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Optimization Under Uncertainty in Industrial Energy Systems
A Robust Optimization Framework
ARTHUR VANKEIRSBILCK
Department of Energy Technology
Chalmers University of Technology

Abstract
The growing global demand for improved energy efficiency in the process indus-
tries, which are significant consumers of both fuels and raw materials, necessitates
advanced optimization strategies. This thesis presents a robust optimization frame-
work aimed at enhancing the efficiency and sustainability of industrial energy sys-
tems under uncertainty. The framework employs Mixed-Integer Linear Program-
ming to model and optimize energy and mass transfer within industrial clusters,
considering the volatility of energy prices.
The methodology integrates a set-induced robust optimization reformulation to en-
sure solutions remain feasible and optimal under uncertainty. This approach con-
trasts with traditional sensitivity analysis and stochastic programming by focusing
on the worst-case scenario within predefined uncertainty bounds, thus providing a
reliable decision-making tool for planners and operators in the energy sector.
Key components of the study include the development of base case models for ex-
isting technologies such as natural gas boilers, cogeneration units, and absorption
chillers, as well as models for decarbonization technologies like biomass-fired boilers,
amine CO2 capture, and high-temperature electrolysis. The framework’s application
demonstrates significant potential for optimizing energy consumption and reducing
emissions in industrial clusters.
The results underscore the importance of robust optimization in managing uncer-
tainties, facilitating informed decisions that enhance the sustainability and efficiency
of resource use. This research contributes to the broader field of industrial energy
system optimization, offering a robust and practical solution to the challenges posed
by fluctuating variables and the integration of renewable energy sources.

Keywords: Decarbonization, Energy Efficiency, Industrial Energy Systems, Mixed-
Integer Linear Programming, Robust Optimization, Uncertainty Management.
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1
Introduction

The growing demand for improved energy efficiency is a global concern, and is partic-
ularly pressing in the process industries, which are major consumers of energy, both
in the form of fuels and raw materials [Eurostat, 2024]. These industries, often or-
ganised into ’clusters’, comprise a wide range of stakeholders, including utilities and
various production companies. Each company operates with different objectives and
seeks to invest according to individual criteria. By taking a comprehensive view of
these clusters, bringing together different industries within a single, coherent frame-
work, the potential for optimising energy sources across sectors is greatly enhanced
[Parekh et al., 2023, Bhuiyan et al., 2022]. This integrated approach aims not only
to reduce waste - be it waste in the form of heat, industrial by-products or waste
water - but also to promote a culture of sustainable and efficient resource use.
The identification and definition of opportunities for improvement in the process
industries, particularly through the use of modelling, can be challenging. Some
of these challenges include data issues such as the scarcity of data, which is of-
ten incomplete or prone to inaccuracies. In addition, uncertainty is emerging as
a dominant factor affecting both the planning and operational phases of industry
operations. In particular, the planning phase faces significant uncertainty, which
is made more difficult by the increasing integration of variable energy sources and
the use of distributed energy resources. This reality manifests itself in the form of
volatile energy costs, adding a layer of complexity to the decision-making process.
In today’s dynamic and ever-changing industrial energy landscape, the complex-
ity of variables that need to be considered when developing effective solutions has
increased significantly. This complexity is due to a number of factors, including
the emergence of renewable energy sources that are characterised by intermittent
output. This variability requires a delicate balance between the installed capacity
of renewable energy source, the need for energy storage systems, the capacity to
provide back-up energy during periods of unavailability or high prices. In addition,
the introduction of new technologies and different energy resources such as hydro-
gen, methanol, synthetic natural gas, referred to here as energy vectors has led to
a more interconnected energy landscape. Examples include hydrogen, which can
be produced from electricity or natural gas, and synthetic fuels such as methanol,
synthethic natural gas (SNG), biofuels. These advances complicate the process of
selecting the most appropriate technical solutions and determining the optimal scale
of new installations.
In order to deal with these uncertainties and to effectively navigate through the
complexities of fluctuating variables, advanced data analysis and modelling frame-
works are required. This thesis explores a general framework for optimising heat
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1. Introduction

and mass transfer in industrial clusters, using a Mixed-Integer Linear Programming
(MILP) approach. The framework incorporates a uncertainty set induced robust
optimization reformulation to manage uncertainty, with the aim of developing ro-
bust solutions capable of adapting to variations in energy costs. As a result, this
methodological approach provides decision makers with a tool equipped to make
informed decisions and enhances both the sustainability and efficiency of resource
use under prevailing uncertainties.

Optimisation techniques are at the forefront of efforts to improve efficiency and
planning in process industries [Acevedo and Pistikopoulos, 1998, Shi and You, 2016,
Ye et al., 2014]. They are central to the management of essential resources such
as energy and water within industrial clusters. These resources are not only vital
to the economic viability of these industries, but also have a profound impact on
their environmental footprint. The drive to develop optimisation methods stems
from the urgent need to address complex resource planning and management issues
amidst the diverse operational requirements of industrial activities. In addition to
cost savings, these methods are critical to reducing energy and water consumption
in response to escalating fuel costs, the need to reduce carbon emissions and the
need to conserve water.

The emergence of optimisation in the process industries marks a significant advance
in computational methods and demonstrates a strong commitment to sustainability.
The application of these optimisation techniques has led to significant improvements
in efficiency, economy and environmental protection, underlining their importance
in the modern industrial framework. This introduction sets the stage for a thor-
ough exploration of optimisation in the process industries, highlighting the intri-
cate dynamics and significant impact of these strategies in a sector navigating the
complexities of multi-energy industrial cluster optimisation and the uncertainties
involved.

1.1 Research Gap and Questions
Despite significant advances in optimization frameworks for industrial energy sys-
tems, several limitations persist in the existing body of research. These gaps provide
an opportunity for further investigation to enhance the efficiency and sustainability
of such systems under uncertainty.

Limitations of Previous Studies

Many existing studies have not adequately addressed the uncertainty inherent in
energy prices and demand. This gap limits the practical applicability of their op-
timization models in real-world scenarios [Sun et al., 2018, Mitra and Grossmann,
2019]. Additionally, previous research often lacks comprehensive integration of var-
ious decarbonization technologies within industrial clusters, which is essential for
achieving significant CO2 reductions [Chen and Zhang, 2020, Zhang and Li, 2017].
There is also a scarcity of studies that compare the outcomes of robust optimization
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1. Introduction

approaches with mean value-based methods, particularly in the context of opera-
tional and investment costs [Guo and Huang, 2021, Li and Fan, 2018]. Furthermore,
many optimization models proposed in earlier research struggle with scalability when
applied to large and complex industrial systems, limiting their usefulness for broader
industrial applications [He and Li, 2019, Liu and Zhang, 2020].

1. How can robust optimization frameworks be applied and developed to enhance
the efficiency and sustainability of industrial energy systems under uncer-
tainty?

This question explores the development and application of robust optimization
frameworks, specifically utilizing Mixed-Integer Linear Programming (MILP)
to model and optimize energy and mass transfer within industrial clusters
and considers the volatility of energy prices and investigates deterministic
reformulations of robust optimization formulations.

2. What are the impacts of different CO2 reduction scenarios under uncertainty
on the operational and investment costs in industrial clusters and what are the
differences between robust and mean formulations?

This question investigates the effects of various CO2 reduction strategies on
both the OPEX and CAPEX within industrial clusters. It includes the in-
tegration and optimization of decarbonization technologies developed in this
work, and examines the differences between robust and mean formulations.

3
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2
Theory

This chapter outlines the optimization methodology and formulations employed in
this thesis. Section 2.1.3 introduces the foundational principles and mathematical
formulations of the optimization problems addressed in this research, serving as the
basis for understanding the structure of optimization objectives and constraints.
Following this, Sections 2.2.1 to 2.2.3 discuss the rationale behind utilizing a RO
framework. The robust framework is chosen to effectively handle uncertainties in
model parameters, ensuring that solutions remain feasible and optimal under various
scenarios. This discussion includes a comparative analysis with stochastic and other
optimization methods.
In Sections 2.2.4 to 2.2.4.2, the theoretical aspects of Robust Optimization (RO)
are explored in detail. These sections provide a comprehensive description of RO
techniques, including the formulation of uncertainty sets and the transformation of
the original optimization problems into their Robust Counterparts (RCs).
Furthermore, the approach for modeling heat, as discussed in Section 2.3, and steam
energy, covered in Section 2.4, is decoupled from the mass balance equations in
all developed technology models. This decoupling facilitates a more flexible and
accurate representation of energy and heat flows within the optimization framework.

2.1 Optimization Framework
The methodology used in this work is Multi-Objective Optimization of Integrated
Energy Systems (OSMOSE) [Maréchal and Kalitventzeff, 1998, Kermani et al., 2017,
Kermani, Maziar, 2018]. The aim of this methodology is to optimize an industrial
site according to one or more user-defined criteria. To do this, different technical
solutions are analyzed, and only the best configuration, which optimizes the defined
criterions while respecting the site’s operating constraints, is selected. To carry
out this optimization study, it is necessary to develop a model of an industrial
site, characterizing interactions (with external consumers, networks, etc.), processes,
utility production resources and operating constraints.
The optimization process implemented within the optimization model is illustrated
in Figure 2.1. The superstructure, comprising process models and economic data,
is fed with input data typically characterizing the operating points to be studied.
This set of models and data is then converted into a linear optimization problem.
Once the model has been solved, the results obtained are post-processed to obtain
relevant information such as key performance indicators (KPIs) and, for example,
operating patterns by time operating points.
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2. Theory

Figure 2.1: Optimization process within the framework, case of a single-objective
optimization.

2.1.1 Superstructure development
The modeling approach adopted in this study is both technical and economic. A
model for each of the industrial units is developed and connected to the site’s other
units via material, energy and heat flows. Thus, for each of the units making up
the industrial site, material, energy (excluding heat) and heat flows are defined
as inputs and outputs. Each unit is also defined in terms of operating costs and
investment costs. These elements (material, energy and thermal flows, economic
data) are derived from:

• Modelling using software such as ProSimPlus or Aspen Plus;
• Fluid properties from Coolprop;
• Literature;
• Technology supplier datasheets.

In addition, because of the linear nature of the optimization problem, which requires
acceptable costs and solution times compatible with the study of complex industrial
systems, the relationships between unit capacity, input and/or output quantities
must be linear, and operating and/or investment costs are represented by affine
functions.

It is important to emphasize that the technologies reviewed in this type of opti-
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2. Theory

mization can be evaluated over very wide capacity ranges. Because of the linearity
of the problem, determining correlations, particularly economic correlations, which
enables to estimate an investment over a wide range with very low uncertainty, is a
challenge. Thus, the economic results proposed in this study are intended to com-
pare solutions. For this reason, it is assumed that that the scope of the various
technologies are comparable and investment costs, operational costs are certain.

2.1.2 Thermal optimization
The optimization model involves thermal optimization via energy cascade calcula-
tion otherwise recoginised as targeting. This means that, at each time step, each
heat flow is optimally utilized within the site to make the most of its heat and min-
imize the use of hot and cold utilities. However, it will not always be possible to
achieve such a high level of thermal optimization on a real industrial site, due to
the number of exchanges involved, the limited space available, load variations over
time, or the distance between hot and cold sources. The cost of modifying the heat-
exchanger network is not taken into account in this thesis, as it is highly dependent
on the geometry and spatial configuration of the industrial site. If necessary, this
assessment should be carried out during the conceptual study phase. Furthermore,
as this modification to the network is not taken into account in any of the proposed
optimizations, it is assumed that the network modification will not impact the order
of solutions in terms of optimality.
It should be remembered that the purpose of this thesis is to provide a well-argued
general decision-making aid. Thus, the key elements to be retained from the analysis
are not the absolute values of the economic costs, but the relevance and robustness
of the various solutions proposed.

It is important to clarify that this thesis does not focus on optimizing detailed process
parameters like temperature, pressure, and recycle rate. Instead, the technologies
are modeled from a generic perspective, and specific process parameters are not
included in the optimization. These aspects could potentially be explored in a
subsequent study, which would have a more focused technological scope.
The superstructure is the set of models representing the processes and different
technologies studied and the inter-model links, coupled with the system constraints.
The optimization of this superstructure is based on the resolution of the energy
cascade and the use of linear technical-economic models.

Within the OSMOSE framework, after resolving the combined heat and mass model
(targeting problem), the results provide optimal values for mass and thermal con-
sumption by sizing the units appropriately. At this stage, all hot and cold thermal
streams within the network can be enumerated, and several pinch points will be
identified, which divide the temperature range into distinct subnetworks. Subse-
quently, Heat Load Distribution (HLD) will be applied to each subnetwork as an
initial step before the detailed design of the heat exchanger network. HLD is for-
mulated as a MILP model that aims to minimize the total number of connections
among all hot and cold streams [Papoulias and Grossmann, 1983, François and Irsia,
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1989, Floudas and Grossmann, 1986].

As an additional optimization layer, OSMOSE can solve for Heat Exchanger Network
Synthesis (HENS), which is modeled as a Non-Linear Programming (NLP) problem
[Floudas and Grossmann, 1987, Mian et al., 2016, Kermani, 2018, Kermani et al.,
2019]. This optimization model aims to minimize the investment cost of the heat
exchanger network among the set of hot and cold streams. The NLP problem
formulation is based on the work of Floudas et al. [Floudas and Grossmann, 1987]
for multi-time scenarios, though it is also applicable to single-time scenarios. The set
of heat exchange connections is fixed by solving the HLD model, and the subsequent
optimization focuses on optimizing the flows and temperatures within these fixed
connections.

2.1.3 Mathematical formulation
The mathematical problem to be solved is defined as a MILP problem, which allows
both discrete (binary) and continuous variables to be used.
The temporal dimension of the problem is taken into account with the intervals t
belonging to T of duration dt

op and allows to consider the variables and parameters
of the problem as time-dependent. The system is represented by the set U of units u
composed of a set PU of Process units and a set of Utility UU Utility units. Process
units have a fixed capacity, representing for example some consumer demand. Utility
units represent utility installations or connections to markets and networks, and are
used to satisfy the needs of PU . These Utility units have a capacity between a
minimum (fmin

u ) and a maximum (fmax
u ) bound. Each unit u can consume, supply

or convert resources r, aggregate R, and heat, within the temperature ranges k.
Mathematically, the dimensioning constraints are expressed as follows:

fmin
u = fmax

u = 1 ∀u ∈ PU (2.1)

yu,tf
min
u ≤ fu,t ≤ yu,tf

max
u ∀u ∈ U, ∀t ∈ T (2.2)

yu,t ≤ yu ∀u ∈ U, ∀t ∈ T (2.3)

fu,t≤ fu ∀u ∈ U, ∀ t ∈ T (2.4)

The variables yu,t and yu are binary and reflect the selection of a utility, variables fu,t

and fu are continuous and represent used, or instantaneous, capacity and installed
capacity respectively.
Each unit emits and/or consumes resources, ṁ+

r,u,t and ṁ−
r,u,t are the reference flow

rates of a resource r produced or consumed, respectively, by the unit u at time t.
More specifically, note the system’s imports and exports Ṁ+

r,t and Ṁ−
r,t respectively.

The equilibrium balance for each resource is given by the following equation:
nu∑
i=1

f+
uim

+
ui,t + M+

r,t −
nu∑
i=1

f−
uim

−
ui,t − M−

r,t = 0 ∀r ∈ R, ∀t ∈ T (2.5)

Finally, the thermal cascade leads to the following equations, established for each
thermal cluster where the units exchange flows q̇u,t,k . The heat balance is calculated
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at each time step, over each k temperature interval. The residual heat Q̇t,k of the
cascade interval from high (k) temperatures to the lowest (k − 1).

nu,clu∑
u=1

fu,tq̇u,t,k + Q̇t,k+1 − Q̇t,k−1 = 0 ∀t ∈ T, ∀ k ∈ K (2.6)

Q̇t,k ≥ 0 (2.7)

Q̇t,1 = Q̇t,nk+1 = 0 ∀t ∈ T (2.8)

The objective in this study is the minimization of Total Expenditure (TOTEX)
defined according to Equation 2.9, composed of annualized investment costs CInv,an

and annual revenues R, the algebraic sum of revenues Rval and annual OPEX costs
Cop.

Since the mathematical problem to be solved is linear, the operating and investment
costs are also modeled as linear functions. These costs are expressed with a fixed
component, cop,fix

u and cinv,fix
u , and a variable part, cop,var

u and cinv,var
u , associated

with instantaneous and installed capacity, respectively. Instead of using potentially
nonlinear cost functions, the decision was made to linearize and estimate these cost
functions within their respective bounds, fmin and fmax, as a preprocessing task for
the decision-maker. This approach avoids the need for piece-wise approximation
methods for integrating nonlinear cost functions.
Nonlinear cost functions are common in industrial energy systems for various tech-
nologies, such as in the costs associated with the operation and maintenance of wind
power plants and the scaling effects in the production of hydrogen via electrolysis
[Kumbaroğlu and Madlener, 2012]

Annual revenues Rval are defined in Eq. 2.9 with a positive variable contribution
c−

r,t in the case of the sale of a product or service. Operating costs as defined
here, Equation 2.12, reflect the cost of equipment maintenance, or the purchase of
materials and/or energy at unit price. c+

r,t.
In Equation 2.13, the factor τ (1+τ)y

(1+τ)y−1 is used to annualize investment costs. τ repre-
sents the discount rate and y the amortization period of the investment, in years.

min(TOTEX) = CInv,an + Cop − R − Rval (2.9)

R = Rop − Cop (2.10)

Rval =
tt∑

t=1
dt

op ×
nr∑

r=1
c−

r,t × Ṁ−
r,t (2.11)

Cop =
tt∑

t=1
dt

op ×
(

nr∑
r=1

c+
r,t × Ṁ+

r,t +
nu∑

u=1

[
cop,fix

u × yu,t + cop,var
u × fu,t

])
(2.12)

CInv,an = τ(1 + τ)y

(1 + τ)y − 1 ×
nu∑

u=1

(
cinv,fix

u × yu,t + cinv,var
u × fu

)
(2.13)
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The impact of CO2, denoted as EmissionsCO2, is formulated analogously to oper-
ating costs and is detailed in Equation 2.14. Here, the parameter impr,t specifies
the impact associated with the consumption/selling of a resource.

EmissionsCO2 =
tt∑

t=1
dt

op×
(

nu∑
u=1

impvar
u × f+

u,t

nr∑
r=1

[
imp+

r,t × Ṁ+
r,t − imp−

r,t × Ṁ−
r,t

])
(2.14)

2.2 Robust Optimization framework
Problem data in most optimisation applications are often unclear due to many fac-
tors such as market swings, unpredictability, regulatory changes, and other consid-
erations. The final answer may not be optimal or feasible for practical applications
in the actual world if the data uncertainty is ignored. Consequently, resolving un-
certainty issues in optimisation is essential and has garnered significant attention
from the corporate and academic sectors [Diwekar, 2003], [Sun and Conejo, 2021],
[Ning and You, 2019]. Robust optimisation is a noteworthy method for addressing
optimisation problems with uncertain data [Detienne et al., 2024]. Robust optimi-
sation strategies begin with a predefined set in the uncertainty space and try to find
the optimal solution for each data uncertainty realisation in the set. The equivalent
optimisation problem is also known as a Robust Counterpart (RC) optimisation
problem.
Because it doesn’t require known probability distributions for uncertain parameters,
this method stands out among other optimisation under uncertainty approaches.
This makes it especially useful in applications where avoiding infeasibility is crucial
or where determining such distributions is difficult. RO provides significant advan-
tages over other optimization methods, especially in handling uncertainties. Unlike
min-max optimization, RO allows for more flexibility in solution quality, particularly
under varied scenarios. It maintains lower computational complexity compared to
multi-stage stochastic and parametric optimization methods, even as the number of
uncertain factors increases [García and Peña, 2018].

2.2.1 Motivation for robust optimization
In order to handle optimization problems under uncertainty and perturbed opti-
mization problems, several techniques have been proposed. The most common
approaches are sensitivity analysis, stochastic programming and RO, therefore it
is important to note the difference between these aforementioned approaches and
their respective difference with RO frameworks.

2.2.2 Robust Optimization versus Sensitivity Analysis
In sensitivity analysis, the initial stages of model construction and optimization do
not take into account data uncertainty, with the focus instead being on justifying
the solution obtained thereafter. Sensitivity analysis primarily serves to measure the
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robustness of a baseline solution without providing insights on how to enhance this
robustness. Particularly in models characterized by numerous uncertain parameters,
conducting a comprehensive sensitivity analysis is often not feasible.
The fundamental distinction between sensitivity analysis and RO lies in their objec-
tives and methodologies. Sensitivity analysis explores how variations in the prob-
lem’s parameters might alter the optimal solution derived under standard conditions.
On the other hand, RO is concerned with determining the extent to which the opti-
mal solution of the standard problem might breach the constraints when the problem
parameters are altered [Moazeni, 2006].

2.2.3 Robust Optimization versus Stochastic Programming
Stochastic programming models operate under the assumption that the probability
distributions of uncertain input parameters are either known or can be reliably
estimated. The objective in stochastic programming is to identify a solution that
remains feasible across the majority of potential data scenarios, aiming to optimize
the expected value of a function defined by the decision variables and random factors.
The most prevalent and thoroughly investigated model in this domain is the two-
stage (stochastic) linear programming.
A notable variant in stochastic programming is the chance-constrained programming
model. This model allows for flexibility in meeting the requirements of the problem,
as it does not necessitate a solution that adheres to all possible outcomes of the
random parameters. Instead, it demands that solutions remain feasible within a
pre-determined probability threshold.
The applicability of stochastic programming is confined to situations where uncer-
tainties are stochastic in nature and their distributions are presumed to be known.
Nonetheless, in practical scenarios, the exact distributions of these random parame-
ters are rarely known and must be inferred from historical data. Consequently, any
solutions derived from these models should be considered approximate [Moazeni,
2006].
The fundamental difference between the two lies in the fact that stochastic pro-
gramming integrates the uncertainty by utilizing the probability distributions of
parameters to anticipate and plan for a range of future scenarios, thus aiming for a
solution that is optimal on average. RO, however, prepares for the worst possible
scenario by ensuring that the solution is viable under any circumstances that might
arise within the predefined bounds of uncertainty [Ben-Tal et al., 2009].

2.2.4 Uncertainty Set Induced Robust Optimization
Finding the optimal solution among those that are "immune" to data uncertainty—that
is, candidate solutions that hold up for all realisations of the data from the uncer-
tainty set—is the aim of set-induced robust optimisation. It is expected that the
uncertain data fluctuates within a specific uncertainty set. Consider a general mixed
integer linear optimisation problem with uncertainty in the objective function coef-
ficients, left-hand side (LHS), and right-hand side (RHS), as presented in [Li et al.,
2012]:
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max
x,y

∑
m

c̃mxm +
∑

k

d̃kyk

s.t.
∑
m

ãimxm +
∑

k

b̃ikyk ≤ p̃i ∀i (2.15)

where ãim,b̃ik,c̃m,d̃k, and p̃i denote the true value of the uncertain parameters. The
variables xm and yk are continuous and integer, respectively.
To shift all uncertainty to the LHS of the restrictions, the MILP problem might be
reformulated as follows:

max
x,y,z

z

z −
∑
m

c̃mxm +
∑

k

d̃kyk ≤ 0 (2.16)

p̃ix0
∑
m

ãimxm +
∑

k

b̃ikyk ≤ 0 ∀i (2.17)

Where x0 = −1.
Li et al. [Li et al., 2012] concludes the analysis above by proposing a formulation of
a (MI)LP problem that takes just LHS uncertainty into account and is based on a
general i-th constraint, shown in Eq. 2.18.

∑
j

ãijxj ≤ bj (2.18)

Where xj can be an integer or continuous variable and ãij are subject to uncertainty.
The uncertainty is defined as follows:

ãij = aij + ξij âij ∀j ∈ Ji (2.19)

Where aij represents the nominal value of the parameters, âij represents positive
constant perturbations, ξij represents independent random variables which are sub-
ject to uncertainty and Ji represents the index subset that contains the variables
whose coefficients are subject to uncertainty.
Now, the constraint Eq. 2.18 can be rewritten as Eq. 2.20 by regrouping the
deterministic part and the uncertain part to the LHS.

∑
j

aijxj +
∑
j∈Ji

ξij âijxj ≤ bi (2.20)

In set induced RO, the aim is to find the solutions that remain feasible for any ξ in
the given uncertainty set U so as to immunize against infeasibility, thus constraint
2.20 becomes:

∑
j

aijxj + max
ξ∈U

[
∑
j∈Ji

ξij âijxj] ≤ bi (2.21)

A wide variety of uncertainty sets have been described in the literature [Bertsimas
et al., 2015]. Constraints with uncertain parameters must be feasible for all values
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of the uncertain parameters in the uncertainty set, and correspondingly the objec-
tive value is taken to be the worst case value over all realizations of the uncertain
parameters. For this reason RO problems, in their original statement, typically have
an infinite number of constraints and cannot be solved directly. The most common
approach to date for solving them in the literature is to use duality theory [Vayanos
et al., 2020] to reformulate them as a deterministic optimization problems (RC) that
may have additional variables, constraints, and even change problem class (e.g., a
robust LP problem with an ellipsoidal uncertainty set becomes a second-order cone
problem [Ilyina, 2017]).
The formulation of the RC is connected to the selection of the uncertainty set
U . There are, as stated before, several classical definitions of uncertainty sets for
bounded uncertainties in RC optimization, including box, ellipsoidal and polyhedral
uncertainty sets ([Zhang et al., 2016], [Li et al., 2012], [Ben-Tal et al., 2009]).
According to the uncertainty sets defined by the Euclidean norm, uncertain pa-
rameters can be considered within a multidimensional space, where the dimension
is equal to the cardinality of uncertainty sets. The size of uncertainty set is de-
cided by the selected norm and its adjustable parameter. For two uncertainties
ã1 = a1 + ξ1â1,ã2 = a2 + ξ2â2, their norm-based uncertainty sets can be presented
from the geometric view in two dimensional space, which are shown in Figure 2.2
[Zhang et al., 2016].

Figure 2.2: Geometric view of classical uncertainty sets: (a) box uncertainty set;
(b) ellipsoidal uncertainty set; and (c) polyhedral uncertainty set, where Ω, Ψ, Γ are
the adjustable parameters of the set formulations [Zhang et al., 2016].

For the RC, this thesis will focus on box uncertainty sets since a box uncertainty
set reformulation doesn’t change the problems linearity as supposed to for example
ellipsoidal uncertainty sets who’s RC becomes a second-order cone problem.
The mathematical form of an box uncertainty set is defined as follows [Li et al.,
2012]:

U∞ = {ξj : |ξj| ≤ Ψ, ∀j ∈ Ji} (2.22)
Which can be reformulated as a RC as:

∑
j

aijxj + Ψ
∑
j∈Ji

âijuj ≤ bi,

− uj ≤ xj ≤ uj

(2.23)
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where Ψ is the adjustable parameter, and the suggested range is Ψ ≤ 1; uj is a
positive intermediate variable.

2.2.4.1 Continuous Uncertainty with Confidence Level

It’s relatively straightforward to compute the percentage of uncertain values that
reside within a specified range, provided that the probability density functions of
continuous uncertainties are available. Continuous uncertainties without bounds can
be transformed into bounded uncertainties using a "confidence level". Consequently,
any extreme uncertain values that exceed these bounds may be disregarded. In
this context, bounds can be established using quantile values when the "confidence
level" 1 − γi for the i-th constraint is defined. Indeed, the confidence level can be
independently determined for each uncertainty as 1 − γij, though confidence levels
are generally represented uniformly as 1 − γi. Therefore, the uncertainty ãij can be
characterized as:

ãij = a1−γi
ij + ξij â

1−γi
ij (2.24)

Where:

a1−γi
ij =

F −1
âij

(γi

2 ) + F −1
âij

(1−γi

2 )
2 (2.25)

â1−γi
ij =

∣∣∣∣F −1
âij

(1−γi

2 ) − F −1
âij

(γi

2 )
∣∣∣∣

2 (2.26)

Where F −1 is the inverse cumulative distribution function (quantile function) of the
probability distribution of âij and the uncertain range is decided by ξij. A ratio
parameter is defined cij = â

1−γi
ij

âmax
ij

for any j ∈ Ji to represent the ratio of considered
width and the exact width of the uncertain interval. âmax

ij represents the maximum
range of uncertainty.
Thus, the newly defined adjustable parameter can be used for determining the
changeable range of every individual uncertainty as:

âij = a1−γi
ij + ξija

max
ij , ξij ∈ [−cij, cij] (2.27)

2.2.4.2 Flexible Uncertainty set

The vector of the uncertain variable ξij can be used to focus attention on all of the
continuous uncertainties in the optimisation model, based on the concept of bounded
uncertainty in Eq. 2.24. Consequently, the Euclidean norms of vectors associated
with ξ continue to provide the basis for the definition of the flexible uncertainty sets.
The estimated outcomes of uncertainties and the selected confidence level are related
to the given boundaries. Every ratio parameter of uncertainty in the uncertainty
set can have an impact on the traditional adjustable parameter when incorporating
cij to the classical uncertainty sets.

U ′
∞ =

{
ξ | ∥ξ∥∞ ≤ Ψ, Ψ = max

j
cij, ∀j ∈ Ji

}
(2.28)
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Where the adjustable parameter Ψ is decided by the maximum of ratio parameter cij,
which means the size of the uncertainty set is controlled by independent confidence
levels of uncertainty.
Then the corresponding RC constraint Eq. 2.21 is equivalent to:



∑
j

a1−γi
ij xj + Ψ

∑
j∈Ji

âmax
ij uj ≤ bi,

− uj ≤ xj ≤ uj, ∀j ∈ Ji,

Ψ = max
j

{cij}, ∀j ∈ Ji.

(2.29)

A detailed reformulation of Eq. 2.12 can be found in Appendix A.

2.2.4.3 Probility bounds of uncertainty sets

A fundamental aspect of RO is the necessity for an explicitly defined uncertainty set
before attempting to solve the problem. However, in practical scenarios, decision-
makers often provide only approximate bounds for these sets. The expectation for
decision-makers to define an uncertainty set with precision is frequently unrealistic,
particularly given the pervasive nature of uncertainty across numerous domains.
This approximation can lead to significant challenges in RO, notably when strict
adherence to all constraints potentially renders a problem infeasible or drives the
objective value far from the optimal value of the nominal problem [Karimi, 2012].
Addressing the challenge of accurately defining uncertainty sets, it is useful to con-
sider probabilistic bounds. As proposed by Li et al. and Bertsimas et al. ([Li et al.,
2012], [Bertsimas et al., 2021]), probabilistic bounds offer a systematic approach
to quantify the reliability of an uncertainty set in terms of constraint satisfaction.
Two key questions arise in this context: Firstly, what is the necessary size of the
uncertainty set to ensure that the degree of constraint violation remains within ac-
ceptable limits? Secondly, once a RO problem is solved, what is the actual degree
of constraint violation observed?

The methodology to answer these questions involves two different approaches. The
first is determining what is known as the a priori probability bound, which is derived
directly from the RC constraint formulated from the uncertainty set itself. This
bound provides an initial probabilistic guarantee on the likelihood of satisfying the
constraints before the actual optimization occurs. The second approach assesses
the a posteriori bound, which is calculated from the solution of the RO model.
This method effectively evaluates the actual probability of constraint violation post-
optimization.
Both approaches allow for the derivation of different probability bounds based on
varying levels of uncertainty information. These probabilistic bounds are crucial
for providing decision-makers with a quantifiable measure of risk associated with
potential constraint violations, thereby enhancing the practical applicability and
reliability of RO models.
Since a probabilistic bounds approach is outside the scope of this thesis, the method-
ology suggested by Zhang et al. [Zhang et al., 2016] will be employed for the purpose
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of simplicity and accessibility. According to Section 2.2.4.1, the adjustable param-
eters in this method are defined as ratios. See Zhang et al. for further information
on the probabilistic boundaries on these formulations.

2.3 Hot gas approach
In the modelling framework, boilers and furnaces are modeled using the "hot gas
approach" [Maréchal and Kalitventzeff, 1998]. The advantage of this method is that
heat is available for any use. Coupled with the steam-energy equivalence developed
for steam uses and supply detailed in Section 2.4.
The hot gas approach consists in considering that the combustion of gas in air
produces two heat flows, a first radiative flow at very high temperature, and a
second, convective flow at lower temperature. T corr

ad is the adiabatic combustion
temperature of the gas in air for the gas burned corrected for excess air, Eq. 2.30.
The heat flows are characterized by the following equations. The radiative flux QRad,
Eq. 2.31, is available at Trad with a pinch of 2°C, and the convective flux QConv, Eq.
2.32 is available between Trad and TChem with a pinch of 15°C.

T corr
ad = T0 + 1

1
Tad−T0

+ cair
p × (n − 1) × mair

st

3600LHV

(2.30)

QRad = T corr
ad − Trad

T corr
ad − T0

× ṅgaz × LHV (2.31)

QConv = Trad − TChem

T corr
ad − T0

× ṅgaz × LHV (2.32)

with:
• T corr

ad is the adiabatic combustion temperature of the gas in air, corrected for
excess air;

• Tad the adiabatic combustion temperature of the gas in stoichiometric air, at
1952°C;

• n the air factor, here 1.05;
• cair

p the average heat capacity of air between Trad and T0 is 1.08 kJ ·K−1 ·kg−1;
• NCV the lower heating value of the gas mixture fed to the boiler, in kW h

Nm3 ;
• mair

st the stoichiometric air mass is 1.104 kg
kW hLHV

;
• Trad the emission temperature of the radiative flux;
• ṅgaz, gas flow to the in Nm3

h
;

• TChem the atmospheric emission temperature of the fumes, 150°C;
• T0 reference temperature of 25°C.

2.4 Steam energy
Firstly, the thermal problem is decoupled from the mass problem. In fact, by con-
suming steam, customers (internal or external) express a need for heat, which is
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satisfied by consuming steam and (partially) returning condensates. The most rel-
evant approach for linking mass aspects (feedwater consumption, hot condensate
return) and energy aspects (consumption of desuperheating, condensation and sub-
cooling heat) is as follows. For a demand ṁ (kg

h
) for steam at pressure PClient (bara)

and temperature TClient (°C), with condensate return rate RClient, the thermal model
follows Equations 2.33-2.35, where TStat is the saturation temperature of steam at
pressure PClient, and h is the enthalpy of mass of water for the different states speci-
fied in subscript: in the superheated state for hgas, in saturated steam and liquid for
hSat,g and hSat,l respectively, and in the liquid state of condensate return for hcond.
The saturation temperature and enthalpy values are obtained dynamically via the
CoolProp database [Bell et al., 2014].
With these 3 equations, the heat flow Q (W) is discretized according to the 3 contri-
butions of desuperheating, latent heat of condensation and subcooling, in accordance
with the temperature range involved.

Qgaz = ṁ

3600(hgas − hSat,g) for [TClient ; TStat] (2.33)

Qlatent = ṁ

3600(hSat,g − hSat,l) at TStat (2.34)

Qliq = ṁ

3600(hSat,l − hcond) for [TStat ; Tcond] (2.35)

The mass balance is expressed by the following equation:

ṁcond = ṁ · RClient (2.36)
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3
Methods

This chapter outlines the development of the energy technologies incorporated into
the optimization model. Initially, the base case models are introduced in Section
3.1. Subsequently, the technologies implemented for decarbonization are detailed in
Section 3.2. Following this, Section 4.1 presents a comprehensive industrial cluster as
an illustrative example for the optimization model. In Section 4.1.1, the established
energy consumption parameters for various consumers are provided to feed to the
optimization model. Finally, Section 4.2 investigates and processes the uncertainties
to be integrated into the robust model for electricity and gas prices.
Since the natural gas-fired boilers and conventional biomass boilers are essentially
modeled as conventional furnaces/boilers, their thermal integration figures are re-
dundant. The most crucial aspect is the approach specified in Section 2.3 for these
technologies.

3.1 Base case models
The base case models represent the existing technologies and are thus exempt from
investment cost considerations. This baseline is established as a reference point
featuring conventional technologies, including gas-fired boilers, CHP units, a water
plant to recover condensate and provide preheated water to boilers, and cooling
utilities such as the cooling tower and absorption chiller. These components will be
elaborated and detailed further in this section.

3.1.1 Natural gas Boilers
Each boiler has a nominal capacity of 90 t/h, with a minimum production rate of
40%. The steam produced is at high pressure (86 bar) and is superheated to 205°C.
The boilers are fueled with natural gas, whose composition is taken from [Faramawy
et al., 2016]. It is assumed that there is 5% excess air above the stoichiometric
requirement. For production of 90 t/h of steam requires the combustion of 90542
kWHHV of natural gas considering an overall efficiency of 94% [Vakkilainen, 2017].

3.1.2 Cooling tower
Chilled water is produced by mechanical draft cooling tower. The water temperature
at the start of the tower is 27°C, and the return temperature is 37°C. The associated
power consumption is ≈ 0.02 kWe per kW [Turton et al., 2018] of cooling output.
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3.1.3 Steam superstructure
To ensure effective steam distribution, a network with varying pressure levels is
developed according to the needs of the consumers. Each consumer returns a fraction
of its steam demand (Return Rate) as hot liquid condensate. These condensates are
recycled as much as possible through cooling, purification, and preheating processes
before being fed back into the boilers and CHP units. Any fraction that cannot
be reused due to excessively low temperature is discharged, and make-up water is
supplied as needed.

3.1.4 Cogeneration engine utilities
Two different cogereration units are considered: a larger 18MW system that in-
tegrates four engines, using specifications from [Jenbacher, 2023b], and a smaller,
2.6MW unit, detailed according to [Jenbacher, 2023a]. These CHP units have the
capability to produce saturated steam at 8bara with a Heat Recovery Steam Gen-
erator (HRSG), valorizing the thermal energy from flue gases cooled from 450°C
to 160°C. For a breakdown of the energy inputs and outputs associated with these
CHP configurations, refer to Table 3.1. Information regarding the properties of the
flue gases used for these calculations is taken from [Salazar et al., 2013].
The integration into the modelling superstructure can be seen in Figure 3.1.

CHP 1 (4x) CHP 2
Engine
Pelec, Nom (MWe) 4.404 2.679
ηe (kWe/kWLHV ) 0.467 0.457
Qgas, Nom (MWHHV ) 10.35 6.43
Qfluegas, Nom (MW) 1.42 0.88
Boiler
QNom (kW) 1421 883
msteam, Nom (t/h) 2.14 1.33

Table 3.1: Energy parameters CHP 1 and 2.

Figure 3.1: Cogeneration engine model, and steam generation is optional.
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This utility is bounded by f = {0, 1}

3.1.5 Absorption chiller
The absorption chiller is a thermodynamic machine that uses heat in this case at
95°C with additional electricity to produce cold (7-12°C) and medium-temperature
water (approx. 30-40°C). The technical details are taken from Hoffschmidt et al.
([Hoffschmidt et al., 2022]) and Energie Plus Le Site (2024) ([Energie Plus Le Site,
2024]) and are as follows:

1. In the evaporator, the refrigerant (in this case water) is sprayed into a low-
pressure environment. A water circuit runs through the evaporator. As the
refrigerant evaporates, it removes heat from the water, which is then cooled.
Some of the sprayed refrigerant does not evaporate, but falls to the bottom of
the evaporator, where it is pumped out and sprayed again.

2. The water vapour created in the evaporator is fed to the absorber. The ab-
sorber contains the absorbent solution, which is continuously pumped to the
bottom of the container for spraying. The absorbent solution absorbs the wa-
ter vapour out of the evaporator, thus maintaining the low pressure required
to vaporize the refrigerant.

3. As it absorbs water vapour, the absorbent solution becomes increasingly di-
luted. Eventually, it becomes saturated and can no longer absorb anything.

4. The solution is then regenerated in the generator. It is heated by a hot-water
stream (approx. 95°C) and some of the water evaporates. The regenerated
solution returns to the absorber.

5. Finally, the steam extracted from the generator is fed to the condenser, where
it is cooled by cold water circulation. The condensed water returns to the
evaporator.

The data on the performance of the units utilized in this research were sourced from
[LG, 2023]. It includes a Coefficient of Performance (COP) of 0.74 for a temperature
difference (∆T ) of 95◦C to 55◦C for the hot water stream, and a COP of 0.72 for a
∆T of 95◦C to 80◦C.

Figure 3.2: Absorption chiller operation [Hoffschmidt et al., 2022].
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Figure 3.3: Absorption chiller model. This unit consumes electricity and heat
at 95°C to produce chilled water (7-12°C). In return, medium-temperature heat is
emitted. Red arrows indicate connections to the thermal cascade. Data from [LG,
2023]

.

The economic details for utilizing an absorption chiller, including both the initial
investment and ongoing operational expenses, are derived from [U.S. Department of
Energy, 2017]. This source provides a comprehensive examination and comparison of
absorption chillers of various capacities. Specifically, the upfront investment required
for the absorption chiller is noted as 5500EUR per ton of chilled water capacity,
accompanied by an operational cost of 0.6¢per ton of chilled water.
The absorption chiller models are not bounded in capacity.

3.2 Decarbonisation models

3.2.1 Biomass fired boiler
The biomass fired boiler is designed following the same principles as the hot gas
approach detailed in section 2.3. This boiler combusts up to 9 tons per hour of wet
biomass. The biomass data used is sourced from [Sweeten et al., 1986]. Information
regarding the biomass is summarized in Table 3.2. Co2eq is calculated according to
the composition stated in [Sweeten et al., 1986].

Wet Dry
Fresh cattle manure
LHV (kW h

kg
) 3.78 4.49

HHV (kW h
kg

) 4.15 4.82
CO2eq (kgeq.CO2

kg
) 1.43 1.66

Table 3.2: Combustion data biomass from [Sweeten et al., 1986].

The biomass fired boiler is bounded in capacity of f = {0.5, 1}.

3.2.2 Amine capture
Amine capture is a commonly studied solution for capturing CO2 in flue gases [Panja
et al., 2022]. This solution involves the chemical absorption of CO2 in an aqueous
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amine solution. A typical scheme is shown in Figure 3.4. CO2-rich flue gas enters
at the bottom of the absorption column and exits at the top with a reduced CO2
content. The concentrated CO2 stream (90% of the incoming CO2) exits at the
condenser associated with the stripper. Data from [Danish Energy Agency, 2023]
was used to build this model.

Figure 3.4: Schematic diagram of a typical CO2 capture system with amines
[Danish Energy Agency, 2023].

The following model is implemented in the model superstructure:

Figure 3.5: CO2 capture unit model of amine contact combustion units. The
model contains the P,T adaptation of the incoming and outgoing streams. Data
from [Danish Energy Agency, 2023]

.

As the literature data are valid for an incoming flow at 40°C, there might be addi-
tional cooling needed at plant level to provide to the capture plant, The approach
temperature for the gas-only exchanger is 10°C, and is set at 2°C for the partial
condensation section. The electrical and thermal power requirements are shown in
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the diagram in Figure 3.5. The concentrated CO2 is emitted at the stripper outlet
at 2 bara. To ensure consistency with possible uses in the superstructure, a double
compression stage with intermediate cooling is added to reach 8 bara. This compres-
sion can be provided either by reciprocating compressors (stage output between 135
and 3000 kW) or by positive displacement compressors for stage outputs between
18 and 135 kW.
The economic data for the amine capture plant is based on [Danish Energy Agency,
2023] reporting on the projection of costs of amine capture plants (see Figure 3.6)

Figure 3.6: Specific CAPEX cost of complete CC plant installation including CO2
liquefaction, integration and utility costs vs. CC plant capacity [Danish Energy
Agency, 2023].

Since the size of the reference amine CC model is quite small compared to the
reported CC installations, a reference CAPEX is chosen of 6M EUR/tCO2 captured.
In addition to electricity and heat consumption, annual OPEX are considered at 3%
of CAPEX for the fixed contribution and 2.5 EUR

h
per tCO2 captured for amine

consumption. The amine CO2 capture plant’s capacity is bounded by f = {0.3, 5}.
For flue gas pre-treatment, the costs tabulated in the Chauvel method [Chauvel
et al., 2001] are used for the booster, and the two exchangers are also costed using
the correlations proposed by [Turton et al., 2018] set at adding 3.05MEUR to the
investment cost. The various installation and other factors used to obtain the total
module cost are taken into account.
For CO2 outlet compressors,Turton’s tabulated data rotary or reciprocating com-
pressors is used [Turton et al., 2018]. In addition to electricity consumption, an
annual OPEX worth 5% of the installed cost is considered.

24



3. Methods

3.2.3 Oxyfuel combustion
In traditional combustion methods, air is utilized as the oxidizing agent, which in-
troduces nitrogen (N2) into the mix, thereby diluting the concentration of CO2 in
the flue gas. This dilution complicates and increases the cost of CO2 capture due
to its reduced concentration. In contrast, oxy-fuel combustion employs either pure
oxygen (O2) or a combination of CO2 and O2 as the combustion reactants, eliminat-
ing the presence of nitrogen. Consequently, the flue gas generated is predominantly
composed of CO2 and water vapor (H2O). To obtain nearly pure CO2, the water
vapor is separated from the flue gas through a condensation process, facilitating the
capture of CO2 in a concentrated form [Saha and Dally, 2022].
The oxy-fuel combustion process involves mixing the oxygen stream with recycled
flue gas (RFG) to create an oxygen-rich gas mixture for combustion, as illustrated
in Figure 1. This recycling of flue gas is crucial for controlling the potentially
excessive flame temperatures that pure oxygen combustion would generate [Zheng
et al., 2015].

Figure 3.7: Model of the oxy-fuel combustion unit, comprising the ASU for oxygen
production, the oxy-fuel boiler, the flue gas condenser and the CO2 purification unit
(CPU)

The model is based on a generic natural gas fired Oxyfuel furnace. The electrical
consumption of the ASU is taken from [Danish Energy Agency, 2023].
The Oxycombustion model is bounded by f = {0, 200}.

3.2.4 Electrolysis PEM
PEM electrolysis transforms demineralized water in its liquid state into hydrogen
(H2) and oxygen (O2), as outlined in the reaction in 3.1. This process demands a
significant amount of electrical energy primarily to split the water molecule and to
offset the electrical fluctuations resulting from the different electrical and electro-
chemical occurrences associated with this type of reaction [de Saint Jean, 2014].

H2Oliq ↔ H2 + 1
2O2 (3.1)

The demineralized water supplied to the unit is introduced at room temperature,
while the electrolysis reaction occurs within a temperature range of 50 − 100◦C.
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The specific energy consumption for PEM electrolysis is approximately 4.8 kWh
per cubic meter of hydrogen (Nm3H2), which equates to 53.3 kWh per kilogram
of hydrogen ( kW h

kgH2
). This estimation is derived from the specifications detailed in

[Enapter AG, 2023].

Figure 3.8: Model of water electrolysis unit for hydrogen production, Proton Ex-
change Membrane (PEM) technology. Data from [Enapter AG, 2023]

Financial estimates for large-scale hydrogen units via PEM electrolysis have been
deduced from information provided by [International Renewable Energy Agency
(IRENA), 2020], which highlights a total system expense ranging from 700 EUR to
1400 EUR per kW for installations exceeding 10 MW capacity. The benchmark cost
is set at 980 EUR per kW for a system size of 5 MWe. Consequently, for a system
capacity of 20 MWe, the estimated cost stands at 625 EUR per kWe, aligning with
projections made for the period from 2020 to 2030 as suggested by [Zauner et al.,
2019]. The PEM electolyser is bounded by f = {0.2, 60}
Moreover, the annualized value of the investment, as calculated within the mod-
elling framework, encompasses the cost associated with replacing the stacks. It’s
assumed that these stacks require replacement every 8 years. The expenditure for
each replacement is projected to be 20% of the initial investment cost. When this re-
placement expense is discounted and averaged out over a 20-year operational period,
it results in an increase of 13.7% in the annualized cost of the equipment. Since the
primary data reflects the total system cost, no additional expenses are considered.
OPEX, which do not include the cost of water and electricity, are calculated to be
2.5% per year of the CAPEX, excluding the costs related to replacement.

3.2.5 High-temperature Electrolysis (SOEC)
High-temperature electrolysis utilizes solid oxide electrochemical cell (SOEC) tech-
nology, which offers the benefit of directly converting water supplied in vapor form,
resulting in enhanced efficiency. Specifically, the energy consumption is approxi-
mately 3.6kWh per cubic meter of hydrogen ( kW h

Nm3H2
), as cited in [Sunfire GmbH,

2023]. This is more energy-efficient compared to low-temperature electrolysis meth-
ods such as or PEM or alkaline electrolysis, because it requires a lower input of
electrical energy. This efficiency gain is due to a portion of the energy require-
ment being met through thermal energy, which is introduced upstream during the
vaporization of water.
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H2Ovap ↔ H2 + 1
2O2 (3.2)

For the high-temperature electrolysis unit outlined in this model, data is obtained
from [Sunfire GmbH, 2023]. The pressure of the steam feed is selected to be at
the lowest possible level within the specified range (4.5-5.5 bara) to ensure that the
temperature required for water vaporization is minimized. In this scenario, hydrogen
is generated at a pressure of 1 bara. Therefore, a three-stage compression process
with intermediate cooling stages is implemented to increase the pressure to 8 bara.

Figure 3.9: Model of water vapor electrolysis unit for hydrogen production, SOEC
technology. Data from [Sunfire GmbH, 2023].

The investment cost calculations are based on the total cost of the complete system,
which amounted to 1990 EUR per kWe for a capacity of 5MWe in 2020. For
a system with a capacity of 100MWe, the estimated cost is 875 EUR per kWe,
a figure that aligns with projections made for the period between 2020 and 2030
according to [Zauner et al., 2019]. The SOEC electrolyser capacity is bounded by
f = {0, 600}.

3.2.6 Catalytic Methanol Synthesis

The data for methanol synthesis used in this superstructure are derived from [Fernández-
Dacosta et al., 2019]. The process diagram modeled is illustrated in Figure 3.10.
For effective performance regarding reactant conversion, methanol selectivity, and
minimizing the risk of carbon deposit formation on the catalyst, the reaction should
be conducted at a high pressure (50-80 bar). Additionally, it is crucial to manage the
temperature increase resulting from the reaction’s exothermic nature, as indicated
in the reaction 3.3.
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Figure 3.10: Model of the catalytic methanol synthesis unit, consisting of the
reagent compression section with a triple stage with compressor with intercooling,
followed by catalytic synthesis and finally methanol concentration by distillation.
Data from [Fernández-Dacosta et al., 2019].

CO2 + 3H2 ↔ CH3OH + H2O; ∆H0 = −49.5kJ/mol (3.3)

In alignment with the inlet conditions described by [Fernández-Dacosta et al., 2019]
for the process, the reactants are initially compressed to 79 bara using cooled multi-
stage compressor units and subsequently preheated to 210°C prior to being intro-
duced into the adiabatic catalytic reactor. The resulting hot gases are then cooled
and flashed at 30°C. The gaseous portion is recycled back to the beginning of the
process, while the liquid phase, predominantly consisting of water and methanol,
undergoes flashing at low pressure. This separates out a gaseous fraction that can
be utilized through combustion, and the remaining liquid is directed into a distil-
lation column to isolate methanol from water. The produced methanol is 99.7%wt
pure and is ready for export. Lastly, the water exiting the column is 90% recycled,
after being cooled to 90◦C.
The economic analysis is based on data from [Nyári, 2018], which examines methanol
production capacities of 50 kt

year
and 250 kt

year
. The data on the purchase prices of

equipment cover the reactor, distillation column, flash separators, and half of the
compressors. Since the only compressor that overlaps within this system is the
recycle compressor, the compressors for the H2 and CO2 inlet compression are con-
sidered separately. The fixed investment cost is considered at 9.45MEUR and an
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additional variable investment cost of 9MEUR for a methanol plant producing 12.6
t/h of MeOH.
OPEX are estimated at 4 %

year
of the installed costs.

H2 and CO2 are supplied to the methanol synthesis unit at 7 bara from other units.
The technical and economic models include compressing these gases to 78 bara in
three stages, with intermediate cooling after each stage.
For estimating installation costs, the correlations provided by [Turton et al., 2018]
are applied, considering rotary compressors for smaller capacities (18 − 135 kW
per stage) and reciprocating compressors for higher capacities (135 − 3000 kW per
stage). The overall module cost is factored into the calculations. Operating costs
are presumed to be 5 %

year
of the module’s total cost. The methanol’s capacity is

bounded by f = {0, 5}.

3.2.7 Electric Boiler
Investigating electric boilers offers a promising alternative for providing process heat
in the shift towards electrification, especially as replacements for heat generation
systems powered by fossil fuels. Electric boilers produce saturated steam, requiring
the addition of a superheater to achieve the desired steam quality. These systems
are very flexible, with the capability to operate from 2 to 100% of their nominal
capacity. Furthermore, they are highly-efficient, nearly converting all consumed
electricity into heat [AusIndustry, 2021].
This analysis considers two electric boiler models: one capable of delivering 7.5 t

h
of

superheated steam at 24 bara and 310◦C, and another designed for 60 t
h

of super-
critical steam at 80 bara and 500◦C. It is assumed both boilers achieve an efficiency
of 99.6% [Bosch, 2024]. Additionally, the concept of steam-energy equivalence is
applied in these models to break down heat flow into three distinct contributions,
as depicted in Figure 3.11.

(a) ) 7.5 t
h

of 24 bara steam superheated to 310°C

(b) 60 t/h of 80 bara, 500°C supercritical steam

Figure 3.11: Electric boiler models
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The 80 bar electric boiler’s capacity is bounded by f = {1, 2}. While the 24 bar
electric boiler’s capacity is bounded by f = {1, 20}.

3.2.8 Catalytic Methanation
Methane is a important energy carrier for the global transportation, energy, and in-
dustrial sectors. It is a fundamental component of contemporary economies due to
the distribution infrastructure that is currently in place in many nations. Fossil nat-
ural gas resources provide the majority of the methane used in industrial processes.
However, the discussion around the depletion of fossil fuels and climate change led
to research spending on the catalytic and biological processes that produce methane
(methanation) from carbon oxide-rich gases [Rönsch et al., 2016].
The methanation unit converts H2 and CO2 gases into SNG via a highly exothermic
catalytic reaction. The pressure and temperature conditions of the reaction in the
reactor are taken from [Flórez-Orrego et al., 2020].
The methanation model introduced in the superstructure is shown in Figure 3.12.

Figure 3.12: Model of the catalytic methanation unit

The economics included in the model are taken from [Baier et al., 2018] and comprise
an investment cost of 300 EUR/kgCH4 for the investment cost and an operating
cost of 0.005 EUR

kgCH4 produced.
The methanator’s capacity is bounded by f = {1, 200}
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Results

4.1 Industrial Utility Framework

This section describes the industrial cluster used in the optimization model. New
decarbonisation units have been integrated described previously, expanding on the
base case technologies developed.
Figure 4.1 presents the superstructure of the industrial cluster, illustrating the in-
tegration of base case models, decarbonization strategies, and consumer interac-
tions. It shows the production of decarbonized fuels, specifically methanol (MeOH)
and SNG, and clarifies emission trajectories by separating biogenic (considered high
quality process CO2) from fossil CO2 emissions. The figure further maps the flow
of resources such as biomass, natural gas, and water, detailing both their supply to
consumer clusters and the associated returns and emissions.

4.1.1 Energy demands

Steam demands

This section presents the steam usage data utilized in the superstructure for all
consumers. It details each consumer’s respective steam pressure, temperature, and
flowrate. Not all steam used is fully returned; therefore, the return rate (RR) of the
hot condensate to the "WaterPlant" super utility is also specified.

Table 4.1: Steam Consumption Data for Cluster 1

Cluster 1: Steam demands
Consumer Pressure [bara] Tsuperheating [°C] Flowrate [kt

y
] RR [%]

1 10 0 604.5 69
4 HP 15 21 57.6 80
4 LP 5.5 24 230.4 42
5 57 57 185.9 22
6 HP 15 41 41.6 84
6 LP 4 9 83.2 65
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Figure 4.1: Superstructure with 2 clusters, utilities and their interconnections
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Table 4.2: Steam Consumption Data for Cluster 2

Cluster 2: Steam demands
Consumer Pressure [bara] ∆Tsuperheating [°C] Flowrate [kt

y
] RR [%]

8 15 7 35.7 86
9 15 7 52.7 77
10 15 7 12.9 69
12 15 7 19.8 100

General energy demands

In addition to steam, the superstructure also accounts for the consumption of other
energy carriers such as electricity and natural gas. This segment details the broader
energy demands across the two clusters, illustrating the variability in consumption
patterns which includes electricity, gas, and cold demand metrics.

Table 4.3: Energy Consumption Data for Cluster 1

Cluster 1: Energy demands
Consumer Electricity [kW] Gas [MW] Cold demand [t/h]

1 6037 23 4600
2 - - -
3 1952 - -
4 4932 - 5.5
5 - - -
6 2283 - -
7 1484 14 -

Table 4.4: Energy Consumption Data for Cluster 2

Cluster 2: Energy demands
Consumer Electricity [kW] Gas [MW] Cold demand [t/h]

8 - - 524
9 1366 - 920
10 795 - 161
11 - - -
12 - - 251
13 140 - -

In order to meet CO2 emissions restrictions and effectively depict the industrial site,
it is necessary that various emission forms are included, including fossil and biogenic
sources of CO2 emissions.
The use of 5.75 t/h of biomass for internal combustion by Consumer 1 is important
to mention. In addition to providing for internal energy demands, this biomass
utilisation generates 23.58 t/h of biogenic CO2 emissions. The amine utility can be
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used to capture the 4.3 t/h of CO2 equivalent in the flue gases that results from
burning natural gas.

Consumer 2 processes 18.83 t/h of biomass for internal use, resulting in 12.35 t/h
of biogenic CO2 emissions. Similarly, Consumer 11 emits biogenic CO2 at a rate of
2.24 t/h due to process activities.

Consumer 4 emitting 1.37 t/h of CO2 due to process-related activities and Consumer
7 using natural gas combustion to produce 2.57 t/h of CO2, both can utilize amine
capture utility to reduce emissions.

Lastly, Consumer 13, emits highly concentrated biogenic CO2 0.29 t/h.

It is assumed that when referring to highly concentrated CO2, this indicates a CO2
stream that can be compressed and utilized for valorization in processes such as
methanol or methanation utilities.

The minimum temperature differences required for efficient heat exchanges, 5°C for
liquid phases, 2°C for phase changes, and 10°C for gaseous streams is established
for all heat streams integrated into the superstructure.

The CO2 available in the flue gases is calculated based on the flue gas composition
as provided in [Faramawy et al., 2016]. The CO2 content is assumed to be 2.13t −
eq/Nm3 burnt [Institute and for Sustainable Development, 2005].

4.2 Uncertainty in Energy Prices

Understanding the volatility of energy prices is crucial for accurately integrating
and depicting the energy system within the RO framework. Price volatility impacts
the economic feasibility and operational strategies of both the industrial system and
energy system, thus it is essential to model these uncertainties precisely.

Continuous distributions are utilized to characterize the uncertainties as defined in
flexible uncertainty sets. To illustrate the robust framework, this section examines
the uncertainties in gas and electricity pricing.

4.2.1 Electricity Price Uncertainty

Figure 4.2 presents the distribution of electricity prices in the BELPEX spot market
over the period from April 18, 2023, to April 18, 2024.
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Figure 4.2: Normal Distribution of Electricity Price from BELPEX Spot market
from 18/04/2023 - 18/04/2024 [Elexys NV, 2024].

For this period, the electricity price ( c̃+
elec,t) fluctuations can be modeled using a

normal distribution, denoted as N ≃ (80.43, 8.94), as also discussed in [Zhou et al.,
2009, Tan and Zhong, 2022]. This standard deviation represents one-third of the
uncertainty range, illustrating the variability in pricing data [Zhang et al., 2016].

4.2.2 Gas Price Uncertainty
Similarly, the gas price (c̃+

gas,t) is modeled using a normal distribution, denoted as
N ≃ (50.46, 15), reflecting typical market behaviors and fluctuations observed in
studies by [Celebi et al., 2017, Berrisch and Ziel, 2022].

4.2.3 Confidence Levels and Uncertainty Sets
Understanding the confidence levels and their associated uncertainty sets is crucial
for RO, particularly in energy systems where prices are highly volatile. When dealing
with uncertain parameters c̃+

elec,t and c̃+
gas,t, different confidence levels (95%, 90%,

85%, and 80%) can be chosen to define the bounds of these uncertainties.
Figure 4.3 illustrates the transformed intervals for these uncertainty sets under dif-
ferent confidence levels. The confidence levels determine the range within which
the true values of the uncertain parameters are expected to lie with a specified
probability.
The normal distributions defined in Section 4.2.1 and 4.2.2 allows to calculate the
probability intervals for different confidence levels. For instance, a 95% confidence
interval suggests that it can be 95% certain that the true electricity price will lie
within the calculated bounds.
This approach is grounded in the theory of RO as explained in Section 2.2.4.1, which
aims to provide solutions that remain feasible and optimal within the uncertainty
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range. The geometric interpretation of the uncertainty sets in Figure 4.3 shows how
these bounds change with varying confidence levels, thus impacting the bounds of
the optimization model.

(a) Bounded uncertainties transformed from c̃+
elec,t

(b) Bounded uncertainties transformed from c̃+
gas,t

Figure 4.3: Geometric interpretation for flexible uncertainty set under different
confidence levels (95%, 90%, 85%, and 80%).

In practical terms, selecting a higher confidence level (e.g., 95%) results in a wider
uncertainty set, offering more conservative solutions that are less sensitive to param-
eter variations. This conservatism comes at the cost of potentially higher operational
or investment expenses. Conversely, lower confidence levels (e.g., 80%) provide nar-
rower uncertainty sets, which may yield cost-efficient solutions but with increased
risk of being less immunized against actual conditions.
For instance, [Ben-Tal et al., 2009, Bertsimas et al., 2011] provide comprehensive
frameworks for understanding and applying RO in various contexts, emphasizing
the trade-offs between solution robustness and cost-effectiveness.
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4.3 Base case simulation

The base case simulation provides the reference for all CO2 reductions, as well as
for OPEX and CAPEX comparisons.

The 13 customers and the utilities that proposed in Section 4.1.1 are included in
the initial simulation. This simulation is performed with the mean values for the
electricity import and export prices at 80.43EUR/MWh as well as for the natural
gas price at 50.46 EUR/MWh.

The system is balanced and all heat demand is satisfied by the gas boilers available
to the system as well as available heat put into the heat cascade by the biomass
combustion from consumer 1, the heatloads are shown in the Grand-Composite
Curves (GCC) for both clusters in Figure 4.4 and Figure 4.5, cluster 1 uses a gas
boiler of 71.7MW in size, cluster 2 uses a gas boiler of 47.7MW. The emissions for
the base case equal to 547909.3 t

y
or 65 t/h. Figure 4.6 displays the emission fluxes

with their corresponding contributions in t/h. The simulation yields an annual
operating cost (OPEX) of 71.5 million EUR with a CAPEX of 0 EUR since there
is no constraint on CO2 emissions.

Figure 4.4: Grand Composite Curve for cluster 1 for all streams drawn with
∆T = 5◦C.
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Figure 4.5: Grand Composite Curve for cluster 2 for all streams drawn with
∆T = 5◦C.

Figure 4.6: CO2 balance base case

Figure 4.6 shows the CO2 streams per hour in the cluster, it is important to emphisize
for the sake of completeness that some consumers directly emit a stream of high
quality (biogenic) CO2 which can be directly compressed and either used or exported.
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Based on an initial review of the GCCs from the base case simulations, it appears
that both a Rankine cycle and a heat pump could be employed to further optimize
the site. However, due to the significant impact these technologies can have on
internal process configurations, they have not been developed within the scope of
this thesis. For an illustration of a Rankine cycle implementation within Cluster 1,
please refer to Appendix B.

4.4 Simulations Subject to CO2 constraints
The simulations, constrained by the CO2 limitation as detailed in Equation 2.14,
explore the impact of CO2 reduction scenarios. The scenarios operates under a
constraint that progressively reduces CO2 emissions in 10% increments, culminating
in a maximum reduction of 80% relative to the baseline emissions specified in Section
4.3. It is important to note that in this work there is no difference between biogenic
and fossil CO2 in terms of CO2 emissions, both of these forms have the same weight
on the emissions of the clusters, in reality the capture of biogenic CO2 emissions
would be considered negative emissions. This requires either capturing the CO2
or employing alternative technologies to meet these constraints. Notably, captured
CO2 must be valorized, potentially through processes like methanation or methanol
production, which also necessitate additional resources such as hydrogen (H2).
To assess the implications on the energy system, the following scenarios are investi-
gated for their configuration and feasibility:

1. Captured pure CO2 may be sequestrated at a cost of 100 EUR/t1, without a
cap on the quantity. The export of other resources, such as H2 and O2, is not
permitted.

2. Captured pure CO2 is limited to sequestration rates of 20 t/h for Cluster 1
and 5 t/h for Cluster 2, priced at 100 EUR

t
. The export of other resources,

such as H2 and O2, is not permitted.
3. All captured pure CO2 must be utilized internally; the export of other resources

such as H2 and O2 is also prohibited.
4. All captured pure CO2 must be utilized internally; however, the export of

other resources such as H2 and O2 is permitted.
Both O2 and H2 are assigned a selling value of zero in external markets to avoid
oversizing either electrolysers or the ASU. This approach integrates the external
energy system in a simplified manner, acknowledging that these clusters will not
exclusively operate using internally produced resources. It is also important to note
that methanol export is not constrained, as it could be utilized as fuel within the
industrial cluster or exported. Additionally, no technologies using methanol are
included in the current scope of the analysis.
In the scenarios outlined previously, both the original model and its robust coun-
terpart will be analyzed comprehensively. The original model is executed using the
average values for gas and electricity prices, as specified in Section 4.2. This pro-
cess begins with the application of mean values in the original model, followed by

1This is a generically considered price, just to investigate the impact of carbon price setting
and has no connection to EU ETS.
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the generation of the robust counterpart. Subsequently, a detailed examination of
CAPEX, TOTEX, and designated KPIs for each scenario is conducted. These KPIs
include the total electricity and gas consumption of the site, the volume of MeOH
sold, the quantity of SNG produced, and the cost of CO2 avoidance, as calculated
in Equation 4.1 and referenced from [Roussanaly, 2019].

CO2 avoidance cost = Annualised investment CCS + Annual operating cost CCS
Annual amount of CO2 emissions avoided

(4.1)

Scenario 1: Unlimited CO2 sequestration at 100 EUR/t

The results for Scenario 1 are shown below, Figure 4.7 shows the CAPEX accros dif-
ferent CO2 reductions for both the robust counterpart model and the original. While
Table 4.6 and Table 4.5 show the most important KPIs accros the CO2 reductions.

Figure 4.7: Scenario 1: CAPEX accros different CO2 reduction constraints in %.

At a 10% reduction, both the robust and original models invest in a 25-bar electric
boiler with a multiplier of fmax = 2.665 in Cluster 2 to partially replace the gas
boiler and achieve the required reduction. However, at a 20% reduction, the models
diverge significantly. The original model also invests in an 80-bar electric boiler in
Cluster 1, with a fmax = 1.08, while the robust counterpart does not. Instead, the
robust model opts to valorize high-quality biogenic CO2 sourced from Consumer 11
(internally captured CO2) and Consumer 2 (biogenic CO2 from process), exporting
this CO2 and absorbing the associated exporting costs. This decision reflects a
strategic balance between the fixed CO2 exportation price and the internal system
configuration. As a result, the original model’s electricity consumption in the cluster
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Table 4.5: KPIs scenario 1 for original model

CO2 Red. [%] Elec. [kWh] Gas [MWh] MeOH Exp. [t/h] SNG [MWh]
-0 34842.0 126.2 0 0
-10 52005.0 75.9 0 0.0
-20 103766.5 19.5 0 0.0
-30 118187.4 7.0 0 0.0
-40 121068.5 4.0 0 0.0
-50 121068.5 4.0 0 0.0
-60 64998.9 71.2 0 0.0
-70 64998.9 71.2 0 0.0
-80 64998.9 71.2 0 0.0

Table 4.6: KPIs scenario 1 for robust model

CO2 Red. [%] Elec. [kWh] Gas [MWh] MeOH Exp. [t/h] SNG [MWh]
-0 34841.0 126.2 0 0
-10 52005.0 75.9 0 0.0
-20 52005.0 75.9 0 0.0
-30 52005.0 75.9 0 0.0
-40 64443.9 63.0 0 0.0
-50 102888.0 22.9 0 0.0
-60 64998.9 71.2 0 0.0
-70 64998.9 71.2 0 0.0
-80 64998.9 71.2 0 0.0
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increases by 50% due to steam production in electric boilers, whereas the robust
model’s electricity consumption remains unchanged.

At a 30% reduction, the original model increases the size of the 80-bar electric
boiler to fmax = 1.3 and continues valorizing 3.9 t/h of high-quality biogenic CO2
for export. Conversely, the robust model, without an increase in CAPEX, raises its
high-quality biogenic CO2 exportation to 6.3 t/h, a 37% increase from the previous
reduction increment.

At a 40% reduction, the original model further increases the 80-bar electric boiler in
Cluster 1 to fmax = 1.35, resulting in higher CAPEX and increasing the CO2 export
rate from 3.9 t/h to 9.58 t/h. Meanwhile, the robust model increases its CO2 export
to 20.7 t/h.

At a 50% reduction constraint, the original model further increases CO2 export to
15.8 t/h. The robust model, having maximized the exportation of available high-
concentrated (biogenic) CO2, must now invest in the 80-bar electric boiler with
fmax = 1 in Cluster 1. A clear trend emerges: the original model shifts from gas
to electric consumption, as evidenced by a steady increase in electrical consumption
and a corresponding decline in gas consumption shown in Table 4.5). Conversely,
the robust model increases its OPEX by absorbing the cost of CO2 exportation,
driven by worst-case prices for gas and electricity within the uncertainty set, guiding
decision-making at this threshold.

At a 60% reduction, both the original and robust models adopt a completely different
structure. They abandon the selection of electric boilers in Cluster 1 and instead
invest in flue gas pretreatment and Amine capture for the flue gases of Consumer
1, the gas boiler in Cluster 1, and the biomass boiler in the base case in Cluster
1, capturing a total of 29.61 t/h of CO2. Cluster 2 continues to use the 25-bar
electric boiler with fmax = 2.66. Consequently, as shown in Table 4.5 and Table ??,
electricity consumption decreases while gas consumption increases compared to the
previous increment. All captured CO2 is exported to the market, along with 3.91
t/h of high-quality CO2 from cluster 1.
The convergence of both models to the same configuration at this stage is due to
the optimization problem becoming highly constrained and energy price flexibility,
sensitivity doesn’t take the upperhand anymore. Feasibility can only be achieved
in certain configurations, which, in this case, is the only viable option under both
mean and robust or worst-case pricing scenarios.
Beyond this point, no differences in CAPEX are observed between the original and
robust models from 70% to 80% reduction. The captured CO2 and high-quality
(biogenic) CO2 are exported to the market. At 70%, the captured CO2 accounts for
29.61 t/h, and the high-quality (biogenic) CO2 for 10.17 t/h. At 80%, the amount
of captured CO2 remains at 29.61 t/h, while the export of (biogenic) CO2 increases
to 16.42 t/h.
At first instance the higher CAPEX in the original might seem counterintuitive, but
this investigation purely looks at CAPEX and not TOTEX wich is shown in Figure
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4.11 and looked at in more depth in Section 4.5.

Scenario 2: Limited CO2 sequestration for Clusters 1 and 2 at 100 EUR/t

Scenario 2 imposes constraints on CO2 exportation, necessitating an internal balance
of other resource vectors within the system. This limitation impacts the scalability
and utilization of resources and thus directly constraints the feasibility of decarbon-
isation.
Similar to Scenario 1, both the original and robust models adopt comparable con-
figurations. Specifically, the robust model opts to export CO2, while the original
model invests in electric boilers to mitigate CO2 emissions. Up to a 50% reduction,
the outcomes are analogous to those observed in Scenario 1. However, beyond the
50% reduction threshold, the models must find methods to valorize CO2 within the
industrial cluster. Additionally, other resource vectors, such as H2 and O2, need to
be internally valorized.
To achieve this, both models implement the following configuration: flue gas pre-
treatment for Consumer 2, the biomass boiler, and the gas boiler with capture rates
of 8.4 t/h, 12.9 t/h, and 3.5 t/h, respectively, directed to the amine capture plant
with fmax = 0.87. The captured CO2 is then valorized by activating the methanol
plant with a multiplier of 0.28. To supply H2 for methanol synthesis, a PEM elec-
trolysis electrolyzer is chosen, operating at fmax = 40.5. The O2 produced by the
electrolyzer is utilized in an oxy-combustion boiler, which operates at fmax = 21.1.
Additionally, a 25-bar electric boiler in Cluster 1 is implemented with a multiplier
of 5.08, and Cluster 2 invests in a 25-bar electric boiler with fmax = 1.96.

At a 70% reduction, the amine capture configuration remains unchanged, while the
capacity of the oxy-combustion boiler increases to fmax = 48.7. The electrolyzer ca-
pacity also increases to fmax = 93.35 to support the methanol plant, which operates
at fmax = 0.65.

At an 80% reduction, the amine capture configuration remains the same, while the
methanol production and the electrolyzer capacity are scaled up to fmax = 1.54 and
220.77, respectively. The capacity of the oxy-combustion boiler also increases to
fmax = 115.28.

Table 4.7: KPIs scenario 2 for original model

CO2 Red. [%] Elec. [kWh] Gas [MWh] MeOH Exp [t/h] SNG [MWh]
-0 34842.0 126.2 0.0 0
-10 52005.0 75.9 0.0 0.0
-20 103766.5 19.5 0.0 0.0
-30 118187.4 7.0 0.0 0.0
-40 121068.5 4.0 0.0 0.0
-50 121068.5 4.0 0.0 0.0
-60 132652.4 47.8 3.6 0.0
-70 194410.4 47.3 8.3 0.0
-80 299617.6 97.5 19.5 0.0
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Table 4.8: KPIs scenario 2 for robust model

CO2 Red. [%] Elec. [kWh] Gas [MWh] MeOH Exp [t/h] SNG [MWh]
-0 34842.0 126.3 0.0 0.0
-10 52005.0 75.9 0.0 0.0
-20 52005.0 75.9 0.0 0.0
-30 52005.0 75.9 0.0 0.0
-40 64443.9 63.1 0.0 0.0
-50 102888.0 22.9 0.0 0.0
-60 132652.4 47.8 3.6 0.0
-70 194410.4 47.3 8.3 0.0
-80 299617.6 97.5 19.5 0.0

Figure 4.8: Scenario 2: CAPEX accros different CO2 reduction constraints in %.

Scenario 3: Mandatory Internal Utilization of CO2 (No Exports)

In terms of resource flexibility, Scenario 3 represents the most constrained condi-
tion, as all resources, including CO2, must be utilized internally. This restriction
eliminates the visibility of energy price sensitivity within this configuration. Con-
sequently, the model becomes highly constrained, and after a 50% reduction, the
optimization model becomes infeasible. No significant differences between the robust
and the original model are observed in this scenario.

As previously observed, for 10% and 20% reductions, the model chooses to invest in
electric boilers operating at 25 bar for both cluster 1 and cluster 2, with fmax values
of 4.01 and 2.66, respectively.
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At the point of a 30% reduction, the model selects a configuration that includes flue
gas treatment for the gas and biomass boiler in cluster 1, as well as the methanol
plant, the PEM electrolyzer, and the oxyboiler. The oxyboiler has a multiplier of
fmax = 124.2, absorbing all of the CO2 produced by the electrolyzer to maintain
system balance. The methanol plant operates with a multiplier of fmax = 1.54,
utilizing CO2 for internal valorization and the H2 produced by the electrolyzer at
an fmax = 62.3.

Figure 4.9: Scenario 3: CAPEX accros different CO2 reduction constraints in %.

Table 4.9: KPIs scenario 3 for both original and robust models

Run Elec. [kWh] Gas [MWh] MeOH Exp [t/h] SNG [MWh]
-0 34842.0 126.3 0.0 0.0
-20 71955.2 52.8 0.0 0.0
-30 103766.5 19.5 0.0 0.0
-40 68013.0 104.5 19.5 222.6
-50 67420.7 97.8 19.5 222.6
-60 85958.9 158.1 32.2 222.6
-70 ∅
-80 ∅

Interestingly, due to the highly constrained nature of the system, at a 30% reduction,
the CO2 reduction constraint is already exceeded by 11.5%, indicating that this is the
only viable configuration at this point. Consequently, there is no difference between
the 30% and 40% reduction scenarios, as the configuration for a 30% reduction
already meets the requirements for a 40% reduction. This further underscores the
inflexibility and stringent nature of the system under these constraints.
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At a 50% reduction, the CAPEX decreases slightly due to a configuration that is
more expensive to operate but lower in total investment cost. The configuration
changes from using the amine capture system to using only the available pure CO2,
increasing both the capacities of the SOEC electrolyzer and the oxyboiler to valorize
the CO2 together with the methanol plant. The oxyboiler has fmax = 147.74 while
the SOEC electrolyzer has fmax = 0.1. Additionally, 23.58 t/h from Consumer 1
and 2.24 t/h from Consumer 11 are utilized.

At a 60% reduction, the configuration combines the amine capture system with a
multiplier of 0.3 and the methanol plant at a multiplier of 3.5. The oxyboiler has
fmax = 200, and the SOEC electrolyzer has fmax = 102.6. At this point, all pure
CO2 export from the consumers and flue gas treatment is needed to achieve the
required reduction. This scenario requires significantly higher investments due to
the constraint of internal valorization of all resources.
Internally balancing the system is particularly challenging, as various technologies
with their own bounds (fmin and fmax) must perfectly match consumption and de-
mand. In many cases, such as with H2, CO2, and CO2 in this scenario, achieving
this balance becomes infeasible, in this case the oxyboiler reaches it’s fmax at 200,
not being able to valorize enough O2 to balance the system.
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Scenario 4: Mandatory Internal Utilization of CO2 with Allowed H2 and
O2 Exports

Scenario 4 mandates the valorization of all captured and available CO2 within the
industrial cluster, while permitting the export of other resource vectors. The original
model invests in electricity usage to provide steam, installing a 25-bar electric boiler
with fmax = 4 in Cluster 1, and another 25-bar electric boiler with fmax = 2.66 in
Cluster 2.

Figure 4.10: Scenario 4: CAPEX accros different CO2 reduction constraints in %.

In contrast, the robust model prioritizes the combination of the methanol plant
and the SOEC electrolyzer from the outset to valorize CO2, rather than increasing
electrical consumption. This approach effectively utilizes CO2 from Consumer 1 and
Consumer 11 at rates of 23.58 t/h and 2.42 t/h, respectively. At a 30% reduction,
the original model replaces the 25-bar boiler in Cluster 1 with an 80-bar boiler. The
investment cost remains unchanged from the previous reduction level, but the new
configuration reduces emissions from the gas boiler needed to provide high-pressure
steam.
At this stage, the robust model incrementally increases the combination of methanol
production and SOEC hydrogen production to valorize the total CO2 available in-
ternally, achieving a rate of 45 t/h. The methanol plant operates at fmax = 1.01,
and the SOEC at fmax = 35.44. By the 30% reduction mark, both models converge
on the SOEC-methanol plant configuration until a 50% reduction is achieved.
At the 50% reduction threshold, both models combine SOEC, methanol production,
and electric boilers at 80 bar in Cluster 1 with fmax = 1, and 25-bar electric boilers
in Cluster 2 with fmax = 2.66. Beyond this point, the models replace the electric
boilers with investments in oxyboilers.
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At a 60% reduction, both models invest in amine carbon capture with a multiplier
of 0.3, combined with the methanol plant at a multiplier of 3.5, and an oxyboiler at
fmax = 164.9 and an electrolyser at fmax = 82.7. Beyond this point, the oxyboiler
capacity does not increase further as the additional O2 produced can be exported.
This balance between the valorization of O2 and the heat input into the system via
the oxyboiler is maintained.
After the 60% reduction, the configuration scales linearly, as illustrated in Figure
4.10. The analysis indicates that the most challenging constraint in this configura-
tion is the valorization of O2 within the system. This linear scaling approach appears
optimal only if the O2 can be exported. Ultimately, the amine capture scales up
to fmax = 0.88, the methanol plant reaches its maximum fmax = 5, and the SOEC
achieves fmax = 285

Table 4.10: KPIs for Scenario 4 for both original and robust models

Run Elec. [kWh] Gas [MWh] MeOH Exp [t/h] SNG [MWh]
-0 34842.0 126.3 0.0 0.0
-10 71955.2 52.8 0.0 0.0
-20 103766.5 19.5 0.0 0.0
-30 69003.6 65.3 11.1 0.0
-40 85320.3 50.1 13.7 0.0
-50 122470.1 10.8 12.8 0.0
-60 80581.0 76.0 25.9 0.0
-70 86897.5 72.0 32.1 0.0
-80 98394.4 59.1 44.9 0.0

Table 4.11: KPIs for Scenario 4 for original model

Run Elec. [kWh] Gas [MWh] MeOH Exp [t/h] SNG [MWh]
-0 34842.0 126.3 0.0 0.0
-10 56379.0 74.0 3.6 0.0
-20 62690.5 69.2 7.0 0.0
-30 69004.0 66.0 12.0 0.0
-40 85320.3 50.1 13.7 0.0
-50 122470.1 10.8 12.8 0.0
-60 80581.0 76.0 25.9 0.0
-70 86897.5 72.0 32.1 0.0
-80 98394.4 59.1 44.9 0.0
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4.5 General Observations

When the industrial cluster is capable of exchanging resources externally, the model
demonstrates greater flexibility. This reliance on external resources alleviates cer-
tain limitations but introduces a dependency on external systems. Exploring the
feasibility of achieving decarbonization by utilizing all resources internally reveals
that this approach significantly complicates the infrastructure within the industrial
cluster and substantially increases both CAPEX and OPEX.

In the context of the robust model, it is evident that pricing uncertainty is sensitive
to external market conditions up to a certain threshold. Beyond this point, the model
is constrained by the limited number of available technologies and their respective
combinations needed to meet the specific requirements of the scenarios.

Across all scenarios, it is apparent that small decarbonization thresholds, under 30%
reduction, are best achieved using electric boilers to lower CO2 emissions through the
flue gases of the natural gas boilers. Given the specific differences with the allowances
for the use of external export, the model consistently prefers valorizing CO2 through
methanol production over methanation. Methanol production is more advantageous
for valorizing CO2 due to several key factors. Firstly, methanol synthesis requires
less hydrogen, needing only 3 moles of H2 per mole of CO2 compared to the 4 moles
required for methanation [Riedel et al., 2001, Yarbaş and Ayas, 2024]. This lower
hydrogen demand translates to significant energy savings since hydrogen production
is a highly energy-intensive process. Additionally, methanol synthesis operates under
more moderate conditions with temperatures between 200-300°C and pressures of
50-100 bar [Pérez-Fortes et al., 2016], as opposed to the higher temperatures of
250-550°C required for methanation. These milder conditions further reduce overall
energy consumption. Furthermore, the exothermic nature of the methanol synthesis
reaction at these moderate conditions means less energy is needed to maintain the
process, compared to the higher energy inputs required to sustain the methanation
reaction. Then again, the SNG produced still has to be burned internally since
export is not allowed.

Notably, the results indicate that the early adoption of deep decarbonization mea-
sures, even when targeting low levels of CO2 reduction, is a more robust decision
compared to conventional approaches. This is evidenced by the robust models across
different scenarios, which often prefer methanol synthesis with various configurations
over direct decarbonization units such as electric boilers.
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Figure 4.11: Pareto-fronts for the 4 scenarios, original and robust

The Pareto front of all scenarios, for both original and robust models, is shown
in Figure 4.11. It is evident that Scenario 3 is the most constrained and thus
also the most expensive configuration across all scenarios. It is also clear that
the robust counterparts are always more expensive due to the worst-case scenario
approach. Although CAPEX converges to the same configuration at higher CO2
reductions, TOTEX is quite different as it takes into account OPEX and the energy
prices considered in the models, since the objective function assigns equal weights to
OPEX and CAPEX. This can be further illustrated by showing the solutions for the
different price combinations and the respective robust model solutions within the
uncertainty sets. Figure 4.12 shows TOTEX versus the different combinations of
uncertainty pricing for electricity and gas with their respective probability density
for a simulation at 70% CO2 reduction for different confidence levels.
Here, it becomes clear that the robust solutions lie within the bounds and conditions
predefined in the methodology. This visualization effectively demonstrates how the
RO framework navigates through uncertainties in gas and electricity prices to find
feasible and reliable solutions.
The figure illustrates the solution space for gas price ( EUR

MW h
) and electricity price

(EUR
kW h

) against the relative TOTEX compared to the base case in million EUR.
Different confidence levels (0.95, 0.90, 0.85, and 0.80) are represented, showing the
extent of the uncertainty sets considered in the optimization process. The color
gradient indicates the probability density, highlighting the likelihood of different
outcomes within the solution space.
This graph clearly illustrates the worst-case scenario theory, where the optimization
framework ensures that the solutions remain feasible and near-optimal even in the
most adverse conditions within the uncertainty sets. This approach is fundamental
to RO, as it safeguards against extreme variations in input parameters [Bertsimas
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Figure 4.12: The robust solutions with their uncertainty sets in the solution space
for scnario 4 at 70% CO2 reduction.

et al., 2011, Goh and Sim, 2010].
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5
Conclusion

This work successfully implemented an optimization framework for heat and re-
source optimization in an industrial cluster. The framework was extended to in-
clude uncertainty in pricing for electricity and gas using uncertainty set-induced
robust optimization. A comprehensive overview of methodologies for accounting for
uncertainty was investigated and compared to RO. To provide applicable results,
an industrial cluster comprising 13 consumers was established. Additionally, decar-
bonization technologies were modeled and integrated into the heat and optimization
model, with detailed explanations provided. Four different result scenarios were dis-
cussed, comparing the original formulation of the optimization problem with the
robust formulation.

Notably, the results indicate that the early adoption of deep decarbonization mea-
sures, even when targeting low levels of CO2 reduction, is a more robust decision
compared to conventional approaches. This is evidenced by the robust models across
different scenarios, which often prefer methanol synthesis with various configurations
over direct decarbonization units such as electric boilers. This observation is partic-
ularly interesting and warrants further investigation to understand its implications
and potential benefits fully.

While this work has successfully integrated RCs into the optimization framework,
there are some inherent limitations.
This work only defines one operating point in terms of the consumers, although
some industries might work at same capacity for the whole year through, defining
typical operating points throughout the year might be a valuable insight. Although
from a generality perspective the optimization is indeed formulated by time.
First, only one uncertainty set formulation, namely the box uncertainty set, was
developed and simulated. Compared to other formulations, such as ellipsoidal or
polyhedral uncertainty sets, this approach might yield conservative solutions [Ben-
Tal et al., 2009, Bertsimas et al., 2011]. Future work could explore the impact of
different uncertainty set formulations on the optimization outcomes.
Second, uncertainty was only considered for gas and electricity pricing. Although
these are the most important energy vectors, other energy vectors and even demand
distributions could also be considered. One could argue that within MILP optimiza-
tion, most parameters related to energy systems should be modeled considering some
distribution.
Third, the industrial cluster is limited in the decarbonization options modeled, which
might limit the applicability of the results. Although this work focuses on the
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methodology and the results should be considered as an example, the limited tech-
nologies might significantly affect the feasibility and configuration outcomes of the
optimization results. Future research should incorporate a broader array of decar-
bonization technologies to provide more comprehensive insights.
In this work, only normal distributions are considered. However, in practice, contin-
uous distributions may need to be estimated using methods such as Kernel-Based
Estimation, as proposed by Zhang et al. [Zhang et al., 2016]. Despite this, the
methodology described in Section 2.2.4.1 is applicable to other distribution types.
Lastly, while this work focuses on decarbonization under uncertainty, the results
have been primarily investigated from a CO2 emissions perspective. Although the
water usage of respective technologies and water supply via the "WaterPlant" supe-
rutility were modeled, they were not investigated in detail. Future studies should
also consider the water-energy nexus to provide a more holistic assessment of sus-
tainability impacts
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A
Appendix 1: RC reformulation of

Equation 2.12

Let nunc be the set of uncertain parameters within nr.
If r in nunc:

Cop =
tt∑

t=1
dt

op×
(

nunc∑
r=1

cγ−1,+
r,t × Ṁ+

r,t + Ψ × ĉmax
r,t × ur,t +

nu∑
u=1

[
cop,fix

u × yu,t + cop,var
u × fu,t

])
(A.1)

−ur,t ≤ Ṁ+
r,t ≤ ur,t ∀r ∈ nunc (A.2)

Ψ = max{cratio
r,t } ∀r ∈ nunc (A.3)

else:

Cop =
tt∑

t=1
dt

op ×
(

nr∑
r=1

c+
r,t × Ṁ+

r,t +
nu∑

u=1

[
cop,fix

u × yu,t + cop,var
u × fu,t

])
(A.4)

Or combined: Let nunc be the set of uncertain parameters within nr.
And ncert = nr \ nunc

Cop =
tt∑

t=1
dt

op × (
∑

r∈nunc

cγ−1,+
r,t × Ṁr, t+ + Ψ × ĉmax

r,t × ur,t)

+
tt∑

t=1
dt

op(
nu∑

u=1

[
cop,fix

u × yu,t + cop,var
u × fu,t

]
)

+
tt∑

t=1
dt

op × (
∑

r∈ncert

c+
r,t × Ṁr, t+)

(A.5)

−ur,t ≤ Ṁ+
r,t ≤ ur,t ∀r ∈ nunc (A.6)

Ψ = max{cratio
r,t } ∀r ∈ nunc (A.7)
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B
Example: Implementation of
Ranking Cycle in Cluster 1

To illustrate the potential benefits, a Rankine cycle is implemented within Cluster
1, simulated at a 40% reduction. It should be noted that no CAPEX is considered
for the installation of the Rankine cycle in this example.
The Rankine cycle superstructure as proposed in [Kermani et al., 2018] adds a steam
(or an organic Rankine) cycle as a developed technology to the model.
The model adapts the branching technique proposed in [Kermani et al., 2017] to:

• Generate all intermediate superheating and desuperheating thermal streams.
• Handle non-isothermal mixing at turbine inlets.
• Generate all preheating thermal streams required to reach a saturated liquid

state.
These are accomplished by defining all pressure levels as mass/resource streams with
corresponding temperature and enthalpy parameters.

Figure B.1: Rankine Cycle with 4 pressure levels at 110, 25, 17 and 0.312 bara.

This example highlights the integration of a Rankine cycle, demonstrating the prac-
tical application of a simple Rankine Cycle generating about 9.6kW of electricity.
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