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Abstract

This work analyses optimal pathways towards a sustainable energy system by 2050 in Belgium. The energy
pathway model EnergyScope Pathway is used to optimise the Belgium energy transition. This work improved
this model to start the transition from 2020 and model the transition more realistically. With this model, the
optimal Belgium energy transition for four scenarios are analysed to understand how to transit towards energy
sustainability and how Belgium could adapt in different contexts. For example, the nuclear phase-out in
Belgium is analysed to understand how nuclear power plants could help the Belgium energy transition.

Another pathway model was developed in this work, Simplified EnergyScope Pathway, which is an accurate
approximation of EnergyScope Pathway and is 5 times faster. This model is coupled with a polynomial chaos
expansion (PCE) method in order to analyse the uncertainty on the Belgium energy transition. The mean
and variance of the Belgium transition cost are computed to define the cost range to expect, and the uncertain
parameters influencing the most the uncertainty of the Belgium energy transition are analysed.

A robust optimisation of the Belgium energy transition is then performed with a novel robust optimisation
framework, presented in this work. This framework is used to identify some technologies that can make the
Belgium energy transition more robust to uncertainties.
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Acronyms

BEV battery electric vehicle.

CAPEX capital expenditure.
CCGT combined cycle gas turbine.

CHP cogeneration of heat and power.
DHN district heating network.

eHP electric heat pump.

EUD end-use demand.

FC fuel cell.

FEC final energy consumption.

GA genetic algorithm.
GHG greenhouse gas.

GSA global sensitivity analysis.

HEV hybrid electric vehicle.

HT high temperature.
TEH industrial electric heater.
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LHS latin hypercube sampling.
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MOEA multi-objective evolutionary algorithm.

NG natural gas.

NSGA-II nondominated sorting genetic algorithm II.

OPEX operational expenditure.

PCE polynomial chaos expansion.
PDF probability density function.
PHEYV plug-in hybrid electric vehicle.
PHS pumped hydropower storage.

PV photovoltaic.

Qol quantity of interest.

SLF synthetic liquid fuel.
SMR steam methane reforming.

SNG synthetic natural gas.

thHP thermal heat pump.

TS thermal storage.

UQ uncertainty quantification.

V2G vehicle-to-grid.



Introduction

Climate change is one of the biggest problem humanity is facing nowadays. Dangerous consequences are
foreseen for humanity if the global average temperature increases by 1.5-2°C compared to pre-industrial
levels [1]. The major cause of climate change is the emissions of greenhouse gas (GHG). To face climate
change, the Paris Agreement was negotiated in 2015 during the COP 21 in Paris. According to the UNFCCC
website, the Paris Agreement is a legally binding international treaty on climate change, adopted by 196
Parties. The goal of this agreement is to limit global warming to well below 2, preferably to 1.5 degrees
Celsius, compared to pre-industrial levels. To achieve this long-term temperature goal, countries aim to
reach global peaking of greenhouse gas emissions as soon as possible to achieve a climate neutral world by
mid-century |2]. The target for each country was set: reach carbon neutrality by 2050.

It is easier said than done. The transition towards carbon neutrality is a complex and complicated challenge.
But one thing is sure, it comes with the change of our energy systems. Indeed, the principal source of GHG
emissions is the consumption of fossil fuels. The issue today is that our energy systems are based on fossil
fuels because they are cheap and convenient to use. In 2019, 84.3 % of the world primary energy supply was
fossil fuels [3]. In Belgium, 79% of the gross available energy in 2018 was fossil fuels [4].

The goal of each country, that signed the Paris Agreement, is to transit towards a sustainable (i.e. carbon
neutral) energy system by 2050. But the complicated part is how do we do that ? How do we substitute fossil
fuels 7 What technologies are the most interesting to reach this goal and when to deploy them ? How can
we transit towards a sustainable energy system at the lowest cost 7 To resume in a single question : What
is the optimal pathway towards energy sustainability ¢ This master thesis aims at answering this question
for Belgium, one of the 196 Parties that signed the Paris Agreement.

Energy pathway models exist to find the optimal energy transition towards energy sustainability. In their
work, Prina et al. [5] reviewed the 'most established’ models for long-term energy planning. They concluded
that the existing models were limited in their applications, either by their heavy computational time, their
poor time discretisation or the small number of sectors taken into account (only the electricity sector is
covered). This motivated Gauthier Limpens to develop EnergyScope Pathway, a novel energy pathway
model that does not feature the limitations of the other existing energy pathway models [6].

The first purpose of this master thesis is to understand how the Belgium energy system must change to
achieve carbon neutrality. To do so, different Belgium transition scenarios will be presented and analysed
using the EnergyScope Pathway model. The analysis of these transition scenarios will explain how to transit
towards a sustainable energy system, what will be the keys for the Belgium transition, what technologies
are the most interesting and when to deploy them. The transition scenarios analysis will also explain how
nuclear power could help the Belgium energy transition, how Belgium can adapt if electricity can not be
imported during the energy transition and how the politics could set a budget to realise this transition.

Moreover, the EnergyScope Pathway model is a deterministic model using perfect foresight. Perfect foresight
means that the informations about the future (e.g. cost trends and energy demand forecasts) are assumed
completely known by the decision-maker and must be given to the model. However, the world is full of
uncertainties. The input parameters of the model are in fact uncertain. Uncertainties must be taken into



account when analysing an energy transition, as it will be illustrated that the Belgium energy transition is
strongly influenced by uncertainties. It is therefore important to analyse the uncertainty on the Belgium
energy transition.

Uncertainties can be analysed in multiple ways. Uncertainty analysis can be performed to compute the mean
and variance of the model output. A sensitivity analysis can also be performed to analyse the influence of an
uncertain parameter on the output uncertainty. Two types of sensitivity analysis exist : a local sensitivity
analysis (LSA) and a global sensitivity analysis (GSA). A LSA has a low computational time but hides
the synergies between the parameter of interest and the others. On the contrary, a GSA has a higher
computational time but takes into account the synergies between parameters. In his PhD thesis, S. Moret
reviewed applications of sensitivity and uncertainty analysis methods to energy models [7]. Based on his
review, he concluded that GSA methods are still limited in the energy field, mostly because of their high
computational time. However, according to S. Moret [7], the synergies between the input parameters must
be taken into account, in the case of an energy system, to perform a meaningful sensitivity analysis.

In this master thesis, an uncertainty quantification (UQ) method, known as the polynomial chaos expansion
(PCE) method, will be used to perform an uncertainty analysis and a global sensitivity analysis, in an
affordable time, on the Belgium energy transition. The purpose of this analysis is to compute the uncertainty
range of the Belgium energy transition cost and identify what parameters are driving this uncertainty. The
objective is also to prove that uncertainty analysis with an energy pathway model is affordable with methods
like the PCE.

Furthermore, a true optimisation of the Belgium energy transition would not be complete without a robust
optimisation. The best energy transition possible is a transition that minimises the total transition cost and
is little influenced by uncertainties, to ensure that the total transition cost will not vary much from what was
expected. Therefore, to find such an energy transition, a robust optimisation must be performed where both
the mean and the variance of the total transition cost are minimised. However, robust optimisation applic-
ations with energy pathway models are actually scarce. The main reason might be that the computational
time required is unaffordable with classic methods for robust optimisations.

In this master thesis, a novel robust optimisation framework is presented. The purpose of this framework
is to perform a robust optimisation, affordable with energy pathway model, that takes into account uncer-
tainties in every energy sectors and that considers the model as a black box. With this framework, a robust
optimisation will be performed for the Belgium energy transition, over the whole energy system, to identify
some technologies that can make the Belgium energy transition more robust.

This master thesis will be divided into 4 chapters. Chapter 1 will be focused on the functioning of the
EnergyScope Pathway model and on a simplified version of this model that accurately approximates Energy-
Scope Pathway and is 5 times faster. Chapter 2 will be focused on the analysis of different energy transition
scenarios for Belgium, to understand how to optimally transit towards a sustainable energy system by 2050
depending on the transition context (e.g. nuclear power phase-out or not). Chapter 3 will be focused on the
uncertainty analysis of the Belgium energy transition to analyse the uncertainty of the transition cost and
what drives it. Chapter 4 will be focused on the novel robust optimisation framework and its application
on the Belgium energy transition to identify robust technologies. Afterwards, the results of this master
thesis will be discussed and improvement ideas for future works will be given. Finally, the conclusion will
summarise the results and accomplishments of this master thesis.



Chapter 1

Energy transition modelling

Energy models that represent an energy system over a year or any time period are widely used. In his PhD
thesis [6], Gauthier Limpens compared the different existing energy models based on four criteria : is the
model a multi-sectoral energy model (Electricity, heat and/or mobility) ? Does it optimise the cost or the
operation of the energy system 7 Is it open-source 7 What is the computational time and is it acceptable
for uncertainty analysis 7 Based on his comparison, the existing energy models do not fully respect all the
criteria. This is why, in his PhD thesis [6], Gauthier Limpens developed an energy model called EnergyScope
Typical Days (EnergyScope TD) which respects the four criteria [6,8]. It is multi-sector since it represents
the electricity, the heat and the mobility sector, it optimises the hourly operation of the energy system,
it is open-source®* and the computational time is around 1 min which makes it suitable for uncertainty
analysis.

Nevertheless, EnergyScope TD is an energy model that represents an energy system over a year. In order to
model and optimise an energy transition, the model of interest should represent the energy transition and
optimise its cost from today towards a sustainable (i.e. carbon neutral) energy system in a target year. The
model must also verify that the energy system can operate during intermediary years to realistically model
the energy transition.

Two methods can be applied to model a long-term energy planning. Either the model can evaluate the
evolution of an energy system up to a target year, or it can use a one-year energy system modelling and
couple it with another algorithm [6]. The first method is later called ’pathway’, as in the PhD thesis of
Gauthier Limpens [6], because it represents the energy system pathway from our current energy system to a
sustainable one. In opposition, an energy model which represents the energy system in a target future year
(i.e. a one-year energy model) can be called a snapshot model according to Gironés et al. [9]. For example,
EnergyScope TD is a snapshot model because it optimises only one year and does not take into account the
energy transition from today to the energy system of that target year.

In their work, Prina et al. [5] reviewed the 'most established” models for long-term energy planning. The
different models were analysed through different criteria : the time horizon, the time step, the energy
sectors covered, the objective function, the model approach and the computational time. The reviewed
pathway models featured at least one of the following limitations : heavy computational burden, poor time
discretisation and/or only electricity sector covered. Consequently, Prina et al. decided to follow the second
method to create a long-term energy planning model. They coupled a snapshot model with low computational
time to a multi-objective evolutionary algorithm (MOEA) that optimises both the cumulated cost and the
COg emissions of the energy system during the transition.

However, the long-term energy planning model of Prina et al. does not optimise the full energy system design

“Repository : https://github.com/energyscope/EnergyScope/tree/v2.0
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and the hourly operation. The only decision variables of the MOEA are the installed capacity of photovoltaic
panels, of onshore wind turbines and of batteries. Moreover, the code of their method is not open-source.
Therefore, there was a need for an energy transition model that respects the criteria stated earlier.

Consequently, Gauthier Limpens extended the EnergyScope TD model into a pathway model, called Energy-
Scope Pathway, that respects all the criteria. This model minimises the total transition cost by optimising
the installed capacity and the hourly operation of the energy system during eight representative years of the
transition. Moreover, it is open-source and has a computational time of around 30 mins®. EnergyScope
Pathway is the model used in this master thesis to model and analyse the transition of the Belgium energy
system towards a sustainable energy system. Furthermore, some features were added to the model to add
realism to the energy transition.

This chapter will first explain, in section 1.1, how the EnergyScope TD model works since this model is the
starting point to understand the EnergyScope Pathway. Then, in section 1.2, the EnergyScope Pathway
model will be explained and the improvements brought to the model will be detailed to complement the
description of the EnergyScope Pathway in Gauthier Limpens PhD thesis [6]. Finally, in section 1.3, a sim-
plified version of the EnergyScope Pathway model, called Simplified EnergyScope Pathway, will be presented.
This model approximates accurately the EnergyScope Pathway model while being 5 times faster.

1.1 EnergyScope TD

EnergyScope TD is a simplified representation of an energy system. Three energy sectors are taken into
account : electricity, heat and mobility. The heat sector is divided into three sub-sectors : high temperature
heat for industries, low temperature heat for hot water and low temperature heat for space heating. The
mobility sector is divided into two sub-sectors : freight and passenger mobility.

Each sector /sub-sector has an end-use demand that must be met during each hour of a year. The demands
must be known and given in terms of end-use demand (EUD) instead of final energy consumption (FEC).
The link between the two is that the FEC is the energy input needed in order to satisfy the EUD. For
example, a combined cycle gas turbine (CCGT) consumes natural gas (NG) to produce electricity. The EUD
is the electricity requested by the consumer while the FEC is the NG required by the CCGT to produce this
electricity.

The energy system contains three layers : the resources, the energy conversion technologies and the demands.
An illustration of those three layers in an energy system is shown in Figure 1.1. Basically, resources are used
by conversion technologies to produce the end-use energies. Let’s take the example above, natural gas (NG)
is a resource that can be used in a CCGT, which is the converting technology, to produce electricity in order
to supply the electricity demand. Nevertheless, the system can be more sophisticated than just one resource
used in one conversion technology to supply one demand. For example, a CCGT can produce electricity, not
for the electricity demand but as a resource for an electric heat pump that will produce low temperature
heat, or the electricity can be stored in a battery to be used later.

Moreover, EnergyScope TD contains 20 resources, 85 technologies and 8 end-use demand types. All of these
are represented in Figure 1.2 with their inputs and outputs. The technologies taken into account are either
technologies used today or new technologies with interesting potential.

PCan be found at https://github.com/energyscope
‘With the AMPL algebraic modelling system and optimisation. More informations about AMPL at : https://ampl.com
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Figure 1.1: Example of the three different layers of the EnergyScope TD model. Resources are used in
conversion technologies to produce another type of energy that will be used either to meet the demand, to
be consumed by another technology or to be stored. This Figure comes from the article of G. Limpens, et
al., on the EnergyScope TD model [8]. Abbreviations: pumped hydropower storage (PHS), electric heat
pump (eHP), cogeneration of heat and power (CHP), compressed natural gas (CNG).

Mathematically, the EnergyScope TD model is formulated as a linear programming (LP) problem, optimised
by an optimisation algorithm [6]. The model requires the following input parameters:

Resources, technologies and end-use demands

e Price, maintenance cost and efficiency of the technologies
e Greenhouse gas (GHG) emissions related to the technologies construction
e Price an availability of the resources

e GHG emissions related to the resources consumption

End-use demands (EUDs)

To constrain the energy system and add realism

e Technologies minimum and maximum installed capacity

e Minimum and maximum share between public and private mobility. It prevents the energy system to
use, for example, only public mobility for passenger mobility which will be unrealistic.

e The minimum and maximum share between the train, the boat and the road for the freight mobility.

e The minimum and maximum share between district heating network (DHN) and decentralised low
temperature heat.
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Figure 1.2: Resources, technologies and demands implemented in the EnergyScope TD model. The
technologies in bold represent a type of technology that can use different resources (e.g. Boilers includes
gas boilers, wood boilers, ...). Decent represent the different thermal storage associated with their
corresponding decentralised heat production technology (e.g. Decent contains a decentralized gas boiler
storage that can store the heat produce by a decentralised gas boiler).
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Others
e Investment cost annualisation factor
e Real discount rate
e Times series discussed below
e GHG emissions limit forcing the system to emit less GHG emissions

The exhaustive list of the input parameters can be found in the documentation of EnergyScope TD [10] or
in the PhD thesis of Gauthier Limpens [6].

After the input parameters have been given to the model, the optimisation of the energy system over the
year can start. The objective function (i.e. the variable to optimise) can either be the total cost of the system
over the year, or the GHG emissions over the year. The decision variables (i.e. the values the optimiser
can change) are the installed capacity of technologies and the hourly system operation. The purpose of the
optimisation algorithm is to find the decision variables that minimise the objective function while respecting
the constraints (the end-use demands must be met every hour, ...).

When this system is found, the outputs of the model are saved. The outputs are the total cost of the system
(total cost of resources, total investment cost of technologies, ...), the GHG emitted by the energy system,
the installed capacity of technologies and the hourly energy system operation.

Furthermore, the TD in EnergyScope TD stands for Typical Days. Instead of simulating 365 days inde-
pendently, 12 typical days are used to represent every day of the year. This decreases dramatically the
computational time, as explained in the article of G. Limpens et al. [§8]. In this article, G. Limpens et
al. demonstrate that the optimal number of typical days is 12. In the 12 typical days, some are sunny,
some are cloudly, some are warm and some are cold. Those typical days are distributed over the year to
simulate realistically a whole year. For example, there will be more warm days in the summer than in the
winter.

The intermittent nature of renewable energy is modelled by time series during each typical day. As an
example, the time series of photovoltaic (PV) panels represent the electricity that PV panels will produce
in a given hour of a typical day. The time series are coherent with the typical days as PV panels will not
produce electricity during the night and more electricity will be produced during a sunny day than a cloudy
day.

There are also time series for some EUDs: the space heating, the electricity used for lighting and the passenger
mobility. As an example, the time series used for space heating is represented in Figure 1.3. The demand
for space heating is bigger during the winter than during the summer which illustrates the coherence in the
repartition of the typical days during the year.

11
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Figure 1.3: Space heating time series over the 8760 hours of the year. The demand for space heating is
bigger during the winter on the left and right than during the summer in the middle as the weather is
warmer during the summer. This figure comes from the documentation of EnergyScope TD [10].

8760

Finally, is EnergyScope TD suitable for modelling a sustainable energy system in Belgium 7 To transit
towards a sustainable energy system, renewable energy will likely be used. In Belgium, the hydraulic power
potential is low (~ 0.115 GW) but better potentials are foreseen for solar panels and wind turbines [6]. Table
1.1 presents the renewable potential in Belgium according to the PhD thesis of G. Limpens [6]. However,
these renewable energies are intermittent. In order to deal with this intermittency, storage must be used [11].
As an example, during a sunny day, electricity is produced by PV panels in the middle of the day. A part
of this electricity could be used for the electricity demand and the excess could be stored to be used during
the evening when solar energy is not available anymore.

In order to model the operation of renewable energy coupled with storage, an hourly resolution is there-
fore needed. Consequently, the EnergyScope TD model is suitable for Belgium because it has this hourly
resolution.

Furthermore, an hourly resolution increases the computational cost. Despite this, the EnergyScope TD
model has a low computational time (~ 1 min) which makes it convenient to analyse how a sustainable
energy system can operate using renewable energy and storage.

Table 1.1: Renewable potential in Belgium. The data comes from the PhD thesis of G. Limpens |6].

Technology Potential in Belgium [GW]|
Photovoltaic (PV) panel 59.2¢

Onshore wind turbine 10

Offshore wind turbine 3.5

Hydro river 0.115

Geothermal 0

Thermal solar panel 71.4¢

“This potential is obtained by assuming that 250km? of well-oriented and available roof exist today [6]. Those 250km? must
be shared between PV panels and thermal solar panels. Therefore, a constrain links the capacity of PV panels and thermal
solar panels in order to respect the available land area of 250km? assuming that the power density of PV panels and thermal
solar panels are respectively 0.2367 and 0.2857 GW /km? [6].

12



1.2 EnergyScope Pathway

The EnergyScope TD model, presented above, optimises an energy system over a year. Nevertheless, when
optimising only one year, the transition from the current energy system to a sustainable energy system is
forgotten. This transition is actually as important as the final target since taking into account the transition
cost could change the energy system at the end of the transition. Indeed, It is possible that the optimisation
of the transition and the optimisation of the year 2050 do not give the same energy system for 2050.

It is also important to model the transition in order to know what is the optimal pathway towards a
sustainable energy system. Is it cheaper to integrate renewable energies early or to wait until the end of
the transition 7 When must the technologies using fossil fuels be decommissioned 7 What changes in the
energy system must be realised and when ? All those questions can be answered with energy transition
modelling but not necessarily with one-year energy system modelling. In section 2.1, it will be illustrated
that an energy system transition modelling is needed to model the transition realistically.

Consequently, a pathway version of EnergyScope TD, named EnergyScope Pathway has been developed
by Gauthier Limpens [6]. This pathway version will be explained in this section but the detailed model
formulation can be found in G. Limpens PhD thesis [6]. This master thesis also offers some upgrades for
this model to add realism. Those upgrades will be thoroughly explained to complement the EnergyScope
Pathway description in G. Limpens’ PhD thesis [6].

1.2.1 EnergyScope Pathway formulation

The methodology of the EnergyScope Pathway is illustrated in Figure 1.4. The methodology consists of
applying the EnergyScope TD formulation for representative years, spaced 5 years apart, until 2050. The
energy system during each representative year must respect the EnergyScope TD constraints. The repres-
entative years are linked together with the Phases. Additional constraints are set for those phases (e.g. the
decommissioning of a technology that reaches its lifetime).

Representative
years 2015 2020 2025 2045 2050
4 \ / \
|
Phases : 2045-2050
I |
Additional EnergyScope TD
constraints constraints

Figure 1.4: Illustration of the EnergyScope Pathway methodology. The EnergyScope TD methodology is
applied for each representative years. Additional constraints are set for the phases in between representative
years to realistically model the transition. This illustration comes from the PhD thesis of G. Limpens [6].

The input parameters of the EnergyScope Pathway are the inputs parameters of EnergyScope TD but
with an additional dimension : the years. The EnergyScope Pathway parameters are forecast from today
t 2050 of the EnergyScope TD parameters. As an example, in the EnergyScope TD model the end-use
demands (EUDs) over a year must be given as inputs, whereas, in the EnergyScope Pathway, the EUDs
during every representative year must be given as inputs.

In Chapter 4 and Appendix C of its PhD thesis, G. Limpens details the input parameters used for the case
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study of the Belgium transition. Those data are based on forecasts found in the literature, such as the
forecast made by the European Commission for example [12|. As an example, the forecast of the end-use
demands is shown in Figure 1.5. The greenhouse gas (GHG) emissions limit is also given as a parameter for
each representative year to force the system to transit towards a sustainable energy system (i.e. a near-zero
GHG emissions system).

Freight mobility

EUD [Btkm]
End-use demands 100
[TWh] 75
HT heat +52%
250 2
200 . 02020 2025 2030 2035 2040 2045 2050
LT heat +35% Years
150 Passenger mobility
EUD [Bpkm]
100 200
0y
50 Electricity +31% 150
o 100 +30%
2020 2025 2030 2035 2040 2045 2050
Years 50

0 2020 2025 2030 2035 2040 2045 2050
Years

Figure 1.5: Forecast of the end-use demands (EUDs) during the transition which is an input parameter of
the EnergyScope Pathway model. The percentage change between 2020 and 2050 is written for all EUDs.
These data come from the PhD thesis of Gauthier Limpens [6]. Abbreviations : high temperature (HT),
low temperature (LT), end-use demand (EUD), billions ton-kilometer (Btkm), billions passenger-kilometer
(Bpkm).

Furthermore, a perfect foresight assumption is necessary for the formulation of the EnergyScope Pathway.
Perfect foresight means that the future is assumed perfectly known (i.e. with no uncertainty). In the model
formulation, it means that the input parameters (the forecast of the resources cost, the forecast of the
technologies cost, etc) are given and perfectly known. This assumption allows decreasing the computational
cost of the model. It is nevertheless a strong assumption. This is why an uncertainty quantification and a
robust optimisation will be performed in this master thesis to take into account the uncertain aspect of the
input parameters.

The decision variables of the EnergyScope Pathway are the installed capacity of technologies (F') and
the hourly system operation (F;) (same as EnergyScope TD) for every representative year. The technolo-
gies installed capacity are linked between the representative years through the phases with the following
constraint:

F(ystopa z) = F(yStGT‘tu Z) + Fnew(pa Z) - Fold(pv Z) - Z Fdecom(p7prilt7 Z)
phuilte PHASEU{2010 2015}

Vp € PHASE, ystop € Y _STOP(p),Ystart € Y _START (p),i € TECH (1.1)

where ystop(p) and ysiare(p) are respectively the stopping year and the starting year of a phase p. As an
example, Ys0p(2020_2025) = 2025 and ystqre(2020_2025) = 2020. PHASE is the set constituted of the
different phases except for the 2010 2015 phase and T EC'H is the set constituted of the different technologies
implemented in EnergyScope Pathway. This constraint means that, for a technology 4, the available capacity
at the end of a phase (F'(ystop)) is equal to the capacity available at the beginning of the phase (F(ystqrt)) plus
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the new capacity installed during this phase (F¢y) minus the capacity that has reached its lifetime (F,q)
minus the prematurely decommissioned capacity (Fgecom). In other words, a technology installed during a
phase will be available for future years until it is decommissioned. A technology can be decommissioned any
time as long as it is done before it reaches its lifetime. An example is illustrated in Figure 1.6.

b Capacity installed [GW]
(e.g. lifetime = 20 ans)

i = J l/l ‘m Tm

Representative 2015 2020
years

b e b et

Figure 1.6: Illustrative example of technologies installation and decommissioning in the EnergyScope
Pathway. This example follows the installed capacity of a technology with a 20 years lifetime during the
energy transition. 1 GW is already installed before the transition (Fj,c,). Between 2015 and 2020, 1 more
GW is installed (Fjew). Therefore, 2 GW of this technology is operational in 2020 (F). Those 2 GW
remains operational until 2030. Between 2030 and 2035, the 1 GW installed in 2010-2015 has reached its
lifetime and is consequently decommissioned (F,;4) while 0.5 GW installed in 2015-2020 is prematurely
decommissioned (Fyecom ). Therefore, only 0.5 GW is available in 2035. Between 2035 and 2040, the last 0.5
GW has reached its lifetime and is consequently decommissioned (Fy;4). This illustration comes from the
PhD thesis of Gauthier Limpens (2021) [6].

2025 2030 2035 2040

The objective function (i.e. the value to minimise) is the total transition cost which is the sum of the
total capital expenditure (CAPEX) and the total operational expenditure (OPEX) of the transition:

min Ctot,trans = Otot,capea: + Ctot,opex (12)
The total OPEX of the transition is:

Ctot,opea: = Uopezx (2015) + Z tphase : (Cope:c (ystart (P)) + Copex (ystop (P) ) ) /2 * Tphase (p) (1 3)

peEPHASE opex of a phase p

with Copes (y) the OPEX of a year y, tphase the number of years in a phase (5) and Tppqse(p) the annualisation
factor. The yearly OPEX (e, and the annualisation factor 7 are calculated as follows:

Cozzex(y) = Z Crmaint(y, tech) + Z COP(ya res) (1.4)
teche TECH rese RESOURCES
1
Tphase(p) = (15)

(1 4 Z’Tate)diff_2015_year(p)

with Cigine [M€] the operating and maintenance cost of the technologies, C,, [M€] the operating cost of
the resources, irqe the real discount rate and dif f 2015 year(p) the difference in years between the phase
p and 2015 (as an example dif f 2015 _year(2030 _2035) = 2032.5 — 2015 = 17.5).

The total CAPEX of the transition is:

Ctot,capez = Z Cmv(20157 teCh) + Z Cim;,phase(p) (1-6)
teche TECH pEPHASE
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with Cjy, [M€] the technologies investment cost during a year and Cjy,y phase [M€] the technologies investment
cost during a phase:

Cinv (ystarta teCh) + Cinw (ystop) teCh)
2

Cim),phase (p) = Z Frew (p, teCh) * Tphase (p) ’
teche TECH

(1.7)

where Fey [GW] is the new installed capacity of technologies during the phase p and ¢;p, [M€/GW] is the
investment cost of technologies per GW installed.

Some additional informations are necessary to comprehend the results analysed in chapter 2.

Firstly, a constraint forces the endogenous non-renewable wastes of a country to be entirely consumed during
every representative year. The reason is that this master thesis is about the transition towards a sustainable
energy system. The energy system of a country is more sustainable if it consumes the country’s waste to
produce energy rather than exporting it. Consequently, this constraint prevents the studied country from
exporting its waste.

Secondly, some sectors are constrained in their change over time to avoid unrealistic changes. The change
in a sector is calculated on the energy production and not on the installed capacity. The mobility and the
low temperature (LT) heat sector are constrained in their changes over time to take into account human
behaviour. Indeed, it would be unrealistic to replace all of today’s boilers with electric heat pumps in 5
years, but it is assumed to be realistic in 20 years. Therefore, between two representative years, the change
in the means of energy production in those sectors must be equal to or below 25%. It means that it must
take at least 20 years to fully change how the end-use energy is produced. As an example, let’s say that
wood boilers and gas boilers each produce 50% of the LT heat demand and they must be substituted by
heat pumps as fast as possible. After one phase, heat pumps can only produce 25% of the total LT heat by
replacing only gas boilers or only wood boilers or a little of both.

Thirdly, the shares inside the mobility sector are constrained for some technologies to avoid unrealistic
system during the representative years. For example, it would be unrealistic that the entire freight demand
is supplied by boats, or that the public train supplies the entire passenger mobility demand. Table 1.2
contains the share limitations applied in the EnergyScope Pathway based on the data used in the PhD thesis
of Gauthier Limpens [6].

Fourthly, some technologies were removed such as carbon capture and storage technologies and decentral-
ised daily low temperature storage technologies except the storage linked to the decentralised electric heat
pumps. Those technologies were removed to decrease the computational time of the EnergyScope Pathway
from more than 10 hours to less than an hour. The choice of these technologies was made with Gauthier
Limpens, the developer of EnergyScope Pathway, because they were deemed as the less important storage
technologies.

Fifthly, the CO5 emissions related to synthetic fuels and biofuels are neglected and the COg emissions
related to the imported electricity decrease from 431 to 0 [kCOg-eq./MWhyg,el| between 2020 and 2050 as the
neighbouring countries are assumed to make their energy transition at the same time as Belgium [6]. These
assumptions will be discussed at the end of this master thesis.

Sixthly, the COs emissions limit for each representative years only applies to the emissions related to the
resources use. The COq emissions related to the technologies construction is not taken into account because,
otherwise, the problem of the Belgium energy transition is infeasible (i.e. EnergyScope Pathway does not
find any solution that respects the COy emissions limits). This master thesis will therefore focus on the
Belgium energy transition towards an energy system that is carbon neutral when only the COgy emissions
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related to the consumption of resources are accounted for in the carbon footprint. This will be discussed at
the end of this master thesis.

Table 1.2: Share limitations to realistically model the energy transition. The share is defined as the energy
produced by a technology or a category of technology divided by the end-use demand of the corresponding
sector.

min share [%| max share [%]

Public mobility 19.9¢ 50°
Public train® 0 50°
Tram & Trolley® 0 30°
Train freight 10 25°
Boat freight 15¢ 30°
DHN 20 37°

“It corresponds to the share of 2015, see Appendix A.
’From the PhD thesis of Gauthier Limpens (2021) [6].
“This share is over the public mobility.

1.2.2 Modifications in the EnergyScope Pathway

As said in the previous section, the EnergyScope Pathway used in this master thesis is slightly modified from
the EnergyScope Pathway developed by Gauthier Limpens in his PhD thesis [6]. The following modifications
were made to add realism to the energy transition :

1. The 2020 energy system is fixed to represent the Belgium energy system of 2020, while only the 2015
energy system was fixed in the PhD thesis of G. Limpens [6].

2. The installation of photovoltaic panels and wind turbines is limited during a phase.

3. The residual value of technologies still operational at the end of the transition is taken into account in
the total transition cost.

Those changes are described in this section to complement the description of the EnergyScope Pathway in
the PhD thesis of Gauthier Limpens [6].

The 2020 energy system is fixed

In order to model a realistic energy transition for Belgium, the transition should start from the current
Belgium energy system. In the EnergyScope Pathway developed by Gauthier Limpens [6], the transition
starts from 2015 where the energy system is fixed to represent the real Belgium energy system of 2015.
Nevertheless, this master thesis is written in 2021. Therefore, it is pertinent to start the energy transition
from 2020 and not 2015. Nevertheless, data for the year 2020 are still scarce. Consequently, the most recent
data are used to approximate the Belgium energy system of 2020. The used data are available in Appendix
A.

Furthermore, the 2015 energy system is still kept in the EnergyScope Pathway model. This means that the
2015 and the 2020 energy systems are fixed to look like the Belgium energy system in 2015 and 2020. The
2015 energy system is kept because it separates the technologies installed before 2015 from the ones installed
in 2015-2020. The technologies installed before 2015 will therefore reach their lifetime and will be replaced
before the technologies installed in 2015-2020.
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Moreover, even though the 2015 and 2020 energy system are fixed, the results presented in chapter 2 will
start from 2020 since this is the real starting point of the transition.

The integration of renewable energy is constrained

Renewable energy will likely be a crucial aspect of the energy transition in Belgium. To model more real-
istically this energy transition, a constraint limits the deployment per phase of technologies using renewable
energy. This additional constraint is applied to the photovoltaic (PV) panels and the wind turbines. Thermal
solar panels are not subject to this constraint since they are already subject to the constraint on the low
temperature (LT) heat sector change (as explained earlier). The constraint limits the deployment of those 3
technologies to a percentage of their maximum potential per phase. This percentage is carried out by a new
parameter limit _ren_changes € [0; 1]. The constraint is formulated as follows:

Frew(p, tech) < limit_ren_changes - fpaz(tech)

Vp € PHASE\{2015_2020},tech € (PV,wind_onshore,wind_of fshore) (1.8)

where f,q. is the maximum installed capacity of a technology. In this case, finqe is equal to the renewable
energy potential in Belgium (see previously in Table 1.1).

In the results analysed in Chapter 2, limit ren_changes is set to 0.25. Consequently, this constraint
prevents the model to install more than 25% of the PV panels and wind turbines potential in one phase. As
an example, the maximum capacity of PV panel that can be installed in one phase is 14.8 GW, so 25% of
the potential of PV panel in Belgium (59.2 GW).

The salvage value is taken into account

According to Prina et al. [5], the salvage value expresses the residual value of the technologies still in operation
at the end of the last time-step considered. According to Poncelet et al. [13], it is crucial to valorise the
technologies still operational at the end of the transition to avoid penalising the capital intensive technologies
towards the end of the transition. If the salvage value is not taken into account, the model could avoid
installing some technologies at the end of the transition because it would be too expensive to pay their entire
investment cost for only a short operation time. This must be prevented since the purpose of a pathway
towards a sustainable energy system is to keep the energy system sustainable afterwards. Therefore, the
salvage value must be taken into account when modelling an energy transition towards sustainability.

The salvage value of a technology still available in 2050 is the available capacity of the technology in 2050
times the investment cost of the technology (cin, [M€/GW]) times the fraction of its lifetime that remains [5].
As an example, if a technology will still be operational for 25% of its lifetime after 2050, then the salvage
value of that technology is 25% of its initial investment cost. In the EnergyScope Pathway formulation, the
salvage value of a technology installed in a phase p that is still available in 2050 is computed as follows:

ears done(tech,
Cinv,retu'rn (teCh,p) = | Fhew (p; teCh) - Z Fdecom(pza b, teCh) * | 1— 4 . ( p)
lifetime(tech)
p2ePHASE
* Tphase (p) * (Cinv (ystart7 teCh) + Cinv (ystopa teCh)) /2 (19)

with years done(tech, p) the number of years that a technology built in a phase p will have been operational
by 2050. The total salvage value Ciny return,tor is then computed as the sum of the technologies salvage
value:

Cinv,return,tot - Z Cinv,return(t66ha p) (110)
teche TECH ,pe PHASE
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The total salvage value Ciny return,tor is then subtracted from the total transition cost. The total transition
cost of equation 1.2 now becomes

min Ctot,trans = Ctot,cape:v + Ctot,opeac - Cinfu,return,tot (111)

Furthermore, the expression of the salvage value Cipy return Of a technology is similar to the expression of the
salvage value in the Transition pathways optimization methodology through EnergyPLAN software of Prina et
al. [5]. However, the salvage value could be expressed differently. In the rest of this section, different salvage
value expressions are tested and compared in order to analyse the influence of the salvage value expression
on the model output.

Firstly, in the expression of the salvage value presented above (see Eq. 1.9), the annualisation factor 7,445 (p)
is the annualisation factor corresponding to the phase where the technology was built. With this expression,
if a technology is still operational for half its lifetime after 2050, then half its investment cost is subtracted
to the total transition cost. However, one could wonder if a technology that is still operational for half of
its lifetime is not worth less than half of its initial investment cost. The annualisation factor itself aims
to decrease the value of money with time because 1€ today is not worth the same as 1€ in 20 years. A
technology in 2050 would therefore worth less than a technology today. In that case, the annualisation
factor should be the annualisation factor of the last phase (7ppqse(2045_2050)) when the residual value of
the technologies are calculated and subtracted from the total transition cost.

Secondly, in Eq. 1.9, the decommissioned technologies are not taken into account in the salvage value. It
means that if a technology is decommissioned before 2050, then the salvage value of this technology will be 0.
This is pertinent because a technology decommissioned before 2050 will not be operational after 2050. The
issue is that the model could keep unnecessary technologies to subtract their salvage value from the total
transition cost in order to decrease it. This would be done if the maintenance cost of an unused technology
is cheaper than its salvage value. Therefore, one could wonder if it would not be better to take into account
the decommissioned technologies in the salvage value. In that case, a technology that would have been
operational after 2050 but is prematurely decommissioned before 2050, will have a salvage value.

Consequently, by changing the annualisation factor and the consideration of the decommissioned technologies,
four different expressions could be used for the salvage value. Those four expressions are resumed in Table
1.3, along with a fifth case where the salvage value is not taken into account (i.e Cinyreturntot = 0). The
corresponding expression of the technologies salvage value in each case can be found below Table 1.3.

Those five cases are compared in Figure 1.7 to prove that the salvage value expression has little influence
on the EnergyScope Pathway, but that taking into account the salvage value has a strong influence. In
Figure 1.7, the last four cases are compared with the first case. Since the purpose of taking into account the
salvage value is to ease the installation of some technologies at the end of the transition, the five cases were
compared on the technologies installed capacity in 2050. Thus, Figure 1.7 represents the relative difference
between the installed capacity of each technology in 2050 of the last 4 cases with the first case. The relative
differences were calculated as follows:

Fryse1(2050, tech) — Frgse (2050, tech)
max (Fease1(2050, tech), Foqse (2050, tech))

relative difference case i (tech) = (1.12)

with F' the installed capacity of a technology in a given year.
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Table 1.3: Different cases for the salvage value expression. For notice, if decommissioned technologies are
not taken into account then an X is written in this table and the term with Fiecom, iS present in the
expressions below to subtract the capacity that has been decommissioned before 2050. For the
annualisation factor Tppqse(p), the phase p is either the phase where the technology was built (ppy¢) or the
last phase of the transition (2045 _2050).

Decommissioned
name in Figure technologies
Case 1.7 taken into Tphase (P)
account
1 Without decom X B ‘
building phase P = Phuilt
Without decom
2 90459050 X p = 2045 2050
With decom
3 building phase v D = Pouilt
With decom
4 90452050 \% p = 20452050
Without
° c / /
v, return

Cim;,return(teCh, p) =

(Fnew (p, tECh) — Z (Fdecom(pZ,p, tech)) * (1 _ years_done(tech,p)

)

p2€PHASE lifetime(tech)
* Tphase(P) * (Cinv(Ystart, tech) + Cino(Ystop, tech)) /2 (case 1)
years_done(tech,p
Cinv return(tech, p) = (Fpew(p, tech) — Z (Fiecom (P2, p,tech)) x (1 — lifetime(gfech) ))
p2e PHASE
* Tphase (2045 _2050) * (Ciny (Ystart, tech) + Cinv(Ystop, tech)) /2 (case 2)
ears__done(tech,
Cinv,return(tech, p) = Frew(p, tech) (1 — . lif;fime(ffech) p))
* Tphase (p) * (Cz‘nv(ystart, teCh) =+ Cinw (ystop, tech))/Q (Case 3)
ears__done(tech,
Cinu,return(tech, p) = Frew(p; tech) = (1 — . lif;fime(gfech) p))
* Tphase (2045_2050) * (Cinv(Ystart; tech) + Cino (Ystop, tech)) /2 (case 4)
Cinv,retuTn(teCh,p) =0 (case 5)
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Figure 1.7: Relative difference between the first case and the other cases of Table 1.3 on the installed
capacity of technologies in 2050. The relative differences are calculated with equation 1.12. In case 2, only
one technology (high temperature storage) has a relative difference higher than 10% compared to case 1. In
case 3, four technologies have a relative difference higher than 10%. Abbreviations : high temperature
(HT), synthetic liquid fuel (SLF).

First of all, in Figure 1.7, there is a strong difference between the installed capacity of technologies at the end
of the transition in a scenario where the salvage value is taken into account (case 1 to 4) and a scenario where
it is not (case 5). This illustrate the importance of taking into account the salvage value of technologies.

Furthermore, the salvage value expression has little influence on the energy system of 2050. Concerning
the consideration of decommissioned technologies in the salvage value, only four technologies (on the 85
technologies present in the model) have a relative difference bigger than 10% between case 1 and case 3. As
a reminder, the difference between those cases is that in case 1 the decommissioned technologies are not taken
into account in the salvage value while in case 3 they are. Since only 5 technologies out of the 85 present a
significant difference (above 10%), the first and third case are considered relatively similar. Moreover, the two
technologies with the biggest differences are pyrolysis and gasification infrastructure, which are two minor
technologies with small installed capacities (1.4 and 2.5 GW). Therefore, taking or not the decommissioned
technologies in the salvage value has little influence on the 2050 energy system.

Concerning the phase p considered for the annualisation factor 7,pqs¢(p), case 1 and 2 are relatively similar
since only one technology has a relative difference over 10% (high temperature storage with 13.7%) which
illustrates that the annualisation factor also has little influence on the energy system of 2050.

In conclusion, it is crucial to take into account the salvage value of technologies in the total transition
cost, otherwise the installed capacities in the 2050 energy system strongly differ. On the other hand, the
expression of the salvage value has little influence on the technologies installed capacity in the 2050 energy
system. Therefore, any of the expression presented above could be used. In the rest of this master thesis,
the salvage value will be expressed as in the first case (Eq. 1.9) which is also the expression used in the
EnergyPLAN software [5].
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1.3 Simplified EnergyScope Pathway

The EnergyScope Pathway model, described above, takes around 1500 seconds to find the optimal transition
that minimises the total transition cost. Nevertheless, a computationally cheaper pathway model is needed
in order to perform an uncertainty quantification or a robust optimisation. Indeed, it will be explained later
that the number of model evaluations required for an uncertainty quantification has an order of magnitude
of 10%. Accounting for 10® model evaluations and each evaluation taking 1500 seconds, it will take more
than two weeks to perform an uncertainty quantification.

A simplified version of EnergyScope Pathway is described in this section and will be called Simplified Energy-
Scope Pathway. The purpose of the Simplified EnergyScope Pathway model is to be a good approximation
of the EnergyScope Pathway model while being computationally cheaper. This purpose is reached since
Simplified EnergyScope Pathway is 5 times faster than EnergyScope Pathway with a relative error on the
optimal transition cost of less than 1%. This is demonstrated in appendix B. In the same appendix, it is
also demonstrated that the transition strategy is similar between an optimised transition with EnergyScope
Pathway and with Simplified EnergyScope Pathway which is also an important feature. Consequently, the
Simplified EnergyScope Pathway model is a good approximation of the EnergyScope Pathway model and
will be used for an uncertainty analysis in chapter 3 and a robust optimisation in chapter 4.

The main difference between the Simplified EnergyScope Pathway and the EnergyScope Pathway is that
a time step of 10 years between the representative years is considered instead of 5 years, as illustrated in
Figure 1.8. The Simplified EnergyScope Pathway is faster than the EnergyScope Pathway because there is
twice less representative years and therefore twice less decision variables.

Some additional modifications were needed in order to create the Simplified EnergyScope Pathway:

1. The Simplified EnergyScope Pathway model must start in 2020 in order to go from 2020 to 2050 with a
time step of 10 years. The 2020 energy system is fixed to represent the Belgium energy system of 2020.

All the technologies present in the 2020 energy system are assumed to have been installed between
2010 and 2020.

2. The constraint on the change of the mobility and low temperature heat sector must be adapted. In
EnergyScope Pathway, the change in those sectors was limited to 25% per phase. Since the phases in
Simplified EnergyScope Pathway are twice longer, the change in those sectors will be limited to 50%
per phase. Consequently, in both model, those sectors need at least 20 years to fully change.

3. The constraint on the renewable energy installation is adapted similarly to the previous point. The in-
stallation was limited to 25% of the renewable potential in Belgium per phase in EnergyScope Pathway.
Therefore, the installation will be limited to 50% per phase in Simplified EnergyScope Pathway.

4. The phase where a technology must be decommissioned based on its building phase has also been
adapted. In EnergyScope Pathway, most of the technologies have a lifetime that is a multiple of
5. It is therefore easy to manage the decommissioning of technologies with phases of 5 years. In
Simplified EnergyScope Pathway, the technologies lifetime are rounded down to the nearest multiple
of 10 for their decommissioning. Let’s take for example a PV panel with a lifetime of 25 years. In
Simplified EnergyScope Pathway, its lifetime is rounded to 20 years, meaning that a PV panel installed
in 2020-2030 will be decommissioned in 2040-2050. Rounded down is prefered to rounded up to prevent
technologies to better respect their lifetime. However, some technologies have a lifetime of 17 or 18
years. In that case, the lifetime is rounded up to 20 years because this configuration best approximates
the total transition cost of the EnergyScope Pathway model.
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Figure 1.8: Illustration of the Simplified EnergyScope Pathway methodology compared to the one of the
EnergyScope Pathway. The Simplified EnergyScope Pathway has a time step of 10 years and is therefore
constituted of 4 representative years which is twice less than the EnergyScope Pathway.
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Chapter 2

Results on the Belgium energy transition

This chapter presents results on the Belgium energy transition when uncertainties are not yet taken into
account. Gauthier Limpens, in his PhD thesis [6], already analysed the Belgium energy transition, optimised
with EnergyScope Pathway, but only for one of the four scenarios analysed in this master thesis (i.e. the
basic scenario). Therefore, in this master thesis, more answers will be given on how Belgium can transit
optimally towards energy sustainability depending on the transition context. Moreover, the EnergyScope
Pathway was improved between the PhD thesis of G. Limpens [6] and this master thesis. Therefore, the
pathway he analysed is slightly different than the pathway, in the same scenario, analysed in this master
thesis (e.g. battery electric vehicles are used in the pathway analysed in this master thesis).

In section 2.1, the EnergyScope Pathway will be compared to what is called a snapshot optimisation in
order to prove that using a one-year energy system model to model an energy transition gives an unrealistic
transition compared to the EnergyScope Pathway model. Then, in section 2.2, EnergyScope Pathway will be
used to model and optimise the energy transition for a basic scenario. The resulting energy transition will be
analysed to understand what is the cost-optimal transition towards a sustainable energy system in Belgium.
Afterwards, in section 2.3, three alternative scenarios with different contexts, modelled and optimised with
EnergyScope Pathway, will be compared to the basic scenario. The purpose is to analyse how the energy
transition may change depending on the transition context (e.g. if nuclear is phased out or not). For section
2.2 and 2.3, the contexts of the basic scenario and the 3 alternative scenarios are the following:

e Basic scenario : In this scenario, the phasing-out of nuclear power plants in Belgium will be modelled
by allowing to have 2 GW of nuclear power plants until 2025 and then no nuclear power plants will be
available. Electricity can be imported from other countries but with limited availability.

e Nuclear scenario : This scenario is similar to the basic scenario, except for the phasing-out of nuclear
power plants. In this scenario, it is assumed that the 5.925 GW of nuclear power plants existing
nowadays, in Belgium, can be extended until 2050. The purpose is to analyse the potential benefits of
extending the existing nuclear power plants.

e Zero Imported Electricity scenario : This scenario is similar to the basic scenario, except for the
availability of imported electricity. In this scenario, Belgium will not be able to import electricity from
neighbouring countries during its transition towards energy sustainability.

e Phase budget scenario : This scenario is similar to the basic scenario, except for the investment
during the phases (i.e. the 5-year periods). In this scenario, the investments to install technologies
must be constant in every phase. The purpose is to help politicians to determine a fixed budget to
install new technologies for the transition towards sustainability and analyse the consequence of a fixed
budget in the Belgium energy transition.
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2.1 Pathway optimisation vs Snapshot optimisation

In section 1.2, the EnergyScope Pathway methodology has been explained. The model optimises the total
transition cost while making sure the energy system is operational every five years. In this model, the
representative years are linked together. If a technology is installed in a phase, then it will be available in
the future phases as long as its lifetime is not reached.

However, another way to model the energy transition could be to use a snapshot model for every represent-
ative years. As a reminder, a snapshot model represents the energy system in a target future year. With a
snapshot model, the energy transition could be modelled by using a snapshot model to optimise the energy
system annual cost of every representative year. It is like taking a snapshot of the energy system every five
years and assemble those snapshots together to model the energy transition. Consequently, in this case, the
representative years would not be linked together (see Figure 2.1).

Pathway Snapshot

Optimises Optimises
o nﬁ_n o nﬁ_n oppon _e_e_e.e. opnpan
2015 [*575| 2020 === ... =====1 7050 2015 2020( | --- | |2050

Figure 2.1: Schematic of the pathway methodology and a snapshot methodology. The pathway optimises
the total transition cost and the energy system of the representative years are linked together. The
snapshot optimises separately the energy system annual cost of the representative years and those energy
systems are not linked together in time.

The advantage of a snapshot optimisation is that it takes less time to model the energy transition than the
pathway (~ 5 times faster). Nevertheless, the disadvantage of the snapshot optimisation is that there is
no link between the energy systems in time, which impacts the reality of the modelled transition. Indeed,
the evolution of the installed capacity of technologies is smoother with the pathway than with the snapshot
optimisation, as shown in Figure 2.2 for the CCGTs.

In the snapshot optimisation, between 2030 and 2045, the CCGT capacity decreases, then increases and
finally decreases again. In reality, it would mean that some CCGTs are decommissioned, then 5 years later
some CCGTs are installed to finally be decommissioned after 5 years, which is not realistic.

In the pathway optimisation, realised with EnergyScope Pathway, the CCGT capacity is steady over time.
It is not economically efficient to install some CCGTs to decommission them later. But this conclusion can
only be drawn by the model if it has a perception of time, and if the energy systems are linked together in
time. This is why the pathway optimisation results in a more realistic energy transition than a snapshot
optimisation.

Moreover, in EnergyScope Pathway, the change of some energy sectors during a phase is limited (as explained
in section 1.2) but it can not be in a snapshot optimisation since the representative years are not linked
together. Consequently, the transition strategy changes between the pathway and the snapshot optimisation,
as illustrated in Figure 2.3. In the snapshot optimisation, thermal heat pumps (thHP) are installed as an
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Figure 2.2: Capacity of combined cycle gas turbine (CCGT) operational during the transition with a
pathway optimisation and a snapshot optimisation. The CCGT capacity is steady with a pathway
optimisation but sharp with a snapshot optimisation.

intermediate solution, to substitute the fossil fuels boilers, before being substituted by electric heat pumps
(eHP). However, in the pathway optimisation, no thHP is installed. The model prefers to install the eHPs
as soon as possible because it must take at least 20 years to fully change the low temperature heat sector.
Therefore, the used technologies sometimes differ between the snapshot and the pathway optimisation, which
means that the snapshot optimisation does not accurately approximate the energy transition strategy of a
pathway optimisation.
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Figure 2.3: Capacity of low temperature (LT) heat technologies during the transition with a pathway and a
snapshot optimisation. Thermal heat pumps (thHP) are used in the snapshot optimisation but not in the
pathway optimisation. The energy transition strategy differs.

To conclude, a snapshot optimisation lacks realism and the transition strategy is different from a pathway
optimisation. Therefore, a snapshot optimisation is not a good approximation of the EnergyScope Pathway
optimisation. This reinforces the need of using a pathway model, with a time perception, that optimises the
total transition cost, to realistically model an energy transition.
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2.2 Basic scenario

The basic scenario is a scenario related to the current events in Belgium. A nuclear power phase-out is
planned for 2025. In his PhD thesis, Gauthier Limpens made a hypothesis that only Tihange 3 and Doel
4 (2 GW) will be working in 2025 while the other plants will be phased out between 2020 and 2025. This
hypothesis will be kept in this scenario. Therefore, in this basic scenario, 5.925 GW of nuclear power were
available in 2020, 2 GW will be available in 2025 and then no nuclear power plants will be available.

Belgium is usually a net-importer of electricity. In fact, according to the press release from Elia [14], Belgium
has been an electricity importing country from 2009 until 2019. In this scenario, Belgium is able to import a
limited amount of electricity from neighbouring countries. This amount increases from 25625 GWh in 2025
to 32440 GWh in 2050 (see Table C.2 in G. Limpens PhD thesis [6]).

As explained in section 1.2, the energy system of 2020 is constrained to represent the real Belgium energy
system of 2020. The year 2020 is the starting point of the transition. The characteristics of the 2020 Belgium
energy system are detailed in Appendix A.

In this section, the Belgium energy transition, optimised with EnergyScope Pathway for this basic scenario,
is analysed through two sub-sections. First, in section 2.2.1, the four most important aspects of the optimal
Belgium energy transition, in this scenario, will be analysed. Those four aspects represent the four keys to
transit optimally towards a sustainable energy system in Belgium. Then, in section 2.2.2, the transition of
the energy sectors and the resources used during this transition will be analysed in more details.

2.2.1 Four keys for the Belgium energy transition

This transition scenario is characterised by four major changes in the energy system, or four keys to transit,
in the cheapest way, towards a sustainable energy system in Belgium. The four keys are the following;:

1. During the transition, current technologies are substituted by more efficient technologies.

2. Fossil fuels are substituted by imported electricity, renewable energy and synthetic fuels.

3. The system is electrified to fully use the electricity produced by photovoltaic panels and wind turbines
4. Storage technologies are used to manage the intermittency of renewable energy.

The first key for the Belgium energy transition is the use of more efficient technologies. During the
transition, current technologies are replaced by more efficient technologies. For example, heat pumps and
public transport (e.g. buses, trains and tramways) substitute boilers and cars, respectively, for the demand
of low temperature heat and passenger mobility. Consequently, the used resources decrease from 559 to 309
TWh between 2020 and 2050, even though the end-use demands are foreseen to increase in almost every
sectors. This means that consumers will demand more energy but fewer resources will be needed to supply
this increasing demand thanks to the higher efficiency of new technologies.

More efficient technologies are used because the greenhouse gas (GHG) emissions decrease if fewer resources
are consumed. Consequently, it is easier to respect the GHG emissions limits.

The second key for the Belgium energy transition is the substitution of fossil fuels. The Belgium energy
system in 2020 is based on fossil fuels with only 7% of renewable energy (with the data in Appendix A).
During the transition, fossil fuels are progressively substituted in order to decrease the GHG emitted by
the energy system, as shown in Figure 2.4. Liquide fuel oil (LFO) and gasoline are the first fossil fuels to

27



be replaced between 2020 and 2030. Then, diesel and coal are replaced between 2030 and 2040. Natural
gas (NG) is the last fossil fuel to be replaced. It is the most preferable fossil fuel to use during the energy
transition because it is cheaper and emits less COy per GWh than any other fossil fuels.

In 2050, 78% of the emissions are due to the combustion of non-renewable waste, 14% are due to the use
of wet biomass and 8% are due to the use of wood. As a reminder, all the available non-renewable waste is
forced to be consumed in order to prevent it from being exported.
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Figure 2.4: Fossil fuels are substituted during the energy transition as the COq emissions limit decreases to
reach a sustainable energy system in 2050. Abbreviations : liquid fuel oil (LFO), natural gas (NG).

Figure 2.5 shows what substitute fossil fuels during the energy transition. First, fossil fuels are partially
substituted by renewable energies and imported electricity between 2020 and 2040. Renewable energies are
massively deployed during this period and electricity importation is increased. In 2040, the entire photovoltaic
and wind turbine potential in Belgium is used (59.175 GW of PV panels and 13.5 GW of wind turbines), all
the available electricity from neighbouring countries is imported (29.18 TWh) and all the available biomass
is used (23.4 TWh of woody biomass and 38.9 TWh of wet biomass). The resources used in 2040 are 50%
renewable, 41% fossil and 9% imported electricity.
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Figure 2.5: Fossil fuels are replaced by imported electricity, renewable energy and synthetic fuels.
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Then, between 2040 and 2050, synthetic fuels are used to substitute the rest of fossil fuels except the non-
renewable waste. The used synthetic fuels are hydrogen (Hz2) and synthetic natural gas (SNG). In 2050,
the used resources are 51% renewable, 6% fossil (waste), 32% synthetic fuels and 11% imported electricity.

The third key for the Belgium energy transition is the electrification of the energy system. The
electrification of a sector is the percentage of end-use energy produced in the sector by technologies consuming
electricity.

In 2020, 97% of the produced electricity is used to meet the electricity demand. During the transition, the
heat and mobility sectors are progressively electrified for 3 main reasons :

e The heat and mobility sectors use the electricity produced by photovoltaic (PV) panels and wind
turbines to substitute the fossil fuels used in those sectors.

e It improves the efficiency of the energy system as the technologies, used to electrify the system, are
more efficient than the technologies used nowadays. As an example, the train and tramway are more
efficient than a private car, and an electric heat pump is more efficient than a fossil fuel boiler.

e The peak of electricity produced by PV panels during the middle of a sunny day is more easily absorbed
if more technologies consume electricity. This will be illustrated later.

The energy system electrification is shown in Figure 2.6. Between 2020 and 2040, the maximum potential of
PV panels (59.175 GW) and of wind turbines (10 GW onshore and 3.5 GW offshore) is installed. To meet
the demand when renewable energies are not producing electricity, electricity is imported, 3.2 GW out of the
3.9 GW of CCGTs available in 2020 are kept during the entire transition and industrial gas cogeneration of
heat and power (CHP) are installed (0.9 GW in 2020-2025 and 1.8 additional GW in 2035-2040). With the
massive installation of PV and wind turbines, the production of electricity increases between 2020 and 2040
at a higher rate than the electricity demand (see Fig. 2.6). The excess of electricity is consequently used in
the heat and mobility sectors. In 2050, 26% of the electricity is used to produce low temperature (LT) heat,
2% is used to produce high temperature (HT) heat, 3% is used for passengers mobility and 1% is used for
freight mobility.

Figure 2.7 shows the increase of the sectors electrification. The most electrified sector is the LT heat sector
which is 100% electrified from 2040. This sector is electrified by installing electric heat pumps (eHP) to
substitute the fossil fuel boilers. From 2040, the LT heat demand is entirely supplied by eHPs.

The passenger mobility sector is progressively electrified between 2020 and 2040 until 70% of this sector is
electrified (see Fig. 2.7). Private mobility is electrified by using battery electric vehicles (BEV) while public
mobility is electrified by using the train and the tramway up to their limit (limit previously presented in Table
1.2). Then, between 2040 and 2050, BEVs are replaced by hydrogen cars which decreases the electrification
of this sector (see Fig. 2.7).

The freight mobility sector is only electrified at 25% through trains used up to their limit (limit previously
presented in Table 1.2).

Finally, the high temperature (HT) heat sector is the less electrified sector with only 8.5% of electrification
in 2050 (see Fig. 2.7). The reason is that waste is forced to be consumed and the cheapest way is by using
industrial waste boilers to produce HT heat. Furthermore, as explained earlier, industrial gas CHP is used
to produce HT heat but also electricity which will be used to electrify the other sectors. The HT heat sector
will only be 8.5% electrified by using 5 GW of industrial electric heaters.
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Figure 2.6: Balance of the electricity sector during the energy transition. The production of electricity
increases during the transition as photovoltaic (PV) panels and wind turbines are massively installed. The
excess of electricity will be used in other energy sectors to electrify those sectors. Abbreviations :
Industrial gas cogeneration of heat and power (Ind gas CHP), photovoltaic (PV), combined cycle gas
turbine (CCGT), low temperature (LT), high temperature (HT).
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Figure 2.7: The different energy sectors are electrified during the energy transition. The electrification of a
sector is the percentage of end-use energy produced in this sector by technologies consuming electricity.
Abbreviations : low temperature (LT), high temperature (HT).
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The fourth and last key of the Belgium energy transition is the use of storage technologies to manage the
intermittency of renewable energies. As previously explained, PV panels and wind turbines are massively
installed from 2020 to achieve their potential limit by 2040. The issue with renewable energy is its intermit-
tency. PV panels and wind turbines only produce electricity when the sun is shining or the wind is blowing,
which is not controllable.

In this transition scenario, the intermittency of solar energy is more problematic than the intermittency of
wind energy. Generally, wind energy is available during days where the LT heat demand is high (cloudy/cold
days), whereas solar energy is more available during days where the LT heat demand is low (sunny/warm
days). Moreover, the potential of PV panels in Belgium (59.175 GW) is almost 6 times higher than the
potential of wind turbines in Belgium (13.5 GW). As a consequence, the electricity peak produced by PV
panels during sunny days exceeds the energy demands (electricity demand, electricity for eHP, ...) while the
electricity produced by wind turbines never exceed the energy demands, as illustrated in Figure 2.8.
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Figure 2.8: Electricity balance during a typical sunny and cloudy day in 2050. In the middle of a sunny
day, photovoltaic (PV) panels produce too much electricity compared to the electricity demand and the
demands of other energy sectors, whereas, in the morning and the night, the demand can not be meet with
renewable energy. During a cloudy day, not enough electricity is produced by renewable energy to meet the
energy demands. To meet the demands when renewable energy can not, other technologies are used (e.g.
CCGT, CHP, imported electricity). Abbreviations : electric heat pump (eHP), industrial electric heater
(IEH), electricity end-use demand (eEUD).

Consequently, storage technologies are used to manage the intermittency and the electricity peak of PV
panels (up to 42 GWh in 2050). First, let’s understand how this is managed. The operation of the electricity
and LT heat sector during a typical sunny day in 2050 is represented in Figure 2.9. In 2050, lithium batteries,
decentralised daily thermal storage and DHN seasonal thermal storage are used. Lithium batteries are used
to store the excess of electricity from the solar energy’s peak. This electricity can then be used during the
early morning or the night when solar energy is not available. Additionally, LT heat will be produced by
electric heat pumps (eHP) during the peak of electricity. However, the LT heat demand is low at that time.
This heat will therefore be stored to be used in the early morning and the night.
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Figure 2.9: Energy balance during a typical sunny and warm day in 2050. The peak of electricity from PV
panels is partially absorbed by lithium batteries and by electric heat pumps (eHP). The LT heat produced
by eHPs is not needed since the demand is small when the sun shines. This produced heat will consequently
be stored in thermal storage (T'S) and will be used during the night or early morning when the LT heat
demand is higher. Abbreviations : low temperature (LT), high temperature (HT), district heating network
(DHN), decentralised (Dec), electricity end-use demand (eEUD), heat end-use demand (hEUD).

Furthermore, the different daily storage technologies are not installed at the same moment in the transition,
as shown in Figure 2.10. The first storage that is installed is the pumped hydropower storage (PHS). From
2025 to 2050, PHS will be used up to its maximum potential (6.5 GW).

However, since PV panels are massively installed between 2020 and 2040, more storage is needed. From 2025
to 2040, decentralised daily thermal storage (T'S) and battery electric vehicles (BEV) are deployed to manage
this increase of PV panels (see Figure 2.10). The installation of decentralised daily TS is in parallel with the
electrification of the LT heat sector from 2020 to 2040 explained earlier. Electricity from solar panels can be
used to produce heat and store it to be used later when needed, as explained above in Figure 2.9. Moreover,
BEV batteries play a similar role to lithium batteries in 2050 thanks to the vehicle-to-grid (V2G) concept.
The V2G concept is based on the idea that the battery of electric vehicles can exchange electricity with the
grid. During a sunny day, the BEV can store the excess of electricity and supply the grid afterwards when
it is needed, just like lithium batteries do in 2050.

Then, from 2040, the total capacity of PV panels remains constant (59.175 GW). From 2040 to 2050,
BEVs are replaced by hydrogen cars. Therefore, the electricity from PV panels used in BEVs can be used
elsewhere to further reduce CO5 emissions. As a consequence, lithium batteries substitute the battery of
electric vehicles between 2040 and 2050.
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Figure 2.10: Daily storage technologies are progressively installed during the transition to manage the
installation of PV panels. Abbreviations : battery electric vehicle (BEV), thermal storage (TS),
decentralised (dec), high temperature (HT), pumped hydropower storage (PHS).

The previous paragraphs explained how and when the daily storage technologies are implemented into the
system. Furthermore, between 2020 and 2040, district heating network (DHN) seasonal storage is also
installed up to 1.865 TWh of storage capacity in 2040. This storage is used similarly to the decentralised
daily thermal storage as explained earlier (see Figure 2.9). Moreover, the DHN seasonal storage is also used
seasonally by storing low temperature (LT) heat during the summer to use this heat during the winter when
the demand is higher and PV panels produce less electricity. This is illustrated in Figure 2.11 for the year
2040.
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Figure 2.11: Low temperature (LT) heat stored in DHN seasonal storage over the year 2040. LT heat is
stored during the spring and summer on the right to be used during fall and winter on the left when solar
energy is less available and the LT heat demand is higher.
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2.2.2 Sectors and resources analysis

In the previous section, the four keys for the Belgium energy transition were explained : the use of more
efficient technologies, the substitution of fossil fuels, the electrification of the system and the use of stor-
age technologies. In this section, a more detailed analysis of the sectors and the used resources will be
performed.

Figure 2.12 shows the evolution of the low temperature (LT) heat sector during the transition. From 2020
to 2040, the current fossil fuel boilers are progressively substituted, starting with liquid fuel oil (LFO)
boilers, by 30.5 GW of decentralised electric heat pumps (eHP) and 12 GW of district heating network
(DHN) eHP. Those electric heat pumps are more efficient and electrify completely this sector in 2040.
Furthermore, the DHN is used up to its limit of 37% because it is more efficient and cheaper than decentralised
technologies.
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Figure 2.12: Low temperature (LT) heat production during the transition. Fossil fuel boilers are
substituted by electric heat pumps between 2020 and 2040. Abbreviations : liquid fuel oil (LFO), natural
gas (NG), electric heat pump (eHP), decentralised (Dec), district heating network (DHN).

For HT heat sector, the HT heat production during the energy transition is represented in Figure 2.13. The
boilers used nowadays are replaced by 3.2 GW of waste boilers, to use all the available waste, and by 3.5
GW of industrial gas cogeneration of heat and power (CHP), using natural gas (NG) in the beginning of the
transition and then synthetic natural gas (SNG) at the end of the transition. Additionally, industrial electric
heaters (IEH) are also installed and are used during sunny days to absorb a part of the electricity produced
by PV panels. The maximum installed capacity of industrial electric heater is 8 GW in 2040.

For the passenger mobility, the technologies production are shown in Figure 2.14. Public mobility is increased
as fast as possible to produce 50% of the demand from 2025, which is its limit (limit previously presented
in Table 1.2). This shows the higher efficiency of public mobility compared to private mobility. Moreover,
public mobility is electrified through the tramway and the train that are used up to their limit from 2025
and from 2040 respectively. In private mobility, hydrogen cars are the best option to substitute fossil fuel
cars in the long-term. However, battery electric vehicles (BEV) are used as an intermediate solution, from
2030 to 2050, to decarbonise private mobility at a lower cost than using only hydrogen cars since hydrogen
is expensive.
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Figure 2.13: High temperature (HT) heat production during the transition. Abbreviations : liquid fuel oil
(LFO), natural gas (NG), cogeneration of heat and power (CHP), industrial electric heater (IEH).
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Figure 2.14: Passenger mobility production during the transition. Public transports increases in order to
supply 50% of the demand from 2025. Fossil fuel cars are substituted by hydrogen cars and BEVs. Finally,
in 2050, the only cars are hydrogen cars. Abbreviations : billions of passenger-km (Bpkm), natural gas
(NG), battery electric vehicle (BEV), hydrogen (Hz).

For freight mobility, the technologies used during the transition are shown in Figure 2.15. Diesel trucks are
progressively substituted by trains, NG boats and new trucks. The boat and the train are used to their limit
(30% and 25%) from 2025 until the end of the transition. Hy trucks are deployed from 2025 and supply 45%
of the freight demand by 2045. Nevertheless, some NG trucks are used as an intermediate solution between
2025 and 2045 because they emit less CO9 emissions than diesel trucks and NG is cheaper than Hs.

The deployment of the infrastructure technologies is presented in Figure 2.16. 2.2 GW of hydrolysis infra-
structure are installed between 2020 and 2025 and are used during the rest of the transition to produce
16.5 TWh/year of natural gas (NG) from 38.9 TWh/year of wet biomass. Between 2025 and 2045, steam
methane reforming (SMR) is used to produce Hy from NG because it is cheaper than importing Hs and
hydrogen transports are used from 2025. However, from 2045, Hs is imported because SMR emits too much
CO3. Between 2030 and 2035, 1.7 GW of pyrolysis infrastructure are installed and are used during the rest
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Figure 2.15: Freight mobility production means during the transition. Abbreviations : billions of ton-km
(Btkm), natural gas (NG), hydrogen (Hs).

of the transition to convert woody biomass into synthetic liquid fuel (SLF). This SLF will be used by freight
boats. Finally, between 2040 and 2045, 2.2 GW of gasification infrastructure is installed to convert woody
biomass to natural gas (NG) during the rest of the transition. By the end of the transition, all the available
woody and wet biomass (23.4 and 38.9 TWh [6]) are converted into 32.8 TWh/year of NG and 2 TWh/year
of SLF by gasification, pyrolysis or hydrolysis.
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Figure 2.16: Evolution of the infrastructure technologies capacity during the transition. Abbreviations :
steam methane reforming (SMR), synthetic natural gas (SNG).

The resources used during the transition are shown in Fig. 2.17. Analysing the used resources is a good
conclusion of the Belgium energy transition towards sustainability. The used resources decrease during the
transition because more efficient technologies are used. Furthermore, fossil fuels are replaced by renewable
energy (solar, wind, biomass), imported electricity and synthetic fuels (Hz, SNG). Natural gas (NG) has a
major role to play in the Belgium transition as it is cheap and emits less CO2 than the other fossil fuels.
Solar and wind energy are used to produce green electricity and will drive the energy system electrification.
Biomass is used in infrastructure technologies to convert it into NG and SLF. Hydrogen (Hs) is used in fuel
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cell technologies in the mobility sector. Waste is entirely consumed in waste boilers to produce HT heat.
Finally, SNG is used in boats and buses but also in CCGTs and industrial gas CHP to produce electricity
when solar and wind energy are not available and storage technologies are empty.
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Figure 2.17: Resources used during the transition. Fewer resources are needed throughout the transition as
more efficient technologies are used. Moreover, fossil fuels are substituted by renewable energy, imported
electricity and synthetic fuels. Abbreviations : liquid fuel oil (LFO), natural gas (NG), hydrogen (H2),
synthetic natural gas (SNG).
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2.3 Alternative scenarios

In this section, the three alternative scenarios, described at the beginning of this chapter and further described
in their corresponding sub-section, will be optimised by EnergyScope Pathway and compared to the Belgium
energy transition of the basic case that has just been analysed.

2.3.1 Nuclear scenario

The nuclear scenario is a scenario where there is no phasing-out of the nuclear power plants in Belgium.
It is assumed that the 5.925 GW of nuclear power plants operational today will be operational until 2050.
The purpose of this nuclear scenario analysis is to understand how the nuclear power plants could help the
Belgium energy transition. The resulting transition for this scenario with the EnergyScope Pathway model
will be compared to the basic scenario transition analysed in the previous section. As a reminder, in the
basic scenario, there were no nuclear power plants after 2025 because of the nuclear phase-out.

First of all, in the nuclear scenario transition optimised with EnergyScope Pathway, the 5.925 GW of nuclear
power plants in Belgium are used during the entire transition to produce 44 TWh of electricity every year, as
shown in Figure 2.18. The electricity produced by nuclear power plants substitutes the electricity imported
from 2025 to 2040 in the basic scenario transition, it progressively substitutes CCGTs during the transition,
and it substitutes a part of the industrial gas CHP that was installed during the basic scenario transition
(0.9 GW are substituted in 2020-2035 and 1.3 GW in 2035-2050).
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Figure 2.18: Balance of the electricity sector during the transition when 5.925 GW of nuclear power plants
is operational in Belgium. Nuclear power is used as much as possible (44 TWh of electricity /year). This
Figure can be compared to Figure 2.6 which was the electricity produced and consumed in the basic
scenario transition. Abbreviations : Industrial gas cogeneration of heat and power (Ind gas CHP),
combined cycle gas turbine (CCGT), low temperature (LT), high temperature (HT).

Nuclear power is used firstly because it is financially interesting. In fact, nuclear power plants decrease the
total transition cost by 9% compared to the basic scenario (786 B€ vs 870 B€). The first reason is that
nuclear power plants replace a part of the power plants used in the basic scenario (CCGTs, industrial gas
CHP) which decreases the transition CAPEX. The second reason is that, in the model, uranium has the
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lowest operation cost (0.0039 M€/ GWh) of all the resources. Therefore, using uranium during the transition
reduces the transition OPEX.

Moreover, nuclear power is used during the transition because it emits a very low amount of COs in proportion
to the electricity it produces. To produce 44 TWh of electricity per year from 2020 to 2050, the nuclear
power plants emit 0.43 Mt-COqeq/year, which is very low compared to the rest of the energy system COq
emissions, as shown in Figure 2.19. This represents only 13% of the COy emissions in 2050. Nuclear energy
is therefore compatible with a sustainable energy system in the long-term.

CO2 emissions [Mt-CO,eq]
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Figure 2.19: Fossil fuels are substituted during the transition to decrease the COy emissions, just like in the
basic scenario. Moreover, the COs emissions related to uranium are minor. In 2050, 13% of the COq
emissions come from the use of uranium. Abbreviations : liquid fuel oil (LFO), natural gas (NG).

Furthermore, the installation of photovoltaic (PV) panels and offshore wind turbines is slower in the nuclear
scenario transition than in the basic scenario transition, as shown in Figure 2.20. Indeed, since nuclear power
emits few COy emissions, it can replace a part of the renewable energies in the beginning of the transition.
However, to respect the COg emissions limit in 2050, the full potential of PV panels and wind turbines
is used. It means that a sustainable energy system in 2050 can not be based only on our nuclear power.
Nevertheless, nuclear power plants can slow down the deployment of renewable energy while respecting the
CO5 emissions limits.

The energy system electrification is also slower when nuclear power plants are operational, as shown in
Figure 2.21. As it was explained for the basic scenario transition, the electrification of the system follows
the deployment of renewable energy in order to absorb the electricity peak from PV panels and decrease the
CO4 emissions in other sectors than the electricity sector. Since PV panels and offshore wind turbines are
installed more slowly in the nuclear scenario, the energy system electrification can also be slower. However,
at the end of the transition, the system electrification is higher than in the basic scenario. This is due to the
fact that more electricity can be produced cheaply while respecting the COs emissions limit because of the
nuclear power plants. The mobility sector is more electrified by substituting half of the hydrogen cars with
battery electric vehicles (BEV). The high temperature (HT) heat sector is also more electrified in 2050 as
3.6 more GW of industrial electric heaters is installed compared to the basic scenario.
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Figure 2.20: Installed capacity of offshore wind turbines and photovoltaic (PV) panels during the transition
divided by their maximum potential in Belgium. The available nuclear power plants in Belgium allow
photovoltaic (PV) panels and offshore wind turbines to be installed more slowly
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Figure 2.21: The different energy sectors are electrified more slowly in the nuclear scenario, except the
freight mobility sector. Nevertheless, the passenger mobility and the HT heat are more electrified at the end
of the transition. The electrification of a sector is the percentage of end-use energy produced in this sector
by technologies consuming electricity. Abbreviations : low temperature (LT), high temperature (HT).

In conclusion, nuclear power plants decrease the total transition cost by 9% because nuclear energy is a
cheap way to produce electricity. Nuclear power plants also allow to take more time to change the system
into the sustainable energy system of 2050 as the installation of PV panels, the installation of offshore wind
turbines and the electrification of the energy sectors can be slower. Consequently, the nuclear power plants
available today could be a real asset to facilitate the Belgium energy transition and are compatible with a
sustainable energy system since the emissions related to nuclear energy are minor.
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2.3.2 Zero Imported Electricity scenario

The Zero Imported Electricity scenario is a scenario where Belgium would make the transition without
importing electricity from neighbouring countries. This scenario is useful because there are two strong
assumptions on the imported electricity in the EnergyScope Pathway model.

The first one is the carbon footprint of this electricity. In the model, the COs emissions related to the
imported electricity decreases during the transition until reaching carbon-neutral electricity imports in 2050.
This comes from an assumption that the neighbouring countries, from where electricity is imported, will also
transit towards a sustainable energy system by 2050.

The second assumption is its availability. In the model, the imported electricity is available at any time.
The issue is that imported electricity is needed when solar and wind energy are low. It is likely that foreign
countries, assumed to transit towards sustainability, will also face this problem during the same days as
Belgium and will therefore not be able to sell electricity to Belgium.

The two assumptions are actually contradictory. Either electricity will be available when Belgium needs it
but it will not be carbon neutral, or the opposite. This is why it is pertinent to model and analyse an energy
transition where Belgium does not import electricity.

Figure 2.22 illustrates what technologies will be used in order to replace the electricity imported in the basic
scenario. The best economical solution is to replace the imported electricity of the basic case by combined
cycle gas turbines (CCGT) and industrial gas cogeneration of heat and power (CHP) between 2020 and
2040, and only by CCGTs between 2040 and 2050. CCGTs will use natural gas until 2050 when they would
switch to synthetic natural gas. Consequently, 2.4 additional GW of industrial gas CHP is needed from 2025
to 2035 and the capacity of CCGTs needed in Belgium in 2050 would be 13.6 GW compared to 3.9 GW for
the basic case.

Moreover, the total transition cost will increase by 5% compared to the basic scenario (912B€ vs 870B€).
This also shows the utility that nuclear power plants could have in the Belgium energy transition. Nuclear
power plants could substitute the imported electricity since 44 TWh/year of electricity can be produced
from nuclear power plants and the maximum amount of electricity imported in the basic scenario is 32.4
TWh/year in 2050.
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Figure 2.22: The most cost-effective way to substitute the imported electricity is with industrial gas
cogeneration of heat and power (CHP) and combined cycle gas turbines (CCGT).
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2.3.3 Phase budget scenario

The phase budget scenario is a scenario similar to the basic scenario except that the CAPEX of the phases
must be constant during the transition. The model is however free to choose the constant phase CAPEX in
order to minimise the total transition cost. The purpose of this scenario is to give an order of magnitude
for a 5-year budget that the politicians could set to install new technologies required to transit towards a
sustainable energy system in Belgium. The purpose is also to analyse how the energy transition will change
if a constant budget is used.

Figure 2.23 shows the constant budget in this scenario compared to the CAPEX of the phases in the basic
scenario. The optimal constant budget (i.e. the budget that minimises the overall transition cost) seems
to be 95.15B€ per phase. In the basic scenario, the CAPEX decreases during the transition as the major
investments are made in the beginning. If a budget needs to be respected, then the CAPEX of the phase
2020-2025 is too high. As a consequence, some technologies will have to be deployed later. This is mainly the
case for photovoltaic (PV) panels and offshore wind turbines. The massive installation of those technologies
is delayed by 5 years, as shown in Figure 2.24.

Moreover, since the PV panels installation is delayed by 5 years, less electrification of the system is needed
during the transition. This results in a smaller electrification of the passenger mobility sector and of the
high temperature (HT) heat sector during the transition, as shown in Figure 2.25. In the passenger mobility
sector, the lower electrification results from fewer battery electric vehicles (BEV) deployed. The reason is
that there is less need for the battery of those cars to cope with the electricity peak from PV panels as fewer
PV panels are installed, compared to the basic scenario, from 2025 to 2040. In the high temperature (HT)
heat sector, fewer industrial electric heaters are installed for the same reason, namely that less electricity
from PV panels needs to be absorbed by the energy system in the middle of a sunny day.
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Figure 2.23: Capital expenditure (CAPEX) of the transition phases during the basic scenario and the
phase budget scenario. In the phase budget scenario, the CAPEX of the phases must be constant. The
optimal phase budget is 95.15B€ which is higher than the CAPEX of every phase in the basic scenario
except the first one.
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Figure 2.24: Installed capacity of offshore wind turbines and photovoltaic (PV) panels during the transition
divided by their maximum potential in Belgium. The installation of offshore wind turbines and PV panels
is delayed by 5 years in the phase budget scenario as the budget is too low to allow their installation
between 2020 and 2025. During that period, it is preferred to install other technologies with the budget.
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Figure 2.25: The electrification of a sector is defined as the amount of energy produced by technologies
consuming electricity in the sector divided by the total energy produced in this sector. During the
transition, the electrification of the passenger mobility sector and the high temperature (HT) mobility
sector is lower in the phase budget scenario than in the basic scenario.
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Chapter 3

Uncertainty quantification

In the EnergyScope Pathway model, the input parameters are fixed and assumed perfectly known. Neverthe-
less, in reality, every parameter is uncertain. There are two types of uncertainties: aleatory and epistemic.
Aleatory uncertainties are due to the natural variation of a parameter and can not be decreased, while epi-
stemic uncertainties are due to the lack of knowledge on the parameter and can therefore be decreased. We
can take as an example the wind speed in a certain location. Wind speed varies naturally and could never
be predicted with perfect precision, but we could measure the wind speed in that specific location to have
more knowledge about it, and thus better predict it (i.e. decrease the epistemic uncertainty).

In his PhD thesis, Stefano Moret provides a detailed uncertainty characterisation for the parameters of the
EnergyScope TD model [7]. This uncertainty characterisation was obtained with a novel application-driven
uncertainty characterization method for strategic energy planning problems, developed by Stefano Moret [7].
This method characterises the uncertainty range of parameters using various different data in the literature.
Appendix C presents the uncertainty characterisation he realised for the EnergyScope TD parameters and
more details about his novel method. Moreover, because of the data scarcity, in the literature, on the
probability density function of those parameters, the uncertain parameters are characterised by a uniform
distribution with the range from Appendix C.

The parameter uncertainties must be propagated through the model in order to compute the uncertainty
on the Belgium energy transition (i.e. its statistical moments). This will be realised using an uncertainty
quantification (UQ) method which will use the uncertainty characterisation in Appendix C. Finding the
statistical moments provides a more detailed picture than the over-conservative "worst-case scenario", often
used in engineering cases. Indeed, in designing problems, worst-case analysis and safety factors are often used
because of their simplicity of use. However, it often leads to over-designing. Taking into account uncertainties
provides a true system optimisation and a more precise picture of the model output uncertainty. This is why,
in this master thesis, a method computing the statistical moments of a model output is preferred.

The Uncertainties will be propagated through the Simplified EnergyScope Pathway model, and not through
the EnergyScope Pathway model, to decrease the computational time required. As a reminder, the Simplified
EnergyScope Pathway model is similar to the EnergyScope Pathway model but has a time step of 10 years
instead of 5 and is therefore 5 times faster (as explained in section 1.3).

Moreover, it is also important that the chosen UQ method can provide a sensitivity analysis of the different
uncertain parameters. There is two types of sensitivity analysis: a local sensitivity analysis (LSA) and a
global sensitivity analysis (GSA). In a LSA, the parameters are varied one at a time, while, in a GSA, the
parameters are varied simultaneously to take into account their synergies. However, more model evaluations
are required to perform a GSA. Therefore, a LSA has a low computational time but does not take into
account the interactions among the different parameters, whereas a GSA has a high computational time but
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takes into account those interactions.

In his PhD thesis [7], Stefano Moret reviewed multiple applications of sensitivity and uncertainty analysis
methods to energy models. One of his conclusion is that global sensitivity analysis (GSA) methods are
still limited in the energy field. LSA are generally preferred because of their lower computational cost.
Nevertheless, in the case of an energy model or pathway model, there are interactions among the different
parameters. Therefore, according to S. Moret, it is important to perform a GSA with energy models, instead
of a LSA, in order to analyse correctly the influence of the parameter uncertainties. This is why the chosen
UQ method will also perform a GSA in order to analyse which parameters drive the uncertainty on the
energy transition cost.

Consequently, the purpose of this chapter is to analyse the uncertainty on the Belgium energy transition cost
due to the uncertainties on the input parameters. The purpose is also to analyse what parameters drive this
uncertainty to know where to focus on acquiring more knowledge to decrease the uncertainty on the Belgium
energy transition.

In section 3.1, multiple potential UQ methods will be presented and compared in order to choose the most
interesting one. Then, in section 3.2, the chosen UQ method (i.e. the polynomial chaos expansion method)
will be described in more details. Finally, in section 3.3, the results of an uncertainty and global sensitivity
analysis on the Belgium energy transition will be analysed. Results on the use of a polynomial chaos
expansion method with an energy model will also be analysed.

3.1 Different uncertainty quantification methods

This section will briefly describe different UQ methods and will compare them according to the following
criteria:

e The model is considered as a black box : Using the model as a black box means that the
formulation of the model dos not have to change for the UQ method to work. The UQ method works
only with the inputs and outputs of the model. In the case of the EnergyScope Pathway model, which
is coded in AMPL, it will be much more convenient to use the model as a black box with a UQ method
coded in something more common like python.

e Number of evaluations required : The Simplified EnergyScope Pathway explained above is still
an expensive-to-evaluate model. An evaluation takes around 250 seconds. Therefore, the number of
evaluations required to perform the UQ is crucial, as it will be illustrated.

e Post-processing cost : The post-processing cost is the computational cost required after the model
evaluations are performed. For example, calculating the statistical moments is in the post-process
and has a computational cost. A low post-processing cost will be preferred to reduce the overall
computational cost.

3.1.1 Monte-Carlo method

The Monte-Carlo Method is an easy-to-implement method and is robust since convergence is always reached.
The basic principle is to pick randomly the input parameters, according to their distribution, and evaluate
the model output. To do this, the probability density function of each parameter needs to be specified. This
is repeated until convergence is reached, meaning for example that for five successive iterations the difference
between the mean and the cumulative mean, accounting for every iteration before the last one, is below
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a threshold (1% of the mean). Convergence could also be reached if the maximum number of iterations
(fixed) is surpassed but the first criteria has not been validated yet. Then the data must be post-processed
to calculate the statistical moments.

The Monte-Carlo Method has been commonly used with energy systems because of its simplicity of use
[15-18]. Although this method is simple and robust, it is inefficient for expensive-to-evaluate models since it
requires 10 — 10° evaluations to ensure convergence, as pointed out in [19-21]. For example, the Simplified
EnergyScope Pathway model that will be used for the uncertainty quantification (UQ) has an evaluation
time of around 250 seconds. If 10% samples are needed for the UQ, it would take 29 days to compute the
statistical moments of the Simplified EnergyScope Pathway output.

3.1.2 Latin Hypercube Sampling method and Sobol’ sequences

An alternative to the Monte-Carlo method would be to use a more efficient sampling technique than Monte-
Carlo. A famous one is Latin Hypercube Sampling (LHS). For example, Wang et al. used this method to
do a robust optimisation of an energy system in Stockholm [22].

While Monte-Carlo sampling is based on pure randomness, Latin Hypercube Sampling aims at organising
the random sampling. The principle of LHS is to divide the uncertain parameters into different intervals with
equal probability and select a point in each interval. The points can be selected randomly in the interval or
non-randomly (in the middle of the interval for example).

While in Monte-Carlo sampling many points are needed to ensure having the global feature of the out-
put function, in LHS the global feature can be obtained with fewer points since we ensure to take points
representing the entire distribution of the parameters. It allows finding the output distribution with fewer
evaluations [22].

Other sampling techniques exist such as low discrepancy quasi-random sequence. According to S. Burhenne
et al., the discrepancy metric was defined by Ilya M. Sobol’ and is the mazimum deviation between the
theoretical density dy = 1/N and the point density d; in an arbitrary hyper-parallelepiped (P;) within the
parameter space (hypercube) [23]. Having a low discrepancy means that the sample points will explore
more the multi-dimensional space. The discrepancy in the exploration of the multi-dimensional parameter
space is a good criterion to assess the performance of a sampling method (i.e. its ability to explore the
multi-dimensional space) [23].

One example of low discrepancy quasi-random sequences is the Sobol’ sequences [23,24]. Sobol’ sequences
provide a better space-filling than Monte-Carlo and Latin Hypercube Sampling [23,24]. Therefore, a sampling
method based on Sobol’ sequences will need fewer model evaluations than Monte-Carlo and Latin Hypercube
Sampling to obtain the same accuracy.

Nevertheless, according to L. Chrisman [25], when your model has multiple probabilistic inputs, the conver-
gence rates for LHS start looking more like those for Monte Carlo. Since the Simplified EnergyScope Pathway
model has a lot of uncertain parameters, LHS will tend to have a similar order of computational cost as
Monte-Carlo. Furthermore, M. Roberts show in [24] that for high dimensional problems, the Sobol’ sequence
is not guaranteed to be better than random sampling like Monte-Carlo because of the curse of dimensionality.
Therefore, as an assumption, the number of model evaluations for the uncertainty quantification (UQ) with
LHS and Sobol’ sequences will be approximated as having the same order of magnitude as Monte-Carlo
(10* — 10%).

To conclude, when dealing with expensive-to-evaluate models, a sampling-based method, such as the three
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described above, is often not appropriate because it requires too many evaluations [19]. Instead, surrogate
modelling has gained popularity in the last three decades as a solution for the uncertainty quantification of
complex and expensive-to-evaluate models [20,21, 26, 27].

3.1.3 Surrogate modelling

The principle of surrogate modelling is to fit a simplified model to the model response around a reference
point. In other words, the purpose is to find a function f that approximates the function f (i.e. the model
output). This surrogate/simplified model needs fewer model evaluations to be computed than the number of
model evaluations needed for uncertainty quantification (UQ) with a sampling-based approach (e.g. Monte-
Carlo, LHS, Sobol’ sequences). This surrogate model is also much cheaper to evaluate than the model.
Therefore, this surrogate model f can be used to approximate the model output of a set of samples and
quantify the uncertainty of the model output at a lower cost than with a sampling-based approach.

A certain number of evaluations of the model is required to build the surrogate model. The points where
the model must be evaluated are selected using a sampling technique. A couple of sampling techniques were
described just above to use them as a UQ method, but they could also be used simply as a sampling technique
for surrogate modelling. They will be used to select the points where the model must be evaluated, and
then the surrogate model will be created with those evaluations. Afterwards, this surrogate model must be
evaluated in many more points in order to find the distribution of the model output based on the distribution
of the model inputs.

A type of surrogate modelling is Gaussian Process Modelling, also known as Kriging [28]. This method
is well known for allowing the data to speak more for themselves. Indeed, in other surrogate models, a
specific function is fit to approximate the response of the model. Nonetheless, in Kriging the approximation
of the model response is more form-free. The model is evaluated in several points (x1,x2, ..., x,) with the
corresponding model output y = (y1,¥2,...,yn). Then a covariance function is used to obtain the impact
of each evaluation on another point we want to estimate. This covariance function can then be used to
approximate the output y, of any points x, [28].

An example of covariance function would be the "squared exponential" :

—(z — )2

o > —&-a,%d(:r,x')

k(z,2') = UJ% exp <
where a]% is the maximum allowable covariance, [ is the length parameter, §(z,z") is the Kronecker delta
function to take care of the noise in the data, and o,, another parameter.

The best estimate for the output g, of a point z, and the uncertainty of this estimate are respectively
calculated as followed
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The drawback of this method is that some parameters of the covariance function need to be optimised. In
the example above, we need to assign values to oy, 0, and [. Since these parameters will change the results,
they need to be chosen carefully. This is actually an optimisation problem that requires a multivariate
optimisation algorithm and adds non-negligible post-processing cost [28|.

Moreover, the kriging method suffers from the curse of dimensionality, meaning that the number of needed
model evaluations increases exponentially with the number of uncertain parameters.

Another type of surrogate modelling is Polynomial chaos expansion (PCE) [29]. PCE is convenient
to use with different energy systems [20,21,27,30] and has a very small post-processing cost because the
uncertainty quantification can be carried out directly after the construction of the surrogate model f , as
explained below.

The principle is to represent the model in an orthogonal basis of polynomial functions ¥; :
M(&) = M(E) =) u¥i(€) (3.1)

with M the real model output, M the surrogate model output, & = (&1, &2, ..., &q) the independent uncertain
parameters, and u; the coefficient of the orthogonal polynomial ¥;.

The model is evaluated in several points. Then, those evaluations are used to find the unknown coefficients
u; by applying a least square minimisation.

One advantage of the PCE is that the approximated mean p and variance o2 of the model can be calculated
with the coefficients, without additional post-processing cost, as follows :

= ug o = Zu? (3.2)

The higher moments could also be calculated using the coefficients wu;, but it is more costly because the
number of terms increases exponentially. Furthermore, the mean and variance are sufficient to describe the
output uncertainty for this application.

Another advantage of the PCE is that the global sensitivity analysis can be easily achieved by calculating
the Sobol’ indices with the coefficients u;. For example, the total-order Sobol” indices quantifying the global
sensitivity of an uncertain parameter on the output can be calculated as

P
SPPC= 3w Yk AT =aeAla; >0 (3.3)
=1

i
aeA?

Nevertheless, PCE suffers from the curse of dimensionality which is inconvenient with an expensive-to-
evaluate model with a lot of input parameters. However, several solutions have been developed to counteract
this when using a PCE. One of them is to use the sparsity of the different polynomials to decrease the number
of model evaluations needed [31].
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3.1.4 Other methods

Other methods exist to quantify the uncertainty of a model output. For example, Fuzzy programming and
Bayesian approach seem to have good potential with expensive-to-evaluate functions and have been used
several times with energy system models [32-35].

Nevertheless, in all the references cited above, those methods were implemented in the model itself and not
around the model to use it as a black box which violate the first criterion to select the desired uncertainty
quantification method. Because of the scarcity of literature on the use of fuzzy programming or Bayesian ap-
proach considering the model as a black box, those two methods are deemed inconvenient with the Simplified
EnergyScope Pathway model.

3.1.5 Final choice

The comparison of the different methods with the different criteria is presented in Table 3.1. The PCE
method is the chosen method to take uncertainties into account with the Simplified EnergyScope Pathway.
Sampling-based methods require too many evaluations. The fuzzy programming and the Bayesian approach
does not seem to consider the model as a black box. Finally, the PCE method has been chosen over the
Kriging method because, in Kriging, there is an additional optimisation problem that increases the post-
processing cost. Nevertheless, the PCE still suffers from the curse of dimensionality. Therefore, the use of
sparsity will be required.

Table 3.1: Comparison of the different UQ methods according to important criteria. The criteria are
presented in section 3.1. In this case, it is desired to consider the model as a black box, to require the fewer
model evaluations as possible and to have a low post-processing cost.

Mothods Model as a | Number of: model Corrgsponding Post-processing

black box evaluations time® cost

Monte-Carlo YES 10* — 106 29 - 2900 days low

Latin Hypercube YES 10* — 106° 29 - 2900 days low

Sobol sequencing YES 10* — 1060 29 - 2900 days low

PCE YES 103¢ 3 days low

Kriging YES O(PCE)? ~ 3 days high
Fuzzy programming NO / / /
Bayesian approach NO / / /

“Time to evaluate the Simplified EnergyScope Pathway with the required number of model evaluations.

®Same order as Monte-carlo. This assumption is discussed in section 3.1.2

“Based on the uncertainty quantification conducted in section 3.3.2 with 34 uncertain parameters.

9This is an assumption that has been made because PCE and Kriging are two surrogate modelling methods, and it is not
the number of evaluations that will distinguish the two methods in this case.

In the next section, the PCE method will be described in more details. For its further application, an
open-source® PCE method, developed in python by Diederik Coppiters, will be used.

#Available through the following link : https://rheia.readthedocs.io/en/latest/
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3.2 PCE method

The polynomial chaos expansion (PCE) is a method that can propagate uncertainties through a model M,
that follows the relation

y= M) (3.4)

with y the quantity of interest (Qol) and & = (21,2, ...,x3s)” the M inputs of the model. For example, in
this master thesis, the model M is the Simplified EnergyScope Pathway, y is the Total Transition Cost and
@ is the vector of input parameters (e.g. technologies cost, resources cost, solar irradiance).

In reality, the input parameters are subject to uncertainties. The quantity of interest is a random variable
Y that depends on the random input parameters &:

Y = M(&) (3.5)

Furthermore, even if all the input parameters of the model are subject to uncertainties, not all input para-
meters will be taken into account for the uncertainty quantification. This would be computationally too
expensive. In this master thesis, some input parameters are considered uncertain and form the vector &.
The other parameters are fixed and assumed perfectly known.

3.2.1 Construction of the Polynomial Chaos Expansion

The PCE approximates the model response by a series of orthogonal polynomials ¥; [29], such that
M(€) ~ (&) = 3 uti(€) (3.6)

with M the surrogate model, u; the coefficients of the polynomials, & = (&1,&a, ...,&y) the vector of inde-
pendent uncertain parameters and d the number of uncertain parameters.

The orthogonal polynomials ¥; are multivariate polynomials because they can depend on multiple variables
&;. Those multivariate polynomials are a product of univariate orthonormal polynomials [29]:

d
Vo (€) = [[v{(&) (3.7)
=1

with @ = (a1, ..., ag) a multi-indices (or a tuple) which is an ordered list of integers. A univariate polynomial

{@Z)](:), k € N} is defined according to the statistical distribution of the i-th uncertain parameters. In this
master thesis, all uncertain parameters follow a uniform distribution. Legendre polynomials are the polyno-
mials used with uniform variables [29]. In addition, Legendre polynomials must be normalised, so that the

univariate polynomials w&? form a Hilbertian basis:

Type of variables ~ Orthogonal polynomials Hilbertian basis 1y ()

Uniform #4(—1,1) Legendre Py(z) Py(z)// ﬁ

Moreover, the index «; of the univariate polynomial w((fi) represents the order of the Legendre polynomial.
Therefore, the order of a multivariate polynomial W (&) is equal to the sum of the indices «; of the tuple
a.

20



The table above is for variables following a standardised uniform distribution. However, in practice, some
variables follow a non-standardised uniform distribution. The random vector & must first be transformed
into a set of reduced variables U through an isoprobabilistic transform [29]:

£§=TU) (3.8)

so that

—

.
M(&) = MoT(U) = wt(U) (3.9)
=0

Any variable &; following a uniform distribution U(a,b) can be transformed into a variable U; following a
standardised uniform distribution (-1, 1) as follows:
§i—a

Ui = —_ (3.10)

For the sake of simplicity, the stochastic parameter will still be designated by £ in this master thesis, but
this isoprobabilistic transform must be kept in mind when building a PCE.

In theory, an infinite series (P = oo in equation 3.6) will exactly represent the model but it is computationally
intractable. Therefore, in practice, a truncated series is used [29]. The truncated series consists of all
polynomials ¥, up to a certain order p. It means that only the polynomials ¥, (&) of order p or less are kept
in the truncated series of order p. In other words, the truncated series is the following [29]:

d
ME = > ualal€) A ={aeN: o =Y a; < p} (3.11)
i=1

acAdp

The number of polynomials is the number of tuples a that respects the condition |a| < p, which is:

d+p\ (d+p)!
p ) dp

card AP = < (3.12)

The number of polynomials depends on the order p of the PCE and on the number of stochastic parameters
d. If we say that this number is equal to P + 1, then equation 3.11 is similar to equation 3.6. Moreover, the
number of polynomials is also the number of coeflicients ;.

To compute the coefficients u; of equation 3.6, a least square minimisation is applied as follows [29]|. The
Qol Y (see Eq. 3.5) can be represented by the following equation:

.
Y = M(E) = > ui(€) +¢ (3.13)
=0

with e the residual error (i.e. the error between the exact model and the PCE model). In order to determine
the coefficients u;, a sample set of points X = {x®,i = 1,...,n}, with () = (SY), ...,fc(;)), is created by a
latin hypercube sampling (LHS) method or a Sobol’ sequences method, presented in section 3.1.2. Then,
the model is evaluated in each points of X and the results are stored in a vector

y = {yW = M(@W),...y™ = M(z™)}" (3.14)
From Eq. 3.13, the vector y respects the following equation:

y=Au+e (3.15)
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with e = (e1,...,&p) the vector of the residual errors and A the information matriz calculated as follows
[29]: .
A={4;=v"), i=1,.,n, j=0,..,P} (3.16)

A least square minimisation is then applied to obtain the coefficients u; which minimise the mean square
error:

1=
0 = in = ‘ 3.17
W=arg min - ;_1 £ (3.17)

This results in solving the following equation [29]
a = {1, Uy, ...,up}T = (ATA)'ATy (3.18)
Consequently, the approximation y of the model response and the residuals & are:
y=Au e=y-—y (3.19)

The number of needed samples to do the least square minimisation is at least P + 1 (i.e. the number of
unknowns u;). An empirical rule of thumb is to take 2 to 3 times more samples than P in order to avoid
overfitting [29,31]. This occurs when the model fits well the provided samples but can not accurately predict
the quantity of interest (Qol) of other points.

3.2.2 Curse of dimensionality

The number of samples, with the rule of thumb mentioned above, is

(d+p)!

which increase exponentially when the order p of the PCE or the number of uncertain parameters d increases,
as shown in Figure 3.1 with the number of uncertain parameters d. Therefore, there is a trade-off between
the accuracy of the PCE and the computational time. The higher the order p, the more precise the PCE is
but the more computationally expensive it is to build (because more samples are needed).

Number of samples
10000 -

8000 A
6000
4000 ~

2000+

0 20 40 60 80 100

Number of uncertain parameters d

Figure 3.1: The number of samples increases exponentially with the number of uncertain parameters.
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3.2.3 Leave-one-out error

The Leave-one-out (LOO) error of the PCE is a measure of the accuracy of the PCE to predict the quantity
of interest (Qol) [29]. The idea behind the LOO error is to build a PCE with the provided samples where
one point is set apart, and then evaluate the difference between the evaluation of the Qol in this point with
the model and with the built PCE. For example, let’s say that the point @ is set apart from X and a PCE,
denoted by M\\i, built with the sample set X \sc(i). The predicted residual error is then

A = M(z®) = MV (D) (3.21)
The LOO error is then defined as
— 1 <&
E ==y A? 3.22
rLoOO n ; i ( )

Nevertheless, this would be computationally expensive since a PCE must be built for each point of the
sample set X'. The LOO error can actually be computed using only one PCE. Indeed, it can be demonstrated
that [29]

M(z®) — M(z®)
1—h;
where h; is the i-th diagonal term of matrix A(ATA)~1AT and M is the only PCE that must be built. In

practice, a normalised version of the LOO error is used:

R 1 1+160Ch |\ & [ M(x®) — M(z®) ?
€Loo = < Var[)] ) Z ( 1= h (3.24)

=1

A = M(xD) — MVi(z®) = (3.23)

with Cepp = 27 W and tr(+) the trace. A rule of thumb specifies that the PCE is a good surrogate model if

T n

eroo < 0.01 [29].

3.2.4 Post-processing

One advantage of the PCE is that, once the coefficients u; are computed, the mean p and standard deviation
o of the Qol can easily be calculated as
p=up (3.25)

P
o = Z u? (3.26)
i=1

Moreover, a global sensitivity analysis (GSA) can be realised with the coefficients wu;, and therefore without
additional cost [29]. The purpose of a GSA is to quantify which input parameters or combinations of
input parameters explain the most the variance of the Qol. This GSA can be carried out by calculating the
contribution of the stochastic parameters to the variance. This contribution can be quantified through the
Sobol” indices which are easily calculated with the coefficients u;. The total-order Sobol’ index SiT of the
i-th stochastic parameter is calculated as follows

P
SE= > u/d ui Al ={acA™]a;i>0} (3.27)

acAl  i=l

and represent the total impact of a parameter on the variance of the Qol [29].
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3.2.5 Stepwise regression method for building a sparse PCE

The PCE suffers from the curse of dimensionality, as explained previously. When increasing the number of
uncertain parameters, the number of samples that must be evaluated by the model increases exponentially.
Therefore, the number of uncertain parameters is limited by the computational time we can afford.

One solution to circumvent this issue is to build a sparse PCE instead of a full PCE. A full PCE is a PCE
constituted of every polynomial ¥, with o € A%P, as explained before. Whereas, a sparse PCE is only
constituted of the most important polynomials to predict the Qol.

The idea behind a sparse PCE is that some multivariate polynomials ¥; are more important than others to
predict the quantity of interest (Qol), just like some parameters have more impact than others on the Qol.
Consequently, some multivariate polynomials could be removed, without influencing much the prediction of
the Qol, and only the most important multivariate polynomials will be kept. By doing so, the PCE would
be constituted by fewer multivariate polynomials, therefore fewer coefficients u; should be calculated, which
means that fewer sample points should be evaluated by the model. Consequently, the computational time
can be significantly decreased.

In order to build such a sparse PCE, S. Abraham et al. developed and published in 2017 a robust and efficient
stepwise regression method for building sparse polynomial chaos expansion [31]. This stepwise regression
method will be used in this master thesis to build a sparse PCE instead of a full PCE when needed.

The flowchart of this stepwise regression method is represented in Figure 3.2. It is divided into three phases
: an initialisation phase, a first forward step and a loop combining a forward-backward step [31].

The first phase is the initialisation phase. The model is evaluated in n samples, with n a user-defined constant
depending on the available computational resources. The model outputs are then stored in a vector y.

The next step is a first forward step, to add the first multivariate polynomial ¥; to the sparse PCE. All
multivariate polynomials up to a user-defined degree p are part of a pool of candidate basis function ¥;.
Each candidate basis function is assessed individually by building a one-predictor PCE for each ¥;. It means
that if there are P+ 1 candidate basis function ¥;, then P+ 1 one-predictor surrogate models are constructed
independently from each other:

M;(€) = u;w;(€) j=0,..,P (3.28)

with M\j the j-th one-predictor surrogate model. These one-predictor surrogate models are solved, i.e.
the coefficients u; are calculated with Eq. 3.18. The best candidate basis function ¥;« is then found as
follows [31]:

. lag|

jt=argmax;§ ———,7=0,...,,P (3.29)

’ { V(a,)

with V(u;) the variance of the coefficient wj;, which is also, by definition, the i-th diagonal term of the
variance-covariance matrix of @ [31]:

cov(n) = o2(ATA)! (3.30)

with o2 the variance of the error.

Thereafter, the best predictor ¥« enters the surrogate model and is removed from the pool of candidate ;.
The current residual e; is then updated using Eq. 3.19.

The last phase consists of a loop constituted of a forward step followed by a backward step. The forward step
follows the same procedure as the first forwards step, aside from the fact that the one-predictor surrogate
models are no longer fitted on the response y but on the current residual €;.
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Figure 3.2: Flowchart of the stepwise regression method for building a sparse PCE. This Figure comes from
the article written by S. Abrahams, et al. (2017) [31]. A first forward step determines the best multivariate
polynomial and adds it to the sparse PCE. Then a loop of forward and backward step is realised to add the
most relevant multivariate polynomials to the sparse PCE. When the stopping criterion is met, the sparse
PCE contains the most important multivariate polynomials to approximate the response of the model of
interest.

The backward step is then needed because the inclusion of a new polynomial ¥; to the surrogate model might
affect the importance of the polynomials that are already in this surrogate model [31]. The backward step
consists of calculating the confidence interval of the coefficients u;, that are already in the surrogate model,
with [31]:

u; € |U; £ Z[l—a/2]\/V(ﬂi)] (331)

where 2(1_q /9] is the 1 — a/2 quantile of the standard normal distribution. In this master thesis, a 95%
confidence level (a = 0.05) will always be considered for this confidence interval (the same « was considered
in the article of S. Abrahams, et al. [31]). If the confidence interval of a coefficient u; includes zero, then the
associated polynomial ¥; is removed from the current surrogate model.

After the forward and backward step, the current residual &; is updated using Eq. 3.13. This forward-
backward step continues until a stopping condition is met. The stopping condition is met if the number of
iterations reaches the number of samples evaluated by the model, or if the mean of the residual errors of the
current iteration is below 0.01 or is equal to the same value during the last five iterations.

At the end of this stepwise regression method, the sparse PCE surrogate model is built with the most
important polynomials ¥; to predict the response of the exact model.
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3.3 Results

In section 3.3.1, the influence of the sparsity on the PCE accuracy, with an energy model, will be analysed.
The purpose is to find which sparsity can be used to compute an accurate PCE with an energy model.
Then, in section 3.3.2, an uncertainty analysis will be performed for the Belgium energy transition. The
purpose is to analyse what is the uncertainty on the energy transition cost and what parameters are the
main contributor to this uncertainty.

3.3.1 Sparse PCE accuracy with energy models

A stepwise regression method for building a sparse polynomial chaos expansion (PCE) was explained in
section 3.2.5. This method constructs the most accurate PCE possible with the limited computational time
we can afford. The purpose of this section is to analyse the influence of sparsity on the accuracy of the build
PCE with an energy model.

The EnergyScope TD model is used to analyse the different sparsity as the Simplified EnergyScope Pathway
model is computationally too expensive for this analysis. An analysis was performed with two sets of
uncertain parameters, both accounting for the resources price and availability, the technologies price, the
end-use demands and the renewable potential. One set is composed of 15 uncertain parameters and the
other one of 31 uncertain parameters. The set of 31 uncertain parameters is actually a more detailed set
but the same input parameters are changed in the model in both sets. As an example, in the set of 15
uncertain parameters, one parameters ¢_op_local represents the uncertainty on the price of local resources
such as biomass, waste and coal. All those local resources price depend on this parameter. Whereas, in the
set of 31 uncertain parameters, the parameters ¢_op_local is divided into 3 parameters : ¢_op_ biomass,
c¢_op_waste and ¢_op_coal. Therefore, the same parameters are varied in both sets but, in the set of 31
uncertain parameters, more synergies between the uncertain parameters will be taken into account.

In order to analyse the influence of sparsity, an uncertainty quantification on the EnergyScope TD model
was performed for both sets of uncertain parameters and for different levels of sparsity, going from 90% of
sparsity to a full PCE. As a reminder, a sparsity of 90% means that the model is evaluated 90% less times
than to build a full PCE.

Figure 3.3 shows the influence of the sparsity on the mean and variance of the model output (i.e. the total
cost of the energy system). From those results, a sparse PCE with a sparsity of 60% or less gives an accurate
approximation of the mean and variance, as the error made compared to a full PCE is below 1%. This means
that, to compute an accurate approximation of the mean and variance of the model output, the model could
be evaluated 60% less times than for a full PCE.

Furthermore, the influence of the sparsity on the LOO error is shown in Figure 3.4. With both sets of
parameters, the LOO error decreases with sparsity. However, interestingly, the LOO error of any sparse
PCE with the set of 31 uncertain parameters is lower than the LOO error of a full PCE. It means that
any sparse PCE with that set of uncertain parameters will more accurately predict the model output than
a full PCE. This result may be due to some noise in some polynomials of the full PCE. A sparse PCE is
only composed of the most important polynomials as explained earlier. It is possible that the other less
important polynomials, depending therefore on the less impacting uncertain parameters, are wrong about
the weight of those parameters on the model output. If it is the case, then those parameters would just be
noise to the prediction of the model output by the PCE. A sparse PCE will therefore eliminate that noise
and thus predict more accurately the model output. No similar results were found in the literature, but this
explanation was discussed with D. Coppitters which is familiar with the use of PCE on energy models as
he is an author of multiple papers on this domain [20,21,27|. He confirmed that this result can happen for
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some uncertainty quantification on energy models for the explained reason. This would also explain why this
results stands for the set of 31 uncertain parameters but not for the set of 15 uncertain parameters. Since
the small set represents the same model parameters, but one uncertain parameter stands for multiple model
parameters, then the uncertain parameters influence more the model output and this influence can therefore
be easier detected and modelled by the PCE.

Relative difference between sparse and full [%]

10 —— mean 31
—— std dev 31
-== mean 15
-—- std dev 15

8 -

6 4
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2 -
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0 N

Sparsity [%] PCE

Figure 3.3: Difference between the mean and standard deviation when using a certain level of sparsity for
the PCE or a full PCE. Two sets of uncertain parameters were used : one of 15 and one of 31 uncertain
parameters. If a sparsity of 60% or less is used, then the error on the mean and standard deviation is below
1% compared to the ones with a full PCE.

With the set of 31 uncertain parameters, the LOO error is always over 0.01, which does not respect the rule
of thumb that a PCE predicts accurately the model output if its LOO error is below 0.01. However, the
PCE could be deemed accurate enough as a compromise between the PCE accuracy and the computational
time required. In order to build a more accurate PCE, a higher order should be used. In this case, increasing
the pce order by one would require 11 times more model evaluations which is not affordable. One could say
that with the computational time he can afford, a PCE with a LOO error below 0.2 or 0.3 could be accurate
enough.

Moreover, with the set of 31 uncertain parameters, from a sparsity of 50%, the LOO error remains constant
at 0.013. Therefore, it would be useless to take a sparsity lower than 50%. Consequently, depending on the
affordable computational time, sparsity can be used but it is not necessary to go below 50% even if it is
affordable as the prediction of the model output will be similar.

In conclusion, when the mean and variance of the model output are the value of interest, up to 60% sparsity
can be used. However, when the prediction of the model output is of interest, the PCE could not predict
accurately the model according to the rule of thumb. In that case, it is up to the decision-maker to make a
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compromise between the accuracy of the PCE and the computational time.
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Figure 3.4: Leave-one-out (LOO) error depending on the level of sparsity of the PCE and on the number of
uncertain parameters.

3.3.2 Uncertainty analysis on the Belgium energy transition

34 uncertain parameters &; are taken into account for the uncertainty analysis with the Simplified Energy-
Scope Pathway model and the PCE method explained above. A focus was made on the resources price and
availability, the technologies price, the renewable potential, the end-use demands (EUDs), the technologies
efficiency and the availability of solar and wind. The list of the 34 uncertain parameters taken into account
can be found in Appendix C.2.

First, let’s focus on the sensitivity analysis of the uncertain parameters on the phase costs. As a reminder, the
cost of a phase is the sum of the OPEX and CAPEX cost of that phase (see Eq. 1.3 and 1.7). The sensitivity
analysis is performed by computing the total Sobol’ indices (see Eq. 3.27) of the uncertain parameters for
each phase cost. As a rule of thumb, a parameter is deemed important if its total Sobol” indice, during at
least one phase, is bigger than 1 divided by the number of uncertain parameters. Figure 3.5 shows the total
Sobol’ indices of the most influencing parameters for each phase. Those parameters are described in Table

3.2.

Between 2020 and 2030, the uncertainty of the phase costs is mostly due to the uncertainty of the fossil fuel
prices with the parameters ¢_op fossil _other and ¢_op_fossil _car. During this phase, the system is still
based on fossil fuels (62% in the basic scenario of section 2.2) which explains this high dependence. Moreover,
the uncertainty on the cost of the 2020 2030 phase also depends on the characteristics of old technologies,
such as the price of old transport technologies and the efficiency of mature and standard technologies. It
illustrates that the system is still based on old technologies since it is the beginning of the transition.
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Table 3.2: Description of the parameters that contribute the most to the uncertainty on the energy system
cost during the phases.

Parameter name Description Uncertainty range from
nominal value

c_op_fossil other price of natural gas (NG), liquid fuel oil (LFO) and uranium  [—47.3% ; 89.9%]
[47.3% ; 89.9%]
c_op_elec price of imported electricity [—47.3% ; 89.9%]
[ ]

¢_op_fossil car price of diesel and gasoline

c¢_op_synfuels price of hydrogen (Hs), synthetic natural gas (SNG) and [-47.3% ; 89.9%
synthetic liquid fuel (SLF)

c¢c_inv. TR old price of new technologies for passenger and freight mobility [—21.6% ; 21.6%]

c¢_inv_TR_ new price of old technologies for passenger and freight mobility [-39.6% ; 39.6%]

eff mat_std efficiency of mature and standard® technologies [—5.7% ; 5.7%]

eff new std efficiency of new and standard® technologies [—20.8% ; 20.8%)]

EU 1 industry end-use energy demand [-10.5% ; 5.9%]

“A technology is classified as mature or new based on its stage of development and is classified as standard or custom
based on its level of customisation. For example, a fossil fuel boiler is a mature and standard technology as the technology is
well-known nowadays and it is not a customised good. On the contrary, a hydrogen car is a new and customised technology.

Total Sobol’ indices [/ ]
i 05 0.49

0.43 I 2020_2030
0.4 I 2030_2040
N 2040_2050

0.4

0.3 1
0.2 1
0.14
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0.0 -
c_op_fossil_other c_inv_TR_new c_inv_TR_old eff _mat_std EU_I eff_new_std ¢ op_elec c_op_synfuels

c_op_fossil_car
Uncertain parameters

Figure 3.5: Total Sobol’ indices of the parameters contributing the most to the uncertainty on the energy
system cost during the transition phases. Total Sobol” indices are calculated with equation 3.27. From 2020
to 2050, the most contributing parameters switch from fossil fuels and old technologies to new technologies
and resources.
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Between 2030 and 2040, the uncertainty cost is mainly due to the uncertainty on the price of fossil fuels
other than diesel and gasoline, and on the investment cost of new transportation technologies. This means
that fossil fuels are still a major part of the energy system between 2030 and 2040. It is coherent with the
analysis of the basic scenario in section 2.2 where natural gas (NG) is the main resource used during that
phase. However, the mobility sector makes its transition towards sustainability between 2030 and 2040 as
the model invests in new transport technologies during that phase.

Between 2040 and 2050, the uncertainty cost is mainly due to the uncertainty on the synthetic fuels price.
As explained in section 2.2, from 2040 the remaining fossil fuels are substituted by synthetic fuels to decrease
the COg2 emissions. Moreover, the price of new transport technologies and the efficiency of new and standard
technologies also drive the uncertainty of the 2040 2050 phase cost. It means that between 2040 and 2050,
the energy system is based on new technologies and resources.

Moreover, the imported electricity is contributing to the uncertainty on the energy system cost during
multiple phases. Firstly, electricity is imported during the entire transition as explained in the basic scenario
analysis in section 2.2. Secondly, the price of imported electricity has a high uncertainty range (see Table
3.2). This explains the significant contribution of the uncertainty on the imported electricity price.

From this uncertainty quantification, the 99% confidence interval for the phase costs was computed and is
shown in Figure 3.6. The energy system cost decreases with time because of two reasons. Firstly, 1€ today
is worth more than 1€ in 2050. Secondly, the cost of the new technologies installed during the transition is
assumed to decrease with time because more knowledge on them will be available.

On the other hand, the uncertainty on the cost of the phases increases with time as the 99% confidence
interval grows from a range of 101 B€ in 2020-2030 to a range of 173 B€ in 2040-2050 (see Fig. 3.5).
The uncertainty range from the nominal value is therefore +12.7% in 2020-2030 and increases to +38.5% in
2040-2050. This proves that uncertainties are important on the Belgium energy transition cost and must be
taken into account.

The first reason is that the prices of the fossil fuels used nowadays have a wider range of uncertainty than
the price of synthetic fuels that must be used in the future. Indeed, fossil fuels price and synthetic fuels price
have the same percentage of variation from their nominal value (see Table 3.2) but synthetic fuels are more
expensive than fossil fuels which result in a wider range of uncertainty.

The second reason is that the price of the technologies used today is less uncertain than the price of the new
technologies deployed during the transition. The uncertainty on the energy system cost will consequently
increase as new technologies substitute old technologies during the transition.

To conclude, this analysis gives a clue on what uncertainties are the most important to decrease to add ro-
bustness to the Belgium energy transition. The focus should be to decrease the uncertainty on the new tech-
nologies, and especially the new transport technologies, by acquiring more knowledge on fuel-cell transport,
electric transport and natural gas transport for example. This will decrease significantly the uncertainty on
the cost of the transition phases since the uncertainty on those technologies is one of the main drivers.

The focus should also be to decrease the uncertainty on fossil fuels and synthetic fuels as they are strongly
influencing the uncertainty of the phase costs. However, the prices of imported fuels are difficult, if not
impossible, to predict. In his PhD thesis [7], S. Moret illustrates that the forecasts on fossil fuel prices were
overestimated by a factor of 2.95 in 2005. Consequently, decreasing the uncertainty on the imported fuels
will be complicated. Nevertheless, there is one way to decrease the uncertainty on synthetic fuel prices:
produce them locally. The problem with that is there is not enough available local resources to produce the
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amount of synthetic fuels needed for the Belgium energy transition, as analysed in the last chapter. Decrease
the uncertainty on the fossil and synthetic fuel prices will therefore be more complicated than decrease the
uncertainty on the new technologies cost.
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Figure 3.6: Mean and 99% confidence interval of the cost of the transition phases. The cost of the phases
decreases during the transition but the uncertainty of the cost of the phases is increasing during the
transition as the confidence interval becomes larger with time.
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Chapter 4

Robust optimisation

The total transition cost is very sensitive to uncertainties as illustrated in the last section. This means
that the deterministic energy transitions analysed in chapter 2 could be fragile. A fragile optimum is an
optimum where a slight variation of the input parameters could drastically increase the objective function.
This optimum is therefore strongly influenced by the input parameter uncertainties. In opposition to a fragile
optimum, a robust optimum is an optimum little influenced by uncertainty. A fragile energy transition is an
issue because the goal is to transit optimally towards a sustainable energy system whatever the uncertainties.
The best energy transition is a transition that minimises the total transition cost and is little influenced by
uncertainties to ensure that the total transition cost will not vary much from what is expected.

In order to find such an energy transition, both the mean and the variance of the total transition cost need
to be minimised. This results in a multi-objective optimisation problem. Multiple methods exist to solve a
multi-objective optimisation problem. In their work, G. Chiandussi et al. describe different methodologies
for multi-objective optimisation [36].

Moreover, in a multi-objective optimisation problem, improving one objective is often done at the expense
of others. As a consequence, the solution of a multi-objective optimisation problem is not one best solution
but a Pareto front of the best solutions. The Pareto front is constituted of points that minimise both the
mean and variance but are a trade-off between these two objectives, as it will be illustrated later.

In his PhD thesis [7], S. Moret reviewed applications of robust optimisation to energy models. Based on
his review, he concluded that robust optimisations of energy systems are still limited. Robust optimisations
are typically limited to specific cases or sectors (often the electricity sector) and consider only a subset of
parameters. In general, this is due to the difficulty to incorporate uncertainties in the complex formulation of
the deterministic model. In response to that, S. Moret developed a novel robust optimisation framework for
strategic energy planning [7]. However, his robust optimisation framework is realised by changing the formu-
lation of the energy model. In practice, it would be much more convenient to use a framework that considers
the energy model as a black box. This framework could therefore be easily used with any model.

Moreover, the energy models reviewed in S. Moret’s PhD thesis are snapshot models and not pathway models.
As it was explained at the beginning of chapter 1, a snapshot model optimises the energy system over a
year or a certain period of time, whereas a pathway model optimises the overall energy transition from the
current energy system to the energy system of a target year. Literature on robust optimisations of energy
pathway models is actually scarce. The reason might be that energy pathway models are generally expensive
to evaluate and therefore not suitable for robust optimisation.

Two applications were still found. N. Zhao and F. You used a data-driven multistage adaptive robust
optimisation approach with machine-learning to perform a robust optimisation on the New York State’s
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electricity transition planning [37]. However, the robust optimisation is performed only on the electricity
sector which hides the synergies with the heat and the mobility sectors. Moreover, C. Nicolas et al. analysed
robust energy transition pathways for global warming targets [38]. However, the model they used is the
TIMES Integrated Assessment Model (TIAM-Word) which is based on the TIMES model. This TIMES
model optimises only the investment cost and not the hourly operation according to the energy models
review performed by G. Limpens [6].

Consequently, the literature review shows the need for a methodology to perform a robust optimisation of an
energy transition pathway model, considered as a black box if possible. Therefore, a novel robust optimisation
framework has been developed in order to identify the technologies that make the energy transition more
robust. The robust optimisation framework aims at performing a robust optimisation of an expensive-to-
evaluate model and managing the curse of dimensionality. It will be illustrated that it is complicated to do
but not totally impossible.

In section 4.1, the robust optimisation framework will be presented. Then, in section 4.2, results on robust
optimisations of the Belgium energy system will be analysed. The robust optimisation framework was able
to identify some robust technologies in some sectors, but it will be illustrated that the curse of dimensionality
is difficult to manage when performing a robust optimisation on an energy pathway model.

4.1 Robust optimisation framework

The robust optimisation framework must optimise both the mean and variance of the total transition cost in
order to build the Pareto front of these two objectives. Figure 4.1 illustrates a typical Pareto front that could
be obtained as an example. The Pareto front is constituted of points that can not be surpassed. It means
that there is no point with a lower mean and a lower variance than any points in the Pareto front.

Variance

-""'0-0-..-..

>
Mean
Figure 4.1: Typical Pareto front that could be obtained. The Pareto front illustrates the trade-off between

the two objectives: if one objective needs to be lowered, then the other objective will increase. No point is
better than another, it is on the user to chose which point is better for his application.

One of the most popular multi-objective optimisation algorithm that builds a Pareto front of the objectives
is the nondominated sorting genetic algorithm II (NSGA-II) [39]. To build the Pareto front, this algorithm
uses a population of individuals. An individual is a point whose coordinates are the decision variables of the
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optimiser. The purpose of NSGA-II is to find the decision variables that minimises both the mean and the
variance to build the Pareto front. This is done by reiterating a five steps method until the Pareto front is
found or the user wants the process to stop [39]. Those five steps basically consist of evaluating the objectives
of each individual, keeping the best individuals and finally applying a genetic algorithm (GA) to complete
the population with new and better individuals. This process is iterated a number of times (user-choice)
to find the Pareto front. For the sake of simplicity, an open-source constrained NSGA-II code®* has been
used. A constrained NSGA-II is a NSGA-II where the decision variables are subject to constraints. It will
be explained later why some constraints are required.

For the NSGA-II to work, the mean and variance of the total transition cost must be evaluated with the
decision variables of each individual. This will be done by using a polynomial chaos expansion (PCE) as it
was done in the previous chapter.

ROBUST OPTIMISATION FRAMEWORK

e ettt T et o
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Figure 4.2: Ideal version of the robust optimisation framework. The robust optimisation framework
optimises a population of m individuals. Uncertainty quantification is performed for each individual to
compute its mean and variance with its corresponding vector of decision variables @ (dotted green frame).
Then, the multi-objective optimisation algorithm NSGA-II performs its five steps method to fill the
population with better individuals. The process is then reiterated as much time as the user wants. In the
end, the individuals form a Pareto front of the mean and variance of the total transition cost.
Abbreviations : polynomial chaos expansion (PCE), total transition cost (TTC).

The robust optimisation framework is presented in Figure 4.2 and works in the following way. The population
of NSGA-II is composed of m individuals and each individual is a point in the decision variables space:

20 = (2 40 iel,..m (4.1)

n

with m the number of individuals and n the number of decision variables. For each individual i, its mean and
variance are computed by first fixing its decision variables (:L'(’)) in the Simplified EnergyScope Pathway. As

#Can be found at : https://github.com/yansen96/NSGA-II
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an example, let’s say that the decision variables are the installed capacity of photovoltaic (PV) panels in 2030
(x1), in 2040 (x2) and in 2050 (z3). If the i-th individual is characterised by the following vector of decision
variables (® =(10GW, 30GW, 20GW), then the capacity of PV panels in the Simplified EnergyScope
Pathway is fixed to 10GW in 2030, 30GW in 2040 and 20GW in 2050.

Afterwards, an uncertainty quantification is performed for the i-th individual in the same way as it was
explained in the last chapter: the Simplified EnergyScope Pathway is evaluated in a number ¢ of uncertain
parameters samples €. Then, the total transition cost TT'C of each uncertain parameters sample is used
to construct a PCE, as described in section 3.2.1. The mean and variance of the total transition cost with
the decision variables of the ¢-th individual are directly computed from the constructed PCE with equation
3.25 and 3.26. This process is performed for each individual independently. Afterwards, the population is
changed by NSGA-II which tries to found better sets of decision variables, as explained before. Then, this
new population follows the exact same steps. This optimisation loop is repeated as many times as the user
wants to finally obtain a Pareto front.

Nevertheless, this framework is computationally unaffordable. For example, if 100 iterations are needed to
find the Pareto, if the population is constituted of 20 individuals, if 15 parameters are considered uncertain
for the uncertainty quantification and the PCE used is a second-order PCE, then the robust optimisation
will take at least 393 days. This is due to the computational cost of the uncertainty quantification needed
for each individual at each iteration. An uncertainty quantification with 15 uncertain parameters requires
68 model evaluations in this case. If each evaluation takes 250 sec, the uncertainty quantification of one
individual will take 4.75 hours and this must be performed for each individual in every iteration. This simple
example illustrates the curse of dimensionality that is often present when dealing with robust optimisation
coupled to energy models, especially energy pathway models.

To circumvent this issue, the Simplified EnergyScope Pathway is replaced by another model which is compu-
tationally more affordable. The chosen approach is to use a surrogate model to approximate the Simplified
EnergyScope Pathway model. As a reminder, a surrogate model is a function f that approximates the model
response and has a much lower computational cost. For the sake of simplicity, the chosen surrogate model
in the robust optimisation framework is the PCE since its implementation was already done for the uncer-
tainty quantification. In practice, the surrogate model must approximate the output response depending on
the decision variables & and the uncertainty parameters €. The robust optimisation framework with this
adaptation is illustrated in Figure 4.3.

Let’s take an example to better understand this final version of the robust optimisation framework. Let’s
say that the purpose is to do a robust optimisation of the passenger mobility sector. The purpose is to
identify which technologies in this sector can make the energy transition more robust. Therefore, the decision
variables x of the multi-objective optimisation could be the installed capacity of those technologies during the
transition. The uncertain parameters £ relative to this sector could be the cost of those technologies and the
cost of the resources used by those technologies. The purpose of the surrogate model will be to approximate
the response of the model depending on those decision variables and those uncertain parameters. To do so,
a PCE is used to approximate the total transition cost depending on the installed capacity of the passenger
mobility technologies (x) and on the uncertain parameters related to this sector (&) :

M(e) = Zui%(e) €= (€1, ey €ay T, oy Tn) (4.2)

This PCE will be called the Big PCE in the rest of this master thesis to distinguish this PCE from the PCE
that must be built for each individual to compute their mean and variance. When the Big PCE is built, it
can replace the Simplified EnergyScope Pathway in the robust optimisation framework (see Fig. 4.3). Then,
for each individual ¢, the Big PCE will be evaluated in ¢ samples where the uncertain parameters £ are
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Figure 4.3: Final version of the robust optimisation framework. A polynomial chaos expansion (PCE),
named Big PCE, is built to approximate the Simplified EnergyScope Pathway response depending on the
uncertain parameters §; ¢ and the decision variables x1 . ,. The Big PCE is then used, instead of the
Simplified EnergyScope Pathway, in the optimisation loop. Then, the same steps as in the robust
optimisation framework in Figure 4.2 are performed in order to build the Pareto front.

varied but the decision variables are fixed to the ones of the evaluated individual (9. Another PCE is then
built based on those evaluations in order to compute the mean and variance of the total transition cost of
the corresponding individual. This is done for each individual, a new population is created by NSGA-II and
the process is reiterated. In the end, the Pareto front is built and the robust technologies are identified by
analysing the decision variables of the points in the Pareto front.

Furthermore, the decision variables of the multi-objective optimisation must be defined. The best option
that was found is that the decision variables are the maximum technologies capacity (fmqz) that can be
operational during the transition instead of the installed capacity (F') during each representative years. The
installed capacity of a technology during the transition will be limited by this decision variables f,q. with
the following constraint in the model:

F(y,i) < fmaz(1) y € YEARS\{2020}, i €« TECHNOLOGIES (4.3)
There are two reasons for this choice:

1. The maximum installed capacity were preferred over the installed capacity during the three representat-
ive years because three times less decision variables are needed for every technologie. More technologies
can therefore be considered for a robust optimisation with this choice.

2. If the installed capacities during each representative year are the NSGA-II decision variables, then the
coordinates of an individual could result in an unrealistic transition. As an example, if the installed
capacity of wood boilers during each representative year are decision variables, then an individual could
have a capacity of 0 GW in 2030, 40 GW in 2040 and 0 GW in 2050. Nothing guarantees that the
40 GW of wood boilers will be used. If they are not, then 40 GW of wood boilers will be installed
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for nothing. Choosing the maximum installed capacity of technologies as decision variables gives more
freedom to the model and does not constraint a technology to be installed for nothing.

Moreover, a methodology has been developed to identify which technologies are important to take as decision
variables for the robust optimisation that will be performed in section 4.2. The methodology is fully described
in Appendix D.3. The purpose of this methodology is to take as decision variables the technologies that
impact the most the energy transition in order to perform a meaningful robust optimisation.

Furthermore, each decision variable (i.e. the maximum capacity of technologies) is limited by a certain range
which is an approximation of the capacity required by this technology to supply the entire demand of its
sector. For example, the maximum capacity of trucks is limited to 70 Mtkm /h, which is the approximated
capacity required by one type of truck to supply the truck share of the freight mobility demand during a
year (see the methodology described in Appendix D.3).

Finally, the purpose of a robust optimisation is to identify what technologies must be installed to decrease
the variation of the energy transition cost due to uncertainties. Therefore, when performing an uncertainty
quantification of an individual, the transition strategy should not change much between two model eval-
uations. The same technologies must be used in every model evaluations to simulate a real-life situation,
where we install technologies and we don’t know how the parameters will vary from their nominal value but
we want to minimise the variation of the energy transition in any case. To ensure it, the decision variables
are also constrained by NSGA-II to force a little the technologies that will be used in the transition. The
decision variables of a same category (e.g. boilers, cars, buses, trucks, ...) are constrained to limit the sum
of their capacity to that individual limit. Let’s take the example of the trucks: the maximum capacity of
every type of truck is limited to 70 Mtkm/h (see appendix D.3). Therefore, a NSGA-II constraint forces the
sum of the maximum capacity of trucks to be smaller than or equal to 70 Mtkm/h. With this constraint,
the trucks that can be used during the transition are limited. Otherwise, if an individual has its maximum
capacity of trucks all equal to 70 Mtkm/h, then different model evaluations for this individual could result
in different transition strategies where different trucks are used.

4.2 Results

This section analyses the results obtained from robust optimisations with the robust optimisation framework
explained above. This section also illustrates the difficult trade-off between the robust optimisation accuracy
and the computational time when performing a robust optimisation with an energy pathway model. First,
a simple case will be presented as an illustrative example to better understand the robust optimisation
framework and the following results. Then, two robust optimisations will be performed on the overall energy
system in order to analyse what technologies improve the robustness of the energy transition. The difference
between the two robust optimisations is that one will use a sparse Big PCE and the other one a full Big
PCE to compare the two.

4.2.1 Simple case

In this case, only the uncertainty on renewable energy are taken into account and the decision variables are
the maximum capacity of photovoltaic (PV) panels, onshore wind turbines and offshore wind turbines. Table
4.1 resumes the uncertain parameters and the decision variables of this case.

The Pareto front of the mean and variance of the total transition cost for this robust optimisation problem
is shown in Figure 4.4. This Pareto front is coherent since the energy transition that minimises the standard
deviation is an energy transition without PV panels and without wind turbines since they are strongly
impacted by the uncertainties. On the other hand, the energy transition that minimises the mean is a
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Table 4.1: Uncertain parameters and decision variables of the simple robust optimisation problem

performed in this sub-section.

Name Description Range

Uncertain parameters §;
cpt_ren hourly availability of solar and wind energy  [-11.1% ; 11.1%]
c_inv_ PV Price of photovoltaic (PV) panels [—39.6% ; 39.6%)
c¢_inv_wind Price of onshore and offshore wind turbines  [-21.6% ; 22.9%]

Decision variables x;

fmaz(PV) maximum capacity of PV panels [0GW ; 59.175GW]
fmaz(WIND ONSHORE)  maximum capacity of onshore wind turbines [0GW ; 10GW]
fmaz(WIND OFFSHORFE) maximum capacity of offshore wind turbines [0GW ; 3.5GW]

transition where the full potential of PV panels and wind turbines can be installed.
with the analysis of the different deterministic scenarios, in section 2.2 and 2.3, where PV panels and wind
turbines are used up to their full potential in every scenario.
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Figure 4.4: Pareto front of the robust optimisation problem, resumed in Table 4.1, where the mean and
standard deviation of the total transition cost are the objectives to minimise. Not using photovoltaic (PV)
panels and wind turbines minimises the standard deviation as the only uncertainties are on renewable
energy. However, to minimise the mean, the maximum capacity of those technologies is their potential in

Belgium.

4.2.2 Robust optimisation on the overall Belgium energy transition

The purpose of this section is to identify which technologies improve the robustness of the energy transition
in Belgium. The purpose is also to compare the use of a sparse Big PCE and a full Big PCE.

The uncertain parameters ;, for this robust optimisation, are resumed in Appendix D.1 and represent the
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resources price and availability, the technologies price, the end-use demands, the technologies efficiency and
the hourly availability of solar and wind energy. The decision variables z;, of the robust optimisation, are
the maximum capacity of technologies obtained from the methodology described in Appendix D.3. Those
decision variables are resumed in Table D.2 of this Appendix. Furthermore, some storage technologies were
removed from the Simplified EnergyScope Pathway to decrease its computational cost. This is explained in
Appendix D.2.

Based on those uncertain parameters and decision variables, two robust optimisations were performed : one
where the Big PCE is a full PCE and one where it is a 50% sparse PCE. The 50% sparse Big PCE is built
with the same decision variables as the full Big PCE but NSGA-IT will only modify the decision variables
x; that have a non-zero polynomial in the Big PCE as only those variables will influence the output. In
other words, if none of the multivariate polynomials ¥; depending on a variable x; is part of the sparse Big
PCE, then this variable x; will not be a part of the robust optimisation since changing its value will have no
influence on the total transition cost approximated by the sparse Big PCE.

First, let’s analyse the accuracy of the full and the 50% sparse Big PCE to predict the Simplified EnergyScope
Pathway output. Two methods were used to assess their accuracy. The first method is the LOO error
described in section 3.2.3. As a rule of thumb, a PCE predicts accurately the Simplified EnergyScope
Pathway output if its LOO error is below 0.01. The LOO error of the full and the 50% sparse PCE is
respectively 0.013 and 0.012. Consequently, the two Big PCE does not respect the rule of thumb. However,
as explained in section 3.3.1, there is a trade-off between the accuracy of the PCE and the computational
time. Improving the accuracy of the PCE would result in a drastic increase of the computational time which
is not affordable.

In this case, the Big PCE is of order 2 and is constituted of 54 parameters (19 uncertain parameters and 35
decision variables). The number of model evaluations to build a full PCE is therefore 3080 with equation
3.20. Taking a mean time of 250 seconds for one evaluation of the Simplified EnergyScope Pathway model,
the time required to evaluate 3080 samples will be 9 days. In order to improve the accuracy of the PCE,
and therefore decrease the LOO error, a PCE of order 3 instead of 2 could be used. In that case, 58520
model evaluations will be required which results in a computational time of 171 days. This is unaffordable.
Moreover, with a third-order PCE and a computational time limit of 9 days, the number of parameters
that would be allowed is 19. This illustrates the trade-off between the computational time, the Big PCE
accuracy and the number of parameters (uncertain parameters + decision variables) that can be taken into
account.

The second method to assess the accuracy of the two Big PCEs is the comparison of the Big PCE output
to the Simplified EnergyScope Pathway output in random samples. 1000 random samples of the uncertain
parameters and the decision variables were evaluated by the Simplified EnergyScope Pathway model and the
Big PCEs in order to compare the total transition cost of those two models. The histograms of the error
made by the full and the 50% sparse Big PCE are presented in Figure 4.5. To assess the accuracy of the two
Big PCE, the root mean square of the error is computed. The root mean square of the errors are respectively
1.36 and 1.28 for the 50% sparse and the full Big PCE. Even root mean square below 1% would have been
preferred, those two Big PCEs are deemed accurate enough because of the trade-off illustrated above.
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Figure 4.5: Histogram and Kernel smoothing of the error made by a full and 50% sparse Big PCE on 1000
random samples compared to the Simplified EnergyScope Pathway model. The root mean square of the
Big PCE error is also written. The Full Big PCE approximates more accurately the Simplified
EnergyScope Pathway output as the range of the error and the root mean square of the error are smaller
than with a 50% sparse Big PCE.

The Pareto fronts resulting from the robust optimisation problem are presented in Figure 4.6 and Figure 4.7
with a 50% sparse Big PCE and a full Big PCE respectively. The real points are also present for the two
extreme points of the Pareto front. Real points are obtained by performing an uncertainty quantification on
the Simplified EnergyScope Pathway model with the decision variables of the corresponding point.

Concerning the use of a 50% sparse Big PCE, the Pareto front is unfortunately not accurate (see Fig. 4.6).
Indeed, the real points are far from their corresponding point in the Pareto. Moreover, one of the two real
points dominates the other as it has a lower mean and standard deviation. This means that building a Pareto
front using a sparse PCE does not give correct results. A sparse Big PCE is therefore inappropriate for the
Big PCE of the robust optimisation framework.

Concerning the use of a full Big PCE, the Pareto front is better (see Fig. 4.7). The real points are a Pareto
front since neither of the two dominates the other. Nevertheless, those two points are closer than expected.
The difference between the two is very small (0.3% for the mean and 0.6% for the standard deviation).
Therefore, the gain of robustness between the less and most robust point is small.

Between those two points, six decision variables are varying significantly. The variation of those decision
variables is presented in Figure 4.8. Based on those results:

e Hs trucks and NG buses are more robust than electric trucks and diesel buses, respectively, as they
decrease the standard deviation of the total transition cost.

e Diesel boat adds robustness to the energy transition. The rest of the boat share is supplied by NG
boat.
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Figure 4.6: Pareto front of the mean and standard deviation of the total transition cost with a 50% sparse
Big PCE. For the extreme points of this Pareto front, the real mean and standard deviation with the
corresponding decision variables were computed with an uncertainty quantification on the Simplified
EnergyScope Pathway (red crosses). The Pareto front is not accurate since the two real points are not a

Pareto.

Standard deviation [B€]

108 -

106 -

104 -

102 -

100 -

98 1

@ Pareto point

X Real point
T X
S X

840 850 860 870 880 890
Mean cost [B€]

Figure 4.7: Pareto front of the mean and standard deviation of the total transition cost with a full Big
PCE. For the extreme points of this Pareto front, the real mean and standard deviation with the
corresponding decision variables were computed with an uncertainty quantification on the Simplified
EnergyScope Pathway (red crosses). The Pareto front is tighter in reality but the real points are a Pareto.



Nevertheless, it is important to remember that the two real points are close to each other. The 99% confidence
interval of the total transition cost only decreases by 0.6% between the point with the minimum variance
and the point with the maximum variance (514 B€ and 517 B€). Therefore, Hy trucks, NG buses and diesel
boats are in fact only slightly more robust than electric trucks, diesel buses and NG boat.
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Figure 4.8: Ratio between the f,4, and its maximum value for the technologies with a variation bigger
than 30% between the two real points of Figure 4.7. For example, the real point with a standard deviation
of 99.8 B€ has a fa.(Ha truck) = 61.7 = 0.88 - 70 Mtkm /h with 70 Mtkm/h the limit of fy,4, (Ha truck).
Hy truck, NG bus and diesel boat add robustness to the energy transition.

In conclusion, the robust optimisation framework reaches partially its purpose but only when using a full Big
PCE. The robust optimisation framework manages the curse of dimensionality and identifies some robust
technologies. However, in the results presented above, the real Pareto front is tight as the more robust and
the less robust point are close to each other. It means that the robust optimisation framework did not find
an energy transition strategy that is significantly more robust than others. Moreover, only three robust
technologies were identified. This is not much, but the robust optimisation framework can still be improved
and has interesting potential to identify more robust technologies, as discussed in the next chapter.
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Discussion

This section discusses the validity of this master thesis results and provides areas for improvements that
could be assessed in future works.

Data for the Belgium energy transition

First of all, all the data used for the EnergyScope Pathway input parameters come from the PhD thesis
of Gauthier Limpens [6]. He provides a complete database, based on multiple works in the literature, for
the parameters required to represent the Belgium energy transition. However, the data are always subject
to improvement if better sources are found. This is why Gauthier Limpens fully describes the sources he
used. This allows for future works to improve those data with more recent data. The only data used in this
master thesis that are not in the PhD thesis of Gauthier Limpens are the data representing the Belgium
energy system in 2020. To complement the great database of Gauthier Limpens, those data are provided in
Appendix A with the sources used for each data.

Nevertheless, the data on synthetic fuels and biofuels must be taken with caution. It was assumed that the
CO9 emissions related to the use of these fuels are negligible. However, more data should be researched to
assess a precise value of the CO9 emissions related to the consumption of those fuels. This could change the
outcome of the Belgium energy transition since synthetic fuels are massively used towards the end of the
transition because their use is assumed to be carbon neutral. Moreover, the unlimited availability of these
fuels in the EnergyScope Pathway model is also subject to discussion. If every country transits towards
a sustainable energy system and starts using synthetic fuels, then synthetic fuels to import could become
scarce. Or maybe they would come from the other end of the world and the CO5 emissions related to this
transport would be important.

Therefore, there is a need to search for accurate data on the related CO5 emissions and the availability of
synthetic fuels and biofuels in order to model an energy transition with even more realism. This matter will
probably be assessed in the upcoming PhD thesis of Xavier Rixhon about the role of RE-fuels in the Belgium
energy transition.

However, the transition scenarios analysed in this master thesis are still meaningful. They prove that fossil
fuels must be substituted and that, in Belgium, there is not enough renewable energy to supply the energy
demand. Belgium needs to use new resources that are carbon-neutral and electrify the system to fully use
renewable energy, as explained in this master thesis.

Only the CO2 emissions of resources are limited

The CO2 emissions related to the technologies construction and installation were not taken into account for
the CO2 limit to respect. It is worth mentioning that if they are, the model does not find an energy transition,
for Belgium, that respects the COs emissions limit. It shows the need to decrease the CO4 emissions related
to the technologies construction and installation by using more eco-responsible method or by extending the
lifetime of technologies. Another solution could also be to use carbon capture and storage technologies to
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reduce the CO2 balance. Those technologies were not taken into account in this master thesis but it will be
interesting to analyse how they could help the Belgium energy transition.

Data uncertainty

The used data are uncertain and this uncertainty must be taken into account, as they were in this master
thesis. The data used for the uncertainties on input parameters were obtained with a rigorous method from
the PhD thesis of S. Moret [7]. However, the uncertainty of a parameter can always be decreased by acquiring
more knowledge on this parameter. Moreover, the probability density function (PDF) used to describe the
uncertainties was always a uniform distribution because of data scarcity. It is likely that some parameters
follow another distribution which will change the uncertainty of this parameter. Having more knowledge
on the range and PDF of the uncertain parameters will decrease the uncertainty on the Belgium energy
transition and make an uncertainty analysis more meaningful.

Robust optimisation with energy pathway models

Concerning the robust optimisation of an energy pathway model, the developed robust optimisation frame-
work, described in section 4.1, proved that robust optimisation and energy pathway models can be compatible
with some simplifications. This could be promising for future works, as robust optimisation with energy path-
way models is still a rare and feared topic. Moreover, the robust optimisation framework considers the model
as a black box, which makes it easy to use with other energy pathway models.

Furthermore, the robust optimisation framework has room for improvement. The NSGA-II constraints to
perform a more realistic robust optimisation can be improved for the low temperature heat sector. Indeed,
the heat pumps were not constrained with the other technologies of the low temperature heat sector. It
means that different strategies could be chosen for a single individual. Interestingly, the sector where robust
technologies were identified is the mobility sector, which is the sector where constraints are best implemented.
Therefore, improving the constraint on the low temperature heat technologies might help to identify the
robust technologies in this sector as well.

The EnergyScope Pathway is meant for great works

Analysing relevantly different transition scenarios was only possible because of the great features that pos-
sesses the EnergyScope Pathway model. This model succeeds in modelling a pertinent energy transition in
a reasonable time. This model is also open-source and can therefore be used to model any country or region
if the input parameters required are known.

Moreover, performing an uncertainty analysis and a robust optimisation was made possible thanks to the
Simplified EnergyScope Pathway model, developed and described in this master thesis. This model allows
uncertainties to be taken into account in a meaningful way and in a reasonable time. This can encourage
other countries to use this energy pathway model which will help them plan effectively their energy transition
and identify the most important areas where uncertainties must be decreased.

To conclude this discussion, this master thesis tried to be as complete as possible, but it is only the tip of
the iceberg of what could be done with the EnergyScope Pathway model and its simplified version. More
scenarios could be analysed or more technologies could be implemented. Those model could also be extended
into a multi-regional energy system to analyse how different countries could transit together towards energy
sustainability, as it was done for EnergyScope TD in the master thesis of P. Thiran et al. [40].

74



Conclusion

This master thesis analysed what is the optimal pathway towards energy sustainability in Belgium, using a
novel energy pathway model developed by Gauthier limpens and called EnergyScope Pathway [6]. Whatever
the context, the optimal pathway for Belgium was always following four keys to transit towards energy
sustainability by 2050 : 1) More efficient technologies are installed during the transition. 2) Fossil fuels
are substituted by renewable energy, imported electricity and synthetic fuels to mitigate CO2 emissions. 3)
The energy system is electrified to fully use the electricity production from renewable energy. 4) Storage
technologies are used to manage the intermittency of renewable energy.

Moreover, different transition contexts were analysed to understand how those contexts could impact the
Belgium energy transition:

What if nuclear power is not phased-out 7 If nuclear power plants are not phased out, they
could be a real asset for the Belgium energy transition. The nuclear power plants could produce 44
TWh/year of electricity and allow Belgium to deploy renewable energies more slowly. The cost of
the transition will be smaller as nuclear energy is cheap to produce and the nuclear power plants are
already paid for. In the end, nuclear power plants are compatible with a sustainable energy system
because few COy emissions are related to the consumption of uranium.

What if Belgium can not import electricity ? Another scenario was analysed where Belgium
would not import electricity, in case neighbouring countries transit towards energy sustainability with
us and will want to import electricity when Belgium will. In this case, the optimal way to adapt is by
installing more industrial gas CHPs and more CCGTs. Those power plants will have to use synthetic
natural gas at the end of the transition to respect the CO2 emissions limit.

What budget could be set by politicians ? This is intended for politicians to present and give an
order of magnitude for a constant 5-year budget to invest in new technologies. The optimal constant
budget to set would be 95.15 B€. Of course, not every investment is taken into account in this budget
(e.g. electric and hydrogen stations are not) but this gives an idea of the budget that could be set.

Furthermore, uncertainties needed to be taken into account to have the global picture on the Belgium energy
transition, but uncertainty analysis and global sensitivity analysis are still limited in the energy field. To
solve this, this master thesis proposed to use a polynomial chaos expansion (PCE) method that can perform
an uncertainty analysis and a global sensitivity analysis. However, the curse of dimensionality was still
limiting the uncertainty analysis. Therefore, a stepwise regression method to build a sparse PCE is used
to decrease the computational time. After analysing this method with the energy model EnergyScope TD,
this stepwise regression method can reduce the computational time by 60%, or even 80% if an error of 2% is
allowed.

Moreover, a simplified version of the EnergyScope Pathway model was developed to perform an uncertainty
analysis in an affordable time. This simplified version, called Simplified EnergyScope Pathway, accurately
approximates the EnergyScope Pathway and is five times faster. This model opens the door for uncertainty
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analysis and robust optimisation of an energy transition.

By coupling the Simplified EnergyScope Pathway and a sparse PCE method, an uncertainty analysis and
a global sensitivity analysis were performed on the overall Belgium energy transition, taking into account
uncertainties on the resources price and availability, the technologies price, the renewable potential, the
end-use demands (EUDs), the technologies efficiency and the availability of solar and wind. Therefore, this
master thesis proved that analysing uncertainties with an energy pathway model is affordable with a sparse
PCE and with the Simplified EnergyScope Pathway model that will be open-source.

Firstly, the uncertainty analysis showed that the uncertainty on the Belgium energy transition cost will
increase during the transition as new technologies and new resources are used but are more uncertain than
fossil fuels and old technologies used today. Secondly, the global sensitivity analysis identified the parameters
that are most responsible for the uncertainty on the Belgium transition cost. During the beginning of the
transition, the uncertainties on fossil fuels and on old technologies are the most responsible but, as time
goes by, synthetic fuels and new technologies, especially new transport technologies (e.g. fuel-cell vehicle,
electric car, ...), becomes the major driver of the Belgium transition cost uncertainty. Therefore, the priority
to decrease the uncertainty on the Belgium energy transition cost is to acquire more knowledge on new
transport technologies (e.g. hydrogen transports, electric transports, ...) and reduce the uncertainty on the
price of fossil fuels and synthetic fuels.

Finally, in order to plan a robust energy transition (i.e. a transition that is little influence by uncertainties),
a robust optimisation of the Belgium energy transition is required. The issue was that applications of robust
optimisations with energy pathway models are still limited because of the high computational time usually
required. In this master thesis, a novel robust optimisation framework was presented to perform a meaningful
robust optimisation in an affordable time. This robust optimisation framework can be used to identify the
technologies that can make the energy transition more robust, which will help to plan a robust pathway
towards energy sustainability.

This framework was used to perform a robust optimisation on the overall Belgium energy transition to
identify which technologies can make the transition more robust. The robust optimisation framework did
not found a path much more robust than others, but it still identified that hydrogen trucks, natural gas
buses and diesel boats are slightly more robust than electric trucks, diesel buses and natural gas boats for
the Belgium energy transition.

Moreover, this robust optimisation framework can be improved, as discussed in the previous chapter. This
framework might have the potential to find more robust technologies and be a real tool for helping planning
a robust energy transition towards energy sustainability.
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Appendix A

Belgium energy system in 2015 and 2020

This appendix contains the used value to fix the 2015 and 2020 Belgium energy system in the EnergyScope
Pathway model presented in section 1.2. Data for the year 2015 come from the PhD thesis of Gauthier
Limpens [6]. Data for 2020 come from multiple sources which are referenced in the following tables. Since
this master thesis is realised in 2021, the available data of the 2020 Belgium energy system are scarce. Con-
sequently, the most recent sources were used in order to approximate the 2020 Belgium energy system.

Table A.1: Capacity [GW] and electricity shares |%] of electric sector technologies in Belgium.
Abbreviations : combined cycle gas turbine (CCGT).

Technology Capacity [GW] Capacity [GW] Electricity shares® [%)]

in 2015 in 2020 in 2020
photovoltaic 3.85 4.65° 3.5-4.2
onshore wind 1.18 2.3¢ 3.4 -4
offshore wind 0.69 1.55¢ 4.6-5.5

hydro river 0.11 0.11¢ -

geothermal 0.0 0.0¢ -
nuclear power plant 5.925 5.925 41.4 - 48.8

CCGT 3.925 3.925¢ -

“Assumed similar to the shares in 2019. Data comes from a press release from Elia [14].

®mean between the value in [41] and at https://www.febeg.be/fr/statistiques-electricite for 2019
°from [42,43] for 2019.

4Same as 2015 since no improvement was foreseen as explained in [6].

°No data was found on new CCGT installations between 2015 and 2020.

Table A.2: Yearly shares of multiple sub-sectors. Abbreviations : district heating network (DHN).

2015 2020
%public 19.9% 19.4% [44]
Yorreightrail 10.9%  10.2% [44]
%Frez'ght,boat 15.6% 16.0% [44]
Y DHN 2.0% 2.0%¢

“Because of the lack of data for this parameter, the same value as 2015 has been taken.
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Table A.3: Yearly shares of private mobility for the Belgium energy system. Data for the year 2020 come
from [45]. Abbreviations : natural gas (NG), hybrid electric vehicle (HEV), plug-in hybrid electric vehicle

(PHEV), battery electric vehicle (BEV), fuel cell (FC).

2015 2020

Diesel car  63.7% 51.0%
Gasoline car  35.3% 48.5%
NG car 1.0%  0.2%

HEV 0.0%  0.0%
PHEV 0.0%  0.0%
BEV 0.0%  0.3%

FC car 0.0% 0.0%

Table A.4: Yearly shares of public mobility for the Belgium energy system. Data for the year 2020 come
from [44]. The repartition between the types of buses in 2020 is assumed similar to 2015 because of the

lack of data. Abbreviations : natural gas (NG), fuel cell (FC).

2015 2020

Diesel bus and coach 47.0% 43.0%
Diesel hybrid bus and coach  0.0%  0.0%

NG bus and coach 10.0%  9.0%
FC bus and coach 0.0% 0.0%
Train / metro 38.5%  43%
Tram and trolley bus 4.5% 5%

Table A.5: Yearly shares of decentralised low temperature heat and CHP technologies for the Belgium
energy system. Data for 2020 are assumed similar to 2015 because of the lack of data. Abbreviations :
liquid fuel oil (LFO), natural gas (NG), cogeneration of heat and power (CHP), electric heat pump (eHP),

thermal heat pump (thHP).

2015 2020

Boiler LFO 48.4%  48.4%
Boiler NG 39.6% 39.6%
Boiler wood  10.0% 10.0%
CHP NG 0.7%  0.7%
CHP LFO 0.0%  0.0%
eHP 1.1% 1.1%
thHP 0.0% 0.0%
Solar thermal  0.2%  0.2%
Electric heater  0.0%  0.0%
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Table A.6: Yearly shares of DHN low temperature heat and CHP technologies for the Belgium energy
system. Data for 2020 are assumed similar to 2015 because of the lack of data. Abbreviations :
cogeneration of heat and power (CHP), natural gas (NG), liquid fuel oil (LFO), electric heat pump (eHP).

2015 2020

CHP NG 59.4% 59.4%
CHP wood 6.6%  6.6%
CHP waste 14.1% 14.1%
Boiler NG 13.9% 13.9%
Boiler LFO 0.7%  0.7%
Boiler wood 0.0%  0.0%
eHP 4.4%  4.4%

Deep geothermal 1% 1%

Table A.7: Yearly shares of industrial high temperature heat and CHP technologies for the Belgium energy
system. Data for 2020 are assumed similar to 2015 because of the lack of data. Abbreviations : natural gas

(NG), liquid fuel oil (LFO), cogeneration of heat and power (CHP).

2015 2020

Boiler NG 35.8% 35.8%
Boiler coal 30.0% 30.0%
Boiler LFO 20.0% 20.0%
Boiler wood 0.0%  0.0%
Boiler waste 0.0%  0.0%
CHP NG 8.6%  8.6%
CHP wood 0.0%  0.0%
CHP waste 5.6%  5.6%

Industrial electric heater  0.0% 0.0%
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Appendix B

EnergyScope Pathway vs Simplified
EnergyScope Pathway

For the analysis of the different scenarios analysed in the previous sections, the EnergyScope Pathway model
was used. However, as explained in section 1.3, a faster model is needed in order to perform an uncertainty
analysis and a robust optimisation on the Belgium energy transition. Therefore, the Simplified EnergyScope
Pathway was developed and is described in section 1.3. This model optimises the Belgium energy transition
5 times faster than the EnergyScope Pathway model by modelling 4 representative years instead of 8.

Two criteria must be met for the Simplified EnergyScope Pathway to be an accurate approximation of the
EnergyScope Pathway : the error on the total transition cost must be below 1% and the overall strategy of
the transition must be similar (i.e. what technologies must be installed and when, what resources is used
and when, ...).

For the first criteria, the total transition cost of the two models was compared in the four scenarios analysed
in the previous section. The error is 0.12% for the basic scenario, 0.65% for the nuclear scenario, 0.16% for
the zero imported electricity scenario and 0.25% for the phase budget scenario. Consequently, the error of
the Simplified EnergyScope Pathway on the total transition cost is indeed below 1%.

For the second criteria, the used resources and the transition in each energy sectors, for the basic scenario,
are compared in Figure B.1 to Figure B.6. Those figures prove that the overall strategy is similar between
the two pathway models. The same resources are used to substitute fossil fuels and the same technologies
are used, at approximatively the same time, to transit towards sustainability in every energy sectors.

In conclusion, the Simplified EnergyScope Pathway is an accurate approximation of the EnergyScope Path-
way and can therefore be used for an uncertainty quantification and a robust optimisation on the Belgium
energy transition.
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Figure B.1: Resources used in the Belgium energy transition with the EnergyScope Pathway and the
Simplified EnergyScope Pathway model. The two transitions are similar from a resources point of view as
fossil fuels are substituted by the same resources. Abbreviations : natural gas (NG), hydrogen (Hz),
synthetic natural gas (SNG).
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Figure B.2: Electricity produced during the transition with both models. Abbreviations : district heating
network (DHN), photovoltaic (PV), combined cycle gas turbine (CCGT), industrial gas co-generation
power plants (Ind cogen gas).
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Figure B.3: Low temperature (LT) heat produced during the transition with both models. Abbreviations :
district heating network (DHN), decentralised (Dec), electric heat pump (eHP).
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Figure B.4: High temperature (HT) heat produced during the transition with both models. Abbreviations :
natural gas (NG), cogeneration of heat and power (CHP).
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Figure B.5: Freight mobility production during the transition with both models. Abbreviations : billions
ton-kilometer (Btkm), natural gas (NG), hydrogen (Ha2).
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Figure B.6: Passenger mobility production during the transition with both models. Abbreviations : billions
passenger-kilometer (Bpkm), natural gas (NG), hydrogen (Hz), battery electric vehicle (BEV).
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Appendix C

Data for uncertainty analysis

C.1 Uncertainty characterisation

In his PhD thesis [7], S. Moret proposed a novel uncertainty characterisation method. With this method, he
characterised the uncertain parameters of EnergyScope monthly, the precursor of EnergyScope TD. Since the
input parameters of EnergyScope monthly are also input parameters of EnergyScope TD and EnergyScope
Pathway, the uncertainty characterisation he performed on those input parameters will be used for the
uncertainty analysis of this master thesis.

This novel uncertainty characterisation method determines the range of an uncertain parameter based on
multiple sources: existing models that can be used to compute this parameter, ranges already proposed
in the literature, existing forecasts, errors made in past forecasts, historical data and the influence of the
decision-makers on this parameter. If one of those sources is available, then the range is calculated based on
the collected data. If none of those sources is available, then the parameter range is approximated by the
range of a similar parameter or a qualitative range.

Figure C.1 details the uncertainty characterisation of the EnergyScope input parameters. Only the uncertain
parameters taken into account either in the uncertainty quantification or the robust optimisation, performed
in this master thesis, are shown. In practice, the uncertainty on the input parameters will be represented
by a uniform distribution in their range. A uniform distribution is used by default because the probability
density functions (PDFs) of those parameters are not known.
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Table C.1: Table of the uncertainty characterisation of the EnergyScope Pathway model input parameters,
from the PhD thesis of S. Moret [7]. The uncertain parameters are divided into categories. Uncertainty is
characterised by one representative parameter per category. The range of a parameter is defined from its
nominal value. Abbreviations: photovoltaic (PV), fuel cell (FC), district heating network (DHN),

decentralised (DEC), natural gas (NG).

Category

Representative parameter

Range from the nominal value

Annual household end-use energy demand
Annual services end-use energy demand

Annual industry end-use energy demand

Annual transport end-use energy demand
Efficiency of mature® and standard® technologies
Efficiency of mature® and customised® technologies
Efficiency of new® and standard® technologies
Efficiency of new® and customized® technologies
Resources availability

Maximum technology capacity

Investment cost of mature technologies

Investment cost of new technologies

Investment cost of other technologies

Local resources cost
Imported resources cost
Hourly capacity factor

endU sesyeqr (HH)
endU sesyear(S)
endUsesyear(I)
endUsesyeqr (T
n(Boilers)
n(GASOLINE CAR)
n(Pv)
n(FC CAR)
avail(WOOD)
Fmaz(PV)
¢iny(DEC NG BOILER)
Cinv( )
¢iny(NUCLEAR)
ciny (HYDRO DAM)

(

(

(

R)

Thermal plants)
Cino (WIND)
Ciny(DHN)
Cinv(geothermal)
cop(WOOD)
cop(NG)

cpt(PV)

Cinv

—6.9% ; 4.3%]

—74% ; 4.1%)
—-10.5% ; 5.9%]
—-3.4% ; 3.4%)
=5.7% ; 5.7%)]

[

[

[

[

[

[-20.6% ; 20.6%]
[—20.8% ; 20.8%]
[—28.7% ; 28.7%]
[-32.1% ; 32.1%]
[—24.1% ;  24.1%]
[-21.6% ; 21.6%]
[-39.6% ; 39.6%]
[-21.6% ; 119.3%)]
[-21.6% ; 73.8%]
[-21.6% ; 25%)]
[—21.6% ; 22.9%]
[-39.3% ; 39.3%]
[-39.7% ; 62.1%]
[—2.9% 2.9%]
[—47.3% 5  89.9%]
[-11.1% ; 11.1%)]

“A technology is classified as mature or new based on its stage of development.
YA technology is classified as standard or customised based on its level of customisation. For example, a boiler is a standard
technology as it is not a customised good but a car is a customised technology as it is a customised good.
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C.2 Uncertain parameters for uncertainty quantification

Table C.2: Name, description and uncertainty range of the uncertain parameters for the uncertainty
quantification of section 3.3.2.

Parameter name Description Range from the nominal value
EU_HH annual household end-use energy demand [—6.9% 4.3%]
EU S annual services end-use energy demand [—7.4% 4.1%]
EU I annual industry end-use energy demand [-10.5% 5.9%)
EU TR annual transport end-use energy demand [—3.4% 3.4%]
avail _elec imported electricity availability [-32.1% ; 32.1%)
avail _biomass biomass availability [-32.1% ; 32.1%)
avail _coal coal availability [-32.1% ; 32.1%)
c_op_fossil car price of diesel and gasoline [—47.3% ; 89.9%)
c_op_fossil other price of natural gas (NG), liquid fuel oil (LFO) and uranium [—47.3% ; 89.9%)
c_op_elec price of imported electricity [—47.3% ; 89.9%)
c_op_synfuels price of hydrogen (Hs), synthetic natural gas (SNG) and synthetic liquid [—47.3% ; 89.9%)]
fuel (SLF)
c_op_ biofuels price of bioethanol and biodiesel [—47.3% ; 89.9%)]
c_op_local price of local resources (biomass, waste, coal) [—2.9% 2.9%)
c_inv_PV price of photovoltaic (PV) panels [-39.6% ; 39.6%)]
c_inv_wind onshore price of onshore wind turbines [-21.6% ; 22.9%)
¢_inv_wind_offshore price of offshore wind turbines [—21.6% ; 22.9%]
c_inv_th_plants price of thermal power plants (CCGT, co-generation power plants) [—21.6% 25%)]
c_inv_heat old price of old heating technologies (fossil fuel boiler) [-21.6% ; 21.6%)
c_inv_heat new price of new heating technologies (electric heater, thermal solar panel, [—39.6% ; 39.6%)]
advanced co-generation power plant)
c_inv_HP price of heat pumps [-39.6% ; 39.6%)]
c¢_inv_TR old price of old technologies for passenger and freight mobility (diesel and [-21.6% ; 21.6%)
gasoline transport, train, tramway)
c¢_inv_TR new price of new technologies for passenger and freight mobility (electric, NG [-39.6% ; 39.6%)]
and Hy transport)
c_inv_st_th price of thermal storage technologies [—39.6% ; 39.6%)]
c_inv_ st elec price of electricity storage technologies [—39.6% ; 39.6%)]
c¢_inv_st_other price of other storage technologies (seasonal Hy, NG and SLF storage) [-39.6% ; 39.6%)]
f max_PV photovoltaic (PV) potential [—241% ; 24.1%)
f max_ windON onshore wind turbines potential [—24.1% ; 24.1%)
f max_ windOFF offshore wind turbines potential [—24.1% ; 24.1%)
cpt PV solar energy hourly availability [-11.1% ; 11.1%]
cpt_ Winds wind hourly availability [-11.1% ; 11.1%)
eff mat std efficiency of mature and standard technologies® (old technologies except [—5.7% 5.7%]
for diesel and gasoline cars)
eff mat cust efficiency of mature and custom® technologies (diesel and gasoline car) [—20.6% ; 20.6%)
eff new std efficiency of new and standard® technologies (new technology except for [—20.8% ; 20.8%)]
new cars)
eff new cust efficiency of new and custom® technologies (electric, NG and Hy cars) [—28.7% ; 28.7%)

“A technology is classified as mature or new based on its stage of development and is classified as standard or custom
based on its level of customisation. For example, a fossil fuel boiler is a mature and standard technology as the technology is
well-known nowadays and it is not a customised good. On the contrary, a hydrogen car is a new and customised technology.
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Appendix D

Robust optimisation

D.1 Uncertain parameters

The uncertain parameters for the robust optimisation of section 4.2 are resumed in the following table.

Table D.1: Name, description and uncertainty range of the uncertain parameters for the robust
optimisation of section 4.2.

Parameter name Description Range from nominal value
EU end-use energy demand [-82% ; 8.2%)]
avail _elec imported electricity availability [-321% ; 32.1%]
avail local local resources availability (biomass, coal) [-32.1% ; 32.1%)
c_op_fossil price of fossil fuels [—47.3% ; 89.9%)]
c_op_elec price of imported electricity [-47.3% ; 89.9%]
c¢_op_ biosynfuels price of biofuels and synthetic fuels [-47.3% ;5 89.9%)]
c¢_op_local price of local resources (biomass, waste, coal) [—2.9% ; 2.9%]
¢_inv_PV price of photovoltaic (PV) panels [—39.6% ; 39.6%]
c_inv_wind price of wind turbines [-21.6% ; 22.9%]
c¢_inv_th_plants price of thermal power plants (CCGT, co-generation power plants) [-21.6% ; 25%]
c¢_inv_heat old  price of old heating technologies (fossil fuel boiler) [-21.6% ; 21.6%)
c_inv_heat new price of new heating technologies (electric heater, thermal solar panel, [-39.6% ; 39.6%]
advanced co-generation power plant)
c_inv. TR old price of old technologies for passenger and freight mobility (diesel and [-21.6% ; 21.6%)]
gasoline transport, train, tramway)
c¢_inv_TR new  price of new technologies for passenger and freight mobility (electric, NG [—39.6% ; 39.6%)]
and Hy transport)
cpt_ren renewable energy hourly availability [-11.1% ; 11.1%)]
eff mat std efficiency of mature and standard technologies® (old technologies except [-5.7% ; 5.7%]
diesel and gasoline car)
eff mat cust efficiency of mature and custom® technologies (diesel and gasoline car) [-20.6% ; 20.6%)
eff new std efficiency of new and standard® technologies (new technologies except [—20.8% ; 20.8%]
new cars)
eff new cust efficiency of new and custom® technologies (electric, NG and Hy cars) [—28.7% ; 28.7%)]

“A technology is classified as mature or new based on its stage of development and is classified as standard or custom
based on its level of customisation. For example, a fossil fuel boiler is a mature and standard technology as the technology is
well-known nowadays and it is not a customised good. On the contrary, a hydrogen car is a new and customised technology.
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D.2 Simplifications applied to the Simplified EnergyScope
Pathway model

The robust optimisation is computationally expensive even with the Simplified EnergyScope Pathway model.
This is why some storage technologies will not be used during the robust optimisation since storage techno-
logies are the main reason why the model is computationally expensive.

The daily DHN storage and the battery of the plug-in hybrid electric vehicle (PHEV) are removed from the
model because they are never used during the uncertainty quantification performed in section 3.3.2.

The pumped hydro storage (PHS) is removed, even though it is fully used during the uncertainty quantific-
ation. The reason is that its capacity is limited at 6.5 GWh which is low compared to the average installed
capacity of lithium batteries during the uncertainty quantification (60 GWh). Suppressing the PHS decreases
drastically the computational time and does not influence much the total transition cost. As an example, for
the basic scenario analysed in section 2.2, the computational time decreases from 347 to 239 seconds without
PHS and the total transition cost increases by only 0.13%.

D.3 Decision variables

The decision variables for the robust optimisation are the maximum capacity fpq: of technologies that can
be installed during the transition, as explained in section 4.1. This section will explain the methodology to
chose which technology will be a decision variable for the robust optimisation. The overall methodology is
illustrated in Figure D.1. The methodology consists of three phases :

1. The determination of the first backup technologies
2. The determination of the decision variables range

3. The removal of insignificant technologies from the pool of candidate decision variables

First phase : Backup technologies

In order to create the Big PCE, the Simplified EnergyScope Pathway model will be evaluated in several
samples of decision variables and uncertain parameters, as explained in section 4.1. In some samples, it can
occur that every decision variables of a sector are closed to 0. This would result in an infeasible problem.
Therefore, some technologies must not be constrained and will supply the demand on their own if the others
can not. Let’s take an example : The maximum capacity of PV panels, onshore wind turbines and offshore
wind turbines are decision variables. If all those technologies are fixed to 0 in a sample, then CCGTs are
used as backup to supply the entire electricity demand. Therefore, the maximum capacity of CCGT must
not be a decision variable. Otherwise, the maximum capacity of CCGT could also be close to 0 and no
technologies will be available to supply the electricity demand.

Furthermore, two backup technologies will be chosen for each sector, except for the electricity sector. Two
backups is better than one because one technology can not work all the time. Every technology has a c,
factor which represents the downtime of a technology during a year. Choosing only one technology would
therefore result in an infeasible problem, or in an excessive amount of storage technologies to supply the
demand during the backup technology downtimes.

In addition, at least one of the backup technology must be unlimited in potential capacity and use an
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Figure D.1: Methodology to chose the decision variables for the robust optimisation. The first phase finds
the backup technologies by looking at the technologies used during an uncertainty quantification, made
beforehand. The second phase computes the range of the candidate decision variables. The third phase
evaluates the model in several samples, by varying the uncertain parameters and the candidate decision
variables, to check which technologies are used. If a technology is deemed useless, based on the two criteria,
then it is removed from the pool of candidate decision variables. In the end, this methodology provides the
important technologies to consider as decision variables and their ranges.
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unlimited resource. This ensures that the problem is feasible, by having a technology that has no limit
to meet the demand (except for the downtime as discussed above). For example, wood boilers and wood
cogeneration power plants use wood which has a limited availability. Therefore, if one of them is a backup
technology of the low temperature (LT) heat sector, the other can not be.

If more than two technologies could be the backup technologies of a sector, the two less used technologies
in the uncertainty quantification performed in section 3.3.2 will be designated as the backup technology of
the corresponding sector. The two less used are chosen in order to keep the most important technologies
as decision variables for the robust optimisation. The backup technologies will now be discussed for each
sector.

Electricity sector

The backup technology must be able to supply the entire demand. Thus, it is preferable to choose a
technology that has no capacity limit. Technologies using renewable energy (PV and wind turbines) have a
limited capacity in Belgium. Therefore, it is preferable that these technologies are not backup technologies.
CCGT will be the backup technology since there is no limit on the capacity that can be installed in Belgium
and the resource used in CCGT is natural gas, which is an unlimited resource in the model.

Moreover, CCGT is the only backup technology for the electricity sector. This is due to multiple reasons.
Firstly, there are few technologies in the electricity sector. Nuclear and coal power plants can not be used.
It leaves the model with only renewable energy and CCGT in the electricity sector. Secondly, electricity
can be imported during the CCGT downtime if no other technologies can meet the demand. Thirdly, two
backup technologies in other sector are cogeneration of heat and power (CHP) that produce electricity (waste
CHP in the high temperature heat sector and advanced gas CHP in the decentralised low temperature heat
sector).

The candidate decision variables of the electricity sector are the maximum capacity of PV, of onshore and
offshore wind turbines. Geothermal capacity is set to 0 because of its limited availability and the scarcity of
data [6]. The hydraulic power plants are set to their limit (0.115 GW) but are not taken into account in the
robust optimisation because of this low potential.

High temperature heat sector

The first backup technology is the waste CHP in order to respect the constraint on the consumption of waste.
Indeed, all the available waste is forced to be consumed during the time period of the transition. Therefore,
a technology using waste needs to be unlimited in any case. Moreover, waste CHP is chosen over waste boiler
because it is less used in the uncertainty quantification. The second backup technology is the liquid fuel oil
(LFO) boiler. This technology is chosen because it is the less used technology with unlimited capacity and
resource in the uncertainty quantification. The other technologies of the high temperature heat sector are in
the pool of candidate decision variables.

DHN low temperature heat sector

The first backup technology of this sector is the district heating network (DHN) LFO boiler. It is the less
used technology with unlimited capacity and resources during the uncertainty quantification. The second
backup technology is the wood boiler because it is never used in the uncertainty quantification. The other
technologies of this sector are in the pool of candidate decision variables, except for the technology using a
geothermal source to produce low temperature heat, for the same reason as for geothermal power plant in
the electricity sector.

DEC low temperature heat sector
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The two backup technologies of the decentralised LT heat sector are the advanced gas CHP and the LFO
boiler because these two technologies are not used during the uncertainty quantification. Moreover, these
technologies use an unlimited resource in the model. The other technologies of this sector are in the pool of
candidate decision variables.

Passenger mobility

Since the private and public passenger mobility must both meet a minimum percentage of the demand, one
backup technology must be in the private passenger mobility sector and the other one must be in the public
passenger mobility sector. The two backup technologies are the fuel cell bus and the natural gas car because
those two technologies are the less used in the uncertainty quantification. The rest of the technologies of this
sector are candidates for decision variables.

Freight mobility

The freight mobility is divided between the boat, the road and the train part. Those 3 parts must meet a
minimum percentage of the demand. This is why a backup technology is needed for each one of those parts.
For the boat part, the backup technology is the natural gas boat because it is the less used boat during the
uncertainty quantification. For the road part, the backup technology is the natural gas truck because it is
the less used during the uncertainty quantification. For the train part, there is only one technology (freight
train). Therefore, this technology must be a backup technology. The other technologies are in the pool of
candidate decision variables.

Infrastructure and storage technologies

The infrastructure and storage technologies are not taken into account for the robust optimisation. There are
10 infrastructure technologies and 7 available storage technologies in the model for the robust optimisation.
Adding 17 decision variables to the robust optimisation will be computationally unaffordable. Therefore, the
infrastructure and the storage technologies will not be part of the robust optimisation as they will not be in
the pool of candidate decision variables.

Second phase : Ranges of the decision variables

The decision variables need to be bounded to use the multi-objective optimisation algorithm NSGA-II. In
this section, the methodology to find the range of the decision variables is described. Then, the ranges are
described for each type of technology.

If a technology has a maximum potential capacity in Belgium, its range is simply from 0 to this maximum
potential capacity. Otherwise, the purpose of the ranges is to go from 0 to the required capacity to supply
theoretically the entire demand. For example, let’s say that 3 GW of gas boiler is installed and meet 50%
of the low temperature (LT) heat demand. In theory, the entire LT heat demand could be met by 6 GW
of gas boiler. The range of the maximum installed capacity of gas boilers will consequently go from 0 to 6
GW. This maximum capacity, theoretically required, is calculated from the installed capacity in the basic
scenario, analysed in section 2.2, and from the percentage of the demand met by this technology. In general,
the year 2050 was preferred because of the demands’ increase over time (except for the high temperature heat
sector). The maximum capacity theoretically required (MC') of the i-th technology is calculated as

MCZ - -Fz . fperc,i (Dl)

with F; the installed capacity of the i-th technology in 2050 and fperc,; the energy produced by the i-th
technology divided by the sum of the energy produced by technologies of the same type.

Nevertheless, the basic scenario analysed in section 2.2 is a deterministic scenario. In reality, the parameters
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are uncertain. If the uncertain energy demands are higher than the energy demands in the deterministic
case, then a higher capacity would be needed to supply the energy demands.

To take this into account, a safety factor of 1.1 is applied to the M C's found. This safety factor is justified
by the fact that, in the uncertainty quantification, the higher possible increase of the energy demands is
+8.2% for the industry demand. Moreover, if once during the uncertainty quantification a technology has a
capacity higher than 1.1 times the M C found for this technology, then this capacity will be the maximum
value of the range. The range of a technology ¢ is therefore calculated as follows

[0 ; Maz(l.1- MC;, mazyq,)] (D.2)

with mazyg,; the maximum installed capacity of the i-th technology in the uncertainty quantification per-
formed in section 3.3.2.

Electricity sector

All the candidate decision variables are technologies using renewable energy. Those technologies have a
maximum potential capacity in Belgium which will be the upper limit of these technologies : 59.175 GW for
photovoltaic (PV) panel, 10 GW for onshore wind turbines and 3.5 GW for offshore wind turbines.

High temperature heat sector

The upper limit with equation D.2 is 10 GW. An exception is made for the industrial electric heaters which
are used up to 16 GW during the uncertainty quantification.

DHN low temperature heat sector

In this sector, only the electric heat pump is really used. Its upper limit is 19 GW. The rest of the technologies
are rarely used in the uncertainty quantification. Consequently, no upper bound can be identified with the
methodology. Therefore, for the sake of simplicity, a qualitative range of 20 GW is taken for every technology
of the DHN sector.

DEC low temperature heat sector

The upper limit of the decentralised electric heat pump is 38 GW with equation D.2. The same upper limit
is applied to the thermal heat pump.

For the rest of the technologies, their upper limits are determined with the installed capacity in the year
2020 of the basic scenario since only electric heat pumps are installed during this scenario transition. By
doing so, the upper limit of every decentralised technology, except the heat pump, are 60 GW.

Passenger mobility

With equation D.2, the upper limit of the tramways and trolleys is 12 Mpkm /h, the upper limit of buses
is 50 Mpkm /h, the upper limit for the public train is 25 Mpkm/h and the upper limit for the cars is 275
Mpkm /h.

Freight

With equation D.2, the upper limits for the boats and the trucks are, respectively, 35 Mtkm/h and 70
Mtkm /h.
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Third phase : Elimination of insignificant technologies

The third phase consists of identifying the technologies that are rarely used during the transition, even when
uncertainty is taken into account. Such a technology will be removed from the pool of candidate decision
variables. The purpose is to keep only the useful technologies in order to decrease the computational time
and improve the accuracy of the Big PCE, required for the robust optimisation.

To identify which technology is rarely used, the Simplified EnergyScope Pathway will be evaluated in multiple
samples where the decision variables and the uncertain parameters are varied, just like it must be done
to build the Big PCE. A latin hypercube sampling (LHS) method is used to create those samples. The
number of samples has been chosen as the number of samples that would be required to build a 50% sparse
PCE depending on the decision variables and the uncertain parameters. As an example, in this case, 41
technologies are in the pool of candidates for the decision variables and 19 uncertain parameters are taken
into account (see Table D.1). With equation 3.20 and a second-order PCE, the required number of samples
is 3782 for a full PCE and thus 1891 for a 50% sparse PCE.

Based on those model evaluations, a candidate for decision variables is kept if the associated technology
is used in more than 5% of the model evaluations and if the technology has an installed capacity during
the transition over 5% of its maximum capacity in at least one model evaluation. If a technology does not
respect those two criteria, then it is removed from the pool of candidates. For example, a technology that
has a upper limit of 50 GW is deemed useless if it is used in less than 5% of the model evaluations or if the
maximum capacity installed during the transition is below 2.5 GW.

The technologies deemed significant at the end of this third phase are resumed in Table D.2 and constitute
the decision variables of the robust optimisation performed in section 4.2.

Finally, some decision variables are subject to a constraint which forces, for each individual, the sum of
the decision variables, with the same letter in Table D.2, to be below the individual limit of those decision
variables. For example, the sum of the decision variables of trucks must be below 70 Mtkm /h which is the
limit for each truck. This constraint prevents that different technologies are used during different model
evaluations for the uncertainty quantification of an individual, as explained in section 4.1.
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Table D.2: Technologies taken as decision variables (maximum capacity of those technologies) and their
corresponding range for the robust optimisation. Some technologies are subject to a constraint forcing their
sum to be below the individual limit of those technologies, as explained above. The technologies with the
same letters are subject to the same constraint.

Sectors Decision variables / Technologies ‘ Ranges [GW]* ‘ Constraint
PV [0 ; 59.175] gt
Electricity WIND ONSHORE [0; 10] -
WIND OFFSHORE 0 3.5] -
IND COGEN GAS [0; 10] a
IND COGEN WOOD [0 ; 10] a
IND BOILER WASTE [0; 10] a
HT heat IND BOILER WOOD [0 ; 10] a
IND BOILER GAS [0 ; 10] a
IND BOILER COAL [0 ; 10] a
IND DIRECT ELEC [0; 16] -
DHN HP ELEC 0 19] -
DEN LT heat DHN COGEN GAS [0 ; 20] b
DHN COGEN BIO HYDROLYSIS | [0 ; 20] b
DHN SOLAR [0 ; 20] gb
DEC HP ELEC [0 ; 38] -
DEC THHP GAS [0 38] -
DEC COGEN GAS [0 ; 60] c
DEC LT heat DEC ADVCOGEN H2 [0 ; 60] ¢
DEC BOILER GAS [0 ; 60] c
DEC BOILER WOOD [0 ; 60] c
DEC SOLAR [0 ; 60] gt
TRAMWAY TROLLEY 0 12| -
BUS COACH DIESEL [0 ; 50] d
BUS COACH HYDIESEL [0 ; 50] d
BUS COACH CNG STOICH [0 ; 50] d
Passenger mobility | TRAIN PUB [0 ; 25] -
CAR DIESEL [0 ; 275] e
CAR GASOLINE [0 ; 275] e
CAR HEV [0 ; 275] e
CAR BEV [0 ; 275] e
CAR FUEL CELL [0 ; 275] e
BOAT FREIGHT DIESEL [0 ; 35] -
Freight mobility | TRUCK DIESEL [0 ; 70] £
TRUCK FUEL CELL [0; 70] f
TRUCK ELEC [0 ; 70] £

“[Mpkm/h] (millions of passenger-km per hour) for passenger and [Mtkm/h] (millions of ton-km per hour) for freight.
®This constraint is different, it limits the area of solar panel to 250km? in the same way as in the Simplified EnergyScope
Pathway model. See table 1.1 for more informations.
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