic, mutually
exclusive modes, and minimum up/down; NLP captures smooth part-load curves,
thermodynamic couplings, and degradation maps.

e Solution guarantees. LP is convex with global optimality certificates. MILP can
provide global optima but via combinatorial search; practitioners often accept a small
optimality gap for speed. NLP is globally optimal only if convex; otherwise solvers
return high-quality locally optimal, stationarity-certified solutions. For PtH: LP gives
reproducible “best-response” schedules; MILP gives auditably optimal (or near-optimal)
commitment schedules; NLP gives physics-faithful operating points with local-optimality
certificates.

2.2.1 Mathematical formulation

The horizon is discretised into ¢t = 1, ..., Np. At each step the optimiser chooses a vector
of continuous scheduling decisions v; € R™, and—when joint sizing is studied—a vector
s € R"" of time-invariant design variables. All problem data (forecasts, parameters, prices)
enter as coefficients in the constraints and objective. The formulation and algorithms follow
the standard theory of linear [121, 122|, mixed-integer linear [123, 124, 128|, and nonlinear
optimisation [125-127].
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Linear programming (LP)

A compact, time-banded LP for joint sizing—scheduling is shown in Eq. 2.2

Nt
11rninN ks 4 Z ¢/ v objective [121, 122]
8,01 ey UN —
s.t. Ay < b+ Uys per-period inequalities (availability)
B, =d, + Vs per-period equalities (balances)
Gy + Hvgp <rg+Wys, t =1,..., Np—1 intertemporal linear couplings [129]
s<s<3s design bounds
(<vy, <u,t=1,...,Np scheduling bounds

2.2
Reading 2.2 (general — PtH examples):

Objective and sense. General: a linear scalarisation over design and scheduling;
minimisation or maximisation according to the study aim [121, 122]. PtH examples: minimise
total annualised cost where k represents linearised CAPEX for stacks, storage vessels and
interfaces, and ¢, collects variable OPEX and tariffs (e.g., electricity purchases for electrolysis,
fees for grid use, revenues from by-products). Multi-objective trade-offs (e.g., cost versus
emissions) can be handled with the e-constraint method on the same constraint set [130].

Decision vectors s and v;. General: s are time-invariant design variables; v; are per-
period scheduling variables. PtH erxamples: s includes nameplate ratings such as electrolyser
nominal capacity and hydrogen-storage working volume; v; contains continuous operating
levels such as electrolyser hydrogen-production flow, hydrogen-compression flow, BESS
charge /discharge power, and grid import/export.

Objective coefficients x and ¢;. General: linear weights on s and v, (costs, penalties,
tracking terms, emissions factors, negative revenues). PtH examples: k may encode annualised
costs per kW of electrolyser and per kg of storage capacity; ¢; may encode hourly electricity
prices for electrolysis, revenues from selling oxygen, or penalties for curtailment.

Per-period inequalities A;v; < b; + U;s. General: linear admissible sets each period
with design-coupled ceilings via U;s. PtH examples: production or throughput ceilings that
scale with installed sizes (e.g., electrolyser utilisation cannot exceed its nameplate; compressor
flow cannot exceed rated power); eligibility ceilings (e.g., an hourly cap on eligible renewable
electricity attributed to hydrogen).

Per-period equalities F,v; = d; + V;s. General: exact linear identities for balances,
accounting, and definitions. PtH examples: carrier-wise balances (electric, hydrogen, heat)
that express conservation at each hour; definitional equalities for KPIs (e.g., energy-attributed
hydrogen, counted against a certification ledger within the same hour) so that eligible
renewable input is consistently mapped to eligible hydrogen output.

Intertemporal links G,v; + Hyvgpy < 1 + Wis. General: linear couplings between
consecutive periods that propagate memory variables (stocks, counters, rolling budgets) [129].
PtH examples: hydrogen-storage level between hours ¢ and t+1; BESS state of charge; rolling
counters for starts or cycling.

Bounds s < s <35 and ¢ < v; < u. General: box constraints exploited by solvers for
presolve and scaling. PtH examples: admissible design ranges for electrolyser nameplate and
storage size; non-negativity and operating ranges for all operating variables (e.g., hydrogen-
production flows, compressor loads).

Data versus decisions. General: matrices (Ay, By, Gy, Hy, Uy, Vi, Wy), vectors (b, dy, 1)
and bounds (¢, u, s,5) are data; only (s, v;) are optimised. PtH examples: data include hourly
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renewable availability, electricity and gas prices, tariffs for grid services, ambient conditions,
and certification flags (e.g., hourly eligibility, monthly windows).

Structure and solvers. General: only neighbouring periods couple, yielding a block-

banded, very sparse constraint matrix; modern LP solvers (revised simplex or interior-point)
exploit this structure at scale [121, 122|. PtH examples: this enables full-year horizons with
certification ledgers and multiple carriers while remaining auditable; representative periods
or clustering can be used when Np is very large, with care to preserve seasonal hydrogen
shifts as in [129].
Piecewise-linear surrogates. When device maps are not constant (e.g., part-load efficiency,
auxiliary consumption), they are commonly represented by convex piecewise-linear functions
using Special Ordered Sets of type 2 (SOS2) or convex-combination variables, preserving
the LP structure without binaries [128]. In PtH terms, electrolyser specific consumption or
compressor power can be approximated over load bands with linear segments so that dispatch
remains continuous and globally optimal for the surrogate.

Mixed-integer linear programming (MILP)

When discrete logic or modularity must be represented, binary /integer vectors are intro-
duced while all relations remain linear. A prototypical MILP extension of Eq. 2.2 is shown in
Eq. 2.3:

Nt
min ks + Z (¢/ve +d 5;) objective [123, 128|
83 VLpeee UN s L 5o N —
s.t. Ay + Bidy < by + Uys per-period linear limits with modes
Ew + Fyoy =d; + Vs balances with mode selection
Gy + Hyveq + Kby + Loy < 1+ Wys intertemporal links incl. on/off
Mvy + Nidy < ¢4 linking (big-M [128])
s<s<3 design bounds
(< <u,t=1,...,Nr scheduling bounds
3, € {0, 1}”(5), t=1,...,Np binary/integer domains

2.3
Reading Eq. 2.3 (general — PtH examples):

Discrete mode variables §,. General: encode on/off, mutually exclusive operating
regimes, or counts of identical modules. PtH examples: binaries for EL online/offline or
HS charge/discharge selection; integer entries for the number of EL stacks chosen from a
catalogue.

Linking constraints. General: ensure continuous decisions respect the active mode
(upper/lower bounds, minimum levels) via big-M or stronger convex-hull formulations [128].
PtH examples: if the EL is online (é; = 1) then hydrogen production lies within its stable
operating range; if offline (§; = 0) production is zero. For mutually exclusive routing, binaries
select exactly one outlet and linear constraints enforce zero flow on non-selected paths.

Intertemporal logic with binaries. General: standard linear start/stop and minimum
up/down inequalities are written on the 0, sequence [123]. PtH examples: warm/cold
behaviour (minimum idle times before restart), minimum run times for EL or compressors to
limit cycling, and linear ramp-type inequalities to smooth large changes in hydrogen flows.

Cost terms and optimality gaps. General: mode-dependent costs (e.g., start-up costs)
enter linearly through d/ §;; global optimality is provided by branch-and-bound /branch-and-
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cut, typically within a user-set optimality gap [123]|. PtH examples: start-up penalties for EL
cold starts or fixed costs for bringing ancillary systems online.

Formulation strength. General: Once binary variables are introduced, different MILP

formulations can represent the same underlying logic. Some of these are stronger, in the
sense that their LP relaxations are tighter (smaller integrality gaps), so branch-and-bound
can prune more nodes and solve the MILP more quickly, even though each node still solves
a standard LP [128]. PtH examples: using convex-hull formulations instead of loose big-M
inequalities for minimum-load zones or for mutually exclusive routing in hydrogen manifolds
can materially reduce the number of explored nodes and the wall-clock time for year-long
horizons with thousands of binary decisions.
Scalability notes. LP problems such as Eq. 2.2 scale to full-year horizons with multiple carriers
thanks to sparsity and time banding [121, 122|. MILP problems such as Eq. 2.3 inherit
sparsity but add combinatorial complexity; performance is governed by formulation strength,
presolve, and decomposition. In practice, representative periods, rolling-horizon solves, or
problem partitioning across carriers can be used while retaining deterministic guarantees on
the chosen surrogate [128, 129].

Nonlinear programming (NLP) and mixed-integer nonlinear programming (MINLP)

When smooth nonlinear physics or performance maps must be retained (for example,
load-dependent conversion efficiencies, compression power laws or temperature—pressure
effects), the joint sizing—scheduling problem is formulated as an NLP; if discrete logic is
simultaneously required (on/off modes, mutually exclusive routing, modular investments),
the problem becomes a MINLP. The generic deterministic form is shown in Eq. 2.4:

min F(s,v1,...,un,)
8, V15 UNp

s.t. gt(s,vt;,ft) =0, t=1,...,Np,
Hi(s,v56) <0, t=1,...,Np, 2.4
@t(s,vt,vtﬂ) =0, t=1,...,Np—1,
se€Z vy eU (andd € {0,1}"" in MINLP).

Eq. 2.4 is the standard smooth constrained optimisation template: a differentiable objective
F(-) with equality ¢;(-) = 0 and inequality H;(-) < 0 constraints at each period, plus an
intertemporal recursion ®;(-) = 0 that advances memory variables across time. For NLP,
state-of-the-art solvers use interior-point or sequential quadratic programming (SQP) with
derivative information [125-127|. For convex MINLP, outer-approximation and Generalised
Benders provide deterministic guarantees; for non-convex MINLP, spatial branch-and-bound
with convex relaxations is the classical deterministic approach [131].

Reading Eq. 2.4 (general — PtH examples):

Objective F(s,v1,...,vn,). General: smooth cost or profit including investment terms
and time-coupled operating terms; differentiable penalties can represent wear or auxiliary
use. PtH examples: continuously differentiable operating cost including EL specific electricity
consumption as a smooth function of utilisation; compressor power as a smooth function
of flow and pressure ratio; differentiable surrogates for stack degradation as functions of
operating point and hours.

Per-period smooth equalities g;(s,v;;&) = 0 [126]. General: algebraic balances,
device performance relations and definitional identities that are smooth in the decision
variables. PtH erxamples: a smooth map tying EL hydrogen production and electricity draw
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via load-dependent efficiency; a compressor relation linking shaft power, hydrogen flow and
pressure ratio with isentropic or polytropic exponents.

Per-period smooth inequalities H;(s,v;; &) < 0 [125]. General: operating ranges,
convex or non-convex envelopes, emission or power-quality limits represented by smooth
functions. PtH examples: a differentiable upper envelope on EL current density as a function
of temperature; a smooth maximum on compressor discharge temperature.

Intertemporal recursion ®;(s, vy, v,41) = 0 [126]. General: a smooth state update that
advances inventories or other memory variables. PtH examples: HS level as a continuously
updated state driven by production, compression and dispensing flows; BESS SOC as a
smooth recursion if round-trip efficiency or losses are modelled with differentiable functions;
a smooth rolling counter for usage-dependent degradation.

Domains and logical structure. General: s € Z and v, € U impose box/convex
domain constraints; discrete logic is captured by additional binaries §; in MINLP. PtH
examples: continuous variables include EL hydrogen production, compressor mass flow, BESS
charge/discharge and hydrogen dispensing rate; MINLP binaries switch operating modes
(online/offline, warm/cold), choose exclusive routing (to HS versus to a dispenser), or select
module counts from a catalogue.

Typical nonlinear blocks in the hydrogen chain.

e Conversion maps: specific electricity use for hydrogen production as a smooth function
of normalised utilisation; FC electrical efficiency as a smooth function of load fraction.
These enter ¢;(-) and/or H,(-) and preserve differentiability for interior-point solvers

(e.g., IPOPT) and SQP [126, 127].

o Compression power: shaft power as a smooth function of mass flow and pressure ratio
(polytropic/isentropic models). This appears in ¢;(-) and couples hydrogen and electric
subproblems nonlinearly.

e Thermal coupling: differentiable relations for heat recovery and cooling loads, linking
temperatures and duties; this allows co-optimising thermal and hydrogen subsystems
with smooth constraints [126].

e Smooth degradation surrogates: differentiable penalties as functions of cumulative
operating hours or distance from nominal load. These appear in F(-) or H;(-) and bias
operation away from damaging regimes while keeping the problem smooth.

Why use NLP in PtH plants (fidelity gains). NLP retains smooth performance maps that are
difficult to linearise without loss of fidelity: (i) load-dependent conversion efficiency in EL and
FC; (ii) compression and expansion power laws as functions of flow and pressure ratio; (iii)
temperature-coupled limits (e.g., discharge temperature, thermal management); (iv) smooth
surrogates of ageing and degradation as functions of operating point. Keeping these maps
differentiable allows interior-point/SQP solvers to compute high-quality stationary points
with rigorous first-order optimality certificates [125, 127].

A large share of deterministic PtH formulations can be interpreted within the broader
multi-energy systems (or energy hub) paradigm, where electricity, hydrogen (and optionally
heat) are coupled through conversion and storage units and coordinated through a single
optimisation model [132, 133]. This lens is useful to compare studies that differ in modelling
fidelity (LP/MILP vs. NLP/MINLP), time resolution and policy constraints, and it provides
a consistent baseline for the stochastic extensions discussed in Section 2.3.
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2.2.2 Scientific literature on deterministic optimisation for PtH
plants

LP

A large strand of the PtH literature uses linear programming to co-optimise design and
operation under perfect foresight while keeping all decisions continuous and all constraints
linear. In practice this means writing hourly energy and mass balances, capacity and
availability limits, and simple intertemporal stock updates in linear form, and representing
load-dependent device behaviour with convex piecewise-linear surrogates so that the overall
problem remains an LP. The appeal is twofold: LPs scale to year-long horizons with many
technologies and time-coupled inventories, and they deliver globally optimal solutions with
economically interpretable dual variables (shadow prices).

On portfolio operations and markets, Voulkopoulos et al. build a pure LP for an aggregator
that co-schedules renewables, EL, and participation in electricity, hydrogen and green-
certificate markets [134]. Because all commitments are modelled as continuous, the result
is a fast model that exposes where profit comes from (price spreads, certificate values, EL
utilisation windows) and how the marginal value of capacity changes with policy and market
conditions—LP dual variables (shadow prices) can make such margins transparent.

For design screening with multiple criteria, Gonzalez Palencia et al. formulate a cradle-to-
gate LP that compares hydrogen-production routes while trading off cost, energy and water
use, and CO, intensity [135]. By keeping production levels and energy purchases continuous
and by using linear resource and emission accounting, they quantify when renewable-electricity-
based electrolysis becomes competitive, and how water constraints and grid mix affect route
choice. The LP structure makes these trade-offs explicit and reproducible before introducing
discrete investment choices.

Whole-system studies also rely on LP to integrate hydrogen as a carrier across sectors.
Koirala et al. develop an integrated electricity—hydrogen—methane model for the Netherlands
that couples production, transmission and storage across spatial nodes and long horizons
using linear balances and stock equations [136]. They report how hydrogen pipelines and
storage shift system costs and locational marginal values as renewable penetration rises, and
they show spatial patterns in the utilisation of EL and methanation driven by nodal price
signals obtained from the LP duals. Methodologically, Diéguez et al. publish a transparent
LP formulation for high temporal and technological resolution energy-system models with
hydrogen chains, presenting a linear formulation that assigns hourly, daily, or yearly temporal
constraints by subsystem (e.g., hourly for electricity, daily for gas), which controls time
coupling and preserves sparsity /tractability [137]. In the same spirit, the TIMES family
is documented as a linear-programming generator for multi-sector planning; the reference
documentation explains how hydrogen technologies, storage and end uses enter as continuous
flows with linear stock and availability constraints, which is why TIMES remains a workhorse
for policy scenarios where tractability and transparency are essential [138].

Finally, there is a growing literature on improving LP fidelity for EL without sacrificing
tractability. Raheli et al. propose tight convex representations of EL part-load behaviour,
including a fully linear relaxation and a second-order conic alternative [139]. They show
that these relaxations can remove binaries, preserve convexity, and remain accurate under
typical operating regimes, leading to near-LP solve times with better dispatch realism than
constant-efficiency approximations.

Advantages and drawbacks of LP. Linear programming gives globally optimal solu-
tions, scales to full-year horizons, and yields shadow prices that help explain marginal values
of capacity, energy and policy constraints. It is therefore well suited to screening designs,
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valuing certificates, and understanding the complementary roles of electricity, hydrogen and
storage at plant-to-system scale. The main limitations are the need to linearise device maps,
the inability to natively represent on/off or mutually exclusive operations without moving
to MILP, and the risk of understating start—stop costs or nonlinear effects. In practice, LP
provides a clean baseline that many studies then extend with MILP for commitment logic or
with convex/nonlinear models where detailed physics materially affect the optimum.

MILP

MILP is the dominant deterministic framework when joint sizing and scheduling must
capture discrete plant logic and modular investment while preserving linear relations elsewhere.
In PtH settings, MILP turns on/off decisions, mutually exclusive routing, minimum up/down
times, and start/stop costs into binary variables linked to continuous flows and capacities
through linear constraints. This preserves scalability to year-long horizons and delivers
globally optimal designs and hourly schedules under perfect foresight, while allowing richer
operational realism than LP.

At the plant scale, Marocco et al. develop a year-long MILP for an off-grid island
community integrating PV, BESS, EL, HS and FC [140]. The model uses piecewise-linear
performance for EL. and monetised wear for BESS and FC stacks; it co-optimises capacities
and hourly operation. The main conclusions are that HS is critical for seasonal balancing
when islanded, BESS remain essential for short-term smoothing, and the jointly optimised
MILP policies outperform heuristic sizing/dispatch in total cost. Pushing seasonal storage
further, Pilotti et al. co-design fully renewable, dispatchable plants for Sicily with wind, PV,
BESS and hydrogen seasonal storage [141|. Their MILP quantifies how the advantage of
hydrogen depends strongly on storage technology and cost: compressed tanks offer limited
gains at current prices, whereas low-cost geological storage enables materially lower system
costs and a dispatch that reliably meets load with high renewable shares.

Beyond single plants, MILP is widely used to design hydrogen supply chains and in-
frastructures with spatial detail. Seo et al. propose a centralised storage concept and solve
a supply-chain MILP that consolidates production from multiple sites into an integrated
bulk storage before distribution to HRS [142]. They compare alternative production and
transport routes and show how centralisation reduces the total annual cost and accelerates a
shift to central production/liquefaction; at mature demand levels, bulk storage with pipeline
distribution becomes optimal; route selection remains sensitive to demand intensity and
siting.

MILP also makes it straightforward to encode regulatory constraints and piecewise device
behaviour. Graber et al. present a day-ahead MILP for PEMEL that explicitly enforces
key elements of the EU green-hydrogen framework (additionality and temporal correlation
translated into energy-source quotas over the day) and models part-load efficiency with linear
segments [143]. They test full-load versus partial-load strategies against daily hydrogen
targets and show how regulatory energy-source limits reshape optimal hours of operation
and raise the delivered cost compared with unconstrained operation; the formulation offers a
transparent way to quantify the cost of compliance while retaining fast solve times.

At the methodological end, the spatio-temporal MILP formulations by Samsatli and co-
authors provide blueprints that have been adopted in many PtH studies. The 2015 framework
sets out a general network model with storage and transport over space and time using
linear balances with integer investment /logical choices, designed to scale to high temporal
resolution [144]. The 2018 extension casts the design-operation problem as a multi-objective
MILP, allowing explicit trade-offs (e.g., cost versus emissions) on integrated multi-vector
networks [145]. Their application to Great Britain’s wind—hydrogen—electricity system for
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decarbonising domestic transport shows how the MILP places EL, pipelines and stations
while scheduling wind-coupled hydrogen production; outcomes include the identification
of cost-effective siting patterns, infrastructure build-out phases, and the value of storage
and network expansion under transport-demand scenarios [146]. Collectively, these works
exemplify why MILP has become the workhorse for PtH joint sizing—scheduling when discrete
choices matter across devices, networks, and policies.

Advantages and drawbacks of MILP. MILP inherits LP’s interpretability and scal-
ability while adding the ability to model on/off logic, minimum run times, start-up costs
and mutually exclusive routing—all central to realistic EL, compressor and HS operation,
and to siting modular investments in plants and networks. Global optimality certificates
(within a user-set optimality gap) support robust benchmarking and scenario studies. The
trade-offs are increased computational burden compared with LP, sensitivity to formulation
strength (e.g., tight linking constraints versus weak big-M), and a continuing need to linearise
nonlinear device physics; when detailed thermodynamics or ageing laws dominate perfor-
mance, practitioners either refine piecewise-linear approximations or adopt NLP/MINLP
where fidelity is decisive.

NLP/MINLP

Although linear and mixed-integer linear formulations dominate the PtH literature, a
growing thread uses NLP or MINLP when authors keep smooth device maps (for example,
load-dependent EL performance, compression work as a function of flow and pressure) or
must co-optimise discrete equipment choices together with nonlinear physics. These models
are particularly visible in plant-level and microgrid settings where EL operation, HS, and
sometimes power—gas coupling are optimised jointly.

At the plant scale, Saars et al. formulate the operation and sizing of an EL co-located
with HS as an NLP driven by day-ahead electricity prices and an annualised-cost objective.
They compare a NLP method with an LP approach for an EL+HS case, retaining explicit
nonlinearities (e.g., compressor power). They obtain very similar costs of 5€/kg while keeping
smooth relations in the objective and compressor model, highlighting the value of preserving
performance maps when capacity (EL nameplate) and hourly operation (run profiles and HS
use) are co-optimised to exploit price arbitrage [147].

At system scale within a microgrid, Akiilker and Aydin develop a deterministic MINLP
for joint equipment selection and scheduling in a multi-energy microgrid that explicitly
includes a PtG chain with electrolysis. The superstructure spans conventional and renewable
generators, thermal units, storage, and a PtG block; integer variables select units while
nonlinear relations capture part-load and process couplings. Their case studies show how
carbon policy (cap-and-trade versus tax) reshapes the economically optimal portfolio and
dispatch, and how adding the PtG route changes the sizing of other assets through sector
coupling. A follow-up study focuses on which microgrid technologies to co-install with a PtG
system and shows that coupling to chemical conversion shifts the microgrid towards higher
renewable utilisation while meeting heat and gas service requirements {148, 149|.

Coupled power—gas operation is another context where retaining nonlinear physics mo-
tivates MINLP. Abdallah et al. co-optimise a day-ahead schedule for an integrated electric
and gas system with a PtH unit, modelling generator commitment logic alongside nonlinear
power-flow and gas-network relations within a MINLP. Across seasonal cases on standard test
networks, they report reductions in total operating costs and renewable curtailment when
hydrogen conversion is co-optimised with the rest of the system, illustrating the multi-vector
value of PtH when the nonlinear coupling between networks is retained [150].
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While the focus here is plant and multi-energy optimisation rather than transmission
planning, network-facing MINLP studies are relevant because they embed EL production
and hydrogen blending decisions alongside nonlinear gas-flow physics. Ogbe et al. formulate
a multi-period MINLP for placing PtH and methanation units and determining hydrogen
and CO; blending levels in a natural-gas network, showing notable system-cost reductions
and feasible hydrogen fractions when the full nonlinearity of blending and gas hydraulics
is respected; this demonstrates how PtH design and operation interact with downstream
transport constraints when the physics is not linearised [151].

Advantages and drawbacks of NLP /MINLP. Retaining smooth component maps im-
proves physical fidelity for PtH chains, especially when compressor work, pressure—temperature
effects, or load-dependent stack efficiency materially affect cost and feasibility; adding inte-
ger structure allows realistic equipment choice and on/off logic in the same model. These
gains come with higher computational burden and, for non-convex NLP/MINLP, with local-
optimality or global-optimisation effort; results also depend on model calibration for device
maps. In practice, authors either scope the time horizon, decompose the problem, or mix
continuous NLP plant models with discrete investment decisions, but the cited studies show
that NLP/MINLP can deliver actionable insights on cost, sizing, and dispatch where linear
surrogates would be misleading.

2.3 Stochastic optimisation

Deterministic optimisation assumes a single, fixed realisation of the inputs (renewable
availability, demands, prices) and delivers capacities and schedules that are optimal for that
forecast. In practice, PtH assets are exposed to substantial variability and forecast errors
across multiple time scales: intra-hour ramps from clouds or wind shear, day-to-day weather
shifts, multi-week low-renewable episodes, and price volatility across day-ahead, intraday and
balancing markets. Solutions optimised for one nominal year can therefore underperform
or even violate operational or certification constraints when realised conditions deviate.
Stochastic optimisation addresses this by treating selected inputs as random variables and
by splitting decisions into here-and-now choices (e.g., sizes, long-lived commitments) and
recourse actions that adapt to the information revealed over time [152-154].

Two modelling patterns are prevalent in energy systems:

e Two-stage models choose capacities before uncertainty is realised and then, for each
scenario of weather and prices, compute an adaptive operating schedule that respects
physics and policy constraints. The objective is typically expected total cost (risk-
neutral) or a risk-averse functional such as Conditional Value-at-Risk (CVaR) that
penalises costly tails, thereby quantifying the premium for robustness (e.g., larger
storage to ride through long low-renewable periods) [152, 155, 156].

o Multi-stage models mirror the offer-realisation sequence of electricity markets and
forecast updates. Day-ahead offers are set with limited information, intraday redispatch
updates the plan after new forecasts arrive, and real-time balancing handles residual
error. Non-anticipativity constraints enforce that decisions at the same stage with the
same revealed history coincide, while subsequent stages adapt by scenario node [153,
154].

Compared with the deterministic baseline, stochastic formulations provide three main
benefits for PtH:
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1. Hedging and flexibility valuation. They measure how much flexible capacity (e.g.,
additional HS, oversized interfaces, faster-ramping EL) reduces expected operating
cost and exposure to tail events—effects that are often invisible in a single-forecast
optimisation.

2. Compliance under variability. Certification rules (e.g., temporal correlation between
eligible RES and hydrogen production) can be enforced scenario-wise, revealing the
cost of compliance across years and the risk of infeasibility if designs are too tight for
adverse realisations.

3. Market-aligned decision-making. Multi-stage models align with day-ahead /intraday/balancing
timelines, enabling explicit trade-offs between offer conservatism and expected imbal-
ance costs, and showing how storage/inertia improves the risk-return profile of market
strategies.

These advantages come with costs and modelling choices:

e Scenario design. The fidelity of results depends on realistic scenarios for meteorology
and prices. Standard practice samples multiple historical years and forward price
paths, then applies scenario reduction to control computational size while keeping the
reduced measure close to the original and retaining temporal patterns via multistage-tree
construction when needed [157, 158]. Sample Average Approximation (SAA) provides
consistency as the number of scenarios grows [159].

e Risk attitude. Risk-neutral objectives minimise expected cost; risk-averse objectives
often use coherent measures such as CVaR, which can be modelled with auxiliary
variables and linear/convex constraints to limit exposure to extremes. The choice
affects optimal sizing and dispatch (e.g., risk-averse models tend to favour additional
HS or curtailment flexibility) [155, 156].

e Computational strategy. Scenario trees and long horizons make the models large, so
decomposition is used to split the problem into smaller pieces. Benders/L-shaped
methods separate first-stage decisions from per-scenario subproblems [160]|. Progressive
hedging coordinates scenarios by adding penalties to encourage consistency across them
[161]. For multistage linear/convex models, Stochastic Dual Dynamic Programming
(SDDP) is also common in practice. In mixed-integer or highly detailed settings, these
ideas are often combined with heuristic or problem-specific simplifications.

e Model class. As in the deterministic case, stochastic programmes may be LP, MILP,
NLP or MINLP depending on device detail and logic. Linearity and piecewise linearity
favour scalability and tighter decompositions; mixed-integer or nonlinear recourse
increases difficulty and may require problem-specific strengthening or hybrid workflows.

For PtH specifically, the uncertain drivers typically include: (i) RES profiles (solar,
wind), (ii) wholesale and imbalance prices across market stages and (iii) process demands
for hydrogen /heat when co-sited with industry. Stochastic models allow all of these to vary
across scenarios or tree nodes, while enforcing the same engineering and policy constraints
scenario-wise.
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2.3.1 Mathematical formulation

Two-stage stochastic optimisation

Two-stage stochastic optimisation for joint sizing—scheduling is summarised in Figure 2.2:
the here-and-now design vector s is chosen once, while scenario-wise recourse trajectories
(21w, Vr.) adapt to the realised inputs with probabilities 7,. Formally, for a finite scenario
set 2 with probabilities 7, the risk-neutral two-stage problem can be written as Eq. 2.5.

Second-stage recourse
(Xt, wir Vt, wl)
First stage My Scenario w;
(here-and-now)

Second-stage recourse
Designs€ Z M, (Xt, wyr Vt, w;)
Scenario w;

nwlo
Second-stage recourse
Xt, wiqy’ Vt, W)

Scenario wjq

Figure 2.2: Two-stage stochastic formulation for joint sizing—scheduling: here-and-now design s
and scenario-wise recourse trajectories (¢, vt,,) wWith probabilities m,,.

As shown in Eq. 2.5, let © be a finite scenario set with probabilities 7, (built from sampled
and possibly reduced time series of uncertain inputs) [157-159]. Denote by s € R™ the
here-and-now design vector (time-invariant capacities), and by {z;., v} the per-scenario,
per-period state and scheduling vectors. A risk-neutral two-stage programme is shown in
Eq. 2.5:

Nt
min J(s) + Zﬂ'w Zﬁ(ﬁt,w,ﬂt,m ft,w) objective [152, 153|
S,{It,w)vt,w}
weN t=1
St. Tyyp1h = f(xt,w, Ut §t7w), t=1,...,Npr—1, Vw state recursion per scenario
g(mw,vt,w; &M,s) = 0, Vt, Yw per-period equalities (balances)
H(mtvw,vt’w; Etws s) < 0, Vt, Yw per-period inequalities (limits)
1, = T, TNptlw = Tlw, Vw boundary (cyclic inventories)
SEZ, wmu,€X, v, €U, Vt, Yw domains and feasibility sets

2.5
Reading Eq. 2.5 (general — PtH examples):

Here-and-now s. General: time-invariant capacities common to all scenarios; chosen
before uncertainty is realised [152|. PtH examples: EL nominal power, HS capacity, BESS
capacity.

Recourse {z;,,v:,}. General: scenario- and time-indexed states and schedules that
adapt to realised series & ,. PtH examples: hourly EL production set-point, HS charge/discharge,
BESS charge/discharge, and grid import/export decided per weather /price scenario.

Objective. General: investment cost J(s) plus expected operating cost » . m, » ., L£(+)
[152]|. PtH examples: annualised CAPEX for stacks, tanks and interfaces in J(s); in £(-),
electricity purchases for electrolysis, O&M, market revenues/fees, imbalance/curtailment
penalties, and monetised degradation where used.
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State recursion x,.;,, = f(-). General: per-scenario intertemporal update of inventories
and other memory variables [153]. PtH examples: HS level carried across hours in each
scenario; BESS SOC; rolling counters if used for simplified wear.

Per-period constraints g(-) = 0, H(-) < 0. General: balances, operating limits
and design couplings enforced scenario-wise [152]. PtH examples: carrier-wise conservation
equalities and operating envelopes per hour and scenario.

Cyclic boundary =y, 41, = 1. General: closes yearly ledgers to avoid end effects;
enforced scenario-wise. PtH examples: end-of-year HS equals the initial level for every
scenario; same for BESS SOC and any rolling ledgers so that seasonal shifting is modelled
consistently across realisations.

Model class and tractability. Problem 2.5 inherits the deterministic class: linear
without binaries (LP); on/off or modularity (MILP); smooth nonlinear maps (NLP/MINLP).

Scenario design. Scenarios are typically built from multiple historical meteorological
years and associated price trajectories (with resource correlation), then reduced to a tractable
subset that preserves moments and persistence patterns important for long-duration HS
utilisation [157, 158]. SAA provides statistical consistency as the number of scenarios grows
[159]. In PtH studies this preserves clusters of low-renewable hours and seasonal effects that
drive HS value.

Note on risk aversion. While Eq. 2.5 is written in risk-neutral form, risk-averse variants
are common in PtH to hedge costly tails (e.g., long calm-and-cloudy periods with high prices).
CVaR and related coherent measures can be embedded on the same physical constraints to
reshape sizing and operating policies toward robustness [155, 156].

Multi-stage stochastic optimisation

The multi-stage extension aligns decisions with the chronology of day-ahead (DA), intraday
(IM), and real-time (RT) markets, as sketched in Figure 2.3. Each node n in the scenario
tree aggregates decisions v, at a given information state, and non-anticipativity constraints
enforce identical decisions at nodes that share the same history at a given stage k. A generic
risk-neutral multi-stage formulation is given in Eq. 2.6.

When offers and redispatch decisions are made at several information stages, a scenario
tree aligns the optimisation with the forecast-market chronology. Let stages be k =0,..., K,
with node sets N} and probabilities p,, for each node n € A}, (summing to one over terminal
nodes). We take poot = 1 and, for any internal node n, Zcec<(n) Pe = Pn; probabilities over
terminal nodes sum to one. Each node aggregates the hours decided at that stage; C((n)
denotes the children of node n, and ¢, is the information revealed up to n. A risk-neutral
multi-stage programme is shown in Eq. 2.6 [152-154]:

K
min Z Z Pn Pr(vy) objective (expected stage cost [152, 154])
{vn} k=0 neN},
s.t. Fk(vn, {veteecin: Cn) =0, Vn node physics & recursion

”Hk(vn, {veteecim): Cn) <0, Vn operating limits & capacities

Uy =0 VY(n,n') €Ty, k=0,..., K non-anticipativity constraints

Uy € Ve Vn stage-specific domains

2.6

Non-anticipativity. For each stage k, IIj collects pairs of nodes in N} that share the same
information history up to k; enforcing v, = v, for (n,n’) € II; prevents using future
information [154].
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Stage k=2 (RT), n{!

Vg, Cpi

Stage k=1 (IM), n{

Vad), G Stage k=2 (RT), n{”

Vn@), Cng)

Stage k=2 (RT), n{¥

Vn), Cn?’

Stage k=0 (DA) Pn®

Node ng
Decision v,

Vi@, G Stage k=2 (RT), n{"

Vi, Cn(24)

Pn®

Non-anticipativity: for (n, n’) €My, v, = v, at stage k

Figure 2.3: Multi-stage scenario tree aligned with day-ahead (DA), intraday (IM), and real-time
(RT) decisions; non-anticipativity enforces identical decisions v,, at nodes sharing the same
information history at a given stage k.

Reading 2.6 (general — PtH examples):

Scenario tree and stages. General: the tree encodes how information arrives and when
decisions are committed; nodes represent decision points, and edges represent uncertainty
realisations between stages [152, 154]. PtH examples: stage k=0 is day-ahead (DA) where
hourly energy and reserve offers are set for the next day; stage k=1 is intraday (IM) where
redispatch adapts to updated forecasts; stage k=2 is real-time (RT) where balancing actions
are decided. A node n € N, aggregates the DA hours; its children in N reflect alternative
IM forecast updates; terminal nodes reflect RT outcomes.

Stage decisions v,,. General: v,, are decisions available at node n given information (,;
children decisions may depend on v,, and the subsequent information [154]. PtH examples: at
DA nodes, v, collects submitted offers (hourly schedules, reserve commitments) and coarse
within-day setpoints; at IM nodes, v,, updates schedules and reserve activation windows; at
RT nodes, v,, covers fine-grained dispatch, imbalance settlement and any curtailment.

Physics and intertemporal coupling Fj, H;. General: functions Fy, H; assemble
balances, device limits and state recursion across the hours grouped at each node and across
parent—child links; they carry memory by linking node decisions v,, between stages [153, 154].
PtH examples: hydrogen inventory or battery state of charge; market rules are enforced at
the appropriate stage.

Non-anticipativity. General: decisions at the same stage that share the same revealed
history must be equal across nodes; this encodes that one cannot condition a stage-k decision
on information revealed later [154]. PtH examples: all DA nodes that share the same DA
forecast path must place identical DA bids (even though their IM and RT realisations later
differ).

Objective. General: the expected sum of stage costs, >, >, cn: Pn®x(Yn), Where @y,
aggregates the cost terms associated with the hours decided at stage k [152]. PtH examples:
at DA, ®; may include commitment costs and expected market revenues tied to offers; at
IM/RT, ®; includes redispatch costs, imbalance charges, curtailment penalties and operating
costs tied to the realised trajectory.
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Model class and tractability. General: problem 2.6 inherits the LP/MILP/NLP char-
acter of the stage constraints. Tree size grows with horizon and branching, so decomposition
and aggregation are essential. Progressive hedging provides a practical scenario-decomposition
that enforces stage-wise non-anticipativity via quadratic penalties [161, 162]. PtH exam-
ples: a DA-IM—RT tree with hourly resolution remains tractable when device maps are
linear /piecewise-linear (LP/MILP).

Tree construction and reduction. General: nodes are built from forecast-update
processes (e.g., DA point forecast and error distribution, IM update distribution) and from
market session timing; scenario reduction controls branching while keeping the reduced
measure close (in a probability-metric sense) to the original and aiming to retain temporal
patterns important for storage [157, 158|. PtH examples: DA nodes reflect daily solar/wind
forecasts and price shapes; IM nodes reflect intraday markets prices; RT leaves capture residual
errors. Reduction preserves clusters of consecutive low-renewable hours and correlated price
spikes.

Note on risk aversion. While 2.6 is written in risk-neutral form, risk-averse preferences
can be incorporated with stage-wise or nested coherent risk measures (for example, CVaR)
on the same stage structure [153]; this often shifts PtH designs toward more storage or more
conservative market offers without changing the physical constraint architecture.

2.3.2 Scientific literature on stochastic optimisation for PtH plants
Two-stage

A first stream of work casts PtH within two-stage scenario-based programmes where
investment or day-ahead commitments are chosen here-and-now and hourly plant operation
adapts by scenario. One of the earliest PtH-focused studies [163]| develop a two-stage stochastic
programming approach for an energy hub that explicitly contains a water electrolyser and
compressed hydrogen storage. The first stage plans electrolyser and storage capacities
alongside long-lived decisions; the second stage operates the hub across a large set of
sampled scenarios capturing uncertainty in hourly electricity prices, the number of fuel-
cell vehicles to be refuelled, and the dispensed hydrogen quantity. Using a scenario-based
two-stage programme with uncertainty in hourly electricity prices and hydrogen refuelling
events, the study quantifies the hedging value of PtH flexibility: sizing an electrolyser and
hydrogen tank improves expected operating cost and increases revenue opportunities by
shifting electricity consumption to low-price hours while meeting stochastic hydrogen demand;
sensitivity analyses show that both electrolyser capacity and storage volume co-determine
the value captured under volatile prices and demand variability. More generally, two-stage
stochastic programming is widely adopted for microgrid planning problems in which long-
lived topology /investment decisions precede daily operation under renewable uncertainty; for
instance, Han and Lee [164] couple first-stage interconnection decisions with second-stage
operational dispatch using data-based renewable scenario models.

At the multi-energy system scale, two-stage models are used to coordinate electricity
and gas systems with embedded PtG conversion. [165] formulate a two-stage day-ahead
scheduling model for an integrated electricity—natural gas system in which PtG facilities and
gas-fired units provide flexibility to accommodate wind variability. The first stage clears
day-ahead commitments; the second stage redispatches by scenario (e.g., 1000 scenarios
reduced to 7) to meet realisations of wind and loads while enforcing the coupled gas—electric
constraints and explicit ramping costs. Results demonstrate that incorporating PtG as a
recourse option reduces wind curtailment and ramping costs, and helps satisfy flexibility
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requirements compared with a system without PtG, thereby evidencing a systemic value of
hydrogen conversion even without long-term geological storage.

At the plant /community scale, two-stage formulations have been applied to multi-energy
microgrids that include electrolysers, hydrogen storage and hydrogen mobility. [166] propose
a two-stage risk-aware MILP where the first stage determines market positions and opera-
tional commitments, and the second stage adapts the hourly schedule for each scenario of
solar /wind availability, electricity prices, and tri-vector demands (electrical, thermal, and
hydrogen). The microgrid comprises PV, wind, CHP, a boiler, a hydrogen electrolyser,
electrical /thermal /hydrogen storage, and both electric- and hydrogen-vehicle charging sta-
tions. Uncertainty is represented by thousands of scenarios reduced via backward reduction,
with CVaR used to control tail risk. Using a 24-hour case study solved with CPLEX] it is
shown that enabling bilateral contracts alongside pool participation significantly mitigates
risk exposure; specifically, the CVaR metric drops by about 50% relative to a pool-only
strategy, while hydrogen conversion and storage are actively used in adverse renewable/price
realisations to hedge imbalance cost.

Beyond operations, two-stage structures have also been exploited for design and operation
(sizing—scheduling) of hydrogen-enabled hubs. [167] build a two-stage design-operation model
for an energy hub with hydrogen storage (electrolyser, tank, and FC pathway) and propose
a clustering framework to keep long-horizon stochastic instances tractable while preserving
temporal features that drive hydrogen utilisation. The study shows that careful multiscale
time-series aggregation recovers near-optimal designs and dispatches at a fraction of the
computational cost, and highlights the role of hydrogen storage in arbitraging multi-carrier
energy flows while maintaining near-optimal performance.

Advantages and drawbacks of two-stage stochastic optimisation. Two-stage
models provide a clear separation between here-and-now sizing/commitment and scenario-
wise recourse, making them well suited to quantify the hedging value of electrolysers and
hydrogen storage under volatility. They readily incorporate policy or market features (e.g.,
risk measures, bilateral contracts) and support transparent sensitivity studies on prices and
hydrogen demand. Their limitations mirror their strengths: results depend on the quality of
scenario generation and reduction; stage aggregation may hide finer market chronologies; and
when the recourse includes integer variables (on/off logic, network commitments) or detailed
physics, decomposition and aggregation choices become critical for tractability and fidelity.

Multi-stage

Multi-stage stochastic formulations have been used to align PtH scheduling and market
participation with the actual chronology of information revelation (e.g., day-ahead offers,
intraday updates, real-time balancing) while respecting the intertemporal physics of hydrogen
inventories, electrolyser start/stop logic, and storage couplings to BESS or heat. Scenario trees
are constructed to mirror the chronology of day-ahead — intraday — real-time revelation,
with non-anticipativity enforced at each stage. From a methodological viewpoint, multi-stage
stochastic programming is a standard tool to represent sequential electricity-market decisions
under uncertainty and partial information revelation, and to enforce non-anticipativity
consistently across stages [168|. A representative example is the multi-stage bidding and
operation strategy for an HRS proposed by [169]. In that study, the plant comprises an
electrolyser, hydrogen storage and dispensing, and participates simultaneously in energy
and reserve markets. Uncertainties include day-ahead energy price, secondary reserve price,
system imbalance price, and hydrogen demand; non-anticipativity constraints enforce that
decisions at a given stage depend only on information available up to that point. The model
shows how the combination of reserve commitments and energy arbitrage, enabled by the
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electrolyser and on-site storage, increases expected profit relative to energy-only baselines and
simpler single-stage setups, and it quantifies the value of flexibility from shifting electricity
consumption across market stages while meeting hydrogen service requirements.

Complementary strands of the literature address PtH value through ancillary-service
participation and hybridisation with BESS: Maluenda et al. [170] propose a scenario-based
(chance-constrained) day-ahead and intra-day scheduling model for a PV-BESS—electrolyzer
plant participating in energy and frequency regulation markets, while recent surveys highlight
that electrolyzer-based ancillary services are a rapidly growing but still fragmented research
area [171].

Beyond single-plant stations, multi-stage models have been extended to electricity—hydrogen
Integrated Energy Systems (IES). [172] develop a multi-stage dispatching framework that
explicitly links a day-ahead schedule with intraday corrective actions under uncertainty,
while embedding the flexibility of hydrogen production and consumption on both source and
load sides. The approach combines deep-learning-based online security monitoring with a
chance-constrained intraday correction atop a model-based day-ahead schedule, leveraging
hydrogen’s ability to decouple renewable generation and final use across the day. Case
results indicate lower operating costs and improved security margins versus deterministic
scheduling, with the hydrogen layer absorbing forecast errors that would otherwise translate
into imbalances or curtailment.

At a larger mesoscale, [173] propose a multi-stage and multi-timescale management strategy
for hydrogen-based IES in which decisions are layered across markets and within-day timescales.
Although the paper emphasises algorithmic structure (e.g., hierarchical coordination across
timescales) rather than market clearing per se, it treats electricity—heat—hydrogen couplings
and demonstrates that explicitly staging commitments and recourse improves renewable-energy
utilisation and reduces total cost compared with single-stage or purely myopic controllers. The
study underscores a recurring outcome in multi-stage PtH models: hydrogen inventories and
electrolyser ramping provide the temporal shock absorbers that allow conservative day-ahead
positions to be reconciled with aggressive intraday corrections when forecasts improve.

Recent work has pushed the multi-stage paradigm toward high-fidelity hydrogen infrastruc-
ture operation with policy constraints. [174] formulate a multi-stage stochastic optimisation
for a mono-site hydrogen system (electrolyser, compressor, storage) supplied by variable
renewables and grid power under an eligibility rule that limits the fraction of non-renewable
electricity so that the site qualifies for public subsidy. Decomposition strategies are tailored to
the stage structure and show on realistic instances that the method attains near-optimal solu-
tions with small duality gaps while preserving the chronology of market and forecast updates.
This is relevant for EU-style certification and subsidy schemes, where non-anticipativity
across stages is essential to avoid ex-post infeasibility.

Finally, multi-stage stochastic optimisation has also been used on longer planning horizons
where expansion or sequencing decisions (e.g., staged addition of electrolyser capacity or
storage) must be coordinated with uncertain renewable availability and prices. [175] present
a multi-stage long-term planning model for a grid-connected hydrogen-based energy system
and propose an improved stochastic dual dynamic integer programming variant to handle the
stagewise structure efficiently. Results highlight that staging investments while accounting
for uncertainty yields more robust and cost-effective plans than static single-stage designs in
the tested cases, especially when hydrogen serves seasonal and multi-week balancing roles.

Advantages and drawbacks of multi-stage stochastic optimisation. The multi-
stage literature for PtH and electricity—hydrogen IES consistently reports three qualitative
outcomes: (i) explicitly modelling market stages with non-anticipativity improves the expected
value of flexible hydrogen assets (electrolysers and storage) compared with deterministic or
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single-stage benchmarks; (ii) hydrogen inventories are pivotal in reconciling conservative
day-ahead commitments with intraday and real-time corrections; and (iii) when policy or
eligibility rules apply, enforcing them at every stage avoids optimistic bias and reveals the true
cost of compliance. The main challenge is preserving persistence patterns in the scenario-tree
construction phase.

2.4 Scope and novelty

Scope. This thesis is concerned with how to make electrolysis-based power-to-hydrogen
(PtH) plants economically viable for real industrial users, by systematically reducing the
levelised cost of hydrogen (LCOH) under realistic technical, market and regulatory constraints.
The plants considered couple variable renewable electricity generation, battery-based electrical
energy storage, water electrolysers, hydrogen compression and hydrogen storage, and back-
conversion technologies such as solid oxide fuel cells or gas turbines with heat-recovery steam
generators, together with industrial electricity and heat demands in both grid-connected and
off-grid settings.

The central question is not whether PtH plants can be engineered in principle, but
how they should be designed and operated so that, over a 20-25 year project horizon, the
delivered hydrogen is cheap, certifiable and bankable enough to compete with incumbent
fossil-based options. To answer this, the thesis develops a single decision-analytics workflow
that follows the same logic as real project development: it moves from understanding physics
and control logics, through deterministic optimisation, to uncertainty-aware sizing and finally
to market-based operation once the plant has been built.

The workflow is staged as follows. First, high-resolution, physics-faithful rule-based
simulations are used to understand how individual components in the hydrogen chain behave,
how simple operating rules affect efficiency and equipment ageing, and which physical
levers are most effective in driving the LCOH down for a given layout. Second, these
insights are embedded in a deterministic mixed-integer linear optimisation model of the
whole plant that jointly optimises sizing and scheduling under perfect foresight, in order
to search systematically for low-cost combinations of capacities and operating strategies
for representative years. Third, recognising that 20-25 year forecasts of renewable output,
electricity prices and hydrogen demand are inherently uncertain, the same plant model is
extended into a two-stage stochastic capacity-planning framework, in which long-lived capacity
decisions are made before uncertainty is realised and are then tested across scenarios while
short-term scheduling remains flexible. Finally, once a plant is in the ground, a multi-stage
stochastic market-scheduling layer is formulated for grid-connected designs, co-optimising
participation in day-ahead, intraday, reserve and imbalance electricity markets while meeting
hydrogen off-take, and quantifying how informed bidding and hydrogen-based flexibility can
further reduce the realised LCOH.

Across all layers, the same component equations, degradation descriptions and European
renewable-fuel certification rules are reused, and the same finance-consistent performance in-
dicators (including LCOH, net present value, emissions intensity and certification compliance)
are evaluated.

Chapter 3 formalises rule-based, deterministic and stochastic methods into a unified
workflow while Chapter 4 applies that workflow to multiple PtH contexts to quantify achievable
reductions in the LCOH.

When siting becomes a binding constraint for photovoltaic generation, an additional
agrivoltaic option is introduced to signal land-use trade-offs; the agrivoltaic methodology and
results are documented in Appendix 7, while the core chapters remain focused on PtH sizing
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and scheduling.

Novelty. The main original contribution of this thesis is a coherent workflow for lowering

the LCOH from electrolysis-based plants, which links physical understanding, mathematical
optimisation and electricity-market operation within a single modelling spine. Rather than
proposing isolated models or case studies, the work builds a sequential decision-analytics
workflow for PtH projects:
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e From physics-faithful simulation to cost drivers. The workflow starts with detailed

rule-based simulations of industrial combined heat-and-power integration and grid-
connected photovoltaic PtH layouts. These physics-faithful models are used not only to
reproduce behaviour, but to pinpoint where costs arise along the hydrogen chain and
which simple control logics help or hinder LCOH reduction.

From heuristics to deterministic co-optimisation of sizing and scheduling. The same
component models and cost structures are then embedded, with minimal simplification,
into a deterministic mixed-integer linear optimisation model that treats plant sizing
and scheduling in a single problem. Hydrogen production, storage and conversion
technologies, as well as battery capacity become endogenous decisions chosen explicitly
for their impact on LCOH, rather than fixed by assumption or tuned ex post.

From perfect foresight to two-stage stochastic capacity planning. Building on this
deterministic layer, the plant model is lifted into a two-stage stochastic capacity-
planning formulation for an islanded hybrid renewable energy system, where investment
decisions are made once and must perform well across many long-term realisations
of renewable generation and demand. This step shows how design choices such as
overbuilding renewables or shifting between battery and hydrogen storage can hedge
against uncertainty and thereby improve the cost of hydrogen over the project life.

From static design to multi-stage market-coupled operation. Finally, for grid-connected
plants, the same physical and economic representation is embedded in a multi-stage
stochastic scheduling model that co-optimises participation in day-ahead, intraday,
reserve and imbalance markets while respecting hydrogen off-take commitments and
detailed equipment dynamics and degradation. This last layer quantifies how much
additional cost reduction can be unlocked purely by smarter operation in real electricity
markets once the plant is built.
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Table 2.1: Literature positioning, research gaps, and thesis contributions across the four modelling
layers (rule-based — deterministic — two-stage — multi-stage).

Layer State of the art Research gap Contribution Ref
Rule-based Component-level (i) No endogenous opti- Uses rule-based simula- [112, 115,
simulation simulation and mality: trade-offs are im- tion explicitly as a base- 116] [114,

heuristic EMS for posed by rules, not opti- line layer to generate fea- 119, 120]

hybrid RES-H; mised. (ii) Limited quan- sible operating trajecto-

systems; feasibility tification of the value ries and to stress-test

screening; fast of flexibility. (ii) Hard component assumptions;

sensitivity analysis; to compare consistently then carries component

simple dispatch with optimisation layers abstractions forward into

rules. when component abstrac- optimisation layers to en-

tions change. able cross-layer compari-
son of KPIs.

Deterministic Sizing and dis- (i) Uncertainty mostly re- Provides a determinis- [134, 135,
optimisation patch under point duced to sensitivities. (ii) tic optimisation baseline 140] [141,
(LP - MILP forecasts; storage Market chronology sim- with consistent device 143, 147]
- NLP - selection; policy plified (single market or models and KPIs, used [132, 133]
MINLP) constraints; typical aggregated time). as the reference point for

energy-hub / multi- (a) robustness premia in

energy coupling the two-stage model and

with one objective (b) the incremental value

(cost / LCOH / of market chronology and

profit). non-anticipativity in the

multi-stage model.

Two-stage Here-and-now de- (i) Limited linkage Quantifies the cost of ro- [163, 165,
stochastic sign decisions and between robustness cost bustness against a deter- 166| [164,
optimisation  scenario-based op- and decarbonisation ministic benchmark un- 167|

erational recourse; stringency (COy caps / der identical component

typically used for full decarbonisation). (ii) modelling and KPIs, and

renewable variabil- Limited comparison to shows how the robustness

ity in planning deterministic baselines. premium changes across

problems. emission constraints.
Multi-stage Sequential decision- (i) Fragmented treatment Develops a  market- [169, 172,
stochastic making with  of revenue stacking (en- aware multi-stage 173] [168,
optimisation  scenario trees and ergy + reserve) and of framework with ex- 174, 175]

non-anticipativity;  operational constraints plicit non-anticipativity [170, 171]

day-ahead - in-
traday - real-time
coupling; increas-
ingly includes
ancillary  services
and hybridisa-
tion (e.g., BESS-
electrolyser).

(start-up, ramps, stand-
by). (ii) Often no explicit
connection back to sim-
pler layers (rule-based /
deterministic / two-stage)
to clarify when the added
complexity is justified.

and sequential market
chronology, highlighting
when multi-stage com-
plexity adds value versus
deterministic/two-stage
layers.

Research gap and thesis contributions. The literature above evidences three recurring
gaps for PtH plants operated as flexibility assets: (i) fragmentation across modelling layers,
where rule-based, deterministic and stochastic formulations often rely on different component
abstractions and assumptions, limiting traceability and comparability of results [119, 133];
(ii) partial alignment between uncertainty modelling and the true chronology of electricity-
market decision-making, with two-stage models aggregating timelines and multi-stage models
remaining computationally demanding and case-specific [163, 168, 169]|; and (iii) an only-
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recent integration of certification/policy constraints and ancillary-service value streams into
optimisation-based PtH operation [143, 171]. This thesis addresses these gaps by developing a
consistent four-layer modelling stack (rule-based — deterministic — two-stage — multi-stage),
and by quantifying trade-offs and uncertainty-hedging value on common KPIs across realistic
case studies and market chronologies.

Taken together, these steps constitute a single, transferable decision-analytics workflow
for PtH projects: from early screening, through robust capacity planning, to market-coupled
operation, all evaluated with consistent physics, degradation and finance. The novelty does
not lie in any one case study in isolation, but in showing that a complex and uncertain
problem such as lowering the LCOH can be tackled by a unified modelling approach that
keeps the same technical detail across rule-based simulation, deterministic optimisation and
stochastic market scheduling, and that is explicitly structured around the economic and
regulatory conditions required for real-world adoption.
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3. METHODS

This chapter is organised in two parts that mirror the algorithmic families introduced in
the State of the Art: (i) rule-based simulation and (ii) optimisation-based methods. In each
part, component models are first presented and then their system integration is explained.
For optimisation-based studies, deterministic MILP and stochastic MILP (two-stage and
multi-stage) are distinguished later; the stochastic layer reuses the same MILP component
blocks and only augments them with scenario indices and information-structure constraints.
Here the rule-based side is detailed up to the solver architecture that implements it.

Terminology (variability, uncertainty, risk, robustness). Throughout the thesis, the
following terms are used with specific meanings:

e Variability denotes observed fluctuations of exogenous signals (e.g., PV, wind, prices,
demand) across time or across historical years; it is a property of data.

e Uncertainty denotes the lack of knowledge, at the time decisions are made, about
which future realisation of those signals will occur; it is represented via scenario sets
w e Q.

e Risk denotes the exposure of performance (cost, emissions, profits) and feasibility to
uncertainty (e.g., tail outcomes, constraint violations, adverse price—volume realisations).
Unless explicitly stated otherwise, the stochastic formulations in this thesis are risk-
neutral, i.e., they minimise/maximise the expected objective value across scenarios.

e Robustness denotes the ability of decisions—especially non-anticipative ones (e.g.,
design variables common to all scenarios)—to remain feasible and to deliver stable
performance across the considered scenario set €). Unless explicitly stated, “robust” is
used in this scenario-based sense and not as worst-case robust optimisation.

3.1 Rule-based simulation: Multi Energy System Simula-
tor (MESS)

The Multi Energy System Simulator (MESS) is a modular, in-house developed Python-
based framework that realises the rule-based formulation from Section 2.1 with detailed
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component logic across electricity, heat/cooling, hydrogen (and by-products), steam, gas and
process water. It targets single-site studies and integrates a generic carrier/stream structure
with unit-state logic and a full PtH chain (EL, COMP, HS, FC/GT) [176]. An overview of
MESS workflow is represented in Figure 3.1.

TECHNOLOGIES

Energy carriers
Production, storage,end use

INPUT SOLVER OUTPUT
s
[Meteurological data J Energy balances Detalled energy balances
~ At — time series (hours minutes) ¢ Time step resolution
Energy system specifics N—1to many years * Environmental assement
* Demand profiles \
= Technologies I:> |:> p
= < Cash Flows Investment assessment
Economic data At = time series + NPV analysis
= Cost of investment N = investment duration * LCOH
* Economic parameters a4

Figure 3.1: MESS workflow overview.

A compact statement of the MESS time march is shown in Eq. 3.1:

Oy = F(%,gt;@)
Uy = MUt(xtvft;e)
Tes1 = [o( T, u, &)
Y = Yol T, u, &), t=1,...,Np.

3.1

Symbols.
e 1; — memory states (e.g., LOH;, SOC,).

e {, — time-series drivers injected at the start of the step (demands, tariffs, weather
conditions).

0 — rule parameters (bands, minimum loads, priorities).

o, — branch selected by I" (the realised operating situation for step ).

u; — feasible set-points/actions issued by p,, after clipping.

fs, — state-update maps applying physics and (optionally) degradation writes.

Yo, — output maps that close balances and produce the time series used for KPIs
calculation highlighted in Section 3.1.2.

Execution order.

1. Refresh ;. Load the current electric, thermal or hydrogen demands, electricity /natural
gas/hydrogen prices and weather conditions.
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2. Mode selection o; = I'(24,&;0) (priority rule tree). Check admissibility and
priorities in order; the first satisfied branch is the active mode. FExamples:

e RES surplus = charge BESS — run EL — export if allowed.
e RES deficit = discharge BESS — run FC — import from grid.

e H, demand spike = pause EL if RES production is not available — prioritise FC
if LOH; is high, otherwise import.

3. Control map u; = pi,,(x,&;0) with clipping. Compute device set-points for the
chosen mode (e.g., EL power, COMP flow, BESS charge/discharge, FC power, grid
exchange) and clip them to what is feasible given ratings, minimum loads and the
current x;. Examples:

e In RES surplus: target EL at the rule’s priority; if LOH; is near its upper band,
redirect to BESS or to export per 6.

e In RES deficit: aim FC at the requested power; if LOH; is low, reduce FC and
escalate to grid import per 6.

e [f a minimum load makes a set-point inadmissible, drop to the next priority action
in the same mode.

4. Mode dynamics xy1 = f,, (%, us, &). Translate u, into physical flows with the device
maps and update all states, and (if enabled) degradation/ageing. Fzamples:

e EL operating: LOH; increases; any water/oxygen states advance.
e FC operating: LOH; decreases and electrical /thermal outputs materialise.

e BESS charging/discharging: SOC moves considering efficiencies and self-discharge.

5. Output y; = yo, (74, us, & ). Close residual balances per carrier at the grid interface
according to site policy (import, export, curtail, or flag unmet load). Record per-
technology /per-carrier series, curtailment /unmet-load flags and grid exchanges; expose
any additional streams required for KPIs (see Section 3.1.2). Ezamples:

o [f the electrical balance is positive and export is allowed: log an export; if export
is disallowed: log curtailment.

o If the balance is negative and import is capped: log an unmet-load flag; otherwise
record an import.

e Store time series for utilisation, cashflow terms, emissions and certified quantities
to support LCOH/NPV and compliance reporting.

3.1.1 Components modelling

The simulator adopts a modular, object-oriented representation of each technology as
a physics-faithful block embedded in the hybrid rule-based loop of Section 3.1. Each block
specifies: (i) admissible inputs/outputs (power, mass and heat flows), (ii) instantaneous
constraints and guards (efficiency maps, part-load ranges), and (iii) internal state updates
for inventories (e.g., SOC, degradation markers).

Demands. Demands for electricity, heat/steam and hydrogen are treated as exogenous
time series in & at the simulator resolution (minutes to hours). Electrical demand is
denoted by p¢“™ kW], thermal/steam demand by pi™®™ [kW], and hydrogen demand by
. Ho,dem . . . . .
1, [kg/h]. Series may stem from measurements, industrial partners or open repositories

and are pre-processed to match the model horizon and time step.
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Renewables

Meteorological drivers (irradiance components, sun geometry, wind speed/direction,
ambient conditions) and renewable production are treated as exogenous time series in &;.
When the Photovoltaic Geographical Information System (PVGIS) is used, site time series
(including Typical Meteorological Year, TMY) are retrieved and, where available, the specific
AC power per installed kWp series provided by PVGIS is used directly [177|. The resulting
electrical outputs are denoted pf" for the PV field and p,¥T for the Wind Turbine (WT).

Photovoltaics. PV electrical power piV at time step ¢ is obtained, for fixed and single-axis
tracking PV systems, directly from PVGIS [177] as shown in Eq. 3.2:

Y= P 3.2

where pf'V kW] is the AC electrical power output of the PV array at time step ¢, PLY. [kWp]
is the installed peak capacity, and p; * """ [KW/kWp] is the PVGIS time series of specific AC
power per kWp computed for the chosen array tilt § and azimuth «,, mounting, technology
and total system losses.

Otherwise, when only global horizontal irradiance GHI; and diffuse horizontal irradiance
DHI, are available, the incident plane-of-array irradiance, that is, the Global Tilted Irradiance
GT1;, is obtained via the Hay—Davies transposition [178], and PV power (for fixed-tilt arrays)

follows the Durisch model [179] as shown in Eq. 3.3:
prY = nPV PR AYY QT 3.3

where 7V, [—| is the PV module efficiency, PR |—] is the performance ratio of the PV system,
APV Im 2] is the total active area of the PV modules, and GT'I; [W/m?| is the global tilted
irradiance on the array plane at time step t¢.

The Hay-Davies relation for GT'I; from its horizontal components is represented in Eq. 3.4:

GTI, = DNL, K, + DHL(fup, Kpi + (1 — fup)22) + GHL aan, =522, 34

where DNT; [W/m?| is the direct normal irradiance, Kj; |—] is the geometric factor relating
beam irradiance on the tilted and horizontal planes, fup; = DNI;/G,,; is the Hay-Davies
anisotropy index, Gon; [W/m?| is the extraterrestrial irradiance on a plane normal to the
solar beam, § [rad] is the array tilt angle, and a.y, [—| is the ground albedo.

Geometric relations used in Eq. 3.4 are given in Eq. 3.5:

GHIt - DHIt COS Ulipc

DN, = ——M— bt = , COS Qine = COS (1, ¢ COS S+sin o, ¢ sin [ cos(as 1 — ),

cosa,; oSty 4
3.5
where aip. [rad] is the incidence angle on the tilted plane, o, [rad| is the solar zenith angle,
as, [rad] is the solar azimuth angle, and «, [rad] is the array azimuth; all angles are in
radians. Near sunrise and sunset, cos ., is clipped away from zero to avoid division blow-up.
Egs. 3.3-3.5 yield GTI; and pf'V at the simulator timestep for arbitrary array geometry and
meteorological inputs [178, 179|.

Agrivoltaic parenthesis. When agrivoltaic (AV) is considered, the PV power block remains
unchanged. AV affects site feasibility and economics (installable MW per hectare, CAPEX
per kW, and layout constraints) but not the per-kW PV production model used for PtH
scheduling. AV modelling is included in Appendix 7 of the thesis.

Wind turbine. Wind power is obtained from the characteristic turbine power curve as
a function of hub-height wind speed wy, ;. A standard three-region curve is adopted [180], as
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shown in Eq. 3.6:

0, Wh,t S Wei,s
3 3
wy , — W
WT h,t ci
WT Pnom 3 3 Wei < Wh, ¢ < Wrat,
Dy = Wrat — Wei 3.6
WT
Pnom? Wrat < Wh ¢ < Weo
0, Wh,t Z Weo,

where p'T is electrical power at time ¢ [KW], wy is hub-height wind speed [m/s], we; is
cut-in speed [m/s], wy,; is rated speed [m/s|, we, is cut-out speed [m/s], and PVT is the WT
nameplate power [kW].

If wind speed is provided at a reference height z. (e.g., from PVGIS), it is extrapolated
to the hub height zy,, by the power law [180], as represented in Eq. 3.7:

Qshear
. Zhub
Wht = Wref,t ) 3.7

ref

where wyet s is the wind speed at the reference height [m/s|, zp is the turbine hub height [m],
Zret 18 the anemometer /reference height [m|, and agpear is the wind-shear exponent reflecting
surface roughness [-]. A representative agpear = 0.17 is used for open terrain in Italy, consistent
with the Italian Wind Atlas, unless site-specific measurements indicate otherwise [180, 181].

Hydrogen production: electrolysis

The electrolysis unit is a mode-aware conversion block. The selector I'(+) and policy g, (+)
determine when electrolysis is enabled (e.g., minimum-load guards, storage availability) and
dispatch a feasible power setpoint pFl (electrical input) or an equivalent hydrogen-production
request. The device dynamics f,(-) then map (x¢, &, u;) to an operating point on the stack
polarisation curve; mass/energy balances, by-products, and inventory updates are applied,;

. HoEL R : . H,O,EL .
the output map y,(-) exposes 1y, >, p;’~, water consumption 1, , and (optionally)

recoverable thermal power p,™ [182-184].

Electrolysis thermodynamics and performance metrics. Low-temperature water
electrolysis splits liquid water into hydrogen and oxygen via the half-reactions, as shown in
Eqgs. 3.8-3.9, and the overall reaction, as shown in Eq. 3.10:

Anode: HoO — 2H* + 104 + 2¢” 3.8
Cathode: 2H' + 2¢~ — H, 3.9
Overall: Ho O — Hs + %Og 3.10

where e~ denotes electrons. The reversible (Nernst) cell voltage at reference conditions is
Viev. The minimum molar electrical work is zF Ve, with z the number of electrons per
mole of Hy and F' the Faraday constant. Using AG° = AH® — TAS° and AG® = 2F Ve,
at standard conditions, the theoretical minimum voltage is V;., [182]. Practical operation
requires activation, ohmic, and concentration overpotentials, yielding the cell /stack relations,
as shown in Eq. 3.11:

V::ell = erev + ‘/act + V:)hm + V;:onca ‘/stack = Ncell ‘/cella 3.11

where Vo is the single-cell voltage [V], Vact, Vonm, Veone are overpotentials [V] and Neep is
the number of series cells [-].
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Over any interval At, the specific electric consumption and the electrical efficiency are
defined as in Eq. 3.12:

SECEL — fAtpf:L dt el __ LHVH2

) - bl 312
fnf a7 spon

where SEC™" is the electrolyser specific electric consumption [kW h/kg]; pF'" is the electrical
input power [kWT1; 7y >™" is the hydrogen production rate [kg/h|; 1 is the electrical efficiency
on an LHV basis |-]; and LHVy, is the lower heating value of hydrogen [kW h/kg] [185].

Representative ranges are reported in Table 3.1.

Table 3.1: Typical electrolysis numerical values referenced in the text.

Quantity Description Value / Source

Viev (std. cond.) Reversible voltage at 25°C, latm 1.229V [182]

z Electrons per mole of Hy 2 [182]

F Faraday constant 96 485 C/mol [182]

AH° Standard-state enthalpy change 285.84kJ /mol [182]

AG® Standard-state Gibbs free energy — 237.21kJ/mol [182]

AS° Standard-state entropy change 0.1631kJ/(mol K) [182]
Commercial SEC range Typical SECE" for devices 50kW h/kg to 83kW h/kg [185]

Applied cell voltage Typical operating voltage window 1.8V to 2.6V [186]

PEM electrolyser model

Proton—exchange-membrane (PEM) electrolysers are favoured here for fast dynamics, high
current density, compact BOP, and product purity [184, 186]. The stack is characterised by a
polarisation curve V(i) assembled from physically grounded loss terms and parameterised
by operating temperature and pressures [187, 188]. A temperature- and pressure-corrected
Nernst expression is adopted, as shown in Eq. 3.13:

ASO Ruan PHQ 7)(1)/22
VT, P) = 1.220 — T2 (T = 208.15) + —2 ln( ot ] 3.13
where Viey (T, P) is the reversible (Nernst) cell voltage [V]; T is absolute temperature [K];
Runiv is the universal gas constant [J/(mol K)|; F' is the Faraday constant [C/mol]; AS® is
the standard-state entropy change per mole of Hy [J/(mol K)|; and Py,, Po,, Pu,o are partial
pressures |bar| (so the logarithm is dimensionless). The water-vapour term is computed with
an Antoine-type relation (in bar), as represented in Eq. 3.14:

3816.44

and electrode partial pressures follow Py, = Pea — Pu,0 and Po, = Pan — Pu,o [186].
Activation overpotential. A Butler—Volmer/Tafel form merges the two electrodes into an
effective pair (o, 9), as shown in Eq. 3.15:

RunivT .
Vaet (1, T) = m In (%) , 3.15
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where V,.(i,T) is the activation overpotential [V]; ¢ the current density [A/m?|; a. the
effective charge-transfer coefficient |-|; and 7, the exchange current density [A/m?|. Calibration
follows [187] (representative values in Table 3.2).

Ohmic overpotential. The membrane area-specific resistance ASR yields the ohmic loss,
as shown in Eq. 3.16:

V;)hm(ia T) = ASRZ7

¢
ASR = Zemt
kN, T) 3.16
Ko (A, T) = 100 (0.005139 A — 0.00326) exp[1268 (ﬁ - ,_lp)]

where Vo (7, T') is the ohmic overpotential [V]; ASR the membrane area-specific resistance
[2m?[; £ipem the membrane thickness [m]; and k,,(), T) the membrane conductivity [S/m]
as a function of temperature T' [K] and membrane hydration number A [-|. The empirical
correlation and typical #y,em, A ranges follow [189].

Concentration overpotential. At high ¢, a mass-transport term avoids exceeding a limiting
current, as shown in Eq. 3.17:

Rum’vT )
Veonc (i, T) =~ 1n<1— ! ) 3.17

Zmax

where Vionc (i, T) is the concentration overpotential [V] and iy« is the limiting current density
[A/m?]. The expression is evaluated only for 0 < i < ip.y.

Geometry. When detailed geometry is unknown, the single-cell active area can be inferred
from nameplate data, as shown in Eq. 3.18:

PEL
Acell = L.m’ Icell = 7;/élcelh ‘/stack(i) = Ncell [‘/rev + Vact + V;)hm + ‘/Conc]a 3.18

vmax Zmax

where A is the single-cell active area [m?]; PEL the nominal electrical power [W]; Viax the
rated cell voltage at imayx [V]; Leen the cell current [A]; and Vi (7) the stack voltage [V]. The
operating point 4; is obtained by solving pF* = 1073 Vypaa (i4) Teens With Teens = iz Acen, where
pPl is the instantaneous electrical input power [kW]. For robustness in the rule-based loop,
Vitack(1) is tabulated (i-V spline) and inverted once per configuration; at runtime a bounded
1-D search on i ensures feasibility and guards against clipping [183].

Hydrogen production. Faraday’s law gives the molar and mass production rates, as shown

in Eq. 3.19:

Nce ar " T I . .

hi{g,EL _ 1 7F. (Z ) cell,t 3600, mi{g,EL _ ni{g,EL MHQ, 3.19
2F

where 72; ™" is the molar hydrogen production rate [mol/h]; g (i, T) the Faradaic efficiency

[-]; ;™" the mass production rate [kg/h|; My, the molar mass of hydrogen [kg/moll; and

F the Faraday constant [C/mol|, with the factor 3600 converting from s to h. The correlation
in [192] is adopted for nga, (i, T).

A constant specific water-use parameter is adopted, scg,0 = 0.015 m3/kg (i.e., 15 L/kg)
[191]. The corresponding volumetric and mass flows to the PEM electrolyser are given, as
shown in Eq. 3.20:

VHSOBL _ g0 mfeEl ], OB = o VHORL g/l 320

“HpO,EL . : . H,0,EL
where V, 27" is the process-water volumetric flow [m3/h], ri; >

and pp,0 ~ 1000 kg/m3.

its mass equivalent [kg/h],
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Table 3.2: PEM electrolyser: numerical values.

Quantity Description Value / Source

Viev Reversible voltage at 25°C, 1 atm 1.229V [182]

AS° Standard-state entropy change per mol Hy 0.1631kJ/(mol K) [182]

T Nominal operating temperature 70°C [186]

P Typical operating pressure 30 bar [190]

Applied V,op Typical operating window 1.8V to 2.6V [186]

Ot Charge-transfer coefficient 0.45 [187]

io (eff.) Exchange current density 1073 A /em? [187]

lrom Membrane thickness 150 pm [189]

A Membrane hydration number 20 189

i min Minimum current-density guard 2 0.05A/cm? [190]

imax Limiting / rated current density 2.5A/cm? (sizing) [183, 186]
Neenl Cells per stack 30 (user-defined)

SCH,0 Process water per Hy mass 0.015m?/kg (15L/kg) [191]

Instantaneous electrical efficiency and specific electric consumption (SEC) derive from
Eq. 3.12, with p™ = Viaa(i¢) Leens. The stack thermal power (heat release) for thermal
integration follows the LHV convention, as shown in Eq. 3.21:

plltEL,th = pBL _ thz,EL LHVy, [kW], 3.21

where LHVy, is in [kW h/kg] and 7y >™ in [kg/h], so that Eq. 3.21 is in [kW]. Site-level
use of this low-grade heat can improve overall performance [184].

Operational guards and multi-module logic. Rule-based guards enforce a minimum
current density and flow bounds (Table 3.2).

Capacity scaling uses identical modules, sequentially committed as pFt grows; at each
step, the dispatcher activates modules respecting activation thresholds and shares load
to avoid inefficient regions. When a hydrogen demand-following mode is selected by T,
the same mapping is solved for I subject to the instantaneous admissible power bound
PEL “and available PV/WT or grid import. Figure 3.2 illustrates the resulting PEM stack
characteristics, namely the cell polarisation curve and the implied efficiency and hydrogen
production versus power, together with the minimum-load guards used in the rule-based

dispatcher.

Alkaline water electrolyser (AEL)

Alkaline water electrolysis (AEL) is represented as a mode-aware conversion block, anal-
ogous to the PEMEL case. The steady operating point solves ptEL = 1073 Vitack (7¢) Leents
subject to technology-specific guards (e.g., minimum load) to limit gas crossover and ensure
safe operation. Here, pP'" is the plant electrical input power [kW], Vi.a the stack voltage
[V], and I.en, the cell current [A], so the factor 1073 converts W to kW.

Unless otherwise noted, all equations in this subsection refer to a single AEL module
(Primod = 900kW). Let Npoqs be the number of identical modules operating at time ¢
(integer), with homogeneous dispatch across active modules. Plant-level quantities aggregate
as shown in Eq. 3.22:

EL EL,mod - Ho,EL
pt — mod,t pt ) mt
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Figure 3.2: PEM electrolyser characteristics used in the rule-based model: (a) cell polarisation
curve (cell voltage versus current density) with the minimum current-density guard indicated; (b)
stack electrical efficiency and hydrogen production rate versus input electrical power, with the
corresponding minimum-load guard.

The stack voltage follows the standard decomposition, as shown in Eq. 3.23:
‘/stack(iu T) - cell[ ‘/rev(Ta 7)) + Vact (7'7 T) + %hm(@ T) ] 9 3.23

where Viiae (i, T) is the stack voltage [V], Neen the number of series cells ||, Viey (T, P) the
Nernst (reversible) cell voltage [V], Ve (i, T') the activation overpotential [V], and Vo (i, T)
the ohmic overpotential [V].

A Nernst term that accounts for water—electrolyte interactions is adopted, as shown in
Eq. 3.24:

Viee = 1.23 — , z=2, 3.24

3
ASO Ruan 7DtOt - PHQO 2 PﬁQO
o (T Te) + == In <

Pu,o Pu,o
where T' is the absolute temperature [K]|, Tit a reference temperature [K], Py the total
pressure [bar|, Pu,o the water vapour partial pressure over the electrolyte [bar|, and Py,
the vapour pressure of pure water at the same temperature |bar|. All pressures in Eq. 3.24
are in bar so that the logarithm is dimensionless [193, 194].

The vapour pressures are obtained from empirical relations, as shown in Eqs. 3.25-3.26:

InPy,0 = 0.016214 — 0.13802 B + 0.19330VB + 1.0239 InPf o, 3.25
6275.7

InPp,o = 37.043 — — 3.4159 InT, 3.26

where B is the electrolyte molality [mol/kg|, itself a function of the KOH mass fraction [193].
Activation and ohmic contributions are represented with compact empirical forms, as

shown in Eqs. 3.27-3.28 [193]:
Vieoi, T) = k 1n((t1 bty)T + 13T i + 1), 3.27
‘/ohm(ia T) = (Tl + TQT) Z.a 3.28

where i is the current density [A/m?|, and k,t1,ty,13,71,79 are stack-specific empirical
coefficients. Coefficient ranges and calibration guidance are given in [193, 194].
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Faradaic efficiency for AEL decreases at low current density and improves with temperature;
a convenient correlation is used, as shown in Eq. 3.29:

2'2
NMpar (1, T) = ———— 3.29

fi+ foi?’

with f1, fo temperature-dependent empirical coefficients [-]. Hydrogen production, oxygen
co-production, water consumption, and instantaneous SECF" follow the same balances as
in Section 3.1.1, with ng, (4, T') from Eq. 3.29. Guards enforce a minimum load and respect
P /T bounds to limit impurity risk [195].

The specific water-use parameter is taken as scy,o = 0.015m?*kg [191], yielding the
volumetric and mass flow relations, as shown in Eq. 3.30:

7 H,0, . Hs, o, 7 H,0,
VIO — ey, 0 iy @Y [m/h, O = o VIPOEY kg /b, 3.30
where V;29FL is the process-water volumetric flow [m?3/h], rf2%F" its mass equivalent [kg/h],

and pp,o the water density [kg/m?]. Instantaneous electrlcal efficiency and specific electric
consumption follow from the stack polarisation and hydrogen-production balances shown in
the following block which considers even ageing. Figure 3.3 illustrates the resulting alkaline
stack characteristics at the beginning of life.
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Figure 3.3: Stack electrical efficiency and hydrogen production rate versus input electrical power
for the alkaline water electrolyser.

Rule-based multi-module logic. Identical modules are committed sequentially; per-
module power obeys the guard

EL,mod
Dy € {O} U |: 1’1’111’1 mod Pnom mod’ Pnom mod}
where p;"™°? is the per-module electrical input kW], P nom.mod the module nameplate power
kW], and uL . the mlmmum input-power fraction [ ] Let Nmoa,: be the active module

count; then PEL = N qPEL om.mod and plant flows aggregate via Eq. 3.22. In Hj-demand
followmg, the controller first adjusts Npeq: to satisfy the minimum-load guard and then

inverts for I..u, on each active module under stack limits, mapping to mH2’EL mod yig SEC,]SSL
from Eq. 3.36.
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Electrolyser ageing and integration in the rule-based loop (AEL). Ageing is
represented as slow internal states in z; and updated by f,,(-) on a coarser grid. Two additive
mechanisms act on the AEL cell voltage: (i) time-induced drift and (ii) thermal deviation
from design [193, 196]. The operating-voltage relation is used, as shown in Eq. 3.31 [196]:

‘/Opﬂf = ‘/;d + A‘/ng,tt + A‘/degT (ﬂd _T0p7t)- 3.31

Here, V,,; is the degraded operating cell voltage [V]; Viq is the ideal (fresh) operating voltage
at design conditions [V]; AVge: is the voltage drift rate due to time-induced degradation
[V/L]; ¢ is time along the ageing clock [h]; AVge 1 is the thermal-sensitivity coefficient [V /K];
Tiq is the design temperature [K|; and T, is the instantaneous operating temperature
|K]. A module is replaced when the degraded operating voltage reaches Vo, > Voo moL;
upon replacement, ageing states are reset and V,, returns to the fresh value Vig. In this
work V,,+ denotes the single-cell voltage (so that the stack voltage is Viack = Neen Vop.t)-
The adopted drift rate AVge,, = 311V /h is applied at cell level, which corresponds to an
increase of about 0.24 V over 80000 h (i.e., roughly 10-15% of a typical 2 V operating voltage).
This magnitude is consistent with literature-reported alkaline voltage-rise trends used in
techno—economic lifetime models [196]. Accordingly, the replacement threshold Vo, goL is
defined as a cell-voltage limit.
Stack temperature advances via a lumped balance, as shown in Eq. 3.32:

EL,th,gen EL,th,loss
(pt — Pt ) At

AT = , 3.32

mes Cpes
where AT is the discrete temperature change over the ageing step [K]; szL’th’gen is the internal
heat-generation rate [kW]; p;™'°* is the heat loss to ambient [kW]; At is the ageing-step

duration [h|; mes is the equivalent thermal mass [kg|; and cpes is its specific heat capacity,
expressed consistently with the power and time units (e.g., converted from kJ/(kg K) to
kW h/(kg K) inside the implementation).

The internally generated heat is modelled as shown in Eq. 3.33:

EL,th,gen Ncell(‘/op,t - VLHV) ]cell,op,t 3.33
! B 103 ’ ‘
where Neoy is the number of series cells [-], Icenopt is the operating cell current [A], and

Vinv = LHVy, /(2 F) is the LHV-equivalent voltage [V]. Division by 10? expresses power in
kW for consistency with pg').
Thermal losses through the cylindrical vessel (internal convection, steel and insulation

conduction, external convection) are computed via the total series thermal resistance, as
shown in Eqs. 3.34-3.35 [196]:

1 n(e) () 1
R _ mn ms,1 , 3‘34
o hin 271-TinLves * 27T-ks‘ches * 27T-kinvaes * hout 27T'rins,oLves
Tines — T 1
EL,th,loss int,t ext,t
thloss _ —Tb?__ —odd _—_ 3.35
pt Rth 103 9

where Ry, is the total thermal resistance [K/W/; hiy, hous are the inner/outer convective
heat-transfer coefficients [W/(m? K)|; 7y, is the inner radius [m]; 7., is the outer radius of
the steel wall [m|; rins; and rins, are the inner/outer radii of the insulation layer |m|; kg, Kins
are thermal conductivities [W/(m K)|; Lyes is the vessel length [m|; and Tl and Tey s are
internal and ambient temperatures [K|. The factor 1/10% converts W to kW.
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Figure 3.4: Example of alkaline electrolyser module efficiency as a function of current density for
different ageing times showing the progressive downward shift in efficiency over the stack lifetime.

An instantaneous specific electric consumption for AEL, consistent with Faraday’s law at
the current degraded point, is written as shown in Eq. 3.36:

2F Vypy 1

3.36
]\4-H2 7/]Far<2't, TOp,t) 3.6 x 106’

SECH: =

where SEC}™" is the instantaneous specific electric consumption of the electrolyser [kW h/kg];
F is the Faraday constant [C/mol|; V;;, is the degraded operating cell voltage [V]; My, is the
molar mass of hydrogen |kg/mol|; and g, (it, Top+) is the Faradaic efficiency |-|. The factor
1/(3.6 x 10°) converts from J/kg to kW h/kg. Figure 3.4 illustrates the resulting degradation
of module efficiency as a function of current density for different ageing times, according to
Egs. 3.31 and 3.36 under nominal operating conditions.

In the loop, hydrogen production follows

EL
.HyEL Dy
my - EL’
SEC!

with pF* in [kW] and ri2;>"" in [kg/h]. Rule-based guards prevent operation below a
configured minimum load and apply temporary derating whenever 7, ; departs from Tiq.
The policy p,,(+) reads the ageing states to adjust future dispatch.

Hydrogen compression

The compressor is modelled as a conversion/conditioning block that raises the hydrogen
pressure from an inlet value P;, to a target outlet value P, across a fixed absolute pres-
sure span. The selector I'(-) enables compression when storage constraints warrant it (e.g.
when upstream hydrogen mass flow 7i;2 is available and the target storage level is not yet
reached). For an ideal gas, the shaft work of a single-stage compressor can be related to the
thermodynamic pressure ratio
7Dout

PR = out
Pin
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Table 3.3: AEL subsection: numerical values and typical ranges.

Quantity Description Value / Range / Source
P mod AEL module nominal power 500 kW

UL mod Per-module min. input power fraction 10%

Vop nom Nominal operating cell voltage (fresh) 1.95V

Vop,EOL EoL cell voltage threshold (replacement) 2.20V

T Nominal operating temperature 70°C [194]

P Typical operating pressure 30 bar [194]

KOH mass fraction For computing B in 3.25 30% [193]

Ageing: AVjeg Voltage rise per hour of operation 31V/h [196]
Ageing: AVgeg 1 Voltage rise per K below design 5mV /K [196]
Overpotential coeff. £ In 3.27 0.185V [193]

SCH,0 Specific water use 0.015 m3/kg [191]
hin Internal convection (electrolyte side) 100 W/(m? K) [196]
Pout External convection (ambient air) 20W/(m? K) [196]
ks Steel thermal conductivity 52W/(mK) [196]
Kins Insulation thermal conductivity 0.05 W/(mK) [196]
Tin (example) Vessel inner radius 0.30m [196]

Wall thickness Steel wall (rg.o—7in) 5mm [196]
Insulation thickness (Tins,o—Tins,i) 5mm [196]

and to the inlet temperature T},. Assuming polytropic compression with effective heat-capacity
ratio v = ¢,/c,, the isentropic outlet temperature is

Tis

out

= T, PROD/, 3.37

and the corresponding specific isentropic work sws [J/kg]| is

swia(To, PR) = (T — T) = ¢,Thn [PRW—”M 1], 3.38
where ¢, is the specific heat at constant pressure |J/(kg K)| and + is the ratio of heat capacities
¢p/cy |-]- The actual specific shaft work is larger than sw;s and can be written as

SWig

SWehaft = , 3.39
is

where 7);5 is the isentropic efficiency of the compressor stage [-]. After accounting for mechanical
and motor/drive efficiencies, lumped into 7, the specific electrical work swe [J/kg] becomes

is ﬂnv R
swel(Tin, PR) = % 3.40

In principle, Eqs. 3.37-3.40 could be evaluated explicitly for each timestep and each compres-
sion stage, keeping track of temperature rise and intercooling.

For the present rule-based plant model, a simpler but thermodynamically consistent
representation is adopted. The electrical demand of the compressor is expressed via a
pressure-span—dependent specific electricity consumption SECYOMF | as shown in Eq. 3.41:

COMP — SECCOMP m?2’COMP

2 3.41

Y
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where pPOMP is the compressor electrical power demand [kW], me’COMP is the hydrogen

mass flow through the compressor [kg/h|, and SECYOMP ig the specific electric consumption
[kW h/kg] on an electrical basis (including motor and auxiliaries). The quantity SEC“OMY is
conceptually related to swe via

Swel(ﬂna PR)

SECCOMP —
3.6 x 106 7

but in practice is taken from the engineering dataset of Tractebel (ENGIE) and Hinicio [197],
which reports typical specific electricity consumptions for hydrogen compression between
relevant pressure levels (e.g. production, storage and dispensing), accounting for realistic
multi-stage designs, intercooling and auxiliary loads. For each simulated scenario, SECYOMF
is thus treated as a parameter that depends on the chosen inlet and outlet pressures, while
the detailed thermodynamic temperature evolution inside the compressor is not explicitly
tracked.

The compressor nameplate power PCOMP [kW] is sized against the expected peak hydrogen
mass flow ;% with a design margin, ensuring that

. Ha,COMP
PIS)%MP > max (SECCOMP my > ),
t

and rule-based guards in the plant controller prevent operation beyond this limit.

Hydrogen storage

Each storage technology is a bounded inventory block. The selector I'(-) and policy
o (+) read the instantaneous hydrogen surplus/deficit and dispatch a technology-specific
charge/discharge command u!'® together with a setpoint (mass flow or power). The device
map f,(-) advances the storage state LOH; (level of hydrogen), while the output map y,(-)
reports delivered /absorbed hydrogen and footprint for KPI accounting. The exogenous
inputs & may include ambient conditions and time-varying availability of waste heat for
metal-hydride systems.

Common inventory logic. The storage state is the level of hydrogen LOH, € [0, 1]
(dimensionless). Charging and discharging mass flows are rinf ™ and 7 [kg/h|, and At
is the simulation time step [h|. The LOH update follows Eq. 3.42:

. HS,dis
m K
LOH,;1 = LOH,; + — (an’Ch gy ot — L > , 3.42
nom T’ s
where m!!® is the nominal hydrogen mass capacity of the storage |kg|, and !5 p,HSdis ¢

(0,1] are charge/discharge efficiencies (default n15h=pHSdis—=1),

In practice, operation is further restricted to a technology-specific window as shown in
Eq. 3.43:
LOHm < LOH; < LOHpax, 0 < LOHpim < LOHpx < 1, 3.43

for example to keep a minimum buffer for security of supply or to avoid very high or very
low pressure in physical vessels.
Compressed-gas hydrogen (CGH,) vessels: Type I-1V

Compressed-gas hydrogen (CGH,) tanks are pressure-constrained inventories. I'(-) and
pio () enforce interface-pressure compatibility (post-compressor discharge); f,(-) updates the
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level LOH,; v, (-) reports payload, power and site footprint. Vessels follow the standard
taxonomy: Type I (all-metal), Type II (hoop-wrapped metal), Type III (full composite,
metal liner), and Type IV (full composite, polymer liner) [198]. Operating bands are selected
according to code and design practice; higher pressure improves volumetric density but
increases composite content and applicable siting distances per National Fire Protection
Association (NFPA) [199]. Note: NFPA 2 is a U.S. code; it is used here only as a transparent
proxy for stand-off distances when estimating land footprint. Actual designs must comply
with the country-specific fire-safety authority and applicable local regulations.

Geometry, payload, footprint. A practical envelope uses external diameter Dy
and cylindrical length Ly, compatible with stacking in an International Organization
for Standardization (ISO) container [200]. With wall thickness dyay from type/pressure
specifications [201-203], the internal diameter and volume are obtained as shown in Eq. 3.44:

Diﬂt - Dext - 26wall, VOlint = E D2

1 Dint Liank, 3.44

where Dy, is the internal diameter [m|; Doy the external diameter [m|; dyan the wall thickness
[m]; Voly, the internal volume [m3]; and L.y the cylindrical length [m].
The per-vessel payload is represented in Eq. 3.45:

m\I;ICQS = PH, (PHS7THS) VOlint7 3.45
where m!2 is the hydrogen mass per vessel [kg| and py, (P, TH9) is the real-gas density
of hydrogen at storage conditions [kg/m?| (from CoolProp [204]). The array footprint is
calculated as in Eq. 3.46 and shown in Figure 3.5:

Asite = LsiteWsite = [Nrow Lcont_'_(Nrow_l) daisle+2 dNFPA] [Ncol Wcont+(Ncol_1) daisle+2 dNFPA] ’
3.46
where Ag,e is the site footprint area [m?|; Nyow, Neol are the numbers of containers per row
and per column [-|; dage is the service-corridor spacing between containers |m|; dygpa is
the perimeter clearance required by NFPA 2 [m] [199]; and Leons, Weont are, respectively,
container length and width [m] [200]. Each container packs N, vessels |-|; plant-level nominal
mass m!1S is the product of Ny, the number of containers and mlz.
Charging raises the electrolyser outlet to the storage pressure using the compressor block;
the tank itself is modelled as an isothermal inventory at (PHS, T HS). Discharge to end-use
may require throttling/pressure regulation; Joule-Thomson effects for hydrogen are neglected

under the considered regimes.

Underground hydrogen storage (UHS) in salt caverns

At moderate depths, operation commonly spans tens to a few hundred bar; studies and
projects report representative maximum cavern pressure PEEXS ~ 200 bar and cushion-gas
fraction of order 30 % [205, 206]. In this integration, the subsurface is abstracted as a large
inventory with negligible surface footprint. Surface balances include wellhead-compression
electric power pPOMP only, and the storage state is the level LOH; (dimensionless) updated

via Eq. 3.42 with an appropriately large m®

nom"

Metal hydride (MH) storage

MH storage is a thermally coupled inventory. T', u, verify charge/discharge feasibility
(electrolyser outlet pressure > P°@MH(T)) for absorption; external Phase Change Material
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Figure 3.5: Schematic of the CGHy container layout and site footprint used in Eq. 3.46: container
length Leont and width Wegnt, number of rows Nyow and columns N, service-aisle spacing daigle,
and perimeter clearance dyppa required by NFPA 2.

(PCM) heat availability at Tyes for desorption). f, advances the level LOH; and thermal
states (bed/PCM). y, reports hydrogen throughput and the electric-heater power pFH.
The reversible reaction is written, as shown in Eq. 3.47:

x M+ %Hg = M,H, + AH, 3.47

where x and y are the stoichiometric coefficients of the host metal M and hydrogen, respectively
[-|; M. H, is the formed hydride phase; and AH is the reaction enthalpy.
The plateau (equilibrium) pressure is set by the van’t Hoff relation, as shown in Eq. 3.48:
AH AS

In PeaME(T) = - 3.48
N P ( ) Runiv T Runiv ,

where Pe¢MH(T) is the equilibrium (plateau) pressure [bar|; Ry, is the universal gas constant
[J/(mol K)|; AS is the entropy change [J/(mol K)|; and AH is as defined above [J/mol] [207,
208].

Desorption requires thermal energy qqes [kW h/kg| denoting the total thermal energy per
kilogram of released hydrogen required to desorb at Tyes.

If a PCM buffers absorption heat, the external duty becomes, as shown in Eq. 3.49:

qdeS,PCM = (1 - nPCM) Qdes 349

where gqes poum 1S the external thermal energy per kilogram of hydrogen when PCM heat
recovery is employed [kW h/kg|, and n*“M € [0,1] is the fraction of gqes recovered by the
PCM [-] (a reasonable value according to the literature is 0.7) [209, 210].

Two representative classes under identical boundary conditions are considered: a high-
temperature light-metal hydride (e.g., MgH,) and a low-temperature intermetallic (e.g.,
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LaNis). This choice spans the main solid-state storage design space: light-metal hydrides
offer higher gravimetric capacity at the cost of higher desorption temperatures and larger
thermal duties, whereas intermetallics operate near ambient with lower ¢4 but require a
larger bed mass per unit hydrogen. To keep the model representative and traceable, the
operating/desorption temperatures used later in the case studies are set to Tyes ~ 280 °C for
MgHs and Tyes = 45°C for LaNis, consistent with typical plateau-pressure windows and with
published MH reactor integration studies {207, 208|. The bed and PCM inventories follow, as
shown in Eq. 3.50:

mMH 100 mpcm des
= Wi - = , 3.50
Mped w Mped qrcm
where mM" is the hydride-bed mass [kg]; mgjd is the stored hydrogen mass associated with

the bed [kg]; wt%H is the hydrogen weight percentage at the operating plateau [%]; mpcy is
the PCM mass |kg|; and gpom is the PCM latent heat at Tpeyn ~ Taes [kKW h/kg| (208, 211,
212).

Heat-supply pathways and mapping to electricity. Usable industrial waste-heat
rate from a sensible stream s (inlet temperature Ty ;,) is computed, as shown in Eq. 3.51:

m&t CPs [Ts,in - (Tdes + ATDP)}
3600 ’

Pl = 3.51
where pght is the recoverable sensible-heat power [kW]|; g, is the mass flow rate of stream s
|kg/hl; cps is its specific heat capacity |kJ/(kg K)|; Tsn is the stream inlet temperature [K];
Tyes is the desorption temperature |K|; and AT, is the heat-exchanger pinch temperature
difference [K] [42, 207]. In implementation, pg is clipped to zero if Ty, < Thes + ATpp.
Residual (uncovered) desorption duty is supplied by an electric resistance heater (EH)
with efficiency n*"'. This choice is made for methodological clarity and minimum complexity:
it provides a technology-agnostic and conservative mapping from thermal duty to electrical
demand (COP= 1), and it preserves linearity in the subsequent MILP formulations; alternative
heat supplies (e.g. dedicated burners or heat pumps) could be introduced if the site has a

defined thermal network, but are out of scope here. The required electric powers are, as
shown in Eq. 3.52:

. MH,des th . MH,des th
EH _ des Ty — Ps pEH,PCM Qdes,PCM M1 — Pspt
t

p - ) - s 3.52
3 nEH 77EH

where gges and gqes poum are thermal energies per unit hydrogen mass [kW h/kg| and mi\d H,des

is the hydrogen desorption mass flow [kg/h|, yielding pft! and oy HPOM 4 [kW]. In implemen-
tation, the arguments of Eq. 3.52 are clipped at zero so that the EH is idle whenever available
waste heat covers the full desorption duty. In industrial settings such as hydrogen-based Direct
Reduced Iron (DRI) and Electric Arc Furnace (EAF), realistic mass flows and temperatures
often cover only a fraction of gqes, making EH the marginal provider in many locations (as

quantified in Section 4.3).

Interface distinctions. Unlike CGHs,, both MgH, and LaNis can be charged directly at
typical electrolyser outlet pressure, avoiding a compressor on the charging path; discharge is
pressure-at-temperature limited by the van’t Hoff relation P4M%(T), so post-compression
may or may not be required depending on end-use pressure. Because MH modules operate at
low pressure, their site footprint is compact and NFPA CGH, standoffs do not apply [213,
214].
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Battery energy storage (BESS)

The BESS is a bounded electrical inventory block. The selector I'(-) and policy p,(-) read
the instantaneous electrical surplus/deficit and dispatch a mutually exclusive charge/discharge
command with power setpoints p?ESS’Ch and p? ESS.dis - The device map f,(-) advances the
internal state SOC; (State of Charge) and, if enabled, updates the State of Health (SOH,).
The output map y,(-) exposes absorbed/delivered electric energy for KPI accounting. This

follows common practice for Li-ion stationary systems [215].

Common inventory logic. Let SOC; € [0, 1] be the State of Charge at time step ¢ and
At the simulator step in hours [h]. With self-discharge rate SDR [h™!], charging/discharging
efficiencies nBESSch pBESSdis € (0 1] and effective capacity EF™® [kWh] (possibly degraded
by SOH), the raw SOC update is shown in Eq. 3.53:

BESS,ch BESS.ch BESS,dis
Dy Atn ’ o At
SOCy41 = SOC; (1 — SDRA?) + FPESS ~ PSS, BESsas 3.53

Operational bounds are expressed via minimum and maximum admissible State of Charge,
SOC i and SOC . (dimensionless):

SOChin < SOC, < SOCpax, 0 < SOChin < SOCax < 1. 3.54

Typical lithium-ion systems operate with SOC,,;, > 0 and SOC,,.« < 1 to limit degradation,
so the usable energy window is EP®55(SOC 00 — SOCmin). Eq. 3.53 thus captures first-order
inventory effects: (i) parasitic losses via the factor (1—-SDR At), where SDR is obtained from
a monthly value by conversion to the simulator time base; (ii) asymmetric charge/discharge
pathways through nBFS5<h and nBESSdis and (iii) the dependence on effective capacity EPFSS
so that any SOH fade tightens the usable window.

Let EBESS be the nameplate capacity [kWh] and SOH; € (0, 1] the State of Health; the

nom

effective capacity is given by Eq. 3.55:

EPESS = SOH, EBESS, 3.55

nom

With C-rate C [h™!], the admissible power region is shown in Eq. 3.56:
0 S p?ESS,Ch S CE?ESS, 0 S pEESS,diS S CEtBESS- 3.56

These limits reflect pack- and converter-level constraints: at any SOH, the maximum admis-
sible charge/discharge power scales with EP¥SS meaning that ageing not only reduces stored
energy but also derates peak power for a given C.

Ageing model (weekly update). Ageing is represented via SOH; and updated on a
coarser (weekly) grid by accumulating (a) cyclic damage from rain-flow cycle counting and
(b) calendar damage (SOC/temperature dependent). Cyclic damage per week is computed as
shown in Eq. 3.57:

NG
Do = =3¢ 3.57
Y LC
where N is the equivalent number of full cycles from rain-flow counting over the week and
LC = 7000 [216, 217]. Calendar damage per week is represented as shown in Eq. 3.58:

Dea = X(T,S0C) (2 — SOH) — a(T), 3.58
66



3 Methods

with the empirical polynomial given as shown in Eq. 3.59:

T —525 T —52.5\°
x(T,S0C) = 3.274x1072 4 1.555x107* —+ 6.40x107° (T)
SOC — 0.6 SOC — 0.6\ T —52.5 SOC — (
41 S . -4 (XY . 1 4
+1.416x10 5 +1.63x10 ( 05 ) +6.87x10 — .
3.59

In our studies we hold T' = 52.5°C (fixed thermal setting), yielding «(7") = 19.59 [218, 219].
Total weekly damage and SOH are represented as shown in Eq. 3.60:

Diot = Deye + Dear, SOH(weekn) = SOH(weekn—1) — Dy (1 — EOL), 3.60

and the pack is scheduled for replacement upon reaching EOL = 0.70.

Figure 3.6 illustrates a representative 25-year trajectory obtained with this ageing model,
showing the evolution of the State of Charge and the decomposition of State of Health into
calendar and cyclic components.
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Figure 3.6: Example of battery ageing over a 25-year project horizon. Top: State of Charge (SOC)
trajectory from the rule-based dispatcher. Bottom: decomposition of State of Health (SOH) into
total, calendar and cyclic contributions with the end-of-life (EOL) capacity threshold at 70%.

The end-of-life threshold SOH = 0.7 and the nominal cyclic life LC' = 7000 are aligned
with values commonly assumed for stationary Li-ion systems (EoL at 70-80% of initial capacity
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and cycle life of a few thousand up to ~10000 cycles depending on depth-of-discharge and
temperature) [216, 217|. Figure 3.6 therefore illustrates a degradation magnitude and split
(calendar vs cycling) consistent with this literature-based range.

The rain-flow step extracts half-cycles from the SOC trajectory and aggregates them
into an equivalent number of full cycles Ngi., implicitly capturing the effect of cycle depth
on wear (deeper swings contribute more to D.y.). This weekly aggregation substantially
reduces runtime while preserving ageing trends over long horizons. Calendar ageing D,
grows with higher resting SOC and temperature through x(7',SOC), whereas «(7T") provides
a diffusion-related offset calibrated at 52.5°C. The update in Eq. 3.60 modifies EPFS (and
therefore the feasible region in Eq. 3.56) directly, so dispatch decisions endogenously respond
to degradation without extra constraints. The 70% Eol capacity threshold is a conventional
criterion for stationary Li-ion systems; upon reaching it, replacement is triggered and the
SOC window and power limits revert to nameplate values for the new pack. Eqgs. 3.57-3.60
follow the approach applied in [220].

All parameters used to model the BESS are represented in Table 3.4. The defaults
(charging/discharging efficiencies of 0.95) imply a round-trip efficiency close to 90%, and the
monthly self-discharge (5 %) is translated into the hourly rate SDR so that parasitic losses
scale consistently with the chosen At via the factor (1-SDR At).

Table 3.4: BESS parameters and default values used in the rule-based simulator (Li-ion).

Symbol Name Units Value Source
nBESS«ch  Charging efficiency - 0.95 [215, 221]
nBESSdis  Discharging efficiency — 0.95 [215, 221]
SDR Self-discharge rate (hourly) h=!  0.05/(30x24) [215]
SOCpin  Minimum state of charge — 0.10 [221, 222]
SOChpax  Maximum state of charge — — 0.90 [221, 222]
C C-rate h=t 09 [222]
EOL End-of-life capacity — 0.70 [215, 222]
LC Life cycles to EoL — 7000 [217]
a(T) Diffusion-related term - 19.59 (at 52.5°C) [218]

Hydrogen conversion

Each hydrogen converter turns stored Hs into electricity and, when enabled, useful heat.
The controller enforces guards (minimum load, inventory threshold) and dispatches either
a power setpoint or a hydrogen-consumption request; the device maps return time-indexed
electric/thermal powers and hydrogen flows, and efficiencies are reported on a LHV basis.

Gas turbine (GT)

A simple-cycle gas turbine (GT) converts hydrogen to shaft power; a downstream HRSG
recovers exhaust heat for steam. The controller dispatches either an electric-power setpoint
pST or a steam-following request m ;- The output map y,(-) returns et rgy, and m}f 2GT

A commercial aero-derivative such as the Siemens SGT-100 (see Table 3.5 for numerical
figures) provides a reference geometry and baseline performance; vendor data and readiness
for hydrogen co-firing guide the design point [99]. The plant model is assembled from modular

components (compressor, combustor, turbine, HRSG) and solved simultaneously with a fully
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implicit linearised scheme as in [223]. Off-design maps parameterise performance, as shown
in Eq. 3.61:
(ntGTa pSTa mg(rim Texh,t) = (I)(loadta Tamb,t)7 3.61

where n°7 is the (turbomachinery) efficiency [—]; p&7T the electric power at generator terminals

[kWT; i, and Texn, the exhaust mass flow [kg/h] and temperature [K]; load, the fractional

load [—]; and T,p the ambient temperature [K]. Operational guards act on load range and

exhaust constraints (guardposts in Table 3.5). Hydrogen firing eliminates acid-dew concerns

and carbon species in flue gas; thus, the lower stack-temperature bound used for fossil fuels
can be relaxed, subject to plume buoyancy and local regulations [224, 225].
The hydrogen mass flow for a given electric power is shown in Eq. 3.62:

- Hp,GT __ ptG B

m = , 3.62
! 77tGT nEen LHVHz

where 75" is the generator efficiency [—]. With Hy 4+ 30, — H,O and dry air oxygen molar
fraction xo,, the required (dry) stoichiometric air flow is scaled by an excess-air ratio A, as
shown in Eq. 3.63:

0.5 My w1
m

mair,in, = Aair - s 3.63
! 1302 MH2 t
and the hot-gas mass flow is (neglecting dilution or bleed), as shown in Eq. 3.64:
mg(rit = mair,in,t + m?Z’GT~ 3.64

Eqgs. 3.63-3.64 anchor mgﬁt to fuel and air settings when the map in Eq. 3.61 is unavailable;
otherwise, the map prevails and A, is inferred.

GT-HRSG coupling. The HRSG recovers exhaust heat to generate saturated steam at
Pst- A bypass fraction b, € [0, 1] allows part of the exhaust to skip the HRSG. The minimum
feasible stack temperature consistent with a single-pressure HRSG and a pinch AT}, is shown
in Eq. 3.65:

,I'stack,min — dsat (Pst) + AT‘ppy 3.65

while the economiser outlet (feedwater to drum) is subcooled below saturation by ATy, as
shown in Eq. 3.66:

wa,in = Tsat (Pst) - AT‘sub- 3.66
The sensible-heat rate available to the HRSG is then obtained as shown in Eq. 3.67:
. GT
HRSG,th,avail Mexh ¢ CPexh [Texh,t - Tstack,min]
T = (1-0 : 3.67
b (1=b) 3600 !
where pi @ aail i the sensible-heat power available to the HRSG [KW]; ¢pexn is the effective

specific heat of the exhaust gas [kJ/(kgK)]; and Tiackmin 18 the minimum allowed stack
temperature after heat recovery, accounting for the pinch temperature difference AT, [K] (a
steam-side approach AT,,, is enforced in HRSG design).

The steam production is obtained, as shown in Eq. 3.68:

3600 pi{RSG,th,avail

[he(Pst) — he(P)] + [he(Pat) — e (Paty Trwin)] 3.68

Mgty =

where 1 is the saturated-steam mass flow [kg/h]; and he(Ps) and he(Py) are the saturated-
vapour and saturated-liquid specific enthalpies at Py [kJ/kg].
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The net CHP outputs are pi*’ and i ;. The overall CHP efficiency on an LHV basis is,
as shown in Eq. 3.69:

ptGT + (bst mst,t [hg(Pst) - hf(Pst)]
néke = 3600 3.69
CHP il ST LHVy,

where ¢y € [0,1] is the useful-steam utilisation factor [—].

Design follows ISO conditions (Plso, Tiso, RHISO); the SGT-100 baseline is matched at
the datasheet point; the resulting geometry feeds the HRSG design via AT,,, AT, and
Psi. Off-design maps are then generated over load € [30,120]% and Ty, € [—10°C,40°C],
subject to inlet turbine temperature lower than 1530 K, and queried hourly (steam-following
or power-following). Hydrogen operation is obtained by re-running the same geometry with
100% Hs fuel; Table 3.5 reports baseline and hydrogen figures aligned with [99, 223|.

Table 3.5: GT-HRSG modelling constants, guards and reference SGT-100 figures (ISO design).

Quantity Description Value / Source
PS&T SGT-100 rated shaft power 5.4 MW [99]
nGT Gross GT efficiency at ISO point 0.3 [99, 223|
mST (ISO) Exhaust mass flow (baseline NG) 21kg/s [99]
Ten (ISO)  Exhaust temperature (baseline NG) 549°C (99|
Priso ISO ambient pressure 101 325 Pa [223]
Tiso ISO ambient temperature 15°C [223]
RHiso ISO relative humidity 60 % [223]

Tomp range  Off-design ambient span in ¢ —10°C to 40°C [223]
load range  Off-design load window in ® 30-120% of rated [223]
TIT ax Guard in dispatch (map constraint) 1530 K [223|
nse" Generator efficiency 0.98 (assumed)
P Steam pressure (paper-mill use case) 20 bar [223]
ATy, HRSG pinch-point (evaporator outlet) 10K [223]
AT Economiser subcooling to drum 10K [223]

Ty ret Return condensate temperature (to pump) 30°C [223]

P ret Return condensate pressure (pump inlet) 1 bar [223]

zo, Air oxygen molar fraction 0.21 (dry air)
Auir Excess-air ratio in combustor 1.6-2.6

CPexh Exhaust ¢, (effective, hot section) 1.10kJ/ (kg K)
Tstack,min Lower stack temperature 363 K [224]

Solid-oxide fuel cell (SOFC) model

Scope note. Whereas the literature distinguishes low-temperature fuel cells (e.g., PEMFC,
PAFC) and high-temperature fuel cells (e.g., SOFC, MCFC), the detailed electrochemical
model developed in this thesis is specific to the SOFC case study. When other chapters refer
generically to an FC within MILP scheduling, the FC is represented through a technology-
agnostic (parameterised) conversion model; the economic and environmental KPI framework
is the same, but the underlying device model differs by case study.

A solid-oxide fuel cell (SOFC) stack converts the chemical energy of hydrogen and
oxygen into electricity and high-grade heat through ionic conduction of O?~ across a ceramic
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electrolyte. Typical materials include a nickel /yttria-stabilised zirconia (Ni/YSZ) anode, a
YSZ electrolyte, and a lanthanum strontium manganite-based cathode. Owing to electrolyte
conductivity and cathode kinetics, operation at high temperature is standard (see Table 3.6),
enabling internal reforming and direct sensible heating of reactants in the channels [226|. The
selector I'(+) enables the converter when hydrogen inventory and plant conditions warrant it;
the policy u,(+) dispatches either an electric-power setpoint pf® or a hydrogen-consumption
request 1} HQ’FC, enforcing minimum load. The output map y,(-) exposes net electric power
pFC [kW], hydrogen consumption 7> [kg/h], thermal output pf <™ [kW], and efficiencies.

Unless otherwise noted, all equations in this subsection refer to a single SOFC module
(Pli)%’mod = 100kW stack). Let Nyoa+ be the number of identical modules operating at time ¢

(integer), and assume homogeneous dispatch so each active module follows the same setpoint.
Then plant-level quantities are obtained by aggregation as shown in Eq. 3.70:

FC N FC,mod - Hp, FC . Hg,FC,mod FC,th,net __ FC,th,net,mod
Dy mod,t Pt ) my mod,t 1T ) Y2 = IVmod,t Pt )

3.70
and similarly for all other per-module mass/energy flows entering the HRSG.
As for all fuel cell types, the stack voltage is written as shown in Eq. 3.71:

Vitack = Neell (‘/rev — Vet — Vohm — ‘/conc)v 3.71

where Vo is the stack voltage [V], Neoy the number of series cells [—], Vi, the reversible
voltage [V], Ve the activation overpotential [V], Vonm the ohmic overpotential [V], and Veope
the concentration overpotential [V]. At SOFC temperatures we set V.t = 0 (absorbed in ig c,
and ASR calibration for 7" > 800°C) [226].

The reversible voltage follows the Nernst relation, as shown in Eq. 3.72:

Vieo(T,P) = VOT) — RZ’;’?T 1n< PHQC; /2>, 3.72
7>H2 7)02

where VO(T) is the standard reversible potential [V] and Py,, Po,, Pu,0 are partial pressures
[bar| so the logarithm is dimensionless. For air, set Po, = £0,Pea; on the anode, compute
Pu, and Py,o from inlet composition.

Ohmic losses use an area-specific resistance (ASR), as shown in Eq. 3.73:

Colec
Vorm = iASR,  ASR = —°¢ b (T) =

(T’ 3.73

Kion ( Ea,ion >
e S S —
T P Ruan ’

where ASR is the area-specific resistance [Q2m?], fge. is the electrolyte thickness [m], and
Km(T) is the ionic conductivity [S/m]| with prefactor K., [K/(€2m)] and activation energy
Eajon [J/mol].

Concentration losses reflect diffusion-limited transport in porous electrodes. Neglecting
anode-side concentration overpotential and using a cathode-side diffusion expression, we
obtain Eq. 3.74:

RunivT )
Viene = In ! , 3.74
4F Qet . gca l Ruan
L,ca| TO; — . o
> AF P, szf0§7N2
where o is the (cathode) charge-transfer coefficient [—|; ipca = @0.ca(7) is the cathode
exchange current density [A/m?]; zo, is the oxygen molar fraction in air [—]; f, is the
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cathode thickness [m]; P, is the cathode-side total pressure [bar]; and Dif f§! v, is the
effective oxygen diffusivity in the cathode gas mixture [m?/s|. The temperature law for the
exchange current is shown in Eq. 3.75:

. . bac Ea ca 1 1

Z0,(:&(7_‘) = 10,ca,ref €XP (m |:7}ef - T:|) s 3.75
and the limiting current (domain guard) is shown in Eq. 3.76:

: AF 20, Pea Dif &) x, .

Uim = (o RoT ; 0 <t < ilim 3.76

When the active area is unknown, a practical sizing relation consistent with electrolysis is
adopted, as shown in Eq. 3.77:

pre 11000
Acell = ’ ; 3.77

‘/cell,min Ncell Z-max

where A is the single-cell active area [m?]; PnFo(fn,mOd is the module nameplate electrical
power [KW]; Vel min is the minimum admissible cell voltage at imax [V]; Neen is the number
of series cells [—]; and iyax is the maximum operating current density used for sizing [A/m?].

Hydrogen consumption follows Faraday’s law (reported in kg/h), as shown in Eq. 3.78:
Ice Nce
ripfiz FCmod % M, % 3600, 3.78

where I = @ Acen 18 the cell current [A]; My, is the molar mass of hydrogen [kg/mol|; and F
is the Faraday constant [C/mol]. The corresponding molar oxygen flow is shown in Eq. 3.79:

[ce NCS
o, = % X 3600 [mol/h]. 3.79

An air feed with excess ratio A is then given by Eq. 3.80:
mair,in,t = A % Mair; 3.80
ZEO2

where M,;, is the average molar mass of air [kg/mol|. Faradaic outlet flows for the mass
balance are represented in Eqgs. 3.81 and 3.82:

. Icell Ncell . Icell Ncell
00w = <G X 3600, 0 cons = < X 3600, 3.81
mHgO,out - 7LLHQO,out MHQO) mair,out,t - mair,in,t - hOg,cons MOga 3.82

where My,o and Mo, are the molar masses of water and oxygen [kg/mol|, respectively.
The recoverable thermal power on an LHV basis is shown in Eq. 3.83:

I
FC,th,mod cell
,th, — Neen Viry — Vitack ), 3.83
Dby 1000 ( 11 VLAV t k)
where Vigy = LHVy, /(2F) is the LHV-equivalent voltage [V]. The net high-grade heat for
cogeneration subtracts reactant preheating (mass flows in kg/h, ¢p in kJ/(kgK)), as shown
in Eq. 3.84:

FC,th,net,mod FC,th,mod_ mair,in,t CDair (Tair,out - Tair,in) _m?%FC’mOd CPH2 (THg,out - THg,in)

P = X Py 3600 3600 )
3.84
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where npx is the heat-recovery efficiency [—|; cpar and cpp, are the specific heats of air
and hydrogen [kJ/(kg K)]; and Thir outs Tair.ins THs 0uts TH,,im are inlet/outlet temperatures [K].
Unless otherwise stated, we take Tyir out = THy0out = Lop and Tyirin = TH, in = 298.15 K.

Instantaneous electrical and cogeneration efficiencies on an LHV basis are, respectively,
as shown in Eq. 3.85:

FC FC FC,th
elFC _ Py tot,FC Py + NHX Py 385

2 *CLHVY, " 2O LHVY,

n

Figure 3.7 illustrates the resulting single-module performance, showing the dependence of
global efficiency and hydrogen consumption on current density according to Eqs. 3.71-3.85
under nominal operating conditions from Table 3.6.
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Figure 3.7: Resulting performance of a single SOFC module under nominal conditions:
module-level (stack-based) global (electrical 4 thermal) efficiency (left axis) and hydrogen
consumption (right axis) as functions of current density. Thermal integration is accounted for
through heat recovery (npx) and explicit subtraction of reactant pre-heating duties (Eq. 3.84).

Modelling boundary (BoP and thermal integration). The curve in Figure 3.7 is reported at the
module boundary, i.e., it reflects the electrochemical conversion and the recoverable thermal
power as modelled by Eqs. 3.71-3.84. Balance-of-plant electrical auxiliaries (e.g., air handling,
pumps, power electronics) are not modelled as separate power sinks in this thesis; hence,
system-level net electrical efficiency would be slightly lower, with the deviation typically
becoming more relevant at low-load operation. Thermal integration effects are explicitly
represented by (i) a heat-recovery factor nyx and (ii) subtraction of reactant pre-heating duties
to the operating temperature (Eq. 3.84), and by the subsequent SOFC-HRSG sensible-heat
coupling and pinch constraints (Section ?? and equations below).

SOFC-HRSG coupling. The SOFC exhaust consists of two streams per module that
mix before the HRSG: the cathode gas (mostly N, essentially dry) and the anode exhaust
(mostly HyO). Let micaoutt and mian outs be their mass flows [kg/h], with temperatures T¢, out
and Ton out [K] (typically Teaout = Tanout = Top). The mixture entering the HRSG is shown
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in Eq. 3.86:
. FC . . h o mca,out,t h(Tca,outa YCa) + man,out,t h(Tan,ou‘m Yan)
mexh,t - mca,out,t + man,out,ta mix,t — - FC )
mexh,t

3.86
where h(-) is the specific enthalpy [kJ/kg| and yca, yan are gas mass (or molar) fractions. The
inlet gas temperature 7oy ins to the HRSG follows from Ay, via the effective heat capacity

CPexh (Ymix7 T)
The same stack-floor relation as the GT section is used here, as shown in Eq. 3.87:

Tstack,min - Tsat(Pst) + ATpp? 3.87

and, as for the GT case, the economiser subcooling is set as shown in Eq. 3.88:

T'fw,in = Tsat(Pst) - AT’sub' 3.88

The sensible-heat rate available to the HRSG is then shown in Eq. 3.89:

. FC
avai Mexh ¢ CPex Tex Jin,t Ts ack,min
pi‘IRSG,th, 1 _ (1 o bt) h,t h( h,in,t tack ) ’ 3.89
3600
where pp 5%l iy the sensible-heat power available to the HRSG [kKW]; ¢pey is evaluated

on the exhaust mixture at an appropriate mean temperature [kJ/(kg K)]; and b; is the exhaust
bypass fraction [—].

The saturated-steam generation rate at Py is then, as in the GT case, represented in
Eq. 3.90:

HRSG,th il
. 3600 i ,th,avai
Mgt ¢

7 TP P + [ P) — aPa T Y

where 7 ¢ is the saturated-steam mass flow [kg/h|; and hg(Ps;) and he(Py) are the saturated-
vapour and saturated-liquid specific enthalpies at Py [kJ/kg].

3.1.2 Key performance indicators (KPIs)

This section introduces the time index, the simulator channels exposed by the output
map ¥y = Yo, (74, ug, &) in Eq. 3.1, the price signals carried by &, and the annual aggregators
used later to build economic metrics.

Time index and annual partition. Timesteps are ¢t = 1,..., Ny with constant step At [h].
The horizon spans N calendar years. For each year y € {1,..., N}, let 7, C {1,...,Nr} be
the set of timesteps that fall in year y.

Simulator channels used for KPIs (outputs of y,, ). The following powers and mass/volumetric
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Table 3.6: SOFC stack parameters and HRSG constants used in Section 3.1.1.

Quantity  Description Value

P oa  Module nominal power 100 kW

Top Nominal SOFC operating temperature 800°C

Vo Open-circuit potential at SOFC conditions 1.16V

TO, Oxygen molar fraction in air 0.21

Pea Cathode total pressure 1.013 bar

PH, in Anode inlet Hy pressure 1.16 bar

Qe Charge-transfer coefficient (cathode) 0.5

lea, Cathode thickness (in Vopnc) 0.8 mm

Dif f& , Effective O, diffusivity (cathode gas) 0.2 cm?¥/s

10 ca,ref Cathode exchange current density at Tye¢ 0.2A/cm?
Eoca Cathode activation energy (for ig ) 160 kJ /mol
Dact Activation coefficient 10

Tret Reference temperature for ig c, 750°C

ljec Electrolyte thickness 0.03 mm

Kion Prefactor in k,(T) 9000 K/(2m)
E, jon Ionic-conduction activation energy 100 kJ /mol

A Air excess ratio (cathode path) 1.2

Trmax Max. operating current density (sizing) 1.25 A /cm?
Veell, min Design cell voltage at 7yax 0.633V

Acell Single-cell active area (per module) 0.1292 m?
Neen Cells per stack 97

CPair Specific heat of air 1.04kJ/(kg K)
CpH, Specific heat of hydrogen 14.3kJ/ (kg K)
Pt HRSG steam pressure 20 bar

ATy, HRSG pinch-point (evaporator outlet) 10K

AT Economiser subcooling to drum 75K
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flows are computed by closing the site balances at each step:

PP kW] grid-import active power;

ptgrid,eXp (kW] grid-export active power;

pEL (kW] electrolyser electrical demand (sum of active modules);
pSOMP (kW] compressor electrical demand;

ptEH (kW] electric-heater demand for MH desorption (if employed);

¢ pST kW] et electrical production (by technology);

;2 [kg/h] net hydrogen production rate at the facility boundary;

mfs’f“h [kg/h]  hydrogen charge flow at storage interfaces;

m?s’dis [kg/h]  hydrogen discharge flow at storage interfaces;

mO?P [kg/h]  oxygen co-product rate (from electrolysis);

Pt (kW] net useful heat;

e [kg/h] steam mass flow (at the specified steam pressure Py;) from HRSG/CHP;

VIOEL 1n3/m] process-water volumetric flow to electrolysers.

Price signals (components of & ). Unit prices used to value the corresponding simulator
channels are represented below:

VP 1€ /kWh| price for imported electricity at time ¢;

cfl’e"p [€/kWh] remuneration for exported electricity at time ¢;

0520 [€/m?] unit cost of process water including treatment (year-indexed);
CI;IG [€/kWh]|  reference price of natural-gas energy (LHV basis);

28y [€/kg]  reference cost of grey hydrogen;

¢, [€/kg] unit premium per certified kilogram of Hy under RED III.

Import /export electricity prices are time-varying to capture hourly /tariff structures, while the
others are constant throughout the year. The natural-gas price is expressed on an LHV basis

to align with CHP references. The certification premium czert is a year-indexed exogenous

incentive per certified kilogram, consistent with the provenance ledger described later in
Section 3.1.2 [10].
Annual aggregators. For any power time series p; [kW], the undiscounted annual energy is
shown in Eq. 3.91:

E{p} = > pAt [kWh], 3.91

teTy

with At in h. For any mass-flow series 1, [kg/h], the annual mass is shown in Eq. 3.92:

my{}y = > iy At [k, 3.92

teTy
and for any volumetric-flow series V; [m?/h], the annual volume is shown in Eq. 3.93:

VAVi} = ) ViAt [m?), 3.93

teTy
so that flows are consistently in 1/h and aggregation uses At in h.
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Derived yearly energies and masses. Applying Eqgs. 3.91-3.93 to the simulator channels yields
the yearly totals used later in the economic KPIs:

Ezfrid’imp = E,{ pfrid’imp} [kW h] annual imported electrical energy;

Ezfrid’exp = E{ pfrid’e"p} [kW h] annual exported electrical energy:;

m52 = my{ 2 ) kel annual net hydrogen production;

E; ¢ = E{pi°}, EET = E,{p"} [kWh] annual production by Hy-to-power converters;
Erret = B{ ity (KW hj annual net useful heat;

VyEL = Vi{ Vth’EL } [m?] annual process-water volume to electrolysers.

PV and wind generation are tracked separately as p; ¥ and p'" (see Section 3.1.1); their
yearly energies are £V = E,{p;¥ } and E}'T = E,{p"" }. The converter-specific totals
E; C and EZ?T ensure no double-counting with RES.

Cash flows composition

Simulator outputs are translated into yearly monetary terms by pairing each physical driver
with the corresponding tariff and integrating over time (“quantity x price”). Replacements
are treated as time-stamped capital outlays occurring in the year in which they take place
(e.g., stack replacements). Accordingly, we distinguish the upfront investment Cj (year y=0)
from replacement outflows CAPEX;™" (years y > 0), which are discounted at the year of
occurrence in the economic KPIs (see Eq. 3.107). Energies come from Eq. 3.91, masses from
Eq. 3.92, and volumes from Eq. 3.93.

Revenues. These are positive cash inflows associated with external sales or avoided purchases.

Whenever the site is a net exporter, the exported electrical energy is remunerated at the
export tariff cfl’eXp; the yearly revenue is, as shown in Eq. 3.94:

REVZLQXP _ Z Cfl,exp ptgrid,exp At, 3.94

teTy

which values only the surplus injected to the grid. Self-consumed on-site generation is
monetised implicitly by lower imports (see OPEXZ1 below) and is not double-counted here.

When on-site Hy covers a hydrogen demand that would otherwise be met with grey
hydrogen, the avoided purchase is valued, as shown in Eq. 3.95:

REng,sav _ ng,grey mgQ’COV, 3.95

where ch’grey [€/kg] is the reference cost of grey hydrogen and m?ﬁh’c‘” [kg] is the portion of
the site hydrogen demand actually supplied by the project in year y.

When the project covers electric and/or thermal loads that, in a baseline, were provided
by another device, the savings equal the baseline NG energy that would have been burnt to

deliver the same services, as shown in Eq. 3.96:
REV) &5 — (¢ porel, 3.96

where E)%™ [kWh] is the baseline natural-gas energy (LHV basis) that would have been
used to supply the displaced services in year y.
When quantities of hydrogen are certified by the provenance ledger, an incentive is
recognised per certified kilogram, as shown in Eq. 3.97:
REV:(lz/ert — Ccert mHg,cert 397

Y y )
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Ha,cert

where m, [kg] is the certified hydrogen mass in year y (defined in Eq. 3.121) under the
adopted annual RED III correlation and threshold [10].
The total revenue is, as shown in Eq. 3.98:

REvy _ REVZLEXP + REVIJQ,SBN 4+ REVEG’SB‘V + REvzert. 3.08

Operating expenditures (OPEX). These are cash outflows required to operate the plant.
Imported electricity is valued at the time-varying import tariff cil’lmp and integrated over

the year, as shown in Eq. 3.99:

OPEXY = ) P pfridime A, 3.99

teTy

Demineralised water sent to electrolysers is charged at the water price, as shown in
Eq. 3.100:

OPEX}2? = 20V, 3.100

Fixed O&M covers annualised service contracts, scheduled maintenance, and overheads
modelled as a fraction of installed capital by asset, as shown in Eq. 3.101:

OPEX“M™ = 3 “frac)™ CAPEX,, 3.101
acA

where frac*™ € [0, 1] is the annual O&M fraction (e.g., 0.03 for 3% /yr) and CAPEX, is
the installed capital cost of asset a [€]. Short-lifetime replacements are excluded here and
treated as CAPEX in the investment metrics.

Summing the operating costs, as shown in Eq. 3.102:

OPEX, = OPEX{ + OPEX}*°® + OPEX)*. 3.102

Cash flows. Year-y operating cash flow is revenue minus operating costs, as shown in Eq. 3.103:
CF, = REV, — OPEX,. 3.103

CF, [€] feeds the investment metrics (NPV, payback). It excludes upfront investment Cy and
any replacements CAPEX(®™, which are handled explicitly later together with the investment
metrics.

Investment metrics

This part upgrades the operating picture into standard investment indicators by discount-
ing yearly operating cash flows C'F}, from Eq. 3.103 and combining them with capital outlays.
Unless stated otherwise, DR denotes the real discount rate. Short-lifetime replacements are
treated explicitly as capital expenditures CAPEX/™" and excluded from OPEX,, in line with
common practice [227, 228|. The upfront investment is defined from installed asset costs and
standard adders, as shown in Egs. 3.104-3.106:

CAPEX,, = » CAPEX, [€], 3.104
acA

where CAPEX, for each asset a is expressed as:

CAPEX, = CAPEX"™.p*  [€], 3.105

nom
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with CAPEX"" being the cost per unit of nominal power for asset a [€/kW], and P2, the
nominal power of asset a [kW].

Co = (1+ frac™" + frac™®) CAPEX;; [€], 3.106

where CAPEX,,; is the sum of installed capital costs by asset [€]; and frac™", frac™® € [0, 1]
are the installation/BOP and engineering fractions, respectively.

Net present value (NPV). NPV aggregates all discounted operating cash flows and
subtracts both the upfront investment Cy and the discounted replacements CAPEX;™", as
shown in Eq. 3.107:

N
CF, — CAPEX"®P"
NPV = Z Y Y — Q. 3.107
=1

(1+ DR)

A positive NPV indicates value creation at the chosen DR. In practice, if a component is
replaced in year g, the associated cost enters as CAPEX;™ /(1 4+ DR)Y, i.e., it is discounted
at the year in which the replacement occurs (it is not lumped into Cp).

Net present cost (NPC). NPC is the present value of all project costs over the analysis
horizon; it excludes any revenues or incentives, as represented in Eq. 3.108:

N
CAPEX™™ + OPEX

— y y

NPC = Cy + g (11 DR)

y=1

3.108

Here we deliberately exclude revenues so as not to conflate NPC with NPV.

Discounted payback period. The discounted payback Y™* is the smallest year for which
the cumulative discounted cash flow becomes nonnegative (i.e., the investment is recovered
in present-value terms), as shown in Eq. 3.109:

Y

CF,
Y* = minq Y e{l,...,N} : Y —L_ ZCO}. 3.109
{ o (1+DR)v

This metric is informative about recovery time but ignores post-payback benefits and should
be read alongside NPV.

Levelised cost of hydrogen (LCOH). LCOH reports the discounted average cost
per kilogram of H, at the facility boundary, using the same accounting boundary as in
Section 3.1.2. The numerator contains all capital items (upfront and replacements) and
operating costs; the denominator is the discounted hydrogen output. Using discounted sums
keeps LCOH consistent with NPV-style evaluation [229]. The definition is given in Eq. 3.110:

N
CAPEX™ 4+ OPEX
Yy Y
Co + 2 (11 DR)¥

LCOH = = . [€/kg]. 3.110
> s
~ (1+DR)v

In a PtH configuration focused on supplying Hs, revenues from selling electricity or other
energy carriers that are not fed to the electrolysers are excluded from the LCOH numerator.
The LCOH boundary here reflects the cost of producing hydrogen rather than monetising
surplus energy.
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Levelised cost of electricity (LCOE). When hydrogen is reconverted to electricity
(SOFC/GT), an electrical-only boundary is used in the denominator, i.e., the net on-site
electric energy produced by those converters. This keeps LCOE comparable to electric-only
benchmarks. Discounting mirrors the LCOH convention [230]. The definition is given in
Eq. 3.111:

N
CAPEX™ 4+ OPEX
Y Yy
Co + 2 (11 DR)¥

y=1
N
E;C + E;}T

; (1+ DR)¥

LCOE = [€/kWh], 3.111

where the denominator counts only electricity from Hs-to-power converters (SOFC/GT),
consistent with Section 3.1.2.

Environmental KPIs

Environmental KPIs are computed at the simulator timestep and aggregated yearly.

Annual carbon intensity of produced hydrogen. Let the total electric demand of
the hydrogen chain at time ¢ be, as shown in Eq. 3.112:

pfz,tot _ pEL + pSOMP + pFH’ 3.112

where p;>*" is the total electric demand attributable to the Hy chain [kW]. After closing

the electrical balance, each load is tagged with a grid vs. on-site supply share; denote by
share®™ M2 ¢ [0, 1] the fraction of pi>™" supplied by the grid. The grid-attributed electric

power used by the Hy chain and its annual energy are, as shown in Eq. 3.113:

Ho,imp
t

D = sharefrid’H2 pptot, Eg*imp = Ey{ pp2imP } . 3.113

Let CI#™! be the grid carbon-intensity time series [kgc02eq/kKWh] provided via & (e.g.,
Electricity Maps) [231]. The annual, electricity-attributed carbon intensity of hydrogen is
then, as shown in Eq. 3.114:

Z p?g,imp C]tgrid At

teTy

cre = K8comen/ k1) 3.114

Ha
My

If additional non-electric emissions are modelled (e.g., backup NG boilers), their contributions
are added to the numerator with the appropriate factors and listed explicitly in the inventory.

Certification scheme. Certification is computed in post-processing from the hourly
trajectories generated by the rule-based simulator. A subset of the yearly hydrogen production
is selected that can be backed by eligible electricity while meeting the RENBO (RED III
delegated acts) GHG-savings requirement, expressed here as an equivalent carbon-intensity
limit. The threshold is shown in Eq. 3.115:

CINEPO = 3.38  [k8co2eq/k8H,); 3.115

max

consistent with [11]. In addition to the GHG-savings requirement, REFNBO eligibility
depends on electricity sourcing conditions (additionality, temporal correlation and geographical
correlation / bidding zone) set by the complementary delegated act [10]. In this thesis, these
aspects are operationalised as follows: (i) geographical correlation is enforced by modelling
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production and grid attributes within a single Italian bidding zone; (ii) temporal correlation
is tested through alternative matching windows implemented via the annual aggregators used
in the certification post-processing; (iii) additionality is approximated by treating on-site
renewable generation as the certifiable supply, while residual grid imports remain non-eligible
unless covered by the selected matching rule.

The total electric demand of the hydrogen chain p? 2% and its grid-attributed share

pi>™ are defined in Eqgs. 3.112-3.113. The non-grid (eligible) electric power that may
support certification is then computed as shown in Eq. 3.116:

pi® = max {0, py>* — p>"PL kW], 3.116

The corresponding fraction of the hydrogen-chain demand that can be backed by eligible
electricity is given in Eq. 3.117:

pelig
t Ha,tot
Oéfhg . Ho,tot ’ o > 07 3.117
; .
Ho,tot o
O) 2 - 07

so that 0 < afﬁg < 1 at all times. Hourly emissions attributable to the hydrogen chain (from
grid power only) are computed as shown in Eq. 3.118:

ef? = P> CIFU AL [kgoogeq): 3.118

and the corresponding instantaneous carbon intensity of produced hydrogen is given in
Eq. 3.119:

Ha
et - Ho
, my 2 >0,
CL™ = S ™ At ' (kg 02eq/ k81, 3.119
0, iz =0,

We adopt a simple ex-post allocation rule: in any hour where the hydrogen-chain intensity
respects the RED-III limit, only the fraction of produced hydrogen backed by eligible electricity
is assigned to the certified pool; otherwise, no mass from that hour is certified. The certified
hydrogen mass-flow rate is therefore given in Eq. 3.120:

max

0, CItH2 ~ (O'JREDIIT

max

- Ha,cert
my =

{aflig mi{z’ CItHQ < C«IREDHI7 5 19

Using the mass aggregator in Eq. 3.92, the certified hydrogen mass in year y is then
obtained as shown in Eq. 3.121:

mHQ’Cert _ my{mi{z,cert} _ Z m?z,cert At [kg] 3.121

Y
teTy

Each certified kilogram is therefore (i) produced at the facility boundary in an hour whose
electricity-attributed intensity is below CTREPII and (ii) backed, in energy terms, by eligible
non-grid electricity.

Incentive revenue is then obtained by applying Eq. 3.97 from Section 3.1.2, with the

certified mass m,>°"* computed from Eq. 3.121.
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3.1.3 Genetic Algorithm sizing for rule-based simulators

Sizing is posed as a simulation—optimisation loop: a genetic algorithm (GA) proposes a
candidate design s (time-invariant sizing vector); the rule-based simulator MESS (Section 3.1)
evaluates multi-year techno—economic performance; the GA updates the population accord-
ingly. Small-population, steady-state, real-coded GAs with high crossover and low mutation
are suitable for continuous engineering design as represented in the following workflow [232].

(a) Population initialization. Create an initial set of candidate designs.

(b) Ewvaluation by simulation. For each s), run MESS over N years with the fixed rule-
based dispatch. Aggregate energies and masses, compute yearly cash flows, and compute
LCOH as shown in Eq. 3.110. Extract constraint summaries such as Unmet Demand
UD (annual unmet hydrogen mass), end-of-horizon hydrogen level LOHy.., and battery
level SOCx.,.

(c) Fitness assignment. The GA needs a single scalar to rank designs. Define the fitness
F(s) so that it equals the economic objective on feasible designs and adds penalties on
infeasible ones, as shown in Eq. 3.125.

(d) Selection. Choose parent designs from the current population using a probabilistic
rule (e.g., tournament or rank selection). Designs with lower fitness are more likely to
be chosen. In a steady-state scheme, only a few parents are selected each generation
because only a few offspring will replace incumbents.

(e) Crossover. Form one or two offspring from a pair of parents by recombining their
genes (decision variables). With simulated-binary crossover (SBX), each offspring gene
is a controlled blend of the corresponding parent genes. Crossover is applied with
probability Pr.,; otherwise one parent is copied forward unchanged.

(f) Mutation. After crossover, perturb each offspring gene with a small random change
to maintain variability and escape local traps. Polynomial mutation is applied with
probability Pr,; per gene.

(g) Repair, replacement, elitism. Enforce admissibility by clipping to bounds and rounding
discrete items to module multiples. Insert the repaired offspring by steady-state
replacement, removing a few of the worst individuals. Apply elitism: copy the best two
designs into the next generation unchanged.

(h) Stopping. Repeat steps (b)—(g) until convergence of the best fitness over several
generations or until a preset generation cap is reached. Record the best feasible design
s* and its KPIs.

The typical decision variables are component sizes. A general vector is adopted, as shown
in Eq. 3.122:

s = [PPV PWT PEL EBESS mHS PCOMP PFC

nom? nom? nom?> nom ? nom? nom ) nom?’ °°° :| ?

3.122

Box bounds s < s; < s are applied (e.g., on electrolyser size) to guarantee feasibility
targets such as meeting the annual hydrogen demand at nominal continuous operation.
The objective is to minimise LCOH, as shown in Eq. 3.123:

min LCOH(s) with LCOH as shown in Eq. 3.110. 3.123
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Annual adequacy is imposed as hard constraints, as shown in Eq. 3.124:

UD(s) =0, no hydrogen unmet demand over the year,
LOH,, hydrogen inventory not depleted at horizon end,
SOC, battery inventory not depleted at horizon end. 3.124

The fitness F(s) guides selection and equals the economic objective on the feasible set;
outside it, a scale-aware penalty ranks designs by severity of violation while keeping pressure
toward feasibility, as shown in Eq. 3.125:

+wgt, [LOHy—LOHy, (s)] , +wgt; [SOCy—SOCn, (s)]
+

Hg,dem
Y

+7

F(s) = LCOH(s) + wgt, [M

3.125

Ha.dem jg the annual hydrogen demand [kg] computed from

Yy
using the yearly aggregator defined earlier; the normalisation ensures all bracketed

penalty terms are dimensionless, so that the weights wgt, carry units consistent with LCOH

[€/kg]. The weights wgt, are set each generation to a multiple of the population’s median
LCOH.

with [z]; = max{z,0}. Here m
. Ho,dem
my

Simulation kernel. Given s, the kernel: (i) instantiates the component models with
those sizes under the fixed rule-based policy (Section 3.1); (ii) advances the system at each
timestep by selecting the operating mode, issuing device set-points and closing balances
through y,,; (iii) updates degradation and triggers replacements on the configured schedules;
(iv) aggregates yearly KPIs and computes LCOH via Eq. 3.110; (v) extracts UD, LOHx,.,
SOCy, and returns F(s) as shown in Eq. 3.125. Individuals are evaluated in parallel.

The population size is 40, crossover probability Pr., =0.7, mutation probability Pr,,; =0.3,
SBX index =10, polynomial-mutation index =15, steady-state replacement, and a fixed
random seed for reproducibility.

This metaheuristic layer cleanly decouples operations (fixed by the rule-based policy) from
design (searched by GA), while keeping all device physics, ageing and economics consistent
with the rest of the framework [232].

3.2 Optimisation-based methods

The rule-based layer in Section 3.1 provides a fast, fully transparent way to propagate
plant physics forward in time. At each step t, the selector I'(+) chooses an operating mode
oy, the control map p,,(-) proposes feasible set-points u;, and the device/state map fy, ()
updates the internal memories x,,, such as SOC, and LOH,. This architecture is excellent
for what—if studies, feasibility screening, and techno-economic accounting under a given
policy. However, it is still a policy: priorities, minimum loads, import/export choices, and
charge /discharge decisions are imposed heuristically and applied myopically at each t.

Two problems follow. First, nothing guarantees that the realised trajectory is economically
optimal (or even “good”) once all couplings are enforced simultaneously: PV /Wind curtailment
competes with electrolyser loading; the battery competes with grid import and the fuel cell;
hydrogen storage competes with direct demand fulfilment and fuel-cell back-conversion.
Second, when capacities are being sized, the rule set itself can bias the answer: e.g. an
aggressive “keep the electrolyser always on” heuristic may force oversizing of PV or of
hydrogen storage, not because those assets are intrinsically required by the physics, but
because the policy never allows flexible turn-down.
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To remove that bias, the second half of this chapter formulates a single optimisation
baseline that uses the same device semantics, state variables, and balance equations introduced
for the rule-based simulator, but no longer fixes the policy. Instead, dispatch decisions (and,
if enabled, nameplate sizes) are obtained by solving a MILP. All physical balances and
equipment limits are written explicitly as linear equalities/inequalities. Binary variables are
introduced only where logically necessary (on/off, minimum stable load, mutually exclusive
charge vs. discharge). The objective aggregates operating costs, revenues, and penalty terms;
if sizing is enabled, it also adds the investment cost J(s) consistently with the KPIs (e.g.
LCOH) defined earlier.

This unified MILP “plant model” is written once, with every time-varying variable indexed
by both time and an uncertainty scenario. Then three shells are obtained as thin overlays:

1. Deterministic MILP (perfect foresight): all exogenous series are assumed known, so
the scenario index is dropped.

2. Two-stage stochastic MILP: the here-and-now design s (capacities, configuration
choices) is chosen before uncertainty is revealed; operations v;,, adapt per-scenario
w € Q. Non-anticipativity is enforced on s.

3. Multi-stage stochastic MILP: decisions are distributed over a scenario tree. Early-
stage bids/commitments are coupled across branches that share the same information
history; later corrective recourse can diverge. Non-anticipativity is imposed stage by
stage using the pairing sets II; already introduced in the State of the Art.

In what follows, a single scenario-ready MILP is introduced. Every time-varying signal or
decision will carry two subscripts (t,w): t = 1,..., Ny is the discrete time index with step At,
and w € Q indexes a realisation of uncertain inputs (renewables, prices, demands). Dropping
w recovers the deterministic (perfect-foresight) formulation. In the multi-stage stochastic
shell, the scenario index w is later replaced by a scenario-tree node index n € N}, but the
plant physics and constraints remain identical. The idea is that one common MILP plant
model is written once, and deterministic, two-stage, and multi-stage variants differ only in
how information is revealed and which decisions must be identical across scenarios.

Decision structure and notation. A finite horizon of length N time steps is considered.
Let At be the step duration, consistent with the simulation step used in Section 3.1 (typically
1h for dispatch studies; sub-hourly refinements are possible without changing the algebra).

Uncertain exogenous data at step t are collected in & . Typical entries of &, are: (i)

renewable availability, namely PV/WT production pjy, p,%", (i) electricity import /export
prices cte};jmp, cflwe *Pand (iii) site electrical demand pf}f “" and hydrogen demand m? 2 dem

For two-stage stochastic optimisation a finite scenario set {2 with probabilities 7, such
that ) .o m, = 1 is employed. Each scenario w spans the full horizon ¢t = 1,..., Ny. For
multi-stage stochastic optimisation, € is replaced by a scenario tree with node sets N}, at
each stage k, children sets C((n), and node-wise information (,; the mapping between “global”
time indices ¢ and a node n is given by T (n).

The optimisation problem uses three classes of decision variables:

e Sizing / design: the here-and-now vector s € Z. Its entries are plant-wide nameplate
values, e.g. PPV pWT pBESS ' pEL = pCOMP ©,nHS = pFC —Thig s exactly the design

nom? nom?’ nom °’ nom? nom Y nom? nom'*
vector s already introduced in the GA sizing loop. An additional Diesel Generator
(DG) of nominal power P2¢ can be included to help satisfy the electrical demand in

nom
off-grid conditions.

84



3 Methods

e Operational continuous decisions: v;,, € R". These are the per-step schedules:

EL BESS,ch FC grid,imp grid,exp DG . Ho,EL . Hp,FC . HS,dis
vt,w D) (pt7w7 pt,w ’ pt,wv pt,w ) pt,w ) pt,wu mt,w ) mt,w ) mt,w P )

As in Section 3.1 p0) are electrical powers [kW], m() are hydrogen mass-flow rates
kg /h].

e Operational binary / integer decisions: d;, € {0, 1}"(5). These encode on/off

.. . . EL
states, minimum-load commitments and mutually exclusive modes. Examples: ¢, "

(electrolyser on mode), 55 9P (fuel-cell stand-by mode), 0,555 (BESS discharge vs.
charge), 6,15 (hydrogen storage discharge vs. charge).

Plant memory states x;,, (battery SOCy,,, hydrogen level LOH,, etc.) are propagated
explicitly by linear inventory equations identical to those in Section 3.1, now indexed by w.

By construction, all v;,, and d;,, are dispatch variables to be optimised, not dictated by a
heuristic rule priority. They replace the rule-based maps i, () and I'(+), but keep the same
physical meanings and units.

3.2.1 System balances and state recursions

Two coupled resource loops must hold at every step (¢,w): an electrical balance and
a hydrogen balance. In addition, the inventories SOC and LOH must evolve according to
physically correct storage dynamics.

Electrical balance. Let pf}fcm be the exogenous site electrical demand, i.e. the AC

load that must be served at each step (¢,w). The optimisation can satisfy this demand using
on-site renewables, storage discharge, the fuel cell, the diesel generator, and/or grid imports.

We define: ptgid’imp > 0 as power imported from the grid, piﬁd’e"p > 0 as power exported

to the grid, pﬁx and pX\LT as PV and wind electrical power actually injected at the AC node,

pEZ >0 and pXZUT’Curt > (0 as PV and wind curtailment (spilled renewable power that is

available but not injected), pz Spn as fuel-cell electrical production, pgf as diesel-generator

electrical production, and pf ESS’diS as BESS discharge power. Electrical consumptions are:

the in-plant demand pi}fem, the electrolyser p%, the compressor pESMP, any electric heater

szg (e.g. MH desorption), the FC standby draw pFC’Sb, and the BESS charging power pBESS’Ch.

t,w t,w
) ) .. ) PV, curt WT,curt
Because curtailed power is not injected into the AC node, p; " and p;,, """ do not

appear in the nodal balance; they only ensure feasibility in surplus situations (in particular

in islanded cases where pfid’e)‘p = 0 and storage is full). The nodal AC power balance is
therefore represented in Eq. 3.126

PhaADr 4D PG D T = peem b pOOMP eSSy P

3.126

The diesel generator p?ﬁ only needs to run (and thus incur cost/emissions in the objective)

when renewables, storage and (if available) the grid cannot alone cover p‘;}fem. In a strict

islanded study, pfi "™ = pfit™® = 0 feasibility is then maintained in two complementary

: : : . PVcurt WT,curt
ways: (i) any renewable surplus must be either stored or curtailed via p; """ and p;,, "

when there is nowhere to send it, and (ii) any residual deficit is covered by dispatching p]t?g’
(up to PPS) together with BESS discharge pro> % and fuel-cell output pf "

nom t,w t,w

Hydrogen balance. Hydrogen is produced by the electrolyser, can be sent directly
to the external offtaker (the site’s hydrogen demand), can be compressed into storage, can
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be withdrawn from storage, and can be consumed by the fuel cell. We denote by mHz’EL

[kg/h] the hydrogen production rate from electrolysis, mHS M and 7y 5% [kg /h] the hydrogen

Hz,dem

charge/discharge mass flows at the storage interface, 7, [kg/ h] the hydrogen mass flow

HQ’FC [kg/h] the hydrogen consumption

delivered to the offtaker at the facility boundary, and ri;
rate of the fuel cell when generating electric power.
At every time step (¢,w) the site-wide hydrogen routing must satisfy:

H,,EL HS,dis . Hy,dem

. HS, . Hy,FC | . HSch
s i, = g S iy Vi, Yw. 3.127

t,w

Eq. 3.127 enforces (i) full satisfaction of the hydrogen demand mHz’dem at the boundary
and (ii) conservation of mass between production, storage, on-site conversion (fuel cell), and
export to the offtaker. No slack variable for unmet mf 2.dem 35 allowed: feasibility requires that

demand is always covered by some combination of fresh production mEgEL and withdrawals

HS,dis
mt w

¢ HS dis

Pressure levels enter implicitly through 7, H5ch and m, . Charging mfj“h represents
hydrogen that has been raised (via the compressor) from the electrolyser outlet pressure P=r
to the storage set-point. For compressed-gas or underground storage this target pressure
is PS5, for metal hydrides it is the plateau pressure P+MH(T') at desorption/absorption
temperature.

3.2.2 Components modelling

The following device models are linear and therefore directly admissible in a MILP. All
variables carry (f,w) and slots in v, or d;,, unless stated otherwise. Where a binary is
introduced (on/off or mutual exclusivity) it becomes one entry of &; .

Photovoltaics (PV)

Design parameter: PrY [kW] is the installed PV nameplate power (entry of s).
Inputs (exogenous data): ﬁfx W kW /kW] is the specific PV production profile obtained
from PVGIS for 1 kW of installed PV under the assumed mounting configuration for the
irradiance/ambient conditions associated with (¢,w). This profile is not a decision variable.
For any installed capacity PLY | the available PV electrical power before curtailment is
computed as in Eq. 3.128

DoV PEY kW], 3.128

pt,w - Ptw nom

which directly scales the PVGIS-derived specific production by the installed nameplate.

Deciston variables: ptV > 0 is the PV power actually injected into the AC node (this

is what appears in the electrical balance in Eq. 3.126); ptPZ U > 0 is curtailed PV power

(spilled locally, not injected).
Curtailment is modelled explicitly by splitting the available PV power between injected
and curtailed fractions, as shown in Eq. 3.129:

Pro + o =Dy, VY, Vw. 3.129
Both p;y and pPV U are individually bounded by the same available limit, as represented

in Eq. 3.130:
0 < piy < P, 0 < pro™ < pry, W Yw. 3.130
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grid,exp _ .

In grid-connected cases, large instantaneous availability ]5,1; V' can be routed to Prw via
Eq. 3.126. In strictly islanded cases where pfﬁd’e’(p = 0, any surplus beyond local demand,

PV,curt
t,w

BESS charging, and electrolyser loading is forced into p
be explicitly modelled.

, which is why curtailment must

Wind turbine (WT)

Design parameter: P2YT [kW] is the installed wind-turbine nameplate power (entry of s).

Inputs (exogenous data): PVGIS provides the wind speed time series at a reference height
Zref, denoted wyer ., [m/s|, for each (f,w). This reference wind speed is extrapolated to the
turbine hub height z;,,;, using the standard power-law shear model, as represented in Eq. 3.7
of the rule-based section and extended scenario-wise in Eq. 3.131:

Zhub Qshear
u
Whtw = Wref tw ( ) 5 \V/t, VW, 3.131

ref

where wp, ¢, is the hub-height wind speed [m/s| at (¢,w), and qgpear is the site-specific or
assumed shear exponent |—|. This is the same transformation described earlier for wy,; in
Eq. 3.7, now indexed by scenario w.

Given wp4 ., the available wind electrical power follows the three-region characteristic
curve, as shown in Eq. 3.6 in the rule-based formulation and reproduced with explicit (¢, w)
in Eq. 3.132:

.
07 Wh,t,w S Wei,
3 3
w — W
WT htw ci
_WT Pnom 3 3 Wei < Wh,t,w < Wrat,
P = wihy — W Vi, Y, 3.132
WT
Pnom> Wray < Wh,t,w < Weo,
\Oa Wh,t,w 2 Weo,

where we; [m/s| is cut-in speed, wyag [m/s| the rated speed, we, [m/s| the cut-out speed, and
PWVT [kW] the WT nameplate power. Eq. 3.132 is exactly the deterministic three-zone law
in Eq. 3.6, just applied to each scenario w.

To make the MILP linear, py\,' in Eq. 3.132 is treated as an input parameter. Dispatch
then decides how much of that available power is actually injected and how much is curtailed.

Decision variables: py\} >0 is WT power injected into the AC node; pXZJT’Cm >0is WT
curtailment (spilled wind power, not injected).

The available wind power p,\ from Eq. 3.132 is split linearly between injected and

curtailed parts, as shown in Eq. 3.133:

pX\ZJT _‘_pz‘i}T,curt _ ﬁX\ZUT’ Vt, Yw. 3.133

Both contributions are individually upper-bounded by the same availability, as represented
in Eq. 3.134:

e N U R O R 3154

)

. . . . B . id
As in the PV case, in grid-connected operation a surplus "+ can be exported via p& ¢ P,

’ t,w t,w
orid,exp
t,w

el,dem

In islanded operation where p tw

= 0, any residual surplus after covering p , charging
WT,curt

t,w

the BESS, and loading the electrolyser is forced into p
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Electrolyser (EL)

Design parameters: The electrolyser is characterised by its nameplate electrical input
power PEL kW], the minimum stable load fraction uEt € (0,1] (the stack cannot operate
below uft PEL wwhen producing hydrogen), a standby fraction u5" € [0, 1] that represents
the parasitic draw needed to keep the stack hot and pressurised, and the specific electric
consumption SECH" [kW h/kg|, defined as the electrical energy required to produce one
kilogram of hydrogen. In the rule-based simulator this SEC*" was not constant: the stack
voltage was computed from the polarisation curve as a function of current density and
temperature. In the optimisation-based formulation SEC®" is treated as constant so that
electrical power and hydrogen production remain linearly linked, as shown in Eq. 3.140.

Inputs (exogenous data): The electrolyser has no weather-driven availability profile. Any
time-varying energy tariff, water cost or certification penalty is handled in the objective and
is not shown here.

Decision variables: The model distinguishes three mutually exclusive operating modes:
ON (actively producing hydrogen), STANDBY (hot/pressurised but not producing), and
OFF. We introduce: pfﬁ’on [kW] for EL electrical power when producing hydrogen, pfﬁ’Sb [kW]
for standby electrical power, p;EULJ [kW] for total EL electrical consumption, which appears in
the AC balance of Eq. 3.126, mfj’EL [kg/h| for hydrogen production rate, and three binary
mode indicators (555’(’“, 5E£’Sb, 5E£’°H € {0,1}.

In addition, two extra binary variables are defined to distinguish how the stack was
started: 55 Lowarm and 55 Licold ‘e £ 1}, These are used later in the cost function to price
thermal stress and stack degradation differently for a warm start (from STANDBY) and a
cold start (from OFF).

Exactly one operating mode is active at each (¢,w), as shown in Eq. 3.135:
S 4 O 4 o =1, Y, V. 3.135

When the electrolyser is producing hydrogen (ON state), its load must remain between
the minimum stable load and the nameplate rating, as represented in Eq. 3.136 and Eq. 3.137:

PR 2 B, PEL SR i, v, 3136
L < PEL SE 137

When the electrolyser is in STANDBY, it draws a parasitic fraction of nominal power to
remain hot and pressurised, but it does not produce hydrogen. This standby draw is written
in Eq. 3.138:

P = Bl PEL 6P v v, 3.138

When the electrolyser is OFF (J;. Lot — 1) both pffj’on and pEﬁ’Sb are zero as a consequence
of Eq. 3.135-3.138.

The net electrical draw that enters the AC balance Eq. 3.126 is the sum of production
load and standby load, as shown in Eq. 3.139:

pEE =™ T, Y. 3.139

Hydrogen production is proportional to the electrical power in the ON state through the
specific electric consumption SEC®F, which is assumed constant in the MILP. This linear
relation is shown in Eq. 3.140:

Py = SECH i, 2™ vt . 3.140
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Eq. 3.140 replaces the full stack voltage/current model of the rule-based simulator with a
single affine conversion, and makes the EL block MILP-compatible.

In addition to electric power, the electrolyser consumes process water. Let %%O’EL [m3/h]
be the volumetric flow of demineralized water into the stacks. This is proportional to the
hydrogen production rate as shown in Eq. 3.141:

" H0,EL . Hy,EL
Vie = scmo iy, Vt, Yw, 3.141

where scy,0 [m?/kg] is the specific water-use parameter (volume of purified water per kilogram
of Hy produced).

To maintain physical plausibility of operation across time steps, two additional ingredients
are introduced: (i) forbidden “jump” transitions between certain modes, and (ii) warm vs.
cold start identification. These constraints couple step ¢ to step t—1 and are enforced for
t > 1 (the t=1 state is given as initial condition).

Direct transitions between OFF and STANDBY are disallowed. In words: the stack
cannot suddenly appear hot/pressurised after being OFF, and it cannot instantly drop from
STANDBY to fully OFF without first going through an ON /offline ramp that is modelled as
a start /stop event. This is enforced as shown in Eq. 3.142 and Eq. 3.143:

S gt <1 > 1, Y, 3.142
Dot gt <1, > 1, Y. 3.143

Eq. 3.142 prevents an OFF—STANDBY jump, and Eq. 3.143 prevents a STANDBY—OFF
jump. Together with Eq. 3.135, they force changes in thermal state to pass through appropriate
activation / cooldown behaviour rather than teleporting.

Warm and cold starts are then identified for costing purposes. A “warm start” means the
EL is switched to ON after being in STANDBY in the previous step; a “cold start” means the
EL is switched to ON after being OFF in the previous step. We detect these by introducing
5E Lowarmn and 55 Licold and enforcing Eq. 3.144 and Eq. 3.145:

SELvEI > gt gt — 1, o™ e {0,1), > 1, Vuw, 3.144
Sy > ot o 1, s e {01}, t>1, V. 3.145
As shown in Eq. 3.144, if the stack is ON at time ¢ but was STANDBY at t—1, then 555’%“

must be 1; similarly, Eq. 3.145 activates (55 UE’“’“ for an OFF—ON transition. These binaries
do not affect feasibility directly, but they enter the cost function so that warm and cold starts
can be penalised differently.

All constraints above (ON /STANDBY /OFF admissible regions, minimum load, standby
draw, total power, linear hydrogen conversion, forbidden transitions and warm/cold start
logic) are kept identical in the deterministic, two-stage, and multi-stage stochastic MILP shells.
This guarantees that start-up costs, parasitic standby consumption, and stack degradation
are accounted for consistently across all optimisation-based methods.

Compressor (COMP)

Design parameters: The compressor is characterised by its nameplate electrical input
power PCOMP kW] and by a specific electric consumption SECYM? [kW h/kg], defined as
the electrical energy required to raise one kilogram of hydrogen from electrolyser outlet
pressure to the storage (or delivery) pressure. In the rule-based formulation this dependence

was represented via a pressure-span—dependent SECYOMF (Eq. 3.41) and here as well it is
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CYOMP 56 that the compressor remains linear in the MILP, as

considered as a constant SE
shown in Eq. 3.148.

Inputs (exogenous data): No stochastic availability input is needed. The pressure regime
(low-pressure buffer plus high-pressure tank, or directly high-pressure storage) is treated as a
configuration choice and affects SECYOMF | but it does not introduce new decision variables.

Deciston variables: The compressor draws electrical power pCOMP [kW] and processes

12COMP ko /h|. When the compressor is dedicated to charging the

HS ,ch

a hydrogen mass flow 7,

storage, this flow com(:ldes with the hydrogen charging term at the storage interface,
[kg/h|, already used in the hydrogen balance (Eq. 3.127) and in the storage-state update of
Section 3.2.2. This link is enforced explicitly in Eq. 3.146:

g M =tV Y. 3.146
The compressor cannot exceed its nameplate electrical power, as represented in Eq. 3.147:

0 < pt COMP < PCOMP

nom ?

Vt, Yw. 3.147

Electrical consumption is proportional to the hydrogen flow through the compressor via
SECCOMP a5 shown in Eq. 3.148:

pCOMP — SQRCCOMP ; Ha COMP Vt, Yw. 3.148

tw tw )

In the AC balance Eq. 3.126, pCOMP appears on the consumption side together with the

electrolyser. In the hydrogen balance Eq. 3.127, mHS M appears as storage charging; through

Eq. 3.146 this is consistently tied to the compressor throughput. This means that in an
islanded case, excess renewable generation can be diverted into pCOMP in order to build up
inventory in the hydrogen storage rather than being curtailed, and this decision is captured
directly by Eqs. 3.147-3.148.

Hydrogen storage (HS)

Design parameters: Hydrogen storage is represented as a buffer tank with nominal usable
mass mS  |kg|. The model uses the normalised inventory variable LOH;, € [0, 1] to indicate
the fraction of mI® present in the tank at the start of time step t. Charging and discharging
are limited by a maximum interface throughput m!S™® |kg/h|, and can incur different
efficiencies nf%" and ntSdis,

Inputs (exogenous data): No weather-driven availability is associated with HS. Whether
the tank is high-pressure, whether it is metal hydride plus heater, etc., affects parameters like
pHSch pHSdis and mHSmax byt does not introduce additional state variables at MILP level.

Deczszon vamables The storage can be charged at a rate mHS “ [kg/h| (hydrogen flowing
into the tank) and discharged at a rate mHS 4 kg /h| (hydrogen flowing out of the tank).
Only one direction is allowed per time step, enforced by a binary 5?5 € {0,1} that selects
charging vs. discharging.

Physical limits on these charge and discharge rates and the mutual exclusivity of the two
directions are enforced as shown in Eq. 3.149 and Eq. 3.150:

0 <o < mlSmax (1 - 515) 0w, Yo, 3.149

t,w

0 < mHS dis S - HS,max 5HS

tw?

Vi, V. 3.150
90



3 Methods

When HS is a metal-hydride (MH) system, discharging (desorption) requires low-grade
heat. In the MILP this thermal duty is represented as an electric load p 1 kW] supplied by
an electric heater (Section 3.1.1), and it is proportional to the hydrogen dlscharge mass flow:

{des,PCM . HS,di
P s T Vi, Vw. 3.151
) 77 k)

Here qgespem |[KW h/kg| is the external thermal energy per kilogram of released Hy after
any PCM heat recovery, and n®! is the electric-heater efficiency. For compressed-gas or
underground storage, where no desorption heater is needed, gqes oM is set to zero, so pEH =0.
The variable p; BH then appears explicitly in the electrical balance Eq. 3.126 as part of the
site’s electric demand.

The storage state update is written as a linear inventory recursion on LOH,,,, as shown
in Eq. 3.152:

. HS.dis
m b
LOH,,1,, = LOH,,, + (an e — ) . Vt=1,...,Np—1, Vw. 3.152

Mt nHS,dis

nom

Admissible bounds on the storage fill level are enforced at every time step, as shown in
Eq. 3.153:
LOH,in < LOH;, < LOHpax, Vt, Vw. 3.153

To avoid end-of-horizon depletion, the initial and terminal inventories are fixed, as
represented in Eq. 3.154:

LOH,, = LOH,,  LOHy,, =LOHy,  Vw. 3.154

Eq. 3.153 and Eq. 3.154 ensure that hydrogen in storage stays between LOH,,;, and
LOH,,.« at all intermediate steps, and that the optimiser cannot “cheat” by emptying the
tank at the last period to satisfy demand.

Fuel cell (FC)

Design parameters: The fuel cell is characterised by its nameplate electrical output PF¢

[kW], the minimum stable load fraction uf$, € (0,1], the standby fraction «5¢ € [0, 1], and
a specific fuel consumption coefficient SFC* [kg/kWh], defined as the hydrogen mass flow
rate required to sustain 1 kW of electrical output in the producing state. In the rule-based
formulation this conversion depended on the FC polarisation curve and stack efficiency;
the MILP replaces that nonlinear map with a constant SFC¥®, so that hydrogen draw and
electrical power remain linearly related, as shown in Eq. 3.159.

Inputs (exogenous data): The FC has no exogenous availability profile; it is dispatchable
subject to its technical limits. Fuel availability is enforced indirectly via storage and the
hydrogen balance Eq. 3.127.

Decision variables: Three mutually exclusive operating modes are considered: ON
(producing electrical power from hydrogen), STANDBY (hot/ready but not producing), and

OFF. The decision variables are: pFC " [kW] for FC electrical output in the producing state,

ptFS b kW] for standby parasitic draw, mHQ’FC [kg/h| for the hydrogen consumption rate

when producing, and the binary mode indicators 5FC on 55 b 5FC °f e {0,1}.

Two additional binary variables are introduced for start characterisation: 55 Cwarm and

(55 Ceold ¢ 40,1} distinguish a warm start (from STANDBY) from a cold start (from OFF).
These are used later in the cost function to penalise thermal stress and degradation differently.
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Exactly one FC mode is allowed at each (¢,w), as shown in Eq. 3.155:
Ot ™ 0+ 00 =1,V Y. 3.155

When the FC is producing (ON), its electrical output must respect the minimum load
fraction and cannot exceed its nameplate, as shown in Eq. 3.156 and Eq. 3.157:

Prot > uhe Peo 6,0,V Y, 3.156
ptF,S’OH < pre 555’011, Vt, Yw. 3.157

When the FC is in STANDRBY, it does not export power; instead it draws a parasitic
fraction of nominal to stay hot and ready. This standby consumption is written in Eq. 3.158:
P> = ubS PEC 670, vt Vw. 3.158
When the FC is OFF (6f 9o — 1), both pz “on and pz “sbare zero as a consequence of
Eq. 3.155-3.158.
Hydrogen consumption is proportional to the produced electrical power through SFCFC,
as shown in Eq. 3.159:
2t = SFCTC pyoo", vt Yw. 3.159

The term m? j’FC appears in the hydrogen balance Eq. 3.127 together with electrolyser

production mijL and storage flows T’nES’Ch / th E’dis, so that the optimiser must decide
whether hydrogen is used immediately in the FC for power, sent to storage, or used to satisfy
external demand.

To preserve physically meaningful thermal behaviour and to track degradation cost,
two families of additional constraints are adopted. First, direct OFF—-STANDBY and
STANDBY—OFF jumps are forbidden, in analogy with the electrolyser. This prevents the
FC from “teleporting” into a hot standby state or dropping instantly to cold. The linear

constraints are shown in Eq. 3.160 and Eq. 3.161 and apply for ¢ > 1:
i B S W () 3.160

555")& + 553?3 <1, t>1, Vw. 3.161

Second, warm and cold starts are identified for costing purposes. A warm start means
the FC is switched ON after being in STANDBY at the previous time step; a cold start

means the FC is switched ON after being OFF. This is enforced by introducing 55 A ond
FC,cold

t,w

and constraining them as shown in Eq. 3.162 and Eq. 3.163:
Fromam > g0on L giG 0 GO e 10,1}, £ > 1, Y, 3.162

SROEN > GECm y GECOT g GRCeM g {01} g V. 3163

As shown in Eq. 3.162 and Eq. 3.163, these binaries become active whenever the FC
enters the ON state at ¢ from STANDBY or OFF at t—1. They do not change feasibility,
but they enter the cost function so that warm starts and cold starts can be penalised
differently. All constraints in this FC card (state exclusivity, minimum load, standby draw,
net power injection, linear hydrogen consumption, forbidden OFF«+STANDBY transitions,
and warm/cold start tracking) are kept identical across the deterministic, two-stage and
multi-stage formulations, so that the FC behaves consistently in every optimisation shell.

92



3 Methods

Battery energy storage system (BESS)

Design parameters: The battery energy storage system is characterised by its usable energy
capacity EBESS kW h|, the charge and discharge efficiencies nBESS<h and 5BESSdis ¢ (0 1],
and a per-step self-discharge rate SDR € [0, 1), which represents standing losses between
consecutive time steps. The admissible state-of-charge range is defined by SOC,;, and
SOCax, expressed in per unit of EEESS. The C-rate coefficient C [1/h] links instantaneous
charging and discharging power limits to the installed energy capacity. Initial and terminal
SoC targets SOC, and SOCr specify how full the battery must be at the first and last step
of the optimisation horizon.

Inputs (exogenous data): The BESS has no weather-dependent availability.

Decision variables: Battery operation is described by the charging power pf ESS’Ch [kW]

and discharging power ppo>> " [kW]. The stored energy is tracked by SOC,,, € [0, 1], which

t,w
is the state of charge at the start of period ¢, normalised by EEESS. A binary 55558 €{0,1}
enforces mutually exclusive behaviour: 55558 = 1 allows discharging and blocks charging, and
(52?555 = 0 allows charging and blocks discharging.
The instantaneous charge and discharge limits, and the no-simultaneous-charge/discharge
condition, are enforced through the C-rate as shown in Eq. 3.164 and Eq. 3.165:
0 < prs > <CERSS6PESS, i, Vuw, 3.164

nom

0< pEL]ESS,ch < C EPPSS (1 _ 550?88)’ Vt, Yw. 3.165

nom

As shown in Eq. 3.164 and Eq. 3.165, the BESS cannot charge and discharge in the same
time step, and the admissible power in each mode scales linearly with the chosen energy
capacity EBESS,

The SOC dynamics follows the same structure used in Section 3.1, including the self-
discharge rate SDR. The update from ¢ to t+1 is written in Eq. 3.166:

p?ESS,Ch At UBESS’Ch p?ESS,dis At
SOCi 41 = SOCy (1 = SDR) + =g - goe e b Y 3166

As shown in Eq. 3.166, charging increases SOC;,, with efficiency nB¥55<h discharging reduces

SOC;,, accounting for nBESS:dis " and SDR accounts for idle losses between steps even if
BESSch _, BESSdis _ ()
t,w — Ptw -

Admissible SoC bounds are imposed at every time step, as shown in Eq. 3.167:
SOCmin < SOC;,, < SOChax, Vt, Vw. 3.167

Terminal feasibility is enforced in complete analogy with hydrogen storage. The initial
SoC at t=0 and the end-of-horizon SoC at t=Nr are fixed (or kept within tight bands) so
that the optimiser cannot “borrow” net energy from or “dump” net energy into the battery
over the horizon, as shown in Eq. 3.168:

SOCi, = SOCy),  SOCy, . =SOCr,  Vuw. 3.168

In the AC power balance of Eq. 3.126, pBESS’diS appears on the supply side together with

t,w
.1 BESS,ch : .
prY pVT pFC and pPY while Prow ™ appears on the demand side together with pFl, pCOMP

szg and pg Osb Eqs. 3.164-3.168 therefore ensure that (i) the BESS does not violate its
charge/discharge power capability; (ii) the BESS never charges and discharges simultaneously
and (iii) the BESS cannot be artificially emptied or overfilled at the horizon boundaries just

to satisfy demand or reduce cost.
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Diesel generator (DG)

Design parameter: PP¢ [kW] is the DG nameplate electrical power. Including a DG

allows islanded operation and provides a controllable (but carbon-intensive) fallback to satisfy
pf}f “" and to support the hydrogen chain when renewables, storage and grid imports are
insufficient.

Inputs (exogenous data): The DG has no stochastic availability profile.

Decision variables: pES > 0 [kW] is the DG electrical output injected into the AC node
in Eq. 3.126. V;2¢ > 0 [m%h] is the volumetric diesel fuel flow.
The DG cannot exceed its nameplate as in Eq. 3.169:
0<prg < PR Vt, Vw. 3.169

nom?

Electrical output is proportional to the volumetric fuel draw as shown in Eq. 3.170:

ps =nP¢ LHVLS VRO Vt, Vw, 3.170

vol Vitw »

where n°% € (0,1] is the DG electrical efficiency and LHVES [kW h/m?| is the diesel lower

vol

heating value per unit volume. Given C'TPY [kgcogeq/kWh] the carbon intensity of the DG,

per-step DG equivalent emissions can be written as CIP% pEE At.

Grid interface

Design parameter: No fixed nameplate limit is enforced here. The point of common
coupling is treated as an unlimited sink/source for active power exchanges.

Inputs (exogenous data): cf}jmp and C:}pr are the time-varying import tariff and export

remuneration [€/kWh|. These can be part of the scenario data & .
,;g,r;d’imp > 0 [kW] is active power imported from the grid; pfﬁd’e’{p >0
[kW] is active power exported to the grid; 5§2d € {0, 1} enforces mutual exclusivity.

Mutual exclusivity between import and export is imposed using a big-M linearisation as

represented in Eq. 3.171 and 3.172:

Decision variables: p

0 Spil;i)d,imp S pgrid 51%Ed7 \V/t, Vw’ 3171
0 S pizi)d,exp S pgrid (1 i 6tg,gd>7 \V/t, Vw, 3.172

where P#d [kW] is chosen large enough that it never binds in practice. Eqs. 3.171-3.172
guarantee that in each (¢,w) the plant is either importing or exporting, but not both. The
resulting p&*™ and p&iP then appear in the nodal AC balance Eq. 3.126.

t,w t,w

Certification cap

To embed the RED IIl-style green-hydrogen requirement of Section 3.1.2 directly in the
MILP, we mirror the electric-demand and carbon-intensity definitions with an added scenario
index w € 2. The instantaneous electrical demand of the hydrogen chain in each scenario is
defined as shown in Eq. 3.173:

Pl = pro e i, Vi Y, 3.173

t,w

which is the stochastic counterpart of Eq. 3.112. In the optimisation layers, all electrical
demand modelled in Eq. 3.173 is attributable to the hydrogen chain, so the grid-import power

piﬁd’imp coincides with the grid-attributed hydrogen-chain power used in the KPI definition of
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Section 3.1.2. The scenario-weighted produced hydrogen mass over the certification window
(here, the optimisation horizon of Ny timesteps) is then computed as shown in Eq. 3.174:

— ZﬂmeHQ At [kg], 3.174

we t=1

With Clgfjd the (given) grid carbon intensity [kgooge,/kWh| in scenario w, the scenario-
weighted carbon intensity of produced hydrogen is defined as shown in Eq. 3.175:

Z . Z pgrld ,imp C]grld At

9 we t=1
crit = e - kecoeq/ ke, | 3.175

My

the stochastic analogue of Eq. 3.114. The RED III limit is enforced by cross-multiplying the
linear-fractional expression in Eq. 3.175, yielding the linear constraint shown in Eq. 3.176:

max
weN t=1 weN t=1

Z - Z grld imp Igrld At < CREDII T Z mH2 At. 3.176

Eqgs. 3.173-3.176 are therefore the optimisation-ready equivalent of the rule-based envi-
ronmental KPI formulation in Section 3.1.2: the MILP is only allowed to dispatch and import
electricity such that the aggregate COs-equivalent per kilogram of hydrogen produced at the
facility boundary stays below the RED III threshold C7REPHIL

max

3.2.3 Deterministic MILP shell

The deterministic shell is the first concrete implementation of the optimisation framework
introduced in Section 3.2. It assumes perfect foresight of all exogenous trajectories over a
representative operating year: renewable availability, electricity prices, and hydrogen demand
are all treated as known inputs. The scenario index w is therefore dropped, so that any v,
and z;, become v; and z;. The timestep is At = 1h, and the index ¢t = 1,..., Ny spans one
full calendar year (N;y=8760).

Within this horizon the model co-optimises design and operation: the nominal sizes of
PV, WT, EL, COMP, and HS are chosen together with their hourly dispatch schedules.
Consequently the problem is a single-stage MILP. This deterministic MILP underpins the
techno—economic comparison of hydrogen storage technologies presented in Section 4.3 and
in [233], where a hybrid PtH plant is sized and dispatched to supply a continuous hydrogen
offtake.

Economic objective and KPI definition. All techno—economic results are reported in
terms of the LCOH, consistent with the KPI definitions of Section 3.1.2.
The design vector s contains the nameplate capacities that are optimised in this study,
( pPV  pWT pEL  pCOMP  HS >
Let A = {PV,WT, EL, COMP, HS} collect these assets.
For each a € A, CAPEX,(s) [€] denotes the installation cost of asset a, and CAPEX;,; =
> aes CAPEX, () is the sum of all such asset-level costs. The upfront investment (including

installation and engineering adders) is then Cj [€], defined in Eq. 3.106. Short-lifetime
replacements appear explicitly as CAPEX;"™" in the LCOH estimation.
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Operating expenditure also follows the structure of Section 3.1.2. The hourly simulator
channels p&@™P  pEL. peOMP . ptand VH2OEL are defined by the plant balances; the
corresponding price signals ¢;"™ [€/kWh] and c20 [€/m?| are part of &. Let VX [m?]
be the annual deionised-water volume sent to the stacks. Fixed O&M is represented as an
annual fraction fracc?&M of the installed cost of each asset. The yearly operating expenditure

OPEX,(s,{v:}) is defined in Eq. 3.177:

OPEX, (s, {v;}) = Y "™ pfi ™ At 4 20 VP 4y ~ fracQ“™ CAPEX,(s)  [€]. 3.177

teTy Vv acA
~ OPEX,29 N

~~ Dy
OPEXZI OPEXS&M’ﬁX

Only the cost of imported electricity appears here; any revenue from exported electricity is
deliberately excluded from the numerator of LCOH, as accounted in Eq. 3.178:

N CAPEX!®" + OPEX, (s, {v;})

Co + Z_; (11 DRy
LCOH = — [€/kg]. 3.178
s
~ (1+DR)v

Where DR is the real discount rate. One representative operating year is optimised and
assumed to be repeated identically over the project lifetime.

In the considered study the PtH plant consists only of PV, WT, EL, COMP and HS
as represented in Figure 4.19. FC, BESS, and DG introduced in Secs. 3.2.2-3.2.2 are thus
disabled.

RES available power is given by Eq. 3.128 for PV and by the wind profile construction
in Eq. 3.132 for WT. Curtailment is not modelled in this shell: we set pi’¥ = pI'V and
pVT = pWT (with pp VM = pV P = (), and any surplus is routed to pf“*P. The EL is
modelled with a deliberate simplification: in this deterministic perfect-foresight shell the stack
is treated as continuously variable between zero and its nameplate PEL | with no binary on/off
commitment, no minimum stable load, no standby mode, and no warm/cold start tracking.
We identify pP" with the producing power in Eq. 3.140, so that pP¥ = SECEY1i;>"" | and we
retain the proportional water-consumption law of Eq. 3.141. This keeps hydrogen production
M?Z’EL, electrolyser power pt, and stack water use VtH20’EL coupled in a physically meaningful
but MILP-friendly way, while intentionally ignoring start-up penalties and minimum-load
logic. Those integer details are reintroduced later in the multi-stage scheduling shell, where
bidding into electricity markets and stack degradation costs become important. The COMP
is enforced exactly as in Section 3.2.2. HS (Section 3.2.2) is always active. The usable
inventory LOH; evolves according to the linear recursion in Eq. 3.152, is kept within bounds
by Eq. 3.153, and must satisfy the cyclic boundary condition of Eq. 3.154 so that the HS
cannot be emptied at the end of the horizon to artificially improve cost. Charging and
discharging flows, m? Seh and m?svdii are limited and made mutually exclusive by the binary
OIS through Eqgs. 3.149-3.150; this binary is retained because it encodes a real physical
exclusivity (no simultaneous charge and discharge). When the storage technology is a
MH, hydrogen withdrawal requires desorption heat. This is modelled as an EH load pf*!
proportional to m? Sdis yia Eq. 3.151, and pP! then appears explicitly in the plant’s AC
power balance. For CGHy or UHS, gges pcm=0. The grid interface is included. Grid import
PP and grid export pi® are both decision variables; exclusivity of import vs. export
in a given hour is imposed by the binary 62"¢ and the big-M constraints in Egs. 3.171-3.172.

Imported electricity is billed at cfl’imp and enters the certification logic; exported electricity,
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by construction of the LCOH, is not accounted for. The GHG / certification cap is enforced

el,dem

through Eqgs. 3.173-3.176. Finally, there is no exogenous on-site electric demand p;,
beyond the hydrogen chain itself. In other words, the only electrical consumers that matter
for feasibility and cost are the EL, the COMP, and (for MH) the desorption heater.

Deterministic MILP formulation. After dropping the scenario index w (perfect foresight)
and restricting the device set as just described, the problem is a MILP in the sizing vector s,
the hourly dispatch trajectories {v;} 1%, the binary operating flags {5, }1\%, and the states
{z, 3N The complete deterministic MILP, with the assumptions stated above, can therefore
be summarised in Eq. 3.179:

min LCOH(s, {v:})

s, {ve.0e,we bty

s.t.  AC-node electrical power balance (Eq. 3.126)
Hydrogen mass balance and routing (Eq. 3.127)
PV/WT availability and bounds (Egs. 3.128-3.130 and 3.131-3.134)
EL conversion and water use (Eqgs. 3.140, 3.141)
COMP rating and linear electric load (Eqs. 3.147-3.148)
HS dynamics and bounds (Eqs. 3.149-3.154)
Grid import/export exclusivity (Eqgs. 3.171-3.172)
GHG-intensity cap (Eqgs. 3.173-3.176)

3.179

3.2.4 Two-stage stochastic MILP shell

The two-stage stochastic shell is the second concrete implementation of the optimisa-
tion framework introduced in Section 3.2, and it mirrors the generic two-stage stochastic
programming structure presented in Section 2.3.1: a single here-and-now design is chosen
before uncertainty is revealed, and then scenario-dependent operating schedules adapt after
the uncertainty is realised. Unlike the deterministic shell of Section 3.2.3, which assumes
perfect foresight and optimises one nominal trajectory over a representative year, this shell
acknowledges that future renewable availability is uncertain. The design s (PV size, WT
size etc.) is therefore selected to perform well in expectation (risk-neutral) across a set of
plausible scenarios w € €); the operating schedules {v; , 0, xw}ival are allowed to adapt to
each w independently. Non-anticipativity is enforced by construction: s has no w index, so
the same capacities must serve all scenarios.

This two-stage stochastic MILP shell is used for joint sizing and dispatch of a full PtH off-
grid plant under uncertainty, presented in Section 4.4 (Figure 4.27) and in [234]. Compared
with the hydrogen-only deterministic study in Section 3.2.3, the active plant now includes
the entire energy hub, in fact the design vector s contains:

s= (P Pk, Pl PASM", i, P, BURS PRG).
In the case study analysed the hybrid RES—storage system supplies an islanded microgrid
that is treated as fully off-grid. No connection to an external transmission grid is available;
consequently, no grid import/export variables are included and the green hydrogen certification
constraints are not enforced. The only exogenous service obligation is the satisfaction of
the island electrical demand pel’dem at all times. Hydrogen is not exported as a commercial

t,w
product, and there is no external Hy offtake: hydrogen acts purely as an intermediate energy

97



3 Methods

carrier that can be produced (via the EL), buffered in HS, and later reconverted to electricity
in the FC.

Objective function and e-constraint on diesel emissions. The optimisation target is
the minimisation of the expected Total Annualised Cost (TAC), defined as an equivalent
yearly cost of owning and operating the plant, so that different layouts s can be compared
on a per-year basis even if they have very different capital intensities. It is written as in
Eq. 3.180:

TAC(s, {vr, 01w }) = CAPEX™(s) + > m, OPEX,,(s, {0y, 0})  [€/year].  3.180

we

Let DR be the real discount rate and N the project lifetime in years (consistent with
Section 3.1.2). All capital outlays are first expressed as an equivalent present-value lump
sum C§?, which aggregates the upfront investment Cy (including installation and engineering
fractions) and all discounted replacements as shown in Eq. 3.181:

N
CAPEX P
eq __ Yy
O = Cy + E T+ DR €]. 3.181

y=1

Cy? is then converted into an equivalent uniform yearly payment over the same lifetime N
DR(1 + DR)™
(1+DR)N —1

using the standard capital-recovery (annuity) factor CRF(DR, N) = , yielding

the annualised capital cost in Eq. 3.182:
CAPEX*"(s) = CRF(DR, N) C;*  [€/year]. 3.182

CAPEX™"(s) is in fact the single yearly payment that would recover both the initial
investment C and all discounted replacements CAPEX™" over N years at discount rate DR.

OPEX, (8, {vtw, 01w}) [€/year| is the operating expenditure for one representative oper-
ating year under scenario w as shown in Eq. 3.183:

Nr
OPEX, (s, {vtw,0rw}) = Z <CDG X'/t]i)G 4 M20 VQ%O’EL) At + Z fracO“M CAPEX,(s).
t=1 acA

OPE;(L“ OPEXg&M,ﬁx
3.183
The variable annual costs are due to diesel and water supply, respectively for DG and EL,
while the fixed annual costs are attributed to O&M for all the installed assets,

A= {PV,WT, BESS, EL, COMP, HS, FC, DG},

Because OPEX,, is computed over one “representative operating year”, there is no further
discounting inside TAC: the expectation ), m,(-) is simply the scenario-weighted average
annual OPEX of that representative year.

The DG is the only fossil source in the island and thus the only direct driver of COq
emissions. Let CIPS kg, /kWh| be the DG specific carbon intensity and ppS kW] the
DG electrical output (Section 3.2.2). The expected annual CO, emissions from diesel usage
are then shown in Eq. 3.184

Nt
EPS({v,}) = Z T Z CIPCpPS At [kgeo,/vear] . 3.184
we t=1
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An explicit cap is imposed on these emissions following the e—constraint formulation:

EPS({u}) < €992, 3.185

where €992 kg, /vear| is a prescribed yearly emissions budget. Tightening €92 reduces
admissible diesel usage and typically forces higher renewable penetration and/or larger storage
capacity, which increases CAPEX*™(s) and can increase OPEX,,; relaxing €¢“©? allows more
DG dispatch, usually lowering TAC but increasing EPC.

In summary, the stochastic two-stage problem minimises TAC(s, {v;,, 0:,,}) subject to
plant physics, island security of supply, and the diesel-emissions cap 3.185.

Active components and constraint set. The system activates all physical blocks in-
troduced in Section 3.2.2 except the grid interface and the certification cap. The system
consists of PV, WT, an EL with COMP feeding HS, a FC that reconverts stored hydrogen
to electricity, a BESS, and a DG as represented in Figure 4.27. All of these contribute to

balancing the island electrical demand p‘;}fem at each time step.

PV and WT are modelled as in Secs. 3.2.2-3.2.2. Because the system is off-grid and
tgid’e’(p is not allowed, curtailment is the only admissible sink for any instantaneous RES
surplus that cannot be absorbed by storage or by flexible conversion into hydrogen. The EL
block of Section 3.2.2 is retained in linear form but without the integer operating-state logic.
The EL is modelled as continuously variable between zero and its nameplate PEL | with a
single linear conversion between electrical power draw and hydrogen production rate via
Eq. 3.140, plus proportional water use via Eq. 3.141. This relaxation avoids replicating EL
start-up binaries for every time ¢ and scenario w, which would otherwise cause a combinatorial
explosion for hourly simulations for a year (the same rationale applies below to the FC). The
COMP model of Section 3.2.2 is used unchanged. HS is modelled exactly as in Section 3.2.2.
No MH storage is considered; instead, Type I CGHy tanks at high pressure are used, thus
the electric-heater load pf{j is not present. Similarly to the EL, the FC block of Section 3.2.2
is simplified by excluding all binary variables indicating different operating states. The BESS
model of Section 3.2.2 is retained in full, as well as the DG block of Section 3.2.2. The DG is
the last-resort supplier during extended low-wind / low-solar periods when both BESS and

HS+FC are depleted.

Two coupled balances close the loop for every (¢,w). (i) The AC-node electrical balance
of Section 3.2.1 reduces to an off-grid form with no grid import/export. (ii) Since there is
no hydrogen demand, the hydrogen mass balance of Section 3.2.1 simplifies to an internal
loop: hydrogen produced by the EL either (i) charges HS (after compression) or (ii) is later
withdrawn from HS to feed the FC.

Two-stage stochastic MILP formulation. The two-stage problem is a stochastic MILP
with non-anticipativity on the design vector s and scenario-dependent recourse on the
operating schedules {v,,, 0, T+ }. After specialising the plant physics to the off-grid setting
and applying the modelling simplifications for EL. and FC, the complete formulation can
be summarised as Eq. 3.186, in direct analogy with the deterministic MILP summary in
Eq. 3.179.
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min TAC(s,{vtw, Otw})

N
S, {Ut,w 76t,w sTt,w }t=71 ’ weN

s.t.  Off—grid AC-node power balance — no grid import/export (Eq. 3.126)
Hydrogen mass balance and routing (Eq. 3.127)
PV/WT availability (Eqgs. 3.128-3.130 and 3.131-3.134)
EL conversion and water use (Eqs. 3.140, 3.141)
COMP rating and linear electric load (Eqs. 3.147-3.148)
HS dynamics and bounds (Eqs. 3.149-3.154)
BESS dynamics and bounds (Eqgs. 3.164-3.168)
DG balance (Egs. 3.169-3.170)

DG emissions cap (Eq. 3.185)
3.186

Scenario construction (generation and reduction) Each scenario w € Q carries
a full-year hourly realisation of the exogenous signals & . In the off-grid two-stage shell
considered here, uncertainty is placed on renewable availability only (PV and WT), while the

site electrical demand pfl’dem is taken as a fixed profile common to all scenarios. Accordingly,
we construct scenario-wise specific PV production ]55;/ W and available wind electrical power

pX\LT (or, equivalently, wind hub-height speed wy,;,, mapped through the WT curve), and set
Erw = (pfz’lkwj pX‘LT>, t=1,...,Np, we Q.

Monte Carlo + Bootstrap daily recombination [235, 236]. To preserve realistic intra-day
correlation and seasonality, scenarios are generated by sampling and concatenating whole
daily historical profiles within each month. Let m = 1,...,12 index calendar months and
Nam be the number of days in month m. From the historical archive, form sets of daily
24-hour vectors

K=Y R, AT (0T e RY,
where x7 Y, are specific PV outputs for 1kW and x}/} are available WT powers obtained

after applying the shear law and the three-region WT map of Section 3.2.2 to the historical
wind speeds. For each resource r € {PV, WT} and for each Monte Carlo sample index x,
draw with replacement n,,, daily vectors from X, and build the annual hourly vector by
month-wise concatenation as shown in Eq. 3.187:

nd,m

12
X, = B PBxhiimsy 3.187

m=1 j=1

where d*(m, j) are independent identically distributed bootstrap indices on X, and & denotes
concatenation (thus X7 € R¥7) [237]. This Monte Carlo-Bootstrap construction preserves
realistic hourly structure and seasonal variability without requiring parametric time-series
models. A large pool (e.g. Sipt; = Syle = 10000) is generated independently for PV and WT.

Scenario reduction via k-means on annual profiles. For tractability, each Monte Carlo
pool is reduced to a small set of representative annual profiles by k-means clustering on RV,
For resource r, let S; = {X/} be the Monte Carlo set and partition it into S{;, clusters
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{SF f:‘gf Centroids {u} € R} are obtained by solving Eq. 3.188:

Stw
min » > |XL-pls,  re{PV,WT} 3.188
Wi = Xres

Each centroid p] is adopted as one reduced scenario profile; its probability is the cluster
mass as represented in Eq. 3.189:
|t

r K3

i ‘S{AC|’

™ i=1,...,8. 3.189

In the case study that inspired this thesis, SgY = SH' = 10, obtained from 10,000 Monte
Carlo realisations per resource; probabilities are the empirical cluster frequencies.

Cartesian product and scenario probabilities. Assuming independence between PV and
WT generation after reduction, the global scenario set is the Cartesian product

Q=0 xOWT = {(i,5): i=1,...,8%, j=1,...,8%"},
with |Q] = SEYSWT. For w = (i, j), the exogenous profiles are
oY = plVe, Py =), t=1,...,Np,
and the scenario probability factorises as in Eq. 3.190

7, = mVaVT Z?Tw =1. 3.190

1 J ?
weN

This is exactly the “outer-product” rule used in the reference study to combine PV and wind
scenario weights.

Use in the plant model. Given a design s, the available PV power before curtailment in
scenario w is fy y = ﬁf’o\j’lkw PV (Eq. 3.128); the available WT power pp\.} is taken directly
from the centroid time series (or equivalently reconstructed from wy,, via Eq. 3.132) and
then split between injection and curtailment by Eqs. 3.133-3.134. The AC and hydrogen
balances are then enforced at every (¢,w) as in Section 3.2.1. All scenario-dependent operating
variables {vt ., 0t Tt} adapt to &, whereas the here-and-now design s is common to all w

(non-anticipativity by construction).

3.2.5 Multi-stage stochastic MILP shell

Once the plant is commissioned, economic value is created—or eroded—hour by hour
through scheduling and marketing decisions. As discussed in Section 2.3, electricity—hydrogen
systems operated against markets face sequential uncertainty in prices and renewable gen-
eration; over- or under-committing at early gates (e.g., day-ahead) can necessitate costly
recourse at intraday or real-time stages. To address this, a multi-stage stochastic MILP
that co-optimises, over a single daily horizon of Ny = 24 hourly intervals with At = 1h, all
market positions and physical set-points has been developed. The formulation enforces in-
tertemporal feasibility so that earlier bids/awards remain deliverable under uncertainty, while
mitigating myopic behaviour. This multi-stage shell underpins the stochastic optimisation
of day-ahead, intraday, and real-time scheduling and offers for a full PtH plant supplying a
hydrogen refueling station (HRS) under uncertainty, presented in Section 4.5 and in [238].
In this study the asset portfolio comprises PV, BESS, PEMEL, COMP, HS, and FC as
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shown in Figure 4.37. Device physics and inter-hour state recursions follow Secs. 3.2.1-3.2.2.
Unlike the joint sizing-scheduling variant—in which explicit enumeration of EL/FC operating
states (ON /STANDBY /OFF') is computationally prohibitive—the present scheduling model
includes binary commitment variables to capture start-up, shut-down, and standby behavior.

Relative to the joint sizing-scheduling setting, only three differences apply: (i) PV
curtailment is disabled; (ii) there is no explicit net grid-exchange variable—transactions with
the system operator occur exclusively through market positions, which are the sole buy/sell
channels; (iii) hydrogen routing is extended to permit optional external sales, implemented
via the mass balance shown in Eq. 3.191.

H,,EL HS,dis . Hy,dem

. y _ Hz,sold
mt W + mt,w - mt,w +m

Fm 2P ot Ve Y. 3.191

A configuration flag ¢ € {0,1} enables or disables sales. With an optional throughput

cap mt2s1d (get large if unused), by imposing Eq. 3.192:
0 <124 < gmsld v v, 3.192
When ¢ = 0, the model reduces to pure internal use (thf)’SOld 0); when ¢ = 1, the optimiser

may export hydrogen at price c? [€ /kg], with the revenue included in the objective.

Market structure (Spain, pre—June 2024). The HRS participates sequentially in
the day-ahead market (DA), the secondary reserve market (RM), six auction-based intraday
markets (IM1-IM6), a seventh block (IM7) representing the first four hours of the second
intraday auction of day D+1, and the imbalance settlement (IB). This mirrors the organisation
and timelines of liberalised European power systems and the Spanish implementation we
follow in the case studies, as represented in Figure 3.8 [239, 240).

[ Day D-1 | Day D D+1
11]12][13]14[15[16[17]18[19[20]21]22]23]24[ 1 [2[3[4[5]6 [ 7 [ 8 [ 9 [10]11]12]13[14]15[16[ 17 [ 18 [19]20]21[22]23]24
Yl B s D .

RM BID C

-
~ - B

M3 -

IM4 B 9

M5 s I

IM6 o

IM7 BID C

m Bids are submitted E Market is cleared - Cleared energy is dispatched

Figure 3.8: Timeline of bid submissions and market clearings (Spain, pre-June 2024), including
DA, RM, six IM auctions, and IB; IM7 represents the first four hours of the second intraday market
of day D+1.

For each delivery hour t = 1,. NT (day D) and scenario w, the optimisation carries:
day-ahead sell/buy powers pDA+, pw_ [kW], reserve Capa(nties Py, i kW], intraday
corrections p;’ kW] (signed: >0 sell, <0 buy) for ie{l,. 7} and imbalance voiumes
pio’, Py [kW]. The corresponding prices are c}) [€/kWh] th [€/kW] for capacity, th
[€/kWh], and ¢;" [€/kWHh], respectively [241].

The timeline in Figure 3.8 matches Table 3.7: DA clears at 12:00 on day D—1 and fixes a
24-hour schedule for day D; RM clears at 14:00 with capacity payments for the whole day;
IM1 and IM2 still cover all Ny hours; IM3-IM6 re-open trading only for the yet-to-start
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Table 3.7: Sequence of markets, clearing times, and delivery coverage (day D).

Market Clearing time (day D—1/D) Delivery hours covered
Day-Ahead (DA) 12:00 (day D—1) t=1,...,24 of day D

Reserve Market (RM, aFRR) 14:00 (day D—1) t=1,...,24 of day D

Intraday 1 (IM1) 20:00 (day D—1) t=1,...,24 of day D

Intraday 2 (IM2) 24:00 (midnight D—1—D) t=1,...,24 of day D

Intraday 3 (IM3) 04:00 (day D) t=4,...,24

Intraday 4 (IM4) 07:00 (day D) t="7,...,24

Intraday 5 (IM5) 10:00 (day D) t=10,...,24

Intraday 6 (IM6) 13:00 (day D) t=13,...,24

Intraday 7 (IMT) 21:00 (day D) first four hours of 2"¢ IM of D+1

Imbalance (IB) after delivery per-hour settlement ex post

hours (from their clearing time onward); IM7 captures the first four hours of the second
intraday auction of day D+1, a standard modelling device to hedge the early next-day block
within the same optimisation [242].

At each market layer, the net power to be physically delivered in hour ¢ is the cleared DA
posture adjusted by the signed intraday corrections up to the last auction that still covered
hour ¢, plus any activated reserve energy (modelled later), with residual deviations settled at
IB prices. Casting this as a multi-stage stochastic program lets the scheduler shape early
commitments (DA, RM) while reserving recourse at IM1-IM6 and, ultimately, at IB, exactly
reflecting how economic exposure and deliverability evolve along the day.

Market constraints. All market variables are powers [kW]; prices are [€/kWh]. Set-
tlements in the objective are obtained by multiplying powers by At. Figure 4.37 gives a
visual representation of all market variables employed in the system. For each delivery hour
t=1,..., Ny and scenario w € {2 the following feasibility relations are imposed.

Day-Ahead (DA). For each (t,w) the DA position is represented by nonnegative sell and
buy powers pEer > 0 and p?ﬁ_ > 0, activated by binaries 5Ej+, 53/}_ € {0,1}. A minimum
bid-block EP* [kW h] is mapped to a per-hour minimum power PPAmin = EPA /At [KW].
Upper bounds reflect the HRS’s technical capability in either selling or buying direction as in
Eqgs. 3.193-3.194:

pDAmin 53:“ < p?ﬁ+ < (PEY, 4+ CEBESS 4 pro) 5E£+’ Vt, Vw, 3.193
pPAmin gPA= < pPA~ < (CERESS + PN + PLOMP +ulOPEC ) 0P8, Vt, Yw.  3.194

Only one direction can be active in a given hour as shown in Eq. 3.195:

Soat 40T <1, Wt Vw. 3.195
The offers in DA market are represented as bidding curves. Let QP4 = {wPA . ,wf?{l*}

be the scenario list sorted by increasing DA price for hour t, i.e. cfﬁDA <. < cR/jDA. The
T g
DA+

sequences {p,” pa
e )

}i and {p?ﬁ; A }i are then forced to be nondecreasing as shown in Eq. 3.196:
DA+ DA+ DA— DA— ,
pt7wPA S pt7w31\17 puwl_DA S ptv“’?ﬁ’ VZ, Vt 3196

This construction yields valid, monotone step-wise supply (sell) and demand (buy) curves
for each hour ¢: for any realised clearing price, the matched DA volume is the value that
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corresponds to the price’s rank in QPA. Constraints 3.193-3.196 therefore encode minimum
bid size, directional exclusivity, technical headroom /footroom and the monotonicity required
by market rules.

Secondary Reserve Market (RM). Upward and downward reserve capacities are denoted
pf;}j > 0 and pfP > 0 and are the sum of component contributions from BESS, EL, and FC

t,w

(PV does not provide reserve) as represented in Eqgs. 3.197-3.198:

RU,BESS RU,EL RU,FC

Py =D A P Vt, Vo, 3.197
RD,BESS RD,EL RD,FC

PrD =Dy o o+ ps Vt, V. 3.198

The market operator requires that any awarded reserve can be sustained for a continuous
activation window TRM [h]; in this study TRM = 0.25 (15 minutes). The following constraints
guarantee both instantaneous power headroom /footroom and energy feasibility over TRM,

For the BESS rate headroom/footroom with respect to current charging/discharging set-
points, and SOC margins to sustain a T®M-long activation as represented in Eqs. 3.199-3.202:

p557BESS _pEESS,Ch _}_pffss,dis S CE.I];%OEI]ES’ Vt, \V/UJ, 3.199
proy PSS o pp IS PSS < o pBiSs, Vi, Yo, 3.200
TRM RU,BESS
S0C. 2 SOChin + s owssas P Vi, Y, 3.201
Tr;:ﬁ BESS.ch
SOC1 < SOCumax — —prsg— P - vt, Y. 3.202

nom

Inequalities 3.199-3.200 ensure the BESS can shift power by the offered amount without
exceeding its C-rate in either direction; 3.201-3.202 guarantee sufficient energy margin to
deliver the activation for THM,

For the EL upward reserve corresponds to the ability to reduce EL consumption (thus
increasing net injection) and it can be provided only in ON state, while downward reserve
corresponds to increasing consumption, thus it can be provided both in ON and in STANDBY
states. Feasible operating region and storage impact are enforced as represented in Egs. 3.203—
3.206:

Pt — prg ™ >l pEL §Pen, Vt, VYw, 3.203
P+ oyt < PR (1 - e, Vt, VY, 3.204
RM an,ch
LOHy + —o—cmopr Pro’ < LOHuas, Vt, Yo, 3.205
mnom
TRM RU,EL
LOH,,, — pRYEL S T OHum, Vi, Vw. 3.206

my>  SEC

Constraints 3.203-3.204 keep the EL inside ON /nameplate bounds after the reserve shift;
3.205-3.206 ensure that the induced change in hydrogen flows remains compatible with the
HS inventory over TRM,

For the FC, upward reserve means increasing FC output (so it can be provided in
both ON and STANDBY states), while downward reserve means reducing it, so it can be
provided only in ON state. Operating-region and HS feasibility are enforced as represented
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in Eqgs. 3.207-3.210:

FC, FCsb | RU,FC FC FC,off

Prw’ = Prw F Diw < P (T —=0,57), Vt, Vw, 3.207
FC, RD,FC FC pFC (FC,

Drw = D > Ui Prom 0t Vt, Vw, 3.208

TRM SFCFC RU,FC

LOHt,UJ ~ TS . HSdis Ptw > LOHmim \V/t, Vw, 3.209
nom 1
TRM SFCFC
LOH;, + ————— Py < LOHpax, Vt, Y. 3.210

nom

Inequalities 3.207—3.208 preserve minimum-load and nameplate limits after the reserve shift;
3.209-3.210 ensure that the hydrogen inventory can support T®M-long activation in either
direction.

Intraday markets (IM). Let Z = {1,...,7} be the set of intraday sessions and let 7; C
{1,..., Nz} denote the delivery hours tradable in session i. For each hour ¢, define the set of
sessions that still cover t as Z, ={i€Z : t € T; }.

For each : € Z and t € T, let p?fj € R [kW] be the signed position (positive = sell,
negative = buy); enforce zero outside tradable hours as represented in Eq. 3.211:

Py =0, VYieI Vt¢T, Y. 3.211

To limit speculative reshaping, cap (i) the net intraday correction per hour and (ii)
the per-session volume by a factor R™/PA > ( relative to the DA activity as shown in
Eqgs. 3.212-3.213:

— ERMPAGRAT DAY < T < RMPAERA +pPA), Ve, Ve, 3212
1€

— RIM/DA(pDAT | pDA=Y M < RIM/DA(pDA+ 4 DAY VieZ VteT, Vw.

3.213

Inequality 3.212 limits the net intraday reshaping of the DA posture for each hour, while 3.213
applies the same cap to each individual session covering that hour.

Imbalance settlement (IB). Positive and negative imbalances are represented by nonnega-
tive powers pio > 0 and p;%; > 0 (optionally capped by P/L", P/b7). Imbalance equals the

t,w tw

realised net injection minus the scheduled net position (DA + IM) as shown in Eq. 3.214:

B+ _IB— _ DA— , PV , BESSdis , FCon
Prw —Ptw T Prw +pt,w _'_pt,w _'_pt,w

~
realised injections and scheduled purchases

DA+ IM; BESS,ch EL COMP FC,sb
- <pt,w + ZiEZt pt,wZ +pt,w +pt,w +pt,w +pt,w )7 vt7 vw?
realised Withdrawal;,and scheduled sales
3.214
1B+ IB+ IB— IB—
0 <pBr < PP 0 <P < PP W Y 3.215

Eq. 3.214 measures the ex-post deviation from the market schedule; 3.215 bounds the
magnitude of upward and downward imbalances in order to avoid too much speculation on a
risky aspect like imbalances.

Constraints 3.193-3.215 complete the market-side feasibility relations used later by the
multi-stage shell; non-anticipativity, stage coupling and the economic objective (revenues,
penalties, ageing) are introduced in the following subsections.
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Non-anticipativity constraints Let ) be the scenario set. At each gate, €2 is partitioned
into blocks (also called clusters) that collect scenarios indistinguishable under the information
available at that gate; blocks are pairwise disjoint and their union equals . Denote: (i) C;
the DA partition at 12:00 of day D—1; (ii) C'r the RM partition at 14:00 of day D—1; (iii)
CS! | the partition just before IM session i € {1,...,7} clears; (iv) CSR;_; the partition
just before hour ¢ starts (delivery-stage set-points); (v) C'SR; the partition at IB settlement
of hour ¢. Inside any block ¢, list its | - | children (scenarios) in an arbitrary but fixed order
as {wi,...,w}. Non-anticipativity is enforced by equating, within each block, the decisions
that must be fixed at that gate [152-154].

Non-anticipativity for DA offers. DA sell/buy powers and direction flags must be identical
across scenarios within the same DA block. This is represented in Eq. 3.216:

DA+ DA+ DA— DA—
Piro, = Pruw,; Prw;, = Pruw,
sWj sWi+1 Wy sWi+1 .
sDA+ _ sDAT sDA— _ sDA- Vi=1,...,]c-1, Yee Cy, Vt=1,..., Nr.
t,wj - t,wj+1 t,w]- - t,w]-+1

3.216

Non-anticipativity for RM capacities. Upward/downward capacities and their technology
splits must coincide within each RM block. This is shown in Eq. 3.217:

RU RU RD RD
pt,wj = pt,w]‘Jrl pt,wj‘ = pt,Wj+1
pRU,BESS __RU,BESS RD,BESS _ _RD,BESS
t,w; - Ptwjg t,w; - Ptwjg .
RUJ’EL RU’EJL RDJ’EL RD’Ei Vi=1,...,]c]-1,Vee Cg Vt=1,...
pt,w]‘ = twjt1 pt,qu = twjt1
RU,FC _ _RU,FC RD,FC _ _RD,FC
pt,wj T Ptwjga pt,wj T Ptwjga

3.217

Non-anticipativity for IM redispatch. For each session ¢ and tradable hour ¢ € T;, the
intraday correction must be identical within the pre-session block. This is represented in
Eq. 3.218:

Phe. = Dr v Vi=1,...,c|-1, Yee CS. |, Vte T, Vie {l,...,7}. 3.218

Non-anticipativity for IB settlement. Positive/negative imbalances for hour ¢ are fixed at
its settlement and must be equal within the settlement block, as shown in Eq. 3.219:

Vji=1,...,lc]-1, Vee CSR,, Vt=1,..., Nr. 3.219

IB— 1IB—

1B+ __  IB+
pt,wj - pt,Wj+1
pt,wj = pt,wj'+1

Non-anticipativity for hourly operating set-points (delivery stage). All physical set-points
and logical modes used to deliver hour ¢ are chosen just before ¢ starts; they must therefore
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be identical within the pre-delivery block C'SR;_;. This is represented in Eq. 3.220:

( BESS,ch _  BESS,ch BESS,dis _ BESS.dis
t,wj — Ptwja t,wj — Ptwjya
BESS __ ¢BESS —
6t,wj - 5t W41 SOCtywj - SOCtij+1
EL EL,on _ EL,on
pt Wj pt Wji41 t,w; - pt,Wj+1
EL,sb EL,sb - Ho,EL . Ho,EL
pt Wi pt JWi41 mt,wj - t,wjit1
5EL,0n _ ¢EL,on 5EL,Sb _ ¢ELsb
t,w;  Ytwjita tw; T Ytwita
5EL,OH _ ¢EL,off 5EL,warm _ ¢EL,warm
t,wj - t,Wj+1 t Wy - t,w]-+1
EL,cold _ ¢EL,cold COMP _  COMP
e~ = Ous Py = Prusn Vi=1 1,Vee CSR, 4, Vi =1
= P 67 C — -
. HS,ch _ . HS,ch . HS,dis . HS,dis J v el =1, t—1s ’
t wj - t,wjit1 mt,wj - t,wjit1
_ sHS —
oIS =518 LOH,,, = LOH,,, .,
FC,on FC,on FC,sb FC,sb
ptwj pth_H ptwj _ptwj+1
HQ,FC _ HQ,FC 5FC,OH _ FC,OH
t,wj - t,Wj+1 t,wj - t,w]'+1
5FC,Sb _ ¢FC;sb 5FC,off _ ¢FC,off
t,w;  Ytwjita t,w; — Ytwjita
5FC,warm _ ¢FC,warm 5FC,cold _ ¢FC,cold
t,wj - t,wj+1 t,wj - t,wj‘+1
- Ho,sold . Hg,sold
Kmt,wj - t,wjt1

3.220
The NAC equalities in Eqgs. 3.216-3.220 yield a multi-stage MILP consistent with risk-
neutral multi-stage programming principles [152-154].

Stages overview. The NAC equalities in Eqs. 3.216-3.220 determine, gate by gate, which
variables must coincide across scenarios that are indistinguishable at that point in time.
This yields a time-consistent, DA—RM—IM—IB multi-stage MILP where decisions fixed
earlier (e.g., DA bids, RM capacities) become the baseline against which later recourse acts
(IM redispatch, delivery set-points, imbalances). The table below enumerates the stages in
chronological order, indicating for each one the decision packages, the exogenous information
revealed, and the recourse variables that are committed at that stage (and that function as
decisions for the subsequent stage).

For each delivery hour k =1,..., N, let

BESS,ch BESS,dlS BESS EL,on EL,sb . Ho,EL
- {p y pkw 5 SOCk W pkw7 pkw ) pkw y mk7w )
EL on EL sb EL off EL warm EL ,cold COMP HS ch . HS,dis
(5 (5 5 6 5 9 pk W ) mk w o k,w )

Hg,sold FC ,on FC ,sb HQ,FC FC ,on FC sb FC off
k,w 5kwa LOkaap ,Pkw ) mkw 5 5 , (5
FC,Warm FC,cold
6k7w ’ 5k,w }’

and collect all reserve-capacity variables as

R { RUBESS RUEL RUFC RD _RDBESS RD,EL RD,FC}
k= pkw? » Prw o Prw 9 Pruwr Prw » Prw 0 Prw

The summary of stages is thus represented in Table 3.8:

Objective function. The scheduler maximises expected profit over the daily horizon
and all scenarios represented in Eq. 3.221:

Nt

EP = .Y (REV:, — OPEX,) 3.221

weN t=1
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Table 3.8: Summary of stages, decision variables, observations, and recourse variables (day D).

Stage Decision variables Observations at stage Recourse variables
1 o € RNT Pro s Dis s One s Gt
2 Rk, ]{7:12NT CP;)Z}JVI c RNT
3 p%l, teT; c?}\fl € RIT —

4 phrteTs M2 e RIT: —
5 X 1 ]5113,(\57 CIle:t pII]?w—’—’ plle_
6 Xy by, b pit, pif
7 Pt tET; s e RIT| —
8 XS pg,X7 Cg’)Bwi péBw+7 prwi
9 X, —4PX’ Cil%wi pil?::r’ piléw—
0 X; Ly, o Py, Pl
11 pliteT M e RITH —
12 X 6 png CéBwi péBw—’—’ péBw_
13 X 7 pl;xv I7Bwi p;ﬁw—f—’ pI7Bw_
14 Xg pLY, el pr, plfs
15 Xo by, b plBt, plB
16 plo, teTs M5 e RI7| —
17 XlO pllj(},/wu Clll(s;i lelg,Jc;v p?(g),;
s X i s
oy iz (e Pl Pige
20 )%/i% PI11\3/,I,W C13.w P13ws P13w
21 pb teTs Mo € RITl —
22 Xy Pitw: Cliw Plte Priw
23 Xy Piyw: Clow Piss Plaw
24 Xy Plows Clow Pioer Plow
25 Xy Pirw: Clrw Pirss Pire
26 X18 _11)8\,/w7 Cllgi lelg,Jcruv p118,;
27 AXI'&/? pllljl\%/w Cllgi lelgjﬂ plllg,;
28 Piw > tE€Tr c." € RI77 —
20 Xy Phowr oo Phosss Pogs
30 Xo1 _51\,/:,.)’ 121?3 PS?LLJ’ pgi;
31 Xp Phs Cony Pootos Prg
32 X P Coze Py Pa3
33 Xu Doy Cote Dot Prie
Revenues.
REV,, = ) (po’ — v ™) At + ! (0l +pill)
DA r;,;enues Reserve cap;gity payment
+ Z C%’ p?fj At + cgz’f pg’f At
3.222
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Operating expenditure.

OPEXti = CE?U_ pii_ At + CHQO "/;JEIUQO,EL At

Negative imbalance payment Electrolyser water consumption
EL,wa EL,cold
+ CEL,warmPEL ) ,warm + CEL,coldPEL b

nom"“t,w nom "~ t,w
N 7

Electrolyser start-up
FC FC,cold
+ CFC,WarmPFC 5 ,warm + CFC,coldPFC ) ,CO.

nom "~ t,w nom "~ t,w
TV
Fuel cell start-up 3.223
BESS,dis + BESS,ch
+ Cage,BESS Dtw Dtw At
BESS
2 Enom
N -~ o
BESS ageing (cycle-throughput proxy)
,EL ¢EL,on ,JFC ¢FC,on
b cmeBLgFLon gy eeFO gRCon Ay
Electrolyser ageing (ON-hours) Fuel-cell ageing (ON-hours)
Ageing coefficients.
BESS 1,7BESS EL pEL FC pFC
age,BESS __ SRC Enom age,EL __ SRC Pnom age,FC __ SRC Pnom
¢ - Pl 2T _mom eeeFC _ 2TH_—nom 3994
CYCrax LT LT

with SRCPFSS [€/kWh], SRC** [€/kW], and SRC"® [€/kW] being the specific replacement
costs of BESS, EL, and FC respectively. Here cyc, .. [cycles| is the number of equivalent full
cycles over the BESS lifetime, while LT®" [h] and LT*® |h] are the operating lifetimes of EL
and FC.

Interpretation of the revenue terms.

DA revenues. The DA posture provides the baseline energy schedule. A positive pff“ is
a sale that earns the DA price c?ﬁ, whereas a positive pgﬁ_ is a purchase that reduces the
net DA revenue. The factor At converts the cleared powers into settled energy.

Reserve capacity payment. Upward and downward secondary reserve capacities, pffg
and pyD, receive a capacity fee ¢ty in €/kW for the delivery hour. The reserve-feasibility
constraints (rate headroom /footroom and energy margins) ensure that the offered capacities
can be sustained for the activation window without violating device limits (BESS C-rate and
SOC margins, EL/FC operating regions, HS inventory bounds).

Intraday redispatch. Intraday sessions allow for sequential corrections of the DA posture
as new prices and forecasts arrive. Each signed position p%’ settles at its session price C?\fj
Positive values represent additional sales; negative values represent purchases. Session- and
hour-wise caps relative to DA curb excessive reshuffling and speculation.

Positive imbalance credit. If the realised net injection exceeds the scheduled posture after
DA and IM trades, the surplus p}tff is credited at c,{ff. The realised injection is determined
by the delivery-stage AC balance coupled with the hydrogen routing, while the scheduled
posture is the sum of DA and intraday positions.

Hydrogen sales. When the sale flag ¢ is active, exported hydrogen mf’lj’s‘ﬂd earns c'l2
[€/kg|. This term monetises hydrogen as a product and competes with either storing it in
HS for later use or reconverting it to electricity in the FC at high-value hours. When ¢=0,
the sale variable is forced to zero and the term vanishes.

Interpretation of the OPEX terms.
Negative imbalance payment. If the realised net injection is short of the scheduled posture,
the shortfall pgf is settled at cgi’ (always higher than cgf for definition). Together, the
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positive and negative imbalance settlements create a strong incentive to maintain feasible
delivery-stage set-points and to use intraday markets and reserves prudently.

Electrolyser water consumption. Hydrogen production consumes demineralised water
which is priced at ¢H2°.

Electrolyser and fuel-cell start-up costs (€ /kW-event). Warm and cold starts are priced
per event using nameplate powers and coefficients cPlovarm cElicold | (FCwarm  (FCcold i) & /]\W
Multiplying by PEL or PEC scales the event cost to the installed capacity. Distinguishing
warm/cold captures different thermal stress, consumables, and degradation impacts, and
discourages gratuitous cycling among OFF/STANDBY /ON.

BESS ageing (cycle-throughput prozy). The BESS ageing term estimates the rate of
equivalent full cycles in the hour as the total power throughput divided by energy capacity,
then prices it at ¢*8>B55 |€ /cycle]. This linear proxy is a MILP-friendly surrogate for rainflow
counting: shallow opportunistic adjustments cost little, while sustained high-depth cycling
accumulates larger ageing expenditure and is thus optimised only when economically justified.

Electrolyser and fuel-cell ageing (ON-hours). Producing hours are priced by c%EL
and ¢*¢FC [€/h] through the mode indicators 5E Tonand 55 Con - These terms capture
the progressive wear associated with time-at-load (stack degradation), while the start-
up costs capture the concentrated damage due to thermal and electrochemical transients.
The combination avoids unnecessary runtime and unnecessary starts without introducing

nonlinearities beyond the already present commitment binaries.

Multi-stage stochastic MILP formulation (market-coupled scheduling). Dropping
sizing (pure scheduling) and enforcing gate-wise non-anticipativity, the complete multi-stage
stochastic MILP is summarised in Eq. 3.225. Let {v;,} collect continuous operating set-points
and market powers, {J;,} all binary mode/commitment and direction flags, and {z;,} the
intertemporal states (e.g., SOC, LOH).

max EP as in Egs. 3.221-3.223

(Vw61 w0t} WED

s.t. Hydrogen mass balance and sale switch (Egs. 3.191-3.192)
PV availability (no curtailment) (Eqgs. 3.128-3.130)
EL conversion and operating states (Eqgs. 3.135-3.145)
COMP rating and linear electric load (Eqs. 3.147-3.148)
HS dynamics and bounds (Eqs. 3.149-3.154)
FC conversion and operating states (Eqgs. 3.155-3.163)
BESS dynamics and bounds (Eqgs. 3.164-3.168)
DA: bounds and monotone bidding curves (Egs. 3.193-3.196)
RM: tech splits and feasibility over T%™ (Eqs. 3.197-3.210)
IM redispatch (Egs. 3.212-3.213)
IB settlement: ex-post deviation and bounds (Egs. 3.214-3.215)

Gate-wise NAC (Egs. 3.216-3.220)
3.225

Scenario generation and reduction. The stochastic drivers entering the multi-stage
MILP are the PV availability and the market prices at the information times defined by the
DA—RM—IM—delivery—IB sequence. For each delivery hour t = 1,..., Ny and scenario
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w € €2, the model consumes the paths

PV DA RM M, IB+ IB—
Prows Crwr Cruwo {Ct " Ji€Ts Ctw s Crw o

with probabilities 7, satisfying 7, > 0 and ) ., 7, = 1. The joint stochastic process
is approximated by a discrete-time scenario tree that preserves the sequential information
structure of the decision problem [243]. Historical series for DA, RM, IM, and IB are sourced
from OMIE, and PV generation at the HRS site from PVGIS. All prices are converted to the
units used in the formulation (energy prices in €/kWh, capacity prices in €/kW); missing
values are imputed conservatively and time-stamps are aligned to the Spanish market calendar.
To build the scenario tree a two-phase pipeline is adopted, as it has been done in [244].

(i) Phase I: statistical generation of a scenario fan. A Time Series Factor Analysis
(TSFA) is first used to reduce dimensionality of the stacked vector of PV and prices
while retaining the dominant comovements [245]. On the latent factors, a vector
autoregressive model VAR(p) is fitted to capture temporal and cross-variable dependence
[246]. Future factor paths are generated by bootstrap of the fitted VAR innovations
[247]; reconstruction through the TSFA loadings yields a large Monte Carlo fan of
joint trajectories for (pFY, cPA, M [cMi}, ) Bt ABYNT  This phase preserves:
(a) marginal distributions of each series; (b) serial correlation; (c) cross-market and
PV-price dependencies.

(ii) Phase II: forward tree construction (scenario reduction). The fan is compressed
into a tractable, recombining scenario tree by a forward selection algorithm in the sense
of Dupacova-Growe-Kuska—Roémisch [158]. The reduction minimises a transportation
(Wasserstein/Kantorovich) distance between the empirical distribution of the fan and
the reduced tree, computed on standardized variables so that PV and the various price
series contribute comparably. Branching points are aligned with observation times
(DA, RM, each IM session, and the pre-delivery/IB updates), i.e., with the partitions
Cy, Cr, CSL |, CSR;_;, and CSR; introduced in the non- antlclpatlmty constraints.
In this way, each node aggregates fan paths that are indistinguishable at that gate,
and children represent the admissible information reveals at the next gate. Leaf nodes
correspond to full-day trajectories; their probabilities 7, are the reduced (reweighted)
masses inherited from the selected fan members.

Interface with the MILP. The reduced tree provides, for every node / gate and delivery hour
t, the scenario-indexed inputs p;y and market prices ¢, ¢, {ci Vier,, ci5F. Because
branching times coincide with the gates used to define non-anticipativity, the equality
constraints in Eqs. 3.216-3.220 are satisfied by construction: decisions fixed at a node are
common to all its children, while recourse at later gates can adapt to the branch taken. This
ensures time-consistent, gate-wise feasible scheduling while keeping the number of scenarios
|2] computationally tractable.

Calibration and checks. Prior to reduction, all series are standardized (zero-mean, unit-
variance) within each delivery hour to respect intraday seasonality; after reduction, the
selected tree is de-standardized and re-scaled to physical units. Basic diagnostics verify
that (i) hourly marginals are reproduced (quantiles and means), (ii) key cross-correlations
(PV—price, DA-IM-IB) are retained, and (iii) the reduced tree yields DA-to-IM price spreads
and IB premia consistent with historical evidence.

This compact description follows the scenario-tree methodology of [244] (see also [243]).
For complete modelling details, statistical options, and algorithmic parameters (TSFA
specification, VAR order selection, bootstrap settings, and the specific distance used in the
forward selection), the reader is referred to the Ph.D. thesis of Cuadrado Guevara [244].
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4. RESULTS AND
DISCUSSION

This chapter reports five independent studies. Each has its own section, with methods
referenced to the relevant chapters: the rule-based Multi-Energy System Simulator in Sec-
tion 3.1, deterministic mixed-integer linear programming in Section 3.2.3, two-stage stochastic
mixed-integer linear programming in Section 3.2.4, and multi-stage stochastic mixed-integer
linear programming in Section 3.2.5. In brief:

Rule-based: Case I — SOFC-based CHP for a paper mill (Section 4.1). A
like-for-like benchmark of a solid-oxide fuel cell with a heat-recovery steam generator
against a natural-gas-fired gas turbine with a heat-recovery steam generator under
real paper-mill loads (electricity plus 20 bar saturated steam), using hourly rule-based
simulations with the Multi-Energy System Simulator; the techno-economic analysis
reports the levelised cost of hydrogen (LCOH) for grey and green hydrogen and the
system-level net present cost (NPC) [248].

Rule-based: Case II — Optimal grid-connected PV-PtH plant (Section 4.2).
Nation-wide sizing of a grid-connected PV-based power-to-hydrogen plant to serve a
constant industrial hydrogen demand; a genetic algorithm coupled to the Multi-Energy
System Simulator searches designs across the Italian bidding zones, with degradation
of the photovoltaic system, battery and the electrolyser reflected in the LCOH [249].

Deterministic MILP — Hydrogen storage technologies (Section 4.3). A perfect-
foresight joint sizing—scheduling baseline that embeds storage inside the plant optimisa-
tion; compares compressed gaseous hydrogen tanks, underground hydrogen storage, and
metal-hydride storage on a common LCOH basis under a certification cap consistent
with the European Union Renewable Energy Directive III [233].

Two-stage stochastic MILP — Island decarbonisation (Section 4.4). A stand-
alone hybrid renewable energy system for a real Mediterranean island (Pantelleria): a
single design is chosen before uncertainty is realised, while hourly operations adapt
scenario-by-scenario; the system includes photovoltaic generation, wind turbines, an
electrolyser, a compressor, hydrogen storage, a fuel cell, a battery energy storage system,
and a diesel generator; the study quantifies the premium for reliability and emissions
compliance relative to the deterministic baseline [234].
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e Multi-stage stochastic MILP — Market-coupled scheduling (Section 4.5).
Operating-phase scheduling for a hydrogen refuelling station treated as a hydrogen-
enabled virtual power plant: the formulation co-optimises day-ahead bidding, secondary-
reserve capacity, all intraday redispatches, and ex-post imbalance settlement along the
Iberian market sequence to reduce the LCOH in the operative phase [238].

4.1 Rule-based: Case I — SOFC-based CHP for a paper
mill

4.1.1 DMotivation, scope and contributions

Industry remains one of the most energy- and carbon-intensive sectors, with many
processes requiring the simultaneous supply of electricity and high-temperature heat. The
pulp-and-paper sector is emblematic: it exhibits relatively flat electric loads alongside a
persistent demand for saturated steam at medium pressure, making it a natural candidate
for cogeneration yet a difficult target for full electrification of heat. Hydrogen has emerged
as a promising cross-vector for decarbonisation, enabling both short-term storage and fuel
substitution. Within this context, SOFCs offer high electrical efficiency and high-grade
thermal by-product, potentially suitable for steam generation when appropriately integrated
with a HRSG.

Despite growing attention to hydrogen in multi-energy systems, the use of SOFC co-
generation to deliver pressurised process steam for industrial users remains comparatively
underexplored. This case study examines whether an SOFC-based CHP layout—embedded
in a hydrogen-centred, renewable-integrated system—can meet the stringent steam and
electricity needs of a real paper mill while improving environmental and techno-economic
performance versus a conventional GT-HRSG benchmark.

Contributions. Building on the case and methods of Section 3.1.1 and [248], this study: (i)
benchmarks SOFC+HRSG against a proven GT+HRSG baseline under identical industrial
loads; (ii) embeds SOFC cogeneration within a multi-energy framework with on-site green-H,
production, compression and daily storage; (iii) quantifies techno-economics via LCOH for
the PtH chain and net present cost (NPC) at system level. Hourly simulations are conducted
with the rule-based MESS framework to capture load variability and part-load behaviour of
components. The application is a paper mill in Tuscany (Italy) with hourly electric demand
P4 and thermal demand pi™*™ in the form of saturated steam at Py, = 20 bar (Figure 4.1).
The demand time series are treated as exogenous inputs to MESS.
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Figure 4.1: a) Electric and thermal load profiles. b) Electric and thermal load curve.
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4.1.2 Configurations

GT and SOFC modelling—including electrochemistry /thermodynamics, off-design, and
HRSG couplings—follow the dedicated component sections (GT: Section 3.1.1; SOFC: Sec-
tion 3.1.1). To ensure a like-for-like comparison, the nominal electrical powers are matched:

PCT — prC — 54MW,,

nom nom

implemented on the SOFC side as N,,,q = 54 identical modules of 100 kW each.
Three cogeneration alternatives are compared to satisfy the demands:

1. GT configuration (baseline). Figure 4.2. A hydrogen-fired GT supplies electric power;
its hot exhaust drives a single-pressure HRSG delivering saturated steam to the mill
header at Py, = 20bar. An auxiliary steam generator (SG) covers residual thermal
deficits.

Electricity

-+
——p= Heat é
e Natural Gas

\ J

| i

B e

| Electricity grid | | Paper Mill | [ Steam Generator

Figure 4.2: Baseline GT+HRSG configuration (schematic).

2. S1 configuration (SOFC on grey Hy). Figure 4.3. An SOFC-based CHP plant provides
electricity and high-grade heat; the mixed SOFC exhaust drives a single-pressure HRSG
to the same header. Hydrogen is supplied from an on-site steam—methane reformer
(SMR) and an auxiliary SG covers residual thermal deficits

3. S2 configuration (SOFC on green Hy). Figure 4.4. On-site green hydrogen is produced
via a PV field (Section 3.1.1) driving a PEM electrolyser (Section 3.1.1); hydrogen is
compressed (Section 3.1.1) and stored as CGH, at P™ = 300 bar (Section 3.1.1). The
SOFC+HRSG supply electricity and steam as in S1; an SMR provides grey-H, back-up
and an auxiliary SG covers residual thermal deficits.

Unlike the other components, the SMR and auxiliary SG are not detailed in Section 3.1.1;
their simplified models are summarised here. A conventional SMR mixes pressurised CH, with
steam to produce Hy. Following He and Li [250], an overall SMR efficiency n°M® = 68.7 %
(LHV basis) is adopted. In S2, the SMR is enabled only as a back-up to keep the SOFC
operating overnight when the green-Hy inventory in the CGH, tank would otherwise drop
below its lower bound; in S1 it acts as the primary hydrogen source. The SG is modelled at
fixed efficiency n°¢ = 90 % (LHV) [251], converting NG to saturated steam at Py = 20 bar.
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Figure 4.3: S1 configuration: SOFC+HRSG on grey Ho supplied by a SMR. SG back-up.
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Figure 4.4: S2 configuration: SOFC+HRSG on green Hy (PV—EL—COMP—CGH,, SMR and

SG back-up).
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4.1.3 Rule-based workflow

For conciseness, the following dispatch sequence refers to the S2 (green-Hy) layout; the GT
baseline and S1 are recovered by disabling the PV-EL-COMP-HS chain and/or replacing the
prime mover as described above. At each step of the loop in Section 3.1: (i) PV generation
first serves ptel’dem; (ii) any PV surplus drives the electrolyser, subject to device guards and
available storage headroom; (iii) produced H, is compressed to P and updates the tank
LOH; (iv) when PV is insufficient, the SOFC is dispatched within its part-load envelope to
supply electricity and, via the HRSG mapping, steam; (v) if LOH hits its lower bound, the
SMR supplies Hy (primary in S1, back-up in S2); (vi) the HRSG-derived steam is compared
against pzh’dem; any residual is met by the SG; (vii) the residual electric load is covered by
the grid; (viii) inventories and device states are updated.

Figure 4.5 illustrates the hourly dispatch produced by the rule-based simulator for the S2
layout over representative two-week windows in February, July and December. Photovoltaic
surplus is converted to hydrogen and stored during daytime; the tank discharges overnight to
sustain solid-oxide fuel cell operation, while the steam—methane reformer provides back-up
only when the storage inventory reaches its lower bound.

4.1.4 Technical and economic inputs

The techno-economic assessment adopts two main metrics defined in Section 3.1.2: (i)
LCOH for the PtH chain (PV, EL, COMP, CGH,) defined in Eq. 3.110 and (ii) NPC for
the whole system (including SOFC/GT, SG, SMR) defined in Eq. 3.108. Following common
practice, LCOH excludes revenues from electricity exported to the grid to avoid biasing plant
sizing; NPC is also reported without remuneration, while sensitivity including remuneration
is discussed separately. The discount rate and project lifetime are set to DR = 5% and
N = 30 years, respectively.

Table 4.1: Asset-specific economic inputs.

Asset a CAPEX™* frac“M LT, fracl®™ Reference
PV 690[€/kW] 00129 25 080 [252]

EL See Eq. 4.1  See Eq. 4.2 15 0.30

HS (CGH,, 300 bar) 463 [€/kg] 002 30 080 [253]

SOFC 3000 [€/kW]  0.02 15 080 [94]

COMP See Eq. 4.3 0.02 20 0.80

SG 308 [€/kW] 0.01 30 0.80 [254]

SMR 280 [€/kW] 0.02 30 080  [250, 255, 256]

Table 4.1 reports the asset inputs, in particular CAPEX™" | fixed O&M fractions fraCaO&M,
lifetimes, and replacement fractions frac, ™

The EL capital cost CAPEXgy, [€] is evaluated according to industrial stakeholder data
via the correlation in Eq. 4.1:

CAPEXg, = 1185 (PL;

nom

)0.925 41

Y

with PEL [kW]. The EL fixed O&M cost O&Mgy, [€/year]| is not treated as a simple fraction

nom

of the capital investment, but is computed from the correlation in Eq. 4.2:

O&Mgy, = (349.8 (PEL)™"%) pEL 4.2

nom nom*
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Figure 4.5: Hourly electric balances, hydrogen storage inventory (LOH), and steam-methane
reformer back-up over representative two-week windows in February (a), July (b), and December (c).
Layout: 40 MW, PV, 20 MW, electrolyser, 1.1 MW, compressor, 3.2t
compressed-gaseous-hydrogen storage at 300 bar, 5.4 MW solid-oxide fuel cell, 10.8 MWy,
steam—methane reformer, 15.5 MWy, auxiliary steam generator.
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The COMP capital cost CAPEXcomp [€] is evaluated by the correlation in Eq. 4.3:

CAPEXcomp = 0.91 x 51901 x (12 F1) "% 4.3

max

where m!2EL (ko /h] is the maximum hydrogen production rate of the EL.

Table 4.2 lists the baseline values used in the revenue and cost KPlIs.

Table 4.2: Baseline price signals used in the KPIs.

Stream Symbol Baseline value Reference

Electricity imported from grid "™ 200 [€/MWh]  [257]
Electricity exported to grid e 65 [€/MWh]  [258]
Process water purchased cy?° 4 [€/m?] [259]
Natural gas purchased (LHV) NG 40.9 [ €/MWh]  [260]

Y

4.1.5 Results and discussion

GT vs SOFC cogeneration result. Consistently with the reference SGT-100 (Sec-
tion 3.1.1), the GT prime mover is set to PS¢ = 54MW,,. For a fair benchmark, the SOFC

nom

stack is sized identically, PFS = 5.4 MW, (Section 3.1.1). Although P,y is matched, the
technologies differ markedly in electric/thermal performance and in how their exhaust couples
to a single-pressure HRSG delivering saturated steam at 20 bar (T, ~ 212°C). The HRSG
guards specified in the component sections are adopted: ATy, = 10K for both GT and SOFC;
economiser subcooling ATy, = 10K for the GT (Table 3.5) and ATy, = 75K for the SOFC
(Table 3.6); minimum stack temperature Tyack min = 105 °C applied to both cases to enforce
a common floor. Table 4.3 summarises nominal figures at ISO design. With n°:¢T = 30.2%
and 7°"FC = 50.5%, the corresponding LHV input powers are Pfl = 17.8 MWy, and
PES, = 10.8 MW y,.

Table 4.3: Nominal GT vs SOFC characteristics and HRSG guards at Py = 20 bar.

Parameter Units GT SOFC
Output electric power [MW] 5.4 5.4
Electric efficiency %]  30.2  50.5
Input thermal power [MW] 178 10.8
Exhaust temperature [°C] 549 800
Exhaust mass flow lkg/s| 21 2.6
Pinch point AT, K] 10 10
Subcooling ATy, K] 10 75

Stack temperature floor Tstackmin ~ [°C] 105 105

Steam generated to 20 bar [keg/s|] 3.97  0.98

For a hydrogen-fired GT, the exhaust is mainly Ny and HoO with residual O,. The SOFC,
by contrast, mixes a dry cathode stream (mostly N, little/no Os) with a wet anode stream
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Figure 4.6: HRSG temperature-heat (T—Q) diagram for GT+HRSG and SOFC+HRSG.

rich in H,O. Figure 4.6 depicts the HRSG temperature-heat (T-Q) diagram for GT+HRSG
and SOFC+HRSG.

Figure 4.6 shows that the SOFC exhaust carries substantial latent heat at near-atmospheric
pressure that cannot be converted to 20 bar saturated steam while honouring Tiiack min >
105°C and the AT guards (Egs. 3.87-3.90). Combined with mf§ < mS1 (partly offset
by the higher T.,;,), this limits convertible sensible heat: with the guards above, mfC =
0.98kgs™* versus mSG" = 3.97kgs . The SOFC steam is ~25% of the GT case at the same
header conditions. As a result, the SOFC branch attains an effective thermal utilisation of
nFC ~ 25 %, for n'°tFC ~ 75.5% (definitions in Eq. 3.85). These values are consistent with
literature ranges for SOFC-CHP and, crucially here, rationalise dispatch choices and the SG
sizing to cover the remaining steam load.

GT, S1 and S2 configuration comparison. For the reasons explained in the previous
paragraph, the auxiliary SG capacities differ across configurations: in the GT baseline the SG
is sized at P3¢ = 3.5 MWy, (header guarantee at peak), in S1 at 12.7 MWy, (to compensate
the limited SOFC-derived steam), and in S2 at 15.2 MWy, (SOFC often idles during sunny
hours due to PV priority on the electric load). Where present, the SMR is sized on the SOFC
fuel input to ensure continuity when green H, is unavailable: PSMR = 10.8 MW,,. In S2, the

PtH chain adopts the reference pair (PPV PEL ) = (40 MW, 20 MW,)); the compressor is

nom?’ nom

sized on the EL’s 2L (PCOMP — 1 1 MW,)), and CGH, storage is set to m!> = 3.2t at

max nom nom

PHS = 300 bar, targeting ~8 h daily cycling rather than seasonal storage.

Annual energetic outcomes. In the GT configuration, the GT+HRSG cogeneration block
satisfies 93% of the steam demand and 85% of the electricity. The residual 7% of steam is
supplied by the SG and 15% of electricity by the grid. In fuel terms this corresponds to
an annual NG consumption of 10915 t in total (about 10452 t in the GT and 463 t in the
SG). With the SOFC in S1 (electric-follow), the picture flips: the SOFC covers essentially
all electricity (99.9%) but, due to the HRSG convertibility limit discussed in the previous
paragraph, delivers only 26% of the steam. Consequently the SG must supply the remaining
74%, raising site fuel consumption. Producing the SOFC fuel via the on-site SMR entails
2561 t Hy (grey) over the year, which requires 9424 t NG. The SG adds a further 4992 t NG,
so total NG rises to 14416 ty~!, i.e. about +32% vs GT. This outcome is structural at
Pst = 20 bar: matching P,., maximises fairness on the electric side, but the lower steam
deliverability of SOFC+HRSG compels sustained SG operation.

Introducing the PtH plant (S2 configuration) shifts the balance. PV generation directly
serves the electric load first and drives the EL with any surplus, enabling 701 t Hy (green)
over the year. Because winter and night-time PV are limited, the SOFC still relies on the
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SMR in continuity mode (853 t Hy grey), concentrated in low-irradiance periods. Electrically,
PV supplies 39% and the SOFC the remaining 61%, leaving a negligible grid share (0.02%).
Thermally, the HRSG on the SOFC exhaust contributes 16% of steam and the SG the
remaining 84%—higher than in S1 because PV often meets the electric load at mid-day, idling
the SOFC and shifting the entire steam duty to the SG. In fuel terms, S2 uses 3137 t NG in
the SMR and 5675 t NG in the SG, totalling 8812 ty~*, i.e. only about —20% versus the
GT baseline while meeting the same loads. Thus, without optimising the sizes in the S2
configuration, the gain in terms of reduced emissions is limited.

S2 configuration optimisation. A simulation-based optimisation is performed for the S2
layout with the LCOH as objective and NPC and annual NG use as additional indicators. The
sizing vector is s = PYV - PEL The compressor is still rated on the EL maximum hydrogen

flow 2Bl and the CGH, tank capacity m!> provides 8 h of continuous EL output (daily
storage). Two S2 economic cases are considered for LCOH: Case A (no remuneration for
PV exports) and Case B (PV exports remunerated at ¢;"*® = 65€/MWh [258]). Points
with PPV = 0 correspond to S1 configuration (SOFC relying only on grey Hs), but export
remuneration is not applied to S1. Figure 4.7 shows contour maps for capacity factors
(CFs), annual H, production, and LCOH over the design plane PV € [0,200] MW, and

nom

PEL € 10,175] MW, In Figure 4.7a, the SOFC CF decreases as P.Y increases (PV priority
on the electric load); the SOFC CF reduces from 92% (S1) to about 50% at high PV, with the
covered electric load falling from 99% to 55% and the HRSG-derived steam share from 26% to
14%. The EL CF remains bounded below 30% because the EL operates only on PV surplus.
In Figure 4.7b, green Hy for SOFC feedstock rises from 0 t (S1) up to 1400 t by increasing
PV and EL, while grey H falls from 2561 t to 5 t. The non-zero grey requirement at large
sizes is a direct consequence of adopting daily—not seasonal—storage. Figure 4.7c shows cost
maps: grey LCOH increases when PV /EL displace SMR throughput (lower cost recovery),
whereas green LCOH attains a minimum in a band PLY = 38-60 MW, PEL = 18-30 MW,,.

Beyond this band, the incremental capex of PV /EL exceeds the benefit from higher EL
utilisation.

For each value of the annual grey-Hy share used by the SOFC, the configuration achieving
the minimum green LCOH is selected and plotted. Figure 4.8a reports the NPC breakdown
by asset (stacked bars, left axis) and the NG use relative to the GT baseline (points, right
axis). At 100% grey (S1 configuration), NPC is lowest and dominated by the SMR, but
the total NG use is 14416 ty~!, which is 32% higher than in the GT configuration. As
the grey share decreases, the cost centre shifts from SMR/SG to PV and EL; the “Grid
export” bar grows because larger PV plants export surplus electricity. Near-zero grey share
requires significant storage investment (e.g., 28 t CGHy, about 7% of NPC), in line with
[261]. Complete decarbonisation is precluded by the 20 bar steam requirement: even with
negligible grey Hy, NG can only be reduced by about 50% because the SG remains essential.

Figure 4.8b shows the green and grey LCOH for Case A and Case B. For 0% grey, the
green LCOH is 14.2€/kg in Case A and 8.5€/kg in Case B. The minimum green LCOH
is reached at about 40% grey share, equal to 5.81€/kg (Case A) and 5.26 €/kg (Case B).
These values fall within the upper portion of the ranges reported for PV-based PtH systems
[262, 263].

The minimum-LCOH configuration occurs at a grey share of 40% with

PPV —50.6 MW, PEL =252MW,, PO =14MW,, mS =39t

nom nom nom nom

A 25% reduction in NG relative to GT is obtained, and the green LCOH equals 5.81€/kg
in Case A (5.26€/kg in Case B). The PV /EL capacity ratio equals 2, consistent with [264,
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Figure 4.7: S2 configuration. a) EL and SOFC capacity factor, b) total green and grey-Hs
produced, c) green and grey LCOH varying PV and EL capacity. The line with PLY, = 0 reduces to
S1.
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265]. On an annual basis, PV production is allocated as follows: 17.65 GWh (24%) to the
site electric load, 46.21 GWh (63%) to the EL, 1.82 GWh (2.5%) to the compressor, and
7.64 GWh (10%) exported. The SOFC supplies about 60% of the site electricity using 59%
green and 41% grey Hy, whereas the SOFC+HRSG provides 15% of the steam; the remainder
is supplied by the SG, which limits the achievable CO, reduction to about 25% with the
given header pressure.

Figure 4.9a reports the LCOH percentage contributions at the optimum: PV exceeds 50%
of total, namely 3.62€/kg. Accounting for the 24% share of PV used directly by the site
reduces the PV-attributed LCOH to 2.75€/kg and the adjusted total to 4.95€ /kg (4.4€/kg
in Case B). Figure 4.9b shows the NPC percentage contributions: SG 28.7%, PV 27.3%,
SOFC 14.9%, EL 12.9%, SMR 12.5%, compressor 2.3%, CGH, tank 1.3%. Including PV
export remuneration lowers the total NPC by about 4% (from 183.8 M€ to 176.2 M<€).

H2 Tank Comp
2.3% 4.3%

EL
19.8% EL

Comp 1%
H2 Tank 0.7%

water purch. 2% Comp 2.3%

Ope
PEX Capex H, Tank 1.3%
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a) 53.6% b) s

PV

Figure 4.9: LCOH (a) and NPC (b) percentage contributions in the optimal S2 configuration.

4.1.6 Main findings and methodological reflections

Main findings. Within the rule-based MESS framework of Section 3.1, the case confirms
that SOFC-CHP can be integrated effectively in an industrial multi-energy setting, but its
coupling to a single-pressure HRSG at Py = 20 bar structurally limits steam deliverability
compared with a like-for-like GT. Under the common guards, the GT exhaust maps to
™ = 3.97kgs™! while the SOFC exhaust maps to 0.98kgs " (Figure 4.6); hence the SOFC
branch retains its electrical advantage but yields modest thermal recovery. Annual balances
reflect this: the GT covers 85% of electricity and 93% of steam with 10915 t NG; S1 (SOFC
on grey Hs) covers 99.9% of electricity but only 26% of steam, requiring 2561 t Hy from
SMR and 14416 t NG; S2 (PV+PtH+SOFC) shifts a large share of electricity to PV (about
39%) and reduces NG to 8812 t, but the SG remains the thermal closer when PV idles the
SOFC at mid-day (Figs. 4.7-4.8). The S2 optimisation identifies a clear LCOH minimum
at PPV = 50.6 MW, PEL = 252MW,, Pom = 1.4MW,, mS = 3.9t, with green
LCOH = 5.81€/kg (dropping to 5.26 €/kg with export remuneration) and a 25% reduction
in NG versus GT (Figs. 4.7, 4.9). Full site decarbonisation is not achieved because the SG
structurally supplies most steam.

From an industrial perspective, these results suggest that SOFC-CHP at equal P,qy, is
best aligned with sites whose electric demand dominates the thermal duty, or with steam
conditions and heat-recovery schemes less restrictive than a single-pressure HRSG at 20 bar.
In paper mills with steam-heavy profiles, SOFCs still play a valuable role as high-efficiency
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electric anchors within PV-PtH systems, but achieving deep decarbonisation of the steam
duty requires decarbonising even the SG fuel.

Methodological reflections. Methodologically, the rule-based approach used throughout the
thesis behaves as intended: it encodes physical guards and operational priorities transparently,
reproduces plant-like behaviour without perfect-foresight dispatch, and scales to parametric
mapping with modest computational burden. At the same time, it does not guarantee global
optimality and its outcomes depend on the rule stack (e.g., PV priority idling the SOFC at
mid-day). This coherence between method and outcomes reinforces the thesis claim that
rule-based simulation is a practical decision aid for early-stage sizing and benchmarking of
multi-energy industrial systems.

4.2 Rule-based: Case 2 — Optimal grid-connected PV-
based PtH plant

4.2.1 Motivation, scope and contributions

Building on the previously analysed case, this section extends the analysis from a single
industrial site (the paper mill in Tuscany) to a nation-wide perspective. In the previous
case, component sizes were explored via multiple rule-based simulations without an explicit
optimiser, and the plant served combined electrical and thermal demands via CHP logic. Here,
the focus shifts to a grid-connected PV-based PtH plant dedicated to a constant industrial Hy
demand; component sizes are optimised with a Genetic Algorithm (GA) embedded in MESS
to minimise the LCOH. While green Hy costs remain higher than fossil-derived alternatives,
the study quantifies how location (Italian bidding zones), hourly resource availability and price
signals, and rule-based operating constraints shape cost-optimal designs under grid-connected
operation. Dispatch is done using MESS (Section 3.1).

Contributions. Building on the components and methods of Section 3.1.1 and [249], this
study: (i) integrates ageing of PV, EL and BESS (with replacements where due) directly
into the techno-economic model so that LCOH reflects lifetime performance drift rather than
nominal points; (ii) clarifies the role of short-term Hj storage versus a battery, showing that
daily Hy storage is typically the primary flexibility lever, with batteries only attractive under
specific market /regulatory conditions; (iii) delivers GA-based, zone-specific sizing that links
hourly PV producibility and zonal prices to LCOH and grid exchanges under the adopted
rule-based dispatch.

4.2.2 Configurations

All technologies involved in the PtH plant adopt the physics—faithful rule-based blocks
in Section 3.1.1: PV (Section 3.1.1), AEL (Section 3.1.1), COMP (Section 3.1.1), CGH,
storage (Section 3.1.1), and (optionally) BESS (Section 3.1.1). A constant industrial hydrogen
demand thQ’dem = 500kgh™" typical of HTA sectors is imposed at the simulator timestep
(hourly). At nominal conditions this requires a continuous electrical input of about 27.1 MW,
to the AEL; due to PV intermittency, the installed AEL capacity is oversized relative to this
nominal requirement so that short-term Hs buffers can be built and later dispatched. Two

grid-connected alternatives are assessed:

1. S1 (baseline PtH). Figure 4.10a. PV drives the AEL; produced Hj is compressed and
stored in CGHy vessels; the grid is used for residual import/export.
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2. §2 (PtH + BESS). Figure 4.10b. Same as S1 with the addition of a grid-coupled Li-ion
BESS integrated on the AC bus for hour-scale reshaping of PV usage.

Grid Electrolyzer Compressor H, tank Grid Electrolyzer Compressor H, tank

-0: o o
% é
Battery Hard-to-abate SZ)
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indust
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Figure 4.10: PtH plant configurations: a) S1; b) S2.

PV production pf'V is obtained from PVGIS TMY series and scaled via Eq. 3.2; geometry
is single horizontal-axis tracking (N-S), with a site-dependent tilt and azimuth fixed due south.
Annual module ageing of 1% and system losses of 9% are applied to find ﬁfv’lkw, consistently
with Section 3.1.1. The AEL block is instantiated as a bank of identical 500 kW commercial
modules operated in parallel with sequential commitment; a per-module minimum input
power guard of 10% is enforced. Using the numerical values summarised in Table 3.3 the
nominal specific electricity consumption is SEC** = 54.1kWhkg™! (about 61% on an LHV
basis). Ageing follows Eq. 3.31; modules start at V;,, = 100 V and are replaced upon reaching
Vop = 115V. Hydrogen compression power is computed from the pressure-span—dependent
specific consumption in Eq. 3.41; this corresponds to a specific electricity consumption of
2.21 kWhkg™! for the chosen pressure span. CGH, storage provides daily balancing, with the
inventory state LOH; advanced by Eq. 3.42. The operating pressure band is set at 300 bar.
In S2 only, a Li-ion BESS is included. Its SOC,; evolves according to Eq. 3.53 under the
bounds in Eq. 3.54; numerical BESS parameters are reported in Table 3.4. SOH updates
follow Eq. 3.60 on a weekly grid.

4.2.3 Rule-based workflow

At each hour, MESS applies the same policy structure as in Case 1 (Section 4.1), adapted
to a pure Hy service: (i) acquire pt'V (after PVGIS losses and ageing) and set a provisional
EL request; (i) determine the admissible EL window from the multi-module guards—if the
available power permits at least 10% of nominal power per active module, share uniformly;
otherwise reduce the active count so that each module meets the guard—then map pFt to
iy > via Eq. 3.36 and advance ageing via Eq. 3.31; (iii) route ri; > through COMP
and update LOH, using Eq. 3.42, enforcing storage bounds; (iv) meet m}f%dem = 500kgh™
from instantaneous EL output and, when insufficient, discharge CGHjy; any residual electric
surplus/deficit is settled with the grid; (v) BESS intervention (S2 only): if p}V exceeds
the instantaneous EL4+COMP electric demand, charge the BESS; on deficit, discharge the
BESS to sustain EL above module thresholds before drawing Hs from tanks or importing
from the grid—BESS discharge is not used to overproduce H, for storage; SOC/SOH evolve
via Egs. 3.53 and 3.60; (vi) update LOH;, SOC; and component internal states, and apply
replacement when EL modules reach V;,, = 115V (EoL).
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Figure 4.11 illustrates the hourly balances for a representative week using the following
illustrative sizes: PLY =100 MW, PEL — 50 MW, a daily CGH, buffer of 8t, and (for S2) a

90 MWh BESS. The stacked bars report electric powers (PV, BESS charge/discharge, grid
exchange; EL. and COMP on the demand side), while the blue dashed line tracks LOH;. The
black line marks the total electric load (EL+COMP). In low-PV periods (e.g., March) the
CGHs; storage tends to deplete overnight; in high-PV periods (e.g., July) PV covers most of
the duty; with S2, the BESS shifts part of the midday surplus to evening hours, reducing

grid reliance and moderating CGH, storage swings.
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Figure 4.11: Hourly power balances and CGHs storage LOH; over one week in two different
months: March and July. S1 vs. S2.

4.2.4 Sizing approach

Following Section 3.1.3, sizing is cast as a simulation—optimisation loop driven by a GA.
The decision vector is restricted to the present PtH scope, s = [Priyn, PEL | EBESS mg?m}.
For any s, MESS evaluates multi-year techno—economics under the fixed rule-based dispatch
explained before, including ageing and replacements, and returns KPIs and LCOH from
Eq. 3.110. The optimisation objective is to minimise LCOH(s) (Eq. 3.123) subject to the
annual-adequacy constraints in Eq. 3.124, with feasibility enforced by the penalty fitness in
Eq. 3.125. Box bounds are applied component-wise; in particular, (i) the lower bounds are 0
for PPV EBESS and mHS and 27.1 MW for PEL so that the constant i} > =500 kg h™!
can be met in continuous nominal operation; (ii) the upper bounds are set sufficiently loose not
to bind the optimum. GA settings follow the values in Section 3.1.3: population 40, Pr., =0.7,
Pry. =0.3, SBX index 10, polynomial-mutation index 15, and steady-state replacement with
2-elite carryover; offspring are repaired to bounds and discrete items rounded to module
multiples. The evaluation horizon is N=25 years so that ageing and replacements are reflected
in LCOH; the stopping rule halts when the best-fitness improvement between generations

drops below 10~*. This setup preserves the decoupling between fixed rule-based operations
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and design search while ensuring physics, ageing and economics remain consistent with the
rest of the framework.

4.2.5 Technical and economic inputs

The economic metrics used in this study are LCOH and NPV. Consistently with Sec-
tion 3.1.2, the cost boundary includes the upfront investment Cj, discounted replacements and
operating costs. Although Section 3.1.2 defines LCOH without crediting revenues, here we
intentionally include the hydrogen-certification incentive as a negative cost in the numerator
so that LCOH reflects the policy’s effect on the final cost of hydrogen. PV CAPEX is
excluded because PV energy is procured via a pay-as-produced PPA; all PV energy costs
therefore enter OPEX.

The incentive-inclusive definition is adopted as in Eq. 4.4:

CAPEX!™ + OPEX, N REVS™

Co + Z (1+ DR)¥ 2_; 1+ DR)Y
LCOH = — = [€/ke], 4.4
> rh
o (1+DR)v

with REV;ert defined in Eq. 3.97 and certification decided per Section 3.1.2, using the

3.38 kgc02eq/KEH, limit in Eq. 3.115. Even when annual output is the main KPI, computing

Cl, 12 in Eq. 3.114 requires an hourly grid-intensity series C'I grid

whether hydrogen qualifies for certification [231].

Yearly operating costs OPEX,, follow Eqgs. 3.99-3.102: PV purchases via PPA, grid
purchases via corrected PUN, water purchases, fixed O&M by asset, personnel, and land rent;
replacements are handled outside OPEX as CAPEX;™"". NPV is evaluated with Eq. 3.107

using the operating cash flows C'F, from Section 3.1.2. Here remuneration for electricity
el,exp

, which materially affects

exports is included and valued at the zonal price (ZP) ¢;"“*", which changes for each Italian
bidding zone, i.e., North (NO), Central-North (CNO), Central—South (CSO), South (SO),
Sicily (SIC), and Sardinia (SAR). All asset-specific economic inputs are reported in Table 4.4
while price and financial inputs are reported in Table 4.5.

Table 4.4: Asset-specific economic inputs.

Asset a CAPEX!™t  fracQM LT, frac,™ Ref.
Electrolyser (AEL) 1094 [€/kW]| 0.04  ageing-driven  0.80  [266]
BESS (Li-ion) 250 [€/kWh]  0.04  ageing-driven  0.80  [215]
CGH; storage 450 [€/kg] 0.01 30y 0.80  [253]
Compressor see Eq. 4.3 0.02 20y 0.80

Engineering and installation adders follow Eq. 3.106 with frac™®=15% and frac™"=18%.
Civil works are added and charged as 370 €/m? over a specific footprint of 500 m?/MW for
EL, BESS and CGH; storage (compressor area neglected). Personnel costs are 200 k€ /y, and
land rent is 2€/m?y. All as in [267].

Notes. (i) PV investment costs are excluded from Cjy; all PV electricity is purchased under
the PPA and valued in OPEX. (ii) For LCOH, export remuneration is not credited; only
certification revenues RE\/;‘”rt reduce the numerator per Eq. 4.4. The term ¢ represents
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Table 4.5: Price and financial inputs; export remuneration follows the bidding-zone price.

Item Symbol Value Ref.
PV PPA (pay-as-produced) cPPA 80€/MWh [268-271
Import electricity price Hmp hourly series (2023) [271-2T:
Export electricity price e hourly ZP series (2023) [271]
Demineralised water price 20 2.5€/m3 [259]
H,-certification incentive ceert 2.25€/kg (10 years)  [274]
RFNBO GHG-savings requirement (equiv. CI limit) CJRFNBO 3.38k8c000q/ KEH, [11]
Grid emission factor crend hourly series (2023)  [231]
Discount rate DR 7.4%

Project lifetime N 25 years

an output-based premium paid per kilogram of certified RFNBO hydrogen during an initial
support window (here 10 years), consistent with the “fixed premium” logic adopted in the
EU Hydrogen Bank / Innovation Fund pilot auction design [274]. Given that the auction
framework discloses an explicit ceiling price (maximum bid) of 4.5€/kgy, for the fixed
premium [275], we treat ¢“* as an uncertain policy driver and explicitly include it in the
sensitivity analysis (from 0 to 4.5€/kg) to quantify how results and optimal designs change
under weaker /stronger support. (iii) AEL and BESS replacements are triggered by the ageing
models of Secs. 3.1.1 and 3.1.1; CGH, storage and compressor replacements follow Table 4.4.
(iv) The corrected PUN series cfl’imp is obtained by applying a constant markup mk so that
its annual average equals the industrial gross average of 193€/MWh [273]:

PP — PUN, (14mk), s.t. the yearly mean of ¢i"™ is 193€/MWh,

(v) Even with annual correlation for incentives (Section 3.1.2), an hourly database for CT8" is
essential to evaluate C[;{Q in Eq. 3.114 and to determine which hours qualify for certification.

Linking bidding zones to geographical inputs. For the bidding-zone comparison (NO, CNO,
CSO, SO, SIC, SAR), the electricity-price series ¢f"™ and ¢"*® are taken from the corre-
sponding zonal hourly series (GME, year 2023), and the grid emission factor CI# is taken
from the corresponding zonal /regional hourly series (year 2023). PV producibility, instead,
is inherently site-dependent; therefore, for each bidding zone we retrieve the PVGIS TMY
at a representative location within that zone (Table 4.6). The same PVGIS assumptions
(tracking, losses, ageing) described above are used for all zones, so differences across zones
reflect location-specific irradiance and weather.

4.2.6 Results and discussion

A representative hard-to-abate site in Puglia, in the South (SO) Italian bidding zone, with
a constant demand m? 2dem_500kgh ™! is analysed over N=25 years at hourly resolution.
Puglia is selected as a representative Southern Italian location because it combines (i) high
solar resource (favourable PV yield for PtH designs) and (ii) a relevant presence of hard-to-
abate industrial demand in the South bidding zone, making it a meaningful stress-test for
certification and cost sensitivity under Southern price/emission profiles. Hourly price and
grid-intensity series correspond to the South zone; incentives adopt the annual correlation
used in Section 3.1.2. The GA minimises LCOH (Eq. 4.4) under the rule-based dispatch

previously discussed.
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Table 4.6: Representative locations used to retrieve PVGIS producibility for the Italian
bidding-zone analysis (PV), and linkage of zonal inputs (prices and grid EF) to the same
bidding-zone definition.

Bidding zone Representative PVGIS location Lat [°] Lon [°]
NO (North) Milan 4546 9.19

CNO (Central-North) Florence 43.77 11.25
CSO (Central-South) Rome 41.90 12.50
SO (South) Bari 41.12 16.87
SIC (Sicily) Palermo 38.12 13.36
SAR (Sardinia) Cagliari 39.22 9.12

Sizing outcomes (S1 vs. S2). For the baseline PtH configuration (S1), the GA returns a
PV-to-AEL ratio of about 1.9:1 (PV =112 MW, AEL=58.5 MW) and a daily CGH, buffer
of 7.6t (roughly 12 h at the nominal surplus AEL rate). This falls within ranges reported
for PV-driven, grid-connected PtH plants, where the economically favourable PV:AEL ratio
increases with electricity price [276]. Hub-level studies likewise indicate that storage needs
are predominantly intra-day to stabilise a constant 500kgh™" delivery; seasonal tanks would
dominate costs without improving adequacy in the present rule-based setting [277, 278]. In
S2 configuration the GA returns EEESS=0 with the adopted costs, because BESS CAPEX
and fixed O&M outweigh the value of short-term reshaping when the objective is LCOH
minimisation without an explicit constraint on maximum C’I;h. To compare emissions
and incentives, a 100 MWh BESS layered onto the S1 optimum (same PV/AEL/CGH,) is
therefore tested.

Multi-year operation with ageing. Figure 4.12 compacts the 25-year trajectories. PV pro-
duction declines linearly at 1%/y; the AEL nominal specific consumption worsens from
54.1kWhkg ™' to 61 kWhkg ™' by the EoL, with replacements triggered at Vop=115V. In S1,
EoL occurs after 132500h (15.2 yr); in S2 after 129000 h (14.8 yr), because the BESS shifts
demand and keeps the AEL operating more hours each year. The CGH, inventory LOH,
exhibits the intended diurnal cycling; the annual peak LOH drifts downward with ageing
(lower PV yield, lower AEL efficiency), then partially rebounds after AEL stack replacement
but never returns to year-1 levels because PV modules are not replaced.

In S2, the BESS undergoes calendar and cyclic ageing but remains above the EoLL threshold
(70% of nominal) over the horizon; limited PV surplus restricts full-cycle equivalents to 3650
over 25 years. Detailed ageing curves are reported in Figure 4.13 which shows AEL efficiency
and polarisation curves at selected years together with BESS SOC/SOH for S2. As the stack
voltage increases, module efficiency declines; the module hits the 115V threshold in the
fifteenth year and is replaced. For the BESS, SOH remains above the 70% EoL threshold
over 25 years. Despite a relatively low utilisation, cyclic ageing dominates SOH loss, while
calendar ageing is minor given the observed operating profile.

Energy balances, certification and incentives. Although annual hydrogen output is fixed by
design, energy splits evolve with ageing. In S1 year 1, PV covers 77% of electrolysis and
compression energy and the grid 23%, giving 01512 = 3.59kgc02eq kgﬁ;. By year 14 the
PV share falls (lower PV yield, lower AEL efficiency), grid share rises, and C[;{2 climbs to
5.54 kgc0geq kgﬁ;, which tightens eligibility. Importantly, certification is not decided on the
year-average intensity of the entire output, but on a certified subset selected in post-processing
via Eq. 3.121: the algorithm allocates oy to the lowest-emissions hours first, subject to eligible

130



4 Results and discussion

g
o
o

=]
©
v
/
/

=]
©
o
/
!

o
©
o
/
/
/

o
©
S

Normalized performance [-]
{
4

AEL nominal efficiency
- PV Production
0.75

7000 ‘

8111111

S1)

13
Year

‘ \
0 ‘ | ‘ 'l
15 17 19 21 23 25

g
=}
o

o o o
© © ©
vl o o

o
©

Normalized performance [-]
o

o
~

700
600

500

)
4000

9 300
200

100

S2)

AEL nominal efficiency _
— == PV Production S

——- Battery Capacity

w

0 |
0

0

§Mﬂ“}ﬂ“ﬂﬂ“ﬂl

23 25

Year

Figure 4.12: Normalised performance and LOH, over 25 years for S1 (left) and S2 (right).
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energy and the RENBO GHG-savings bound. Hence a nonzero meH?’CG“ (and incentive credit)
can arise even when CI}"? > CIRFNBO. In S2, shifting PV energy to evening hours with
the BESS lowers the early-year intensity (e.g., 3.01 kgcogeq kgﬁ; in year 1) and increases the
certified fraction under the same annual rule; the advantage erodes with AEL and BESS

ageing (e.g., 4.85kgc09eq kgﬁ; by year 14).

Economic outcomes and cost composition. Figure 4.14 decomposes LCOH and shows how
ageing shifts contributions. In both S1 and S2, OPEX dominates (80% of total), with PV elec-
tricity (pay-as-produced PPA) and grid electricity the two largest items. For S1, an illustrative
breakdown attributes roughly 41% of LCOH to PV electricity and 33% to grid purchases; AEL
CAPEX contributes about 17%, fixed O&M 6%, and civil works+engineering+installation
around 7.5%. Adding a 100 MWh BESS (S2) decreases the grid-electricity slice but raises
total LCOH by 5%. Certification revenues reduce LCOH by 10% when the intensity threshold
is met. Ageing magnifies grid-electricity exposure more than it reduces certified mass: in
S1 the ageing uplift attributable to higher grid use is 0.50€/kg, while the loss of incentives
adds 0.03€/kg; S2 shows similar but smaller effects (0.40€/kg and 0.04€/kg). Accurate
ageing modelling is therefore necessary to avoid underestimating LCOH by several percent
over long horizons.
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Figure 4.14: Decomposition of LCOH and ageing effects: S1 (left) and S2 (right). Stacks group
CAPEX items (top), OPEX items (centre) and incentive credit (green, bottom). Callouts show
incremental ALCOH due to ageing of the indicated components.

Optimal sizing across Italian bidding zones. A systematic application of the workflow is carried
out across all Italian bidding zones — North (NO), Central-North (CNO), Central-South
(CSO), South (SO), Sicily (SIC), and Sardinia (SAR) — using 2023 hourly series for zonal
prices, grid emission factors and PV producibility. Figure 4.15 summarises, for each zone,
the operating-hour averages of the grid emission factor and the zonal price (i.e., averages
computed over the hours when the plant is actually drawing from or injecting to the grid),
with the percentage deviation from the annual mean shown in parentheses.
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Figure 4.15: Average grid emission factor (EF) and zonal price (ZP) during plant operating hours
across Italian bidding zones; percentage deviation from the respective annual averages is shown in
parentheses.

Three robust signatures emerge from Figure 4.15. Firstly, (i) a timing penalty arises:
exports occur predominantly at midday, when ZP sits below its annual mean due to PV
abundance, whereas imports concentrate in off-sun hours, when EF lies above its annual
mean. This worsens both the revenue side (low selling price) and the environmental side
(high importing EF). The penalty is strongest in southern zones where the PV share is
higher. Second (ii), a north—south asymmetry persists: northern zones combine lower EF
and relatively lower ZP despite poorer PV yield, reflecting a more diversified mix (notably
hydro), while SAR exhibits the highest EF due to carbon-intensive generation. Third, (iii)
the operating-hour EF and ZP are jointly unfavourable across all zones compared to annual
means, which reinforces the need to model hourly coupling rather than adopt annual averages.

Optimal S1 configurations by zone. Table 4.7 reports the GA outputs for S1 in each bidding
zone (component sizes and first-year certified mass under the annual rule applied in post-
processing). Two design levers reappear zone-wide: (i) oversizing PV versus AEL to lift
PV self-coverage of electrolysis in sunny hours while avoiding chronic curtailment, and (ii)
daily Hs storage to bridge the diurnal mismatch and protect the minimum per-module guard
on the AEL stack. The PV-to-AEL ratio declines as PV yield improves (e.g., SIC), which
allows the same annual Hy duty with less PV oversizing; conversely, in NO the ratio increases
toward 2.1:1 to compensate weaker insolation.

Table 4.7: Optimal S1 sizes and first-year certified hydrogen by bidding zone.

SO SAR SIC CSO CNO NO
PPV MW] 112 113 110 114 115 117
PEL [MW] 585 575 60.5 57.0 56.5 55.0
PCOMP [\ [yy] 40 40 41 39 39 38
miS proxy [m®] 460 451 479 449 447 439
mizeert [¢) 3120 3050 3305 2774 2674 2338

133



4 Results and discussion

The row labelled m!® proxy reports the equivalent CGH, vessel volume at 300 bar,

which is proportional to the underlying mass capacity m!> used in the MESS model.
Beyond PV /AEL scaling, the compressor nominal power remains close to 3.8 MW to 4.1 MW
everywhere, in line with a lower/higher AEL size. The daily tank proxy follows the same
intra-day rationale and scales mildly with PV yield: higher PV output increases midday
surplus, raising the value of a slightly larger buffer to maintain the AEL above the minimum

guard while evening demand is met from storage.

Zone-wise cost and intensity (S1 vs. S2). Using the S1 optima in Table 4.7 and layering a
100 MWh BESS (S2), Figure 4.16 reports LCOH and the annual carbon intensity by zone;
percentages in parentheses show the LCOH uplift when incentives are removed.
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Figure 4.16: Zone-wise LCOH and emission intensity for S1 and S2. Percentages in parentheses
indicate the LCOH uplift without incentives.

Three observations stand out. (i) LCOH systematically decreases moving southwards
(about 9.8€/kg in NO to 8.6 €/kg in SIC), dominated by higher PV yield and the associated
incentive leverage, which is largest in SIC (double-digit percentage relief) and smallest in NO.
(ii) the BESS raises LCOH by ~ 5% on average at today’s costs with the rule-based approach
stated above: it lowers grid purchases and increases the share of PV-backed operation but
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does not cycle enough to pay back its CAPEX. (iii) the annual carbon intensity ranges from
a minimum in SIC to a maximum in SAR, driven by the EF of imports and the diurnal
composition of self-consumption; nonetheless, southern zones with better solar resource tend
to secure larger certified fractions even when average EF is less favourable, because more
hours sit in the low-intensity tail.

Is BESS ever cost-effective? Figure 4.17 explores LCOH in S2 versus BESS CAPEX for
multiple battery sizes and incentive rates (south zone reference, S1 sizes for the rest). With
today’s large-scale CAPEX around 250€/kWh, none of the capacities is cost-competitive:
limited PV surplus, the pay-as-produced obligation and the availability of daily Hy storage
constrain useful cycling. Without incentives, breakeven appears only near 50€/kWh for
120 MWh and around 120€/kWh for 40 MWh. Higher incentive rates improve the economics
of BESS because more hours become certifiable at lower intensity, yet the shift required
remains substantial at current price levels.
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Figure 4.17: S2 LCOH vs. BESS CAPEX for different capacities and incentive rates (SO zone
reference; S1 sizes). Black lines: S1 benchmarks.

Sensitivity to techno-economic and financial inputs. A one-at-a-time sensitivity around the
south reference zone (S1 optimum) clarifies the dominant risk factors. Table 4.8 lists the
ranges; Figure 4.18 shows tornado plots for LCOH and NPV.

Two price levers dominate LCOH: a £50% variation in the PPA price produces a +20%
LCOH swing; a +50% variation in the average PUN yields a nearly equal swing. Because
the PPA applies to the full PV purchase stream, a given €/MWh] reduction in PPA has
more than double the leverage of the same reduction in PUN. A +50% shift in AEL CAPEX
translates to about +15% on LCOH despite a ~ 17% baseline contribution, confirming that
CAPEX still matters even in OPEX-heavy plants. Varying the incentive between 0€/kg
and 4.5€ /kg moves LCOH by roughly 2€/kg due to the 10-year cap. On NPV, electricity
selling price (ZP) and the benchmark cost of grey hydrogen 128 dominate; financial rates
(debt/equity) have a secondary role because operating cash flows are small compared to Cj.
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Table 4.8: Ranges used in the one-at-a-time sensitivity for LCOH (and NPV where marked).

Parameter Symbol Nominal Min Max Ref.
AEL CAPEX [€/kW] CAPEXg, 1094 547 1641  |266|
PPA price [€/MWL] cPPA 80 40 120 [268-270]
Avg. PUN [€/MWh] - 193 96 290 [272, 273|
Avg. ZP [€/MWHh] (NPV) - 125 62 188 [271]
Incentive rate [€/kg] ceert 2.25 0 4.5  [274]
H, specific cost [€/kg] (NPV) cHzerey 8 4 12 -
Cost of equity [%)] - 9 4 4 -
Cost of debt [%] - 6 1 1 -

[ Low case [ Low case
Cost of debt .08 |] o0  HEE High case Cost of debt -28|]-20 B High case

3

Cost of equity -33I:|-1
Cost of equity 8.76 |:l 9.54
Average ZP -36|:.-2
Incentive rate § 8.19 10.03 Incentive rate 470|:-21
Average PUN -92-:|39
Average PUN 7.38 - 10.55
PPA price —111-:|42

a) 6 7 8 9 10 11 12 b) -300 -250 —200 -150 -100 -50 O 50 100 150
LCOH [€/kg] NPV [M€]

Figure 4.18: One-at-a-time sensitivity (SO zone, S1 optimum): (a) LCOH; (b) NPV. Central lines
mark nominal values; bars rank parameters by impact.
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Implications. Across zones, the combination of (i) pay-as-produced PV procurement, (ii)
hourly EF /price timing, and (iii) daily—mnot seasonal—storage needs yields an LCOH in
the 8.6 €/kg to 9.8 € /kg band under current signals, with batteries not yet cost-effective at
prevailing CAPEX. Even with annual certification and a 2.25€/kg premium over 10 years,
the gap to typical grey hydrogen supply remains material. This points to two complementary
levers: relieving the timing penalty (e.g., contracts that better align settlement to the PV
profile or favourably price evening imports) and reducing the structural cost components
that dominate OPEX (PPA/PUN) and the leading CAPEX driver (AEL). As signals evolve,
the value of flexible assets (BESS and/or larger daily Hy buffers) increases by enabling more
low-intensity operating hours, but cost parity still hinges on electricity prices and electrolyser
cost trajectories rather than storage alone.

4.2.7 Main findings and methodological reflections

Main findings. Across Italy, the GA sizing under rule-based dispatch yields a consistent
design pattern: (i) PV is oversized versus AEL (typically ~2:1 in low—sun zones, declining
where PV yield is higher) and (ii) daily CGHy storage is the primary flexibility lever. LCOH
sits in the 8.6 €/kg to 9.8€/kg band and is OPEX-dominated (PPA and corrected PUN);
moving south lowers LCOH via higher PV yield but the timing penalty remains (exports at
low ZP, imports at high EF). The 2.25€ /kg 10-year incentive gives only a modest LCOH
relief (order ~ 1€/kg); a 100 MWh BESS improves early-year carbon profile yet raises LCOH
by ~ 5% at current CAPEX. Sensitivities confirm electricity prices as the dominant levers
(PPA and average PUN), with AEL CAPEX the leading CAPEX driver.

Methodological reflections. Relative to the Case 1 study, the present PtH analysis replaces
ad-hoc parametric exploration with an explicit GA search: sizes are now determined by an
optimiser that delivers a reproducible minimum of LCOH (to numerical tolerance) for the
chosen rule stack. This strengthens optimality on the design side while keeping a conscious
limitation on the operations side: dispatch remains fixed (rule-based), and non—perfect-
foresight of exogenous inputs. In other words, the GA provides an optimiser-backed optimum
conditional on the policy; it does not co-optimise hourly actions against prices/EF or anticipate
future states. This separation is deliberate because in this way components’ physics and
ageing are preserved without turning the problem into a full MILP. However, it also implies
that any “global” optimum is bounded by the dispatch rules. Motivated by these findings,
the remainder of the thesis will show results obtained with MILP algorithms moving to joint
design—operation optimisation.

4.3 Deterministic MILP — Hydrogen storage technologies

4.3.1 Motivation, scope and contributions

The rule-based studies of Sections 4.1 and 4.2 established clear design signatures for
PV—PtH plants (PV:AEL oversizing, daily CGH, buffers), but they remain policy-bound:
priorities and exclusivities are imposed heuristically and applied myopically at each ¢. To
remove that bias, this section implements the perfect-foresight joint sizing—scheduling MILP
introduced in Section 3.2.3, solving one representative operating year (At=1h, Ny=8760)
with explicit AC and Hs balances, storage inventories, and a RED Ill-style certification
cap (Section 3.2.2). The plant serves a constant industrial hydrogen demand m? 2dem and
co-optimises the design vector s = (PP vV pWT pEL  pCOMP ) HS ) and the hourly dispatch

nom?’ nom nom?’ nom nom

{vy,0;} to minimise LCOH (Eq. 3.178). FC, BESS and DG are disabled in this shell
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by construction (Section 3.2.3); the grid interface is active with import/export exclusivity,
imported energy is costed and enters certification accounting, and export is not credited in the
LCOH numerator. Within this unified optimisation baseline, three hydrogen-storage families
are compared on a whole-plant basis: compressed gas (CGHs, Types [-1V), underground
hydrogen storage (UHS), and metal hydrides (MH, e.g. MgHs,, LaNis) with desorption duty
represented via an electric-heater load proportional to m? Sdis (Eq. 3.151). The study follows
the scope and dataset of [233], enabling a storage-aware benchmark of LCOH under identical
signals and feasibility guards.

Contributions. Building on Secs. 2.2 and 3.2 and the storage study in [233], this section:
(i) replaces rule priorities with a single perfect-foresight MILP that delivers reproducible
optima for s and hourly routing under balances, exclusivities, and inventory dynamics; (ii)
embeds CGH,, UHS and MH inside the plant co-optimisation, quantifying system-level
trade-offs (CAPEX, footprint, installed mass) on a common LCOH basis rather than via
stand-alone LCOS; (iii) enforces a linearised RED III cap (Section 3.2.2) to expose when
environmental compliance, rather than pure cost, binds the optimum; (iv) preserves linear
physics for key devices (EL, COMP, HS) while retaining only physically necessary binaries
(HS direction and grid import/export), keeping year-long horizons tractable; (v) reports
decision-relevant metrics beyond LCOH (e.g. storage footprint, installed tank mass) to inform
siting /permitting alongside economics.

4.3.2 Modelling inputs for storage technologies

The deterministic MILP instantiates hydrogen storage following the card of Section 3.2.2,
as bounded inventories with charge/discharge decisions and state advance on LOH,. All
device-level maps and thermodynamics (CGHy geometry/footprint; MH equilibrium and heat
duties; heat—to—electric mapping; siting clearances) are those already defined in Section 3.1.1.
Technology—specific mappings (payloads, areas, masses, and auxiliary powers) reuse the device
relations defined in Section 3.1.1: (i) CGHy geometry and footprint from Eqs. 3.44-3.46;
(ii) heat—to—electric mapping for desorption by Eq. 3.52. This subsection specifies the
technology datasets (geometry, pressures, masses, costs, areas; waste-heat figures) used by
the optimisation without restating equations.

CGH, Type I-1V (pressure classes and site constraints). Vessels follow the standard
taxonomy [198]. The adopted geometric envelope uses Dey=490 mm and Lian=12 m, which
permits 5x5 stacking inside a 40-ft ISO container (internal envelope 12m x 2.4 m x 2.4 m) and
mirrors tube-trailer practice [200]. Wall thicknesses are taken from code and manufacturer
practice: Type I (all-metal) via ISO 9809 design-stress rules [279]; Types II-IV (composites)
via ISO 11119 compliance and certified datasheets, where admissible fibre-stress ratios and
prototype testing govern the overwrap rather than a single closed-form stress expression [201,
202, 280, 281]. Operating gauge pressures reflect catalogue ratings for each type/pressure
class. For mass and payload mapping, empty masses are read from product specifications
(steel /aluminium tubes for Type I, hoop-wrapped for Type II, fully wrapped with metal or
polymer liner for Types III/IV). Internal free volume Vol follows from the envelope and
wall thickness (Eqs. 3.44-3.45); hydrogen density pp, (P, TH9) is evaluated as real gas at
the declared storage operating pressure and temperature. Site area is computed container-by-
container by Eq. 3.46, with a uniform perimeter clearance dygpa set by NFPA 2 for outdoor
compressed-hydrogen systems [199]. In practice, the increase of dyppa with pressure partly
offsets the area benefit of higher py, at 700 bar; this pattern is visible in the footprint-per-kg
column of Table 4.9. Specific costs are assigned per type/pressure class following consolidated
techno-economic ranges for CGHy vessels [282], with pressure adjustments according to the
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correlations in [283].

Table 4.9 compiles the dataset used downstream (payloads, areas, masses and specific
costs). From a design standpoint: (i) moving from Type I/II to Type I1I/IV sharply improves
payload per area due to higher allowable pressure and lower structural mass; (ii) the marginal
footprint gain above the 350 bar class is moderated by the larger dyppa; (iii) composite vessels
carry a clear cost premium per [€/kgy, | that will later reflect in the cost—area trade-offs.

Table 4.9: Reference parameters for CGHy storage. One container holds 25 vessels stacked 5x5.

Tank P Density Wall Empty Vol. Mass Vessels/ container NFPA2 Footprint* Footprint Cost

Type [bar] [kg/m3] |[mm| mass [t] [m3] [kg] container mass [kg] [m] [m2] [m2/kg]  [€/ke]
I 30 2.45 8 2.30 2.1 5 25 125 5 273 2.18 200
I 200 14.71 26 2.40 1.8 26 25 650 6 346 0.532 222
II 350 23.65 56 2.15 1.3 31 25 775 4 208 0.268 333
II 700 39.69 84 2.40 1.0 40 25 1000 5 273 0.273 383
III 350 23.65 28 1.30 1.8 43 25 1075 4 208 0.193 650
III 700 39.69 42 1.40 1.5 60 25 1500 5 273 0.182 730
v 350 23.65 28 1.20 1.8 43 25 1075 4 208 0.193 800
v 700 39.69 42 1.40 1.5 60 25 1500 5 273 0.182 830

Notes. Geometry: Dext=490mm, Lianx=12m [200]. * Footprints computed by Eq. 3.46 with a 1m service
aisle in both directions and the listed NFPA distances.

UHS (salt caverns). UHS is abstracted as a large compressed-gas inventory bounded by the
host rock. In line with current practice at moderate depths, the pressure window is represented
by PUlS~200 bar with a cushion-gas fraction of ~ 30 %; the working inventory is thus the
remaining fraction of the geometric capacity that can be cycled [205, 206]. Since the cavern
provides the pressure boundary, the surface system only accounts for wellhead compression
power during charge/discharge; no explicit area term is included because practical cavern
capacities far exceed the daily /weekly buffers relevant here. For comparability with CGHa,
transport to/from the cavern is neglected (assumed proximity to the PtH site). The specific
CAPEX enters the optimiser as 38 €/kgy, of working capacity, consistent with depth-resolved
breakdowns and recent European hub announcements [206, 284, 285|. This choice makes
UHS the low-OPEX, high-upfront option with very large working capacities when geology is
available; feasibility is therefore constrained by siting rather than by thermodynamics.

Metal hydrides (MgHy and LaNis ) with PCM heat recovery. MH blocks use the equilibrium
mapping and thermal duties already defined in Section 3.1.1. Two representative material
classes are considered under identical boundary conditions: a high-temperature light-metal
hydride (MgHs) and a low-temperature intermetallic (LaNis). The former offers high wt%H
and compact bed mass at the cost of high 7;,, and higher desorption duty; the latter operates
near ambient with a lower duty but requires a much larger bed mass per unit hydrogen.
PCM recovery is sized at the desorption setpoint for each material; the residual duty maps
to electric-heater power via the heat—to—electric conversion already defined. No additional
compressor is required on charge, and post-compression on discharge is only needed if the end-
use pressure exceeds P*MH(T'). The external desorption duty gaes [kWhy,/kgy,] combines
(i) the reaction enthalpy associated with dehydrogenation and (ii) the sensible heat needed
to bring the bed and embedded heat-exchanger structures from ambient to Ty, [207]. The
hydrogen content in Table 4.10 is reported as gravimetric density [wt%]|; the corresponding
MH-bed mass per unit hydrogen, [kg,;;;/kgy,], follows directly from Eq. 3.50. For the adopted
values (7.6 wt% for MgHs, 1.36 wt% for LaNis), this yields 13 and 73 kgyn /kgn,, respectively.
Adding the rest-of-system (vessel, insulation, internal heat exchangers and auxiliaries) gives
the total MH mass per kilogram of stored hydrogen, with rest-of-system terms recomputed
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from prototype data for MgHy and LaNis [286, 287|. The volumetric densities in Table 4.10
are consistent with typical ranges reported for stationary MH systems |83, 87].

Phase-change materials (PCMs) are integrated to buffer the thermal duty between
absorption and desorption. A PCM with melting point Tpcm ~ 1o, absorbs heat during
exothermic absorption and releases it during endothermic desorption [211]. The PCM
effectiveness npom € [0, 1] represents the fraction of gqes that can be supplied by the PCM
around Tpcn, and the residual external heat requirement is represented in Eq. 3.49. The
PCM latent heat gpem [kWh/kgpey] is taken at Tpon, and the PCM mass per kilogram of
hydrogen, [kgpcy/kgp,], follows from storing qaes,pom With latent heat at that temperature.
The values of 7pc, Gdes,pem, gpov and PCM mass in Table 4.10 are synthesised from detailed
reactor and system studies of MH+PCM integration [209, 210, 288-290].

Containerised MH modules operate at relatively low pressures (< 15bar), so no additional
NFPA CGH; standoffs are required and a compact specific footprint is adopted. Site
footprints and system-level masses are consistent with commercial MgHy and LaNis modules
[213, 214]. MH and PCM specific costs per kgy, are taken from techno-economic assessments
of solid-state hydrogen and thermal storage [286] and are applied directly in the CAPEX
accounting.

Table 4.10: Techno-economic inputs for MH storage (MgHsa vs. LaNis).

Parameter MgH, LaNij;
Class Light metal hydride Intermetallic hydride
Desorption temperature Tg,, [°C| 280 45
Plateau pressure at T, [bar] 15 5
Hydrogen content [wt%] 7.6 1.36

MH mass per kg Ha [kgnm/kgms, | 13 73

Total MH (bed+RoS) mass [kg/kgm,| 116 107
Volumetric density [kgp, /m3] 80 106
Desorption heat gges [kWhyy /kgm, | 10.3 4.2

Site footprint [m?/kgy,| 0.04 0.04

PCM type; Tpcm [°C| Salt eutectic; 282 Paraffin C22; 50
PCM effectiveness npom |7 70 70
Gddes,PCM [kWhth/kgHg] 3.10 1.26
PCM latent heat gpcyt [KWh/kgpe] 0.088 0.053
PCM mass per kg Ha [kgpom/kgms,| 117 79

Total MH4+PCM mass |kg/kgm, | 233 186

MH specific cost [€ /kgm,| 258 1460
PCM specific cost [€ /kgm,| 350 350

Waste-heat pathways and mapping to electricity. Industrial waste-heat (WH) integration
follows Eq. 3.51, with a water-coupled loop for LaNi; and a hot-air/flue-gas loop for MgH,.
Representative streams and setpoints adopt steelmaking profiles (Ho~DRI/EAF conversion
context) [42, 52, 291, 292|. Table 4.11 reports, per kilogram of released hydrogen, the
recoverable sensible heat from each stream and the fraction of ¢qes it covers. In both cases,
WH alone provides only a minority share, so the residual desorption duty is supplied electrically
(electric heater efficiency n*1=0.95) using the mapping already defined in Section 3.1.1. These
figures are used directly to compute the net electric load of MH discharge inside the optimiser.

Deterministic MILP instantiation. This study instantiates the perfect—foresight optimi-
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Table 4.11: Specific industrial waste heat per kilogram of Hy released and coverage of qqes
(illustrative streams for steelmaking sites).

Material Stream Tsin [°C]  Top [°Cl ATpp [°Cl g [kWhen /kgh,|  ¢s/Gdes (%]
MgH, Flue gas (hot air loop) 350 280 20 0.184 1.8
LaNis Water loop 55 45 4 0.311 7.4

Notes. Stream mass flow proxies follow steel site benchmarks; parameters compiled from [42, 292] and
mapped via Eq. 3.51. gges as in Table 4.10.

sation shell of Section 3.2.3 as a single-year, hourly MILP that jointly sizes and schedules
the PtH plant with explicit AC and H, balances, storage inventories, and a certification cap.
The exogenous inputs & comprise the renewable-availability profiles, electricity prices, and
(when the grid is enabled) grid emission intensity. The decision vector combines (i) the design
variables

s — (PPV pWT pEL  pCOMP ,HS )

and (ii) the hourly operating variables {v;} (power flows, hydrogen flows), binaries {¢;}
(exclusivities), and states {z;} (inventories). The complete constraint set is exactly the one
already given in the model formulation of Eq. 3.179. A summary of the main techno—economic
parameters adopted in the MILP is reported in Table 4.12.

Table 4.12: Summary of techno—economic parameters adopted in the MILP.

Parameter [unit] Symbol  Value Ref.
Reference wind height [m)| Zref 10 [293]
Turbine hub height [m] Zhub 100 -
Cut-in wind speed [m/s] Wei 3 [180]
Cut-out wind speed [m/s] Weo 25 [180]
Rated wind speed [m/s] Wrat 13 [180]
EL operating pressure |bar| PEL 30 -
EL spec. cons. [kWh/kgy,| SECE 55.54  [294]
Water use factor [m?*/kgy, | SCH,0 0.015  [191]
Minimum storage fill [] LOH,in 0.10 -
Storage charge efficiency [ pHS.ch 0.995 -
Storage discharge efficiency [ pHSdis 0.995

COMP cons. 30—200bar [kWh/kgy,] SECSM,  1.70  [197]
COMP cons. 30—350 bar [kWh/kgy,] SECHME,  2.22  [197)]
COMP cons. 30—700 bar [kWh/kgy | SECS e 3.35  [197]

An additional KPI is introduced, namely the Levelised Cost of Storage (LCOS), which
isolates the unit cost of the storage function over lifetime, using only storage-related cash
flows and the actual discharged hydrogen, as represented in Eq. 4.5:

Y CAPEX;™H + OPEX!'S

HS
Co™ + z; (11 DR)¥
LCOS = —— s [€/ke] 4.5
2 T DRy 1+DR
y:l
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where C§" is the upfront storage investment and CAPEX;W’HS collects storage-only replace-
ments. Eq. 4.5 is a post-processing KPI computed on the optimal schedules; it does not
replace LCOH in the MILP objective, but it provides a clean apples-to-apples comparison of
storage families by normalising their costs to the actually delivered hydrogen from storage.

4.3.3 Configurations

Two plant configurations are analysed to bracket how grid access and certification con-
straints shape optimal sizing and scheduling of a PtH plant supplying a constant indus-
trial offtake 7} >%™ equal to 38kg/h (i.e., 333t/y). This value is intended to represent
a modular/pilot-scale industrial demand compatible with a partial deployment of an Hy-
DRI/EAF pathway: using typical specific hydrogen needs of the order of ~ 50kgy, per
tonne of steel output, it corresponds to roughly 6-7 kt/y of steel production equivalent [52].
The hydrogen duty is kept fixed across locations (Hajira, Bari, Bremen, Houston) to isolate
the impact of exogenous signals (RES profiles, electricity prices, grid EF and certification
constraints) on optimal storage and scheduling choices. Schematic flow diagrams for the two
storage interfaces are shown in Figure 4.19: the top panel depicts CGH,/UHS, where a COMP
raises the EL outlet to the HS pressure; the bottom panel depicts MH, where high—pressure
compression is avoided but a dedicated desorption-heat path (waste heat and/or electric

heater) is required.

(1) Off-grid hybrid VRE. PV and WT are the only electric sources; there is no grid
interconnection. The AC balance must be met hour by hour using only renewable generation
and storage auxiliaries. This setting reveals the intrinsic PV /WT—to-hydrogen coupling and
the minimum storage needed to bridge diurnal/weekly mismatches without external energy.

(2) Grid-connected hybrid VRE. PV and WT are supported by a bidirectional grid
interface with import/export exclusivity at each . Imported electricity is billed at ¢"™ and
contributes to the GHG-intensity accounting; Exports are allowed but, by construction of
LCOH in Eq. 3.178, they are not credited in the numerator. A site-specific annual GHG
cap for certifying green hydrogen applies, using the grid emission factors and limits in
Table 4.13. This configuration represents a realistic near-term deployment where the grid

buffers renewable variability under an explicit certification constraint.

Technology scope. Three storage families are embedded in the MILP: (i) CGHy vessels
Type -1V at representative pressures (30/200/350,/700 bar), (ii) UHS (salt cavern) operated
around PYHS 2200 bar with cushion gas, and (iii) MH (MgH,, LaNi5) with three heat-supply
variants for each material: 100% on-site waste heat (WH), 100% electric heater (EH), and
EH with PCM buffering. The detailed technology parameters (pressures, masses, areas, costs,

and heat duties) are those compiled in Tables 4.9 and 4.10.

Locations and motivation. Four sites—Hajira (India), Bari (Italy), Bremen (Germany),
and Houston (USA)—are selected to span (i) contrasting renewable resource shapes and
capacity factors, (ii) electricity price levels, (iii) grid carbon intensities relevant to certification,
and (iv) different GHG caps for “green hydrogen”. The objective is to probe storage choices
under markedly different exogenous signals while holding the hydrogen duty fixed. Table 4.13
summarises location inputs (PV/WT capacity factors and seasonal shares, electricity prices,
grid EF, and annual GHG limits). Figure 4.20 shows the normalised hourly PV and WT
production profiles used in the optimisation. From Figure 4.20 and Table 4.13, these main
considerations arise:

e Hajira (India). High PV capacity factor with winter-leaning PV and strong monsoon-
season winds. PV and WT exhibit partial seasonal complementarity (WT peak in
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Figure 4.20: Hourly PV and WT production profiles at the four locations used as exogenous

inputs in the MILP.

Table 4.13: Renewable and policy parameters per location. PV and W'T seasonality are expressed
so that seasonal shares (winter, spring, summer, autumn) sum to 100%.

Parameter Hajira (IN) Bari (IT) Bremen (DE) Houston (US)
WT exponent « [-] 0.23 0.33 0.37 0.20

WT capacity factor [%)] 29.8 29.9 31.1 12.2

PV capacity factor [%)] 24.1 21.6 13.9 20.7

WT seasonality [%) 15/21/52/12  32/25/20/23  33/25/18/24  29/35/17/19
PV seasonality [%] 26/31/19/23 14/29/37/20  7/36/41/16 18/27/32/23
Electricity price [€/kWh| 0.12[295] 0.20 [296] 0.22 [296] 0.13 [297]
Grid EF [gCO,/kWh] 750 231] 350 [231] 380 [231] 300 [231]
Emission cap [kgco,eq/kem,] 2.00 [298| 3.38 [11] 3.38 [11] 3.00 [299]
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summer, PV stronger in winter), which tends to reduce short-term storage needs but
leaves some inter-seasonal balancing to the grid or to larger inventories.

e Bari (Italy). Mid-range PV and WT; pronounced summer PV and spring/winter wind.

Significant day-to-day variability favours flexible electrolyser utilisation and moderate
CGHs; buffers.

e Bremen (Germany). Highest WT capacity factor and the weakest PV among the four.
Winter-biased wind smooths diurnal PV swings but calls for larger daily /weekly buffers
when calm spells occur—making UHS or higher-pressure CGHy attractive for multi-day
coverage.

e Houston (USA). Comparatively uniform PV and poor WT. The flatter PV profile
reduces intraday swings but can increase reliance on grid imports during extended
cloudy periods; policy levers (price, EF, cap) then become decisive for storage sizing.

Scenario matriz. A full-factorial matrix is solved: 4 locations x 2 configurations (off-grid,
grid-connected) x 15 storage options (CGHy Types I-IV at four pressures, UHS, MgH, with
three heat variants, LaNi; with three heat variants) for a total of 4 x 2 x 15 = 120 MILP runs.
Each run uses the technical set of Table 4.12, the financial inputs of Tables 4.14-4.15 the
storage datasets compiled in the preceding subsections of Section 4.3, and the site parameters
of Table 4.13. Figures 4.19 and 4.20 provide the visual context referenced throughout the
results.

Table 4.14: Major equipment financial inputs.

Asset Cost [€/kW] O&M [%] Lifetime [y] Repl. [% CAPEX]| Ref.

PV 921 2 30 - 248, 300]
WT 1779 4 30 - 301, 302]
EL 1094 4 15 100 [266]

COMP 4577 4 15 100 303, 304]

Table 4.15: Additional common financial inputs.

Item Value Notes Ref.
Civil works [€/m?| 370  Bare EL floor area -
Electrolyser specific area [m?/kW]| 0.5 Used for civil works -
Engineering add-on [%] 15 Applied to bare CAPEX  [249]
Installation add-on [%)] 18 Applied to bare CAPEX  [249]
Personnel [€/y] 200,000 24 h supervision -
Land rent [€/(m”y)] 2 - -
Water cost [€/Sm?] 2.38  Deionised water [259]
Discount rate (DR) [%)] 7 N=30y analysis horizon -

Note on supervision assumption. The 24 h supervision cost is included to represent contin-
uous on-site staffing for safe operation of a hydrogen facility that includes high-pressure
equipment (compression and storage) and associated auxiliaries. While modern electrolysers
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can be remotely monitored, in this work the same supervision assumption is applied to all
configurations so that comparisons across storage technologies are not biased by different
OPEX staffing choices.

4.3.4 Results and discussion

This section reports the optimisation outcomes for the four sites defined in Table 4.13.
For Hajira with Type I tanks at 200 bar, it is firstly compared the off-grid and grid-connected
configurations, while then, still for Hajira, all storage alternatives in the grid-connected
configuration. After that a sensitivity analysis on the electricity price is carried out and
finally a comparison of results obtained even for Bari, Bremen, and Houston under the same
workflow.

Hagira — Type I tanks at 200 bar: off-grid vs. grid-connected. Figure 4.21 summarises
the two configurations, and Table 4.16 lists the corresponding optima.

Off - grid Grid - connected
30001 Total storage size = 2715 kg 30001
2500 A 2500 4
e 2000 A = 2000 A
~ ~
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Figure 4.21: Hajira, Type I tanks at 200 bar: off-grid (left) vs. grid-connected under the
2kgoo,/ken, cap (right). Hourly LOH and LCOH breakdown.

As visible in Figure 4.21a, the off-grid case requires multi-tonne seasonal buffering with
extended charge/discharge periods. Under the grid-connected configuration constrained by
the 2kgqo,/kgn, annual cap (Table 4.13), storage operates within a narrow band, which
reduces the number of vessels from 105 to 24 (—=77%) and the number of tube trailers from
51to 1 (—80%). Footprint falls from 784 m? to 370 m? (—53%), a decrease smaller than the
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Table 4.16: Hajira, Type I tanks at 200 bar: optimal system sizes.

Component [unit] Symbol Off-grid Grid-connected

Photovoltaics [MW] pPrY 9.50 7.62
Wind turbine [MW]| PWVT 1.05 1.26
Electrolyser [MW]| PEL 5.05 4.36
Compressor [MW] PLOMP 0.09 0.13
Storage capacity [t Hy] m!1S 2.71 0.63
Vessels [ - 105 24
Tube trailers || - 5 1

Footprint [m?] Agite 784 370

—76% size reduction (2.71 — 0.63 t Hy) because footprint scales by container count and is
subject to minimum NFPA separations and access clearances (Eq. 3.46).

The LCOH is lower in the grid-connected case (7.63 €/kg versus 8.4 €/kg off-grid). Grid
electricity supplies 4.8% of the annual EL consumption; given India’s grid EF of 750 gco, /kWh,
the certification cap is binding at the optimum. The small permitted grid share, however,
meaningfully reduces the need for oversized PV /EL/HS, lowering total CAPEX, while OPEX
rises modestly due to purchases. Net effect: lower LCOH and smaller footprint. The same
ordering holds for the other storage families; therefore, subsequent comparisons focus on
grid-connected scenarios.

Hajira — grid-connected: storage technologies comparison. The 15 grid-connected scenar-
ios cover four CGH, families (Types I-IV at 30/200/350,/700 bar), UHS, and two MHs (MgHo,
LaNis) each with three heat-supply variants (100% WH, 100% EH, EH+PCM). Results are
organised as storage characteristics (Figure 4.22), P2H component sizing (Figure 4.23), and
economics (Figure 4.24).

(i) Storage characteristics: Required storage capacities for CGHy vessels cluster at
0.52-0.63 t Hy because the grid connection suppresses seasonal cycling. Structural implications
differ by pressure and type: within Type I, moving 30 — 200 bar reduces gas volume
(253—43 m?), footprint (672—370m?), and vessel mass (285—581) for essentially the same
capacity—reflecting container-count penalties at very low pressure. In Types II-1V, raising
pressure 350 — 700 bar increases footprint (162—295m?) and compression duty, with only
minor changes in capacity; mass trends are technology-driven (composites in Types I1I-1V).
Optimal UHS capacity is much larger (11.5 t Hy) because of its low specific cost, making
UHS the only technology that provides seasonal cycling in the optimum. For MHs, capacities
again lie near 0.51-0.64 t Hs, footprint is very compact (25m?), but total installed mass is
high: MgH, weighs 68t in 100% WH (rising to 128t with PCM), LaNi; 55t (rising to 97t
with PCM), consistent with Table 4.10.

(ii) Component sizing: All options converge to a narrow band for the primary assets: PV
8.0-8.4MW and EL 4.3-4.9 MW. Differences stem from auxiliaries: CGH, tanks require
compression that scales with pressure, whereas MHs avoid high-pressure compression but
add desorption-heater load. In MgHs—EH cases, the higher night-time electric duty increases
WT capacity. UHS slightly reduces EL and PV while raising WT to 1.8 MW: with larger
storage, the optimiser performs stronger temporal shifting under the annual GHG constraint.

(iii) Economics: UHS attains the lowest LCOH (7.60 €/kg) by selecting a larger storage
while limiting grid purchases; despite a high storage CAPEX entry (400 k€ ), the system-wide
balance remains favourable. Among CGHg, low-pressure Type I leads: 7.63 €/kg at 200 bar
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Figure 4.22: Hajira, grid-connected: storage characteristics across 15 options—storage size, gas
volume, installed mass, and footprint.
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4 Results and discussion

(LCOS = 0.11 €/kg; storage CAPEX 125 k€ ). Increasing pressure within a family raises
LCOH due to higher compression and higher storage specific cost; the within-family spread
is 8% (0.6 €/kg). MHs split clearly: waste-heat variants are competitive (MgHs 7.65 €/kg;
LaNi; 7.89 €/kg), whereas 100% EH penalises costs (MgH, 8.51 €/kg; LaNi; 8.17 €/kg).
Adding PCM lowers LCOH despite higher investment (MgH, 7.91 €/kg; LaNi; 8.04 €/kg),
at the expense of higher installed mass.
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Figure 4.24: Hajira, grid-connected: economic KPIs — LCOH, LCOS, storage CAPEX, and
achieved annual GHG intensity (cap at 2kgco,/kgn,).

All Hajira configurations operate exactly at the 2kgqq, /kgu, limit. Absent this cap, a
larger grid share would further reduce LCOH (price sensitivity not shown here), unlike Bari
and Bremen, where the cap is not binding and additional purchases do not improve costs
(see below).

The main outcomes can be summarised as follows:

e Ranking. UHS and low-pressure Type I tanks yield the lowest LCOH; MgH, with 100%
WH follows. Higher-pressure tanks (Types II-IV at 350-700 bar) incur a 0.3-0.6 €/kg
penalty; EH-heated MHs—especially LaNis—are least competitive.

e Drivers. With the grid cap binding, differences stem from compression duty, storage
specific cost, and (for MHs) heat-supply strategy.

e Siting. If land is the binding constraint, containerised MH units provide the smallest site
area (25m?) due to low-pressure operation and high installed mass. Where a mass-area
balance is preferred, Types III-IV at 350 bar offer compact footprints (162 m?) and low
installed mass (12-16 t for ~ 0.52 t Hy), potentially justifying a higher LCOH. UHS
performance presupposes suitable geology (and, if off-site, a transmission solution not
costed here).

Hajgira — Type I tanks at 200 bar: sensitivity analysis. UHS attains a slightly lower
LCOH than Type I tanks in Hajira, but it presupposes suitable salt geology and dedicated
site development. To keep findings broadly applicable, the sensitivity is performed on Type I
tanks at 200 bar. The annual GHG-intensity cap is removed so that the optimiser can freely
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choose the grid share and expose grid-price breakpoints. Figure 4.25 reports optimal designs
as the grid purchase price varies from 0.05 to 0.50 €/kWh. Panel (a) shows the optimal

PPV PWT PEL mHS

nom? nom) nom?’

nom

and the resulting annual GHG intensity; Panel (b) shows LCOH,

LCOS, and the tank contribution to LCOH (LCOHg,yy). Three regimes emerge:
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Figure 4.25: Hajira, grid-connected sensitivity (Type I tanks, 200 bar; GHG-intensity cap
removed). (a) Optimal capacities (PLY,, PWT PEL 'mHS ) and achieved annual GHG intensity

nom? nom? nom? nom

versus grid purchase price. (b) LCOH, LCOS, and LCOHy,x versus price.

e Low price (< 0.06 €/kWh). The least-cost solution buys all electricity from the grid;
PV, WT and HS are not installed. Emissions equal the EL’s specific electricity use times
the grid factor, yielding 41.6kgco, /kgy,. LCOH is low and dominated by purchased
energy, while LCOS and LCOHp, are undefined (no HS).

e Mid price (0.12 €/kWh, Hajira average). Storage remains non-economic; WT is not
adopted and a modest PV capacity appears (4 MW). LCOH rises nearly linearly with
the tariff because capital outlays are limited. For prices above 0.12 €/kWh, WT
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(1.5 MW) is added and storage grows roughly linearly with price; LCOS and LCOHjp
therefore appear and increase accordingly.

e High price (> 0.28 €/kWh). A sharp increase in total HS capacity occurs—consistent
with container modularity and NFPA spacing—together with slightly higher PV and
EL sizing, as renewables-plus-shifting becomes cheaper than grid purchases. Emissions
drop to 1kgco,/kgy, as grid use collapses. LCOS and LCOHank step up with the
added HS, while overall LCOH becomes less sensitive to further price increases.

These results quantify the role of the certification cap discussed before: with the
2kgco,/kgn, limit enforced, the permissible grid share is lower than 2/41.6 ~ 4.8%, which
aligns with the optimal grid-connected design found previously for Hajira. Without the
limit, the system is grid-dominant at low tariffs, transitions to renewables without storage
near 0.06 €/kWh, adopts storage near 0.13 €/kWh, and becomes storage-led only beyond
0.28 €/kWh.

Location-dependent optima with Type I tanks at 200 bar. The analysis carried out for
Hajira is extended to Bari (Italy), Bremen (Germany), and Houston (USA). Detailed time-
series plots of balances, mass/footprint, and cross-technology rankings are omitted, since their
qualitative behaviour mirrors the Hajira results discussed above. What varies—and ultimately
sets the optimal design—is the combination of resource seasonality (Figure 4.20) and the
electricity price / grid emission intensity / GHG limit triplet in Table 4.13. Together, these
determine the PV/WT mix, HS size, and LCOH. Figure 4.26 summarises the site-by-site
optima in the grid-connected configuration for Tank Type I at 200 bar.
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Figure 4.26: Grid-connected, Type I tanks at 200 bar: site-by-site optima for PV and WT ratings
(left axis), storage size (blue), LCOH (green), and achieved annual emission factor (grey). Black
triangles mark the site-specific limit.

e Bari (Ttaly). With complementary resources (PV summer—peaked, WT winter—peaked)
and a higher average purchase price (0.20 €/kWh), the optimiser limits grid use and
installs a balanced hybrid (PV and WT of comparable scale) and a larger storage
(1.45 tg,) than Hajira. The achieved annual GHG intensity lies well below the EU limit
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(CI™2 = 1.03kgcq, /kgy, vs. CT"™* = 3.38kg, /kgy, ), but the extra CAPEX lifts
the cost to LCOH = 8.31 € /kg.

e Bremen (Germany). A wind—dominant resource (high WT capacity factor, low PV
capacity factor) drives a wind-heavy mix and a modest storage (1.16 ty,). As in Bari,
the GHG-intensity cap does not bind (CI" = 1.46 kg, /kgy,) because grid electricity
is relatively expensive (0.22 €/kWh). The larger wind build raises CAPEX and yields
LCOH = 9.06 € /kg.

e Houston (USA). Here the wind capacity factor is very low (12%), so the optimum is
PV-only (PV¥I=0) with PPV = 9.22 MW and a small storage (0.52 ty,), leaning on

the grid up to the U.S. limit. The lower electricity price (0.13 €/kWh) keeps total cost
below the EU sites: LCOH = 8.18 € /kg.

For the same storage technology, price + seasonality -+ limit jointly set the PV/WT mix,
HS size, and cost. In Bari and Bremen, higher electricity price makes the cap non—binding;
grid use is minimal and larger PV/WT (and larger storage) are installed, lowering emissions
but raising LCOH (8.31-9.06 €/kg). In Houston, weak wind and lower electricity price make
the limit binding; the solution leans on the grid, keeps storage small, and achieves a lower
LCOH (8.18 €/kg). Among the four sites, Hajira retains the lowest cost for Type I at 200 bar
(LCOH = 7.63€/kg), reflecting favourable PV resource and modest storage needs under the
binding cap.

4.3.5 Main findings and methodological reflections

Findings. (i) With a binding cap (Hajira), small grid shares (~ 5%) suffice to markedly
reduce oversizing of PV /EL/HS, lowering LCOH and footprint; (ii) without the cap, the
LCOH-optimal pathway transitions from grid-only — PV-only — hybrid+storage as tariffs
rise, with distinct price breakpoints (~ 0.06, 0.13, 0.28 €/kWh); (iii) across sites, UHS and
low-pressure CGHy (Type I, 200 bar) lead on LCOH; MHs are competitive only with assured
waste heat; electrically heated MHs are penalised by night-time loads.

Methodological reflections. Relative to the rule-based, GA-driven design workflow discussed
earlier, the present section adopts a single perfect-foresight MILP that jointly sizes and
schedules under explicit balances, exclusivities, and inventory dynamics. This strengthens
optimality on operations (hourly routing is optimised, not imposed by rules) while preserving
linear device physics and only the binaries that are physically necessary (HS direction, grid
import /export). However, perfect foresight abstracts from uncertainty in prices, availability,
and certification accounting signals; therefore, the obtained optima represent lower bounds
under the assumed exogenous trajectories. Motivated by these limits, the next subsection
introduces a two-stage stochastic optimisation shell to quantify the value of recourse and of
hedging against uncertainty in VRE availability, while retaining the same device cards and
feasibility guards as the deterministic MILP.

4.4 Two-stage stochastic MILP — Island decarbonisation

4.4.1 Motivation, scope and contributions

The perfect-foresight MILP of Section 3.2.3 provides a unified, physics-faithful baseline
for joint sizing—scheduling, but it cannot capture the variability that governs stand-alone
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design: multi-day wind lulls, cloudy spells, and seasonal swings that stress inventories and
trigger costly recourse to diesel. This subsection therefore activates the risk-neutral two-stage
shell of Section 3.2.4: a single here-and-now design s is chosen before uncertainty is realised,
while hourly operations {v;,, ., 1.} adapt scenario-wise under non-anticipativity on s.
The plant is a fully islanded Hybrid Renewable Energy System (HRES); there is no grid
interface and hydrogen is used as an internal carrier (EL—-COMP—HS—FC) to buffer
renewable variability and guarantee security of supply for the site electrical demand pfl’dem.
The architecture is motivated by policy and system needs: net-zero trajectories and EU
decarbonisation packages drive deep electrification and renewable penetration [24], while
remote islands remain diesel-reliant with high energy costs and security-of-supply concerns
[305-307]. In these settings, combining BESS (short-term) with hydrogen storage (long-
duration) is recognised as reliability-enhancing and cost-curbing [308, 309]. The shell is applied
to a real Mediterranean island with no feasible grid connection (Pantelleria), quantifying how
variability reshapes capacities, dispatch, and the premium paid for reliability and emissions
compliance relative to the deterministic baseline, as further documented in [234].

Contributions. Building on Section 3.2, this section: (i) formulates a risk-neutral two-stage
stochastic MILP for joint sizing and dispatch of an off-grid HRES, enforcing non-anticipativity
on s and scenario-adaptive recourse on hourly operations; security of supply is guaranteed in
every scenario, and a DG €“©2 budget yields explicit cost—emissions trade-offs; (i) embeds
the full off-grid energy hub (PV, WT, EL+COMP+HS, FC, BESS, DG) in one optimisation,
preserving linear plant physics and retaining only physically necessary binaries so that year-
long horizons with |§2| scenarios remain tractable while honouring balances, exclusivities, and
inventory dynamics; (iii) constructs 2 via Monte Carlo with bootstrap daily recombination
and k-means reduction, then forms a Cartesian PVXWT set (Section 3.2.4), preserving
seasonality and low-renewables persistence that drive hydrogen-storage value; (iv) produces
cost—emissions Pareto fronts under uncertainty by tightening ¢“©2, and contrasts them with
deterministic fronts to quantify the premium of reliability /compliance and the value of
recourse (capacity shifts and dispatch flexibility that only emerge when operations adapt to

scenarios); (v) reports decision-relevant metrics beyond TAC: coverage shares of pehdem (direct

VRE vs. BESS vs. FC vs. DG), curtailment patterns, and the dispersion of LOH,,,/SOC;,,
across w.

4.4.2 Configuration

Figure 4.27 shows the Pantelleria off-grid HRES considered. The AC node couples: (i)
variable RES (PV, WT), (ii) short-duration storage (BESS), (iii) the PtH chain composed of
PEM EL, COMP and HS (Type I CGH, tank at high pressure), (iv) the HtP reconversion
(PEM FC), (v) alast-resort DG, and (vi) the fixed site load p¢"*™. Two resource loops close at
every (t,w): the electrical balance of Eq. 3.126 in its off-grid form, and the internal hydrogen
balance of Eq. 3.127 (no external Hy offtake). PV and WT are curtailable; BESS and HS
provide temporal shifting (hour-day and day-season), and the DG ensures feasibility during
extended calm-and-cloudy periods under an explicit annual emissions budget. The objective
is the expected Total Annualised Cost TAC of Eq. 3.180, subject to capacity limits, cyclic
inventories, and the e-constraint on annual DG emissions (Eqs. 3.184-3.185). Uncertainty
enters through full-year hourly PV/WT availability profiles &, generated via Monte Carlo
with bootstrap daily recombination and reduced by k-means before forming the Cartesian
PVxWT scenario set (Section 3.2.4); the demand profile p¢*“™ is fixed and common to
all scenarios in the baseline. The complete two-stage formulation for the off-grid case is
summarised in Eq. 3.186 where all plant physics, bounds, inventories, and exclusivities are
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Figure 4.27: Configuration of the off-grid hybrid renewable energy source system on Pantelleria
(Italy).

Site motivation. Pantelleria is geographically isolated and currently diesel-reliant; con-
nection to the national grid is economically unfeasible [306]. Historical RES producibility
(2005-2023) indicates mean annual PV yield ~ 1619 kW h/kW (CF'V~18.5%) and wind
yield ~ 3495 kW h/kW (CFWVT~39.9%), with marked interannual and seasonal variability
as represented in Figure 4.28.
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Figure 4.28: Historical PV and WT producibility: January and July violin plots. Dark points
mark month—hour means.

The site electrical demand totals 31.1 GW h/yr, with a summer peak driven by tourism;
monthly totals are from [306], and the hourly shape is derived with RSE’s TOTEM tool
for the Province of Trapani [310]. For deterministic benchmarking, year 2005 is used as
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a representative baseline (PV: 1633.7kW h/kW; WT: 3534.7kW h/kW), being closest to
long-run means. Figure 4.29 summarises the hourly and monthly reference signals (load, PV,
WT), showing summer-peaked demand and the PV-WT seasonal complementarity.
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Figure 4.29: Reference inputs (deterministic baseline year): hourly (top) and monthly (bottom)
profiles for electrical load, PV and W'T specific power.

4.4.3 Technical and economic inputs

Table 4.17 compiles the technical parameters used in the case study, while Tables 4.18-4.19
report the economic datasets used to compute CAPEX*™(s) and OPEX in Eq. 3.180. Here,
LT denotes the assumed component lifetime (in years) used for annualising CAPEX; for
clarity, LTP¥S=15 years refers to the battery system, while the electrolyser lifetime in
Table 4.17 is LT*'=10 years (stack-level assumption), with replacements handled as year-
specific CAPEX(™" in the discounted economic KPIs.

4.4.4 Scenario construction

Uncertainty is placed on renewable availability only; the site demand pf"®™ is fixed
across w (Section 3.2.4). Historical producibility (2005-2023) reveals two salient features:
(i) PV is seasonally higher in summer with a clear diurnal structure; (ii) wind exhibits
winter-leaning productivity and a distribution concentrated at extremes, so hourly means are
not representative.

Methodological summary. Each scenario w € €) carries full-year hourly exogenous signals
Ctw = (ﬁil’lkw, pye). Scenarios are generated by a Monte Carlo + Bootstrap daily recombi-
nation procedure that preserves intra-day correlation and seasonality: within each month m,
whole daily profiles are drawn with replacement from historical sets &), = {x], ; € R*} and
concatenated as in Eq. 3.187 to produce annual vectors XYV, XWT € RV7 [235-237]. In this

study, we generate Si; = Syré = 10000 annual realisations per resource. For tractability,
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Table 4.17: Technical parameters and operating conditions for the Pantelleria HRES.

Component Parameter [unit] Symbol Value Ref.
Tilt angle [°] - 32 [177]
Azimuth angle |°| - 7 [177]
PV Total system losses [%)] - 14 [177]
Specific production [kW h/kW] VMY time series  [177]
Lifetime [y] LT 20 -
Hub height [m] Zhub 80 -
Reference height [m)| Zref 10 -
Power-law exponent || a 0.17 [181]
WT Cut-in speed [m/s] Wei 3 [180]
Cut-out speed |[m/s| Weo 25 [180]
Rated speed [m/s] Wrat 13 [180]
Lifetime [y] LTV 20 -
Charging efficiency |-] pBESS.ch 0.95 [311]
Discharging efficiency [ pyBESS.dis 0.95 [311]
C-rate [h™!] C 0.9 [222]
BESS Self-discharge rate [%/mon| SDR 5 [312]
Min. SOC [ ] SOCmin 020  [312]
Max. SOC [ SOC hax 1.00 -
Lifetime [y] LTBESS 15 -
Operating pressure |bar] PEL 30 -
BL Spec. elect. cons. [kWh/kgy, | SECE: 50.5 [248]
Water use [m?/kgy, | SCH,0 0.015 [191]
Lifetime [y] LT 10 [222]
Operating pressure |[bar| Pre 1 —
FC Spec. fuel. cons. [kgy, /kWh] SFCHC 0.060 [222]
Lifetime [y] LTHC 10 [313]
Nominal pressure |[bar| PHS 200 [314]
harcine offici . HS,ch ' -
HS (CGH,) C‘ argmg% e 01en‘cy -] nHS . 0.995
Discharging efficiency [-] noas 0.995
Lifetime [y] LTHs 20 -
COMP Specific consumption [kWh/kgy,| SEC5 a0 1.76 [197]
Lifetime [y] LTCOMP 20 -
Nominal efficiency [-] nPe 0.37 [222]
DG CO, intensity [kgqo,/kWh]| CIP¢ 0.805 [315]
Lifetime [y] LTP¢ 20 —
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Table 4.18: Per-asset economic inputs for the HRES.

Asset Cost [€/kW;€/kWh;€/kg] O&M [%/y] Repl. [% CAPEX] Ref.
PV 1060 2.0 - 1316, 317]
WT 1200 3.0 - [318, 319]
BESS [€/kWHh]| 450 2.5 50 1320, 321]
EL 1196 5.0 50 1266, 322]
FC 1300 5.0 20 222, 313
HS [€/kg] 230 2.0 - 253, 282]
COMP 4577 4.0 - 248, 303]
DG 343 2.5 - [222]
Table 4.19: Financial inputs.

Item Value Notes Ref.

Diesel specific cost [€/m?] 1800  Site-specific cost level [306]

Water specific cost [€/m3] 4 Deionised water for EL.  [323]

Discount rate [%)] 7 Entering Fisher equation —

Engineering add-on [%)] 15 Applied to bare CAPEX —

Installation add-on [%)] 15 Applied to bare CAPEX -

Personnel [€/y] 200000 24 h supervision (3x8h) -

Project lifetime [y] 20 - -
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each Monte Carlo pool is reduced by k-means on R (Eq. 3.188) to S&Y = SN = 10
centroids {u!}, with empirical probabilities 77 equal to cluster masses (Eq. 3.189). Fig-
ure 4.30 displays the cluster-wise histograms; red markers denote the selected centroids and
their 7r]. Assuming independence after reduction, the global set is the Cartesian product
Q= Q7Y x QWT with |Q] = 100 and m(; ;) = 7; ¥ m'" (Eq. 3.190). These {r,} weight OPEX,,
and EP% in Egs. 3.180 and 3.184.
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Figure 4.30: Scenario generation and reduction: histograms of annual PV and wind specific
production from Monte Carlo pools (colours by cluster). Red circles: k-means centroids with
empirical probabilities.

Table 4.20 reports the reduced centroids for PV and wind: the annual specific production
(kW h/kW), the empirical probability (%), the weighted mean, and the distance from that
mean. Consistent with Figure 4.28 and the literature [324], wind exhibits a larger spread
than PV, indicating a higher incidence of both lull and very windy years.

These reduced scenario statistics quantify the persistence and depth of low-renewables periods
that determine the value of hydrogen storage and the potential binding of the DG emissions
cap.

4.4.5 Results and discussion

Deterministic baseline and Pareto frontier. The current configuration on Pantelleria
(22 MW of DGs plus 1 MW of PV [306]) supplies the annual demand with 5.2% covered by
PV and 94.8% by DGs, requiring 7900 m? of diesel per year. The resulting TAC is 15.5 M€ /yr
and the associated emissions are 23.7 kt/yr, corresponding to 762 gco,/kWh, which exceeds by
more than a factor of three the 2024 Italian grid intensity (274 gco,/kWh [325]). Figure 4.31
shows the cost—emissions Pareto front from the e—constraint procedure (objective: TAC;
constraint: annual CO, emission cap). The cap is tightened in 0.4 kt/yr steps, with two
additional points at 0.25 and 0.10 kt/yr to resolve the approach to zero. The minimum-TAC
configuration occurs at 3.2 kt/yr (i.e. 103 gco,/kWh) with TAC = 6.38 M€/yr. The zero-
emissions configuration (100% RES-based) exhibits TAC = 8.10 M€ /yr (+27% relative to
the minimum-TAC point) while fully eliminating direct CO5 emissions. In Figure 4.31, the
pie charts explicitly show that, at minimum TAC, the electrical demand is covered 66.2%
directly by RES, 15.1% by BESS, 6.2% by the hydrogen storage system (HSS) composed
of EL+COMP+HS+FC and 12.5% by DGs; in the zero-emissions case the shares become
65.8% direct RES, 24.9% BESS and 9.3% HSS (no DG).
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Table 4.20: Representative PV and wind scenarios after reduction: centroid annual specific
production, probability, weighted mean and distance.

Scenario Prod. [kWh/kW] Prob. [%] Weighted mean [kWh/kW] Distance [%)]

PV-1 1562.0 1.88 1618.7 -3.50
PV-2 1580.1 5.74 1618.7 -2.38
PV-3 1592.2 9.43 1618.7 -1.64
PV-+4 1602.3 13.02 1618.7 -1.01
PV-5 1611.8 15.28 1618.7 -0.43
PV-6 1621.4 17.42 1618.7 0.17
PV-7 1631.0 15.39 1618.7 0.76
PV-8 1641.4 11.74 1618.7 1.40
PV-9 1653.4 7.41 1618.7 2.14
PV-10 1670.2 2.64 1618.7 3.18
WT-1 3169.0 2.94 3494.2 -9.31
WT-2 3279.8 8.33 3494.2 -6.14
WT-3 3359.9 13.02 3494.2 -3.84
WT-4 3428.7 16.61 3494.2 -1.87
WT-5 3491.3 16.75 3494.2 -0.08
WT-6 3549.5 14.78 3494.2 1.58
WT-7 3609.5 12.58 3494.2 3.30
WT-8 3675.7 8.90 3494.2 5.19
WT-9 3755.6 4.70 3494.2 7.48
WT-10 3867.2 1.39 3494.2 10.67
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Figure 4.31: Cost—emissions Pareto front for the deterministic reference year against the current
mix. The pie charts display the demand coverage shares (direct RES, BESS, HSS, DG) for the
current, minimum-TAC, and zero-emissions points.

Capacity evolution along the Pareto front. Figure 4.32 shows how optimal component sizes
evolve as the CO; cap is tightened. At the minimum-TAC point the selected capacities are:
PV 9.7 MW, WT 8.8 MW, DG 3.3 MW, BESS 11.2 MWh, EL 1.6 MW, FC 1.0 MW, and
HS 4.2 t (about 139 MWh, LHV basis). As the cap approaches zero, Figure 4.32 makes clear
that DG capacity is eliminated and both RES and storage expand: PV reaches 15.8 MW
(+62.9%), WT 10.8 MW (+22.7%), BESS 24.6 MWh (+119.6%), EL 3.4 MW (4116.6%),
FC 3.5 MW (4253.5%), and HS 28.1 t (about 936 MWh, +564.3%). Figure 4.32 therefore
indicates a pronounced scaling of long-duration elements at very low €“©2, reflecting the need
to bridge multi-day and seasonal deficits once DG flexibility is removed.
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Figure 4.32: Optimal component sizes versus the annual CO2 cap (deterministic).

Cost structure and component contributions. Figure 4.33 reports the TAC decomposition
by component along the Pareto front. As the cap tightens, the DG contribution decreases
to zero with falling diesel purchases, while the shares of PV, WT, BESS and HSS increase.

160



4 Results and discussion

Specifically, Figure 4.33 shows DG-related costs declining from about 2.00 M€ /yr at the
minimum-TAC point to zero at the zero-emissions point; PV and WT contributions ranging
from 1.00 to 1.64 M€/yr and from 1.14 to 1.39 M€/yr, respectively; and BESS and HSS
increasing from 0.60 to 1.32 M€ /yr and from 0.69 to 2.23 M€ /yr. “Others” (engineering,
installation, personnel) increase with plant scale from 0.93 to 1.52 M€ /yr. Table 4.21
provides the numerical values at the two extremes (minimum TAC and zero emissions) and,
consistently with Figure 4.33, disaggregates the HSS into EL, HS (including COMP), and
FC contributions.
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Figure 4.33: TAC breakdown versus the CO3 cap (deterministic). Bars include CAPEX and
OPEX.

Synthesis. Figure 4.31 indicates that all optimised points reduce TAC by roughly 48%-59%
and emissions by 86.5% up to 100% relative to the current diesel-reliant mix. Figure 4.32 and
Table 4.21 together show that BESS predominantly provides short-term balancing in both the
minimum-TAC and zero-emissions configurations, while HSS (EL+COMP+HS+FC) scales
to cover multi-day and seasonal deficits as DG use is phased out. Finally, Figure 4.33 makes
explicit that the sharp TAC increase in the final decarbonisation steps is driven by the need
to replace DG operational flexibility with long-duration storage and additional RES capacity.

Stochastic optimisation and effect on the Pareto frontier. Figure 4.34 compares the
deterministic cost—emissions Pareto front with the stochastic counterpart obtained by enforcing
feasibility (including the COy cap €“92) across all scenarios. Figure 4.34 (left) shows a fan-
shaped stochastic front: for a given emissions cap, the envelope (min-max band) across
scenarios widens as the cap is tightened. The mean stochastic curve exhibits lower average
emissions than the deterministic front at the same €92, as sizing must guarantee security of
supply in all w. At relaxed caps (high allowable emissions), DGs buffer variability and the
mean TAC remains close to the deterministic value, but with larger dispersion (primarily
due to the variability of diesel use; water use variability has negligible cost impact). At
stringent caps, the loss of DG flexibility requires larger capacities to cover worst-case low-VRE
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Table 4.21: Component contributions to TAC at the Pareto extremes (deterministic). The COMP
is included in HS costs.

Zero emissions Minimum TAC

Component Cost [M€] Impact [%] Cost [M€] Impact [%]

PV 1.64 20.24 1.00 15.67
WT 1.39 17.16 1.14 17.87
BESS 1.32 16.30 0.60 9.40
FC 0.80 9.88 0.23 3.61

EL 0.73 9.01 0.34 2.33
HS 0.70 8.64 0.13 2.04
DG - - 2.01 31.50
Others 1.52 18.77 0.93 14.58
Total 8.10 100 6.38 100

realisations, and costs rise accordingly. In particular, Figure 4.34 (right) shows that at zero
emissions the stochastic TAC increases by 15.7%, from 8.10 to 9.37 M€/yr. Table 4.22
quantifies these effects over the full cap range: the mean TAC increment grows monotonically
from 0.3% (at 3.2 kt/yr) to 15.7% (at 0.0 kt/yr).

Table 4.22: Impact of stochastic optimisation on TAC at different CO5 caps ¢“©2.
Mean/min/max refer to the distribution across w € Q.

CO, emissions Deterministic TAC Mean TAC Min TAC Max TAC Mean ATAC

[kt /yr] [M€/y1] [ME€/yr]  [M€/yr]  [M€/yr] [72]
3.2 6.38 6.40 5.38 6.89 0.3
2.8 6.39 6.45 5.93 6.92 0.9
2.4 6.41 6.54 6.09 6.97 2.0
2.0 6.47 6.67 6.30 7.07 3.1
1.6 6.55 6.86 6.57 7.23 4.7
1.2 6.68 7.12 6.90 7.43 6.6
0.8 6.88 7.47 7.31 7.72 8.6
0.4 7.25 8.06 8.00 8.21 11.2
0.0 8.10 9.37 9.37 9.37 15.7

Zero-emissions design under uncertainty. Figure 4.35 shows the optimal component sizes
for the zero-emissions configuration in deterministic and stochastic settings, together with
the corresponding TAC impact. The figure indicates that, under uncertainty, PV increases
from 15.8 to 18.6 MW and BESS from 24.6 to 38.8 MWh (459.0%), while HS rises from 28.1
to 34.6 t (+23.1%). WT exhibits a modest decrease from 10.8 to 10.3 MW. On the right
panel, Figure 4.35 makes explicit the TAC increase (+15.7%) driven by conservative sizing of
storage and PV needed to ensure feasibility across all w.

Operational variability across scenarios. Figure 4.36 presents the annual trajectories of
the hydrogen level LOH,, for the zero-emissions design (stochastic solution). The shaded
band (interquartile range) and thin bounds (min—-max) quantify the dispersion across w,
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Figure 4.34: Cost—emissions Pareto fronts: deterministic vs. stochastic. Left: fan-shaped
stochastic front with min—max envelope across scenarios. Right: boxplots of stochastic TAC at
selected emission levels compared with deterministic values at the same CO4 cap.
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while the solid line reports the deterministic trajectory for reference. Figure 4.36 shows that
high-VRE scenarios (illustrative dashed green) operate with a smaller seasonal swing of LOH
(implying that a smaller HS would have sufficed), whereas low-VRE scenarios (illustrative
dashed red) require deeper drawdowns and more frequent FC utilisation, thereby justifying
the larger HS selected by the stochastic design. This dispersion across w mirrors the spread
discussed in Figure 4.34 and in Table 4.22, and reflects the multi-day/seasonal coverage role
of HS once DG is excluded.
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Figure 4.36: Hydrogen inventory trajectories LOH; ,, for the zero-emissions configuration
(stochastic solution). Shading: interquartile range; thin lines: min—max; solid: deterministic.

Summary. Figure 4.34 and Table 4.22 indicate that accounting for renewable-generation
uncertainty shifts the Pareto front upward at tight caps and introduces dispersion due to
scenario-dependent diesel usage at relaxed caps. Figures 4.35 and 4.36 together show that
robust zero-emissions designs require materially larger BESS and HS (and somewhat larger
PV) to bridge persistence of low-renewables periods across w, which explains the observed
TAC premium under uncertainty.

4.4.6 Main findings and methodological reflections

Findings. (i) Accounting for renewable-generation uncertainty reshapes the cost—emissions
trade-off: Figure 4.34 shows a fan-shaped stochastic Pareto front, with the mean stochastic
curve achieving lower average emissions than the deterministic curve at the same €“©2 due to
non-anticipative sizing across w (i.e., design variables common to all scenarios). The associated
TAC dispersion widens as the emissions cap tightens. Quantitatively, Table 4.22 reports mean
TAC increases from 0.3% at 3.2kt/yr to 15.7% at zero emissions. (ii) The zero-emissions
design is materially more storage- and PV-intensive under uncertainty: Figure 4.35 indicates
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PPV rises from 15.8 to 18.6 MW, BESS energy from 24.6 to 38.8 MWh (+59.0%), and HS from

nom

28.1 to 34.6t (+23.1%), while PWT slightly decreases (from 10.8 to 10.3 MW). This capacity
shift explains the TAC premium at zero emissions in Figure 4.34 (right). (iii) Operations
display marked scenario-to-scenario variability even with a fixed design: Figure 4.36 shows
wide interquartile and min-max bands for LOH,, over the year. High-VRE realisations
(illustrative dashed green) operate with tighter LOH swings, whereas low-VRE realisations
(illustrative dashed red) require deeper seasonal drawdowns and more frequent FC utilisation,

justifying the larger HS selected by the stochastic sizing.

Methodological reflections. The two-stage, risk-neutral shell proves appropriate for joint
sizing—scheduling under uncertainty when non-anticipativity is imposed on the design s and
recourse is allowed on hourly operations {v;,, 04, 2t }. The scenario pipeline (Monte Carlo
+ Bootstrap daily recombination, followed by k-means reduction and Cartesian PVxW'T
combination) preserves diurnal structure and seasonality, enabling tractable year-long studies
while retaining physics-faithful balances (cf. Figs. 4.34-4.36 and Table 4.22). At the same
time, the separation between here-and-now s and recourse operations entails that sequential,
information-adaptive scheduling decisions within the year are not optimised beyond a single
stage of recourse. Moreover, the analysis is risk-neutral and places uncertainty only on VRE
availability (PV, WT), with independence assumed after reduction.

Transition to multi-stage scheduling. Motivated by these limits, the next (and last)
subsection focuses on multi-stage stochastic optimisation of operations when considering tht
the plant has already been built. The design s is fixed (e.g., to a representative two-stage
solution on the Pareto front), and the hourly schedules {v,d;, x;} are optimised over a
scenario tree consistent with the information filtration, enforcing non-anticipativity at every
stage. This setting captures the value of sequential recourse under unfolding uncertainty
(e.g., persistent low-VRE spells) without incurring the prohibitive complexity of simultaneous
size—schedule multi-stage optimisation.

4.5 Multi-stage stochastic MILP — Market-coupled schedul-
ing
4.5.1 Motivation, scope and contributions

The two-stage results in Section 4.4 established how variability in renewable availability
reshapes design and operations when the system is islanded and jointly sized—scheduled. Once
capacities are commissioned, however, economic value is created (or eroded) hour by hour
through scheduling and market participation. In the operating phase, the PtH plant, which
in this case is represented by a hydrogen refuelling station (HRS), behaves as a hydrogen-
enabled virtual power plant (VPP): it must meet its hydrogen offtake while arbitraging across
sequential electricity markets—day-ahead, secondary reserve, multiple intraday auctions, and
ex-post imbalance settlement—under uncertainty that is revealed progressively through the
day (Section 3.2.5). In this context, effective market-coupled scheduling is central to lowering
the LCOH: disciplined participation in DA/RM/IM and prudent imbalance management
can monetise flexibility, mitigate penalties, and internalise degradation, thereby reducing
operating expenditures per kilogram of Hs.

Compared with the stand-alone sizing problem, several features become pivotal: (i)
bids must be implementable ex post, so that DA commitments remain deliverable under
later realisations of PV and prices; (ii) reserve capacity offers must honour instantaneous
headroom /footroom and energy margins over the activation window; (iii) intraday redis-
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patch should absorb forecast updates without speculative reshaping; and (iv) imbalance
settlement must be represented financially consistently (Section 3.2.5). Casting this as
a multi-stage stochastic MILP aligned with the pre-June 2024 Iberian market sequence
(DA—-RM—IM1-IM6—IM7—IB) enables gate-wise non-anticipative decisions that adapt as
information arrives (scenario tree generation and reduction as described in Section 3.2.5),
while keeping the daily horizon tractable. The present subsection therefore fixes the design
s and focuses on the market-coupled scheduling problem under sequential uncertainty, as
further documented in [238|.
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Figure 4.37: Overview of the hydrogen-enabled VPP. Random parameters (grey) and decision
variables (black).

Contributions. Building on Section 3.2.5, this section: (i) formulates a risk-neutral
multi-stage stochastic MILP that co-optimises DA bidding, secondary-reserve capacity, all
intraday redispatches, delivery-stage set-points, and IB settlement, enforcing gate-wise
non-anticipativity and the DA bidding-curve structure with explicit monotonicity and
minimum-block rules; (ii) embeds state-dependent operating dynamics for electrolyser and fuel
cell—minimum load, standby draw, warm //cold starts, and time-at-load degradation—together
with a throughput-based BESS ageing proxy, so that reserve headroom/footroom and
activation-energy feasibility are honoured without sacrificing tractability; (iii) represents all
market layers coherently—DA, six IM sessions plus IM7, secondary reserve, and IB—so that
early commitments are deliverable and later recourse mirrors actual operational degrees of free-
dom (price-accepting quantities at RM/IM decision times; ex-post IB with positive/negative
parts), capturing full uncertainty in PV availability and prices at each market layer via a
scenario tree; (iv) yields implementable artefacts for operations and trading: hourly DA
supply /demand curves, price-accepting RM /IM volumes consistent with technical limits,
and delivery-stage schedules that co-evolve with SOC and LOH, enabling an OPEX-phase
assessment of LCOH drivers under market uncertainty.
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4.5.2 Model outputs

The scheduling problem has been modelled exactly as in Section 3.2.5. The HRS under
study is represented in Figure 4.37 as a VPP comprising PV, BESS, EL, COMP, HS, and
(optionally) FC, with linear device physics and inter-hour recursions taken from Secs. 3.2.1-
3.2.2. Market participation follows the pre—June 2024 DA—RM—IM1-IM6—IM7—IB
sequence; uncertainty affects PV availability and prices at all gates. The complete compact
formulation for the daily problem is summarised in Eq. 3.225.

Output (1): Optimal DA bidding curves. For each hour ¢, the model returns monotone
step-wise supply /demand curves obtained a posteriori by sorting scenarios by c?j and pairing
the price rank with the matched pfﬁ”’ (sell) or py~ (buy) as represented in Figure 4.38.
Buying-only bids (negative quantities) express willingness to purchase that decreases with
price; selling-only bids (positive quantities) increase with price; mixed bids cross the quantity
axis near an indifference price. These curves are implementable by construction and consistent
with market rules.
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Figure 4.38: Representative DA bids for four hours: buying-only (negative), selling-only (positive),
and mixed (axis-crossing) cases. Markers show block pairs (quantity—price); lines connect blocks to
illustrate the monotone step-wise curve.

Output (i1): Price-accepting RM/IM quantities. Upward/downward secondary-reserve
capacities {p,pD} (with technology splits from BESS, EL, FC) are committed at RM
clearing. Similarly, intraday positions {p?fj} are price-accepting at each session . This yields
implementable redispatch consistent with technical limits and with the sequential information
structure.

Output (iii): Delivery-stage schedules, commitments, and inventories. To honour submit-
ted bids in every scenario, the model produces hourly set-points for grid exchanges and plant
operation (BESS charge/discharge; EL. ON/STANDBY loads; COMP consumption; HS
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charge/discharge; FC ON /STANDBY output) together with SOC,,, LOH, ,, and imbalance
volumes pﬁi. Figure 4.39 reports a one-day mean across scenarios: The DA position is
decomposed into DA sell (solid dark red) and DA buy (dark red, cross-hatched). Subse-
quent intraday adjustments appear as IM sell (solid dark yellow) and IM buy (dark yellow,
cross-hatched), while any residual deviations are captured as positive imbalances (solid grey)
and negative imbalances (grey, cross-hatched). On the physical side, PV generation (light
green) is allocated between export and internal use, primarily the EL (dark blue) and the
COMP (turquoise). The FC dispatch is shown in purple, cross-hatched, with FC standby
consumption indicated in purple. The bottom timelines highlight unit-commitment states for
the EL and the FC: ON (orange), STANDBY (grey), and OFF (white). The LOH in the
HS co-evolves with these flows, increasing when electrolysis dominates and decreasing when
meeting hydrogen demand or generating via the FC.

Output (i): Variability bands and endogenous responses. Finally, Figure 4.40 illustrates
scenario dispersion for key drivers and one endogenous response. Exogenous inputs from the
scenario tree (PV generation; DA and RM prices) are shown as hourly percentiles (10-90
and 25-75 bands, median line). The electrolyser load is endogenous: its percentile bands
reflect the scheduler’s response to price/PV realisations, reserve commitments, start-up costs,
and ageing penalties.

4.5.3 Configurations

Four operational configurations are assessed; all enforce exact daily hydrogen delivery and
differ only in market participation options and flexibility carriers:

e Base. PV-EL-COMP-HS-FC with secondary-reserve participation; hydrogen spot
sales disabled (¢ = 0). The scheduler maximises expected profit from electricity markets
while satisfying the contracted hydrogen demand and internal constraints; this serves
as the operational benchmark.

e No-reserve. Same asset portfolio as Base, with reserve offers disallowed, to isolate the
contribution of reserve remuneration and its scheduling effects.

e BESS instead of FC. The FC is replaced by a BESS sized to provide comparable reserve
capacity (Table 4.24), allowing a like-for-like comparison between PtHtP reconversion
and electrochemical storage.

e H, sales enabled. Base portfolio with optional surplus hydrogen sales (¢ = 1), to test
the optimal split between electricity-market arbitrage and hydrogen export when sales
are permitted.

The HRS is located in Barcelona (postal code 08028), where a baseline daily hydrogen
demand of 1440 kgy, /day at 700 bar is imposed via the refuelling load. In fleet equivalence,
1440 kgy;, /day would correspond roughly to 50-60 heavy-duty trucks (about 27kg/day each
over 300 km/day), or 150 transit buses (10 kg/day each), or 2500 passenger FCEVs (0.5 kg /day
each for 50km/day). A plausible mixed-fleet combination is therefore on the order of 20
trucks, 40 buses and 1000 cars, which sums to the imposed baseline demand. The hydrogen
sale-price parameter is set to 2 = 3€/kg, aligned with recent estimates of the prevailing
cost of grey hydrogen in Southern Europe [267].

The hourly Hy demand profile used in the daily optimisations represented in Figure 4.41
is constructed by averaging demand curves for mixed-fleet refuelling reported in the liter-
ature [326-329]. The resulting 24-hour profile, normalised so that its daily integral equals
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1440 kgyy, /day, exhibits a pronounced midday peak between 12:00 and 15:00, with low de-
mand during the night and moderate morning and evening shoulders. Empirical studies
of comparable fleets suggest that weekly and seasonal deviations around this mean shape
remain typically within +£10-£15% of the baseline level [330], which supports reusing the
same normalised profile on consecutive days and scaling it only by the daily total.
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Figure 4.41: Mean hourly hydrogen demand profile normalised to 1440 kgy, /day; pronounced
midday peak and moderate dispersion support a fixed daily profile [326-330)].

4.5.4 Technical and economic inputs

The PV, EL, COMP and HS capacities used here were not tuned directly in the market-
optimisation layer. Instead, they were sized in prior design work using a Genetic Algorithm
(GA) embedded in the MESS platform (Section 3.1), a multi-energy simulation tool capable
of long-horizon techno-economic assessment with component ageing. Following [249], the
GA minimised the LCOH over a 25-year horizon subject to: (i) exact satisfaction of the
baseline daily demand profile at the HRS, (ii) compliance with the RED III RENBO carbon-
intensity limit, and (iii) hourly operational feasibility of all devices, including storage and
compression. The optimal configuration adopted as input to the market study comprises a
12MW PV array, a 7MW EL capable of producing approximately 140kgy;, /h at full load,
and a 500 kW COMP sized to lift the EL outlet from 30 bar to the 700 bar storage/refuelling
level. The HS capacity is set to 1120 kgy, , corresponding to roughly eight hours of continuous
EL operation at nameplate, in line with literature indicating that beyond-diurnal HS is
generally not cost-effective under current European energy and ancillary-service markets
[331]. For reconversion, the SOFC block is sized at 7 MW, matching the EL nameplate to
simplify comparison between production and HtP use. Component-level technical parameters
and economic parameters are summarised in Tables 4.23 and 4.24; in this case study the
electrolyser (EL) is parameterised as a PEM electrolyser (PEMEL).

Market and stochastic inputs The HRS participates in the Iberian electricity market
through its EL, BESS (where applicable), and FC. The IM-to-DA cap is set at R™/PA = (.20
in Egs. 3.212-3.213, which means that in each intraday (IM) session the absolute volume that
can be reshaped (bought or sold) is limited to at most 20 % of the corresponding day-ahead
(DA) position for that hour. This reflects a practical limit on active position management
rather than a hard market rule, and avoids unrealistic full re-optimisation of DA commitments
at each IM gate.

For reserve provision, we adopt a secondary-reserve (automatic Frequency Restoration
Reserve, aFRR) product with activation window TR = (0.25h (15 min), consistent with the
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Table 4.23: Component characteristics and case-study inputs (PV-EL-COMP-HS-FC).

Component Parameter [unit] Symbol Value  Ref.
Nominal power [MW] PPy 12 -

PV Tilt angle [°] - optimal  [177]
Azimuth angle |°] - 0 (south) [177]
Reference year [ - 2023 -
Nominal power [MW] PEL 7 -
Spec. elect. cons. [kWh/kgy, | SECEE 50 -
Minimum load fraction [ ubb 0.20 [78]
Standby fraction || ubk 0.05 |78, 79]
Operating pressure |[bar| PEL 30 -

Bl Water use [m?/kgy, | SCH,0 0.015 -
Water price [€/L] 20 0.004 -
Lifetime [h] LTEE 80000  [332]
Replacement cost [M€/MW] SRCHE 1.2 —
Warm start cost [€/(MW event)] cFhowarm 0.8 333, 334]
Cold start cost [€/(MW event)] cPhcold 8.2 [333, 334]
Initial state (day one) [] grton - gELsb gL g 001
Nominal power [MW] PLOMP 0.5 -

COMP Specific consumption [kWh/kgy, | SECSOME 3.5 [197]
Inlet—outlet pressure |[bar] pin — pout 30 — 700 -
Nominal capacity [kg| mis 1120 —
Operating pressure |bar| PHS 700 -
Max (dis)charge rate [kg/h| pip HS,max 600 —

HS Charging efficiency [ nHS.ch 0.995 -
Discharging efficiency [-] pHS:dis 0.995
LOH oy, LOHpin [ LOHpax, LOHpim  0.99,0.10  —
Initial /final LOH [ LOH,, LOHy 0.40, 0.40 -
Nominal power [MW] PEC 7 —
Spec. fuel cons. [kgy, /kWh]| SFCFC 0.06 -
Minimum load fraction [] ufs 0.20 [335]
Standby fraction [ ub® 0.10 [335]

PO Operating pressure |[bar| Ppre 1.05 -
Lifetime [h] LTFC 60000 [336]
Replacement cost [M€/MW| SRCFC 1.5 -
Warm start cost [€/(MW event)| cFCwarm 0.8 [333, 334]
Cold start cost [€/(MW event)] cF'Creold 8.2 [333, 334]
Initial state (day one) [] greon gEOsb gFCO g 0,1 -

ini ) Yini

ini
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Table 4.24: BESS characteristics for the “BESS instead of FC” configuration.

Parameter [unit] Symbol Value  Ref.
Energy capacity [MW h] EBESS 10 -
C-rate [h!] C 0.35 [222]
Charging efficiency || pnBESS.ch 0.9 -
Discharging efficiency [ pyBESS.dis 0.9
Max/Min SOC [-] SOCax, SOChmin  0.90, 0.10  —
Initial /final SOC [ ] SOCy, SOCr  0.40,0.40
Replacement cost [M€ h/MW] SRCBESS 0.35 -
Life cycles |- CYC ax 10000 [337]

Spanish implementation of aFRR on the PICASSO platform and the current technical rules
of the transmission system operator [241, 242]. Reserve bids p;'J and p}l) therefore represent
up/down capacities that must be deliverable within this time frame.

Stochastic inputs for prices and PV are generated as in Section 3.2.5. For each target
delivery day, hourly DA, RM, IM and imbalance (IB) prices, together with site-specific PV
generation time series, are collected from historical data for 2022-2023 up to the day before
the optimisation (sources: OMIE for prices [338] and PVGIS for PV production [177]). These
historical trajectories are then processed through a TSFA— VAR pipeline to capture temporal
correlations, and bootstrap fans are drawn to generate an ensemble of plausible future
realisations around the latest observations. Finally, a forward-selection algorithm reduces the
ensemble to a 100-scenario tree aligned with the DA, IM and reserve gate structure, striking
a balance between capturing uncertainty and keeping the MILP tractable.

Solver settings. Each day is modelled as a 24-hour multistage MILP on the above
100-scenario tree and solved with Gurobi, using a relative MIP optimality gap of 1%. All runs
are executed on a shared HPC node equipped with two 48-core AMD CPUs (96 physical cores
in total). Under these settings, the median wall-clock time per daily instance is approximately
three minutes (December 2023 runs), which is compatible with a day-ahead decision-support
workflow.

4.5.5 Results and discussion

Results are reported for the four configurations of Section 4.5 over December 2023
(Barcelona).

Common exogenous drivers. Across all configurations, the same representative December
day with pronounced PV uncertainty is examined to enable like-for-like comparisons. The
exogenous inputs for that day are those already shown in Figure 4.40: percentiles of PV
generation, the day-ahead price cfﬁ, and the reserve-market price cf’{w. These inputs are
identical for the Base, No-reserve, and BESS-instead-of-FC cases; only market-participation
choices and flexibility portfolios differ, while the stochastic drivers remain the same.

Base configuration. Figure 4.42 collects, for the same representative day, the main outputs
of the optimisation under the Base configuration: Panel (a) reports the net DA position
percentiles pPA+ — pPA- (dark-red ribbons), the mean total intraday correction piM’mt (yellow
line), and the mean scheduled upward/downward reserve pRV, pRP (blue lines). Panel (b)
shows the percentiles of the hydrogen inventory LOH,,, in the HS. Panel (c) presents the

expected hourly energy balance as stacked bars, separating positive contributions (DA sell,
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EL and COMP consumption, FC standby, IM sell, positive imbalances pﬁ“) and negative
contributions (DA buy, FC ON, IM buy, PV production). Bottom timelines display, for each
hour, the scenario shares of EL and FC operating states (ON/STANDBY /OFF).
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Figure 4.42: Representative day (December 2023, Barcelona) — Base configuration with reserve.

(a) Net DA position percentiles p? At _ pPAf (dark-red ribbons); mean total intraday correction

piM’tOt (vellow line); mean scheduled reserve pitV, pRP (blue). (b) LOH;,, percentiles in the HS. (c)

Expected hourly energy balance (stacked). Bottom: EL/FC operating-state shares by hour.

Given the drivers in Figure 4.40, the model builds, for each hour ¢, the DA bidding curve
as an ordered set of blocks {(pps, ¢/3)}weq. Figure 4.38 represents the results obtained in
this case showing that off-peak hours (low CEU‘}) produce buying-only bids, solar-noon hours
with stronger c?j and PV yield selling-only bids, and transition hours often cross the quantity
axis near an indifference price. Aggregating blocks yields pP** and pP*~, whose percentiles
in Figure 4.42a show a net buying stance in off-peak hours and net selling around midday.

Intraday reshaping piM’tOt remains modest on average, indicating that most price/volume
risk is hedged at the DA gate. Scheduled upward reserve pRV exceeds downward reserve piP,
because the FC is kept hot in STANDBY (able to contribute only to up capacity), whereas
the EL contributes up/down when operated. Panel (c¢) confirms that the FC never turns
ON to generate energy: the poor PtHtP round-trip efficiency and explicit degradation/usage
costs make capacity remuneration preferable to energy production. The EL meets the exact
daily delivery with concentrated ON blocks (average load factor 42%), limiting starts and
time-at-load costs and using STANDBY strategically to keep response available without
incurring additional cold starts. The LOH bands in Figure 4.42b stay comfortably within
bounds, preserving headroom /footroom for reserve. Imbalances pﬁi are small on average and
peak in hours where PV uncertainty is widest (Figure 4.40a), consistent with the financially
coherent imbalance settlement in Section 3.2.5.

No-reserve configuration. Relative to the previous configuration, the No-reserve case
removes scheduled capacity pitV = 0, piP = 0 and, with it, the economic role of STANDBY,
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as shown in Figure 4.43. The optimiser therefore suppresses idle consumption and keeps the
FC OFF at all hours. The EL exhibits a more pronounced bang-bang pattern: hydrogen
production is concentrated in fewer, larger ON blocks to (i) meet the exact daily delivery
and (ii) minimise the number of start events and time-at-load costs. As a result, LOH,,,
shows larger step changes between fill and drawdown episodes, with wider interquartile bands
when the production blocks straddle hours of PV /price uncertainty.

Without reserve remuneration, value shifts toward DA positioning and intraday arbitrage.
The mean intraday correction piM’tOt is typically higher than in the Base case around the EL
ON windows, reflecting more frequent reshaping to track updated price and PV information.
Net DA positions remain negative (buying) off-peak and positive (selling) near solar noon,
but the ribbons are somewhat wider because DA bids can no longer “lean” on up/down
headroom monetised in RM. Imbalances pﬁi modestly increase in hours with the largest PV
dispersion, since there is no reserve-enabled buffer to absorb residual forecast errors.
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Figure 4.43: Representative day (December 2023, Barcelona) — No-reserve configuration.

BESS-instead-of-FC configuration. Replacing the FC with a BESS (Figure 4.44) restores
fast flexibility without PtHtP losses. Scheduled reserves become more bidirectional and
symmetric: pRV and pRP are of comparable magnitude across most hours, in contrast with
the Base case where pRV > pRP due to FC STANDBY -only up capability. The net DA stance
tightens around high-price hours: additional discharge capability allows shifting some margin
from IM/IB to DA when spreads justify it. Consistently, the mean intraday correction piM’tOt
often increases relative to the Base case, signalling that the BESS enlarges the feasible (and
profitable) redispatch space across sessions.

Operationally, SOC,,, executes two—three bounded cycles per day (aligned with PV and
price peaks), while the HS LOH,, trajectory is smoother than in the Base case because
sub-hour/fast balancing is delegated to the BESS. This reduces expected imbalances piii

and eliminates FC STANDBY draw. The throughput-based ageing term in the objective
discourages gratuitous cycling, so extra charge-discharge swings only appear where expected
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spreads (net of round-trip losses) compensate the implicit degradation cost; this curbs SOC
churning during flat-price hours and pushes flexibility toward the most valuable gates.
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Figure 4.44: Representative day (December 2023, Barcelona) — BESS instead of FC with reserve.

Monthly results. Figure 4.45 aggregates December 2023 outcomes (31 daily optimisations)
for the four configurations analysed here, including the H, sales enabled case. Each panel
reports, via box plots, statistics across daily runs for total profit and for all objective-function
terms defined in Section 3.2.5: DA /IM energy, reserve capacity, imbalance settlement, water
consumption, start-up costs (warm and cold combined), ageing penalties, the fixed revenue
associated with the contracted Hy delivery, and—where permitted—hydrogen-sales revenue.

In panel (a) (Base), profits are primarily sustained by reserve-capacity payments and by the
fixed hydrogen-delivery revenue remunerated at "2 = 3€/kg; DA/IM energy and imbalance
terms remain comparatively small. The FC operates almost exclusively in STANDBY
(average load factor ~ 2%), monetising reserve capacity while avoiding inefficient PtHtP
energy production and associated degradation.

Panel (b) (No-reserve) exhibits a marked drop in median profit and a narrower dispersion:
the disappearance of capacity revenues is not compensated by DA /IM arbitrage. Exposure to
price and PV variability increases, consistent with the day-level patterns discussed previously.

Panel (c) (BESS instead of FC') raises the median profit and tightens the spread. The
BESS delivers symmetric, bidirectional reserve and short-horizon time shifting that jointly (i)
reduce expected imbalance payments and (ii) improve DA /IM contributions despite round-trip
losses; ageing costs are present but are more controllable (cycle-cost proxy) and lower than
FC running/degradation costs.

Panel (d) (Hy sales enabled) introduces a positive hydrogen-sales component that slightly
relaxes dependence on electricity arbitrage. Gains materialise episodically—e.g., when DA
prices fall below ~40-50 €/MWh, conditional on the EL state inherited from the previous
hour—yet, at the monthly scale, lift the profit distribution relative to (a) while leaving reserve
revenues essentially unchanged.
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Figure 4.45: Monthly objective breakdown (December 2023; 31 daily optimisations). Box plots
show median (line), interquartile range (box), and Tukey whiskers with outliers (1.5 IQR). (a) Base:
FC with reserve, no Hy sales; (b) No-reserve: same portfolio without reserve; (¢) BESS instead of
FC with reserve; (d) Ha sales enabled: FC with reserve and Hy sales enabled.
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Summary. Across daily and monthly views, reserve reshapes operating states and improves
profitability without entering the physical energy balance. Disabling reserve reduces expected
profit and heightens exposure to DA/IM variability. Substituting the FC with a BESS
preserves reserve revenues, increases controllable DA /IM contributions, reduces expected
imbalances, and yields a more symmetric flexibility mix. Allowing Hy sales adds a price-
contingent uplift; however, the BESS substitution remains the more robust lever for stabilising
and raising monthly profits.

4.5.6 Main findings and methodological reflections

Main findings. A multi-stage stochastic MILP has been developed and tested for a
hydrogen-enabled VPP represented by an HRS with PV, EL, COMP, HS, and an optional FC
or BESS. The model co-optimises participation in DA, secondary reserve (aFRR), six intraday
auctions, and imbalance settlement while enforcing exact hydrogen off-taker fulfilment.
Device behaviour is represented with tri-state operation (ON /STANDBY /OFF'), warm/cold
starts, and degradation for EL/FC; BESS ageing is captured via a cycle-cost term, yielding
operationally realistic schedules. Uncertainty in PV and market prices is represented with
scenario trees aligned to the information filtration (DA—RM—IM;-IMg—IM;—IB), following
the OMIE timing pre-June 2024.

Four case studies were examined: (i) Base with FC and reserve; (ii) No-reserve, which
has the same portfolio without reserve; (iii) BESS instead of FC sized to provide comparable
reserve; and (iv) Hy sales enabled. The main behavioural and economic takeaways are:

e (i) Base with reserve. Reserve remuneration reshapes operating states and economics
without entering the energy balance: near-flat DA posture off-peak and net selling
around solar noon; modest intraday corrections; pi¥ > piP due to hot-standby FC; EL
delivers 1440kgy, /d at ~ 42% average load factor via concentrated ON blocks; LOH
stays within bounds; imbalances remain small on average. (ii) No-reserve. Without
capacity revenues, STANDBY becomes a pure cost; EL behaves bang-bang (with
occasional standby to avoid cold starts), FC remains OFF, exposure to DA /IM variability
increases, LOH shows larger steps, and monthly profits decrease.

e (ii1) BESS instead of FC. Reserve becomes more bidirectional and symmetric; DA net-
position bands tighten around solar hours; DA /IM adjustments increase in a controllable
way; expected imbalances fall; median monthly profit increases.

e (iv) Hy sales enabled. Surplus Hy sales provide episodic uplift when DA market price
is low, improving overall profit while leaving reserve income essentially unchanged;
nevertheless, the BESS substitution in the third configuration yields the larger and
more robust monthly gain.

Methodological reflections. Three elements are pivotal for implementable bids and feasible
schedules: (i) tri-state EL/FC modelling with warm/cold starts and running/degradation
costs; (ii) multi-stage, non-anticipative coordination across DA, RM, IM, and IB decisions
with a posteriori recovery of monotone DA bid curves consistent with market rules; and (iii)
ageing-aware costs (BESS cycles and EL/FC usage) to prevent chattering, ensure reserve
deliverability, and respect storage bounds.

Limitations and future work. Rolling-horizon re-optimisation with forecast updates and
explicit modelling of reserve activation energy merit further development. In practice, once
DA clears, the problem can be re-solved with updated information for RM; the process
then iterates at each IM session through to IB, regenerating scenario trees aligned with the
evolving information set and data sources.
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5.2 Mapping between thesis chapters and peer-reviewed

outputs

Table 5.1 summarises how the main thesis chapters and case studies correspond to the
core peer-reviewed publications produced during the PhD. This complements the narrative
discussion below and provides a concise navigation aid for readers.

Table 5.1: Mapping between thesis chapters and the primary peer-reviewed publications.

Related
Thesis location Model family publica- Journal and status
tion
Rule-based simulation: paper-mill i)izgzgi;)i fl?kﬁf!he a):
Section 4.1 cogeneration (solid oxide fuel cell [P7]; [P10] P ’
combined heat and power) Smart Energy
(published)
Rule-based simulation + GA Aoplied Ener
Section 4.2 optimisation: Italy-wide PV-based  [P6] pp 9
. (published)
PtH screening
Deterministic optimisation: International Journal of
Section 4.3 stationary hydrogen storage [P3] Hydrogen Energy
technology comparison (published)
. Two-stage Stocha§tlc optimisation: Renewable Energy
Section 4.4 island system design under [P4] .
. (published)
renewable uncertainty
Multi-stage stochastic optimisation: Planned submission:
Section 4.5 market-coupled scheduling for [P1] European Journal on
hydrogen refuelling station Operations Research
Appendix 7 Agrivoltaics extension under land P2 Applied Energy

constraints

(published)
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5.3 Discussion

The thesis is primarily based on the publications that directly underpin the modelling
developments and case studies presented in the chapters, namely [P10], [P7], [P6], [P3], [P4],
[P1] and [P2]. The other works [P11], [P9], [P8] and [P5] are related outputs that extend
the same research line to additional applications (sector coupling, blending, PV—-hydrogen
integration) but are not central to the structure of the thesis. In this section, the focus is
therefore on the papers that were effectively used to write the thesis.

Rule-based multi-energy system modelling and industrial applications

The first step of the thesis is grounded in rule-based simulation of hydrogen-enabled
industrial energy systems. In [P7], a hydrogen-based solid oxide fuel cell (SOFC) cogeneration
system is assessed for an energy-intensive paper mill, comparing three options: a conventional
natural gas-fuelled gas turbine, a SOFC fed with grey hydrogen produced via steam methane
reforming, and a SOFC supplied with green hydrogen produced on-site. This work provides
the detailed thermo-economic treatment of cogeneration options, explicit modelling of SOFC
behaviour and steam supply, and a consistent link between component-level performance and
plant-level indicators such as LCOH and net present cost.

In [P10], the focus shifts to retrofitting an existing cogeneration plant. Starting from the
real energy consumption of a paper mill, the paper analyses the conversion of a conventional
natural gas turbine-based cogeneration system to a hydrogen-fuelled gas turbine supplied by
locally produced green hydrogen. The hydrogen-fuelled gas turbine is modelled in detail, and
a multi-energy system model is built for the upstream hydrogen production chain, including
PV-powered PEM electrolysers, hydrogen storage and gas-turbine utilisation. The main
contribution is a thorough techno-economic assessment of this retrofit pathway, quantifying
the cost of green hydrogen and highlighting the sensitivity of project profitability to natural
gas prices and investment costs.

The nation-wide analysis in [P6] then combines the rule-based MESS framework with a
genetic algorithm to design PV-based, grid-connected power-to-hydrogen plants supplying
constant hydrogen demand across all Italian bidding zones under evolving European regula-
tions for green-hydrogen certification. This work contributes to the thesis by: (i) establishing
the methodology used to link plant design, degradation and temporal-correlation rules to
LCOH and grid dependence; and (ii) clarifying which design levers (PV-to-electrolyser ratio,
hydrogen storage, battery storage, correlation rules) most strongly affect plant economics
and certified green hydrogen shares.

Together, [P10], [P7] and [P6] provide the industrial case studies, data and rule-based
modelling insights used in the early chapters of the thesis. They also reveal the limitations of
rule-based approaches: the absence of guaranteed optimality, the difficulty of systematically
valuing flexibility, and the lack of a formal treatment of uncertainty. These limitations
motivate the transition to optimisation-based models.

Deterministic optimisation for hydrogen storage technology choice

The deterministic mixed-integer linear programming (MILP) formulation developed in the
thesis for comparing stationary hydrogen storage technologies is captured in the manuscript
[P3]. Building on the techno-economic and regulatory insights from [P6], this work embeds
different storage technologies into a single optimisation framework where plant capacities
and hourly operation are co-optimised over a representative year.

181



5 Original contribution

The original contribution relevant to the thesis lies in showing that once plant-level
design and operation are jointly optimised, storage technologies that look quite different at
component level can yield similar LCOH, and that non-economic aspects such as geology,
footprint and required buffering duration can be decisive. This deterministic layer marks the
transition from rule-based scenario exploration to rigorous cost-optimal design under a single,
representative future, and highlights why a more explicit treatment of uncertainty is needed
for robust capacity decisions.

Two-stage stochastic optimisation for design under uncertainty

The two-stage stochastic MILP framework used in the thesis for off-grid hybrid renew-
able-hydrogen systems is presented in [P4]. In this framework, first-stage variables represent
investments (PV, wind, batteries, hydrogen storage, diesel backup), while second-stage vari-
ables represent hourly operation across multiple renewable scenarios. The Pantelleria case
study directly corresponds to one of the main thesis case studies.

For the purposes of the thesis, the key contributions of [P4] are: (i) the explicit separation
between design decisions and operational recourse under uncertainty; (ii) the quantification of
the cost of robustness by comparing two-stage solutions against deterministic, perfect-foresight
ones; and (iii) the demonstration that deterministic designs can misrepresent both cost and
emissions when variability in renewable generation is neglected. This paper provides the
methodological and numerical backbone for the thesis chapters dealing with design under
uncertainty.

Multi-stage stochastic optimisation for market-coupled operation

Once the plant is built, capacity decisions are fixed and the main lever left to reduce
effective hydrogen cost is operation, particularly through interaction with electricity markets.
The multi-stage stochastic optimisation model developed in the thesis and summarised in
[P1] addresses this operational problem for a grid-connected power-to-hydrogen plant serving
a hydrogen refuelling station.

[P1] encapsulates the main methodological advances of the final part of the thesis: scenario-
tree-based representation of prices and renewable output across day-ahead, intraday and
reserve markets; non-anticipativity constraints that enforce a realistic information structure;
and detailed modelling of state variables for batteries, fuel cells and hydrogen storage. This
work supplies the multi-stage framework and case-study results used in the thesis to show
how co-optimised bidding and recourse operation can increase expected profit and reduce
downside risk compared with deterministic or rule-based strategies.

Agrivoltaics and land-constrained extensions

The agrivoltaic modelling framework described in [P2] is used in the thesis as an extension
to discuss land-constrained PV deployment and its implications for hydrogen systems. Al-
though the paper focuses on a potato case study in Italy, it contributes a way to link shading,
crop yield and farm economics under policy constraints. In the thesis, this work provides
the conceptual and modelling basis for incorporating alternative PV layouts and land-use
constraints into the plant design problem without changing the core optimisation structure.
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Additional related publications

The remaining publications [P11], [P9], [P8] and [P5] form part of the broader research
activity carried out during the PhD, but they are only indirectly used in the thesis. [P11]
addresses end-use sector coupling and prosumer-level flexibility from a power and gas perspec-
tive. |[P9] extends the sector-coupling view to synthetic natural gas produced from rooftop
PV surplus, and [P8| analyses green hydrogen production for blending in the natural gas grid.
[P5] studies integrated PV—hydrogen plants with a stronger focus on combined power and
hydrogen services. These works support the general background and motivation of the thesis
and illustrate the wider applicability of the modelling expertise developed, but they are not
central to the thesis structure and are therefore only briefly referenced here.

Overall, the core publications [P10], [P7], [P6], [P3], [P4], [P1] and [P2] underpin the
main chapters of the thesis and reflect its methodological trajectory: from detailed rule-based
simulation, through deterministic and two-stage stochastic optimisation for design, to multi-
stage stochastic optimisation for market-coupled operation of hydrogen-enabled multi-energy
systems.
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6. CONCLUSIONS

This thesis set out to develop a coherent modelling path for green-hydrogen-based
power-to-hydrogen (PtH) plants embedded in multi-energy systems. The path is deliberately
incremental: it starts from rule-based simulation with detailed component models, then moves
to deterministic mixed-integer linear programming (MILP) for joint design and operation, and
finally to two-stage and multi-stage stochastic MILP formulations for sizing and scheduling
under uncertainty and electricity-market exposure. Along this path, the focus gradually
shifts from design decisions that shape the levelised cost of hydrogen (LCOH) at planning
stage to operational decisions that exploit market opportunities once a plant is already built.
This chapter summarises the main methodological contributions of each step, highlights
cross-cutting insights on plant design and operation, and outlines limitations and directions
for future work.

Summary of the methodological path

The first part of the work focuses on rule-based simulation via the Multi Energy System
Simulator (MESS). Within this framework, different configurations of hydrogen technolo-
gies, renewable generation and conventional equipment are tested under realistic operating
constraints, using priority rules to emulate industrial control philosophies. Two case studies
are considered: a solid oxide fuel cell (SOFC) cogeneration system for a paper mill, and
grid-connected PV—-based PtH plants supplying a constant hydrogen demand across Italian
bidding zones. These studies show how fuel substitution, PV-to-electrolyser ratios, component
degradation and green-hydrogen certification rules affect energy flows, emissions and approxi-
mate levelised costs. At the same time, they expose the inability of rule-based approaches to
guarantee optimality or to systematically value flexibility options, motivating the transition
to optimisation-based methods.

The second step introduces a deterministic MILP formulation for the joint design and
operation of PtH plants, with particular emphasis on hydrogen storage technology selection.
By embedding different storage options (pressurised tanks, underground storage and metal
hydrides) into a common plant model, the MILP provides cost-optimal designs under perfect
foresight and clarifies which techno-economic factors actually drive LCOH differences. This
reveals that, under consistent boundary conditions, several storage technologies can produce
similar LCOH, and that geology, footprint and required buffering duration may matter more
than marginal efficiency differences. However, the deterministic formulation assumes a single
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representative future, making it ill-suited for robust investment decisions in the presence of
strong variability in renewable generation.

To address this limitation at the design stage, the third step develops a two-stage stochastic
MILP framework in which capacity decisions are taken before uncertainty is revealed, while
hourly operation is optimised afterwards for multiple scenarios. The application to an off-grid
hybrid renewable energy system for the island of Pantelleria illustrates how stochastic design
can hedge against variability in resource availability. Comparing two-stage solutions with
deterministic designs quantifies the cost of robustness and shows that ignoring uncertainty can
lead to mis-sized assets and systemic underestimation of both total cost and emissions when
tight emission budgets are imposed. At this point, the modelling focus remains primarily on
investment: uncertainty is introduced to improve sizing decisions and obtain more realistic
LCOH estimates, but operational behaviour is still aggregated into a single recourse block
and not explicitly linked to detailed market mechanisms.

In practice, once a PtH plant has been built, LCOH and economic performance can only
be improved through operational choices, in particular by optimising how the plant interacts
with electricity markets on a daily basis. The methodological path therefore culminates in
a multi-stage stochastic MILP for the market-coupled scheduling of a grid-connected PtH
plant, already in place, serving a hydrogen refuelling station. Scenario trees for electricity
prices and renewable generation represent day-ahead, intraday and reserve markets, with
non-anticipativity constraints and detailed device dynamics. This formulation captures how
information is gradually revealed and how bids, setpoints and storage states co-evolve over
time. The case studies show that co-optimised bidding and recourse scheduling can increase
expected operating profit and substantially reduce downside risk relative to strategies that
treat prices as deterministic or ignore reserve-market participation, thereby providing a
consistent way to value flexibility from batteries, fuel cells and hydrogen storage once the
plant configuration is fixed.

Comparative synthesis across modelling layers

Table 6.1 provides a compact comparison of the four modelling layers developed in this
thesis. The intent is to make explicit what is gained and what is traded off when moving
from rule-based simulation to deterministic optimisation and then to stochastic formulations,
in terms of physical realism, computational burden and decision relevance.
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Table 6.1: Comparison of modelling layers:

decision relevance, realism and computational burden.

Layer Decision relevance Realism and uncertainty Computational burden /
treatment main limitations
Rule-based Rapid screening of con- High physical detail and Very low; results depend
simulation figurations and control interpretable logic; uncer- on heuristic rules and do
(MESS) heuristics; transparent tainty explored via para- not guarantee optimality
“engineering” benchmark- metric/sensitivity stud-
ing ies rather than embedded
decisions
Deterministic ~ Cost-optimal siz- Optimisation provides a Medium; requires sim-
MILP ing/dispatch under globally optimal solution plifications/linearisation;
perfect-foresight as- for the linearised model; may mis-size assets when
sumptions; consistent uncertainty not repre- variability is strong
KPI calculation (LCOH, sented explicitly
emissions)
Two-stage Robust ‘“here-and-now” Uncertainty represented High; scenario genera-
stochastic design with recourse through scenarios with tion/reduction is needed;
MILP operation; quantifies the non-anticipativity = on computational cost grows
cost /value of robustness investment; chronology with scenarios
within the recourse block
is limited
Multi-stage Market-aware scheduling Captures market Very high; tree size grows
stochastic and bidding with sequen- timeline and non- rapidly and requires ag-
MILP tial information revela- anticipativity across gressive reduction and
tion; values flexibility stages; directly links careful implementation

uncertainty to decisions
and cashflows

and downside risk

Practical takeaway. Rule-based models prioritise physical fidelity and transparency;
deterministic MILP prioritises optimality and scalability; stochastic MILP prioritises ro-
bustness and market relevance at the cost of computational complexity. The appropriate
layer therefore depends on the decision at hand (concept screening, investment sizing, or
operational scheduling).

Methodological contributions by modelling layer

Rule-based simulation with MESS

MESS provides a modular, component-resolved simulation environment in which electrol-
ysers, fuel cells, compression systems, storage, batteries and conventional units are linked
through multi-carrier energy and mass balances. Rule-based dispatch is useful for several
reasons. First, it is transparent: the mapping from control rules to operating patterns is easy
to inspect and explain to industrial stakeholders. Second, it is flexible: new technologies or
operating modes can be added without reformulating a global optimisation problem. Third, it
is computationally light, which enables extensive parametric studies over plant sizes, control
heuristics and policy constraints.

The SOFC cogeneration study demonstrates that, under suitable operating conditions,
hydrogen-fed SOFCs can significantly reduce natural-gas consumption and emissions while
supporting high electrical self-sufficiency. The Italian PV-based grid-connected PtH study
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shows that, within realistic ranges of PV and electrolyser costs, optimal-looking designs
tend to concentrate around a narrow PV-to-electrolyser capacity band, and that component
degradation and certification rules materially affect the required grid backup and the share
of hydrogen that can be labelled as green. These insights are valuable, but they are obtained
under manually tuned control rules, without guarantees that the resulting designs are cost-
optimal or that the chosen flexibility options are efficiently used.

Methodologically, this highlights the main weaknesses of a pure rule-based approach. It
does not provide a principled way to choose capacities or to quantify the marginal value of
adding storage or flexibility and, while it can replay historical time series, it offers no natural
mechanism to explore the impact of alternative futures beyond additional trial-and-error runs.
These limitations motivate the move to optimisation-based formulations for both design and
operation.

Deterministic optimisation for joint design and operation

The deterministic MILP formulation introduced in this thesis replaces rule-based control
with optimisation over a full year of representative data. By defining decision variables
for capacities, hourly operating points and storage trajectories, subject to techno—economic
constraints, the model yields plant configurations that minimise total cost under perfect
foresight. This enables a consistent comparison of hydrogen storage technologies within a
single PtH plant architecture, rather than at the level of isolated components.

The storage comparison shows that, when all technologies are sized and operated optimally
with respect to a single assumed future, the spread in LCOH can be relatively small across
compressed-gas tanks and underground storage for sites with suitable geology. Metal-hydride
storage tends to be more expensive but may become competitive when low-grade waste heat
is available or when footprint constraints dominate. Importantly, the MILP reveals that
intuitive preferences based solely on round-trip efficiency can be misleading once capital costs,
operating profiles and coupled constraints are considered.

From a methodological standpoint, the deterministic MILP represents a clear step forward
over rule-based simulation: it guarantees optimality with respect to the assumed data. At
the same time, its main weakness is structural: by assuming a single, known realisation of
loads and renewable generation, it effectively captures only one possible future. In contexts
where PtH assets are exposed to substantial variability and long lifetimes, this can lead to
undersized designs that perform poorly under different conditions, and to LCOH estimates
that are overly optimistic. This limitation motivates the adoption of stochastic formulations
for design under uncertainty.

Two-stage stochastic optimisation for design under uncertainty

The two-stage stochastic MILP framework addresses design under uncertainty by distin-
guishing between first-stage capacity decisions and second-stage operational recourse decisions
across multiple scenarios. In the island of Pantelleria application, scenarios represent different
realisations of wind and solar availability and, indirectly, different emission outcomes under
alternative resource mixes and diesel usage.

The two-stage model preserves much of the structure of the deterministic MILP but
embeds it into a scenario set with probability weights. This allows the trade-off between
investment in flexibility (e.g. batteries, hydrogen storage, backup generators) and expected
operating cost to be quantified explicitly. Solutions are no longer “perfectly adapted” to one
historical year; instead, they represent compromises that perform reasonably well across all
considered scenarios. Comparing two-stage solutions with deterministic designs shows that
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the latter can underestimate total cost and emissions when variability is high, especially when
stringent emission caps are enforced. In this sense, the two-stage framework is primarily
a design tool: it improves sizing decisions and produces more robust LCOH estimates by
internalising the cost of unfavourable operating conditions.

Methodologically, the two-stage framework provides a natural way to introduce uncertainty
without sacrificing linear structure. It clarifies the separation between decisions that must be
fixed before uncertainty is realised and those that can adapt in operation. Its main weaknesses
stem from the scenario representation: the choice of scenario set and reduction method strongly
influences both results and computational burden, and the two-stage structure still aggregates
all operational decisions into a single block. It cannot represent sequential markets, dynamic
bidding strategies or the stepwise revelation of information, which are essential to fully exploit
the operational value of a PtH plant once it is built. This motivates the final extension
towards a multi-stage perspective focused on daily operation and market interaction.

Multi-stage stochastic optimisation for market-coupled operation

The multi-stage stochastic MILP developed in this thesis targets the operational problem
of a PtH plant participating in day-ahead, intraday and reserve electricity markets while
supplying a hydrogen refuelling station. In contrast to the two-stage design model, the plant
configuration is assumed to be fixed; the remaining degrees of freedom are the operating
schedules and market bids. Scenario trees are used to represent the evolution of prices and
renewable generation over time, with non-anticipativity constraints ensuring that decisions
at each stage depend only on information that is actually available. State variables track the
dynamics of batteries, hydrogen storage, electrolyser loading and, where relevant, fuel cells.

This formulation strengthens the link between PtH modelling and actual market design.
It captures price spreads and reserve remuneration, and it highlights how different flexibility
options (electrolyser modulation, fuel cells, batteries, hydrogen storage) contribute to both
expected profit and risk reduction. By focusing on operational recourse, it shows that once
a plant is in place, a significant fraction of the achievable reduction in effective hydrogen
cost comes from using its assets in a market-aware way, rather than from further changes in
hardware. The case studies show that reserve participation reshapes operating states, shifting
the balance between energy arbitrage and capacity revenues, and that enabling additional
revenue streams (for example through hydrogen sales) can significantly improve and stabilise
monthly profits.

Methodologically, the multi-stage approach demonstrates how sequential markets and
recourse can be integrated into PtH scheduling without abandoning MILP structure. It
provides a consistent framework to evaluate operating policies that would be difficult to
benchmark with rule-based or deterministic models. Its weaknesses are the increased com-
putational burden, the need for carefully constructed scenario trees, and the reliance on
stylised representations of forecast errors and bidding rules. As a result, it is best seen as
a detailed operational tool complementing the design-oriented deterministic and two-stage
models, rather than as a universal replacement for simpler approaches.

Cross-cutting insights for PtH in multi-energy systems

Across the different modelling layers and case studies, several cross-cutting insights emerge
for the design and operation of green-hydrogen-enabled multi-energy systems:

e Complementarity of modelling layers and decision focus. Rule-based simulation
is well suited to early exploratory work and stakeholder communication. Deterministic
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and two-stage MILP formulations are primarily design tools, aimed at choosing plant
capacities and estimating LCOH under different assumptions about uncertainty. The
multi-stage MILP is an operational tool, aimed at extracting value from electricity
markets for an existing plant. No single model is sufficient: robust PtH planning and
operation require moving across layers as the decision focus shifts from concept, to
sizing, to daily market participation.

¢ Role of storage and flexibility. Hydrogen storage technologies that look quite
different at the component level can be nearly interchangeable at plant level once
optimally sized and operated in deterministic or two-stage models; non-economic factors
such as geology, footprint and regulatory context often dominate. Electrical storage and
flexible converters (fuel cells, modulating electrolysers) become particularly valuable in
the multi-stage formulation, where they enable profitable and less risky participation in
multiple electricity markets.

e Impact of uncertainty on design. Designs obtained under deterministic assumptions
can perform acceptably in mild conditions but risk mis-sizing storage and backup
capacity when variability is higher than anticipated or when very low emission targets
are imposed. Two-stage stochastic design quantifies the cost of robustness and helps
avoid over-optimistic LCOH estimates by internalising the cost of adverse scenarios.

e Value of market coupling for operation. Incorporating day-ahead, intraday and
reserve markets reveals additional operational value streams and allows the risk profile
of PtH plants to be shaped through flexibility investments and bidding strategies.
Simplified models that ignore reserve or treat prices as deterministic can misrepresent
both the average profitability and the downside risk of market-exposed plants, and
therefore underestimate the operational levers available once the plant is built.

e Extensions to siting and land use. The agrivoltaic extension outlined in this thesis
shows that land-use constraints and alternative PV layouts can be incorporated with
relatively minor changes to the optimisation structure, suggesting a route to integrate
PtH modelling with land-use planning in future work.

Overall, the combination of rule-based and optimisation-based approaches provides a
richer picture than any single model could offer alone. It highlights both how to design PtH
plants so as to achieve robust LCOH under uncertainty and how to operate them in electricity
markets to fully exploit their flexibility once they are in place.

Limitations and future work

The work presented in this thesis has several limitations that offer opportunities for
further research. A first limitation concerns the level of physical detail that can be retained
in optimisation-based models. Rule-based simulations in MESS include detailed component
models and non-linear performance maps, which are difficult to reproduce exactly within a
MILP framework. For the deterministic and stochastic formulations, efficiencies and losses
are therefore represented in a simplified way, and ageing is treated as a virtual cost. This
is a conscious trade-off between model fidelity and computational tractability. Future work
could explore more systematic use of piecewise-linear approximations for efficiency curves,
temperature-dependent performance and part-load behaviour, as well as richer degradation
models for electrolysers, fuel cells and batteries, accepting higher computational cost where
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needed. Hybrid approaches that couple high-fidelity simulation or surrogate models with
optimisation, for example via decomposition or iterative schemes, also appear promising.

A second limitation is related to how uncertainty is represented. The scenario sets and
scenario trees used in the two-stage and multi-stage models are constructed from historical
time series and simple clustering or reduction techniques. While this ensures consistency with
past data, it does not fully exploit advanced forecasting capabilities, nor does it guarantee
that rare but impactful patterns are adequately represented. Future work could combine the
current frameworks with data-driven or machine learning-based forecasting tools, using them
to generate ensembles of trajectories that preserve temporal correlations and capture different
regimes. These forecasts could then be fed into more sophisticated scenario-generation and
reduction procedures, or into distributionally robust optimisation formulations, to better
reflect forecast uncertainty and improve the robustness of both design and operational
decisions.

Third, network constraints and spatial aspects are represented in a simplified way. The
models focus on site-scale balances and treat the point of connection to the grid as a single
node without explicit network limits. As a result, congestion and the interaction with
distribution networks are not captured. Extending the framework to include reduced grid
models, or coupling it with power-system tools that provide locational marginal prices and
curtailment risk, would allow the assessment of siting decisions and the locational value of
PtH plants.

Finally, the market models considered focus on a specific set of products and tariff
structures. Day-ahead, intraday and a simplified reserve product are represented, but real-
world PtH projects may face more complex arrangements, including distribution network
charges, multiple reserve and ancillary services, capacity mechanisms and long-term bilateral
contracts for hydrogen and electricity. Extending the multi-stage formulation to a broader set
of markets, possibly within a rolling-horizon framework with forecast updates, and considering
risk-averse objective functions or chance constraints, would bring the analysis closer to real
decision problems and further clarify how operational strategies can reduce effective LCOH
for an existing plant.

In summary, future work could proceed along several lines: (i) enriching the physical fidelity
of optimisation models through piecewise-linear or surrogate representations and more detailed
ageing; (ii) combining the current stochastic formulations with advanced forecasting and
data-driven scenario generation; (iii) integrating site-scale PtH optimisation with simplified
grid and spatial models; (iv) expanding the market representation to include additional
products, tariff structures and risk metrics; and (v) extending the paper-mill case study
by evaluating the valorisation of electrolyser co-product oxygen (e.g., for bleaching-related
processes) and its impact on both profitability and environmental performance. Together,
these extensions would strengthen the ability of the proposed methodological toolbox to
support decision-making for green-hydrogen projects, from early concept development and
robust sizing to market-aware operation of plants that are already in place.
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7. APPENDIX —
AGRIVOLTAICS

This appendix documents an additional siting option for the PV supply of PtH plants
when land availability, policy or social acceptance constrain conventional ground-mounted
PV (GMPV). It does not alter the per-kWp PV production model used for scheduling: PV
power is still modelled as in Section 3.1.1 (PVGIS or Hay-Davies — Durisch). Instead, it
informs capacity planning and economics by changing feasible layout, installable MW per
hectare, and CAPEX/O&M structure under agronomic constraints.

7.1 Introduction

Solar deployment at utility scale intensifies competition for agricultural land and tightens
the water—food—energy nexus [339, 340]. Agrivoltaics (AV)—co-locating elevated PV arrays
with crops—aims to relieve that land-use conflict by producing electricity and food on the
same area [341, 342|. Early experiments showed that several crops tolerate or even benefit
from partial shade depending on climate and season [343, 344|, while reviews now frame
AV as a promising tool to enhance resilience during heat and drought [345]. Against this
backdrop, policy support has emerged internationally, although criteria differ: Japan links
support to minimum yield retention [346], France requires yields comparable to regional
references [347], Germany caps land loss [348], and Italy defines “advanced AV” mainly via
structural prescriptions [349|. In practice, these heterogeneous rules shift project feasibility
and the PV-to-PtH capacity split from a purely technical to a techno-agronomic decision.

State of the art

Shading and irradiance at canopy. AV performance depends on a small set of layout vari-
ables with non-linear interactions: row spacing, clearance, tilt, azimuth, and tracking strategy
[350]. Two modelling families are used to map ground-level irradiance and Photosynthetically
Active Radiation (PAR): (i) analytic geometric/view-factor approaches that project module
outlines at fine temporal resolution with modest cost, and (ii) 3D ray-tracing that resolves
direct, diffuse and reflected components at higher fidelity but higher cost [345]. Choice of
method is typically dictated by the need to scan many layouts and years versus capturing
rear-side or complex structures.
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Crop-growth modelling. After PAR and microclimate are estimated, biomass and yield
are simulated either with (i) radiation-/light-use efficiency models—fast and parsimonious
but with stress responses implicit [351]—or (ii) process-based simulators that represent water,
nutrients and phenology (e.g., AquaCrop [352|, EPIC [353], CROPSIM-WHEAT [354], DSSAT
[355]). AV-specific complications arise from repeated shade—sun transitions, altered vapour
pressure deficit, humidity and temperature cycles [356], which motivate sub-hourly forcing
and careful treatment of heat and water stress. Applications with STICS and GECROS have
shown promising accuracy under partial shading when appropriately validated [342].

Metrics and economics. Joint evaluation relies on agronomic and energetic indicators:
the Land Equivalent Ratio (LER) synthesises land productivity from crops and electricity
[341], with complementary ratios to compare yields and PAR under shade [357]. Elevated
structures and reduced module density make AV CAPEX and LCOE typically higher than
ground-mounted PV [358]; however, AV can partly preserve crop revenue, improve water-
use efficiency and facilitate on-farm self-consumption, with the balance shaped by policy
incentives [346]. These trade-offs imply that the site choice (GMPV vs. AV) can be decisive
even when the operational scheduling of the PtH plant per installed kW remains the same.

7.2 Scope and novelty

Scope. This appendix develops an AV siting option compliant with current Italian
“advanced AV” constraints [349], coupling the PV power model already used in Section 3.1.1
with high-resolution shading-to-PAR mapping, a process-based crop model that captures
temperature and water stress, and a techno-economic layer with the same KPIs as the
main thesis (LCOE, NPV, IRR, PBT). The case is framed for central-Italian conditions
representative of Mediterranean mixed farming where summer heat and water scarcity are
material [359].

Novelty. Relative to prior AV workflows, the contribution is twofold: (i) a tractable,
high-temporal-resolution pipeline that links layout-driven shading to process-based crop
response at field scale and (ii) a consistent techno-economic comparison of AV versus GMPV
that explicitly embeds policy constraints.

7.3 Materials and methods

The framework integrates four modules: (i) PV power production (as in Section 3.1.1),
(ii) geometric shadow-casting to map under-array irradiance, (iii) a crop-growth simulator
driven by PAR and stress factors, and (iv) a techno-economic layer consistent with the thesis
KPIs (LCOE, NPV, IRR, PBT). Figure 7.1 sketches dataflow and dependencies.

7.3.1 Photovoltaic power production

PV production is modelled identically to Section 3.1.1. When PVGIS is selected, specific
AC power per kWp ﬁf VW s retrieved and Eq. 3.2 is used [177]. Otherwise, the plane-on-
array irradiance GTI; is obtained via Hay-Davies [178| (Eq. 3.4 with geometry in 3.5), and

electric power follows the Durisch efficiency model (Eq. 3.3) [179].
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Figure 7.1: Integrated modelling workflow for agrivoltaics: solar geometry and irradiance feed
both PV power and the shadow-casting routine; pixel-level PAR forces the crop model; energy and
yield feed the techno-economic module.
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7.3.2 Geometric shadow-casting

Shading beneath elevated, fixed-tilt rows is resolved with a parallel-ray geometric construc-
tion [360]. A rectangular module is defined by length Ly,,q, width Wi,0q, centre height 204,
and tilt ; the module is centred at (0,0, zy0q) in a local (z,y, 2) frame with z vertical. The
four corners are denoted by indices j € {4, B,C, D} with coordinates (X4, ymed, Zmed),
where the upper edge is elevated by AZgge = Winoa sin f relative to the lower edge (Fig-
ure 7.2).

At daylight time ¢ (sun above the horizon, a,; < 7/2), the horizontal shadow displacement
induced by the solar zenith ., ; and solar azimuth o ; (symbols as in Section 3.1.1) is computed
as in Eq. 7.1:

7mod
o T AX™ = ™ gina,,  AY™ — &% cosay,. T
75 tan(z — ) 25 75 ’ e D ’

2 z,t

The projected corner points on the ground plane are then obtained as represented in Eq. 7.2:

(XjoYia) = (X7 AXGE, Yol 4+ AV, 7.2
The quadrilateral {(X},,Y},)} defines the beam-shadow footprint at time ¢. The cultivated
surface is discretised into square pixels indexed by p. A point-in-polygon test classifies each
pixel by a Boolean sunlit indicator 5}§EN €{0,1} (sunlit = 1, shaded = 0). Pixel-level ground
irradiance is then assigned as in Eq. 7.3. This methodology follows standard practice in AV
PAR decomposition [361]:

G = GHIL &Y + DHI, (1—655N). 7.3

Dt

[terating Eqs. 7.1-7.3 at the simulator timestep (e.g., 5min) produces high-resolution spatio-
temporal shade maps. Reflections, support-structure occlusions and rear-side effects are
neglected; for monofacial, fixed-tilt arrays this yields slightly conservative under-canopy
radiation.

Photosynthetically Active Radiation (PAR)

Crop-growth routines require PAR rather than broadband irradiance. In the absence
of local PAR sensors, a constant conversion factor kpar is applied to each pixel’s ground
irradiance, as shown in Eq. 7.4, consistent with mid-latitude measurements and AV practice
[343, 362]:

PAR,; = kpar G2}, kpar = 0.48. 7.4

Daily forcing for the crop model is obtained by time integration over the set of timestep
indices 7 (d) for day d, as represented in Eqgs. 7.5-7.6:

PAR)Y = > PAR,, At 75
teT(d)
 da 1 .
PAR;Y = —— Y PARYY, 7.6
pix peS

where S is the set of ground pixels discretising the cultivated area, Ny = |S| is the number
of pixels, and At is the simulator timestep.
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congruent with the module, displaced by as¢). (b) f = 30° (upper edge produces longer rays,
enlarging the footprint).
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7.3.3 Potato growth modelling

Potato development is simulated with the SIMPLE crop model [363], which reproduces
daily biomass accumulation with a compact parameter set while retaining sensitivity to the
irradiance heterogeneity generated by the PV layout. Biomass increment on day d (gday )
is computed as shown in Eq. 7.7:

Yvd = PARSay : fSolar,d - RUE - fCOQ,d : fTemp,d : min{fHeat,da fWater,d}a 7.7

where PARSay is the daily photosynthetically active radiation driver (linked to Eq. 7.6),
RUE (gMJ™1) is the radiation-use efficiency, and the multiplicative factors are dimensionless
(0-1, except fco,.a>1), scaling growth under COs, temperature, heat and water stresses.
Phenology is driven by thermal time, keeping parameterisation compact. Full governing
equations and parameter values are provided in the companion article [364].

Canopy light interception. The fraction of incident PAR intercepted by the canopy, fsolar,d;
is modelled as a function of cumulative thermal time TT, (°Cday) and the cultivar’s thermal
requirement to maturity TTg,y,. Its evolution follows the lower envelope of two sigmoids (leaf
growth and senescence), as represented in Eq. 7.8:

f Solar,d — min ércl)?;r , ét(l)elx;(r |
: 1+ exp[—0.01 (TTy — TTs04)] * 14 exp[0.01 (TTyq — (TTsum — TT505,4))]

7.8
where TT5p4 is the thermal time at which 50 % interception is reached during leaf growth,
and TTs0p 4 is the (backward-counted) thermal time to 50 % interception along senescence.
Under heat and water stress, TT5p 4 increases, advancing senescence and reducing fsolar,a-

The plateau interception is denoted fix.

Water stress. Water limitation is represented using the Agricultural Reference Index
for Drought (ARID) [365]. The stress factor fwaterq and ARID are computed as shown in
Eq. 7.9:

TI'd

7.9
ETo’

fWater,d =1- Scwater : ARIDd ) ARIDd = 1-

where SCyater is a crop-specific sensitivity coefficient (—), Try is the actual daily transpiration
supplied by the root-zone water balance, and ET ;4 is the reference evapotranspiration. In
practice, ARID; = 0 when Try = ETy 4 (no water stress, fwaterd = 1); as Trg < ET 4, ARID4
increases and fwater,q decreases linearly. The full computation of Try and ETy 4 follows the
companion article [364].

Spatial application and aggregation. To preserve heterogeneity, Eqs. 7.7-7.9 are applied
at pixel level using PAR * from Eq. 7.6. Pixel biomass Ypd is accumulated over d to
obtain per-pixel yields and then aggregated area-weightedly to field-scale indicators. This
preserves the non-linear response to moving shade while remaining compatible with the thesis’
techno-economic layer.

7.3.4 Economic analysis

Three alternatives are evaluated on a per-hectare basis: Full-light Cropping System (FCS),
Ground-Mounted Photovoltaics (GMPV), and Agrivoltaics (AV). Two land-use contexts
are considered: Abandoned Farmland (AF) and Conventional Farming (CF). Investment
and operating performance are computed with the KPIs defined in Section 3.1.2 (revenues,
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operating expenditures, cash flows, and investment metrics), using the same yearly aggregators
and price symbols.

Electricity valuation and self-consumption share. Electricity exported to the
grid is valued via Eq. 3.94 using the export tariff ¢*P. Self-consumed PV offsets imports
and appears in OPEXZl through Eq. 3.99, avoiding double counting. For tariff scenarios, a
constant self-consumption share \* € [0, 1] is imposed at the annual level. The split of yearly

PV energy is then defined, as shown in Eq. 7.10 and Eq. 7.11:
PV,sc __ sc PV
E, = \°E, ", 7.10

BV = (1= X) EY. 7.11

In the case studies, constant tariffs are adopted for clarity: P = (.09 €/kWh [366] and
MM = 0.17€/kWh [367].

Crop, irrigation water, and insurance terms. Crop revenue and irrigation cost are
introduced additively to the KPI cash-flows. The yearly crop revenue and irrigation OPEX
are defined, as shown in Eq. 7.12 and Eq. 7.13:

REVSP = 5op yeror, 7.12
OPEXI — ¢ Qi 7.13
where ¢/ [€/t] is the crop price, Y,°P [t/ha] is the tuber yield, ¢)" [€/m?] is the irrigation-

water price, and Q;” [m3/ha] is the annual irrigation volume. PV insurance is modelled as a
fixed annual charge per installed kilowatt, as shown in Eq. 7.14:

OPEX}® = ™ Py 7.14

nom?’

where ¢™ [€/(kW yr)] is the specific insurance cost and PYY [kW /ha] is the installed PV

nom

capacity per hectare. Annual PV O&M is parameterised in €/(kW yr).

Electricity value: export revenue and self-consumption benefit. The monetary
value of PV electricity combines (i) grid-export revenue and (ii) the benefit of self-consumption
(avoided purchase). The yearly export revenue is determined by the exported energy and
the export tariff, and the yearly self-consumption benefit is determined by the self-consumed
energy and the import tariff. The two components are defined as shown in Eq. 7.15 and
Eq. 7.16:

ellexp __ _eliexp 7PV,exp
REVEe® — ghe pPVes, 7.15
SAVEL = gebime prVese, 7.16

where ¢"*® and "™ are the yearly export and import tariffs [€/kWh], and E} VP, EFV
are yearly exported and self-consumed PV energy [kW h].

Upfront investment Cj. The upfront investment is the capacity-weighted sum of the
per-kW cost items in Table 7.1, multiplied by the installed PV nominal capacity. For each
alternative, Cy is expressed as shown in Eq. 7.17-7.19:

Cg}MPV _ Pli)\r/n (Cmod 4 Cstr,G 4 cbop,G 4 Cinv) , 717
C()AV _ Plf;\r/n (Cmod + Cstr7A + Cbop,A + Cinv) 7 718
CUFCS = 0, 7.19
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where ¢™? is the module cost [€/kW], ¢™ and cP°P are support-structure and instal-
lation/BOP costs for ground (- = G) or agrivoltaic (- = A) layouts, and ¢™ is the in-
verter/miscellaneous cost [€/kW].

AF (abandoned farmland): cash-flow definitions by alternative. For aban-
doned farmland, cash flows are absolute (not incremental). The yearly revenue, operating
expenditure, and operating cash flow for each alternative are defined as follows.

FCS (full-light cropping). The yearly revenue and OPEX are defined as shown in Eq. 7.20
and Eq. 7.21:

FCS|AF __  cro FL
REV]OIAF = coopy T 7.20
FCS|AF __ cro irr \FL
OPEX]AF = O&MIP + dmQir, 7.21
where Y™ [t/ha] and Q;" [m® ha] are full-light yield and irrigation. The operating cash flow
is defined as shown in Eq. 7.22:

CFOSIAF = REVIOSIAF — OPEX]OSIAT, 7.22

GMPYV (ground-mounted PV). The yearly revenue includes export revenue and self-
consumption benefit; OPEX includes PV O&M and insurance, as shown in Eq. 7.23-7.25:

REV{MPVIAR — REVELP 4 SAVE, 7.23
OPEX{MPVIAF = 0&M]Y + OPEXI®, 7.24
CFyGMPV|AF _ REVSMPV|AF . OPEX;}MPV\AF 7.95

AV (agrivoltaics). The yearly revenue adds crop sales to the electricity value; OPEX adds
cropping O&M and irrigation, as shown in Eq. 7.26-7.28:

REV)VIAT = REVSP 4 SAVES 4 Py AV, 7.26
OPEX)VI*F = O&M;Y + OPEXI™ + O&MI® + Q)Y 7.27
CENAF = REV)VIAF — OPEXVIAT. 7.28

Here Y2V [t/ha] and Q4Y [m?/ha] are agrivoltaic yield and irrigation.

CF (conventional farming): incremental cash-flow definitions by alternative.
For conventional farming, cash flows are computed as increments with respect to continued
full-light cropping on the same hectare.

FCS baseline. The incremental terms are zero, as shown in Eq. 7.29:

AREVISIT = 0 AOPEX[®%F = 0,  ACESI" = o 7.29

GMPYV. The incremental revenue subtracts lost crop sales; the incremental OPEX removes
baseline cropping costs, as shown in Eq. 7.30-7.32:

AREV;}MPV\CF _ REVZI’QXP + Sszl,sc . c;rop Y;/FL7 7.30
AOPEXMPVIOF — O&M}Y + OPEXI® — O&MP — Qi 7.31
ACFIMPVICE — AREVMPVICF — AOPEX{MPVICF, 7.32

AV. The incremental revenue credits the crop delta under shade; incremental OPEX
reflects the irrigation delta only (cropping O&M cancels), as shown in Eq. 7.33-7.35:

AV|CF __ elex el,sc cro AV FL
AREV)VIF = REV™™® 4 SAVER 4 P (VA — YY), 7.33

)
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AOPEXVIOF = O&M]Y + OPEXIMS + I (Q2V — Qi"), 7.34
ACFNIF = AREVVIF — AOPEX)VIOF, 7.35

Investment metrics. For abandoned farmland (AF), investment appraisal uses the
absolute yearly operating cash flows CFQ'AF defined above together with the upfront investment
Cy. For conventional farming (CF), appraisal uses the incremental cash flows AC’F;CF
together with the same Cj,.

Net present value (NPV), AF. The NPV for alternative - € {FCS, GMPV, AV} under AF
is computed as shown in Eq. 7.36:

N |AF
CF,

NPVIAF = N*_— ¥V __ 7.36

v Z(1+DR)y Co s

y=1

Net present value (NPV), CF (incremental). The incremental NPV for alternative
- € {FCS, GMPV, AV} is computed as represented in Eq. 7.37:

N ~|CF
ACF,
NPVIOF = N — :
(1+ DR)v Co 7.7

y=1

Levelised cost of electricity (LCOE), PV boundary. For PV-bearing alternatives - €
{GMPV, AV}, the LCOE is evaluated on the PV boundary (numerator: PV capital and
PV-related operating costs; denominator: discounted PV energy), as shown in Eq. 7.38:

o Y, OPEX}Y”
o+ D (1+ DR)Y

y=1

[€/kWh], 7.38

where OPEX;’V" = O&MgV + OPEX;“S. For FCS, LCOEF®IPV is not defined (no PV asset).

7.4 Configuration

The site is Sesto Fiorentino, Tuscany, Italy (43.819°N, 11.202°E; elevation 42m). Meteo-
rological forcing—air temperature (°C), relative humidity (%), GHI, DHI (W /m?), surface
pressure (kPa), wind speed at 2m (m/s), and precipitation (mm)—was retrieved from
the Consorzio LaMMA regional archive and pre-processed (screening, gap-handling) before
use [372]. To evaluate PV production GHI/DHI are transposed to GTI; with Hay—Davies
(Egs. 3.4-3.5) [178] and converted to power with the Durisch efficiency relation in Eq. 3.3
[179].

Policy background and constraints. Farmland abandonment reaches 10 % to 14 % in
Italy [359]. To align agrivoltaic deployment with both energy and rural-development targets,
national “advanced AV” guidelines impose three quantitative checks [349]. First, the Land
Area Occupation Ratio (LAOR) limits the panelised footprint:

PV

LAOR = ~

x 100 < 40, 7.39
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Table 7.1: Data summary for the analysed alternatives and contexts. Note: GMPV installed
density 1.0 MW /ha; AV installed density 0.8 MW /ha.

Item FCS GMPV AV Ref
Capital costs

PV modules [€/kW] - 300 300 [349]
Supporting structure [€/kW]| - 65 350  [349]
Installation & BOP [€/kW]| - 250 414 [349]
Inverter & misc. [€/kW]| - 130 130 [349]
Total Cy per kW [€/kW]| - 748 1194 [349]
Operational costs (yearly)

PV O&M [€/(kW yr)| — 18.7 16.3  [349]
Insurance [€/(kW yr)] - 5 5 -
Crop O&M [€/(hayr)] 10000 10000 [368]
Utilities and prices

Export tariff & [€/kWh] - 0.09 0.09  [366]
Import tariff ¢"™ [€/kWh] - 0.17 0.17  [367]
Irrigation water ¢;" [€/m?] 0.17 — 0.17  [369]
Crop price ¢ [€/t] 500 500  [370]
Project parameters

Installed density [MW /ha| — 1.0 0.8 [371]
Lifetime N [yr] 25 25 25 -
Discount rate DR, [%)] 5 5 5 -

where APV is the PV-module footprint and A'*! the total plot area. Second, the Utilised
Agricultural Surface must remain mostly cultivable:

ASAU > (7 Atot, 7.40

Third, the agrivoltaic specific installed capacity (MW /ha) must not fall below 60 % of a
ground-mounted benchmark:

PPV,AV > 0 6PPV,GMPV

nom nom ?

7.41

where PPV-AV and PEV.GMPV denote the agrivoltaic and ground-mounted PV installed capac-
ities per hectare, respectively. These constraints influence feasible PEY-AV and row geometry,

linking siting to both agronomy and energy yield.

Layout and PV parameters. A one-hectare strip of size 20m x 500 m is configured
to satisfy Eqs. 7.39-7.41 while preserving mechanised access (Figure 7.3). PV performance
parameters follow Section 3.1.1: module efficiency n-Y, = 0.19, performance ratio PR = 0.8,
array tilt § = 30°, and array azimuth «,, = 0° (south-facing). Row geometry for shading uses
the symbols of Section 7.3.2: module length L,,q = 2m, module width W,,,q = 1 m, ground
clearance (row midline) 3 m, inter-row spacing 5m. The agrivoltaic installed density is set
to PPV-AV = 0.8 MW /ha; the ground-mounted benchmark adopts PLY.6MPV — 1.0 MW /ha.
With these choices, LAOR ~ 40 % and ASAY > 70%, satisfying the first two conditions
[349]; the third condition holds with PEV-AV/PPV.GMPV: — g0 % ~ 60%. The selection

B =30° «a, = 0°is consistent with annual-energy optimisation at this latitude [177]; minor
intra-row gaps are neglected in the shading routine (conservative for under-canopy radiation).
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Figure 7.3: Case-study layout in Sesto Fiorentino: (a) 3D view; (b) top view. Elevated rows (3m
clearance) and 5m inter-row spacing preserve ASAU while panels are set at § = 30°, v, = 0°.

Comparative policy context. An EU-wide harmonised AV definition is not yet in
force [371]. France (decree of Apr 8, 2024) adopts ground-coverage caps near 40 % together
with yield-maintenance criteria [347]; Japan’s “solar-sharing” requires maintaining > 80 %
of average crop yield to retain farmland status [346]. Such rules map directly to A"V /A%*

yield ratios, and the choice of PYY in this workflow.

Spatial-temporal resolution and agronomy settings. To resolve moving shade, the
cultivated surface is discretised at 0.13 m along rows and 0.065 m across rows, and Eqs. 7.1-
7.3 are iterated at At = 5min. Meteorological fields not directly altered by the structure
(air temperature, precipitation, relative humidity) are treated as spatially uniform; PAR,
evapotranspiration and soil-water balance are computed per pixel where partial shading
occurs (Sections 7.3.2 and 7.3.3). Planting is set to March 1 (regional practice). In the
base run no irrigation is applied, so soil moisture evolves only with precipitation, consistent
with field practice for potatoes in Tuscan Apennine settings [373]; under this assumption

QL= QN =o.
Performance indicators. The Land Equivalent Ratio (LER) combines crop and

electricity outputs per hectare [341]. Including an explicit non-cultivable fraction L!°* (e.g.,
posts, service paths), LER is defined as represented in Eq. 7.42:

YAV(l _ Lloss) EPV,AV
YFL + EPV,GMPV’

where YAV is the AV tuber yield and YT the full-light reference; E¥V:AY and EPYVGMPV
are the electrical energies (per hectare) from AV and ground-mounted layouts, respectively.
Following field deployments with elevated rows, L'*5 = 0.083 is adopted [344]. Because
maximising LER alone can bias towards large PX'V | recent studies recommend also reporting

crop-yield and PAR ratios to keep the agronomic perspective explicit [357].

LER = 7.42

7.5 Results and discussion

The workflow in Section 7.3 is applied to the one-hectare site in Sesto Fiorentino (Tuscany,
Italy), dimensioned to satisfy the Italian PNRR “advanced agrivoltaic” criteria (Eqs. 7.39—
7.41) and driven by 2023 meteorological observations from Consorzio LaMMA [372]. Results
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are organised as follows: Section 7.5.1 reports PV performance, Section 7.5.2 examines
spatio—temporal shading, Section 7.5.3 presents simulated potato biomass and stresses, and
Section 7.5.4 evaluates the economic metrics.

7.5.1 PV production

Figure 7.4 contrasts global horizontal irradiance (GHI) with global tilted irradiance (GTI)
at the Sesto Fiorentino site for representative clear-sky days and for monthly aggregates. The
array is fixed at § = 30° and south-facing azimuth, consistent with the design in Section 7.3.

1000
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Figure 7.4: Irradiance at Sesto Fiorentino: (a) representative clear-sky days in March and July,
GHI vs. GTI; (b) monthly aggregates.

On representative clear-sky days (panel a), GTI exceeds GHI in March (midday solar
zenith ~ 55° to 60°) because the beam component is closer to normal incidence on the
tilted plane; in July (zenith ~ 25° to 30°) GTI and GHI converge with the higher sun
path. Aggregated by month (panel b), the seasonal cycle yields GTI/GHI > 1 in winter and
approaching unity in summer. On an annual basis, the site receives about 1500 kWh/m? of
GHI and 1760 kWh/m? of GTI. Applying the fixed-efficiency relation (as shown in Eq. 3.3)
with nPV, = 0.19 and PR = 0.8 yields a specific production near 1300 kWh/kW, consistent
with fixed-tilt benchmarks for Tuscany [177].

For context, the resulting capacity factor is approximately 1300/8760 ~ 14.8 %. Using
the installed densities in Table 7.1, the annual electricity per hectare is 1300 MWh/ha for
GMPYV (1.0MW /ha) and 1040 MWh/ha for AV (0.8 MW /ha). These values align with the
policy constraint that AV specific power and energy densities approach a substantial fraction
of a conventional GMPV benchmark while respecting ground-coverage limits [349, 371].

7.5.2 Shading patterns

The geometric routine in Section 7.3.2 is executed every At = 5min over a spatial grid of
0.13m x 0.065m, producing pixel-level ground irradiance ggf;d as shown in Eq. 7.3. Figure 7.5
reports hourly maps across a 20m x 10 m subsection on two clear-sky days (March and July)
to illustrate the diurnal movement of the beam-shadow quadrilateral (as in Eqgs. 7.1-7.2)
around a single module of 1m x 2m.!

'Each row contains 20 modules; a single-module window isolates local dynamics before row repetition.
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Figure 7.5: Hourly ground-level irradiance [W/m?] on a clear-sky day over a 20m x 10m window
around one module; (a) March; (b) July.

During morning hours, the shadow lies up-sun of the module line (northwest in March;
southwest in July), then contracts and shifts at midday with solar zenith «.;, and elongates
again in late afternoon toward the opposite quadrant. At midday in March, lower solar
altitude extends the footprint up to ~ 3m north of the lower edge; in July, higher altitude
reduces the offset to ~ 0.9m south of the lower edge. Peak Qir;d near 13 h is about 700 W /m?
in March and 930 W/m? in July for the illustrative days.

Monthly ground-level radiation totals from March (sowing) to August (maturity) are
mapped in Figure 7.6. Persistent low-G bands appear just north of the module line where the
direct beam is frequently intercepted; in those bands, diffuse irradiance (DHI) underpins the
residual PAR forcing (Section 7.3.2). Monthly maxima range from ~ 106 kWh/m? (March)
to ~ 225 kWh/m? (July), with spatial variance increasing in months with more frequent
clear-sky periods.

Row repetition composes single-module footprints into the full agrivoltaic swath. Figure 7.7
accumulates ground-level radiation over March—August for an entire 20-module row. The
lower half (negative y) shows the full-light field margin for contrast; the upper half (positive
y) shows the repeating AV band. When aggregated over the cropping period, pixel-level
PAR reductions reach up to 55 % relative to the full-light margin at the most affected stripes,
while moderately shaded corridors experience smaller PAR reductions that, as discussed later
(Section 7.5.3), may partially mitigate heat and water stress.

7.5.3 Potato growth

Pixel-level photosynthetically active radiation (PAR) is computed from ground irradiance
via Eq. 7.4 and time-integrated to daily drivers with Eqs. 7.5-7.6. Daily biomass accumulation
then follows Eq. 7.7, with canopy interception fso., and water—stress factor fwater €volving
as in Eqgs. 7.8-7.9.

Figure 7.8 summarises spatial outcomes for the 2023 season. Panel (a) maps the final
potato yield ratio (AV yield normalised to the full-light, FL, reference) over three consecutive
PV rows. Panel (b) reports, along the central south-north transect of the first row (x = 0),
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Figure 7.6: Monthly ground-level radiation [kW h/m?] across the 20m x 10 m window

(March—August).
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lower half (y € [-5,0] m) is the full-light margin; the upper half (y € [0,5] m) is the AV band that
tiles across the site.
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the yield ratio and the PAR ratio, each value normalised to the FL zone (100%) so that
direct comparisons are scale—free.
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Figure 7.8: Potato yields under AV shading. (a) Final yield ratio (normalised to FL) across three

PV rows. (b) Yield ratio and PAR ratio along the central south-north transect of the first row
(x = 0); ordinates normalised to FL = 100%.

Yield and PAR begin to decline for y > —2m as repeated shadows from the PV rows reach
the crop. The two curves diverge in sensitivity: along the transect, the minimum yield ratio is
46% at y = 0.2 m whereas the PAR ratio there is 60%; their intersection occurs near y = 0.8 m,
delineating a zone where effects are predominantly negative (yield ratio < PAR ratio for
y < 0.8m) and a zone where moderate shade is beneficial (yield ratio > PAR ratio for
y > 0.8m). At the minimum-PAR location (y = 1.2m; PAR ratio ~ 45%), the yield ratio
remains higher (=~ 52%), indicating partial mitigation of water stress under extended shading.
Beyond y ~ 2.4m, the yield ratio exceeds 100% and peaks at 106% even though the PAR
ratio is 85%, suggesting an agronomic advantage associated with mild early—season shade.

To explain these patterns, Figure 7.9 compares time series of (i) cumulative biomass (green),
(ii) canopy interception fso., (red), (iii) weekly PAR (orange bars), and (iv) water—stress
factor fiwater (blue) at two representative transect points, each overlaid against the FL
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reference (dashed). Panel (a) shows the maximum-yield point (y = 2.4 m); panel (b) shows
the minimum-yield point (y = 0.2m).
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Figure 7.9: Time-series comparison with FL reference (dashed) at two transect locations: (a)
maximum-yield point y = 2.4m; (b) minimum-yield point y = 0.2m. Variables: cumulative
biomass (green), fsolar (red), weekly PAR (orange bars), fwater (blue).

In the FL reference, biomass follows the expected S—shape: a lag during emergence, rapid
growth as tubers enlarge, and a plateau at senescence; physiological maturity is reached
around 15 August. The fsoar trajectory peaks during the rapid growth phase as the canopy
saturates interception, and fwater Stays near unity until soil-water depletion triggers stress;
rainfall events partly restore fwater before summer drought lowers it again.

At the minimum-—yield point, mid-season shade cuts PAR by 40%, which lowers evaporative
demand and delays water stress (i.e., fiwater remains closer to 1 for longer). Nevertheless,
lower PAR outweighs the benefit of delayed stress, so the yield ratio (46%) undershoots the
PAR ratio (60%). At the minimum-PAR point (not plotted), shade is more prolonged early,
producing a PAR ratio of 45% but a higher yield ratio (52%) because extended stress relief
preserves growth duration. Conversely, Figure 7.9a shows the maximum-—yield point achieves
the most favourable balance: mild shading from sowing to early May reduces early PAR by
15% yet slows soil drying, keeps fwater €levated, and extends the period with fso.. &~ 0.95 by
6 days, resulting in 106% yield despite reduced PAR. This agrees with reports that potato is
more penalised by early water deficit than by late deficit [374].

Aggregating pixel-level tuber yield over the site area Ag. yields YAV = 26.8t/ha under
AV against Y¥' = 31.5t/ha under FL (—15%). The simulated AV penalty is consistent with
temperate-Europe AV trials on potato (Heggelbach, Germany) reporting —11% to —18% at
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35 % shading [375]; the FL yield is aligned with national benchmarks of 30t/ha to 35t/ha
[376, 377].

The land-equivalent ratio (LER), defined earlier (as shown in Eq. 7.42), evaluates to
LER = 1.58 for the baseline design. As indicated by Eq. 7.42, LER decreases linearly with
land loss L' with slope equal to the AV /FL yield ratio. Using the simulated yield ratio
0.851, an increase AL"°® = 0.01 lowers LER by = 0.0085 in absolute terms. Illustratively,
L = 5% = LER =~ 1.61, L' = 12% = LER ~ 1.55; with the baseline L'°* = 0.083,
LER = 1.58, holding other terms fixed. Alternative AV designs (e.g., single/dual-axis
tracking, bifacial modules) increase the energy contribution in LER; they may also alter L=
via clearances/structures and reshape shade patterns that affect the yield ratio. The net
effect on LER is the balance of these changes and is therefore layout— and site-specific [371].

Overall, the yield response is non-linear and site-dependent: heavy shading reduces
production, whereas light—to—moderate shading around critical stages can improve water

status and prolong effective growth, delivering yields comparable to or higher than FL despite
reduced PAR [374].

7.5.4 Economic analysis

The economic assessment compares Full-light Cropping System (FCS), Ground-Mounted
PV (GMPV), and Agrivoltaics (AV) under Abandoned Farmland (AF) and Conventional

Farming (CF), using the cash-flow constructs of Section 7.3.4 (absolute C'F;*" and incre-

mental AC’FJCF) and investment metrics on a 25yr horizon at DR = 5%. Two annual
self-consumption shares are analysed: A* = 0.70 and A*° = 0.30, with czl’e"p = 0.09€/kWh
and czl’imp = 0.17€/kWh. Capital items per kW are those in Table 7.1; installed densities
are 1.0MW /ha (GMPV) and 0.8 MW /ha (AV).

LCOE (PV boundary). Using Eq. 7.38, the GMPV configuration (Cy = 748 €/kW)
yields LCOESMPVIPY: — 0 061 €/kWh. The AV configuration (Cy = 1194€/kW) yields
LCOEAVIPY = 0.084 € /kWh. The higher AV value reflects elevated supporting-structure and
BOP costs at comparable specific generation.

Per-hectare cash-flow and investment outcomes. Figure 7.10 reports cumulative
NPV per hectare (panel a) and per installed MW (panel b) under AF and CF for A = 0.70
and 0.30. Per-hectare, GMPV naturally accrues larger electricity value than AV because of
its higher installed capacity. Under AF with A = 0.70, GMPYV repays sooner (discounted
PBT 6 years) and attains a higher IRR (21%); AV repays in 10 years at IRR 13%. Under
CF, displacement of the baseline crop matters: GMPV forfeits 31.5t/ha potato revenue
(Section 7.5.3), reducing annual net cash by 5.5k€ /ha and lowering IRR to 19%; AV forfeits
only the shaded delta (from 31.5t/ha to 26.8t/ha), i.e., 0.8 k€/ha, so IRR decreases by 1 pp
(12%).

Normalising by installed capacity (panel b of Figure 7.10), AV’s NPV trajectory steepens
and narrows the gap to GMPV by year 25 despite higher Cj. This convergence occurs
because the capacity differential (0.8 vs. 1.0 MW /ha) is removed while the dual revenue
stream (electricity + crop) accumulates.

Summary table (per hectare). Table 7.2 collects annualised operating figures and
investment outcomes for the two A** values. Here “Crop revenue” corresponds to REV ™"
under AF or to its increment under CF; “Electricity value” corresponds to the yearly electricity
value REV;I’QXp + SAVZI’SC. “Cash flow” is the representative steady-year operating cash flow

(AF: CFQ'AF; CF: ACFJCF). NPV, IRR, and discounted PBT are also reported.
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Figure 7.10: Cumulative NPV trajectories for FCS, GMPV and AV under AF and CF at
A%¢ = 0.70 and A*° = 0.30: (a) per hectare of land; (b) per installed megawatt.

210



7 Appendix — Agrivoltaics

Table 7.2: Economic performance of FCS, GMPV and AV under AF and CF, for A*¢ = 0.70 and
A%¢ = 0.30. All values per hectare.

Scenario A% =0.70
Crop rev. Electricity rev. Cash flow NPV IRR PBT
[k€/yr] k€/yr]  [k€/yr] [k€]  [%]  [yr]
FCS AF 15.7 — 5.5 78 - 15
FCS CF — — - - - -
GMPV AF - 188 164 1330 21 6
GMPV CF —15.7 188 158 1252 19 6
AV AF 13.5 150 136 781 13 10
AV CF —2.2 150 131 703 12 10
Scenario A% =0.30
Crop rev. Electricity rev. Cash flow NPV IRR PBT
[k€/yr] k€/yr]  [k€/yr] [k€] [%]  [yr]
FCS AF 15.7 - 5.5 78 - 15
FCS CF — — — — — —
GMPV AF — 147 123 800 15 8
GMPV CF —15.7 147 117 720 135 9
AV AF 13.5 117 109 358 9 14
AV CF —2.2 117 98 280 8 15

Table 7.2 shows that lowering A*¢ from 0.70 to 0.30 extends discounted payback by 2-3 yr
and reduces IRR by 4-6 pp for both PV-bearing options, without altering their ranking. Crop-
only FCS is insensitive to A**. A £10 % change in C (other items fixed) shifts IRR by roughly
+1pp—=+2pp and PBT by £1yr; AV is somewhat more sensitive (larger structural share),
while GMPYV is slightly more tariff-sensitive. Differences in irrigation outlays between AV
and FCS (no irrigation in the baseline simulations) correspond to 50€/yr and are negligible
at the project scale.

AV’s elevated Cy drives a higher LCOE'®Y and longer PBT than GMPV:; however, on
an equal-capacity basis (Figure 7.10b), the combined electricity and crop revenue streams
narrow the long-run NPV gap. As larger PV penetrations depress wholesale prices, the
relative stabilising contribution of agricultural income grows, improving AV’s resilience as a
dual-use land strategy [371].

7.6 Main findings

A Python workflow was developed that integrates: (i) PV power modelling, (ii) high-
resolution shadow-casting at five-minute cadence, (iii) process-based potato growth simulation,
and (iv) techno-economic analysis. The framework was applied to a one-hectare agrivoltaic
(AV) layout in Sesto Fiorentino (Tuscany, Italy) designed to satisfy the Italian PNRR
“advanced AV” criteria: 2mx1m modules (400 W), fixed tilt 30°, clearance 3m, inter-
row spacing 5m, ground coverage <40 %, cultivated surface >70 %, and installed density
0.8 MW /ha.

e PV performance. Annual GTI and GHI at the site are about 1760 kW h/m? and
1500 kW h/m?; respectively. Using the fixed-efficiency relation (Durisch) with n&Y

mod —
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0.19 and PR = 0.8 yields a specific production near 1300 kW h/kW, consistent with
regional fixed-tilt benchmarks.

e Shading and under-canopy light. Five-minute, 0.13m x 0.065 m maps show local
growing-season reductions of ground-level irradiance up to 55 % directly beneath arrays,
with persistent low-G bands north of module centres where beam shielding dominates.

e Crop response and LER. Simulated field-average potato yield under AV is 26.8t/ha,
15% below the full-light (FL) reference of 31.5t/ha. The Land-Equivalent Ratio is
LER = 1.58, indicating superior land productivity versus separate siting. Intra-field
variability is marked: minima reach 46 % of FL beneath modules, while a band 2.4 m
north of module centres attains 106 % of FL with 85 % of FL PAR, evidencing that
moderate early-season shading delays soil-moisture depletion and senescence, improving
water-use efficiency.

e Economics. Ground-mounted PV (GMPV, 1.0 MW /ha) requires Cy = 748 €/kW; AV
(0.8 MW /ha) requires Cy = 1194€/kW. The resulting PV-boundary levelised costs
are LCOE = 0.061 €/kWh (GMPV) and LCOE = 0.084 €/kWh (AV). On abandoned
farmland, with annual self-consumption share A\** = 0.70, GMPV exhibits shorter
discounted payback (6 years) and higher IRR (21 %) than AV (10 years; 13%). On
conventional farmland, the baseline-crop displacement penalises GMPV more strongly
(loss of 31.5t/ha) than AV (loss of 4.7t/ha), reducing the IRR gap (GMPV 19 %, AV
12 %). When normalised per installed megawatt, the AV NPV trajectory closes part of
the gap over 25yr as dual revenue streams (electricity + crop) accumulate.

Implications for PtH siting and planning. The AV option leaves the per-kW PV pro-
duction model used for the rule-based scheduling of the PtH plant unchanged (Section 3.1.1);
it acts upstream, by altering feasible layouts, MW /ha, and the CAPEX/O&M structure
under agronomic constraints. Where GMPV is constrained by land availability, permitting,
or social acceptance, AV can supply on-site PV to PtH while preserving agricultural function.
Capacity planning should therefore consider AV as a siting class with: (i) higher LCOE per
kW, (ii) lower installable MW /ha, and (iii) additional crop-linked cash flows. At system level,
these differences propagate into the economic KPIs (NPV, IRR, discounted payback) without
modifying the operational scheduling logic per installed kW; portfolio mixes of GMPV and
AV can be optimised against land constraints and the hydrogen cost target.

Limitations and next steps. The present implementation assumes uniform micromete-
orology (air temperature, humidity, wind) beneath arrays and in open field; soil and canopy
microclimate are not yet coupled to shading. Including an under-panel micrometeorology
submodule (radiative, thermal and aerodynamic effects) is expected to increase the estimated
heat-stress relief and refine long-term resilience signals. Extensions to tracking and bifacial
systems, and jurisdiction-specific policy constraints, can be incorporated by updating the
geometric/PAR layer and the techno-economic parameters while retaining the same KPI
machinery.
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