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A B S T R A C T   

The broad portfolio of negative emissions technologies calls for integrated analyses to explore the synergies 
between them and the power sector, with which they display strong links. These analyses should be conducted at 
a regional level, considering system uncertainties, assessing local benefits and the impact on carbon removal 
potential. This study investigates how uncertainty in electricity demand affects the optimal design of integrated 
carbon removal and power generation systems using multistage stochastic programming. Given the model 
complexity, we propose a tailored decomposition algorithm by extending previous work on the shrinking horizon 
approach that reduces the computational time by 90 %, enabling insights into various European scenarios. A 
combination of conventional technologies and biomass could satisfy the electricity demand while providing up to 
9 Gt of net CO2 removal from the atmosphere. Omitting uncertainties leads to an underestimation of the total 
cost and the selection of different technologies possibly leading to suboptimal performance.   

1. Introduction 

The urgent need to counteract the adverse effects of climate change 
has led to a growing emphasis on reducing greenhouse gas (GHG) 
emissions, the rising concentration of which is primarily attributed to 
anthropogenic activities (Daggash and Mac Dowell, 2019). Among all 
the economic industries, the energy sector, which includes heat and 
electricity, contributed substantially to direct carbon dioxide equivalent 
(CO2-eq) emissions in 2019, accounting for 23% of the total (IPCC, 
2022). Hence, given the significant mitigation potential, it is considered 
a key player in meeting climate targets. 

The European Union (EU), responsible for roughly 10% of global 
emissions and one major leader in climate policies (Meckling et al., 
2017), in 2019 published the European Green Deal to push a political 
shift toward a carbon-neutral society in 2050 (European Commission, 
2019; Schenuit et al., 2021). This includes efforts to decarbonize the 
energy sector through renewable energy deployment (amounting to 
32% of the gross final energy consumption) and measures to improve 
energy efficiency to cut GHG emissions by 55% (Victoria et al., 2020). 

While these actions, already included in Integrated assessment 
models (IAMs), are underway, there is also the need to explore 
comprehensive strategies that not only prevent emissions but also 

actively reduce the current concentration of GHG in the atmosphere 
(IPCC, 2022). This could be accomplished via CO2 removal (CDR) 
strategies or negative emissions technologies and practices (NETPs). 
Some of these, namely bioenergy (Solano Rodriguez et al., 2017) and 
direct air capture with carbon capture and storage (CCS) (BECCS and 
DACCS, respectively), are already included in the IAMs (Realmonte 
et al., 2019). Yet, IAMs do not incorporate social or political dimensions 
(Doukas et al., 2018) and do not have the technological or spatial res
olution for detailed energy systems planning. Moreover, trade-offs 
appear when assessing multiple key performance indicators of these 
technologies, suggesting that a regionalized portfolio of NETPs inte
grated into the energy systems should be evaluated to exploit their 
complementary strengths (Cobo et al., 2023). In particular, the chal
lenge is to find NETPs with high technology readiness level and removal 
potential at low cost and impacts. Additionally, there might be a 
mismatch between removal potential and storage availability in some 
locations, requiring additional infrastructure. 

Only a few studies model this coupling between power systems and 
NETPs explicitly (Bistline and Blanford, 2021; Creutzig et al., 2019). A 
few regional studies were carried out by Daggash et al. (2019) and Prado 
et al. (2023) in the context of the United Kingdom and by Sagues et al. 
(2019) in the United States. Recently, a model that integrates the EU 
power system together with BECCS and DACCS was developed to shed 
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light on the consequences of delaying the deployment of CDR options 
(Galán-Martín et al., 2021). Despite providing valuable insights into the 
optimal deployment pathways, the conclusions were drawn based on a 
deterministic model, which should be reevaluated when updated data 
becomes available, such as energy demand and technology learning rate, 
as explored by Rathi and Zhang (2022). Hence, the work did not 
consider the handling of uncertain parameters. 

Uncertainty is an inherent characteristic of energy systems, as they 
are influenced by a complex interplay of factors such as technological 
advancements, policy frameworks, economic fluctuations, and societal 
behaviors. Incorporating uncertainty analysis in energy system models 
is crucial for robust decision-making, particularly in the context of 
evaluating carbon removal options. Specifically for BECCS and DACCS, 
since they are often evaluated within long-term energy plans, the results 
are affected by a considerable degree of uncertainty (Fajardy et al., 
2019), which is usually neglected, while in practice their large-scale 
deployment in the EU energy system is subject to numerous chal
lenges. These challenges include technological readiness, high costs, 
geographical constraints such as land availability for biomass cultiva
tion, regional factors for renewable power generation, in addition to CO2 
storage availability, scalability of the modularity of DACCS technolo
gies, and social acceptance. Moreover, the variability and uncertainty in 
electricity demand pose additional complexities for the integration of 
these technologies into the energy system. Indeed, these CDR options are 
interconnected with the system because they either provide or require 
electricity. Thus, it is important to address the uncertain nature of the 
EU energy system, which has been highlighted especially in recent years, 
due to the COVID-19 pandemic and the Russian invasion of Ukraine. 

Traditional deterministic energy system models often overlook the 
uncertain nature of electricity demand, assuming all the parameters to 
be known, and thus potentially leading to suboptimal or even infeasible 
decisions and unrealistic outcomes (Chen et al., 2021; Li and Gross
mann, 2021). Hence, here we argue that including uncertainty within a 
suitable optimization framework is essential to comprehensively assess 
the impact of the power system and the potential role of BECCS and 
DACCS in the EU energy system. 

We refer to a recent review published by Li and Grossmann (2021) 
for a list of selected articles on stochastic programming, one of the 
possible modeling frameworks to perform optimization under uncer
tainty. It is evident from the list compiled by Li and Grossmann (2021) 
and a recent review on uncertainty frameworks by Bevan (2022) that the 
Process Systems Engineering (PSE) literature on stochastic problems is 
quite rich, yet the literature on sustainability problems under uncer
tainty is scarce, despite CCS being recognized in the field as pivotal to 
the future transition (Hasan et al., 2022) and sustainability becoming an 
important focus in the PSE community (Pistikopoulos et al., 2021; 
Weidner et al., 2022). 

In particular, we found that there are studies assessing the stand
alone impact of uncertain parameters of CCS and BECCS, such as cost, 
carbon removal availability, and soil inputs (Chen and Wu, 2022; 
Giannousakis et al., 2021; Shepherd et al., 2021). However, to our 
knowledge, energy system models that include CDR options and exog
enous uncertainty are yet to be explored. Along these lines, Grant and 
co-authors (2021) carried out a pioneering work evaluating the policy 
implications of uncertain removal potential at a global scale using the 
TIAM-Grantham model in stochastic scenarios. 

Analyzing the CDR-power nexus including uncertainty leads to more 
complex problems than their deterministic counterparts. Despite recent 
developments in hardware and software, stochastic problems might still 
be intractable and require decomposition approaches to speed up the 
solution time and get insights from different case studies in less 
computational time. Traditional decomposition methods to solve large 
energy systems stochastic models include time-series aggregation (Bahl 
et al., 2018; Teichgraeber et al., 2021), Benders and Lagrangean 
decomposition (Ioannou et al., 2023), sequential scenario decomposi
tion (Apap and Grossmann, 2017), and shrinking and rolling horizon 
(Balasubramanian and Grossmann, 2004). Tailored approaches have 
also been developed as a combination of these methods (Fusco et al., 
2023; Lee et al., 2023; Meersman et al., 2023). Lastly, new approaches 
based on neural networks or genetic algorithms are arising to deal with 
the challenging size of these models (Amusat et al., 2017; Kämper et al., 
2023). 

Nomenclature 

Abbreviations 
BECCS bioenergy with carbon capture and storage 
CCS carbon capture and storage 
CO2 carbon dioxide 
CDR carbon dioxide removal 
DACCS direct air capture with carbon capture and storage 
EU European Union 
EV expected value problem solution 
EEV expected result of using EV 
GHG greenhouse gas 
IAMs Integrated assessment models 
LP linear programming model 
MILP mixed-integer linear programming model 
MSS multistage stochastic programming model 
NETPs negative emissions technologies and practices 
NACs non-anticipativity constraints 
PSE Process Systems Engineering 
RAPIDU RemovAl oPtImization model under Uncertainty 
SAA sample average approximation 
RP solution to the fully stochastic problem 
2SS two-stage stochastic programming model 
VSS value of the stochastic solution 

Sets 
I {i | i is a technology} 

J {j | j is a country} 
S {s | s is a scenario} 
S PF {s | s is a scenario included in the first period NACs} 
S PX {s | s is a scenario included in the exogenous period NACs} 
Sred {s | s is a scenario included in the solution of step 1} 
T {t | t is a time period} 

Variables 
ys

ijt first-stage investment decisions for technology i, country j 
and time period t in scenario s 

bs
ijt first-stage binary decisions for technology i, country j and 

time period t in scenario s 
xs

ijt second-stage operation decisions for technology i, country j 
and time period t in scenario s 

Parameters 
N cardinality of exogenous scenarios s 
ycs

t cost parameter dependent on the continuous variable y and 
scenario s, for time period t 

yAs
ijt parameters matrix, dependent on the continuous variable y 

and scenario s, for technology i, country j and time period t 
Fλs,s′

1 Lagrangean multiplier for the first-period NACs 
Xλs,s′

t Lagrangean multiplier for the exogeneous NACs 
ps probability of occurrence of scenario s  
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To close the literature gap highlighted above, the scope of this work 
is twofold. Here we evaluate the impact of uncertainty in electricity 
demand on the deployment of BECCS and DACCS in the EU energy 
system via multistage stochastic programming. Given the computational 
challenges that arise from the large size of the problem, a tailored so
lution algorithm is introduced to decompose the problem, reducing the 
computational time by 90%, by combining well established decompo
sition techniques and heuristics. This allows us to generate insights into 
the optimal integration of these technologies within the EU energy 
system by investigating different scenarios of carbon removal by BECCS 
and DACCS. To the best of our knowledge, a multiregional CDR-power 
nexus model with rigorous modeling of uncertainty via multistage sto
chastic programming has never been proposed before. 

The rest of the article is organized as follows. The problem statement 
is given next, followed by the optimization methods, including the 
multistage stochastic model and the solution strategy based on decom
position algorithms. The results section includes a comparison of the 
computational performance of the stochastic model without and with 
the decomposition algorithm for different case studies. Lastly, the con
clusions and outlook for future work are presented. 

2. Problem statement 

Given are 15 state-of-the-art power technologies and the most 
prominent CDR-engineered options. These technologies are divided into 
dispatchable, which can produce heat, electricity, or both, at demand, 
and non-dispatchable, which require a backup capacity of dispatchable 
technologies to account for the time they cannot be operated. Among 
these, we also consider conventional fossil technologies, i.e., coal and 
natural gas, and their retrofit with carbon capture and storage. Among 
the CDR options, we include biomass-based energy, which also acts as a 
dispatchable energy source, and direct air capture. We consider learning 
cost curves and realistic diffusion rates limiting the deployment of all 
technologies (Iyer et al., 2015). The region of interest of this study is the 
EU with the United Kingdom, where its member states are considered 
potential locations for the installation of power technologies. These 28 
countries are modeled as load nodes with specific energy demands and 
resource availability. 

The goal is to determine the optimal planning of the EU energy 
system to satisfy the electricity demand (and its associated uncertainty 
level in each country), by minimizing the system’s total cost subject to a 
given cumulative CDR target at the end of the time horizon of 30 years. 
The decisions to be made include the capacity and location of the power 
technologies and the electricity, heat and electricity required by DACCS, 

Fig. 1. RAPIDU (RemovAl oPtImization model under Uncertainty) problem statement. We are given a set of power technologies and two already commercially 
available carbon dioxide removal technologies, namely bioenergy and direct air capture with CO2 storage (BECCS and DACCS). Given is also a set of input data, 
including regionalized parameters for BECCS and DACCS, such as land availability and biomass CO2 uptake, natural gas and electricity requirement, respectively. We 
model the 27 EU countries and the UK as load nodes with specific energy demands and resource availability. The goal is to determine the optimal deployment 
pathway under electricity demand uncertainty (exogenous uncertainty) that meets a given CO2 removal (CDR) target at the end of the time horizon of 30 years, 
minimizing the system’s total cost. 
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and CO2 flows between the EU states. The problem statement is pre
sented graphically in Fig. 1. 

3. Methods 

3.1. Deterministic model 

We build on RAPID, a linear programming (LP) model previously 
proposed to understand the implications of delaying the deployment of 
CDR options at a regional level, focusing on BECCS and DACCS within 
the EU power system (Galán-Martín et al., 2021). RAPID was developed 
to investigate two scenarios: maximization of carbon removal and 
minimization of total cost subject to a carbon removal target. Perfect 
foresight for the input parameters was assumed in the time horizon 2020 
– 2100, modeled as a set of discrete time periods of equal length. The 
carbon removal is computed as the difference between the positive CO2 
emissions and the CO2 removed from the atmosphere by BECCS and 
DACCS. In essence, given a set of power technologies and BECCS and 
DACCS that can be deployed in each country of the EU, the goal is to find 
the optimal capacity installed and the removal by the two NETPs to meet 
the CDR target at the end of the time horizon and the energy demand in 
each country. 

In this work, we include binary variables (bs
ijt) that account for the 

installation of the technologies at the beginning of each time period 
(Guillén-Gosálbez et al., 2010; Sahinidis et al., 1989) making the model 
mixed-integer linear. We shorten the time horizon to 30 years, from 
2020 to 2050, for a more realistic evaluation of the uncertainty within 
the EU’s net-zero emissions target. Therefore, we impose a cumulative 
CDR target equal to zero in the year 2050, which is achieved jointly by 
all the countries in a cooperative strategy, and we solve for the minimum 
total cost of the system. 

3.2. Uncertainty definition 

Depending on how the uncertainty is revealed, it can be character
ized as exogenous or endogenous (Gupta and Grossmann, 2011). The 
former is decision-independent and is revealed automatically at each 
time period, e.g., market prices. In contrast, the latter is 
decision-dependent; therefore, it is not associated with a particular time 
period, e.g., the size of an oil field, which is revealed only when the 
drilling starts (Grossmann et al., 2016). Multiple approaches to deal with 
uncertainty in optimization problems have been developed, including 
stochastic programming (Birge and Louveaux, 2011), 
chance-constrained (Li et al., 2008), and robust optimization (Lappas 
and Gounaris, 2016), which differ in the way uncertainty is character
ized and the degree of risk aversion. Stochastic programming is often 
considered a risk-neutral approach (Shapiro, 2021), in which the ex
pected value of the objective function is optimized, and where the un
certainty is characterized by a given probability distribution. In contrast, 
in chance-constrained there is the possibility to deal with reliability and 
risk management using probabilistic constraints. Robust optimization is 
also a risk-averse approach, which tries to find an optimal solution to the 
“worst-case scenario” that satisfies given constraints over a defined 
uncertainty set. 

The method of choice depends, among others, on the information 
available on the uncertain data, whether the emphasis is on feasibility or 
optimality, and if corrective actions can be taken. For more details on 
approaches for decision-making under uncertainty, we refer the reader 
to Apap and Grossmann (2017) and Li and Grossmann (2021). 

Unlike other optimization frameworks mentioned above, stochastic 
models are frequently used in the PSE community. A stochastic model 
allows us to define a finite set of future scenarios that can be explored, 
and its structure makes it suitable for solutions based on decomposition 
approaches (Zeng and Cremaschi, 2019). In this work, we focus on 
exogenous uncertainty given the computational complexity of dealing 

with a model under exogenous and endogenous types for the system 
presented in Section 2, which is already a large MIP in its deterministic 
form. We note that the results might not reflect the interplay with other 
possible factors of uncertainty omitted herein, therefore limiting the 
insights that can be derived. However, even in the event that the 
problem can be generated with the available memory of modern ma
chines (Zeng and Cremaschi, 2018), current computational resources do 
not yet allow to solve such large-scale problems efficiently (Li and 
Grossmann, 2021). 

Here, we consider exogenous uncertainty in the electricity demand 
by formulating a multistage stochastic mixed-integer linear program
ming (MSS - MILP) model (Apap and Grossmann, 2017). In the base 
case, we consider that at each time period the electricity demand of each 
country varies ± 20% from the nominal deterministic value, which is 
updated over the time periods considering a constant annual growth 
(Galán-Martín et al., 2021). The choice of the demand as an uncertain 
parameter is justified by the fact that this parameter is dependent on 
multiple external factors, and hence can be highly uncertain. Some of 
the factors that affect demand are seasonality, economic growth and 
contraction, population growth and urbanization, technological inno
vation, e.g., increased efficiency, natural disasters, and even political 
and socio-cultural landscape changes. 

Additionally, we carry out a sensitivity analysis on the variability of 
the uncertain parameter to investigate how it affects the total cost and 
decision variables values. We report these results in Appendix A.3. 

3.3. Multistage stochastic model 

In two-stage stochastic programming with exogenous uncertain pa
rameters, we distinguish between first-stage and second-stage decision 
variables. The former are also called “here and now” variables, and are 
fixed at the beginning of the time period before knowing how the un
certainty will unfold. The latter, also known as recourse actions (“wait- 
and-see”), perform a corrective action after the uncertainty is revealed. 
When the models include multiple time periods within a time horizon, 
multistage stochastic problems are developed where decisions, re
alizations, and recourse actions occur sequentially as represented in 
Fig. 2. Here, multiple recourse actions can be taken as uncertainties are 
gradually revealed. 

In what follows, we first describe the general modeling approach and 
then provide the stochastic formulation taken as a basis. In stochastic 
programming, uncertainty is assumed to be described via scenario trees 
obtained from discretized probability distribution functions. Let us 
consider three time periods and two realizations of one uncertain 
parameter, high and low. For these assumptions, the standard scenario 
tree is represented in Fig. 3a. Hereafter, the following notation is used. A 
node is a possible state in a time period t. An arc is a possible transition 
from a state in t to a new state in t+1. A scenario is the complete path 
from the root node to a leaf node. We refer to the scenario probability as 
the probability of reaching a leaf node from the root node. 

Fig. 2. Sequence of events in stochastic programming with one exogenous 
uncertain parameter (Apap and Grossmann, 2017). 
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The number of exogenous scenarios (N) is equal to the product of the 
number of realizations for each exogenous parameter. If we consider two 
realizations of the uncertain parameter at each time period, the cardi
nality of the scenarios set is computed as 2t and the number of nodes is 
2t+1 − 1. 

An alternative form of the scenario tree in Fig. 3b proposed by 
Ruszczyński (1997) gives each scenario a unique set of nodes. When 
moving from the standard to the alternative representation we create 
several copies of the same states that contain the same information at 
that point in time. Scenarios with the same information at time t are said 
to be indistinguishable at that time. Therefore, in indistinguishable 
scenarios, we must make the same decisions. This behavior is enforced 
through non-anticipativity constraints (NACs) represented by the red 
horizontal lines in Fig. 3b. 

We report in Eqs. (1) – (5) the compact mathematical formulation of 
RAPIDU (RemovAl oPtImization model under Uncertainty), hereafter 
referred to as MSS1. The stochastic model is represented in the 
deterministic-equivalent form using non-anticipativity constraints (3a)- 
(4c). MSS1 includes all the equations reported in the Supplementary 
information by Galán-Martín et al. (2021) (see Eq. (2)), and therefore 
not repeated hereafter in their extensive form but summarized later in 
this section. The constraints introduced in this work are Eqs. (3a)–(4c) 
and the respective bounds in Eq. (5). 

min
b,y,x

ϕ =
∑

s∈S

ps
∑

t∈T

( ycs
t y

s
t +

xcs
t x

s
t +

bcs
t b

s
t

)
(1)  

s.t. yAs
t y

s
t +

xAs
t x

s
t +

bAs
t b

s
t ≤ as

t ∀ t ∈ T , s ∈ S (2)  

bs
1 = bs′

1 ∀ (s, s′) ∈ S P F (3a)  

ys
1 = ys′

1 ∀ (s, s′) ∈ S P F (3b)  

xs
1 = xs′

1 ∀ (t, s, s′) ∈ S PX (4a)  

bs
t+1 = bs′

t+1 ∀ (t, s, s′) ∈ S PX (4b)  

ys
t+1 = ys′

t+1 ∀ (t, s, s′) ∈ S PX (4c)  

bs
t ∈ {0, 1}, ys

t ∈ Y
s
t , xs

t ∈ X
s
t t ∈ T , s ∈ S (5) 

The objective function in Eq. (1) is the total expected cost, computed 
as the weighted sum of the costs in each scenario multiplied by the 
probability in each scenario, ps. The general techno-economic con
straints correspond to Eq. (2). Eqs. (3) represent the first-period NACs, 
and Eqs. (4) the exogenous NACs. These constraints enforce that the 
same decisions are taken in all the nodes that are indistinguishable. 
Lastly, in Eq. (5) the variables’ bounds and integrality restrictions are 

specified. 
Here, we adopt the same nomenclature used in Apap and Grossmann 

(2017) for the mathematical formulation. The multistage stochastic 
optimization model includes ys

t first-stage investment decisions at the 
beginning of each time period, e.g., power technology capacity installed; 
xs

t second-stage operation decisions that follow the investment decisions, 
e.g., the electricity generated from the installed capacity. These de
cisions are optimized over every country j ∈ J considering a set of 
technologies i ∈ I whose sets are omitted in the mathematical formula
tion for clarity (i.e., ys

t corresponds to ys
ijt). Each variable is 

scenario-dependent, identified by the set S , indicated by the superscript 
on the right of each variable. MSS1 is presented in its most general form, 
where the left superscript of the A matrix indicates to which variable the 
parameters refer and even the cost parameters are indexed for s to allow 
for different values according to the scenario. E.g., yAs

t means that the 
parameters included in A refer to the ys

t decision variable at time period t 
in scenario s (omitting sets i and j). We refer to Apap and Grossmann 
(2017) for the mathematical definition of the sets S P F and S PX. 

The number of scenarios, corresponding to the cardinality of set S , 
is 64 for six time periods (2t) given two realizations of the uncertainty, 
high and low, at each of them. The realization of the uncertainty is the 
same for each country, i.e., in all EU countries and the United Kingdom 
the electricity demand either increases or decreases at a given time 
period. This is deemed sensible given the strong political ties in the re
gion and considering that the extent to which the economy will be 
electrified, particularly concerning transportation but also in hard-to- 
abate sectors like petrochemicals production, will be similar across 
countries. Therefore, here we do not consider the combination of all the 
scenarios, which would increase the size and therefore the complexity of 
the problem substantially, making it intractable. 

For consistency with Galán-Martín et al. (2021), each time period is 
defined with a length of five years at first. Therefore, the chosen time 
horizon 2020 – 2050 is divided into six time periods t ∈ T of equal 
length. Then, we also assess the case of different lengths depending on 
the time period, with shorter time periods closer to the beginning of the 
time horizon and a rougher discretization towards the end of it. We 
report in Section 4 the two sets of results obtained. We adjust the input 
data accordingly to account for CAPEX and OPEX to match the new 
definition of the time periods. 

A detailed description of the general techno-economic model con
straints that are included in Eq. (2) can be found in the supplementary 
material of Galán-Martín et al. (2021). In essence, load-meeting and 
operation constraints are defined in Eqs. 1 – 31, accounting for the 
distinction between dispatchable and non-dispatchable technologies 
and ensuring that the electricity demand is fulfilled. We note that the 
electricity demand is met as an equality constraint in the work presented 
here. The modeling of the supply chain of biomass, regarding land use, 

Fig. 3. Exogenous uncertainty representation: standard (subplot A) and alternative scenario tree (subplot B). t represent the time periods, within tstart and tend, each 
dot is a node and the black lines connecting the dots are called arcs, which represent a possible transition between two states from time t to time t+1. The node at the 
top is the root node and the ones at the bottom are the leaf nodes. A complete path from the root node to a leaf node corresponds to a scenario, which occurs with a 
given probability. 
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availability of residues, etc., is also included. CO2 emission constraints 
include Eqs. 32 – 42, and model the carbon balance regarding positive 
and negative emissions, as well as the trade, capture, and storage of CO2 
and its sequestration underground. Finally, cost equations include Eqs. 
43 – 48, and model how the CAPEX and OPEX of the different power 
energy sources are obtained, as well as the cost of negative technologies. 

3.4. Solution strategy 

The full space multistage stochastic programming in Eqs. (1)–(5) 
leads to large-scale problems that quickly become intractable. For 
example, for two uncertainty realizations, six periods and 28 countries, 
the MILP has more than 8.2 million variables and 4.2 million con
straints. Hence, we propose the decomposition algorithm sketched in 
Fig. 4 that relies on the solution of independent scenarios followed by 
the shrinking horizon strategy for its efficient solution. 

The decomposition algorithm comprises two main steps. First, we 
decompose the problem into single scenarios dualizing the first-period 
and exogenous NACs. This step can be compared to the first iteration 
of the Lagrangean decomposition where the NACs constraints are 
transferred to the objective function as penalty terms multiplied by 
Lagrange multipliers (Apap and Grossmann, 2017). Yet, we do not 
perform any update of the dual bounds. 

We note that for the problem presented in Section 2, the conven
tional Lagrangean decomposition algorithm proved to be inefficient, 
leading to high computational times to close the gap between the lower 
and upper bound, as described in Apap and Grossmann (2017). This can 
be caused by the relatively low number of scenarios, as already observed 
in Apap and Grossmann (2017), which led to the same oscillatory 
behavior reported by Uribe-Rodríguez et al. (2023) for the convergence. 

For simplicity, let us consider only the decision variables ys
t . Then, 

after relaxing the NACs, Eq. (1) becomes 

min
y

ϕLR(λ) =
∑

s∈S

ps
∑

t∈T

ycs
t y

s
t +

∑

(s,s′)∈S P F

Fλs,s′
1
(
ys

1 − ys′
1

)

+
∑

(t,s,s′)∈S P X

Xλs,s′
t

(
ys

t+1 − ys′
t+1

) (6) 

We rearrange the equations of MSS1 for all the variables as in Eq. (6) 
to obtain a number of problems equal to the cardinality of S . At this 
point, we set the multipliers to zero and we solve each problem 
individually. 

Then, we can explore the solutions of the scenarios to collect infor
mation about the technology deployment. In particular, we want to 
know which technologies are not selected in any scenario or the tech
nologies selected in every scenario in all countries in a given time period 
for capacity expansion. We note that if the binary variable that indicates 
the capacity expansion of a given technology is zero, it does not imply 
that that technology is not deployed at all. We then use the information 
gathered in step 1 to reduce the size of the original problem by elimi
nating elements from the set of technologies, i.e., setting the binary 
variables to zero or fixing investment decisions. However, this problem, 
which we call MSS1-red, might still be very large. Therefore, we 
decompose it further. 

In the second step of our approach, we approximate the multistage 
stochastic problem with a series of two-stage stochastic problems (2SS) 
that we solve iteratively by applying the shrinking horizon approach 
described in Balasubramanian and Grossmann (2004). Moreover, in the 
first iteration, which corresponds to the first node over the entire time 
horizon, we solve for a subset of scenarios. The number of scenarios and 
the method for their selection can be chosen depending on the appli
cation. In our case studies, we use a heuristic approach dependent on the 
shape of the decision tree. Out of N, we select ten representative sce
narios of the whole set. 

An alternative approach, although computationally more expensive, 
is to use the sample average approximation (SAA), firstly introduced by 

Fig. 4. Decomposition algorithm steps. First, we decompose the original 
problem into single scenarios and we solve them individually. This step is 
performed by dualizing the NACs using zero multipliers. Afterward, we analyze 
the results to the optimization problems and extract information about which 
technologies are selected or not in the scenarios. We then use this information 
fixing the binary variables accordingly to obtain a reduced form of the original 
problem that we can solve faster. This reduced problem is further manipulated 
replacing it with a series of two-stage stochastic (2SS) problems solved in a 
rolling horizon approach. 
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Kleywegt et al (2002). In SAA, a sample of scenarios N < |S| that best 
represents the initial problem is selected to form a reduced set Sred. The 
probability of each scenario is adjusted to sum up to one by dividing the 
probability of each scenario in Sred by the sum of the probabilities of all 
scenarios in Sred (Ehrenstein et al., 2019). Since the probability distri
bution of the uncertainty is known a priori, here we choose N scenarios 
such that they are representative of the full set S. This set is used to solve 
an approximation of MSS1. 

We then store the decision variables from each scenario (ys
t) and fix 

the ones at the first time period (ys
1) according to the values of the so

lution obtained in the first iteration. From the second iteration onward, 
we solve one problem that considers all the scenarios of the corre
sponding 2SS problems. At each iteration, we fix the decision variables 
at the beginning of the time period until no more time periods are to be 
fixed. Notably, all the integer variables are fixed when solving the leaf 
nodes. Therefore, the last 64 iterations are LP problems, which can be 
solved very efficiently. Lastly, we compute the total expected cost as a 
probability-weighted sum of the costs at the final nodes. 

A 5% optimality gap is enforced at each iteration as the termination 
criterion, and convergence is checked before solving the next node. The 
optimality gap is chosen consistently with Galán-Martín et al. (2021) 
and set larger than zero due to the complexity of the model. 

Priorities on the discrete variables are also used to speed up the al
gorithm further. We expect that BECCS is deployed before DACCS 
because of its lower cost, higher initial capacity installed and diffusion 
rate until no more capacity can be installed to meet the CDR target. This 
translates into heuristic-based constraints involving binary variables 
that reduce the combinatorial complexity of the problem. 

RAPIDU is solved using GAMS 41.5.0 on an Intel(R) Core(TM) i7- 
10700 CPU @ 2.90GHz with 32.0 GB RAM using 16 parallel threads 
with the solver CPLEX 22.1. 

3.5. Value of the stochastic solution for multistage stochastic models 

To quantitatively assess the additional value of adding uncertainty to 
the optimization problem, we compute the value of the stochastic so
lution (VSS) (Birge and Louveaux, 2011). Indeed, a decision-maker 
might argue that including recourse decisions in the model might not 
be worth the additional computational effort. In this regard, the VSS 
provides insights into the potential value left on the table when not 
considering uncertainty in the decision-making process. 

In the case of two-stage stochastic problems, the procedure to 
calculate the VSS is straightforward and widely used. Firstly, the solu
tion to the model with a mean value of the uncertain parameter is 
computed. This is called the expected value problem or mean value 
problem (EV). Once the solution to this problem is known, it is used to 
solve the stochastic model by fixing the first stage “here and now” 
variables. This is known as the expected result of using the EV solution 
(EEV). 

For a minimization problem, the VSS is computed as the difference 
between the EEV and RP (Eq. (7)), where RP is the solution to the fully 
stochastic problem. A small VSS denotes that the deterministic model is 
a good approximation of the stochastic one. 

VSS = EEV − RP (7) 

In the case of multistage problems, however, computing the VSS is 
not as simple because each time period has “here and now” decision 
variables and it is not clear which variables should be fixed. Therefore, 
obtaining EEV would require solving a sequence of models. The issues in 
computing the values above and a tailored approach to calculate the VSS 
for multistage stochastic problems are discussed in Escudero et al. 
(2007). 

In this work, we use an approximation of the procedure to calculate 
the VSS, also reported in Escudero et al. (2007), where we fix only the 
first stage decisions in all time periods to obtain EEV. Then, the VSS is 

calculated as the difference between the EEV and RP as in Eq. (7). 

4. Computational results and discussion 

4.1. Homogeneous discretization of the time horizon 

First, we analyze the case for time periods of equal lengths. The re
sults are discussed in this section comparing the full space model to the 
decomposed version. 

Hereafter, we refer to the full space model, i.e., the problem which 
includes all equations and variables and is solved at once, as MSS1, and 
the version solved by applying a decomposition algorithm as MSS1-D. 

4.1.1. Net-zero target 
At the end of the time horizon, we impose a net-zero cumulative CDR 

target, i.e., the positive emissions are fully balanced by the CO2 removed 
by BECCS and DACCS. 

The number of variables, equations, and solution time of MSS1 are 
summarized in Table 1. Notably, the computational time to solve MSS1 
in its full form to a 5% optimality gap is considerable (around 13 hours). 
The total cost of the system is 10.7 trillion Euros calculated as the 
weighted average of each scenario objective function value, and 
computed according to a net present value calculation, accounting for 
fixed and variable costs (see (Galán-Martín et al., 2021) for more in
formation on the cost calculation). Compared to the deterministic so
lution (9.9 trillion Euros), it represents an increase of 7.2%, which is not 
negligible. In the context of the EU, this economic burden is borne by all 
the Members according to some fairness principle. 

Given the large computational time, we apply our decomposition 
approach and solve the problem again as MSS1-D. 

From step 1, which is based on the relaxation of the NACs with zero 
multipliers, we find that many technologies are not selected for capacity 
expansion in any country at any time period. We group all these tech
nologies in a set and force their decision binary variables to zero when 
solving step 2. In order to further reduce the size of the model, we 
identify technologies that are selected for capacity expansion in the first 
time period in specific countries in all time scenarios. Again, we define a 
set for these technologies and we impose that the decision variable in the 
first period is equal to one. Both sets of technologies are reported in 
Table 2. 

Notably, many technologies among those available for power gen
eration are not selected because the time horizon we assess in this work 
is relatively short and the target is not very ambitious compared to what 
it is possible to achieve (Galán-Martín et al., 2021). The existing capacity 
of conventional technologies already installed in addition to the new 
capacity of technologies reported in Table 2 is sufficient to satisfy the 
electricity demand while satisfying all the model constraints. Thus, only 
biomass-based removal is employed, while the DAC installed capacity is 
zero in all the countries. 

We make use of the information obtained in step 1 as described in 
Section 3 and proceed to step 2. We solve step 2 iterating over the 
number of nodes (127). At the first iteration, we use heuristics to 
determine the subset of scenarios used to solve MSS1-red. Indeed, model 
MSS1-red is still very large. 

Table 1 
Model statistic of the multistage stochastic problem MSS1 for the minimization 
of the expected cost.   

MIP - MSS 64 scenarios 

Number of variables [millions] 7.9 
Number of binary variables [thousands] 300.7 
Number of equations [millions] 4.2 
Resource usage (solution + generation time) [h] ∼13 
Solver CPLEX 22.1 
Termination criteria: opt. gap [%] 5 
Optimal objective function value [Trillion Eur] 10.7  
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We obtain a 90% reduction in the computational time while 
achieving the same objective function value (10.7 trillion Euros). The 
latter is calculated as a probability-weighted sum of the leaf nodes, as 
explained in Section 3.3. In Table 3 we compare the solutions between 
the full space model and the decomposed one in terms of computational 
time and optimal objective function value. The time reported in the table 
includes step 1 and 2 where the Lagrangean decomposition step is 
approximately 14 minutes. The precise resource usage of generation and 
solution time in seconds is reported in Table A5. 

We point out that the decomposition algorithm modifies the original 
structure of the problem MSS1. Despite reaching the same expected total 
cost while meeting the electricity demand, there are differences in the 
decisions taken during the time horizon. For example, in MSS1 forest 
residues and natural gas with CCS capacities are also chosen and 
expanded at the first time period (Table A1). Additionally, comparing 
the information in Table 2 and Table A1, we notice that the algorithm 
only selects a few countries j where a technology i is selected in all the 
scenarios. In other words, in the decomposed problem, it is preferred to 
increase the capacity installed in selected countries j by 100% or more, 
while in MSS1 the capacity of more technologies is increased less but 
across different countries. 

Lastly, we compare the stochastic results with the deterministic ones. 
First, we fix the binary decision variables from the solution of the 

deterministic problem in all time periods of the stochastic problem to 
obtain EEV (Table 4). We find that the cost of EEV is 10.98 trillion Eur. 
Compared to the value of RP in Table 3, the VSS is 285 billion Eur, which 
is roughly 3% of the RP, on the same order of magnitude as the examples 
presented in Birge and Louveaux (2011) and Li and Grossmann (2021). 
Differently from the examples in the literature where the VSS is calcu
lated for two-stage stochastic models, here we report an approximation 
of the VSS for the multistage stochastic problem analyzed. Since we do 
not compute the EEV by solving a series of models as described in 
Escudero et al. (2007), the result obtained is to be considered an upper 
bound. 

Then, we provide a graphical summary of the two sets of solutions. 
Let us assume that the deterministic model is run only one time at the 
beginning of the time horizon, although in practice, it would be run in a 
rolling horizon fashion. Then, the solution that we obtain can be outside 

the range of all the possible solutions obtained considering uncertainty. 
In Fig. 5, we show the electricity generated per country (subplot A) 

and per technology type (subplot B). We notice that the majority of the 
total electricity generated comes from a reduced set of countries (sub
plot A), i.e., France, Germany, Italy, Spain, and the United Kingdom, and 
also affected by the greatest variability among all the countries. Addi
tionally, the deterministic solution lies outside the range observed for 
the given scenarios in some countries, i.e., it is suboptimal, such as the 
Netherlands, where the point lies outside of the boxplot of stochastic 
solutions. 

Subplot B represents the same information, this time aggregated by 
technology. Here, it is even more evident that the solution to the 
deterministic problem is not one of the solutions found by the stochastic 
model. In particular, we highlight the case of wind onshore and solar PV 
open technologies. Wind onshore and nuclear follow natural gas in 
production volume. Among all the technologies, natural gas is the main 
source of electricity and also has the highest variability, while the ca
pacity of wind offshore does not change across the scenarios. 

The electricity generated shown in Fig. 5 is then exchanged among 
the different countries to meet the target demand in a cooperative way. 
For this, the model allows flows of electricity among the EU Members, as 
represented in Fig. 6. Subplot A shows the cumulative value in the 
lowest and highest demand scenarios. Additionally, Fig. 6 (subplot B) 
shows the flows of CO2 from the capture point to the storage for the same 
scenarios. While a few major players generate electricity and then a 
network of transmission allows other countries to receive it, the CO2 is 
mainly captured and stored within local geographical boundaries, 
except for those countries with no storage capacity. 

4.1.2. CDR scenarios 
The decomposition algorithm presented in Section 3.3 allows us to 

more easily explore a range of case studies. We can do so by imposing a 
different CDR target at each iteration. In particular, our interest lies in 
assessing the feasibility of a carbon balance beyond the net-zero target 
and proving that it is possible to attain such levels by mid-century. This 
would imply that the electricity sector would be responsible for off
setting emissions from hard-to-abate industries, such as cement and 
steel. Considering that the electricity sector accounted for approxi
mately 30% of the total CO2 emissions in the EU in 2021 (Statista, 2021), 
it seems reasonable to assume that it will contribute significantly to the 
overall reduction in CO2 emissions. 

Our findings demonstrate that the deployment of BECCS and DACCS 
can potentially enable the removal of up to 9 Gt of CO2 by 2050 by 
deploying BECCS and DACCS within the constraints of our model. In 
other words, the global carbon balance of the integrated sector, i.e., 
including the power technologies in addition to NETPs in the system 
boundaries, would result in the net removal of 9 Gt. Fig. 7 illustrates the 
expected total cost of implementing solutions for the various CDR sce
narios explored. A negative sign of emissions indicates that more CO2 is 
removed via BECCS and DACCS than the amount emitted from all the 
technologies, i.e., natural gas, solar, and wind, resulting in negative 
emissions. We observe that the steepest increase in total cost occurs 
when we push the system to achieve more ambitious targets, ranging 
from 0 to − 9 Gt of CO2, while the cost does not decrease significantly for 
different positive targets, where the deployment of NETPs is minimal. 

Table 2 
Information on technology expansion from the solution of single scenarios (step 
1) for a net-zero CDR target in 2050.  

Technologies not selected in any scenario 
for capacity expansion at any time period 
t 

Technologies selected (country) in all 
the scenarios for capacity expansion at 
t=t1 

•Coal •Geothermal (Germany) 
•Coal with CCS •Natural gas (Denmark) 
•Hydropower •Forest residue with CCS (Poland) 
•Hydropower reservoir •Woody residues with CCS (Greece) 
•Nuclear •Solar PV open (Luxembourg and 

Malta) 
•Concentrated solar power  
•Solar PV roof  
•Switchgrass  
•Wind offshore   

Table 3 
Comparison of full space and decomposed multistage stochastic models for the 
minimization of the expected cost. A reduction in computational time of 90% is 
achieved by implementing the decomposition algorithm. * probability-weighted 
sum at final nodes   

MIP - MSS 64 
scenarios 

Decomposed MIP - 
MSS 

Resource usage (generation +
solution time) [h] 

∼13 ∼1.2 

Optimal objective function value 
[Trillion Eur] 

10.7 10.7*  

Table 4 
Objective function value for different case studies. Given the solution of the 
deterministic problem, we find the EEV value to later compute the VSS.  

Deterministic variables to be 
fixed 

Time 
period 

Value of objective function [Billion 
Eur] 

Binary decisions Up to t5 10791.2 
Binary decisions Up to t6 10982.6 
Binary and capacity decisions Up to t5 Infeasible 
Binary and capacity decisions Up to t6 Infeasible  
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Additionally, we find that DACCS, powered by electricity and heating, is 
only selected and deployed starting at the − 9 Gt CO2 target. 

It is important to note that even in scenarios where the emissions 
balance is positive, bioenergy and BECCS are still deployed (Table A2). 
This is because the advantage of bioenergy is twofold: it removes CO2 
from the atmosphere while simultaneously generating electricity. Thus, 
it serves as a valuable technology for achieving emissions reductions. 
This matches previous observations made by the authors (Negri et al., 
2021), where even considering the impacts of a highly detailed BECCS 
supply chain, negative emissions were achieved in the EU. 

Our analysis reveals that finding a solution achieving a target beyond 
10 Gt CO2 removal is not feasible (considering the assumptions and 

technologies in our analysis) within the computational time limit 
allowed (20 hours). This limitation is primarily driven by the rate of 
technology deployment rather than the availability of CO2 storage. The 
high electricity demand in the most uncertain scenarios poses a signif
icant challenge in achieving higher levels of CO2 removal within the 
given timeframe. 

In Appendix A.1, we report the information relative to the technol
ogy selection in the decomposition algorithm step 1 and the computa
tional time. We see that fewer technologies are installed as the target 
becomes less ambitious, and eventually the system is even allowed to 
reach a positive emissions balance. 

Fig. 5. Total electricity generated aggregated by country (subplot A) and technology (subplot B). Stochastic range vs deterministic value. The box and whiskers plots 
are generated using the solution of all 64 scenarios of the stochastic model and they show ± 25 the median value. 
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4.2. Inhomogeneous discretization of the time horizon with net-zero target 

As a last step, we are interested in the implications of discretizing the 
time horizon in time periods of different lengths (see Fig. 8 A and B). 
This modeling choice is driven by the fact that the consequences of the 
years closer to the start of the horizon have greater economic and social 
impacts over the ones of the years further in time. 

We report the results of the inhomogeneous time horizon dis
cretization in Table 5 for the minimization of the expected total cost at a 

net-zero target. First, we highlight that in the full space problem we were 
able to reach a solution within the specified optimality gap although 
infeasibilities in the original MIP problem were not resolved. On the 
other hand, our decomposition algorithm can reach a solution within the 
given tolerance in reasonable CPU time, highlighting the robustness of 
the proposed solution method. The total expected cost, calculated as the 
probability-weighted average of the last nodes, is 2% higher than the full 
space objective function, within the optimality gap. Lastly, we mention 
that the total expected cost in this case study is higher than the previous 

Fig. 6. Cumulative electricity transmission [TWh] (A) and CO2 flows [GtCO2] (B) at the end of the time horizon between the EU countries in the lowest and highest 
electricity demand scenario. 
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(10.7 trillion Eur, see Table 3) due to the duration of the periods being 
different. 

The underlying assumption in the original model (Galán-Martín 
et al., 2021) is that the demand is maintained constant within the years 
of the first time period, and only updated at the start of the following 
period according to the following equation dt = dt− 1*F, where F is a 
constant factor greater than one. Therefore, it is updated more 
frequently when there are shorter periods. For example, since in the case 
of identical time periods the first time period comprises five years while 
here only two, the demand at the end of the time horizon is higher in the 
case presented in this section. We provide a clarifying example in the 
time horizon 2020 – 2025 with reference to Fig. 8. In case A, it is 
assumed that there is no increase in the first five years, meaning that the 
cumulative final demand is equal to five times the one in 2020. In the 
inhomogeneous time period case (B), the first time period of two years 
follows the same assumption and therefore the cumulative demand in 
2022 is two times the one in 2020, while the remaining years are 
updated according to the given correlation. 

Next, we look into the technology deployment to meet the energy 
demand (Table A3 and Table A4). In this case, since the first time period 
is shorter, a reduced set of technologies is selected in all the scenarios, 
comprising wind onshore (Germany), solar PV open (Luxembourg), and 
forest residues with CCS (Poland). Additional capacity of solar PV open 
is installed in Belgium at t3 and t5. The capacity of solar PV open and 
forest residues with CCS is expanded at the beginning of t4 in 50% of the 
countries included in our model. This happens because the length of 

time periods t1 and t2 are 2 and 4 years, respectively, while in t4 it is five 
years and more capacity is needed to cover the increase in electricity 
demand. 

Overall, the net-zero target is achieved by deploying the same set of 
technologies shown in Fig. 5 subplot B. 

5. Conclusions 

In this study, we highlighted the importance of considering uncer
tainty in energy system planning, particularly in relation to the impli
cations on the total cost and technology capacity installed arising from 
the variability in electricity demand. The consequent complexity of the 
multistage stochastic programming model required the development of 
a tailored decomposition approach that extends previous work on the 
shrinking horizon strategy, reducing the computational time signifi
cantly up to 90%. We observed that in the case of inhomogeneous time 
periods, which lead to numerical challenges to solve the full-space 
model, our algorithm even provides a numerically robust solution 
within the optimality tolerance while still achieving a significant 
speedup with respect to the monolithic model. 

We found that among all the countries in the European Union, 
France, Germany, Italy, Spain, and the United Kingdom provide the 
majority of the electricity with the greatest variability across all the 
scenarios’ solutions. The technologies with the highest capacity 
deployed for electricity production include natural gas, nuclear, wind 
onshore, solar PV and BECCS. Biomass emerged as a crucial component 
within the model, where its deployment was not only selected to achieve 
negative emission targets but also in scenarios where overshooting was 
allowed with capacity expansion at each time period for selected 
feedstocks. 

Overall, effectively managing uncertainties is paramount for the 
successful implementation of projects, particularly in the context of 
climate action. Further research and attention to these uncertainties will 
contribute to the advancement and realization of sustainable energy 
systems, especially focusing on the learning curves of carbon removal 
options. While our analysis focused on the technical aspects, it is 
important to acknowledge that successful implementation of BECCS and 
DACCS technologies requires addressing additional considerations such 
as public acceptance, community engagement, policy incentives, and 
economic viability, which are beyond the scope of this study. 
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nodes. ** GAMS output: Fixed MIP status (5): optimal with unscaled 
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Number of variables [Millions] 7.9 7.9 
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Number of equations [Millions] 4.2 4.2 
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solution time) [h] 
∼3.2 ∼2 

Solver Cplex 22.1 Cplex 22.1 
Termination criteria: Opt. gap [%] 5 5 
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Fig. 8. Discretization of the time periods. In the analysis presented in Section 
4.1 (subplot A), the time horizon is divided into six time periods of equal length 
corresponding to five years. In this Section 4.2 we present the results for a non- 
homogenous discretization of the time horizon: six total time periods of length 
2-4-4-5-5-10 years (subplot B). 
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Appendix A 

We report in this appendix additional results and analyses related to the studies presented in the main manuscript. In Section A.1 the insights 
obtained from the decomposition algorithm are given, while in Section A.2 we discuss the risk-averse model. In Section A.3 we report the results to the 
uncertainty variability sensitivity analysis. 

A.1. Additional results 

The following tables include detailed information referring to time period t1 on the solution obtained from the multistage stochastic model in its 
full-space form (Table A1) and the decomposed one for different CDR targets (Table A2). Table A3 includes the technologies not selected at any time 
period and Table A4 the technologies selected for capacity expansion at t1 for the case study with inhomogeneous time periods.  

Table A1 
Technology expansion and respective location at t1 in the solution of MSS-1.  

Technology Country 

Forest residues Estonia, Finland 
Forest residues with CCS Bulgaria, Croatia, Germany, Hungary, Luxembourg, Poland, Sweden 
Geothermal Germany, Portugal 
Natural gas Denmark, Germany, Luxembourg, Poland 
Natural gas with CCS Denmark 
Solar PV open Hungary, Luxembourg, Malta, Poland, Slovakia   

Table A2 
Technology information obtained from the decomposition algorithm step 1, and computational time of step 1.  

CDR target 
[GtCO2] 

Computational time 
[min] 

Technologies not selected in any scenario for capacity expansion 
at any time period 

Technologies selected in all the scenarios in (country) for 
capacity expansion at t1 

–9 21 •Coal •Forest residues with CCS (Poland) 
•Hydropower •Solar PV open (Luxembourg) 
•Nuclear  
•Solar PV roof  
•Switchgrass  
•Switchgrass with CCS  

–6 16 •Wind offshore •Solar PV open(Luxembourg, Malta) 
•Hydropower •Natural gas (Luxembourg) 
•Hydropower reservoir •Forest residues with CCS (Poland) 
•Solar PV roof  
•Coal  
•Nuclear  
•Switchgrass  

–3 15 •Wind offshore •Geothermal (Germany) 
•Hydropower •Natural gas (Denmark, Luxembourg) 
•Hydropower reservoir •Solar PV open(Luxembourg, Malta) 
•Solar PV roof •Forest residues with CCS (Poland) 
•Concentrated solar power  
•Coal  
•Nuclear  
•Coal with CCS  
•Switchgrass  

+3 14 •Wind offshore •Geothermal (Germany) 
•Hydropower •Natural gas (Denmark) 
•Hydropower reservoir •Woody residues with CCS (Greece) 
•Solar PV roof •Solar PV open(Luxembourg) 
•Concentrated solar power •Forest residues with CCS (Poland) 
•Coal  

(continued on next page) 
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Table A2 (continued ) 

CDR target 
[GtCO2] 

Computational time 
[min] 

Technologies not selected in any scenario for capacity expansion 
at any time period 

Technologies selected in all the scenarios in (country) for 
capacity expansion at t1 

•Nuclear  
•Coal with CCS  
•Natural gas with CCS  
•Miscanthus  
•Switchgrass  
•Miscanthus with CCS  
•Switchgrass with CCS  

+6 14 •Wind offshore •Geothermal (Germany) 
•Hydropower •Woody residues with CCS (Greece) 
•Hydropower reservoir •Solar PV open(Luxembourg) 
•Solar PV roof •Forest residues with CCS (Poland) 
•Concentrated solar power  
•Coal  
•Nuclear  
•Coal with CCS  
•Natural gas with CCS  
•Miscanthus  
•Switchgrass  
•Miscanthus with CCS  
•Switchgrass with CCS    

Table A3 
Technologies not selected for capacity expansion in any county, any scenario and any time period for the 
minimization of the total cost with inhomogeneous time periods under a net-zero target.  

Technologies not selected 

Wind offshore 
Hydropower 
Hydropower reservoir 
Solar PV roof 
Concentrated solar power 
Coal 
Nuclear 
Coal with CCS 
Natural gas with CCS 
Miscanthus 
Switchgrass 
Willow 
Straw residues 
Woody residues 
Forest residues 
Miscanthus with CCS 
Switchgrass with CCS   

Table A4 
Technology selection at time period t1 in step 1 using a time horizon with inhomogeneous time periods. No expansion occurs at t6.  

Time period Technology expanded Country 

t1 Wind onshore Germany  
Solar Luxembourg  
Forest residues with CCS Poland 

t2   
t3 Solar PV open Belgium 
t4 Solar PV open Austria, Bulgaria, Spain, Estonia, Finland, Hungary, Italy, Lithuania, Luxembourg, Poland, Portugal, Slovakia  

Forest residues with CCS Denmark, Sweden 
t5 Solar PV open Belgium 
t6    

Lastly, we report in Table A5 the precise resource usage time in seconds with reference to Table 1, Table 3 and Table 5.  

Table A5 
Resource usage of model generation and solution time in seconds for the case studies investigated, i. 
e., with homogeneous and inhomogeneous time periods.  

Case study/ resource usage time [s] Full-space Decomposed 

Homogeneous time horizon discretization 46597 4444 
Inhomogeneous time horizon discretization 11490 7815 
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A.2. Risk management 

Among the possible frameworks to include uncertainty in optimization problems, stochastic programming is a risk-neutral approach, because it 
optimizes the expectation of the objective function by neglecting that some of the scenarios might incur high costs (Oliveira et al., 2013). 

Risk management is most widely explored in two-stage stochastic problems (Barbaro and Bagajewicz, 2004; Oliveira et al., 2013; Vespucci et al., 
2013), although applications to multistage have also been explored (Shapiro, 2021). The reason for a richer literature in two-stage stochastic models 
with risk metrics is that including a term that represents the risk in the model leads to a considerable increase in the model complexity. Different 
metrics to manage risk have been defined in the literature: downside risk, value at risk, and conditional value at risk. 

Following Oliveira et al. (2013), we calculate the expected shortage risk (ES). The latter has the advantage of adding only one constraint and one 
continuous variable in the model. Nonetheless, given the complexity of our problem, we decide to explore the risk-averse case by replacing our model 
with a two-stage stochastic model where we include the formulation of ES. The mathematical formulation is given in Eq. (A8) and (A9), which adopts 
the same nomenclature as Oliveira et al. (2013). 

min
x,y,δ

(

cx +
∑

s
Psqys + PEN

∑

s
Psδs

)

(A8)  

s.t. Ax + b ≤ 0
Tx + Wys ≤ hs ∀ s ∈ S
ys ∈ Y
cx + qys − ω ≤ δs

δs ≥ 0 ∀ s ∈ S

(A9) 

ES is calculated as in Eq. (A10). 

ES(ω, x) =
1

∑
s|δs≥0Ps

∑

u
Psδs (A10) 

We observe that a small trade-off of cost vs. risk can be observed because the model is highly constrained. Indeed, the demand for electricity has to 
be met as an equality constraint. In the case of adding a slack variable, increasing the demand uncertainty, e.g., ±50% instead of 20%, and a longer 
time horizon would allow us to observe more significant trade-offs. However, this would lead to a computationally intractable model with the 
evaluated solution method. 

A.3. Variability of electricity demand uncertainty: a sensitivity analysis 

Given the high uncertainty in the electricity demand, we perform a sensitivity analysis on the variability of the parameter. Our base scenario 
considers that the electricity demand varies ±20% from the nominal value for each country in each time period. We remind that the nominal value at 
each time period is calculated assuming a constant growth until the end of the time horizon, resulting in an annual increment of 0.7% (Galán-Martín 
et al., 2021). 

Here, we report the results of the total expected cost and decision variable selection for ±3%, 7.5%, 10% and 15% obtained with MSS1. We also 
include the total electricity generated by country compared to the deterministic solution, similar to the analysis presented in Fig. 5 A.   

Table A6 
Total expected cost and technology information for different uncertainty variability values and fixed net-zero target at the end of the time horizon with homogeneous 
time periods.  

Uncertainty 
variability [%] 

CDR target 
[GtCO2] 

Total expected cost 
[trillion Eur] 

Technologies not selected in any scenario for 
capacity expansion at any time period 

Technologies selected in all the scenarios in (country) for 
capacity expansion at t1 

3 0 10.1 •Coal 
•Coal with CCS 
•Concentrated solar power 
•Hydropower 
•Hydropower reservoir 
•Miscanthus 
•Miscanthus with CCS 
•Natural gas with CCS 
•Nuclear 
•Solar PV roof 
•Switchgrass 
•Switchgrass with CCS 
•Wind offshore 

•Forest (Estonia, Finland, Luxembourg) 
•Forest residues with CCS (Bulgaria, Croatia, Czechia, Greece, 
Hungary, Poland, Slovakia, Sweden) 
•Geothermal (Germany, Portugal) 
•Natural gas (Denmark, Luxembourg, Poland) 
•Woody residues with CCS (Bulgaria, Greece, United 
Kingdom) 
•Solar PV open (Estonia, Hungary, Luxembourg, Malta, 
Poland) 

7.5 0 10.2 •Coal 
•Coal with CCS 
•Concentrated solar power 
•Hydropower 
•Hydropower reservoir 
•Miscanthus 
•Natural gas with CCS 
•Nuclear 
•Solar PV roof 

•Forest (Estonia, Finland) 
•Forest residues with CCS (Bulgaria, Croatia, Czechia, Greece, 
Hungary, Luxembourg, Poland, Sweden) 
•Geothermal (Germany, Portugal) 
•Natural gas (Denmark, Luxembourg, Poland) 
•Woody residues with CCS (Greece, United Kingdom) 
•Solar PV open (Estonia, Hungary, Luxembourg, Malta, 
Poland) 

(continued on next page) 
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Table A6 (continued ) 

Uncertainty 
variability [%] 

CDR target 
[GtCO2] 

Total expected cost 
[trillion Eur] 

Technologies not selected in any scenario for 
capacity expansion at any time period 

Technologies selected in all the scenarios in (country) for 
capacity expansion at t1 

•Switchgrass 
•Wind offshore 

10 0 10.3 •Coal 
•Coal with CCS 
•Concentrated solar power 
•Hydropower 
•Hydropower reservoir 
•Miscanthus 
•Natural gas with CCS 
•Nuclear 
•Solar PV roof 
•Switchgrass 
•Wind offshore 

•Forest (Estonia, Finland) 
•Forest residues with CCS (Bulgaria, Croatia, Czechia, Greece, 
Hungary, Luxembourg, Poland, Sweden) 
•Geothermal (Germany, Portugal) 
•Natural gas (Denmark, Luxembourg, Poland) 
•Woody residues with CCS (Greece, United Kingdom) 
•Solar PV open (Estonia, Hungary, Luxembourg, Malta, 
Poland, Slovakia) 

15 0 10.5 •Coal with CCS 
•Concentrated solar power 
•Hydropower 
•Hydropower reservoir 
•Miscanthus 
•Natural gas with CCS 
•Nuclear 
•Solar PV roof 
•Switchgrass 
•Wind offshore 

•Forest (Estonia, Finland) 
•Forest residues with CCS (Bulgaria, Croatia, Czechia, 
Germany, Greece, Hungary, Luxembourg, Poland, Sweden) 
•Geothermal (Germany, Portugal) 
•Natural gas (Denmark, Luxembourg, Poland) 
•Woody residues with CCS (Greece, United Kingdom) 
•Solar PV open (Estonia, Hungary, Luxembourg, Malta, 
Poland, Slovakia)  

The results of the sensitivity analysis in Table A6 show that the technology selection varies slightly among the different scenarios. We can observe 
this behavior because, as we already mentioned, the time horizon is relatively short, and the model is highly constrained, primarily related to the 
equality constraint on the electricity demand, in addition to the not-too-ambitious carbon removal target. Overall, these factors do not allow for larger 
differences in the technology selection. 

Mainly, the increased variability of electricity demand uncertainty from 3% to 20% is reflected in the capacity installed. As was predictable, the 
total expected cost is rising as the variability of the energy demand uncertainty increases because the decision variables, i.e., installed capacity at t1, 
need to be able to satisfy the electricity generation of all the scenarios. 

Furthermore, we analyze the results of total electricity generated by country compared to the deterministic solution. This example demonstrates 
that regardless of the value of the uncertainty, the stochastic model provides more information than the deterministic one and might prevent practical 
suboptimal or unrealistic solutions. We show in Fig. A.1 the results with uncertainty ±3% and ±7.5% and in Fig. A.2 ±10% and ±15%. We note that, 
despite differences in the decision variables given by the range of variability of the uncertain parameter (Table A6), the stochastic model provides a 
broad range of values represented by the box and whiskers plots within which the deterministic solution is not always included. The higher the 
variability of the uncertain parameter, the more spread the box and whiskers plots are and the further from the median value of stochastic solutions the 
deterministic is. 
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Figure A.1. Total electricity generated aggregated by country for demand uncertainty ±3% (subplot A) and ±7.5% (subplot B). Stochastic range vs deterministic 
value. The box and whiskers plots are generated using the solution of all 64 scenarios of the stochastic model and they show ±25 the median value.  
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Figure A.2. (cont. of Fig. A.1) Total electricity generated aggregated by country for demand uncertainty ±10% (subplot C) and ±15% (subplot D). Stochastic range 
vs deterministic value. The box and whiskers plots are generated using the solution of all 64 scenarios of the stochastic model and they show ±25 the median value. 
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Doukas, H., Nikas, A., González-Eguino, M., Arto, I., Anger-Kraavi, A., 2018. From 
Integrated to Integrative: Delivering on the Paris Agreement. Sustainability 10, 
2299. https://doi.org/10.3390/su10072299. 

Ehrenstein, M., Wang, C.H., Guillén-Gosálbez, G., 2019. Strategic planning of supply 
chains considering extreme events: Novel heuristic and application to the 
petrochemical industry. Computers & Chemical Engineering 125, 306–323. https:// 
doi.org/10.1016/J.COMPCHEMENG.2019.03.020. 
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