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Abstract

The European natural gas market is undergoing fundamental changes, fostering uncertainty regarding both
supply and demand. This uncertainty is concentrated in the value of strategic infrastructure investments,
e.g., projects of common interest supported by European Union public funds, to safeguard security of sup-
ply. This paper addresses this matter by suggesting an adaptive robust optimization framework for the
problem of gas infrastructure expansion planning that considers long-term uncertainties. This framework
confronts the drawbacks of mainstream methods of incorporating uncertainty in gas market models (i.e.,
stochastic scenario trees), in which the modeler predefines the probabilities and realization paths of unknown
parameters. Our mathematical model endogenously identifies the unfortunate realizations of unknown pa-
rameters, and suggests the optimal investments strategies to address them. We use this feature to assess
which infrastructure projects are valuable in maintaining system resilience amid cold-winter demand spikes,
supply shortages, and budget constraints. The robust solutions point to consistent preferences for specific
projects. We find that real-world construction efforts have been focused on the most promising projects
from a business perspective. However, we also find that most projects of common interest are unlikely to
be realized without financial support, even if they would serve as a hedge against stresses in the European

gas system.

Keywords: Adaptive robust optimization, Capacity planning, European gas market, Uncertainty

1. Introduction

Natural gas is a key energy source in modern economies, as it is used for heating, for generating electricity,
and as a combustion fuel for industrial processes. Despite increasing global demand, recent years have seen
the production of natural gas steadily decline in traditional European supply countries, such as Norway,
the Netherlands, and the U.K. Hence, European dependence on natural gas is set to rise alongside rising

competition for foreign resources. These two simultaneous developments entail heightened geopolitical risks,
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potentially triggering supply disruptions (IEA, 2019). While gas demand in Europe is expected to drop
dramatically in the long term|under the assumption that policy objectives will be met|its trajectory in

the medium term is subject to signi cant uncertainty, with scenarios anticipating a peak in 2030 (Fulwood,
2021). This uncertainty poses planning challenges for the European transmission system.

Since the initial foray of European Union (EU) into energy market liberalization, the issue of supply
security has been a priority on the policy agenda (Smeers, 2008). The EU has proactively sought to enhance
its infrastructural capacity in order to curb vulnerabilities. An o cial European energy security strategy
instituted in 2014 tackles two policy priorities: rst, boosting the short-term resilience of the natural gas
network as a mechanism against supply interruption; second, reducing dependence on prevailing suppliers
in the long term (European Commission, 2014). Policy-makers have lent great importance to heightening
supply security through the development of new gas pipelines and lique ed natural gas (LNG) receiving
terminals. European \projects of common interest” (PCIs) have been supported by public funds to advance
market reform and further integrate and strengthen transnational gas infrastructure. Recently, these projects
have been the target of signi cant criticism, with some arguing that they are unnecessary from a supply
security perspective and are at risk of becoming stranded assets (Artelys, 2020).

In order to evaluate the impacts of uncertainties on European natural gas infrastructure and assess which
infrastructure projects are critical to maintaining system resilience, this paper employs a adaptive robust
optimization (ARO) approach (Bertsimas et al., 2013a,b). Several features of ARO make it particularly
suitable for this purpose. First, ARO does not rely on the assumption of a nite number of uncertainty
realizations with respective (known) probabilities. This feature confronts the drawbacks of mainstream
methods of incorporating uncertainty in gas market models (i.e., stochastic scenario trees based on discrete
probability distributions) (Birge and Louveaux, 2011; Yue et al., 2018). ARO requires only basic information
about underlying uncertainty (e.g., the range of the uncertain data). Second, ARO is preferable when
solutions exhibit strong sensitivity to minor changes in assumptions or input data. This feature is valuable
in systems like the European natural gas market with complex spatial and intertemporal dynamics and
numerous infrastructure assets. Finally, ARO has gained attention as a mechanism with which to model
uncertainty in applications with high reliability requirements. Solution robustness in the context of energy
systems is extremely valuable, as the penalty associated with infeasible solutions is exorbitant (Bertsimas
et al., 2013b).

This paper addresses the following research questions:

~ How can an adaptive robust optimization approach be employed to assess the impact of supply and
demand uncertainties on infrastructure development in the European gas market?

~ What implications do di erent levels of uncertainty have on specic infrastructure projects in the
context of supply security?

ARO has gained prominence in the eld of electricity systems analysis; however, in the eld of gas network
modeling, the applications has largely been restricted to testing distribution networks and stationary models
(Cong et al., 2018; A mann et al., 2019). This paper contributes to the extant literature by applying ARO to
model uncertainties in a real-world setting. To the best of our knowledge, this constitutes the rst application
of ARO in gas infrastructure expansion planning. Furthermore, we make an empirical contribution to the
literature by assessing the implications of demand and supply uncertainty in 2030 on European natural gas
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infrastructure.

To facilitate transparency and encourage future research in this eld, the source code of the model and the
associated input data for each scenario is published in a public GitHub repository: github.com/Irieo/ARO-
Gaslnfrastructure. The code reproduces the results presented in the paper.

The remainder of the paper is organized as follows. Section 2 provides a brief overview of the methods
used in this paper. Section 3 presents the formulation of the adaptive robust optimization problem, a
representation of the employed uncertainty sets, and their empirical application to the European natural
gas market. Section 4 reports and discusses the results and their implications. Section 5 concludes the
paper with a summary of our analysis and a brief outlook on the potential for future research. Appendix A
provides the detailed formulation of the adaptive robust optimization model for gas infrastructure expansion
planning. Appendix B provides an illustrative example of the worst-case demand and supply realisations
subject to uncertainty budgets. Appendix C lists projects of common interests included in our analysis.
Appendix D complements literature review section and lists research papers that focus on natural gas
markets and address parametric uncertainty.

2. Literature review

This section brie y reviews common approaches to model long-term uncertainties in the extant literature.
In Section 2.1, we discuss methods for addressing long-term uncertainty in energy system models. In Section
2.2, we narrow our focus to natural gas market models.

2.1. Methods for addressing long-term uncertainty in energy systems models

The subject of long-term uncertainty in the context of model-based policy analysis has been vigorously
discussed in the academic literature for decades (Lempert et al., 2003). Assessments of the impact of long-
term systematic uncertainty in energy systems models commonly employ one of the three methods illustrated
in Figure 1.

The vast majority of analyses incorporate uncertain parameters via deterministic scenarios (Figure 1a),
often coupled with ex-post sensitivity analyses (Junne et al., 2019).

Another prominent method of incorporating uncertainty involves multi-stage stochastic optimization
(Figure 1b). In this method, uncertain information is modeled by scenario trees (i.e., sequences of observable
data vectors over the planning horizon). The branches (possible realizations of uncertain data) follow a
probability distribution, which is assumed to be known to the decision-maker. At each stage, a decision
must be irrevocably xed based on the currently available information. One drawback of applying stochastic
optimization to real-world problems is the fact that the realization probabilities of the random variables are
mostly unknown (Kall and Wallace, 1994). Detailed reviews of the use of stochastic methods in energy system
modeling are available in Wallace and Fleten (2003), Mest and Keles (2010), and Collins et al. (2017). How-
ever, a simple stochastic representation of uncertainty is not always viable when the probabilities of possible
events are uncertain, knowledge of all possible events (unknown unknowns and black swans) is unavailable
(Aven, 2013), or uncertainty is not purely exogenous.

The third method employs robust optimization (Figure 1c), which dates back to Soyster (1973). An

adaptive robust optimization implements di erent techniques to improve on the original static robust opti-

mization by incorporating multiple stages of decision into the algorithm (Zeng and Zhao, 2013). As noted
3



920

95

100

105

110

f (u)

® ElY @

& ©®E

(a) Point estimate (deterministic) (b) Scenario tree (stochastic) (c) Uncertainty sets (robust)

Figure 1: Methods for incorporating uncertainty in energy optimization problems. Source: Authors' illustration

above, ARO is well-suited for applications where distributional information about a given uncertainty is
limited or where solution feasibility is the ultimate evaluation metric. ARO renders solutions that exhibit
feasibility for all possible realizations of uncertainty within a range de ned in an uncertainty set. The set
should be constructed to capture correlations among certain parameters. Although one can derive such sets
based on probabilistic data, well-de ned probability distributions are not required to construct uncertainty
sets. Various types of uncertainty sets (e.g., box, polyhedral, ellipsoidal, cardinality-constrained budgets)
have been employed in the extant literature (Lappas and Gounaris, 2018). Original box-type uncertainty sets
were only able to accommodate the most conservative uncertainty manifestations. More recently, polyhe-
dral uncertainty sets have been developed and employed (Bertsimas et al., 2011). Their uncertainty budgets
can constrain the degree of uncertainty attached to a parameter. An in-depth review of its applications
and methodological foundations can be found in Yanikoglu et al. (2019). In terms of its applications in
the analysis of energy systems, ARO has been utilized to evaluate both short- and long-term uncertain-
ties. Short-term analyses predominantly focus on electricity markets with unit commitment problems under
uncertainty (e.g., intermittent wind power feed-in) (Bertsimas et al., 2013b; Zhou et al., 2018). Fewer short-
term analyses involve natural gas, and most that do focus on scheduling problems in coupled electricity and
gas markets (e.g., (Yao et al., 2018; Cong et al., 2018)). In terms of long-term uncertainties, a substantial
strand of literature has applied variations of ARO to transmission-expansion planning models (e.g., (Ruiz
and Conejo, 2015; Garca-Bertrand and Mnguez, 2017; Baringo and Baringo, 2018; Baringo et al., 2020)).
There have yet to be any such ARO approaches to gas market modeling.

2.2. Long-term uncertainty and its representation in natural gas models

The subject of medium- to long-term uncertainty in natural gas markets has received considerable atten-
tion. The prevailing strand of analysis is deterministic in nature, deploying scenario and sensitivity analyses
or (n-1) stress tests to incorporate uncertainty. More recently, model-based analyses have begun to adopt
a stochastic approach in order to handle ranges of uncertain manifestations of relevant parameters (e.g.,
(Egging, 2013; Fodstad et al., 2016; Hauser, 2021; Riepin et al., 2021)). A tabular overview of such studies
and their individual structures and representations of uncertainties is provided in Table D.1 in Appendix
D.

The overview highlights that extant literature has explored developments in natural gas supply and
demand. Prospective demand trajectories, supply interruptions, and infrastructural bottle-necks have been
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in the focus of recent work. Research on the European market has focused on supply interruptions and
infrastructure resilience on account of past geopolitical discord associated with transit negotiations regarding
Russian gas supplied via Ukraine Abada and Massol (2011); Dieckhoener (2012); Egging and Holz (2016);
Holz et al. (2016); Baltensperger et al. (2017); Hauser (2021). Given the uncertainty on the use of natural
gas in medium-term trajectory, the prudence of impending investments in the resource remains in center of
researchers' attention.

Our analysis contributes to the growing literature on this subject by employing a novel methodological
approach to evaluate the resilience of European natural gas infrastructure under the worst-case combinations
of uncertain demand and supply developments.

3. Problem formulation

This section details the formulation of the ARO model. For the sake of clarity, we rst introduce an ARO
problem in a compact form in section 3.1. Afterward, in section 3.2, we present a decomposition algorithm
for the ARO problem. Finally, we apply the ARO model to a gas infrastructure expansion planning problem
in section 3.3. In this section, we also parameterize the problem with the respective input data for the
European natural gas market.

3.1. Compact formulation

The methodology takes stock of the ARO problems developed for energy markets (primarily electricity
markets) (Baringo et al., 2020; Chen, 2016; Jabr, 2013; Mnguez and Garca-Bertrand, 2016; Ruiz and
Conejo, 2015). These problems are formulated as three-level optimization problems. The robust problem
can be written in compact matrix form, as illustrated in Figure 2.

The problem in Figure 2 includes three nested optimization layers:

1. The rst level represents a planning strategy prior to the uncertainty realization (i.e., binary variables
in vector x representing investment in transmission infrastructure projects with an investment cost

vector C)).
miny Cx max, | miny[Co(x; u)]"y
s.t. S.t. st. y2 ()
X 2 Zh u2U
h(x) = 0
gx) O

Figure 2: Schematic representation of ARO model formulation; Source: Authors' illustration based on Baringo et al. (2020);
Mnguez and Garca-Bertrand (2016).
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2. The second level represents the worst-caagcertainty realization (in the sense of cost maximization)
within an uncertainty set (i.e., variables in vector u).

3. The third level represents thecorrective actions made to mitigate the e ect of the uncertainty realiza-
tion (i.e., variables in vector y with the vector including operating costs Cp).

Thus, the problem illustrated in Figure 2 involves both a preventive and a curative component. Hence,
in many respects, it mirrors the nature of infrastructure planning processes (i.e., project planning subject to
uncertainty realizations, for which subsequent mitigation measures are deployed) (Ruiz and Conejo, 2015).
In the problem, and U are the feasibility and uncertainty sets, respectively. Set identi es the feasible
space of the third-level optimization variables, as explained in section 3.1.1, while uncertainty setJ is
described in section 3.1.2.

3.1.1. De nition of feasibility sets
Set models the feasible space of third-level optimization variables given the rst- and second-level
decisions:

(xu)=fy:
Alx;u) y=h(x;u):
D(x;u) v e(x;u):
g

@)

where A; b; D, and e are matrices with constant parameters depending on the problem con guration, and
and are the dual variable vectors associated with inequality and equality sets of constraints, respectively.
Note that the feasibility set is parameterized in terms of rst- and second-level decision variables.

3.1.2. De nition of uncertainty sets

This paper employs a speci ¢ type of polyhedral uncertainty sets. Bertsimas et al. (2013b) were among
the rst to apply such uncertainty sets for the energy network transmission expansion problem. The ap-
plicability of polyhedral uncertainty sets to modern energy research paired with the challenges of energy
transitions facilitated intensive research and elaborated descriptions of the uncertainty in the literature.

In particular, cardinality-constrained uncertainty sets are advantageous, as they enable the description of
uncertainty in the energy markets alongside the improved convergence characteristics of the ARO problems.
In such a formulation, the worst-case uncertainty realization corresponds to the vertex of the polyhedron
representing the uncertainty set. Thus, polyhedral uncertainty sets can be equivalently characterized by
solely modeling the nite set of extremes or vertexes of the polyhedron. This approach has been employed
by many researchers (e.g., (Baringo et al., 2019, 2020; Cobos et al., 2018; Mnguez and Garca-Bertrand,
2016; Zhao et al., 2013)), with binary variables being used to model the extreme-based equivalent for the
original cardinality-constrained uncertainty set.

The problem in Figure 2 includes the second-stage decision variable, which takes values within the
known con dence bounds:

u2fe b;e+ b (2)
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where 8 and b represent the vectors of the forecast and uctuation levels of the uncertain variables, re-
spectively. The corresponding cardinality-constrained uncertainty set, as de ned in Baringo et al. (2020),
assumes the following form:

U= u= e+ diag(z')b diag(z )b; (3a)
zt:z 2f0;1g™; (3b)
X +

(z +z) (3¢)
k=1
zi+z 1 8k (3d)

Eq. (3a) de nes the value of the uncertain variable u based on the forecast and uctuation levels. Eq.
(3b) de nes the vectors of binary variablesz* and z . Eg. (3c) de nes the uncertainty budget , which
enables us to control the robustness of the solution. = 0 implies that all instances of the uncertain variable
u are equal to their forecast values (i.e., uncertainty is disregarded). Any positive value of implies that
the variable u can deviate from its forecasted value.m indicates the size of the vector of variableu. Eq.
(3d) ensures that the uncertain variables in vectoru cannot simultaneously be at both their upper and lower
bounds.

3.2. Solution procedure

The three-level optimization expressed in Figure 2 is solved via a decomposition technique. Here we
again follow past research in the eld of RO for power systems. Specically, we rely on the research of
Baringo et al. (2020); Mnguez and Garca-Bertrand (2016), who employ an e cient coupling method for
second- and third-level problems, as well as that of Bertsimas et al. (2013a); Conejo et al. (2016); Mnguez
and Garca-Bertrand (2016), who develop, benchmark, and illustrate a column-and-constraint generation
(CCG) algorithm, which is e cient for ARO problems.

The CCG algorithm involves iterative solutions for the master problem and subproblem through the
exchange of information provided by the primal decision variables. Finite convergence to the optimal
solution is guaranteed given the convexity of the problem (Bertsimas et al., 2013a; Zeng and Zhao, 2013).
The algorithm consists of the following three major steps:

1. First, the master problem is solved. The master problem is mainly based on the rst-level problem in
Figure 2. The master problem uses the solution from the subproblem as input data (i.e., uncertainty
realization variables in vector u).

2. Second, the subproblem comprising the second- and third-level problems is solved. The subproblem
incorporates input data from the master problem (i.e., the infrastructure expansion decisions in binary
vector X).

3. Third, the master problem and the subproblem are iteratively solved until they reach convergence to
the optimal solution (i.e., a convergence tolerance is ful lled).

The following sections provide detailed explanations of the master problem, the subproblem, and the
solution procedure.

1For this reason, the algorithm is sometimes referred to as \primal Benders' decomposition”.
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3.2.1. Master problem
The master problem, in a compact form at iteration , is as follows:

min ZM = ¢ x + (4a)
X; Y () !
subject to
h(x) = 0 (4b)
g(X) 0 (4(;)
[Co(xul O y¢? g0 (4d)
Aut ) y(9 =pxul?) 80 (4e)
Dx;ut ) vy exut ) g0 (4f)

where variables in set M =[x; ;y ( 9, 8o ] are the optimization variables of the master problem (4).

Overall, the master problem (4) is a relaxed version of the three-level problem in Figure 2, in which the
auxiliary variable iteratively approximates the worst-case value of the second-level objective function. Note
that Egs. (4d){(4f) are formulated for all realizations of uf %, which refers to the optimal values of variablesu
obtained in the subproblem at iteration ( 9. This procedure is the basis for the term\column-and-constraint
generation".

3.2.2. Subproblem

The subproblem is formulated in two steps.

In the rst step, we follow the approach used by Baringo et al. (2020); Mnguez and Garca-Bertrand
(2016) to couple the second- and third-level problems depicted in Figure 2. We do this by taking the
third-level problem:

myin[Co (xO;ul"y (5a)
subject to

A u) y=b(x(u): (5b)
D(xCu) y  e(x()5u): (5¢)

and deriving the corresponding dual problem:

max(o(x ) u)]” -+ [e(x ;)" (62)
subject to

AXO;u]™ +[DXO;u)T = Co(xt );u) (6b)
: free; 0 (6¢)
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In the second step, we rely on the strong duality equality, which allows us to merge the dual form of
the third-level problem (6) with the second-level problem. As a result, the subproblem is formulated as a
single-level optimization problem:

maxZ® = [b(x' ;;u)]" +[e(x ;u)t (72)

subject to

A W™ +[DXXO;u]T = Co(x();u) (7b)
: free; Qu2U (7¢)

where variables in set S =[u; ; ] are the optimization variables of the subproblem (7). Note that at each
iteration of , the master problem (4) provides the expansion decisiorx, which is xed in the subproblem:

x = x(). In turn, the subproblem determines the worst-case uncertainty realizations in variable vector
u, which are passed to the next iteration of the master problem. Thus, the size of the master problem
increases alongside the number of iterations, as a new instance of uncertainty realization is added to the
master problem constraints in each iteration.

At this stage, there is only one detail left unful lled in formulating the subproblem. The bilinear term
[(x( );w)]T included in the objective function (7a) must be linearized. We follow the example of Mnguez
and Garca-Bertrand (2016) by replacing the bilinear term with the mathematically exact reformulation,
which is provided in Section A.8 of Appendix A.

3.2.3. Algorithm

At this point, the master problem (4) and the subproblem (7) have been de ned. The problems are
iteratively solved via the exchange of information provided by the primal decision variables. The CCG
algorithm functions as follows:

1. Input:  Select the uncertainty budgets © and P, and the convergence tolerancé. These data are
selected by the decision-maker.

2. Initialization: Initialize the iteration counter (= 0) and set the lower bound (LB) and the upper

bound (UB)to 1 and +1 , respectively.

Solve the master problem (4).

Update the lower bound: LB = zZM |

The solution to the master problem contains decision variable vectox ; setx() = x .

Solve the subproblem (7).

N o gk w

Update the upper bound: UB = min fUB; CTx+ZS g, whereS is the optimal value of the subproblem
objective function.

8. If UB LB <", the algorithm stops. The optimal decision isx . Otherwise, go to Step 9.

9. Update the iteration counter as follows: ( = +1).
10. Setul) = u , whereu is the optimal decision variable vector of the subproblem obtained in Step 6.
11. Go to Step 3.

Figure 3 presents a visual depiction of the algorithm:
9
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Figure 3: Schematic representation of column-and-constraint generation algorithm. Source: Authors' illustration based on
Conejo et al. (2016).

3.3. Empirical application: European gas infrastructure expansion problem

In this section, we apply the ARO method described above to empirically analyze infrastructure expansion
needs in the European gas system under unfortunate realizations of demand and supply for 2030.

The resulting model is formulated as a mixed-integer linear problem. The model endogenously determines
the worst-case stress for the gas system that falls within the con dence bounds (see section 3.1.2) and
iteratively nds the optimal infrastructure expansion plan to address that stress. The objective function aims
to minimize the costs of constructing the new infrastructure assets and the operational costs of supplying
natural gas under unfortunate realizations of parametric uncertainty subject to the appropriate techno-
economic constraints.

The remainder of this section is structured as follows. First, we provide a brief description of the gas
network in Subsection 3.3.1. Second, we take a deeper look at the key elements of our analysis: (i) an
empirical parametrization of uncertainty budgets in Subsection 3.3.2 and (ii) the set investment options
(PCIs) in Subsection 3.3.3. Finally, we discuss the model's other data inputs in Subsection 3.3.4. The
formulation of the expansion planning problem for the European gas market is provided in Appendix A.

3.3.1. Gas network

The model structure consists of a network of nodes, each of which represents a country or region. Overall,
the gas network (shown in Figure 4) comprises 37 nodes representing the countries and regions that are
most relevant in the European gas market. Nodes are connected by gas transmission infrastructure assets,
including (i) cross-border pipe-lines within the EU, (ii) cross-border pipelines with non-EU parties (such as
the Nord Stream), and (iii) regasi cation terminals for LNG imports. Overall, the gas network includes 96

10
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Figure 4: Stylized representation of the European natural gas network. Source: Authors' illustration.

individual pipeline arcs and 11 regasi cation terminals. Bi-directional pipelines are modeled as two distinct
arcs. In our analysis, we model a single representative LNG producer that serves the European market and
can ship liqui ed gas to individual countries based on its total domestic regasi cation capacity. Regasi cation
terminals included as part of the PCI investment options are similarly modeled as arcs available to be built
between the LNG supplier and the destination country. The model neglects friction and pressure drops in
the gas network.

3.3.2. Long-term uncertainty characterization: Uncertainty set

Here, in line with Section 3.1.2, we present the parametrization of the uncertainty sets with the data
instance relevant for the European gas market. In this paper, we focus on uncertainties surrounding natural
gas demand and supply. Both of these sources of uncertainty are characterized by cardinality-constrained
uncertainty sets, which are represented mathematically as follows:

n
= Oa=6a+zy Of 8d:8t (8a)
ggxz 6 z0 & 8p (8b)
25 P (8c)

d2D;t 2T

zz  F (8d)

p2P
z5 2f0;1g 8d;8t (8e)
zb 210;1g 8p (8f)

Constraints (8a) and (8b) express the uncertain variables|the demand and supply vectors|with respect
to projected reference values and their deviations, resulting in system stress. In Eq. (8ap5, denotes the
uncertain demand in each node and time step@5, denotes the reference value, an@('?t denotes the possible

11
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Figure 5: Scenario projections used for the construction of the uncertainty sets. Each segment represents the annual demand
level (left panel) and supply potential (right panel) of an individual country. Source: ENTSO-G (2020)

deviation from the reference value. Eqg. (8b) corresponds similarly to the network supply. Note that the
unfortunate realization of supply is modeled on an annual basis. Thus, Eq. (8b) does not feature a time step
index. This re ects the temporal nature of parametric uncertainty in the model: cold-winter gas demand
spikes on the one hand; policy- and technology-driven development of annual gas supply potentials on the
other hand. Constraints (8c){(8f) follow the explanation in Section 3.1.2.

Data-driven approaches to constructing suitable uncertainty sets are the common tools used in ongoing
research (Ruiz and Conejo, 2015). Such approaches incorporate available data to devise uncertainty sets
that ensure that the random variables under investigation are contained in de ned probability distributions.
We construct the uncertainty sets for natural gas demand and supply volumes based on scenario projections
for 2030, which stem from the scenario framework adopted in the Ten-Year Network Development Plan
(ENTSO-G, 2020).2 The reference values adopted for the uncertainty sets correspond to the optimistic
scenario projections regarding supply security (i.e., mild winter demand levels and the highest available
supply volumes). The uncertainty sets enable the investigation of unfortunate realizations with respect to
2030 supply security. The demand and supply volumes covered by the cumulative budgets are displayed in
Figure 5. The bar graphs comprise the scenario-speci ¢ demand and supply projections for the individual
countries and/or suppliers in the model.

In line with the analysis of the PCIs' contributions to supply security, the demand uncertainty budgets
are constructed to re ect the realization of a cold-winter peak demand event across Europe. The demand
budgets considered are allocated across ve winter months (November{March). Deviations per month
incorporated are based on historical peaks of gas demand in each modeled country over the last decade
(Eurostat, 2020). To provide a more explicit illustration of how the uncertainty budgets are employed in
the model, Figure B.11 in Appendix B illustrates the worst-case demand realizations given the uncertainty
budget of P =10. The demand spikes materialize in a way that represents the worst-case scenario in terms
of the gas system operational costs.

Regarding the employed supply uncertainty budget, the deviations represent the di erence in the pro-
jected 2030 supply potentials between the most optimistic and the most pessimistic supply scenarios. In
contrast to the demand uncertainty budgets, the supply uncertainty budgets are constructed on an annual
basis (i.e., an endogenously determined supply cut applies to the entire year). As detailed above, the supply

2Projections are sourced from the National Trends and Global Ambition scenario.
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cost curves for the six largest gas producefsare modeled in a piece-wise fashion, resulting in a merit order-
style supply stack. Each individual supply stack consists of ve individual segments. For EU producers, we
assume a simpli ed per-unit cost. As illustrated in Figure B.11 in Appendix B, the endogenous realization

of a supply drop given the uncertainty budget of S = 10 entails cutting supply from the ve supply elds,
which results in the worst-case scenario (i.e., the highest possible increase in the system's operational costs).

3.3.3. Investment options: Projects of Common Interest

As indicated above, our analysis focuses on the economic viability of proposed gas infrastructure projects
awarded the status of PCI. To qualify as PCls, projects must demonstrate signi cant improvement in market
integration in at least two EU countries, enhance competition in energy markets, and contribute to the energy
security (European Commission, 2021a). PCls are eligible to receive public funding from the Connecting
Europe Facility, which can cover up to 50% of project-speci ¢ investments. The most recent PCI list|the
fourth such list, approved at the beginning of 2020]jincludes 32 gas-related infrastructure projects, most
of which focus on enhancing regional infrastructure in Central and Southeastern Europe. According to
European Commission (2020), the completion of these 32 projects will facilitate a well-interconnected and
shock-resilient gas network, providing all EU member states with access to at least three gas supply sources
or the global LNG market.

In this analysis, we focus on the cross-border pipelines and regasi cation projects from the fourth PCI
list. The individual projects are incorporated as discrete investment decisions (i.e., they constitute separate
connections between the countries under consideration). Thus, the projects spanning multiple countries
are split up into their constituent cross-border connections. The investment options comprise 26 pipeline
arcs (13 bi-directional cross-border pipeline connections) and four LNG regasi cation terminals. Data on
project-speci ¢ investments and the associated capacities of the considered PCls was obtained from various
publicly available sources (ACER, 2019; Oil Change International, 2019; Three Seas Iniative, 2019; European
Union, 2020; Global Energy Monitor, 2021).

The projects included in the analysis are illustrated in Figure 6. A table with information relevant to
the individual pipeline and regasi cation terminal projects can be found in Appendix C.

3.3.4. Other input data

Network data for the model (i.e., existing cross-border pipelines and regasi cation terminals in Europe)
is primarily sourced from the ENTSOG (2020). For the purposes of this analysis, we assume that the Nord
Stream 2 project is completed and at full operational capacity in 2030 and that the terms of the recently
negotiated Russia-Ukraine transit deal, in which there is a set minimum capacity obligation of 40 bcm/year
through 2024, are extended. The analysis assumes that gas ows from Russia via Ukraine are restricted to
this minimum volume (Pirani and Sharples, 2020).

Transmission costs are calculated using linear functions of pipeline length, pipeline type (on-shore/o shore),
and transmission cost factor per unit of gas volume and unit of distance. The transmission cost factor is
based on the natural gas modeling literature (Chyong and Hobbs, 2014; Egging and Holz, 2019). The pro-
duction costs of the largest suppliers are modeled based on a piece-wise approximation of the Golombek
logarithmic cost function, which stems from (Egging and Holz, 2019) and (Riepin and Mdsgens, 2022).

3Russia, Norway, LNG, Caspian region, Algeria, Ukraine
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Figure 6: Stylized representation of the European natural gas network. Source: Authors' illustration.

For smaller domestic producers, we assume a constant per-unit production cost. Similarly, we model the
representative LNG supply cost curve in a piece-wise linear manner to re ect the LNG supply structure
for Europe. The constructed LNG cost curves include liquefaction and regasi cation costs. LNG shipping
costs are calculated as a capacity-weighted function of distance between nodes. The supply cost curves for
Europe in 2030 are calibrated based on BEIS (2016).

Data concerning country-speci c storage capacities as well as maximum monthly injection and withdrawal
rates are sourced from the GIE transparency platform. The data are aggregated at the national level (i.e.,
each country has one representative storage node). Since the optimization problem focuses on a single year,
storage levels at the beginning and end of the year are xed. We do not explicitly consider the demand-side
response in our analysis, as data on country-speci ¢ potentials are generally unavailable, and the role of
demand-side response as a exibility tool in the European gas market is limited (European Commission,
2015). Thus, we incorporate an option for gas demand shedding at a penalty cost.

4. Results and discussion

The results section is organized as follows. Section 4.1 focuses on the robust expansion plan of European
gas infrastructure considering the PCls and the worst-case realizations of cold-winter demand spikes under
increasing uncertainty budgets. Afterward, Section 4.2 expands this analysis by assuming that the solution
space is not limited to the set of PCIs and including the option to expand all existing arcs in the EU. Section
4.3 evaluates the realization of PCI investments when incorporating uncertainty budgets representing both
demand spikes and supply shortages. Finally, Section 4.4 examines the extent to which the composition of
robust investments changes when introducing an investment budget.

It should be noted that the analysis and visualization of each scenario entail some modi cations to the
model solution space (i.e., the set of possible investment options) and uncertainty budgets ¢ and ).
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We explain these modi cations at the start of each subsection. Neither the ARO model nor the solution
algorithm are changed across the considered scenarios.

In all cases, the results are computed in GAM$ using CPLEX solver on a computer with an Intel
Core i7-8750 CPU at 2.20 GHz and 16 GB of RAM. The ARO model for all of the following scenarios is
successfully converged (i.eUJB LB =0).

4.1. Robust expansion considering cold-winter gas demand spikes

This section investigates how the optimal (in terms of system robustness) investment plan changes with
respect to di erent values of the demand uncertainty budget p. The analysis is based on the following
assumptions:

1. Investment decisions are made from the set of PCls (see Appendix C).

2. Uncertainty budget p is xed to [0, 10, 30, 60]. Note that the worst-case realizations of unknown
parameters are determined endogenously by the model algorithm. Empirically, a unit of uncertainty
budget for demand entails one month of peak demand in a speci ¢ node (see Section 3.3.2 for further
details). As this subsection focuses on gas demand uncertainty, supply uncertainty is not considered,
meaning s is xed to O (i.e., available supply is based on the reference scenario).

3. No limits are enforced on investment budget availability (i.e., constraint A.1c in Appendix A is
relaxed).

Figure 7 presents the results of this analysis. The choropleth maps illustrate gas demand spikes associated
with the worst-case demand realization under the uncertainty budget p. The realized investments are
displayed as lines connecting two countries (pipelines) and triangles (regasi cation terminals). Note that for
each scenario, the projects built represent the optimal expansion plan for the respective uncertainty budget.
Above the choropleth maps, summary tables o er a quick comparison of investments across all scenarios.

The bottom row of Figure 7 represents anestimated CAPEX scenario, which assumes that project
investors do not receive nancial grants from the EU. This scenario can be viewed as an analysis of whether
PCls are bene cial from a societal perspective. The results show that only two projects are built: the HU{SI
pipeline ( p =[0;10;30;60]) and the PL{SK pipeline ( p = 60). The HU{SI pipeline notably appears in
the optimal solution under all uncertainty budgets, indicating the high value of this project to the gas
system. According to the European Commission, the connection between the gas markets in SI and HU
aims to diversify the gas supply in the region. The pipeline will improve diversi cation of gas sources (LNG
sources from the Adriatic region), which are available in SI and enable access to gas storages in HU for Sl
users (European Commission, 2021b). The PL{SK pipeline aims to create a north{south gas corridor in
Eastern Europe and boost gas supply security throughout the region (Eustream, 2021). The model results
suggest that the project provides value to the system amid increased demand uncertainty (scenariop = 60
entails demand spikes in Poland).

The top row of Figure 7 represents asubsidizedCAPEX scenario, which assumes that, due to their PCI
status, the projects receive nancial support from the Connecting Europe Facility. This scenario can be
viewed as an analysis of whether PClIs are pro table from a business perspective (i.e., whether their value

4The General Algebraic Modeling System
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exceeds lower, subsidized investment costs). The results are notably di erent, as the optimal expansion plan
includes a minimum of three projects built in p = 0 and as many as eight projects under the uncertainty
budget  =80. The two projects built across all of the uncertainty budgets are the regasi cation terminals
in Ireland and Croatia. The latter of these two, the KrK LNG terminal in Croatia, is the rst LNG project of

its kind in the country with an initial capacity of 2.6 bcm/a, which is equivalent to the annual gas demand in
Croatia. With increasing uncertainty budget values, seven further projects are realized, resulting in stronger
interconnection among the Baltic states (LV{LT), a new physical connection between the Baltic states and
Poland (LT{PL), the north{south gas corridor (PL{SK), a regasi cation terminal in Greece (GR{LNG),
greater supply diversi cation in the Balkan region (BG{SB, GR{BG, HR{SL), and increased access to LNG
through terminals in Greece and Croatia.

One interesting observation in the subsidized CAPEX scenario is that the optimal expansion plan cap-
tures all of the PCls that are in the nal realization stage. It should be noted that the LNG terminal in
Croatia is operational starting January 2021 and four other projects that are currently under construction
(LT{PL, BG{SB, PL{SK, GR{BG) have received signi cant nancial support through grants and low-
interest loans (see Appendix C). The results of the ARO model suggest that real-world construction e orts
have been targeted toward the most promising projects from a systems perspective. These projects appear
to be well-situated to ensure supply security amid increasing demand uncertainty. Nevertheless, from a
societal perspective (i.e., absent of subsidies), the results indicate that the vast majority of PCls are not
economically viable under our model assumptions|even when the system is stressed by the ARO algorithm
with regard to cold-winter gas demand spikes.

Scenario Settings PCls in Robust Expansion Plan ARO output 'gbcm)
CAPEX D s LT-PL  DK-PL LV-LT BG-SB HU-RO HU-SI SI-AT SK-HU PL-SK HR-SI GR-BG GR-IT TR-BG IE-LNG HR-LNG PL-LNG GR-LNG 0* Cap LS
0 0 14 0
10 17 10.4 0
30 38 15.1 13
0 0 NN B 2 0 25
0

0

10
30
60

Estimate| Subsidy
coooloooo

12 0
17 14 0
38 14 13
[ 52 71 25

Figure 7: Robust expansion plan considering a set of PCls under four uncertainty budgets for gas demand (columns). The
horizontal axis aggregates demand spike values per country on an annual basis. Scenarios include two CAPEX assumptions
(rows).
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The results demonstrate a general trend toward an increasing number of investments alongside greater
system stress (i.e., an increasing demand uncertainty budget). Additional projects are built to hedge against
increasing levels of demand uncertainty, either by connecting countries in which demand spikes materialize
to other countries or by interconnecting regions to diversify their supply and alleviate system congestion.

4.2. Robust expansion considering cold-winter gas demand spikes and investment options beyond the PCI
list
The expansion options considered in the above section were discrete expansion options limited to the
set of PCls. This section evaluates whether the expansion of other existing infrastructure assets would be
preferable from a systems perspective to hedge against the worst-case realization of demand across Europe.
The analysis incorporates the following assumptions:

1. Investment decisions are made from the union of two sets: (i) PCls and (ii) 20% capacity increase on
any arc in the gas infrastructure network (pipelines or regasi cation terminals) located in the EU.°

2. Uncertainty budgets are xed identically to 4.1: p =[0;10;30;60], s =0.

3. No limits are enforced on investment budget availability (i.e., constraint A.1c in Appendix A is
relaxed).

Figure 8 illustrates the results. The choropleth maps follow the example of the previous section, illus-
trating the gas demand realizations and the respective investments under a range of uncertainty budgets.

One notable observation from the subsidized CAPEX scenario (top row of Figure 8) is that, despite
expanding the investment options to more than 100 projects (17 PCls and 92 non-PCI projects), the solution
of the ARO model comprises nine projects|the majority of which are PCls. Hence, our modeling exercise
con rms the estimates of national TSOs on gas ows under the system stress and the promising projects
from to address that stress. This result suggests that, despite the high degree of interconnectivity in the
European gas network, certain PCls are promising from a business perspective (i.e., in a presence of subsidy)
in the face of the worst-case demand realization.

The new non-PCI projects that are realized as a part of the optimal expansion plan include one pipeline
(UA{PL) and two regasi cation terminals in Belgium and France.

Interestingly, even though the UA{PL pipeline is not listed on the PCI list, the interconnector is highly
likely to assume operations by the end of 2022, as the Ukrainian and Polish TSOs signed an agreement
in 2016 to advance the construction of the project (Energy Community, 2021). The project was conferred
a code in the ENTSOG TYNDP 202C°. Although a relatively small addition in terms of transmission
capacity, expansion of the pipeline would facilitate the further integration of Ukrainian storage facilities
into the European gas system. The project is solely realized under a relatively large uncertainty budget
of p = 60, which indicates the potential exibility that it would provide the system amid widespread
cold-winter demand peaks’

5The capacity of new investment options|a total of 92 arcs|is parametrized to a 20% increase in existing infrastructure
items; the average capacity is comparable to the average size of the PCI projects. The CAPEX of the new investment options
is parametrized based on the 75th percentile of the PCIs' investment per bcm of capacity. The factors per bcm applied are
computed separately for pipelines and LNG projects.

61n the TYNDP 2020, the project is listed under the code \TRA-A-621" for the Polish section and the code \TRA-A-561"
for the Ukrainian section (ENTSOG, 2020)

"The integration of Ukrainian storage facilities into the European gas system brings further bene ts not explicitly captured
by our model (e.g., allowing vast Ukrainian storage capacity to be used by Polish companies that face strategic storage
obligations).
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Another observation that stands out in Figure 8 is the partial substitution of PCls by non-PCI projects.
In particular, the two new LNG terminals reroute LNG ows to Central Eu-rope, compromising the economic
viability of the LNG terminal in Greece and the two PCI pipe-lines previously built to bring gas north from
the Adriatic region (the GR{BG and BG{SB pipe-lines are not built in this scenario). This result can be
understood in the context of the system-wide optimization that the model entails.

The results are markedly di erent in the estimated CAPEX scenario (bottom row of Figure 8). As with
the results in Section 4.1, the HU{SI pipeline appears in the optimal solution under all uncertainty budgets.
However, the other two projects built under high uncertainty budgets (UA{PL and FR{LNG) are not from
the PCI set. It is unsurprising to see the UA{PL pipeline appearing in the model solution in this scenario,
as, in reality, the project is also completed without the subsidy. Overall, these results re ect the importance
of e cient trade and storage utilization in a system as complex as the European gas market.

The results of this section provide further insight into robust gas infrastructure expansion under un-
certainty budgets. The insights (i) con rm that, without nancial support, most of the PCls are unlikely
to be realized; (ii) point toward the system bene ts of the HU{SI and UA{PL pipelines; and (iii) indicate
that, in a subsidized setting, PCls provide more system value in guarding against demand uncertainty than
the infrastructure expansion options beyond the PCI list; this nding aligns with the strategic aims of the
project list. The observation made in Section 4.1 that the ARO solution entails more investments under
higher p values holds for this case as well.

Scenario/UB PCls in Robust Expansion Plan non-PCI ARO CBAtput
CAPEX D s LT-PL DK-PL LV-LT BG-SB HU-RO HU-SI SI-AT SK-HU PL-SK HR-SI GR-BG GR-IT TR-BG IE-LNG HR-LNG PL-LNG GR-LNG UA-PL BE-LNG FR-LNG o* Cap LS
0 0 17.7 0
10 17 17.7 0
30 38 213 13
60 . 52 202 25

0

10
30
60

Estimate| Subsidy

oo ooloooo

0 14 0
17 14 0
38 10.0 13
52 11.2 25

Figure 8: Robust expansion plan considering a set of PCls and a 20% capacity increase option for any arc in the network
(pipeline or regasi cation terminal) located in the EU. Scenarios include four uncertainty budgets for gas demand (columns)
and two CAPEX assumptions (rows). The horizontal axis aggregates demand spike values per country on an annual basis.
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4.3. Robust expansion considering cold-winter demand spikes and supply shortages

Moving beyond an isolated analysis of 2030 demand uncertainty, this section investigates the optimal
robust expansion plan considering the worst-case realizations of both gas demand and supply within the
uncertainty budgets. The analysis is based on the following assumptions:

1. Investment decisions are made from the set of PCI projects.

2. Uncertainty budgets are xed as follows: p =[0;10;30;60], s =[1;2].8 Empirically, a unit of the
uncertainty budget entails a shortage in one production eld in a speci ¢ node over the entire modeled
year (see Section 3.3.2 for further details).

3. Investment costs are based on the subsidized CAPEX scenario.

4. No limits are enforced on investment budget availability (i.e., constraint A.1c in Appendix A is
relaxed).

The results of this analysis are reported in Figure 9. The choropleth maps now illustrate the worst-case
realizations of both demand and supply under the uncertainty budgets. As with the results in the previous
sections, the p steps are visualized as columns, while the s steps form two rows for each CAPEX scenario.

Figure 9 demonstrates several interesting features of the robust solution.

First, the supply uncertainty budget of s =1 eliminates some projects from the solution space. These
include pipelines in the Baltic states and Central Europe (LT{PL, LV{LT, PL{SK). The projects aimed at
facilitating supply diversi cation in the Balkan region as well as two regasi cation terminals in Ireland and
Croatia remain a part of the optimal expansion plan. Furthermore, this scenario includes (i) one additional
investment (LNG terminal in Greece), which brings greater regasi cation capacity to the Adriatic region,
and (ii) the construction of the GR{BG pipeline, which supports the GR{LNG terminal. As the resulting
worst-case supply realization under s = [1] constitutes a supply drop of ca. 50 bcm/a from Russia, this
solution is aimed at a cost-optimal substitution of the missing supply.

Second, the supply uncertainty budget of s = 2 yields a situation in which an additional 45 bcm/a
of LNG supply is unavailable. This further decreases the number of realized projects. As expected, new
regasi cation projects are not viable in this scenario due to a shortage of available LNG supply. This has
a reverberating e ect, as the projects aimed at bringing gas north by connecting the Adriatic region with
Central Europe (GR{BG, HR{SI, BG{SB) do not appear in the robust solution. The sole realized project
is the HU{SL interconnector. This can be explained by its central location and the importance of access to
gas storage in Hungary for consumers in Slovenia and neighboring countries.

Third, the results of this section highlight the general trend of investment dynamics when supply drops
are incorporated into the uncertainty budget|the ARO solution generally entails fewer investments. This
outcome stems from the fact that investment decisions associated with the robust solution under supply
uncertainty entail interplay between capital costs, load-shedding costs, and network topology. The results
demonstrate that additional LNG projects may be viable to hedge against pipeline supply shortages (e.g.,
GR{LNG, supply drops in Russia); however, if the supply of both Russian pipeline gas and LNG fall into
the uncertainty budget, the economic viability of projects is compromised due to the system's overall supply
shortage. This is indicated by load-shedding volumes of ca. 65 bcm/a.

8A model run with g =[0] is discussed in Section 4.1.
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