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Abstract

The search for energy has always been at the core of human existence. Nowadays,
Humanity has finally realized that continuing to burn fossil fuels and release billions
of tons of C'Os in the atmosphere year after year is not an option. Climate change
is clearly visible, with its consequences: temperatures increasing, polar ice melting,
meteorological disasters, impact on living species and populations across the globe.

In response, ambitious targets have been set to bring the world to net zero
emissions in the coming decades. The replacement of today’s energy sources with
renewable, stable and cheap sources is key, however it represents a challenge from
a societal, economical and technological point of view. Among the solutions to
be adopted, the introduction of a new energy carrier like hydrogen can fasten the
defossilization of sectors heavily dependent on fossil sources, for which few mature
technological alternatives exist.

This master thesis aims at developing an approach to optimize the future
hydrogen production-distribution system of a country, while taking into account
major sources of uncertainty. Indeed, integrating unknown future hydrogen demand
and energy costs changes the way the design of the system balances imports and
local production. That is what we will show by applying our developments to
Belgium as case study.

We develop an algorithm combining mixed-integer non-linear programming with
a multi-stage development of scenarios to integrate sources of uncertainty. More
specifically, we develop a two-level algorithm where an Ant-Colony metaheuristic
embeds a classic solver, which allows to clearly separate linear from non-linear
objectives and constraints.

Our results are promising, as seen on the application to the case study. Our
approach finds stable network configurations at different points in time (2030,
2040, 2050), at minimum capex and opex levels. The computational time remains
reasonable for different problem sizes and constraint types, in the order of a a couple
of minutes to find optimal solutions. Our approach is generic enough to introduce
new dimensions to the objective function, new constrains, more time-steps and new
technology of production and transport.

Based on our work, we see a couple of dimensions to explore in order to bring
our development to a more robust, or even industrial level. In particular, we
believe that introducing new choices for the production and transport technologies,
testing with smaller time-steps and introducing new uncertain variables in sets of
plausible scenarios should allow the model and algorithm to determine more realis-
tic, economically-viable solutions while keeping options open for new technology
developments in the future.
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Chapter 1

Introduction

Net zero is certainly one of the most difficult and important challenges humanity
will have to tackle over the next decades if we want to preserve the Earth as our
home. Mastering green sources of energy at scale will be key to get there and
hydrogen is part of the tools that could result to be fundamental.

This master thesis aims to contribute to this objective by developing a new
approach to optimize the future deployment of the infrastructure for the production
and distribution of hydrogen in Belgium, taking into account different sources of
non-linearity and uncertainty.

This introductory chapter successively presents the broad context of hydrogen
and its of application, introduces the specific problem and the solution we have
developed, and gives an overview of this report.

1.1 Hydrogen: Possibilities and Impact

The impact of human societies on the planet has become a major subject of interest
over the past decades. With the Paris Agreement on Climate Change, the inter-
national community agreed to reduce greenhouse gas emissions and contain the
average increase of temperature to 2°C above pre-industrial levels. This objective,
if sometimes not considered ambitious enough, will still require significant efforts
from all countries in the coming years. Likewise, Belgium targets a reduction of
80% of its emissions by 2050. In the fight against climate change, people also put a
lot of hope in new technologies. In particular, hydrogen comes as a solution for the
decarbonization of a number of major activity sectors. The Hydrogen Import coali-
tion predicts an increasing role of hydrogen to support Europe’s energy transition [9].



Hydrogen is a synthetic fuel that can be produced by diverse methods and has
potential of application among a large number of end-uses: : transport, chemicals,
steel, power and heat generation [24]. There is yet an important difference to
make between different production options. The so-called "green hydrogen" refers
to a low carbon production based on renewable energies. The "grey hydrogen'
is produced using gas and thus implying an important environmental impact.
Finally, the "blue hydrogen" option uses natural gas, but also new technologies
for the capture of C'O, emissions. A green hydrogen economy will necessarily re-
quire an abundant availability of renewable sources for the production of the carrier.

Unfortunately, not all countries have that much green energy available that they
could use for the production of hydrogen. Certain regions in the world are, as one
could say, "blessed" with (stable and cheap) solar and wind energy potential - two
of the most regarded options for green energy production. The next steps would
then be to transport the newly produced energy to regions that cannot leverage
these renewable sources but this would come at great scale and cost. Indeed, the
most industrialized regions of central Europe are often also the ones with the least
potential [17]. Hydrogen is a solution to this problem. Its versatility is a main
advantage. It can be transported the same way as traditional fossil fuels. In fact, a
portion of the already existing infrastructures could be adapted to transport this
new carrier at a reasonable cost.

A second problem often addressed of the green energy production, is its unpre-
dictability. Of course a solar panel only produces when there is sun. Meteorological
conditions greatly influence wind turbines production. However, the energy demand
from the network does not follow the same variations. It has become necessary
to store energy and be able to retrieve it with minimum losses. If battery ca-
pacities have massively increased in the last years, the molecule storage option
still seems more attractive. Battery technologies remain expensive and require
scarce raw materials for production [9]. Once converted into chemical bonds be-
tween molecules, the energy can be stored for longer time and be used when needed.

Nevertheless, using hydrogen presents certain challenges. The fuel needs to be
produced using other forms of energy, it is not a direct replacement of traditional
natural gas or oil that can be pumped from the ground. It also has a lower volu-
metric energy density than traditional fuels and requires certain temperature and
pressure conditions to be transported and stored, which inevitably increases the cost
and complexity of the infrastructure. A lot of the technologies are not at maturity
yet and they are not ready to be used at scale. But it is also encouraging to see



that improvement in costs and usability of hydrogen technologies will continue to
accelerate with penetration as learning curves from other technologies have shown
in the last decades (e.g., microelectronics, solar panels, batteries, etc).

The green hydrogen market is still very new, and uncertain. In the favorable
scenarios, if all actors played their role, hydrogen could become economically
competitive by 2030 and the "market for low-carbon hydrogen and associated
synthetic fuels could reach $1 trillion by the middle of this century” [13]. The report
[24] decomposes the so-called "hydrogen economy" in four segments: production,
distribution, conversion, and applications. Our work will focus on the production
and distribution steps of the problem.

The first strategy would be for European countries to produce their own hydro-
gen directly with locally produced green electricity. There are also several regions
that present the right conditions to become net hydrogen exporters in the next
decades. Those countries offer political stability and green energy potential. The
hydrogen could be exported to our regions by sea, following the navigation routes
presented in figure 1.1. The best strategies will leverage these two approaches in a
balanced, optimal way.
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Figure 1.1: Hydrogen Import Coalition [9] : shipping routes prediction for 2050



1.2 Problem Definition

As we have seen, a number of technical challenges will have to be overcome to make
the hydrogen economy become a reality. Countries like Belgium will not become
'oreen hydrogen champions" because of lack of renewable power sources. However,
our existing gas infrastructure combined with new production and distribution ca-
pacities, will constitute a practical solution to achieve our decarbonization ambition.

In this context, this master thesis focuses on the production-distribution in-
frastructure. The algorithm developed provides an optimal design for the network
based on a cost minimization. Our problem is of the type of a supply problem,
where first, decisions are made to design a future supply system, and then, there is
a second round of decisions for the allocation of the resources to satisfy a given
demand.

We model the spatial complexity of our problem with a network. The space
is decomposed in regions represented by nodes. Each node gathers the demand,
carrier availability and production potential of one region. We are interested to
build the production capacities but also transport infrastructures between regions,
hence building the entire network.

We are here interested in green hydrogen only. This means that we focus on
hydrogen produced using green electricity. This implies a focus on electrolysis
technologies — currently the most viable for large-scale deployment [26].

We want to solve the problem of the design of the infrastructures, in order to
satisfy a future uncertain market that is still in development. The two sources
of uncertainty that will be integrated in our approach are hydrogen demand and
import prices of materials. In our case, those are mainly hydrogen and electricity.
The type of uncertainty that we are working with on this case is thus related to

long-term evolution of the model parameters and not short-term demand forecasting
and full-filling.

To draft the evolution of the network, we will use a model with successive
time steps of approximately 10 years each. As opposed to an infinite process, the
model uses a finite horizon with a determined set of time-steps. At each time
step, new information is added about real demand and cost evolution up to that
point. This model represents this progressive arrival of information. Using this new
information, the solution gives us new decisions to make to upgrade the network
design for the next round. Part of those decisions will only come to operation at
the next time-step — this is where design under uncertainty takes all its meaning.



The model we are working on is of "Mixed-Integer Non-Linear Programming'
(MINLP) type. The important boolean decisions, such as deciding to build more
capacity, are represented as integer variables. Moreover, the model can handle some
non-linearity like the installation CAPEX for new hydrogen production capacities.
This non-linearity is very often directly linearized in literature. Actually, the
problem contains other sources of uncertainty, such as pressure differences between
the different parts of the system for example. Whereas this is not the subject
of this master thesis, our model was developed versatile enough to support such
new features. Moreover, one of the objectives of the thesis was to add uncertainty
in an already existing model to contribute to the development of an algorithmic
tool to study chemical supply chain design. The metaheuristic used to handle
the uncertainty is the Ant-Colony [20]. Our solution had to integrate our new
algorithm in this already existing metaheuristic.

1.3 Overview of the Master Thesis

The rest of this document is structured in 5 successive chapters following this
introduction.

Chapter 2 briefly presents our review of the literature linked to the problem at
hand with a focus on stochastic theory. In particular, we focus on key constraints
and building blocks of our problem, namely: how uncertainty is introduced in
different models, how authors leverage multi-stage approaches, and finally key
(meta-)heuristics used to develop robust solutions.

Chapter 3 gives a formal definition of the solution model of our problem. We
successively detail out the objective function we are working on, translate technical
and physical constraints mathematically, and finally provide all necessary formal
definitions of variables, parameters, functions.

Chapter 4 describes our case study, namely the hydrogen supply chain design
in Belgium. It covers all building blocks of the "real" problem to solve, such as
location of existing and new assets, production and demand evolution forecasts,
production and transport costs, hydrogen import sources. It finally provides a brief
description of our key implementation design choices, in particular our two-layer
algorithm embedding linear optimization within an Ant-Colony metaheuristic.



Chapter 5 is where we present and discuss the results achieved in this work.
We successively review versions of our model and solution, with different sets of
parameters and constraints. We also address the complexity of our solution, i.e. the
computation time taken to tackle problems of increasing size. Finally we discuss
dimensions we could add to our model to find optimal solutions to more complex
(real) problems.

Chapter 6 finally concludes the work with a recap of our results, a critical review
of the approach and suggestions for further work.
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I would also like to thank Professor Philippe Chevalier, for accepting to be a
Reader of my Master Thesis.

Finally, words are not strong enough to express my warmest thanks to my
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Chapter 2

Stochastic Model: Theoretical
Review

The problem we want to solve has already a certain history in the literature. This
chapter aims to look at key sources we have leveraged in this mater thesis.

We start by a chronological review of important literature on the subject of
hydrogen supply chain optimization. We then present two papers in more detail,
that bring key concepts of stochastic programming to life in the context of hydrogen
network optimization - and hence have largely inspired the development of our
model. We then give a short overview of different approaches to uncertainty in
the literature, not directly related to hydrogen supply chain planing. Finally, we
introduce the theory behind multi-stage modeling, which forms the base of our
own implementation.

2.1 Hydrogen Supply Chain (HSC)

In this first section, we present key papers in the hydrogen supply chain literature
we have considered in our work - each offers a specific modeling or algorithmic
approach. The references are presented chronologically.

(2003) Van den Heever and Grossmann [31]: This paper authors is often
considered as pioneer in the field of HSC. Many would agree that the journey
to optimization of hydrogen supply chain started with this work on short-term
production planning. The model introduced in the paper produces a planning using
demand forecasts with 12-hour time intervals. The model is deterministic, multi-
period, mixed-integer, and introduces some non-linearity (MINLP). We see that a
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very recurrent solution in the literature is to work around uncertainty and replace
stochastic elements by 'good’ estimates. This is not particular to HSC problems -
numerous authors in supply chain management and planning approach uncertainty
accordingly. Uncertainty parameters are approximated using forecasting strategies
such as machine learning techniques and the values predicted are used directly as
deterministic parameters. In some cases, this type of approach is a valid option.
If the distribution of the parameters is highly concentrated, the solution will not
change much. In most cases, however, this lack of precision requires post-process
analysis to guarantee the consistency of the solution.

(2005) Hugo et al. [14]: The previous model was used for daily planning.
Here, the authors address a long-range investment planning question - just like
this master thesis. The model does not integrate any non-linearity (unlike Van den
Heever and Grossmann); it is deterministic and multi-period (MILP). The objective
of the authors is double: the model optimizes both the cost and the environmental
impact of the solution. This comes up regularly in hydrogen infrastructure. Since
the basic idea behind working with hydrogen is to reduce emissions, it makes sense
to also integrate the environmental impact explicitly in objective function of the
model. Note that our work focuses on prices and costs only.

(2006) Almansoori and Shah [2]: This paper uses a steady-state mathematical
programming framework with deterministic demand for the minimization of the
total cost. It’s approach innovate by taking multiple part of the supply chain
usually worked independently and try to optimize it as a whole.

(2008) Ingason et al. [16] and (2008) Lin et al. [21]: These two papers de-
velop an MILP model to approach real cases study of hydrogen distribution planning
in Iceland and Southern California, respectively. It use an integer representation
to select the place of building new facilities.

(2008) Kim et al. [18] and Kim and Moon [19]: In these two papers, the
authors use a stochastic approach to optimize a hydrogen network. They first
propose a steady-state MILP model with demand uncertainty. The second paper
extends the first results with a multi-objective optimization to consider both cost
and safety.

(2009) Almansoori and Shah [4]: This paper is an extension of their 2006

work. The authors generalize their approach, from constant deterministic demand
to multiple periods where each period has a different hydrogen demand pattern.
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(2010) Guillén-Gosalbez et al. [12]: In this paper, the authors use a bi-level
(master-slave) optimization approach where the master algorithm loop selects the
technology that will be used while the slave algorithm then solves the simplified
model using only the selected technology. The same strategy is used for our own
approach with the Ant-Conlony as meta-heuristic.

(2010) Sabio et al. (2010). [28]: In this important paper, the authors uses
a bi-level meta-heuristic to handle integer variables via relaxation. They also
introduce key concepts related to risk modelling. We present the paper and its
approach in more detail in a dedicated section, hereafter.

(2012) Almansoori and Shah [3]: In this paper, the authors revisit their
previous results by adding uncertainty to the demand. Clear source of inspiration
of this thesis, the authors use a multi-stage model to treat uncertainty in hydrogen
planning. His strategy of scenario-based with branching to capture uncertainty
will form the base of our own model. Other papers took the same scenario-based
stochastic programming approach to solve supply chain problems. For example, [5]
introduces a MILP model in the context of hydrocarbon planning.

(2012) Agnolucci et al. [1]: In this paper, the author made an analysis of
the optimization of hydrogen infrastructure literature and note in particular the
necessity of a more rigorous treatment of uncertainty in demand.

(2019) Woo and Kim [32]: In this paper, finally, the authors use a genetic
algorithm meta-heuristic to solve a MINLP formulation of the problem. They are
not the only one to work on meta-heuristic as Jesus et al. [27] were also working
on genetic algorithm at the same time. Our work follows a similar approach by
introducing another type of evolutionary meta-heuristic into our algorithm, the
Ant-Colony algorithm.

2.2 Two foundational papers in stochastic pro-
gramming for HSC

In this section, we present two papers we largely leverage in this master thesis,

and main lessons / implications for our work. Before that, we start with a short
reminder of basic notations used later in the chapter.
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Stochastic Programming: Basic Notations

o (): Sample-space, set of all possible scenarios
« 2% Set of all possible subsets of

e w: One possible resolution for the future, one possible scenario, with w € ;
for each scenario correspond a specific value for each of the random parameters

o &(w): Set of random parameters for scenario w; a sample is a particular value
for the parameters and depends on the scenario considered

« Random variables can be described by their cumulative distribution function:
Fe(e) = P[¢ < €] = Plw|¢(w) < €]; in case of discrete random variable, we
note this time p¢ (&) = P[€ = &) with Y, pe(&r) =1

o f(z,£): Constraints and objectives can be expressed as function of those
random variables and become random variables as well.

A Sabio et al. - Risk control of hydrogen supply

As explained earlier, when working with uncertainty, there is a certain observable
preference in the literature to work with deterministic models as they are much
simpler to solve. In order to do so, one can use the 'most-likely’ approach and
replace stochastic parameters by their expected values.

The objective of this paper is double but purely financial: when managing risk,
the idea is to model a trade-off between financial risks and expected costs. Diverse
methods exist. The one taken here is multi-objective. It minimize risks at the same
time as costs in a combined objective function.

Working with uncertainty is indeed working with two concepts at the same
time. First there is the robustness of the solution. The robustness can be any
measure that defines the quality of a solution. It can typically be its performance
when considering all possible cases for all realizations of the parameters. Secondly
there is the efficiency of the solution which is the impact of the uncertainty on the
objective function value. This is often modeled using an expectation of the costs
or one of its derivatives. We have thus to work on both dimensions.

To compute the expected value, it is necessary to know the probability distribu-
tion of the random variable &(w)

Ee[f(x,6)] = /Q i, €(w))dw.
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However, it often happens that this information is unknown. If some example of
resolution for the parameters is known (e.g. £ = {&,...,&n}), the Monte-Carlo
method can be used to compute an estimation of the expected value:

Risks can be modeled in different ways, as detailed here:

o Chance constraint programming Sometimes, probabilities can be used
directly in models. Instead of requesting the constraints to hold, all the time,
certain constraints have to be respected in a percent of the cases, where
a is called ’confidence level’. If the joint probability distributions of the
parameters are known (or good enough approximations), one can directly use
the probability computation to build a new constraint:

Plor6) <0)= [ d0(€) > o

To check if such a condition is respected, a heuristic method can be used to
generate possible values &, of the random parameters:
_ Hg(z, &) < 0374

Plg(z,§) < 0] ~ ~ > a.

« Dependent-chance programming (DCP) This method also makes use of
probabilities in the model to handle stochastic constraints, however this time
using the probability in the objective function directly:

maﬂ?zpr[gi(%f) = Ci]ie]—

This is the choice of Sabio et al to define the risk. They want to maximize the
probability to surpass a target. With f the objective function, d the design
of the supply chain and ¢ a predefined cost target, the risk wan be written:

Risk(d,¢) = P[f(d) > (].

This risk measure is then used with the expected cost to formulate a bi-
objective model.

With some complex problems, there can be more than one of these probability
measures to maximize. We will note {g;(z,&) = ¢;}ies the set of constraints
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to maximize. Each constraint corresponds to a certain event. Unfortunately
the probability of those events are linked together - they are not independent.
In this method, the possible set of solutions is not convex and the number of
constraints which can be respected at the same time is not known. The goal
with the multi-objective model is to maximize the number of events respected
concurrently:

maz, |{Prlgi(z,€) = e hed.

Other methods can be used such as a weighted sum of objectives to give more
or less importance to certain events:

maz, Y v Prigi(z,§) = .
iel
Other extensions of this method exist such as 'dependent-chance goal pro-
gramming’ (DCGP) when the problem becomes really complex. In [23], a
simulation genetic algorithm is proposed to solve the problem.

« Min-max/Worst case scenario Finally, a very simple yet very efficient
strategy is to minimize the cost for the worst case scenario. This scenario
can be defined by direct knowledge of our problem or using a min-max
approach. When working with risk, we are sometimes only interested in
worst case situations. We address this by a min-max analysis in the objective
function. Using the dual problem, we can transform the maximization into a
minimization and solve a single minimisation problem:

mazxe ming f(x,§) :

Note that working with worst case scenario could lead to an over-conservative
solution with a lot of wasted resources in most of the scenarios.

Different sources of risks and other metrics can be integrated and optimized
together through multi-objective formulations. In our case, for example, we will
minimize the expected cost of the network design and the risk. The authors present
two such formulations:

o Weighted sum: The simplest method is to sum up the different objectives.
Predefined parameters \; give relative weights to the different objectives:

min  f(d) — Z Aigi(d)

iel

st. deD

with the different g;(d) being convex for the objective function to be convex,
too.
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e c-constraint: For this method, the resolution is launched several times using
only one of the objective while the second is set with confidence levels € € [¢, €.
The solution is of Pareto type. Contrary to the weighted sum, this method
also works when g(d) is non-convex:

min  E[f(d)]
st. deD
gld) <e

The treatment of uncertainty always brings a notable complexity increase in
the model. The paper proposes a heuristic approach organised in two levels. First,
a master algorithm solves a relaxation of the problem by considering integer as
continuous variables. Second, a slave algorithm takes the solution from the master,
rounds the relaxed integers and takes those values as parameters to solve the model
once again. This approach is based on the observation that for some problems,
the integers that represents the number of facilities to be established in a region
takes particularly large values which means that the difference between relaxed and
classic solutions is very high. It is however not really the case for decision variables,
represented as Booleans, that define whether certain decisions are made or not.
Note that this is exactly the type of variables we will have to formulate in our model.

In this paper, finally, uncertainty is introduced for the costs and is thus only
present in the objective function but not in constraints and the demand is always
exactly filled.

B Cantu et al. - Meta-heuristic bi-level optimization

One of the main sources of inspiration for this master thesis is the paper of Cantu
et al [8]. The goal of the authors was to study hydrogen supply chain planning. In
order to do so, they proposed to discretize the space into a grid, with production
capacity and demand defined for each node of the grid. The model used was an
MILP including a set of combinatorial variables to make the decisions of where to
place production facilities and transport routes on the grid.

The complexity brought by the MILP formulation was tackled using a bi-level
optimization algorithm. The master program handles the combinatorial part of
the problem. The solution it gives represents possibilities to where and when to
build new capacities. The slave algorithm then takes solutions from the master as
parameters and solves the remaining linear problem to produce a feasible solution.
This kind of heuristic to solve the problem in two rounds will also be part of our
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own model.

The study presents a multi-objective strategy. The model tries at the same time
to minimize daily cost of the network and environmental impact using a Pareto
approach.

In the conclusion, the authors suggest different improvement paths. One of the
suggestions is to introduce non-linearity in the problem formulation in order to get
closer to real life situations. This is notably one of the objective of this master thesis.

2.3 Approaches to Uncertainty in the Literature

Uncertainty is a major factor when working on planning and management problems.
While focusing on hydrogen supply chain, possible sources of uncertainty are
numerous: equipment failure, natural disasters, market evolution, etc. We review
different types of uncertainty here.

Endogenous vs exogenous: Uncertainty parameters are sometimes separated
in two groups. First, there is endogenous uncertainty when the results are affected
by the decision of the agent. Second, there is the exogenous uncertainty if the
results are independent from the agent decisions. For example the model in [7]
is a facility location with uncertain demand, but the demand is not considered
completely exogenous as convenience of the facility impacts the demand. It works
both on the cost and on the worst-case penalty function for unsatisfied demand.
Our case could relate to this type of analysis as the future hydrogen demand could
be linked to the investment made in the sector. We choose however to go for the
simpler exogenous parameters.

Risk prevention: Uncertainty can also have a form of low probability but high
impact events. In this type of analysis, a particular attention is given to extreme
scenarios. Typically, in [7], the authors try to solve the problem of facility protection
against disruption (natural disaster or intentional attacks). In our case, we are
interested in long-term planning and evolution, more than preparing for an eventual
crash of the hydrogen market.

Tight constraint: The impact of uncertainty is not the same if it applies to the
objective function or constraints. If we want the constraints to always hold, it would
imply a certain computational cost to check all possible combinations of resolution
for the uncertain parameters. As the problem is more constrained, it implies a loss
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of quality since the space of available solutions is reduced. The solution will always
be less good than if each scenario is considered as a deterministic problem.

Extreme scenarios can have a huge impact on the solution, and that even if
they are very unlikely to happen. Typically, it occurs when working with strict
robustness. If we want constraints to be always respected, extreme values will lead
to very hard constraints. For example, if a demand could be theoretically infinite.
In certain cases, extreme scenarios will be overlooked. Of course this method is
not valid for situations where those scenarios, yet unlikely, could have devastating
consequences as in the nuclear sector for instance.

For example, in [6], the authors work on the planning of water supply with
unknown future conditions. The model developed has multiple objectives: quality
and robustness. The supply condition is relaxed: supply has to be superior or equal
to the demand in all scenarios, instead of requiring being tight.

2.4 Multi-Stage Modeling

When stochastic programming is the choice, two options come out. The first one
is stochastic programming with recourse, while the other is robust optimization.
We have already discussed ways to work with risk and robustness in the previous
sections. Here we introduce recourse and multi-stage modeling (see e.g. [22] and
[29]).

We have also seen that certain papers use multi-period models. In these
approaches,; a solution gives for each period the optimal set of decisions to make.
A multi-stage is more adaptive since certain decisions depend on the results of
the uncertainty parameters. The chosen solution could diverge after some rounds
depending on the scenario we are in, and the initial decision of time 1 will take
this into account. On the contrary, a multi-period model gives only one solution
by time-step.

A Two-Stage Model and Recourse Actions

The simplest model of multi-stage programming is the 2-stage one, structured as
follows:

e 'Here and now’ variables: A first set of decisions x € R™ is made before
realization of the random parameters

o Then, uncertainty is unveiled and the true value of the £(w) parameters gets
known; from this point on, the scenario w € 2 we are in is known
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o 'Wait and see’ variables: A second set of decision y({(w)) € R" named
recourse decision can be made, with perfect information; those are the
'recourse’ actions.

A classic 2-stage linear problem with recourse can be written in two parts: first
the minimization of the cost at the first stage and the expected cost for the next
stages:

min x4+ E[Q(z,y, £(w))]
st. Ar=1b>
x>0,

Followed by the expression of the cost in second stage as another minimization
problem:

Q(z,&(w)) = min  q(§(w))"y(¢Ww))
T(E(w))x + W(E(w))y(E(w)) = h(E(w))
y=>0

The constraints defined by the parameters A € R™*" and b € R™! are deter-
ministic as well as the ¢ in the objective function. A part of the objective function
is still uncertain and quantified by the parameters ¢(w) € R"2. The constraints
defined by T'(w) € ms x ny and W(w) € mg X ny depend on the state of the model.
To assure that these constraints are respected, the recourse decision variables y(w)
will be necessary.

Q(z,&(w)) is the recourse function, the optimal value of the second-stage prob-
lem. When £(w) has finite support, it means that there is a finite number of possible
scenarios &1, . . ., , with respective probabilities py € (0, 1). The recourse function
can be written Q(z,y) = E[Q(z,y,&(w))] = X Q(z,&). When the recourse matrix
W (w) is independent from w, we say that the problem is "with fixed recourse’ This
property allows the use of certain specific algorithm that ease the resolution.

One can stack several two-stage structures for several successive time periods,
thereby creating a multi-stage model. After each time-step, new information
becomes available about outcoming results for this time-step while new decisions
need to be made. These new decisions are themselves based on uncertainty
parameters for the time-steps to come.
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B Scenario Tree

The problem takes place in a finite sequence of time periods ¢t € {1,..., H}. The
information is progressively unveiled one time period after the other. We define
one node of the tree as state s. Each state s correspond both to: a time step t, a
particular scenario for the uncertainty parameters, and a set of possible action A;.
These sets are typically vectors of random parameters and variables.
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Figure 2.1: Tree of states for multi-stage formulation

The root of the tree corresponds to time ¢ = 1 and state s = 0. To each state s
corresponds one time period ¢(s). We note .7 (s) the successors of state s; they are
the possible states following s in time ¢(s) + 1. The ancestors € (s) of state s are
the states that form in the tree the path from the root to s. To each jump from a
state to another corresponds a probability transition. It is the probability for a
certain realization in the future knowing the current state of the model.

C Multi-Stage Formulation

The multi-stage is the adaption of the two-stage model, with several successive
time-steps. Instead of one static solution, the model produces an adaptive solution,
the which adaption cycle of which is defined by the time-steps. The stochastic
formulation of the model goes as follows:
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min ¢l xy + Eleo(w) zo(w) + ...+ cp(w) 2y (w)]
st. Az =10b
Ti(w)z + Wa(w)xe(w) = he(w)

Ti1(w)xi—1(w) + Wi(w)xr(w) = he(w)

TH_l(w)xH_l(w) + WH(W).Z‘H(M) = hH(w)
1> 0,24(w) >0 t=2,...,H.

D Quality metrics: EVP and VSS

As we have seen, by taking the uncertainty into account we made our model quite
complex. Here we will see an usual way to test the usefulness of the approach.

We call Expected Value (EV) the solution of the minimization problem when
the uncertain parameters ¢ take their expected value €. It is as we didn’t took
uncertainty into account, and just solve the system replacing uncertain parameters
by their expectation. We can then take z(£) as optimal values of decision variables
for this case.

EV =min,f(x,&) — z(&)

The Expected Value Problem (EVP) is the expectation of the objective function
on all the possible scenario of §, but taking as decision variable the solution from
the expected case z(€) all case.

EVP =E¢[f(2(£),£))]

The Value of the Stochastic Solution (VSS) is then defined as the difference
between the Expected Value Problem and the classic solution taking the uncertainty
parameters into account:

VSS = Ee[f(2(€),€))] — mingEelf(x,6)].

This usually serves to assess the quality of a solution. By comparison to the case
when we ignore uncertainty, we can see how much we gain by playing on it. However
it is hardly applicable in our situation. We will see in the model presentation
that some of our constraints have to be tight. Those are also the main interest of
working with uncertainty parameter and not only the final objective function.
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Chapter 3
Model

Based on the literature review, we have chosen to model our problem using a
combination of mixed-integer non-linear programming together with a multi-stage
approach to integrate sources of uncertainty. In this chapter, we present our model
and modeling options in detailed mathematical terms. We start with the presenta-
tion of the objective function, follow with an explanation of constraints taken into
account and finally introduce detailed declarations of sets (search spaces), variables
and parameters used.

Given the top-down presentation approach we have chosen in this chapter, we
invite the reader to consider the latter part as reference to fully understand the
first sections.

3.1 Key Modeling Choices

The model we are developing here is characterized by the presence of certain
simplifications compared to a real case.

The hydrogen is usually produced, transported, stored in diverse forms, at
different pressure levels. Those points are ignored in the current model, but our
generic formulation allows the introduction of these new features. Moreover we do
not consider storage facility planning in the current problem.

The model works using energy carriers as generic variables. The solution of
the model gives an optimal design for a chemical supply chain which includes a
predefined set of carriers (e.g. hydrogen, carbon dioxide, natural gas) and the
electric power system. Our model also gives the coupling between the different
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energies using production capacities as transformation ways between energy carriers.

The solution describes the location, sizing and operation of production and
transport technologies that minimize the cost and maximize the reliability of the
system. The optimal solution is space- and time-resolved and is determined for
different uncertain scenarios.

This requires knowledge of the consumption of the carriers of interest (e.g.
energy demands), of resource (e.g. renewable energy sources) and technology
availability, and of technology performance parameters. These different points are
covered in the latter sections of this chapter.

3.2 Objective Functions

The objective function to optimize is the expected cost of the system for all possible
states:

J = BT+ TS5 4 TSP 4 T

It is calculated as the sum for all states, of the cost in each state multiplied by
the probability to find the system in that state:

J =" pe (JImP 4 JEP 4 TP 4 T2

seS

For each state, the total cost is the sum of 4 terms:

o Carrier import: cost of importing all the necessary carriers of energy to
fuel the system

‘]simp - Z Z Ucisucz’s

ieN ceC

o Carrier export: gain from exporting all the surplus of carriers

Jsexp = Z Z‘/cis‘/cis

i€eN ceC

« CAPEX: cost of installing new production and transport capacities (dS,.; s
and dCy;s). The cost is non-linear and depends on the already installed
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capacities (S,;s and Cy; ). For the transport, it also depends on the
distances between the nodes we want to link ({ ;)

Jcap == Z Z q,z S Sq,i,s) + Z Z Z C;S(Oq,i,i’,sa qu,i,i’,sa lq,i,i’)

€N qeQp SES i,i' EN' XN qEQy

« OPEX: cost to produce the output flows P, ; ; of carriers, and the cost of
operating the flows I, ,; s through the transport network. For the transport,
this also depends on distances between the nodes we want to link

Jsop = Z Z Os,s(qu,i,s) + Z Z Z Ozys(ch%i’i/’S’ lq’i’i/)'

€N qeQ)p SES i, i’ EN'XN qEQy

3.3 Constraints

In this section we describe the constraints of the optimization problem, i.e. mass
balance, conversion and transport technology performance, and carrier availability.

A Mass Balance

At all states s € S, at every node i € N, for all carriers ¢ € C, the corresponding
energy balance must be satisfied in all nodes ¢ € G:

Z (Pc,q,z',s - Gc,q,i,s)

q€Qp

+ Z Z cq,z 11,8 fq( ¢,q,i 1,85 bq, z,i’) - Fc,q,i,i’,s) 3 1
qeQt ' EN i ( : )

+ Uc,i,s - V::,z',s - dc,i,s

=0.

In the previous equation:

o Frgiris— Jo(Feqiis lgiir) — Feqiis represent respectively the import (first
'F’) and export (second 'F’) of carrier ¢ at node i and state s as well as loss
of carrier ¢ (’f") during the transport. It is calculated using a sum over all
edges 7,47 connected to the node, and all transport technologies ¢ € Q; used
by the system

o The difference P, ;s — G.q, s represents the output of carrier ¢ at node n
from local production or input to local production

e U.isand V., s respectively model the import and export of carrier ¢ for the
node 7 at state s

e d.;s represents the demand of carrier ¢ at node ¢ at state s that we are trying
to fill.
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B Conversion Technology Performance

Limited technology availability: The size of conversion technology ¢ is bounded

by the maximum potential installation allowed in node i, s;;*. For all conversion

technologies ¢ € Q,, for all nodes i € N, for all state s € S, this is expressed as:
Sqis S Smax (32)

qits

with ¢, being the time step corresponding to state s.

Each conversion technology possesses a reference carrier, such that 1 capacity
unit of this technology corresponds to 1 unit of this carrier (see eq. (3.4)). The
inputs and outputs of other carriers are calculated relatively to the reference one.

Input/output flows: The performance of a conversion technology ¢, using
carriers ¢ € J, as input, and producing carriers ¢’ € Jn as output, is modeled
through the function 7,.., which quantifies the efficiency of technology ¢ in
converting carrier ¢ into carrier ¢’. This is expressed as:

Po gis = nq,c,C’(Sqmsa Gegis PC’,q,i,S)Gc,qyi,s (3.3)

with the reference output being a non-negative quantity constrained by the installed
size Sy, of conversion technology ¢ in node ¢, at state s and the minimum load of
the conversion technology.

The equation links the input flow G ;s of carrier ¢ and the output flow Py 4 ; s
of each node 7 in state s for a particular technology ¢ transforming carrier ¢ into
carrier ¢

Loading: If technology ¢ is in operation (y,,s = 1) at state s and node ¢, the
flow of the reference carrier (s = R(q)) is subject to a lower bound value different
from zero, and an upper bound determined by the installed capacity. Otherwise it
is constrained to zero independently of the installed capacity, when the technology
is not operating (y,;s = 0):

p?inyqfivssqvi:s S P07q7i;3 S Sq’ivsyq7iys‘ (3'4)

The flows for the other carriers are determined using equation 3.3 and suffer from
the same limitation, up to the 7, .~(.) parameter.
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Capacity expansions: The capacity of the conversion technology ¢ at node ¢
in state s can be defined as the sum of the capacity expansions over a number of
time-steps equal to the technology lifetime té. Since the installation of capacity is
state-dependent we have to take the right predecessor states to compute this sum.
By referring to dS,; s as the capacity expansion at state s’, the capacity S, s is
defined as:

t
Sq,i,s == Z dSq,i,s’- (35)

s'€C(s), ty€{ts—th ts}

Furthermore, no deconstruction is allowed over the lifetime of the conversion
technology:
dSyis > 0. (3.6)

Min/max capacity expansion: The increase in size has to be at least equal to
582’”” and at most equal to ds;"**:
652”1"2,]71-,3 < dSyis < 050" 2qs (3.7)

where the binary decision variable z,; s describes whether the capacity of the
conversion technology ¢ is expanded at the state s (z,;s = 1), or not (z,;s = 0).

A capacity expansion can happen multiple times during the lifetime of a plant,
but requires an amount of time steps te for conversion technology ¢q. This condition
is enforced with the following inequality:

t

Z Zq,i,s! S 1 (38)

s'€C(s), ty€{ts—ts,ts}

which imposes that only one expansion can happen during the expansion time g,
for the series of states that precede state s.

C Transport Technology Performance

Limited technology availability: The size of transport technology q € Q; is
bounded by the maximum potential installation s;fy at location ¢ at time ¢. For
all transport technologies g € Q;, for all connections ,7 € N, for all state s € S,
this is expressed as:

Coirs < 5357 (3.9)

- qvivts

with ¢, being the time step corresponding to state s.
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Input/output flows: The flow F, ;s of carrier ¢ through transport technology
q between nodes ¢ and ¢’ at state s is constrained by the installed size C,; # s and
its minimum operation load p™. If the technology is in operation (y,;s = 1) at
state s, the flow is subject to a lower bound value different from zero, otherwise is
constrained to zero independently of the installed capacity, when the technology is

not operating (y,.i.s = 0):
pglmyq,i,i’,soq,i,i’,s S Fc,q,i,i’,s S Cq,i,i’,syq,i,i’,s' (310)

Capacity expansion: Similarly to the conversion technologies, the installed
capacity of transport technology ¢ is expressed as sum of the capacity expansions
over all preceding states C(s), that were in the right time period relatively to the
technology lifetime tfl of the considered technology:

Coiits = Z dSkiit 1.5 (3.11)

S'€C(s), ty€{ts—th ts}

where we sum the capacity expansions.

Here too, no deconstruction is allowed over the lifetime of the transport tech-

nology; therefore,
dCyiv.s > 0. (3.12)

Min/max capacity expansion: The increase in size has to be at least equal to

532”” and at most equal to ds;"":

dsp " zgiars < dCqis < 087" 2qiir s (3.13)

where the binary decision variable z,; s describes whether the capacity of the
transport technology ¢ is expanded at the state s (2, s = 1), or not (2, = 0).

A capacity expansion can happen multiple times during the lifetime of a
technology, but requires an amount of time steps ¢{ for transport technology g.
This condition is enforced with the following inequality:

> Zgiits <1 (3.14)

s'€C(s), ty€{ts—15,ts}

which imposes that only one expansion can happen during the expansion time .
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D Carrier Availability

Depending on node, state, and scenario, the carrier availability can be limited.
This limitation is not described by an uncertain parameters and is thus time-
dependent. Therefore, for each node, state, the import U;; ; of carrier j in node ¢,
used in any technology in the node cannot exceed its maximum availability a;; .,
with t, € T being the time corresponding to state s in the state tree. The limited
availability of carrier j € £ in node i € N at state s is expressed as follows:

Uj,i,s S Qjit- (315)

3.4 Formal Declarations

In this section we detail out all declarations needed for the model: states, sets,
input parameters, input functions, decision parameters.

A State

A state defines both a time-step and a particular possible scenario for the evolution
of the system and parameters. The choices made at a state s will have an impact
in the time-steps that follow on all its successors .7(s). Almost all states also
possess a predecessor state, which defines the system in the previous time period
but also the decisions made there as part of the solution. We can go back in time
by successively taking the predecessor of each state until we arrive at state zero.
It is the only state that has no predecessor. This will draw a path in the state
tree with all the states that the system have been through to arrive at state s. We
define this set as €(s).

Figure (3.1) illustrates part of the tree of states. State 4 as two predecessors,
namely €'(4), i.e. states 0 and 1. It also has two successors, namely .7 (4), i.e.
states 9 and 10.

B Sets

The two tables below define all value sets necessary to formulate our model mathe-
matically.
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/ 36)

Figure 3.1: Tree of states with the set of successors .#(4) and the set of predecessors
% (4) for a particular state 4

Table 3.1: Main sets

Name Description Index notation
N nodes (setNodes) i
N. C N nodes that represent regions in the country 1
N, € N nodes that represent neighbouring countries 1
N, C N nodes that represent the possible import through 7

one port on the North Sea (only one node)

C energy carriers (setCarriers) c
T time periods (setTimeSteps) t
S state in the stochastic scenario tree (setStates) s
Q technologies q
Q, C @ hydrogen production technologies (setConversion- q
Technologies)
Q; C Q hydrogen transport technologies (setTransportTech- q
nologies)
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Table 3.2: Auxiliary sets - Note: Parentheses indicate a dependency of elements of
the set on elements of another set

Sets

Description

D((2]Q1), N)

(Qp, T ()

|

(D, T(Dy))
G(Qr, Q())

combination of technologies with nodes for conversion tech-
nologies and pairs of nodes (edges) for transport technologies
(setTechnologyLocation)

combination of technologies with the respective input carriers
(setInputCarriersTechs)

combination of technologies with the respective output carriers
(setOutputCarriersTechs)

combination of technologies with the respective carriers (set-
TransportCarriersTech)

input carriers of conversion and transport technologies (set-
InputCarriers)

output carriers of conversion and transport technologies (setOut-
putCarriers)

transport carriers of transport technologies (setTransportCarri-
ers)

dependent carriers of conversion and transport technology (set-
DependentCarriers)

reference carriers of conversion and transport technology (se-
tReferenceCarriers)

combination for each state and of all possible successor state in
time t+1 (for a state of time t) (setSuccessorStates)
combination for each state of all its predecessors (all state from
time 1 to the state in question, see figure 3.1) (setPredeces-
sorStates)

C Input Parameters

Our model includes a number of input parameters. Among those, 3 inputs have a
stochastic nature, are defined as probability distributions and models as sets of
scenarios - we note the space of possible scenarios €2. The sources of uncertainty in
the model are summarized below.

1. deis(w) : Demand for carriers

2. ugs(w) @ Import costs
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3. veis(w) : Export costs.

The table below formalizes all input parameters.

Table 3.3: Input parameters

Name Description

Domain

U. m.

Stoch.

dcis

Veis

demand of carrier c, at node i,
in the model state s (demand-
Carrier).

import price of carrier ¢, in node
i, at state s (importPriceCar-
rier).

export price of carrier ¢, in node
i, at state s (exportPriceCar-
rier).

R-i-

RJr

R-i-

MWh/yr

k€/MWh

k€/MWh

YES

YES

YES

Qeit

min

mazx
qit

(')‘Smin

(Ssmin

lqii’

Lqis!

availability of carrier ¢, at node
i, at time t (availabilityCarrier).
minimum load of conver-
sion/transport technology ¢
(minLoadConversion Technol-
0gy)

maximum capacity of conver-
sion/transport technology h in
node i (mazxPotentialCapacity)
minimum capacity allowed ca-
pacity expansion of conver-
sion/transport technology ¢
maximum capacity allowed ca-
pacity expansion of conver-
sion/transport technology q
Distance between node i and 4’
for transport technology q (dis-
tance).

halved cost per unit distance of
the nondirectional capacity con-
necting nodes i and i’ for trans-
port technology q (costPerDis-
tance)
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RJr

R & [0,1]

RJr

RJr

R-i-

MWh/yr

MW

MW

MW

km

EUR/km

NO

NO

NO

NO

NO

NO

NO



Mg halved maintenance cost of per R* EUR/(km yr) NO
unit distance of the nondirec-
tional capacity connecting nodes
i and i’ for transport technol-
ogy q (maintenanceCostPerDis-

tance)

kq loss coefficient per unit of dis- RT 1/km NO
tance for transport technology q
(lossFlow)

th lifetime of conversion/transport N yT NO

technology ¢ (lifetimeConver-
stonTechnology, lifetimeTrans-
portTechnology)
te expansion time required for N yr NO
conversion /transport technol-
ogy (expansionConversionTech-
nology, expansionTransportTech-

nology) q

Lqgi Maintenance cost of a technol- R* k€/MW NO
ogy q at node i.

ts Time corresponding to the state [0, H] yr NO
S

Ps Probability corresponding to the 0, 1] NO
state s

D Input (Non-Linear) Functions

Table 3.4: Input (non-linear) functions

Function Input Description Codomain U.m.
b 5:%’1"5’ function mapping the size of the R, EUR
q,t,S

conversion technology ¢ and the

planned new capacity to its instal-

lation cost (capex)

P.gis function mapping the output Ry EUR
stream of the conversion technol-

ogy q to its operational cost under

scenario s

N
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c Cyqiis, function mapping the size and Ry EUR
dCy;r.s, the distance between nodes of the
lg.ii transport technology ¢ to its instal-

lation cost (caper)

ol, Fjl’q’zi’z:/’s’ function mapping the flow and dis- R, EUR
i tance of the transport technology
q to its operational cost
Ng.e.c! Sq.irss function mapping the size, input R N[0, 1] -
Geqis, and output stream of conversion
Pjqis technology ¢ converting carrier ¢
to carrier ¢
fq Fcl’q’%’l:/’s’ function mapping the flow and RNJ[0,1] -
q,i,

transport distance of carrier ¢ with
transport technology ¢ between
node ¢ and ¢’ to the transport losses
(carrierLoss)

E Decision Parameters

Since the resolution of the parameters will imply different decisions as the system
goes through each time-step, all decision variables are state-dependent.

Table 3.5: Decision parameters

Variable Description Domain U. m.
Yqiivs scheduling of operation of conversion technology ~ {0,1} -

q at node ¢ and state s (selectConversionTech-

nology)
Zg.is expanding the capacity of conversion technology {0,1} -

q at node 7 and state s , subject to installation
time ¢/, (expandConversionTechnology)
Yagisil.s scheduling of operation for transport technology — {0,1} -
q from node i to node i’ at state s (selectTrans-
port Technology)
Zqiil.s expanding the capacity of transport technology {0,1} -
q from node i to node ¢’ at state s (ezpandTrans-
portTechnology)
Sqis capacity of conversion technology ¢ at node ¢ R, MW
and state q (capacity)
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Cq,i,i’,s
dSqis
qu,i,i’,s
Gc,q,i,s
€,q,%,8
Fc,q,i,i’,s
Uc,i,s

‘/c,i,s

capacity of transport technology ¢ from node
to node " at state s (capacity)

capacity increase of conversion technology ¢ at
node ¢ and state s (builtCapacity)

capacity increase of transport technology ¢ from
node i to node 4" at state s (builtCapacity)
input stream of carrier ¢ into conversion tech-
nology ¢ at node ¢ and state s (inputFlow)
output stream of carrier ¢ from conversion tech-
nology ¢ at node i and state s (outputFlow)
flow of carrier ¢ through transport technology ¢
from node i to node i’ and state s (carrierFlow)
import of carrier ¢ into node ¢ from the grid at
state s (importCarrierFlow)

export of carrier ¢ from node ¢ to the grid at
state s (ezportCarrierFlow)

MW

MW

MW h
yr

MW h
yr

MW h
yr

MWh
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Chapter 4

Belgian Case Study: Key
Dimensions and Design Choices

As introduced in the first chapter, this master thesis aims to apply stochastic
modeling to define optimal future hydrogen infrastructures at country or regional
level, and to test our developments on a case study, i.e. Belgium.

We propose to use a multi-stage, multi-scenario approach which allows to
tackle both the evolution of our network over time but also the different sources of
uncertainty in our model, namely the demand for carriers and their import prices.

The model defined in the previous chapter was kept generic on purpose. In the
next sections, we present the Belgian case study, key sources used to define model
parameters as well as our main design choices to implement the model.

4.1 Discrete Time Evolution

The time-steps of our multi-stage model are relatively large, i.e. around a decade
(H = {2022,2030, 2040, 2050}). We consider that new capacities are built during
the time comprised between two time-steps and become operational just at the
time-step directly following the one where the decision was made. Clearly, shorter
time-steps can easily be introduced in a second stage, to generate more precise
solutions (esp. from an industrial and construction point of view).

4.2 'Topography as a Network

The country, Belgium, and its neighbors are represented on figure 4.1. To keep
a reasonable level of complexity, we propose to consider the geocode standards
NUTS-2 and NUTS-0 from the Nomenclature of Territorial Units for Statistics of

the European Union.
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Figure 4.1: NUTS-2 Belgium

o Within Belgium, we use the province as the smallest geographic unit (we
could obviously consider large agglomerations or even municipalities in a
second stage, with the same model and implementation design): Brussels
(BE10), Antwerp (BE21), Limburg (BE22), East Flanders (BE23), Flemish
Brabant (BE24), West Flanders (BE25), Walloon Brabant (BE31), Hainaut
(BE32), Liege (BE33), Luxembourg (Belgium) (BE34), Namur (BE35).

» FEach of our neighboring countries is modeled as a single node aggregating all
the data (volumes and costs): France (FR), Germany (DE), the Netherlands
(NL)

« Finally, a fictitious point represents the connection to the rest of the world
by the North Sea (NS) and Belgian port capabilities.

The final network takes the form as presented in figure ?7. Each region has a
topographic position defined by its center. Distances used to compute the transport
costs between regions are euclidean distances between pairs of nodes.

There is in total 16 nodes in this network which means a potential of 120 edges
and lots of combinations to explore. To simplify the model and, later, reduce
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execution time to find optimal solutions, we propose to reduce the number of
edges. Indeed, directly connecting two distant regions is not practically feasible
and hence "long-stances edges’ will be eliminated upfront from the set of solutions
(otherwise, they would always be preferred). Practically available edges will be
directly specified as parameters for the solution. With this, we keep the network-
based approach for solutions while removing numerous variables and reducing the
resulting complexity.

4.3 Hydrogen Demand

Regarding carrier demand, we are mainly interested in hydrogen. For this reason,
the demand for other carriers will be set to 0 at all time. Once again, other carriers
could be treated by the model in a second stage to generate more realistic solutions,
at the expense of execution time to generate optimal solutions.

Our model considers an uncertain demand at each node. We will use an approxi-
mation of this demand provided in the Hydrogen Roadmap Europe [15]. Based on
inputs from "17 member companies active in hydrogen and fuel cell technologies",
this source provides for each region an estimation of the demand for different
scenarios. The most ambitious scenario corresponds to EU achieving the 2-degree
stabilisation target. In this situation, hydrogen represents 24% of the total energy
demand in Europe in 2050 (approx. 2,250 TWh). This demand estimation includes
applications for power generation and buffering, transportation, heating and power
for buildings, and industrial energy and feedstock needs.

Following the same idea, the demand will be addressed as percentage of total
demand. The demand is modeled as uniform distribution from the worst to the
best solution. We keep the idea of a global dynamics between successive states. If
a node has a lower (resp. higher) value than another node, the children of the first
node will also have a lower (resp. higher) value than the children of the other node
- see figure 4.2.

As for today, hydrogen represent only 2% of the total energy demand. For the
sake of simplification we will consider that we have to start from scratch: in the
initial state, the network does not have any production/transport capacity and
demand is null.
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Figure 4.2: Scenario approach of the hydrogen demand in term of percentage of
the total energy consumption

4.4 Hydrogen Production

Hydrogen is already used today in various sectors. However, it is mainly produced
with natural gas (through a technology called Steam Methane Reforming) or even
coal and other hydrocarbons. It is used in the fertilizer value chain, for example,
as key ingredient to produce ammonia. The main problem emerging from this
strategy is the emission of carbon dioxide.

In the solution presented, we are mainly interested on green hydrogen using
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electricity from green sources. We focus then on different types of electrolysis.

Electrolysis is a technology that produces hydrogen and oxygen form using electric
current and water (2H,0 + Electricity — 2Hs + O9 + heat). This technology is
already well developed and ready for large-scale industrial utilization. The most
widespread typologies of electrolysers are:

o Alkaline electrolyser (AEL) is the most mature. It uses electricity and water
to produce hydrogen, and rejects only oxygen.

« Proton Exchange Membrane Electrolyser (PEMEL) is just a variation of the
Alkaline technology but is more adapted for small capacities because it was
historically used in that way. It produce slightly purer hydrogen

« Solid Oxide Electrolyser (SOE) is not mature yet but seems very promising.

Our model is able to handle multiple technologies for production and transport,
letting to the solver the choice of most judicious to use. However each technology
added to the model comes at a certain computational cost. For these reasons our
analysis will focus on the most promising of the already existing technologies, i.e.
Alkaline Electrolyser. Its lifetime is around 10 years, i.e. the same time as our
design time-steps. We can thus keep in mind that between time-steps, we can
upgrade the technology to more efficient ones.

The cost of production of electrolysis is dominated by the cost of electricity.
CAPEX costs and performance are well known and can be found in literature (see
e.g. [26],[30]). We will use those estimations.

4.5 Hydrogen Transport

Hydrogen is a fuel, but its transport is still subject to lot of discussions. Under
standard condition of pressure and temperature, it has a lower density than other
fuels in the market and it requires low temperature to be kept liquid which induces
a certain energy loss. Different strategies are under investigation. It is for example
possible to transform the hydrogen into another carrier to transport it more easily.

Methanol is one possible option. It is liquid in atmospheric conditions and benefits
from already widespread infrastructures and a more advanced knowledge. Methane
is yet another solution, widespread as well, and is produced using exothermic
reaction aptly called methanation. Methane has a low boiling temperature and
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could then be easier to be kept liquid. However, these two options share the same
problem: they are not carbon free. Moreover, their potential impact on climate
would then contradict the initial objective of the study.

Ammonia is another possibility that could allows an easier transportation. While
it is carbon-free with a moderate boiling temperature, ammonia is highly toxic and
has no direct usage. The transformations technologies are unfortunately not at
maturity yet.

One last alternative would be to use Liquid Organic Hydrogen Carriers (LOHC).
They are liquid at ambient conditions, cost effective, safe and non-toxic.

The transformation of one product into another means a loss of energy and a
supplementary cost that should be addressed when comparisons are made. Following
the literature in the field (see e.g. [25]), "for short import and distribution distances,
compressed hydrogen (CGH2) pipeline - truck transport with cavern storage is the
most feasible option". As our case study focuses on Belgium and that relatively
small distances are used, those are thus the two technologies that we will consider.
Long range maritime shipping will be used only for the node connecting our network
to the international trade but we do not have to worry about this part now and we
can consider that the hydrogen will be put in the same form of our network upon
disembarkation.

Costs for the different transport means that we have selected can be found in
the literature (see e.g. [11], with costs estimates in €/(MW km)). Key values are
presented in table 4.1. Moreover, once a pipeline is built, it makes no sens that one
could just add small additional capacities. To address this constraint, any capacity
addition will have to be higher than a predefined minimum value.

Technology CAPEX OPEX | Lifetime | ds;""
[€/(MW km)| | [€/MW] [yr] [MW]
pipeline 82-10° |16-10° 50 1.6
train 6-103 3.2.-1077 10 1.6
truck 13-103 1.6-1075 40 3.6 -10

Table 4.1: Transportation costs, lifetimes and minimum additional capacities
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4.6 Electricity Market

The main cost of operating electrolysis technology, as mentioned above, is the
cost of the electricity required for the hydrogen production. For the case study, we
are going to follow this logic and set the opex of maintaining the technology to
zero in order to focus only on the electric costs. According to European statistics
[10], the cost of electricity in Belgium in April 2022 was 0.14 €/kWh for non-
household consumers. For the neighbouring countries, the value was : 0.14 €/kWh
in Germany, 0.12 €/kWh in the Netherlands and 0.10 €/kWh in France.

Electricity prices for non-household consumers, second half 2021
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Figure 4.3: Electricity prices for non-household consumers in Europe [10]

While we have estimates of future values of hydrogen demand, we only possess
current values for the prices to buy electricity on the market. To generate a tree
of scenarios, we will use the same method than for the demand, with a set of
equiprobable values between two bounds. Since we do not have information on the
future electric market, we decided to take very high and very low value as bounds
to highlight its impact on the solution.
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We note as a reminder that we are only interested in the market of green
electricity, given that we want to produce green hydrogen. As already highlighted
in the introduction, not all regions have the same potential to generate green
electricity. In our case, we have to take into account the availability of green
electricity for all the nodes of our graphs. We will consider that we can import from
a node a maximum amount of green electricity defined as the maximum possible
production of green energy minus the consumption of the node in energy. It would
indeed make no sens to use green energy for hydrogen production and not having
enough green electricity for the local needs. By those computation we obtained the
following numbers [11] : France (with a maximum green electric potential of 917.1
TWh), the Netherlands (142.2 TWh), Germany (200.3 TWh), Luxembourg (0.0
TWh) and Belgium (0.0 TWh).

However, these values are not a good representation of the green electricity
available as regions of Belgium are deeply integrated in the European electric
market. We will consider a 'copper plate’ assumption which means that electricity
is available at any node with the Belgian price of 0.14 €/kWh. This is the same
value taken by Gabrielli on his case study of hydrogen for the Swiss network [11]
which serves as basis for other parameters we use. We will discuss the impact of
these assumptions in the Results chapter.

4.7 Hydrogen Import

In order to represent the uncertainty regarding hydrogen import prices, we use
the same scenario approach as for the demand. In [9], hydrogen import costs are
predicted to range between 65 and 90 €/MWh by 2030-2035 and potentially down
to 55-75 €/MWh by 2050. These ranges are sometimes considered optimistic,
hence we propose to use wider intervals in our scenarios, as illustrated in figure 4.4.

We note that the case study focuses on Belgium. As Belgium is a relatively small
market, we will consider that the international market represents a potentially
infinite source of hydrogen.

4.8 Trees of Scenarios - Uncertainty Combina-
tions

To start with, we will work with two sources of uncertainty: hydrogen price and
demand. We will not consider that their variations are directly correlated. For
each of the two values we consider three possible next states. By combining the
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Figure 4.4: Scenario approach of the import cost of hydrogen [€/MWh]

two, we get 9 possible child states. In this example, the price of electricity is kept
constant and only the price and demand of hydrogen are uncertain.

In a second stage, we will use all three uncertainty parameters: hydrogen price,

demand and electricity price. For each of those we will consider 2 scenarios which
make 8 possible scenarios in total. The combinations of values are given in figure 4.5.
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Figure 4.5: Scenario approach for all the uncertain parameters with their values
along the state tree in the first three periods

4.9 Implementation Choices

In this section we present the design structure of our optimization model. Broadly
speaking, the problem is divided in three blocks. The interactions between the
different blocks is illustrated in figure 4.6.

First, as explained in the previous section, trees of possible scenarios are gen-

erated by our first block. These trees are then submitted to the 2-level iterative
algorithm, to find optimal solutions. A first part of the decision variables are
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Figure 4.6: Meta-heuristic structure

handled by the Ant-Colony meta-heuristic (second block or "upper" level). At each
iteration, the algorithm creates a certain number k of incomplete solutions, each
containing values for these decision variables. The other part of the solution is
build by a classic solver (third block or "lower" level), using the decision variables
provided by the master as constants. The two solutions combined give the total
corresponding cost, that is used by the Ant-Colony algorithm to update and rank
its archive of best solutions evaluated this far. The archive is then used to create
the new solutions for the next iteration.

The solution we have build is based on an existing "upper"' level, i.e. a generic
Ant-Colony meta-heuristic aimed to solve a range of supply chain planning problems.
Specifically, the contribution of this master thesis was to develop the first and third
blocks to solve the hydrogen case study: generate feasible trees of scenarios taking
all dimensions of the problem into account (first block), develop a fit-for-purpose
solver the Ant-Colony algorithm can call to generate optimal solutions (third block).

The code developed is open and generic. It allows to handle different types of
variables (linear / not, discrete / continuous), constraints and objective functions.
The Ant-Colony meta-heuristic can be turned on and off in function of the com-
plexity of the problem to solve and the execution time required. Different solvers
can also be used in the "lower" level. We have chosen to use the commercial solver
gurobi, for our development.
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In the next chapter, we will analyze the results of our experimentation using
this approach and algorithm.
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Chapter 5

Results

In the previous chapters, we have defined with precision our problem, our model,
the case study and the related implementation design choices including the algo-
rithm used. In this chapter, we present the results of our approach on the case study.

We start with a short introduction to the experimentation plan and the way
we propose to represent solutions graphically. We then assess solutions found for
a simplified version of the model and 4 families of variations: key constraints are
added to the base case and their respective impact on solutions are discussed. We
follow with an assessment of the time complexity of the algorithm. Finally, we
discuss the approach: its benefits but also its limitations, should we want to tackle
increasingly more complex (real) problems.

5.1 Experimentation Plan and Graphical Repre-
sentation of Solutions

Base case and variations. In the following sections, we will analyze the results of
our approach on a base case and 4 families of variations of constraints / parameters:

o Base case: In this first case we allow the algorithm to create production
capacities of any size including very small ones, i.e. kW by kW and we also
do not penalize the network for light loading of installed capacities

o Variation 1: We assess the impact of adding constraints on production
capacities and utilization factors

o Variation 2: We look at the effect of uncertainty on the cost of electricity
imports
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o Variation 3: We analyze the implications of shifting from uniform to biased
probability distributions for some parameters such as demand scenarios

« Variation 4 : We look at the effect of allowing broader ranges of values for
the hydrogen import cost.

Trees of states and scenarios. A solution returned by our algorithm is an
optimal design of the network for all possible states of the system. It is impor-
tant to remind that our approach is multi-stage, multi-scenario. This means
that each state corresponds to a specific design of the network. Each of these
states results from the decisions made during the previous states / past time-steps,
e.g. the network in 2050 results from decisions made at time-steps 2020, 2030
and 2040. It also means that the solution should at each state find an optimal
design to serve a future demand, starting from an already existing network, re-
sulting from past decisions, and using the new information available at that time.
The structure of the multistage allows us to model this progressive information flow.

Let’s consider the following example: At time 1, we do not know anything
except that the demand should range between 4% and 6% in time 2 and between
6% and 15% in time 3. If we are in the case where the demand is 4% after the first
time-step, then we know that the demand in the second time-step will be between
6% and 10.5%. On the contrary, if the demand in time 2 is 6%, then it will range
between 10.5% and 15% in time 3. The values of the parameters follow a certain
trend as time progresses.

For this reason, even if the two states start with the same network at time 1,
the decision made in the state of time 2 are not the same since they have to prepare
for different demand thresholds that will arise in time 3. This observation holds
for all uncertainty parameters and not just for the hydrogen demand.

It is important to note that this is a key design choice of our model. Indeed,
making all scenarios for a next time-step possible regardless of the current state
would make the multi-stage useless: there would be only one network design by
time-step since the uncertainty would not decrease as time progresses. The situation
would indeed be the same for each state of the same period since they would have
the same base network design and expectation for the future.

In our general model, the main decisions are the size and location of the pro-

duction capacities as well as the pipeline and other transport modes to install. The
tree in figure 5.1 represents how the states succeed to each other and shows the
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evolution of the uncertainty parameters.

4%

4%

4%

5%

0% & 0 5%

5%

6%

6%

6%

65

80

95

65

80

95

65

80

95

sl gl gl sl el sl el sl sk ol sl sl sl sl ol sl sl ’al el ol sl ol sl sl " sl sl ol sk sl sl sl ol sl ok ‘sl sl sl sl ol sl sl sl sl ol sk ok ‘sl sk ok el ok ‘sl sl sl sk ol sl sk sl sl ol sl 2k sl sl sl ek o) sl 2l sl sl sl sl 2l sl sl sl sk 2l o}

Figure 5.1: Import cost and demand of hydrogen by state, deployment of the

uncertainty along the state tree

The first set of important decisions will be made at time 1 and the resulting
design will thus be the same for all the states at time 2. However, when arriving
a those states we gain new knowledge that the solution will use to upgrade the
network adequately. In time 3, there are thus as many different designs as the

number of states in time 2.
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Graphical representations of solutions. In order to present the solutions we
will draw the resulting networks at different key states, with the installed capacities
of transport and production. The nodes of the graph are the different regions of
Belgium, a node for the North Sea import, and also one node for each neighbouring
country. The edges represent the installed pipelines and other transport modes
to link those regions. The size of each element in the graph is proportional to its
size in term of kW. Thus more capacity means bigger nodes and thicker edges.
For the values usually given in kW h/yr we divide them by the time in one year to
compare them with the capacities that are already given in kW, as if the network
was working without interruption at constant rate.

To ease the readability of the graphs, the following color codes will be observed
: Blue correspond to the production of hydrogen, Green to import of hydrogen,
Red to exports, and Orange to demand.

We will see that the capacities installed in the solutions are not always used
at their maximum potential. Indeed, the actual production and transport load
follow the demand at a particular state and it is common that certain capacities
are installed to handle the scenarios with higher demand. The capacity loading of
the pipeline is noted as percentage directly on the graph of the network. For the
production capacity, finally, the percentage is given next to the id of the node.

5.2 Base Case: Unconstrained Capacity and Uti-
lization

Our first experiment is a theoretical case in which we allow the algorithm to build
"granular" production capacity as required, implicitly assuming no scale effects,
and to under-utilize capacities once installed, assuming that most costs would
be variable. Whereas these two aspects do not match the economic reality, the
experiment allows us to test the algorithm in simple conditions.

In figure 5.2, one can see the resulting network solution of the algorithm at time
2 (2030). In this solution the bigger nodes with high demand are kept isolated
since they face a high enough demand and they are too far from the imported
hydrogen source NS. In the case of lower demand, the production facilities are used
only at 66%. On the contrary, the smaller nodes (BE21, BE32, BE33) are closer to
the source of imported hydrogen which makes this option cheaper in comparison
to local production.
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Hydrogen demand : 4% | Hydrogen price : 65.0€/MWh | Electricity price : 140.0€/MWh
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Figure 5.2: Base case: Solution network design at time 2 (2030) + capacity
utilisation for state 1 (Low demand and Low cost)

5.3 Variation 1: Capacity Concentration and Uti-
lization Factor

We will first try to add specific values for parameters minBuildCapacity and
minload. The former one will constrain the way we build production capacities. It
indeed makes more sense to build electrolysers of a certain minimum size vs kilowatt
by kilowatt. Even if it is technically possible to develop smaller production sites,
economies of scale make the installation cost non-linear. Note however that for
higher capacity values, the cost is quasi-linear. Working with a capacity threshold
is aligned with our decision to linearize the CAPEX. Lower numbers would not
have been used by the solution anyway since they are less efficient.
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When new capacities are installed, they thus have to reach a certain amount
defined by the parameter minBuildCapacity. This will create a reaction of the
model linked to another important parameter called minload. With this one, we
constrain our facilities to be used at least at minload% of their maximal capacity.
In our example, the demand after the first time-steps is not high enough. If we
build at least minBuildCapacity capacity at each node presenting a demand, our
production surpasses the needs and the network is forced to export the surplus
with a negative financial impact (given unbalance between total production cost
and export price). In this case the solution starts to concentrate the production in
certain regions, those with higher demand, and use the transport technology to
connect those producing nodes to the other ones.

To illustrate this, we run the algorithm with the following values :
minBuildCapacity is set to 10, minload is set to 80%.

The solution is different from the base case as all the nodes are now indirectly
connected as shown in figure 5.3. Pipelines are built but only to be used in the case
of lower demand. They are connecting NL, DE and FR to the rest of the network. This
could seems unsettling. In fact, the capacity installed depends on the high demand
case. The load then reaches 100%. However, in the lower demand scenarios, the
production is so high because of the 80% minLoad, that it has to supply the demand
of BE21, BE32 and BE33 to get rid of its surplus. In the same way, other pipelines
are used for high demand scenarios. Indeed, in those scenarios the production of
neighbouring countries is kept to handle local demand and the Belgian regions
have to rely on the North Sea import. In order to handle those two situations, the
algorithm builds the pipelines for the two options at time 1, even at the risk of never
using them. The solution is bimodal for each Belgian node with the product com-
ing from one side for low demand scenarios and from another side in higher demand.

Note that the variation of the demand is expressed in percentage of the total
demand. This means that nodes with higher absolute demand suffer from higher
variations. Node DE can supply itself in the worst case. However, it produces
way too much with the 80% minimum loading we fixed. In addition to the new
pipeline to BE33, hence the solution given by the algorithm exports part of the
surplus. It will not share it with the rest of the nodes that have to be supplied
using other ways. This suggests that the cost required to allow the network to
efficiently dispatch this overproduction is too high compared to the loss caused by
exporting hydrogen.
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Figure 5.3: Variation 1: Solution network design at time 2 (2030) + capacity
utilisation for state 1 (Low demand and Low cost) with minBuildCapacity = 10
and minLoad = 80%

We now apply the same strategy for 2030 to 2040 and for 2040 to 2050. The
design is the same even if the numbers are not the same as the network has already
been through two adaption phases after its initial design. The final network (2050)
is given in figure 5.4 - high demand case where we see that the situation in time 4
is similar to time 1, with certain pipelines not loaded at all.

Figure 5.5 shows the low demand case in time 4, too, with a similar structure
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State 84 (t = 2050) Investment : 235.364Md€
Hydrogen demand : 24% | Hydrogen price : 75.0€/MWh | Electricity price : 140.0€/MWh
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Figure 5.4: Variation 1: Resulting network design at time 4 (2050) + capacity
utilisation for state 84 (Highest demand and Highest cost) with minBuildCapacity
= 10 and minLoad = 80%

of solution.

The two uncertainty parameters we worked with to produce the previous results
were the hydrogen demand and the hydrogen cost. If we plot the distribution of
the final cost for all possible scenarios in 2050, the total cost follows the same trend
as the demand (see figures 5.6 and 5.7). Indeed, most of the cost in this example
comes from imports of product and because those are chosen after solving sources
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State 21 (t = 2050) Investment : 79.452Md€
Hydrogen demand : 8% | Hydrogen price : 55.0€/MWh | Electricity price : 140.0€/MWh
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Figure 5.5: Variation 1: Resulting network design at time 4 (2050) + capacity
utilisation for state 21 (Lowest demand and Lowest cost) with minBuildCapacity
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of uncertainty the cost will generally be adapted.

Moreover we can see in figure 5.8 that most of the production comes from local
capacities. Thus most of the cost comes from imported electricity which explains
the little influence of the hydrogen import cost variation. Note that the quantity
of imported hydrogen increases for higher state (those in time 3 and 4) simply
because the total demand increases. One could be tempted to advance the price of
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Figure 5.7: Cumulative cost
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sible sequence of scenarios with
minBuildCapacity = 10 and
minLoad = 80%

hydrogen will slowly decrease while the cost of electricity could remain the same
or even increase. The cost of one unit of imported hydrogen at a particular node
would be the cost of import plus the cost of transport for this unit from NS. If
imported hydrogen would really become cheaper than local production, the switch
would be total as transport costs are linear with capacity. All hydrogen for that
node would end up being imported.

The excepted total cost goes from 2,157 Md € for the base case to 3,208 Md
€ for this example. The increase in total cost between the two situations is 1,051
Md €. This is thus a non-negligible amount since this is a strong constraint to
impose to our network.

5.4 Variation 2: Uncertainty in Cost of Electric-
ity Import

Until now, we have only considered uncertainty on hydrogen demand and hydrogen
cost. There was however in our case study another uncertainty source, namely
the cost of buying the electricity necessary for the hydrogen production in our
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Figure 5.8: Comparison between the amount of hydrogen that is imported vs
produced directly on the network

production facilities.

From the tests conducted with the three uncertain variables at the same time
(hydrogen costs and demands as well as electricity costs 4.5), it seems that the
algorithm still finds the same network design solutions. The smaller nodes are
connected both to the North Sea and to the neighbouring countries and receive
mainly from one of the two paths depending on particular demand realisation
scenarios.

The system adapts mostly to the demand more than the cost. However, in
the "Variation 4" section below, we will trigger a response of the algorithm by
increasing the relative difference of costs between imported and produced hydrogen,
by playing on the costs of hydrogen.

5.5 Variation 3: Biased Probability Distribution

Until now we have always considered that all scenarios had the same probability. In
the previous chapter we explained that the possible values will be generated using
discrete 'steps’ or ranges. For example, we consider based on the literature that hy-
drogen demand should range between 8% and 24% in 2050. As shown before, upper
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and lower bounds have more influence on the resulting solutions than intermedi-
ate values, hence generating numerous scenarios between them is not very insightful.

Here, we are modifying the probabilities of scenario. For instance, we define a
set of scenarios with very biased probabilities: the demand will be low only in 10%
of the cases and at its highest in the remaining 90%.

In the solution found by the algorithm (see figure 5.9)), the nodes FR and DE
are not linked to the rest of the network like before (see figure 5.3). Those were
indeed connected to the rest of the network to share their surplus of production
when the demand ended up being low. Now the case of low demand is much less
likely, the loss caused by the surplus of production has less impact on the objective
function and the introduction of new pipelines to handle these events is not worth
anymore. Indeed pipelines have to be build in time 1 and since they are useless
when demand is high, they are useless in 90% of the case.

5.6 Variation 4 : Large Variation in Hydrogen
Import Costs

As observed in the previous examples, the imported hydrogen is cost-competitive
compared to local production. We did however base those runs on the most opti-
mistic forecast for the hydrogen costs (5.1). In this last example we will consider
a case with larger variations. We will also remove completely the constraint on
production loading.

The solution starts with the same design as in time-step 2 of the base case
solution. It will continue on the same path when the hydrogen cost follows the
prevision and the price continues to decrease. On the contrary when the hydrogen
price is at its peak at time 2, the network will undergo new developments.

The results show that new production capacities have been installed in BE25 and
BE21. However, when the price decreases between period 2 and 3 (see figure 5.10),
the network will decide to continue to rely on import, letting unused those new
production capacities. On the contrary, when the price of hydrogen continues to
increase and reaches new heights in state 12, then import is completely abandoned
to rely only on local production since it is now the cheapest option (see figure 5.11).

This choice of node BE25 as new production facility is not trivial. The network is
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State 1 (t = 2030)
Hydrogen demand : 4% | Hydrogen price : 65.0€/MWh | Investment : 47.526Md€
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Figure 5.9: Variation 3: Solution network design at time 2 (2030) + capacity
utilisation for state 1 (Low demand and Low cost) with biased probability

already organised around this node as it is a forced passage for imported hydrogen
coming from NS to enter the rest of the network. The production in BE25 can then
be distributed to the rest of the network using the same pipelines.
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State 9 (t = 2040) Investment: 62.827Md€
Hydrogen demand : 6% | Hydrogen price : 220.0€/MWh | Electricity price : 140.0€/MWh
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Figure 5.10: Variation 4: Resulting network design at time 3 (2040) + capacity
utilisation for state 9 (Low demand and Low cost) with large variation in hydrogen
import costs

5.7 Complexity Analysis

In this short section, we discuss the time complexity of our algorithm.
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State 12 (t = 2040) Investment : 95.848Md€
Hydrogen demand : 9% | Hydrogen price : 300.0€/MWh | Electricity price : 140.0€/MWh
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Figure 5.11: Variation 4: Resulting network design at time 3 (2040)+ capacity
utilisation for state 12 (High demand and High cost) with large variation in hydrogen
import costs

A Impact of Number of Uncertainty Parameters

In the previous section we have analyzed a base case model and variations of our
constraints and parameters. Clearly, adding multiple scenarios together leads to an
exponential increase of the number of states to consider with clear implications on
the total time to find optimal solutions.
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The number of possible scenarios depends on the number of uncertainty pa-
rameters u and the number of possible scenarios for each parameter v. The total
number of scenarios is thus equal to the number of possible combinations of future
realisation for all parameters: v*.

At time 1 corresponds only one state, which is the initial state. There is no
uncertainty there yet. At the first time-step, we have a number of states equal to
the number of evolution scenarios s.. Each of these states will also give a number
equal to the number of evolution scenarios in the second time-step. The total
number of state is thus given by:

Sl= Y st= Y

te[1,|HI] te[l,|Hl]

As shown in figure 5.12, introducing a third uncertainty parameters already
drastically increases the number of states.

Number of states of the model for increasing number of time-steps

200007 1 uncertain var.
17500 2 uncertain var.
—— 3 uncertain var.
15000
i
= 12500
i
'5 10000
)
E 7500
=
=
5000
2500
o
0.0 05 10 15 20 25 30

Number time-steps

Figure 5.12: Comparison of the complexity in term of number of state of the model
for different number of uncertain variable

B Linear Case (MILP)

To solve the problem we constructed a MILP model that is solved using the gurobi
solver. The solver uses the simplex heuristic. When the algorithm does not find
a solution in the first 200 sec, it will usually continue to run without significant
improvement for potentially long time before converging. For easier two-stage cases,
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|H| = Nb. Periods 2 3 4
Nb. States 9 73 585
Nb. Continuous Variable 4791 38839 311223
Nb. Integer Variable (binary) 1107 8979 71955
Presolve Nb. Continuous Variable 874 7866 63802
Presolve Nb. Integer Variable (binary) | 56 504 4088
Presolve Nb. Constraints 66 594 4818
Solving time [sec] ~1 ~1 76

Table 5.1: Evolution of the complexity of the problem with the number of periods
H

the algorithm takes only a couple of seconds.

The time complexity to find a solution is mainly dependent on the problem
complexity more than its size even if the size can be a good proxy. Indeed, certain
parameters can lead to large variations of computing time for different input values.

In order to gain more insight on the evolution of the problem complexity as
the number of states increases, table 5.1 shows the evolution of complexity for 2
possible outcomes and 3 variables.

Because of the problem’s structure, the complexity of the model increases
exponentially with the number of periods |H|. The model has at each state a whole
set of decisions to make. The number of states depends on both the number of
scenarios and the number of time-steps we want to consider.

C Non-Linear Case (MINLP)

At each iteration of the meta-heuristic solver, a number k& of new solutions are built
using the solution archive. For each of those k incomplete solutions, their ’quality’
needs to be assessed. We do that by calling a ’slave’ algorithm inspired from the
initial linear version, which will solve the same problem but with some variables
replaced by parameters. Those are the variables handled by the meta-heuristic and
for which values are contained in the archive.

The increase of complexity of the problem has two implications on the execution

time. When the number of states in the problem increases the complexity of the
slave problem will also increase (see figure 5.13). More states also means more
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Figure 5.13: Evolution of the execution time for the slave algorithm with increasing
number of state in the model

variables and this number will have an impact on the convergence speed of the
main loop. Indeed the number of iterations to have the same precision will be
higher if there are more variables to tune by the algorithm.

The run-time of the meta-heuristic is mainly determined by those calls to the
slave algorithm. We can thus compute how the execution time will increase as the
number of states of the problem increases:

Temec = kants “Tegec it.

For a classic case with around 100 ants and 40 states, the formula gives
T =100-73-1000 = 7.3 - 105sec for 1000 iterations. This correspond to 2027 hours
or 84 days.

D Trade-Off: Number of Scenarios vs Precision

As we have seen, the complexity of the model is rapidly very high due to the
multi-stage approach. However, this execution complexity does not always come
with significant improvement of the solution.

From our experiments, it turns out that the results using larger scenario trees
with more possible scenarios for each uncertainty parameter are sensibly the same.
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Most of the time, increasing the precision with the number of scenario does not
create any real variation in the solution. The optimal solution found is mainly
influenced by the upper and lower bounds and thus the two extreme scenarios. The
decisions are mostly guided by the constraints and if the network can handle those
scenarios, it can handle any scenario in between, without exploring all combinations.
Our model definition allows a certain flexibility in how we use installed capacities.

For this reason, we used simplified scenario trees to produce the results of
sections 5.4 to 5.6: only 2 branches at each state instead of 3 for each variable. This
indeed drastically reduces the time complexity and allows us to work on problem
with more periods, while keeping solutions very close to the ones with more scenarios.

5.8 Assessment of Our Approach and Results

The algorithm developed finds optimal solutions for the base case as well as for a
number of variations we introduced to make the model closer to real cases. The
basic objective of our work has thus been achieved. However, the model suffers
from limitations we are covering in this section, and could inspire future work.

First our model is of "brute-force' type, as we create a potentially large set of
scenarios and calculate an optimal result by assessing all scenarios at the same
time. This method is computationally heavy, as we have seen. On the one hand,
the models we were able to run were not yet realistic enough - a number of con-
straints and parameters could be added to get closer to reality, at the expense of
an explosion of complexity and execution time. On the other hand, this execution
time is not a severe issue as our goal is to define a long-term industrial plan and not
to optimize a network with real-time changes of constraint and parameters; even
a couple of hours / days of calculation time might still be acceptable in this context.

Second, the two main sources of costs in our model are the CAPEX and the cost
of importing the material, where the latter largely surpasses the former. However
we defined the decision of import as second stage variable since we wanted to keep
the balance constraint tight. This is the reason why the solution is quite simple
in the first base case example. However there are links between the imports of
carriers and some decisions taken thanks to parameters such as minLoad. Indeed
this forces the model to use our capacity and to force an important cost if the
network was not well designed. What stands out is the tendency for the algorithm
to dodge any surplus of production that would force him to export.
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Third, the current algorithm does not take into account the gain of remaining
production and transport capacity at the end of the simulation. All production
and transport elements have a defined lifetime. When we minimize the cost, we do
it with the CAPEX, the OPEX and the import costs at the same time. The total
cost we minimize is only over a predefined set of time periods. However the real
consumption and usage of the network could potentially continue after the last
time-step of the simulation. If those additional time-steps were taken into account,
the optimal decision could be different, with more investment into long-lifetime,
potentially more expensive technologies that could continue to serve in the future.

Fourth, a big advantage of working with multi-stage is to see the solutions
adapt to the scenarios as time progresses and uncertainty unveils at each successive
state. We observe that the model indeed adapts to new demand estimations and
create robust final networks to face diverse scenario trees. However, the solution
given by the algorithm does not present this particularity for some uncertainty
parameters such as cost values. It seems indeed that their variation ranges have to
be very large to create new solutions. The objective function could be modified to
give a higher weight to even small cost changes, should this dimensions become
more important.

Finally, as partly explained here above already, at this stage, our algorithm does
not add significant precision to the solutions generated by adding time-steps or
multiplying scenarios. To add significant precision, and thereby generating closer
to real-life solutions in reasonable time, we could optimize our algorithm or even
revise the underlying implementation concept itself.

66



Chapter 6

Conclusion

In a context of acceleration of efforts to decarbonize economies across the world,
and assuming that hydrogen will play a central role in the next decades, this master
thesis aimed to develop an approach to optimize the future hydrogen production-
distribution system of a geographic region, while taking into account major sources
of uncertainty in the long-term evolution of the system, and to apply / test this
development on a case study: Belgium.

Hydrogen Supply Chain models have steadily grown in complexity over the
years. The models tend to incorporate more and more the different elements of the
value chain from production to distribution. However, the uncertainty inherent to
this type of problem, was too often overlooked or simplified to its most optimistic
behavior. Recent work on the subject has pointed to metaheuristics as possible
solutions to more effectively address these complex models.

More specifically, we wanted to define optimal hydrogen production-distribution
networks for the next decades (2030, 2040, 2050), taking into account probability
distributions for key parameters such as hydrogen demand but also hydrogen
import/export or electricity prices.

To get there, we leveraged a two-level algorithm with a meta-heuristic (here,
the Ant-Colony) embedding classic solvers, the "upper' layer taking care of part of
the variables while the "lower" layer focusing on other variables.

The solutions produced by our model, show that the most optimistic situations
would offer very competitive prices for imported hydrogen compare to local produc-
tion. However, relying uniquely on this solution could potentially backfire in worst
cases. Depending on certain key parameters that regulate production facilities, the
cost of security and robustness could be significant. Finally, the best locations for

67



local production would match the locations of import sources, to allow an efficient
switch of the network from one type of product to the other.

With our approach, a solution of the problem contains all decisions made at
all times and for all scenarios of our state tree. Our solution contains thus a
huge number of variables compared to the deterministic case. Moreover, in the
mathematical space in which our solution is defined, most of the values do not
respect the constraints of our problem. Among the solutions produced by the
Ant-Colony, most turn out to be unfeasible. It means that it is extremely difficult
(and long) for the Ant-Colony to navigate in the space of solutions. Since most
solutions are unfeasible, the algorithm iterates during a long time without progress-
ing enough. This is true even for smaller problems where the simple MILP solver
can find a solution more efficiently. Let’s not forget however that we are interested
here in long-term planning and that one solution only needs to be found when
we want to build new capacity (we are not trying to solve a real-time problem).
Under the assumption of our model this would be every ten year. Using the
metaheuristic is fully justified for complex problems that would be practically un-
solvable with the classic MILP solver, whereas it is less so in our (simple) case study.

Based on our work, we see a number of paths one could explore to enhance the
approach followed.

First, as the chosen strategy creates a space of solutions that is difficult to
navigate for the Ant-Colony, one could enhance the way potential solutions are
generated outside of the metaheuristic itself, to save iteration time. In complement,
one could also optimize the search space / data structures / code of the Ant-Colony
to decrease its execution complexity.

A Second option could be to test or revisit other families of evolutionary algo-
rithms, such as genetic algorithms or simulated annealing. Several research papers
exploit genetic algorithms, for example, with positive results.

A third option would be to modify (simplify) the solution space to better apply
to the metaheuristic capabilities. Several improvements could indeed be made here.
Infrastructure usually do not stay fixed during long period and will be adapted
in regard of the evolution of the system. The choice of the multi-stage allows to
model this. It takes into account that different decisions will be made at different
time periods in the future, to adapt progressively to the information arrival flow.
It is however harder to handle than a simpler multi-period which corresponds more
to the metaheuristic.
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A fourth option would be work on the model of the problem itself. We have
indeed presented that the metaheuristic struggles as most of the solutions in the
search space are unfeasible. One would gain to express more of the problem con-
straints as objectives to minimize.

The current solution considers imports and exports as "second stage" variables
since they are decided after the revelation of the uncertainty parameters. This
allows the model to assure tight balance constraint. However the way we model
imports and exports is not a fair representation of reality where decisions have to
be set in advance through binding, multi-year contracts. Hence, an improvement
avenue would be to introduce the notion of contract between countries or regions
with e.g. predefined import/export capacities, down payments at contract set up,
take-or-pay volumes and penalties throughout contract duration, and setting these
as "first-stage" variables.

As we have shown in this report, the case of Belgium is relatively simple, with a
small number of nodes with demand, availability of carriers or production capacity.
Nevertheless, this simple case has allowed us to develop and test the model, and
to identify improvement opportunities. The tool developed this far is open and
offers the potential to introduce new features such as more nodes / subregions, new
technologies, additional transport modes, physical constraints, ... In particular, to
reflect geopolitical alliances which will have to take place above country-level in
the coming years, it will be key to extend the model and cover a larger part of
Europe with new / differentiated imports beyond our neighbors or the North Sea,
such as pipelines from North Africa, different types of shipments from the Middle
East or other regions, etc. Clearly, the approach we have undertaken in this master
thesis still offers a lot of room for new work, ideas and improvements. We hope
that our results and questions will inspire more research to tackle the challenges of
Hydrogen Supply Chain.
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