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Abstract. Uncertainty analysis is a key element of sound techno-economic analysis (TEA) of CO2 
Capture and Storage (CCS) technologies and systems, and in the communication of TEA results. Many 
CCS technologies are relatively novel, with only few large-scale projects constructed and in operation 
to date. Therefore, uncertainties in technology performance and costs are often substantial, making it 
imperative that they be characterized and reported. Although uncertainty analysis itself is not novel, 
with some methods already frequently used by the CCS TEA community, a document that provides a 
comprehensive overview of methods and approaches, as well as guidance on their selection and use, 
is still lacking. Given its importance, we seek to fill this gap by providing a critical review of uncertainty 
analysis methods along with guidance on the selection and use of these methods for CCS TEAs, 
highlighting good practice and examples from the CCS literature. The paper starts by identifying the 
different audiences for CCS TEAs, the different modelling approaches available for CCS technology 
performance and cost analysis, and the different roles that uncertainty analysis may play. It then 
continues to discuss established, as well as emerging, uncertainty analysis methods and addresses how 
and when each method is best used, as well as common pitfalls. We argue that the most commonly 
used method of one-parameter-at-a-time ‘local’ sensitivity analysis may often be a suboptimal choice, 
and that other approaches may be more suitable or lead to more insight, especially since uncertainty 
analysis software is becoming more widespread and easier to use. Finally, the paper discusses the 
benefits of advanced uses of uncertainty analysis in, for instance, the design of CCS experiments or in 
the design and planning of CCS infrastructure. Sound uncertainty analysis has an important role to play 
in TEAs of CCS technologies and systems, and there are many opportunities to bring the use of 
uncertainty analysis to a higher level than currently practiced. This review of and guidance on available 
methods is intended to help accelerate continued methods development and their application to more 
robust and meaningful CCS performance and costing studies.  



   
 

   
 

1. Introduction 
Sound uncertainty analysis is critical to the informed interpretation of carbon capture and storage 
(CCS) techno-economic analyses (TEA) [1], [2]. It can provide valuable insight into the impacts of 
assumptions and underlying model structure, and give an indication of model quality and robustness, 
as well as of how reliable the outputs of modelling studies are or can be. Without uncertainty analysis, 
the actual meaning and importance of CCS cost results from any techno-economic study are difficult 
to judge, especially for the target audience of such studies, who are often not involved in their 
production. 

Over the years, many publications on uncertainty evaluation methods and approaches have found 
their way to the scientific domain (e.g., [3]–[5]), as have publications on the application of uncertainty 
analysis to TEA and CCS costing specifically (e.g., [6]–[8]). However, it is notable that often when 
uncertainty analysis methods are applied in TEAs, mostly simplified methods tend to be used (e.g., 
single parameter sensitivity analysis) whereas other (more complex) methods could provide additional 
valuable insight. Furthermore, new and promising uncertainty methods appear to remain unknown to 
(or unapplied by) the CCS TEA community. We believe this is partly due to unawareness of the full 
space of uncertainty analysis options, as well as a lack on guidance on when and how to use such 
options. Therefore, a critical review of the different options, complemented with guidelines on 
uncertainty evaluation can i) raise awareness to this issue, and ii) increase the effective and fit-for-
purpose use of uncertainty analysis in CCS techno-economic studies, hopefully leading to improved 
understanding and communication of their results. 

Building on a previous CCS costing guideline paper [9], this work sets out to provide a review of, and 
guidelines on, uncertainty analysis methods for use in CCS TEA. It combines knowledge and experience 
acquired in academia, research institutes and non-governmental organizations (NGOs). It is drafted in 
conjunction with two other guideline documents, one on techno-economic studies of CCS for industrial 
sources, and a second document looking into methods for carrying out costing of novel (low technology 
readiness level) processes (both forthcoming). The overarching goal of this manuscript is to advance 
the sound and fit-for-purpose use of uncertainty analysis in CCS TEA by providing practitioners and 
users with a reference document of relevant methods, tools and approaches, and a guideline of when 
and how to use them. These guidelines do not intend to provide an exhaustive account of every 
available method, rather to showcase different methods over a broad spectrum that can act as an 
illustration of the type of methods available. Naturally, these guidelines are equally applicable to TEAs 
of CO2 utilisation and negative emission technologies. 

2. Scope and background 
2.1. Audience for this paper 

These guidelines target two types of audiences: techno-economic analysis practitioners and the users 
of techno-economic studies (Table 1). The first group is composed of people involved in the 
development, modelling, costing and analysis of (new) CCS technologies. They will be found mainly in 
research and development (R&D) agencies, academia, and in industrial organisations. 

The second group are the users of TEA studies, as earlier described in Rubin et al., [2]. They are mostly 
technology (R&D) and policy decision makers. The purpose for this group is twofold: first to help them 
gain an understanding of the role of uncertainty and how it may affect assessments of technology 
performance, and second to provide an overview of available uncertainty analysis methods and their 
use, so that decision makers can request TEA practitioners to undertake the specific analysis that may 
fit their information needs best. A key example of the second group is funding agencies, who on a 
regular basis need to make informed decisions on funding technology proposals. 



   
 

   
 

Table 1. Target audiences for this guideline document 

Audience Government Industry NGO’s & universities 
Practitioners: process 
developers/modellers, 
cost engineers and 
technology analysts in: 

• R&D agencies • Operators 
• Vendors 
• A&E firms 
• Venture capital 
• R&D organisations 

• Academia 

Users of CCS techno-
economic studies in: 

• Policymakers 
• Analysts 
• Regulators 
• R&D agencies 
• Funding agencies 

• Operators 
• Vendors 
• A&E firms 
• Venture capital 
• R&D organisations 

• Environmental 
• Media 
• Academia 
• Foundations 

 

2.2. Types of techno-economic analyses and candidate parameter categories for 
uncertainty analysis 

Before venturing into available uncertainty analysis methods, it is worthwhile to provide a rough 
description of the type of techno-economic models found in today’s CCS literature, since different 
types of studies may require different types of uncertainty analysis. Table 2 presents a simplified 
overview of the types of techno-economic models and parameter categories that can be candidates 
for uncertainty evaluation (based on an earlier publication [10]). On the one end, there are simplified 
techno-economic models that, for instance, are used to get a first rough idea of technical and economic 
feasibility. These models may be based on simple first principles or more black box technology 
descriptions, and their economics are often derived from future projections of known equipment cost. 
On the other end of the spectrum are detailed techno-economic studies based on full physical 
(rigorous) technology models and detailed “bottom-up” cost models, such as the engineering-
economic models often used in studies by e.g., the US Department of Energy’s National Energy 
Technology Laboratory (DOE/NETL), the International Energy Agency Greenhouse Gas Programme 
(IEAGHG), and the Electric Power Research Institute (EPRI). In between, there are more or less detailed 
technical and economic modelling studies, here called intermediate complexity models, often using, 
e.g., shortcut models for technology description, and/or partial process design and equipment lists for 
costing. The choice for a certain model type may depend on the goal of the study, the availability of 
data and physico-chemical models, and the technology readiness level (TRL). 

Table 2 is not meant as an exhaustive list of all parameters that need to be scrutinised, but rather 
provides an illustration of complexity levels. As the table clearly shows, the more detailed and complex 
the TEA, the more input parameters and models used, and therefore the more parameters that can, 
or should, be included in the uncertainty analysis. Also, especially for rigorous process models, it is 
good practice to investigate the effect of model structure. This, for example, could be reflected in the 
choice of models for mass transfer, as it may have a large effect on the technical process, and therefore 
its performance and cost (see e.g. [11], [12] for a discussion on how the choice of mass transfer models 
is relevant in solvent-based CO2 capture systems, but it equally applies to other types of capture 
technology).  

 

 

 



   
 

   
 

Table 2. Indicative technical and economic model types and candidate parameter 
(categories) for uncertainty scrutinization, based on [10]. 

 Technical models  Economic models  
Model 
complexity 
level 

Description Potential 
parameter 
categories to 
scrutinise 

Description Potential 
parameter 
categories to 
scrutinise 

Rigorous Typically, full 
physical models 
based on first 
principles, 
including detailed 
flowsheets, mass 
and heat transfer, 
detailed kinetics, 
recycles, etcetera. 

Below parameter 
categories as well 
as mass & heat 
transfer models, 
chemical kinetics 
models 

Typically, detailed 
economic 
estimates, based 
on a detailed 
equipment list, 
using individual 
escalation and/or 
scaling factors and 
including all capital 
and operational 
costs 

All of the below 
plus individual 
escalation and/or 
scaling factors, 
detailed capital 
and operational 
cost factors 

Intermediate E.g., short-cut 
models, excluding 
part of the physical 
description (often 
mass transfer, 
heat transfer, 
chemical kinetics) 

Below parameter 
categories as well 
as, a.o., chemical 
equilibrium 
models and state 
parameters (P, T) 

E.g., combinations 
of bottom up and 
top-down 
methods, using 
partial equipment 
lists and 
Lang/Hand type 
escalation factors 

All of the below 
plus equipment 
sizes, purchased 
equipment costs, 
escalation factors 

Simplified Often mass and 
energy balance 
models based on 
literature or 
experimental 
results 

Mass and energy 
input and output 
flows 

Typically, top-
down cost 
estimates, e.g., 
exponent models, 
using cost 
estimates from 
earlier studies 

Financial 
parameters 
(lifetime, discount 
rate, etcetera); 
fuel & 
consumables cost; 
scaling exponents 

 

2.3. What do the existing TEA guidelines say about uncertainty assessment? 
As discussed in the introduction, a comprehensive set of guidelines for uncertainty analysis of techno-
economic studies of CCS technologies is currently lacking. Two widely used guideline documents for 
CCS TEA in general, The DOE/NETL Quality Guidelines for Energy System Studies (QGESS [13]) and the 
European Best Practice Guidelines for Assessment of CO2 Capture Technologies [14],  provide a note 
on uncertainty analysis. Both recommend the use of sensitivity analysis to help generate an 
understanding of uncertainty in input data, financial assumptions, and state of technology 
development. They, however, limit themselves to the most simple of sensitivity analyses (one-at-a-
time sensitivity analysis, see 3.3.1), without discussing alternative methods and without providing 
guidance on how to undertake uncertainty analysis in a methodologically sound way. 

The techno-economic studies by organisations such as the IEAGHG or the Zero Emissions Platform 
(ZEP), are also often used as guidelines for good TEA practice. The IEAGHG studies use the standardised 
IEAGHG techno-economic and financial parameters for their studies (e.g., [15]). The IEAGHG studies 
generally include sensitivity analyses, aiming to offer a picture of how changes to the standard IEAGHG 
assumptions could impact CCS costs. The key parameters generally investigated are fuel prices, 



   
 

   
 

discount rate, discount rate after plant closure, plant life time and CO2 transport and storage costs, 
subject to the objective of the study [16]–[18]. Recent studies [19] also included assessments of 
potential techno-economic scenarios, where the authors a) explored technical parameters that can 
have a significant impact on the CO2 capture costs; b) provided overviews of the TRLs of the CO2 
capture technologies and their impact on costs, and c) highlighted technical differences in the 
literature which make cost-reviews more challenging. The TEA studies by ZEP only investigate 
sensitivity to plant efficiency and capital costs [20] for CO2 capture plants and extends that with 
operational costs, distance, and utilisation level for CO2 transport [21]. Only in their CO2 storage costing 
study, ZEP also included sensitivities on high level technical parameters like field and well capacity [22].  

The abovementioned guideline documents and techno-economic studies use, what are often called, 
local sensitivity analysis methods for uncertainty analysis, especially the one-at-a-time, and one-way 
type of sensitivity analysis (see section 3.3.1). Another observation is that these studies mostly focus 
their sensitivity analyses on economic input parameters (although there are exceptions). When 
addressing technical parameters, they do so mostly at high level, aggregated, parameters such as 
power plant efficiency, rather than the underlying technical input parameters that might exist in a first-
principle process model.  

3. Uncertainty analysis 
3.1. Definitions of uncertainty analysis 

In the CCS TEA literature, Rubin et al. [2], make a distinction between uncertainty, variability and bias. 
Therein, the author defined uncertainty to reflect “a lack of knowledge about the precise value of one 
or more parameters affecting CCS costs” ([2]:187). In this definition, uncertainty exists solely in the 
value of parameters. Variability was defined to refer “to the different value a given parameter may 
take on (for example, across a collection of facilities, or at different points in time at a given facility). 
In this case the values of the parameter are assumed to be known (or knowable), and thus subject to 
quantitative data analysis” ([2]:187). This means that the variability of a given parameter can be 
measured and can thus be quantified by, e.g., a probability density function (PDF). This would be much 
more difficult (or arbitrary) in the case of uncertainty, where the lack of knowledge (true uncertainty) 
would hamper defining a precise PDF1. Furthermore, the author defined bias to refer “to assumptions 
that skew an analysis in a particular direction while ignoring other valid alternatives, factors or data” 
([2]:188), meaning that the outcomes of a study may change when favouring one input parameter 
value over another.  

Other scholars use a wider definition of uncertainty by focusing on all kinds of knowledge or 
information, rather than only on parameters. For instance, “incomplete information about a particular 
subject” ([23]:387), “lack of confidence in knowledge related to a specific question” ([24]: 504) and 
“any deviation from the unachievable ideal of completely deterministic knowledge of the relevant 
system” ([25]:5). These three definitions all focus on the lack of knowable knowledge, values, or 
information, and in that way, they are closest to Rubin’s definition of uncertainty. 

 
1 This differentiation between uncertainty and variability relates closely to what is called epistemic and 
aleatoric uncertainty in the uncertainty quantification (UQ) literature [73]. The UQ community thus 
refers to both as uncertainty, but of a different nature. Epistemic uncertainty is also called reducible 
uncertainty, ignorance uncertainty or subjective uncertainty [74]. Aleatoric uncertainty, on the other 
hand, refers to inherent variability of a quantity of interest or unpredictability due to stochasticity [73], 
indeed equivalent to Rubin’s definition of variability [2]. 

 



   
 

   
 

We here adopt a wide definition of uncertainty, that includes both parameter [1], [2], [26] and non-
parameter uncertainty (i.e., knowledge uncertainty [27] and uncertainty in the model structure and 
boundaries: methodological, model structure, and contextual uncertainty [1], [26]). At the same time, 
we embrace the difference between uncertainty and variability (or epistemic and aleatoric 
uncertainty), because they play an important role in the selection of uncertainty analysis methods, as 
we will discuss later. 

3.2. Purposes of uncertainty analysis 
Before outlining different uncertainty analysis methods that are commonly used in CCS techno-
economic analysis, we first discuss the different purposes uncertainty analysis may have. The first, 
straightforward, purpose is to provide insight into potentially different outputs as a result of different 
input assumptions. This is a way to answer “what if”, or, diagnostic, type of questions [28], [29]. A more 
sophisticated purpose can be to provide an estimate of a certain output happening. This relates more 
to “what will”, or prognostic questions [28], [29], because the model specifies a certain outcome of 
happening with a certain probability. Related to this, uncertainty analysis can help understand which 
input parameters influence the model outputs most and should therefore be scrutinised and/or 
parametrised most thoroughly (for instance, through Factor Priorisation, FP, [28]). This can help 
answer the question of “where to put most effort” when quantifying model input values. Conversely, 
uncertainty analysis may provide insight into the parts of the model(s) that have less influence on the 
outputs, thereby answering “which parts of the model can we simplify” and providing a basis for model 
reduction (Factor Fixing, FF [28]). An advanced use of uncertainty analysis is model testing, i.e., testing 
how a model behaves when fed with extreme parameter values or scenarios. If the model behaves as 
expected (i.e., provides the expected outputs), it increases confidence that the model structure is 
correct. If unexpected outputs occur, this may indicate that model equations are incorrect, or 
incorrectly implemented. Finally, uncertainty analysis can also generate insight into the strength of 
models and/or the input data fed to them (further discussed in 3.4.1), which is of great importance 
when models are used for policy and decision making. 

3.3. Established uncertainty analysis methods  
This section describes established uncertainty analysis methods, i.e., methods that have well 
established principles and that have been commonly used in techno-economic analysis for decades. 
We start out with a general description of sensitivity analysis and local sensitivity analysis methods and 
then continue with a description of global (e.g., Monte Carlo based) uncertainty analysis. This section 
ends with describing pitfalls and good practices for the established methods.  

To allow explanation of the different methods, a very simple and generic mathematical representation 
of uncertainty analysis is introduced in the main text: 

𝐲𝐲 = 𝑔𝑔(𝐱𝐱) 1 

Where, 𝑔𝑔 is a techno-economic model (i.e., a mathematical function). Despite the simple 
representation here, 𝑔𝑔 can be a very complex system of equations solved analytically or numerically. 
𝐱𝐱 is an array of 𝑛𝑛 model inputs {x1, x2, … , xn} and 𝐲𝐲 is an array of m model outputs {y1, y2, … , yn}. We 
call 𝑘𝑘 the number of parameters out of the set 𝑛𝑛 (𝑘𝑘 ≤ 𝑛𝑛) that is actually varied in a sensitivity analysis. 
This will suffice the explanation of the methods below. Slightly more comprehensive mathematical 
representations can be found in Appendix A.  

3.3.1. Sensitivity analysis 
Sensitivity analysis (SA) studies how uncertainty in the output of a model is apportioned to different 
sources of uncertainty in the input of a model [30], [31]. Its main purpose is thereby to identify which 
inputs most significantly impact the model, helping to prioritise the effort of a modeller on further 



   
 

   
 

quantifying the model inputs, while making the model more robust. The model inputs to which the 
output is most sensitive deserve the most rigorous quantification; the inputs to which the model is 
least, or not sensitive, can be allowed less stringent quantification, or can be set to fixed (sometimes 
even random) value. Below we describe commonly used sensitivity analysis methods used in CCS 
costing, distinguishing between local sensitivity analysis and global sensitivity analysis. The 
descriptions are made around three main aspects: definition (what), method (how) and their 
applicability (when). 

Local sensitivity analysis 
By far the most commonly used sensitivity analysis methods are local, meaning that one or more 
variables are varied around selected base, or nominal, values. This also implies that local methods do 
not include the uncertainties in the whole solutions space (set of potential outputs) of the model) [28]. 
The reason for the wide use of local methods is their ease of use and of interpretation of their results 

What: Local sensitivity analysis can roughly be divided in three types: one-at-a-time sensitivity analysis, 
one-way sensitivity analysis and n-ways sensitivity analysis (scenario analysis, sometimes called N-at-
the-time -NAT- sensitivity analysis was excluded from below description, because a very special class 
of uncertainty analysis). The simplest local method is one-at-a-time (OAT) sensitivity analysis [3], [4], 
where the model output is only evaluated against a minimum and a maximum value of a given input 
parameter. This is most commonly known as the plus/minus 10% way of varying an input parameter 
(example in Figure 1). An extension to OAT sensitivity is one-way sensitivity analysis [4]. Here, one 
parameter at a time is varied but over its entire predetermined range, sampling multiple points. The 
added value is that a response to an input becomes visible between its extremes, allowing to also 
identify potential non-linearities between input and output (see, e.g., the IEA figure [32] in Figure 2). 
One-way sensitivity analysis can be further extended to multiple ways sensitivity analysis (or n-ways 
sensitivity analysis) [4]. This method varies multiple parameters at a time, and uses for each parameter, 
a set of different values from its entire range. It has the ability to investigate the model output space 
as function of many parameters with less runs than would be required when only using one-way-
sensitivity. In addition, it is able to show interdependencies between input parameters (Example 
provided in Figure 3). 

How: The main methodological step in sensitivity analyses is to choose the perturbations to the 
nominal value of the parameters under investigation. This is only trivial when input-output relations 
are linear and there is no interaction between input parameters. For OAT analysis for instance, it is 
common practice to vary each input parameter with a fixed percentage, e.g. +/- 10%, or +/- 50%. Note 
however, that in case of non-linear relations a variation of 10%, 50%, or other, may lead to a different 
ranking of sensitivity to inputs. Alternatively, each parameter can be given a different minimum and 
maximum, for instance based on expert knowledge of the minimum and maximum values a parameter 
can have. From a purist perspective, the former approach (using the same plus and minus) is more 
appropriate, since the local nature of OAT analysis strictly does not allow a statement of the total 
variance of output 𝐲𝐲 as a function of input 𝐱𝐱. Rather, OAT analysis merely produces a ranking of 
sensitivity to input parameters when varied close to their nominal value. However, from a pragmatic 
perspective, it seems illogical to vary all parameters with the same percentage around their nominal 
value if it is known that their real ranges differ substantially, and the practitioner would like to get a 
first impression of the maximum range of the output parameters. The methodologically correct use of 
strict OAT analysis is limited, and there may be good reason to choose another method. 

One-way sensitivity analysis in this perspective is more versatile than OAT sensitivity analysis, because 
it allows to sample multiple perturbations from the input parameter’s nominal value. Here, it is advised 
to choose the minimum and maximum values more widely, and preferably according to known, or 



   
 

   
 

realistic, limits. The main choice here is rather how many points to include, and where to sample them. 
For (or when suspecting) non-linear relations, it is advisable to add more points in those sections of 
the curve that are likely to show the highest non-linearities. For inputs with a linear relation to output, 
it would suffice to only use one minimum and maximum values without sampling points in between. 
These considerations also apply to n-way sensitivity analysis. 

An important consideration for the choice of method is its computational cost (i.e., the amount of time 
that it takes to run an analysis). It also depends on the computing hardware available: the 
computational cost of running an analysis is much higher for any model on a two-core laptop than on 
a supercomputing cluster where multiple dozens of cores work in parallel. For OAT, the computational 
cost can be estimated as 𝐶𝐶 = 2𝑘𝑘 + 1 [4], where 𝑘𝑘 is the number of inputs that is varied. The 
computational cost of one-way sensitivity analysis is obviously higher than OAT sensitivity analysis: 
𝐶𝐶 = (2 + 𝑎𝑎)𝑘𝑘 + 1, where 𝑎𝑎 is the amount of sampled points in addition to its extremes and the base 
case. Because n-ways sensitivity analysis varies input parameters simultaneously, its computational 
cost is typically lower than that of one-way sensitivity analysis. As for one-way sensitivity analysis, C 
depends on the number of sampled values of each input 𝑥𝑥𝑖𝑖. In addition, it is more difficult (and thus 
requires more computational effort) to determine the influence of individual parameters when using 
n-ways analysis. For example, 𝐶𝐶 = 2𝑘𝑘 to calculate all order sensitivities for generalised min/max full 
factorial designs, i.e., when only two values (a minimum and a maximum) for each input 𝑥𝑥𝑖𝑖 are 
sampled; 𝐶𝐶 = 2𝑘𝑘 + 2 to calculate first order (individual), interaction and total order sensitivity indices 
for min/max full factorial designs [4], [28]. Similarly, when a range of values for each 𝑥𝑥𝑖𝑖 is sampled, the 
computational costs increases to 𝐶𝐶 = (2 + 𝑎𝑎)𝑘𝑘, with 𝑎𝑎 being the amount of sample points in addition 
to its extremes. 

When: Local sensitivity analysis is best used to answer diagnostic, or “what if” type of questions, where 
it has less use to prognostic studies due to its local nature. It can be used very well for a first and quick 
screening of influential variables, both in process modelling and economic analysis. In this case it is less 
relevant if the nature of the input parameter variance is pure uncertainty or rather variability (see 
above), because we are more interested in a ranking of parameters, than in the actual predicted output 
of the model. Though being simple, local sensitivity analysis shows some relevant disadvantages. Its 
main drawback is arguably the inability to estimate the influence of variable interactions (OAT and 
one-way sensitivity analysis) and non-linearities (OAT sensitivity analysis) [28]. Especially in complex 
and highly non-linear mathematical models this can lead to a false ranking of importance [3], or to the 
discarding of inputs as relevant based on their single variable sensitivity, while they may actually be 
relevant in combination with other parameters. This means that local sensitivity analysis is more suited 
to simple models (like simple factorial cost estimates) than to complex models (like full physical process 
models). Also, local sensitivity analysis can be inefficient if 𝑘𝑘 is large and only some input parameters 
are influential. This is, again, especially the case for computationally intensive models. 

In addition to diagnostic questions, local sensitivity analysis can also be very useful to test the model 
structure, by running extreme cases. If for instance, in an economic model, the discount rate is set to 
a very high value, the levelised cost of product should also become very high. If this is not the case, the 
modeller knows there may be a mistake in the model formulation.  

Common pitfalls in (local) sensitivity analysis 
The following list provides some common pitfalls, to prevent mistakes in the use of sensitivity analysis 
for CCS techno-economic analysis and elsewhere: 

• Local sensitivity methods are perceived as sufficient, where in reality they may not fulfil the 
purpose of the study. This, in turn, leads to spending time applying methods that may not 



   
 

   
 

generate the answers that are needed, or that are less suitable given a certain scope of the 
problem/question. 

• Showing the sensitivity of (too) many model outputs to the model inputs, thereby confusing 
the audience of the study [28]. Often only a few output parameters are really interesting and 
is better practice to show only those, while being transparent on the full number of parameters 
studied. 

• Performing piecewise sensitivity analysis where it is not justified. Piecewise sensitivity analysis 
examines the model in parts or compartments. Often, uncertainty is propagated through the 
model compartments in non-linear and interactive ways, and piecewise analysis could 
therefore provide false insights. Examples could include the piecewise examination of 
uncertainty in a process model and a cost model, where it might be more justified to 
investigate the uncertainty of the integrated techno-economic model. 

• Using the wrong representation of results for a chosen method. For instance, representing the 
results of a OAT sensitivity analysis in a spider plot. This may happen if modellers are not 
familiar with the full range of possible approaches and good practices of graphic 
representation. 

 

Figure 1. Illustrative example of OAT local sensitivity analysis: Tornado diagram 
representing the OAT sensitivity of the levelised cost of electricity to economic input 
parameters. The case study represents an NGCC plant equipped with postcombustion 
capture with solid sorbents using an electric swing adsorption cycle [33]. Capture plant 
TPC ranges (grey colour) include simultaneous variation of the engineering, procurement 
and contracting (EPC) costs, process and project contingencies, FOAK value, and 
learning rate, proving a lumped contribution of these capital cost elements. 
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Figure 2. Illustrative example of one-way local sensitivity analysis showing the effect of 
CAPEX, Efficiency, capacity factor, fuel costs and CO2 price on the LCOE of power plant 
with and without CCS: Figure 5.8 from the IEA Energy Technology Perspectives 2014 
[32]. The parameters were varied independently, leading to the typical spider webs of 
lines. Note the non-linearity of some parameters, e.g., capacity factor, making one-way 
analysis more suitable for this parameter than OAT analysis. 

 

 

Figure 3. Illustrative example of N-ways (here: 2-ways) local sensitivity analysis, based on 
[34], showing the impact of transport capacity and distance on the cost of CO2 
conditioning and transport for an offshore pipeline infrastructure. This figure is based on 
the following considerations: 1) CO2 comes from an MEA-based CO2 capture unit; 2) 
Pipeline costs are calculated according the CO2 Europipe cost model [35] and an 
electricity cost of 55.5 €/MWh is assumed; 3) Pipeline diameter is optimised for each 
combination of transport capacity and distance; 4) A constant utilisation rate of 85%, a 
project duration of 25 years with an 8% discount rate are considered in the cost 
calculation. 
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3.3.2. Probabilistic uncertainty analysis 
What: Probabilistic (global) uncertainty analysis is a step up from simple one-way or n-ways sensitivity 
analysis because it assigns a probability to the range of values that a parameter can have [3], [28], [36]. 
It not only tells something about which values the model outputs 𝐲𝐲 may take on as a function of 
changes in model inputs 𝐱𝐱, but also how likely a certain output may be (for e.g. see Figure 4). Global 
uncertainty analysis can also be used to find the global sensitivity of the outputs 𝐲𝐲 to the input vector 
𝐱𝐱. This is different from local sensitivity in the way that the sensitivity indicators are estimated for the 
whole range of possible inputs and outputs (thus global), while the local sensitivity indicators only 
apply around the selected base value. Apart from the advantage of understanding the model input-
output relationship over the whole range of parameter space, global uncertainty analysis also allows 
to identify the synergistic effects between model inputs.  

How: Probabilistic uncertainty analysis requires assigning to each or some of the input parameters a 
probability density function. These functions are typically fitted on measured (but often assumed) 
data. Mathematically, ℙ𝐗𝐗 are the probability distribution functions of the random vector of input 
parameters 𝐗𝐗 = (𝑋𝑋1, … ,𝑋𝑋𝑛𝑛 ) and ℙ𝐘𝐘 the PDFs of the random vector of output parameters 𝐘𝐘 =
(𝑌𝑌1, … ,𝑌𝑌𝑚𝑚 ) = 𝑔𝑔(𝐗𝐗). This results in a cumulative distribution function 𝐹𝐹𝑌𝑌(𝑦𝑦) =  ∫𝑓𝑓𝑌𝑌(𝑦𝑦) over the range 
of output realisations. Preferably, 𝐹𝐹𝑌𝑌(𝑦𝑦) and 𝑓𝑓𝑌𝑌(𝑦𝑦) are evaluated analytically, because of low 
computational cost. Practically, this is often impossible, because the mapping between 𝐗𝐗 and 𝐘𝐘, 
denominated 𝑔𝑔(∙), is unavailable (i.e., there is no analytical solution for 𝑔𝑔(𝐗𝐗)). In such case, the 
probability of 𝐘𝐘 can be evaluated by repeated sampling using Monte Carlo methods. 

From the PDFs of inputs and outputs, global sensitivity measures can be calculated (i.e., the measures 
that rank the sensitivity of model outputs to each model input), which is now also often done in CCS 
research. There are different methods to do this and the calculation of these measures is a separate 
research field (the underlying mathematics can be quite complex and sometimes not transparent). It 
is beyond the scope of this work to address this in detail, but there are good standard works on 
calculation of global sensitivity indicators in literature, e.g. [28], [30].  

The characterization or quantification of input parameters with PDFs is arguably the most challenging 
part of global uncertainty analysis and therefore we elaborate a little further on this, without the 
intention to provide an exhaustive overview of PDF selection. We identify three possible approaches: 

1. Hawer et al., [37] developed a guideline based on a flowchart that contains questions to be 
answered by the user with “yes” or “no”, as shown in Appendix B. The flowchart leads the user 
to a recommendation for a representative uncertainty characterization method for each 
individual case. The guideline aimed at an audience with little to no knowledge on the 
terminology and or modelling in the field of uncertainty quantification.  

2. In another publication [38], the principle of maximum (information) entropy was suggested. 
The principle of maximum entropy seeks to choose a PDF that maximizes the amount of 
information that a distribution can provide, subject to known constraints, as summarized in 
Table 3. This means, for instance, that when only an upper and a lower bound of a range are 
known, the uniform distribution is the PDF that provides the most information. 

3. A third technique for obtaining a PDF is to use a ‘subjective’ probability distribution, that is a 
PDF that is based on knowledge of the process/parameter rather than data. Generally, this is 
accomplished by the application of formal expert elicitation following a systematic procedure. 
Examples of formal protocols for expert elicitation can be found in Morgan and Henrion [39], 
developed for the field of quantitative risk and policy analysis and the IPCC tool linking 
probability with linguistic descriptions of uncertainty [38].  

 



   
 

   
 

Table 3: Choosing a distributions function using the principle of maximum entropy. 
Adapted from [38]. 

Available information Assigned PDF 
Upper bound, lower bound  Uniform 
Minimum, maximum, mode Triangular 
Mean, standard deviation Normal or lognormal if the value physically cannot be 

below zero 
Range, mean, standard deviation Beta 
Mean occurrence rate Poisson 

 

When: Because of its stochastic nature, probabilistic uncertainty analysis is very capable to answer 
prognostic, or “what will” type of questions, as well as provide the audience with an answer on how 
likely such an outcome could be (see also Figure 4). It is therefore helpful to policy and decision makers 
for strategic decisions and can come to good use in techno-economic analysis of CCS. There are 
however two large drawbacks that limit the use of probabilistic methods as uncertainty analysis tools. 
The first relates to the need to describe the variability of the input parameters in probabilistic terms. 
It requires as a minimum a description of minimum and maximum, but preferably a full PDF. The 
problem, however, is that the exact values of parameters are often not known (recall the difference 
between uncertainty and variability, where in the latter case we often do have a good grasp of the 
variation of values). Randomly assigning probability distributions to inputs can result in misleading 
outputs. As a result, this would therefore not only not reduce uncertainty, but possibly generate a false 
sense of certainty and thereby lose its value for answering prognostic questions [1], [4]. It could 
however still be useful for answering diagnostic questions or for calculating global sensitivity 
indicators. Given this consideration, we argue here that probabilistic uncertainty analysis is better 
suited to deal with variability, than with true uncertainty.  

A second large drawback of, especially, Monte Carlo simulation is that it needs a large amount of runs 
to become a) statistically significant, and b) to estimate sensitivity indices2, see e.g. [3], [40]. Such large 
amounts of runs could be feasible for simple and/or analytical models - like most economic models 
used in techno-economic analysis - but are a large obstacle for highly non-linear numerically solved 
models - like rigorous process models.  

Common pitfalls in probabilistic uncertainty analysis 
For probabilistic uncertainty analysis, the following additional pitfalls apply: 

• Basic Monte Carlo simulation methods assume that input variables are independent of each 
other, which is often not the case in reality. Ignoring the correlation between dependent 
variables may lead to a false ranking of influential parameters. To address this issue, a 
dependence structure (known as a copula) can be created prior to sampling individual 
uncertain variables [28]. Alternatively, this problem can sometimes be avoided by explicitly 
modelling the relationship between two variables (e.g., depth and pressure or temperature in 
a subsurface reservoir model). 

 
2 For instance, when using a brute force method, the number of model runs 𝑁𝑁 required to calculate variance 
based sensitivity indicators (like the conditional mean) 𝐸𝐸(𝑌𝑌|𝑋𝑋𝑖𝑖) = 1000, then 𝑁𝑁2 =  10002 runs would be 
required to calculate the sensitivity indices. Even with smart computational methods like Saltelli’s [28], the 
amount of runs required is still 𝑁𝑁(𝑘𝑘 + 2) where 𝑘𝑘 is the number of variables to be varied. Linear regression on 
the Monte Carlo mapping generates sensitivity indicators at lower cost 𝐶𝐶 = 𝑁𝑁, but only calculates univariate 
(first order) sensitivity indicators (there are other post-processing methods that have this low cost but they 
have the same drawback, see e.g. [4]). 



   
 

   
 

• The PDFs of input variables are poorly defined, or are insufficiently definable [1], [4]. Monte 
Carlo simulation will compile seemingly reliable PDFs of model output regardless the quality 
of the input distributions. It may therefore create a false sense of certainty for the user of the 
sensitivity study, that could lead to wrong decisions being taken. 

 

Figure 4. Illustrative example of Monte Carlo simulation. Output of a Monte Carlo 
uncertainty analysis from [36]. The figure shows both the deterministic (vertical dashed 
line, no uncertainty) and the probabilistic (solid line) values of the added cost of CO2 
capture for a supercritical coal power plant under the constraint of a 1000 lb of CO2/MWh 
gross emission (US) performance standard. For the assumptions of this study there is less 
than a 10% likelihood of realizing the nominal (deterministic) value of added cost. The 
most likely cost (50% probability) is $24.5/MWh (about 4 $/MWh more than the 
deterministic value). 

3.3.3 Recommended practices for sensitivity analysis and probabilistic uncertainty analysis 
As the above sections have shown, sensitivity and probabilistic uncertainty analysis require the rational 
selection of parameters to vary, how to treat them, and which values, ranges, or PDFs to apply, to 
perform the uncertainty analysis in a meaningful and efficient manner. 

A first good practice then, is to rationally choose the parameters to vary. Initial screening of parameter 
sensitivity can help reducing the number of varied parameters k and makes the sensitivity analysis 
more efficient. Alternatively, one can find influential parameters for similar problems in academic or 
grey literature. When planning to run a Monte Carlo simulation for instance, local SA can be used to 
discard parameters that are not influential, reducing the required number of Monte Carlo runs. Care 
should be taken though to also test the sensitivity of parameters when interacting with others, before 
discarding them altogether. It is good practice to find a balance between the number of parameters to 
vary and their range. If the range is too wide and/or too many parameters are varied, the results may 
be less useful and relevant observations may get lost in the mass of output variance, apart from putting 
too much effort to answering the research question. Especially for probabilistic uncertainty analysis, 
when the chosen range is too small and/or too few parameters are varied, the results may not be 
global, thus inconclusive [28]. 

A second good practice is to explicitly distinguish between different types of input data (e.g. physical 
properties versus operational/design conditions/choices, measured data versus expert opinions, 
economic data versus technical data) or how to cluster them (e.g. a measured value times its weight) 
[28]. 
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Finally, defining a good “sampling scheme” up front can save a lot of hassle and unnecessary repetition. 
Sampling means the amount and values (or positions in a range) of the input data points that are 
chosen. Sampling can for instance be done by picking random values from a range of possible values, 
but this may lead to clusters of points and gaps. The modeller can also use random values within 
subintervals (called stratified sampling) or using particular values within subintervals (also stratified 
sampling) [28]. Especially for multiparameter sensitivity analysis, several sampling schemes have been 
developed, focussing on reducing the amount of points that need to be evaluated, while remaining a 
required level of predictive power of the sensitivity analysis. Such sampling schemes are addressed 
elsewhere, e.g., [28] and include full factorial (only two levels of values: -1/1 or min/max); fractional 
factorial (FF, only two levels of values: -1/1); Latin Hypercube (LH: multiple levels of values, stratified, 
needs number of simulations to be larger than the number of varied parameters ), or multivariate 
stratified sampling.  

3.4. Emerging uncertainty methods 
3.4.1. Complementary analysis of qualitative uncertainties with pedigree analysis 

What: Pedigree analysis is a systematic and harmonised approach to identify and assess knowledge 
strength in order to minimise subjectivity and increase transparency. It is part of the NUSAP system 
(Numeral, Unit, Spread, Assessment, Pedigree) for uncertainty assessment and communication 
proposed by Ravetz & Funtowicz [41]. Generally speaking, pedigree analysis provides an evaluation of 
the production process of information (how was it measured, derived, theorised?), and investigates 
the different aspects of the underpinning of the numbers and scientific status of the knowledge used 
[27], further explained below. Pedigree analysis has key advantages. For instance, it identifies the 
different sorts of uncertainty in quantitative information and enables them to be displayed in a 
standardized and self-explanatory way. It also allows to assess the quality of models by increasing 
transparency on the assumptions and choices and assessing uncertainties in the underlying knowledge 
base used for building up a process or cost model. Pedigree analysis is flexible in its use and can be 
used on different levels of comprehensiveness: from a rough sketch to a sophisticated procedure 
involving structured informed in-depth group discussions on a parameter by parameter format. Quite 
often results are used to develop so called diagnostic diagrams, which are a convenient way to view 
each of the key parameters in terms of two crucial attributes: relative contribution to the sensitivity of 
the output and their strength. Finally, and possibly one of the key advantages, it fosters an enhanced 
appreciation of the issue of uncertainty in information. 

How: Pedigree is expressed using a set of problem-specific criteria that serve to assess different 
aspects of knowledge strength. It is basically a systematic multi-criteria evaluation of the production 
process of knowledge, therefore looking not only at parameter data but also to knowledge available 
when building up a model. For example, commonly used criteria are proxy (is something measured 
directly, or is it estimated using an indirect indicator?) and theoretical understanding (is the data or 
model based on a well-established scientific theory, or crude speculation?). The type and number of 
criteria should be tailored to the specific situation.  

Assessment of pedigree requires qualitative expert judgment. Expert elicitation systematically makes 
explicit use of unwritten insights ‘in the heads of experts’ (e.g., the modeler, or a group of experts), 
focusing on limitations, strengths and weaknesses of the available knowledge base. To minimise 
subjectivity and arbitrariness in the evaluation, a pedigree matrix is used to systematically and 
transparently transform expert judgment into a numerical scale. A pedigree matrix (Table 4) is basically 
a table with the criteria as columns, and strength scores (typically 0 (weak) to 4 (strong)) as the rows 
(note that also other scales can be used). In each cell of the table a linguistic description is provided 
with the requirements that should be met to receive a particular score. These descriptions therefore 



   
 

   
 

serve as yardsticks. Note that these linguistic descriptions are mainly meant to provide guidance in 
attributing scores to each of the criteria for a given parameter, and as such the descriptions should be 
tailored to the focus of the study. How clear, explicit and tailormade to the problem the linguistic 
definitions are, is a key component of the proper and successful application of pedigree matrices. A 
total score can be then produced for a given parameter or (sub)model (see Figure 6). This, however, 
requires that the modeler (or the experts) weighs the different criteria of the pedigree matrix, for 
instance by deciding that all criteria are equally important or that some criteria are more important 
than others. Furthermore, when a group of experts is scoring, total scores of each expert can be 
aggregated using the median of the expert respondents’ scores. Interquartile ranges can then be used 
as an indicator of inter-expert heterogeneity (degree of consensus/disagreement in the strength of the 
knowledge base for a given parameter/model). Table 4 provides an example of a typical pedigree 
matrix used to assess the strength of data in a cost assessment of CO2 capture technologies.  

Table 4. Example of a pedigree matrix used in the EDDiCCUT project to assess the 
strength of data input for cost assessment [42]. 

SCORE  Proxy Reliability of source 
Completeness (only 
for equipment list) 

Completeness (all other 
parameters) 

Validation process 

4 
A direct measure 
of the desired 
quality 

Measured/official 
industrial, vendor, 
and/or supplier data3 

Representative data 
for all line items 
(processes, 
instruments, electro, 
civil, mechanical, etc.) 

Complete data from a large 
number of samples over a 
representative period 

Compared with 
independent data 
from similar systems 
that have been built 

3 
Good fit to 
measure 

Qualified estimate by 
industrial expert 
supported by industry 
data 

Representative data 
for all process 
equipment 
(equipment list, heat 
and mass balance, 
PFD) 

Complete data from a large 
number of samples but for 
unrepresentative periods or 
from representative periods 
but for a small number of 
samples 

Compared with 
independent data of 
similar systems that 
have not been built 

2 

Correlated but 
does not 
measure the 
same thing 

Reviewed data 
derived from 
independent open 
literature 

Representative data 
for most important 
process equipment 
(equipment list, heat 
and mass balance, 
PFD) 

Almost complete data but 
from a small number of 
samples or for 
unrepresentative periods or 
incomplete data from 
adequate number of samples 
and periods 

Validation 
measurements are 
not independent, 
include proxy 
variables or have 
limited domain 

1 

Weak correlation 
but 
commonalities in 
measure 

Non-reviewed data 
from open literature 

Data from an 
adequate number of 
process parameters 
eat and mass balance, 
PFD) 

Almost complete data but 
from a small number of 
samples and 
unrepresentative periods 

Weak and indirect 
validation 

0 
Not correlated 
and not clearly 
related 

Non-qualified 
estimate or unknown 
origin 

Only high level or 
incomplete data 
available 

Incomplete data from a small 
number of samples for an 
unrepresentative period 

No validation 
performed 
 

Proxy: refers to how good or close a measure of the quantity that is modelled is to the actual quantity one wants to score. Reliability of 
source: evaluates the origin of the collected data. Completeness: this criterion assesses the coverage of the data, taking into account the 
information reported for process inputs, outputs and associated stressors. It considers not only the amount but also the specific relevance 
of the presented data. Validation: refers to the degree to which data and assumptions used to produce the numeral of the parameter has 
been cross-checked against independent sources. 

 
3 Note that vendor or supplier data was in this example score the highest regarding reliability. This of course 
does not need to be the case, and while carrying out the scoring the modeler (or expert) should take into 
account whether the data comes from an offer or from a performance guarantee in a contract, the letter being 
much more reliable. 



   
 

   
 

 

Results of the pedigree analysis can be combined with those of a sensitivity analysis in a diagnostic 
diagram. The diagnostic diagram (Figure 5) is based on the notion that neither spread alone (as 
obtained from a sensitivity analysis) nor strength alone (as obtained from the pedigree score) is a 
sufficient measure for assessing the quality of a model output. Robustness of model output to 
parameter strength could be good even if parameter strength is low because the importance of that 
parameter for the final results may be minor. Alternatively, robust conclusions can be derived for 
parameters that have large impact on output spread and high parameter strength. Mapping 
components of the knowledge base in a diagnostic diagram thus reveals the weakest spots and helps 
in the setting of priorities for improvement. 

 

Figure 5. Example of a diagnostic diagram for the evaluation of the robustness of the 
model and model parameters. The so-called danger zone is the quadrant containing 
parameters to which the model output is highly sensitive, but which have a weak pedigree, 
i.e., the results are dependent on a parameter that is characterized with a weak knowledge 
base. The safe zones are the two quadrants containing parameters that have a high 
pedigree. Parameters in the zone characterized with weak pedigree-low sensitivity should 
be further examined as the low sensitivity to spread could be caused by the assumptions 
in the knowledge driven by a weak knowledge base.  

When: Pedigree analysis can be used for any process or cost evaluation as it increases transparency in 
the reporting of quality of the data and models used in a given assessment. Such information is 
important for understanding the robustness of model outcomes as well as to facilitate discussion in 
expert groups. Furthermore, the use of, e.g., diagnostic diagrams allows for easier representation of 
the quality and importance of uncertainties. The added value of the approach is especially significant 
for assessments where there is a weak knowledge base. For instance, technology and costs 
assessments of technologies that are currently at low TRL level, for which only partial information is 
available, and significant number of assumptions need to be made regarding performance and scaling. 



   
 

   
 

 Pedigree scores for 
technical input data 

Proxy Empirical basis Theoretical 
understanding 

Methodological 
rigour 

Validation 
process 

SA 2a: H2 unit without CO2 capture 

Feed streams  4   3   4   3   -  

Design parameters  3   3   4   4   3  

Boundary conditions  4   2   4   3   3  

Other physical properties  4   4   4   4   3  

SA 2b: CO2 capture unit 

Feed streams  4   3   4   3   3  

Design parameters  3   2   3   3   2  

Boundary conditions  4   2   4   3   3  

Other physical properties  4   4   4   4   3  

SA 4a: Conventional polyol 

Feed streams  4   3   4   3   -  

Design parameters  3   3   3   2   1  

Boundary conditions  4   2   4   3   3  

Other physical properties  4   3   4   3   1  

SA 4b: CO2-based polyol 

Feed streams  4   3   4   2   -  

Design parameters  3   2   3   2   1  

Boundary conditions  4   2   4   3   3  

Other physical properties   4     2     4     2     0   

 

 

 

 

 

 

 

 

 

 

 



   
 

   
 

Pedigree scores 
for economic 
input data 

Proxy Reliability of 
source 

Completeness (only 
equipment) 

Completeness (other 
parameter) Validation process 

SA 1: Naphtha production and transport 

Capex  - 
  

- 
  

- 
  

- 
  

-  

Opex  4 
  

4 
  

- 
  

3 
  

0  

SA 2a: H2 unit without CO2 capture 

Capex  4 
  

2 
  

2 
  

3 
  

3  

Opex  4 
  

3 
  

- 
  

2 
  

0  

SA 2b: CO2 capture unit 

Capex  4 
  

2 
  

2 
  

3 
  

2  

Opex  4 
  

3 
  

- 
  

2 
  

0  

SA 3: CO2 transport and storage 

Capex  4 
  

2 
  

1 
  

3 
  

1  

Opex  4 
  

2 
  

- 
  

2 
  

1  

SA 4a: Conventional polyol 

Capex  4 
  

2 
  

1 
  

3 
  

1  

Opex  4 
  

3 
  

- 
  

2 
  

0  

SA 4b: CO2-based polyol 

Capex  4 
  

2 
  

1 
  

3 
  

1  

Opex  4 
  

3 
  

- 
  

2 
  

0  

SA 5: Chemicals 

Capex  - 
  

- 
  

- 
  

- 
  

-  

Opex   3     3     -     2     0   

Figure 6. Illustrative example of the use of pedigree analysis. In [42], pedigree matrices 
were used in the evaluation of the techno-economic and environmental performance of 
carbon capture at a hydrogen unit in a refinery combined with CO2 conversion into polyol 
synthesis. As illustrated, the figures above show pedigree matrices for input data (for the 
technical model and the cost assessment). The information is provided at the aggregated 
level of a System Area (each representing group of processes that are part of the value 
chain under study). Note that the criteria selected for each matrix has been tailored to 
each type of assessment, for instance capex and opex when assessing data used for costing, 
and feed streams, design parameters, boundary conditions and other physical properties 
for technical input data. Together with the matrix, the article describes the reasoning 
behind the choice of scores (which was done by the authors). 

3.4.2. Pseudo statistical approach 
What: This approach has been developed in the realm of Life Cycle Assessment (including life cycle 
costing, see e.g., [43]) but it can be applied to other fields including TEA. The methodology aims to 
enable the use of Monte Carlo analysis to assess the propagation of uncertainty and/or variability 



   
 

   
 

introduced by both uncertainties in data and methodological choices into the final results. An example 
of a methodological choice relevant to this guideline is the allocation of the costs of capture when 
more than one valuable product is produced in a given system (e.g., polygeneration systems). The key 
feature of this method (compared to others) is that it explicitly acknowledges large choice related 
uncertainties on top of parameter uncertainties. 

Compared to the natural variability of data, which could be represented through a probability 
distribution, there is not natural variability in a discrete choice (such as allocation). Although the 
methodology treats both data and methodological choices in a similar way, the use of the term 
“pseudo statistical” has the goal of tacitly acknowledging that the use of terminology (e.g. probability, 
statistical) is not entirely suitable for all cases.  

How: To be able to introduce pseudo-statistical propagation of a methodological choice, a variable 
called methodological preference (p) (as percentage) is introduced. If there is only one methodological 
choice, p equals 100%, but if there are different choices (for instance allocating the capture costs based 
on energy (method 1), mass (method 2), price of the products (method 3)) then each choice is assigned 
different p values (each between 0 and 100%), with the condition that the sum of all p values equals 
100%. In this respect, the pseudo statistical approach is very similar to assigning weights in multi 
criteria analysis. As the p values reflect preferences, they are inherently subjective. The methodology 
therefore allows to explicitly include values (preferences) of stakeholders or to include values that 
represent trends found in e.g., literature. Compared to other methods, the main advantage is on 
selecting p values that reflect stakeholder preference or preferences. If literature is used instead, other 
methods could be used (e.g., analysing discrete cases). The methodological values provided by the 
experts define the ranges of methodological preferences, such that for each range one methodological 
choice takes place. The value of a random number from a uniform distribution between 0 and 100 is 
then generated and evaluated for the ranges of preferences. In mathematical terms, this can be 
represented as follows: 

𝑀𝑀𝑀𝑀𝑀𝑀ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 𝑐𝑐ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 =

⎩
⎪
⎨

⎪
⎧

𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑜𝑜𝑜𝑜 1 𝑖𝑖𝑖𝑖 𝑥𝑥 ∈  [0,𝑝𝑝1]
𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑜𝑜𝑜𝑜 2 𝑖𝑖𝑖𝑖 𝑥𝑥 ∈  [𝑝𝑝1,𝑝𝑝1 + 𝑝𝑝2]

𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑜𝑜𝑜𝑜 3 𝑖𝑖𝑖𝑖 𝑥𝑥 ∈  [𝑝𝑝1 + 𝑝𝑝2,𝑝𝑝1 + 𝑝𝑝2 + 𝑝𝑝3]                                      2
…

𝑚𝑚𝑚𝑚𝑚𝑚ℎ𝑜𝑜𝑜𝑜 𝑛𝑛  𝑖𝑖𝑖𝑖 𝑥𝑥 ∈ [𝑝𝑝1 + 𝑝𝑝2 + 𝑝𝑝3 + ⋯+ 𝑝𝑝𝑛𝑛−1, 100]

 

𝑥𝑥~𝑈𝑈 (0,100) 

After the parameters are defined, Monte Carlo analysis can then be used for the random sampling to 
propagate the uncertainty. In the results, the uncertainty introduced by different combinations of 
methodological choices can then be included. This approach accounts in a pseudo-statistical manner 
for a representative sample of combinations of methodological choices.  

When: The method is particularly recommended when a large number of methodological choices are 
required (for instance in process modelling and/or costs assessment) thereby avoiding the need for 
developing one-at the time scenario modelling for choice-related uncertainties, which depending on 
the number of methodological choices in a given analysis, can become easily very time and resource 
intensive. 

3.4.3. Reduced order models for global uncertainty analysis 
What: As mentioned above in section 3.3.2, probabilistic uncertainty and sensitivity analysis comes at 
the expense of many thousands (or more) of model realisations. This may severely hamper their use 
for computationally heavy models, such as most first principles process models, especially when high 
performance computing is unavailable. Therefore, the discipline of global uncertainty analysis has 



   
 

   
 

moved towards the use of reduced order models 𝑔𝑔� (ROMs, also meta-models or surrogate models) as 
a representation of heavy numerical models: 

𝐲𝐲 = 𝑔𝑔(𝐱𝐱) ≈  𝑔𝑔�(𝐱𝐱) = 𝑔𝑔�(𝐯𝐯,𝜽𝜽) 3 

Where, 𝐯𝐯 is a vector of deterministic input parameters and 𝜽𝜽 is a set of stochastic input parameters.  

Different methods of model reduction have been studied and some have found their way to the CCS 
field of research: Hanak and others have used Artificial Neural Network (ANN) models as surrogates 
for full physical calcium looping models, and have used these to perform integrated global uncertainty 
analysis of the economics of calcium looping systems [8], [44]. [45] used Polynomial Chaos Expansion 
(PCE) to produce surrogate models of physical models for CO2 storage well leakage and combined 
those with risk and cost analysis tools to retrieve stochastic integrated leakage risk and cost 
information.  

How: The reduced order model types for global uncertainty analysis vary, but they all rely on the same 
approach: 

1. Run a limited number (typically several hundreds) of realisations of the full physical model, 
with uncertainty and/or variability assigned to its inputs (i.e. running different realisations for 
different combinations of model inputs from predefined parameter ranges). 

2. Fit an analytical (e.g. polynomial, ANN, linear regression) reduced order model based on this 
limited set of model runs. 

3. Perform a full Monte Carlo simulation on the ROM. Given that the ROM is analytical, this 
should take a fraction of the time of a full physical model. 

4. Calculate the sensitivity indicators, either directly/analytically when possible or based on the 
Monte Carlo runs. 

The methods to produce some reduced order models and to calculate sensitivity indicators from their 
probabilistic uncertainty analysis can be quite mathematical and therefore can easily seem daunting 
to the general techno-economic analysis practitioner. But since the basis of these methods is now well 
established, also more accessible, ready to use kind of tools are coming available (see section 5), which 
should open up these methods to a wider audience. 

When: Previous studies have shown that the used reduced order models are very accurate in 
describing the input-output combinations of the original physical model within the specified ranges of 
application [3]. They are therefore very useful when reliable representations of uncertainty and 
variability are necessary to answer what will kind of questions using Monte Carlo simulation, while the 
original model would be too heavy (computationally intensive) to allow this. They are especially helpful 
to perform global sensitivity analysis of heavy models, and to aid in factor priorisation and factor fixing. 
Like with any probabilistic method however, they are best suited for the variability of input 
parameters, and less for real uncertainty, given that there may not be a reasonable basis for probability 
density functions of truly uncertain parameters.  

Tables 5 and 6 and Figure 7 exemplify the use of reduced order models for global sensitivity analysis 
and the calculation of Variance based (Sobol) sensitivity indicators. The example is based on a series 
of papers [46]–[48] in which  surrogate models of an MEA capture plant were built based on  a full 
process model and compared with process data from the National Carbon Capture Center (NCCC) in 
Alabama, USA [49]. Table 5 shows the names of the varied parameters along with sources that contain 
more details of the submodel development and uncertainty quantification. 

 



   
 

   
 

Table 5. List of parameters for MEA model considered in uncertainty analysis 

Parameter Number Parameter Name 
Thermodynamic Model (Aspen Plus names in brackets) [47] 

1 Gibbs energy of formation at infinite dilution (DGAQFM) for MEA+ 
2 Gibbs energy of form. at infinite dilution (DGAQFM) for MEACOO- 
3 Enthalpy of formation at infinite dilution (DHAQFM) for MEA+ 
4 Enthalpy of formation at infinite dilution (DHAQFM) for MEACOO- 
5 Henry parameter A (HENRY/1) for MEA-H2O 
6 Henry parameter B (HENRY/2)  for MEA-H2O 
7 NRTL binary interaction parameter A (NRTL/1) for MEA-H2O 
8 NRTL binary interaction parameter A (NRTL/1) for H2O-MEA 
9 NRTL binary interaction parameter B (NRTL/2) for H2O-MEA 

Holdup Model [48] 
10 HL1 (liquid holdup) 
11 HL2 (liquid holdup) 

Mass Transfer/Interfacial Area Model [48] 
12 A1 (interfacial area) 
13 CL (liquid mass transfer coefficient) 

 

A total of 23 steady-state data sets were generated during the test campaign at NCCC; the propagation 
of uncertainty was demonstrated for three cases in the previous work [49] and for two additional cases 
in this paper. Table 6 shows the key absorber operating variables for the two cases; the case labels are 
consistent with the previous work. 

Table 6. Key operating variables for absorber simulation for two cases 

Variable Case K2 Case K7 
Lean Solvent Mass Flowrate (kg/hr) 11794 11791 

Flue Gas Flowrate (kg/hr) 2243 2233 
Lean Solvent Loading (mol CO2/mol MEA) 0.247 0.399 

Lean Solvent MEA Weight Fraction (g MEA/g [MEA+H2O]) 0.312 0.288 
CO2 Mole Percent in Flue Gas 11.40 9.18 

Percent Capture of CO2 99.49 54.76 
 

The main advantage of developing surrogate models, is the lower computational effort, and therefore 
the ability to calculate variance based sensitivity indicators. In this example, this was done in the 
software platform PSUADE ([50], more information in section 5), which allows to calculate Sobol 
indices [51], which represent a decomposition of variance technique for determining the relative 
influence of each parameter on the model output. The development of the surrogated model required 
1000 runs in Aspen Plus, taking 2-3 hours on a normal desktop machine. Based on these full model 
realisations,  the reduced order model was fitted with Multivariate Adaptive Regression Splines (MARS) 
[52]. This reduced order model was then run to calculate the normalised Sobol indices in Figure 7 for 
the contributions of the parameters listed in Table 5.  

 



   
 

   
 

 

Figure 7. Normalised Sobol indices for contributions of individual parameters for two 
model simulation cases. Points represent mean values and error bars ± 1 standard 
deviation (n=100 replications performed). Parameter numbers are consistent with those 
given in Table 1 

Although the results demonstrate some spread in the values of Sobol indices that results from 
replicating the calculation, the relative importance is shown to be predicted consistently; for both 
cases parameters 5-6 and 8-9 are shown to have the highest effect on the CO2 capture prediction. For 
Case K2, the packing-related parameters (No. 10-13) are shown to have very minimal effect on the 
prediction of CO2 capture. For Case K7, this is not so due to the much higher loading of CO2 in the inlet 
solvent, which results in inefficient absorber operation. Although some of the thermodynamic model 
parameters still have the highest Sobol indices, some of the packing dependent parameters have 
higher values in comparison to Case K2. As a result, the calculated value of CO2 capture percentage is 
not insensitive to the parameterisation of the packing models (mass transfer, interfacial area, 
hydraulics). 

3.5. Strengths, weaknesses and applicability of uncertainty methods to TEA 
The previous sections discussed a selection of uncertainty analysis methods available to the CCS 
techno-economic practitioner aiming to provide basic information on their use. Here, we synthesise 
this discussion into guidelines on choosing from these methods. 

The choice for an uncertainty method depends first and foremost on the purpose of the uncertainty 
analysis. Recall that we divided these into diagnostic, prognostic, or factor prioritisation/factor fixing 
and model testing. Additionally, the choice will depend on such criteria including: 

• The computational cost of running the model and uncertainty analysis 
• The number and type of input factors that need varying 
• The context of the analysis including the audience 

Note that selection criteria will differ for each user, and also depend on the purpose of the uncertainty 
analysis, as well as on their experience. Table 6 summarises the uncertainty analysis methods in terms 
of possible selection criteria and suggests TEA areas to which a method may be more or less applicable, 
while Figure 8 provides a general workflow for selecting uncertainty analysis methods. 

For diagnostic, or “what if” type of questions, local sensitivity analyses often suffice. They present a 
simple and clear picture of how an output might change as a result of varying one, or multiple 
parameters, e.g. how the performance and cost may vary as a result of changes in ambient conditions. 
We recommend the use of one-way or N-way sensitivity analysis, because they provide more 
information (on non-linear responses) than a standard OAT analysis. 

For prognostic, or “what will” type of questions, we strongly recommend global uncertainty methods, 
provided that the input parameter probability can be quantified satisfactorily. If this is not the case, it 



   
 

   
 

is recommended to avoid prognostic analysis altogether, because there is a danger of creating a false 
sense of certainty (i.e., the receiver of the model output will see a carefully compiled probability 
density function, adding to the perception of certainty). However, if the probabilistic output is based 
on a poor description of input uncertainties, the result is still very weak and may be misleading. The 
requirement of quantifiable input PDF’s implies that what will type of questions should preferably only 
be answered for CCS technologies and systems that have reached a certain level of advancement, 
arguably beyond the large pilot plant stage. 

For both diagnostic and prognostic questions, we recommend complementing the quantitative 
uncertainty analysis with a qualitative one, like pedigree analysis. This is especially the case when the 
model and its results are used for policy and/or decision making, because it provides decision makers 
with information on how robust the model results are, which is indispensable for making informed 
decisions. 

In case of factor priorisation or factor fixing, sensitivity analysis is required. In the case of very simple 
(mostly linear) models without many parameter interactions, a local sensitivity method could suffice, 
where it is arguably advisable to go beyond OAT. However, factor prioritisation and fixing are often 
most needed in complex models, in which case a global (probabilistic) sensitivity analysis is essential, 
to also account for second or higher order effects of an input parameter on model output. 

If the purpose of the uncertainty analysis is model testing, we recommend using single (OAT) or 
multiple (NAT) parameter local uncertainty analysis. Preferably, the model is subjected to 
(combinations of) an extreme value of input parameter(s), that should trigger an extreme output (think 
e.g., of an extremely high cost of energy, which should lead to a very high cost of CO2 avoided). 

Finally, for a non-specialist audience and sometimes even for a specialized audience, it is arguably a 
poor idea to show results of uncertainty analysis in very advanced (complex) graphs. To best convey 
the results, simple plots like tornado or spider plots may be more useful than more complex and less 
commonly used visualizations, e.g., scatter clouds.  
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Table 7. Uncertainty analysis selection guide. 2 

Possible selection 
criteria 

OAT sensitivity 
analysis 

One-way 
sensitivity 
analysis 

N-ways 
sensitivity 
analysis 

Global 
uncertainty 
analysis (incl. 
Monte Carlo) 

Pedigree analysis Pseudo statistical 
approach 

Reduced order 
global 
uncertainty 
analysis 

Purpose of 
uncertainty 
analysis 

Understand first 
order relative 
ranking/importa
nce of 
parameters, 
understand 
response to 
extreme input 
values for single 
parameters 
(model testing) 

All of OAT plus 
understand 
break points, 
non-linearities 

All previous plus 
investigates 
interactions and 
response to 
extremes of 
multiple 
parameters 

To quantify the 
probabilistic 
variability/uncert
ainty in the 
knowledge base 
and how that 
impacts an 
outcome. To 
foster an 
understanding of 
the distribution 
of uncertainty 
and/or 
variability. To 
quantify the 
chance of a 
certain event of 
happening. To 
quantify the 
global sensitivity 
to input 
parameters 

To foster an 
understanding of 
the strength of 
the knowledge 
base underlying 
data or a model 

To understand 
the significance 
of value-laden 
choices 
compared to 
parameter 
variation on the 
model outputs. 

To quantify the 
probabilistic 
variability/uncert
ainty of 
computationally 
heavy models in 
our knowledge 
and how that 
impacts an 
outcome. To 
foster an 
understanding of 
the distribution 
of uncertainty 
and/or 
variability. To 
quantify the 
chance of a 
certain event of 
happening. To 
quantify the 
global sensitivity 
to input 
parameters 



   
 

   
 

Relative 
computational 
cost/time 

Low Low Medium Medium - Very 
High 

Not applicable, 
but requires 
substantial time 
for expert 
elicitation 

Medium - Very 
High 

Medium 

Pre-processing 
data  
 

low low Low high medium High High  

Type of 
uncertainty 
method 

quantitative quantitative Quantitative quantitative qualitative qualitative & 
quantitative 

quantitative 

Able to cope with 
interactions 

No No Yes Yes Not applicable  Yes Yes 

Able to cope with 
non-linearity 

No Yes Yes Yes Not applicable Yes Yes 

Target user/ 
reader 

General public General public Depends on 
number of 
investigated 
parameters N 
(the larger the 
number the more 
specialized 
knowledge is 
required to 
interpret the 
results) 

Specialist General public Specialist Specialist 

Prior knowledge 
required on 
parameters to 
conduct the 
assessment 

Low Medium Medium High Understanding 
the knowledge 
base is the goal of 
this type of 
assessment 

High High 



   
 

   
 

Example TEA 
areas applicable 
to 

Linear cost 
models, e.g., 
capital cost factor 
models 

Simple technical 
and cost 
performance 
models without 
strong 
interactions 
between 
parameters, e.g., 
exponent models 
for capital costs 

More complex 
technical and 
cost models 
where there are 
known 
parameter 
interactions and 
non-linearities, 
e.g. rigorous/first 
principle process 
models 

More complex 
technical and 
cost models 
where there is 
enough data to 
make/select 
PDF's, e.g., NPV 
and LCOE models 

Any, particularly 
TEA studies used 
for policy and 
decision making 
and where 
knowledge is 
contested or 
inherently 
limited (low TRL) 

Situations where 
contextual 
choices are 
expected to have 
an impact.  

Highly complex 
and non-linear 
process models 
that are to be 
directly linked 
with economic 
estimates 

Limitations 
(preferably not to 
be used for) 

When strong 
non-linearities 
and interactions 
are expected 

When strong 
interactions 
between 
parameters are 
expected 

When the 
process models 
are 
computationally 
very heavy  

When there is 
too little 
information on 
the shape and 
potential values 
of PDF's.  
When the model 
is 
computationally 
heavy 

When a large set 
of input data 
needs to be 
analysed 

When there is 
too little 
information on 
the shape and 
potential values 
of PDF's. When 
the model is 
computationally 
heavy. When 
there is a limited 
(or non-existing) 
number of value-
laden choices. 

Models that do 
not need 
reduction to 
become 
computationally 
feasible 
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Figure 8. Scheme for initial uncertainty analysis selection guidance. 5 
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4. Advanced uses of uncertainty analysis in CCS TEA 
The previous sections discussed guidelines to select and apply methods for sound uncertainty analysis. 
These methods not only aid the critical analysis of the techno-economic potential of a CCS technology 
but also points towards specific areas that are candidates for further investigation. There are also, 
what can be called, advanced uses of uncertainty analysis, for instance in multi-scale modelling for 
material and system design, design of experimental campaigns in pilot plants that are very expensive, 
design of CCS supply chains, CCS risk and safety analysis and use of existing infrastructure in CCS value 
chain. Two such examples will be discussed here. 

4.1. Using uncertainty analysis for design of experiments 
Bayesian inference is the theoretical foundation upon which intelligent experimental design can be 
leveraged to inform the models used to characterize a process [53]. When model precision is 
considered unacceptably low for a process that needs to be further understood, measures should be 
undertaken to improve understanding of the process [54]. The technique of Bayesian inference, 
coupled with collection of experimental data, provides a means for reduction of model uncertainty, 
and thus refinement in understanding for a process systems application of interest. Sequential Design 
of Experiments (SDoE) is a framework that incorporates uncertainty-based criteria for selection of 
operating conditions for data collection and the use of the data for refining a stochastic process model 
in a cyclical manner. The SDoE procedure was previously summarized in Soepyan et al. [55], and 
demonstrated at pilot scale for a solvent based CO2 capture system in Morgan et al. [56].The SDoE 
process is represented schematically in Figure 9. 

 

Figure 9. Schematic of Bayesian SDoE implemented for pilot plant campaign 

The SDoE methodology requires an initial process model, or a reduced-order surrogate model of the 
process, in which some of the parameters are characterized by probability density functions (PDFs), 
representing the parametric uncertainty. For the example of a solvent-based carbon capture system, 
uncertain parameters may include those related to the physical properties the system, reaction 
kinetics, and mass transfer and hydraulic models for the packing used in absorption and stripping 
columns [46]–[48]. Accurate characterization of mass transfer, interfacial area, and hydraulics, with 
quantified uncertainty, is necessary for representing the rate-based column models with a specific 
packing type. For chemical solvent systems, including the traditional amine-based systems, 
characterization of reaction kinetics is also essential. Physical properties such as viscosity, density, and 
surface tension are independent of packing type, although their uncertainties propagate through the 



 

   
 

mass transfer and interfacial area models, which are dependent upon the property models. However, 
previous work on physical properties uncertainty quantification for the MEA system for the aqueous 
monoethanolamine (MEA) system [46],[47] has demonstrated that the most influential source of 
property model uncertainty is the thermodynamic framework. Accuracy in the thermodynamic 
framework is necessary for characterizing the vapor-liquid equilibrium in column packing, heat of 
absorption, heat capacity, and reaction equilibrium constants for chemical systems. 

The prior distributions on these uncertain parameters represent initial beliefs about the parameters 
before collection of data. At various process conditions covering the full operating space of interest, 
the process model is evaluated stochastically by sampling from the prior distribution of the parameters 
and calculating the model output for each point in the sample. At each process condition, the model 
output calculated from all samples may be used to estimate statistics (e.g. mean, variance, prediction 
intervals) for the model output. For the solvent-based CO2 capture system example, the operating 
space of interest represents feasible combinations of input variables including but not limited to 
solvent flowrate, flue gas flowrate, CO2 loading in solvent, and CO2 concentration in the flue gas. Some 
output variables of interest may include CO2 capture efficiency in the absorber and reboiler duty 
requirement in the stripper [49]. 

Along with the model prediction of uncertainty as a function of the process operating conditions, some 
optimality criteria [57], which are chosen based on specific experimental goals, are used to select a 
subset of the candidate set to be included in a test plan for data collection. For example, If a goal of a 
test campaign is to refine a model by reducing the parametric uncertainty, it may be desirable to collect 
data in operation conditions where the initial predicted uncertainty is relatively high.Experimental data 
are collected according to the test plan, and Bayesian inference is used to estimate posterior 
distributions of the parameters, which represent refined distributions of the parameters conditioned 
on the data observations. The model prediction of uncertainty is updated (generally reduced) as a 
result of refinement in the parameter estimates, and this information is used to determine a new test 
plan for further data collection. This results in the sequential nature of the SDoE process, in which the 
model is refined over multiple iterations. The decisions regarding the amount of data to collect in each 
iteration and the criteria for terminating the SDoE loop are left to the experimenter. In practice, 
however, these decisions may be dictated by limitations in time and money available for pilot-scale 
test campaigns. 

A recent example [58] of SDoE execution for a large pilot-scale test campaign at Norway’s Technology 
Centre Mongstad (TCM) is summarized in the following. In the example here, a Bayesian DoE was 
applied to an MEA baseline test campaign at Technology Centre Mongstad (TCM). Solvent flowrate, 
gas flowrate, and lean loading were variables in the test plan, serving as inputs to pre-existing 
fundamental models which are targeted for refinement using the experimental results. The objective 
of this experimental campaign was to minimize the maximum uncertainty in the operational space 
under consideration. 

Figure 10 below illustrates the results of one DoE iteration for parametric refinement, which results in 
the following computationally projected improvement in the 95% confidence interval width of the 
capture percentage projection. Parameters targeted for refinement in this design of experiments 
related to, among other things, mass transfer characterization which directly affects equipment size 
and thus cost. Therefore, improving our understanding of these parameters also improves cost 
projections. 

 

 



 

   
 

 

 

Figure 10. Example of results from Bayesian SDoE implemented for an MEA pilot plant 
campaign at Technology Centre Mongstad (TCM). The reduction in uncertainty (i.e. 
width of the 95% confidence interval) before and after the campaign is clearly visible. 

4.2. Design of CCS supply chains under uncertainty 
Even though uncertainties can be reduced through technology testing, uncertainties remain an 
inherent and important element of novel systems with limited large-scale industrial experience and 
must be taken into account to enable the design of cost-efficient energy systems [2]. Advanced 
uncertainty quantification approaches, often referred to as ‘design under uncertainty’ in the 
engineering field [59], [60], have been developed to account for uncertainty already during the design 
step to achieve better and more robust designs. In practise, an optimisation layer is added to an 
uncertainty propagation approach, like Monte Carlo simulation, to optimise system variables 
according to one or several targeted objective(s) related to the output distribution of key performance 
indicators (KPIs) as shown in Figure 11. The targeted objective(s) can be of different nature. One may 
want to minimize or maximize the mean value of the probability distribution of a given key 
performance indicator (KPI). Alternatively, one may aim to minimize the uncertainty range of a KPI 
distribution or to limit extreme values to reduce associated risks. 

While design under uncertainty is being more and more considered in engineering approaches [60]–
[62], only few studies have considered such approaches for design of CCS chains or its components. 
Cerillo-Briones and Ricardez-Sandoval [63] investigated the robust design of an absorber column under 
process uncertainties such as flue gas flow and temperature, as well as solvent characteristics. 
Bjerketvedt et al. [64], investigated optimal ship-based CO2 transport considering uncertainties in 
sailing time due to weather conditions, seasonal variations, future fuel cost and risk of ship breakdown. 
Similarly, Knoope et al. [65], investigated the impact of price uncertainties on the decision to 



 

   
 

differentiate or expand investment in a CO2 infrastructure network using real option analysis. 
Meanwhile, Roussanaly et al. [66] performed an extensive study on the impact of technical, economic 
and system uncertainties on the cost and design of CCS from a waste-to-energy plant. 

In the work by Roussanaly et al. [66], one of the considered cases investigated the impact of 
uncertainties on the design and cost of a CCS chain based on solvent CO2 capture and a transport and 
storage infrastructure shared with nearby industries. An optimal design of this chain was developed 
considering two uncertainty scenarios: 1) "internal" uncertainties such as uncertainties in investment 
costs, steam and electricity consumptions; and 2) internal uncertainties combined with uncertainties 
in the amount of CO2 captured from the other nearby industries (referred as "external" uncertainties). 
The evaluation showed that a more robust design could be achieved in the second uncertainties 
scenario through design under uncertainties. A larger pipeline diameter is optimal in the second 
scenario although it results in a CO2 avoidance cost 5 €/tCO2 avoided higher than in the first uncertainty 
scenario. Indeed, the optimal design of the first uncertainty scenario has a probability of 35% that it 
cannot accommodate all the CO2 captured from nearby industries.  

One of the main drawbacks of design under uncertainty is that it requires significantly more 
computational time than deterministic approaches, due to the combination of extensive Monte Carlo 
simulations and the optimisation of multiple variables. Furthermore, a robust modelling of the 
considered system, as well as a good understanding of the potential underlying uncertainties are 
required if meaningful results are to be achieved. Despite these challenges, design under uncertainty 
has shown to provide significant advantages compared to deterministic approaches: enabling cheaper 
designs or designs that can foster a higher value creation, enabling more robust designs, or limiting 
risks associated with expected uncertainties. It is therefore important to note that while design under 
uncertainty modelling approaches can be self-developed, several academic and commercial tools such 
as UQ lab and Oracle Crystal ball also offer this functionality (see also section 5).  

 

Figure 11: Schematic representation of design under uncertainties. The "classical" Monte 
Carlo simulation process is shown in blue while the additional design element is illustrated 
in green. 



 

   
 

5. Available software for uncertainty and sensitivity analysis 
With recent interest in uncertainty analysis from many researchers, engineers and academic 
institutions, various software packages have been developed to perform uncertainty analysis in a 
structured manner. The aim of these tools is to provide more accessible, easy and ready to use 
software and to facilitate the use of uncertainty analysis to a wider audience. However, selecting a 
suitable analysis tool for a specific application is not always straightforward: it requires to understand 
the options’ relative merits, features and performance level. We here try to provide a brief review of 
the current uncertainty analysis tools can be employed in (CCS) TEAs. 

Commercially available tools for uncertainty propagation and sensitivity analysis include Crystal Ball, 
Pallisade’s @RISK [67] and RISK AMP [68]. These three tools are Excel add-in’s, which makes them easy 
to use also to practitioners less versed in programming languages. According to a review by Sugiyama 
[67], Crystal Ball is the easiest to use due to an excellent user guide and reference manuals, and the 
provision of a number of illustrative models [69]. All three packages include local and global sensitivity 
analysis methodologies using post processing of the Monte Carlo simulations. A limitation of using 
excel based software for CCS TEA’s, however, could be the integration with external software such as 
MATLAB, Python, or Aspen, which are often used for the process modelling of CCS technologies (this 
may especially be a limitation for starting TEA practitioners). It should be noted however, that Aspen 
includes the capability to perform local SA for process modelling and techno economics, in addition it 
can be controlled from Excel using the Aspen Simulation Workbook add-in, which then allows the 
possibility to use these excel based UQ software packages. 

In addition to the Excel-based packages, there are number of recently established tools that have 
advanced capabilities in performing probabilistic uncertainty analysis. They include, e.g., surrogate-
modelling methods such as Polynomial Chaos Expansion (PCE) or Bayesian inference with the Markov 
Chain Monte Carlo (MCMC) method4. They also include the calculation of local and global sensitivity 
indicators such as Perturbation, Morris and Sobol indices and facilitate design optimization under 
uncertainty. As a starting point, we name some here that are widely used: the Dakota toolkit is a C/C++ 
based tool developed by Sandia National Laboratories [70]; UQLab is a MATLAB based framework 
developed by the Chair of Risk, Safety and Uncertainty Quantification of ETH Zürich [71]; and FOQUS 
(the Framework for Optimization and Quantification of Uncertainty and Sensitivity), developed by the 
United States Department of Energy’s Carbon Capture Simulation [72], is a Python based framework 
that connects to several flowsheeting software using a graphic user interface the United States 
Department of Energy’s Carbon Capture Simulation [50].  

Among the discussed software above, the Dakota toolkit provides the most extensive range of UQ 
methodologies. It has more functionalities than the other two, including for instance methods for 
quantifying epistemic kinds of uncertainties. It is, however, easy to get lost in all the options it provides 
and may not be the best software for starting TEA practitioners. The fact that it is written in C++ may 
also make it difficult to integrate with TEAs. Although all these tools provide extensive manuals and 
documentation, their use can seem quite daunting, especially if one does not have an advanced 
programming knowledge. In general, the choice of tool can be based on the programming language 
preference and most of the tools provide the advantage of being open source type which allows new 
methods to be added and integrated. For this reason, it is recommended to start with a tool that 
provides the best technical guidance, e.g., through the inclusion of interactive procedures or step-by-

 
4A sampling technique to identify the posterior probability distribution of a parameter once the prior 
probability distribution has been determined. 

 



 

   
 

step checklists. In addition, it is recommended to choose a tool that offers active discussion forums 
among the user community to help the user with methodological or model implementation issues. 
Examples include UQLab and FOQUS. Further guidance on the selection of uncertainty analysis tools 
can be sought for instance through online databases like swMATH. Table 6 summarizes the above 
considerations. 

Table 8. Comparison of available software packages for uncertainty evaluation of (but not 
specific to) CCS techno-economic models. 

Software name Crystal 
Ball 

Palisade Risk AMP Dakota UQLab FOQUS 

Type  Commer
cial 

Commer
cial 

Commer
cial 

Open 
access 

Open 
access 

Open 
access 

OAT, One-way and N-
ways sensitivity analysis 

            

Global uncertainty and 
sensitivity analysis 
(Monte Carlo)  

            

Reduced order global 
uncertainty and 
sensitivity analysis 

X X X       

Direct linking with 
external software (e.g. 
MATLAB, Python) 

X X X       

Linking with Aspen via 
Excel interface  

            

Availability of supporting 
documentation/manual/
training materials 

            

Level of programming 
skills required 

None None None Intermedi
ate 

Intermedi
ate 

Intermedi
ate 

 

6. Conclusions and recommendations 
Proper use of uncertainty analysis in the performance of CCS TEAs can provide more robust 
understanding of technical and cost performance to modelling practitioners as well as policy and 
decision makers. While there is a growing appreciation over the importance of uncertainty evaluation 
to both development of models and reporting of results, it remains the case that they are not always 
evaluated and, when they are, they are often not evaluated using the most appropriate methods. This 
paper provided a critical review of a selection of existing and emerging uncertainty analysis methods 
and provided guidelines on their use. It discussed good practices as well as pitfalls, provided guidance 
on how to select and use methods and pointed to sources of further information when outside the 
scope of this work. It aspires to be a starting point for an audience getting acquainted with CCS TEA, 
or that wishes to improve their (knowledge of) TEAs. 

The review showed that many different methods and approaches to uncertainty analysis exist. We 
emphasised that key to starting any uncertainty analysis is to first thoroughly define its purpose, and 
then to ensure that the most suitable type of uncertainty analysis for that purpose is selected (also in 
relation to the choice of techno-economic model itself). In addition, a good understanding of the 
methods’ strengths and limitations is imperative. Finally, the choice also depends on the existing 



 

   
 

knowledge of the investigated technology and the associated TEA model and its inputs (including 
potential parameter ranges – and possibly probability distribution). 

The simplest method for model diagnostics (“what If” questions), and one that should as a minimum 
be applied (in the first instance), is one-at-a-time sensitivity analysis, but we recommend one-way or 
N-ways sensitivity analysis since most TEAs include non-linearities and parameter interactions. OAT 
has a really very limited use (although it is actually the most used), except in the case of model testing 
to extreme inputs, and also then it is arguably better to test the model to extreme scenarios (i.e., 
combinations of extreme inputs, NAT sensitivity analysis). To address prognostic (“what will”) 
questions, probabilistic methods are most appropriate, but caution must be applied in their use as the 
distribution of results is only as good as the distribution of inputs. If distributions cannot be quantified 
with good confidence, then probabilistic methods are simply not suitable to answer prognostic 
questions (but may still be suitable to answer diagnostic questions). Finally, we highly recommend 
always complementing quantitative uncertainty analysis with qualitative methods, because they 
provide insights into the kinds of uncertainty that are unquantifiable, especially relevant to policy and 
decision making. 

In addition to the classic uses of uncertainty analysis, advanced uses can come to the advantage of TEA 
practitioners and CCS developers. We exemplified that iterative uncertainty analysis can aid the design 
of experimental campaigns by pinpointing regions that need further investigation, allowing the 
experiments to be more efficient and less costly. Another advanced use is in the development of CCS 
infrastructure, where integrating design under uncertainty at the planning stage can enable more 
robust systems. 

The (un)availability of suitable software is something that has hampered (and continues to hamper) 
the use of more advanced uncertainty analysis in CCS TEA. Although possible, it may be difficult for 
starting practitioners to combine Excel-based (and very user friendly) uncertainty analysis add-ins with 
process simulation software like Aspen (although Aspen does allow local sensitivity analysis on techno-
economics within its suite). Further expanding the capabilities of process simulation software to 
include advanced global uncertainty approaches would be very helpful (the gProms software has 
already included this option). For some flowsheeting software, TEA practitioners can link their 
simulations to existing (and quite elaborate) uncertainty quantification tools in MATLAB or other 
programming languages, but this requires substantially more knowledge of, and skill in, programming 
and the software layers underlying process simulation software to make the connection. Easier ways 
to connect different software would be highly desirable. Also, further improvement of the user 
friendliness of existing UQ toolboxes (e.g., by including graphic user interfaces) would aid in the further 
adoption of advanced uncertainty analysis methods. Finally, a key challenge is to fully combine detailed 
technical and cost models, to allow for integrated (instead of piecewise) TEA uncertainty analysis. 

CCS remains a technology that has had so far limited large-scale implementation and therefore 
inherently large uncertainties. Uncertainty analysis has, thus, an important role to play in TEA of CCS 
technologies and systems and there are many opportunities to bring our use of uncertainty analysis to 
a level higher than currently often done. Hopefully, this work inspires the use of the available 
possibilities and the continued development towards robust and meaningful CCS TEAs. 
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Appendix A: mathematical representations of uncertainty analysis 
In OAT sensitivity analysis, the model output vector 𝐲𝐲 is only evaluated against a minimum and 
maximum value of a input parameter xi. It assumes a base case vector of input parameters 𝒙𝒙𝟎𝟎 and a 
sensitivity perturbation (min/max, the plus/minus 10%) of the input parameters 𝒙𝒙+. The difference 
between the base case and the sensitivity case is then ∆+𝒙𝒙 = 𝒙𝒙+ −  𝒙𝒙𝟎𝟎 Δ+. The output of the sensitivity 
analysis is the delta between 𝑦𝑦𝑖𝑖+ and 𝑦𝑦𝑖𝑖+0: 

∆𝑖𝑖+𝑦𝑦 = 𝑔𝑔�𝑥𝑥𝑖𝑖 + ∆𝑥𝑥𝑖𝑖+,𝐱𝐱~𝑖𝑖
0 � − 𝑔𝑔(𝐱𝐱0) A1 

Where 𝐱𝐱~𝑖𝑖
0  is the vector of all inputs other than i (i.e., the inputs that are kept constant). A one-way 

sensitivity function ℎ𝑖𝑖(𝑥𝑥𝑖𝑖) can be defined as 

ℎ𝑖𝑖(𝑥𝑥𝑖𝑖) = 𝑔𝑔(𝑥𝑥𝑖𝑖;  𝒙𝒙~𝑖𝑖
0 ) A2 

A typical representation of one-way sensitivity analysis is by so-called spider-plots, where the 
sensitivity of the output values is plotted against changes in the vector of input values. To plot the 
changes to all input parameters in one graph, they need to be normalised (calculated as a percentage 
deviation) according to the function 

ℎ𝑖𝑖∗(𝑥𝑥𝑖𝑖) =  ℎ𝑖𝑖(𝑥𝑥𝑖𝑖) − 𝑔𝑔(𝒙𝒙𝑜𝑜) =  𝑔𝑔�𝑥𝑥𝑖𝑖;  𝒙𝒙~𝑖𝑖
0 � − 𝑔𝑔(𝒙𝒙𝑜𝑜) A3 

 

  



 

   
 

Appendix B: Guideline for the characterization of probability density 
functions by Hawer et al. 
 

 

Figure B1: Guideline for the classification and quantification of uncertainty, based on 
Hawer et al. [37]. UV is short for Uncertain Variable; the numbers in the boxes refer to 
the original numbering by Hawer et al, of which we used a subset. 



 

   
 

References 
[1] M. van der Spek, A. Ramirez, and A. Faaij, “Improving uncertainty evaluation of process 

models by using pedigree analysis. A case study on CO2 capture with monoethanolamine,” 
Comput. Chem. Eng., vol. 85, pp. 1–15, 2016. 

[2] E. S. Rubin, “Understanding the pitfalls of CCS cost estimates,” Int. J. Greenh. Gas Control, vol. 
10, pp. 181–190, 2012. 

[3] D. Harenberg, S. Marelli, B. Sudret, and V. Winschel, “Uncertainty Quantification and Global 
Sensitivity Analysis for Economic Models,” SSRN Electron. J., pp. 1–49, 2017. 

[4] E. Borgonovo and E. Plischke, “Sensitivity analysis: A review of recent advances,” Eur. J. Oper. 
Res., vol. 248, no. 3, pp. 869–887, 2016. 

[5] M. V. Pohjola, P. Pohjola, M. Tainio, and J. T. Tuomisto, “Perspectives to performance of 
environment and health assessments and models - from outputs to outcomes?,” Int. J. 
Environ. Res. Public Health, vol. 10, pp. 2621–2642, 2013. 

[6] A. Raksajati, M. T. Ho, and D. E. Wiley, “Comparison of Solvent Development Options for 
Capture of CO2 from Flue Gases,” Ind. Eng. Chem. Res., vol. 57, pp. 6746–6758, 2018. 

[7] M. van der Spek, E. Sanchez Fernandez, N. H. Eldrup, R. Skagestad, A. Ramirez, and A. Faaij, 
“Unravelling uncertainty and variability in early stage techno-economic assessments of carbon 
capture technologies,” Int. J. Greenh. Gas Control, vol. 56, pp. 221–236, 2017. 

[8] D. P. Hanak and V. Manovic, “Economic feasibility of calcium looping under uncertainty,” 
Appl. Energy, vol. 208, pp. 691–702, 2017. 

[9] E. S. Rubin et al., “A proposed methodology for CO2 capture and storage cost estimates,” Int. 
J. Greenh. Gas Control, vol. 17, pp. 488–503, 2013. 

[10] M. van der Spek and A. Ramirez, “A Structured Approach for Selecting Carbon Capture 
Process Models. A Case Study on Monoethanolamine,” Energy Procedia, vol. 63, pp. 1287–
1295, 2014. 

[11] N. Razi, H. F. Svendsen, and O. Bolland, “Assessment of mass transfer correlations in rate-
based modeling of a large-scale CO2 capture with MEA,” Int. J. Greenh. Gas Control, vol. 26, 
pp. 93–108, 2014. 

[12] P. L. Fosbøl et al., “Benchmarking and comparing first and second generation post combustion 
CO2 capture technologies,” in Energy Procedia, 2014. 

[13] DOE/NETL, “Quality guidelines for energy system studies Performing a Techno-economic 
Analysis for Power Generation Plants,” Pittsburgh, PA, 2015. 

[14] Cesar, “Deliverable D2.4.3. European Best Practice Guidelines for Assessment of CO2 Capture 
Technologies,” Delft, 2011. 

[15] IEAGHG, “Effects of Plant Location on the Costs of CO2 Capture. Technical Report 2018-04,” 
Cheltenham, 2018. 

[16] IEAGHG, “CO2 Capture in Natural Gas Production by Adsorption Processes for CO2 Storage, 
EOR and EGR. Technical Report 2017/04,” Cheltenham, 2017. 

[17] IEAGHG, “Techno - Economic Evaluation of SMR Based Standalone (Merchant) Hydrogen Plant 
with CCS, 2017/02,” Cheltenham, 2017. 

[18] IEAGHG, “Criteria for Technical and Economic Assessment of Plants With Low CO₂ Emissions,” 



 

   
 

Cheltenham, 2009. 

[19] IEAGHG, “Cost of CO2 capture in the industrial sector: cement and iron and steel industries. 
Technical report 2018-03,” Cheltenham, 2018. 

[20] ZEP, “The Costs of CO2 Capture. Post-demonstration CCS in the EU,” Brussels, 2011. 

[21] ZEP, “The Costs of CO2 Transport. Post-demonstration CCS in the EU,” Brussels, 2011. 

[22] ZEP, “The Costs of CO2 Storage. Post-demonstration CCS in the EU,” Brussels, 2011. 

[23] J. C. Ascough, H. R. Maier, J. K. Ravalico, and M. W. Strudley, “Future research challenges for 
incorporation of uncertainty in environmental and ecological decision-making,” Ecological 
Modelling. 2008. 

[24] K. Sigel, B. Klauer, and C. Pahl-Wostl, “Conceptualising uncertainty in environmental decision-
making: The example of the EU water framework directive,” Ecol. Econ., vol. 69, pp. 502–510, 
2009. 

[25] W. E. Walker et al., “Defining Uncertainty: A Conceptual Basis for Uncertainty Management in 
Model-Based Decision Support,” Integr. Assess., 2003. 

[26] A. B. Knol, A. C. Petersen, J. P. van der Sluijs, and E. Lebret, “Dealing with uncertainties in 
environmental burden of disease assessment,” Environ. Heal., 2009. 

[27] J. P. Van Der Sluijs, M. Craye, S. Funtowicz, P. Kloprogge, J. Ravetz, and J. Risbey, “Combining 
Quantitative and Qualitative Measures of Uncertainty in Model-Based Environmental 
Assessment: The NUSAP System,” Risk Anal., vol. 25, no. 2, pp. 481–492, 2005. 

[28] A. Saltelli et al., Global sensitivity analysis. The Primer. Chichester: John Wiley & Sons Ltd., 
2008. 

[29] E. S. Rubin, “Improving Cost Estimates for Advanced Low-Carbon Power Plants,” Int. J. Greenh. 
Gas Control, vol. 88, pp. 1–9, 2019. 

[30] A. Saltelli, S. Tarantola, F. Campolongo, and M. Ratto, Sensitivity Analysis. Chichester: John 
Wiley & Sons Ltd., 2004. 

[31] B. Sudret, “Global sensitivity analysis using polynomial chaos expansions,” Reliab. Eng. Syst. 
Saf., vol. 93, no. 7, pp. 964–979, 2008. 

[32] IEA, “Energy Technology Perspectives 2014,” Paris, 2014. 

[33] M. van der Spek, A. Ramirez, and A. Faaij, “Challenges and uncertainties of ex ante techno-
economic analysis of low TRL CO2 capture technology: Lessons from a case study of an NGCC 
with exhaust gas recycle and electric swing adsorption,” Appl. Energy, vol. 208, pp. 920–934, 
2017. 

[34] S. Roussanaly, A. L. Brunsvold, and E. S. Hognes, “Benchmarking of CO2 transport 
technologies: Part II - Offshore pipeline and shipping to an offshore site,” Int. J. Greenh. Gas 
Control, vol. 28, pp. 283–299, 2014. 

[35] T. Mikunda, J. Van Deurzen, A. Seebregts, K. Kerssemakers, M. Tetteroo, and L. Buit, “Towards 
a CO2 infrastructure in North-Western Europe: Legalities, costs and organizational aspects,” 
Energy Procedia, vol. 4, pp. 2409–2416, 2011. 

[36] H. Zhai and E. S. Rubin, “Comparative performance and cost assessments of coal- and natural-
gas-fired power plants under a CO2 emission performance standard regulation,” Energy and 
Fuels, vol. 27, no. 8, pp. 4290–4301, 2013. 



 

   
 

[37] S. Hawer, A. Schönmann, and G. Reinhart, “Guideline for the Classification and Modelling of 
Uncertainty and Fuzziness,” Procedia CIRP, vol. 67, pp. 52–57, 2018. 

[38] S. Mishra and A. Datta-Gupta, “Uncertainty Quantification,” in Applied Statistical Modeling 
and Data Analytics: A Practical Guide for the Petroleum Geosciences, Elsevier, 2018. 

[39] M. G. Morgan, M. Henrion, and M. Small, Uncertainty: a guide to dealing with uncertainty in 
quantitative risk and policy analysis. Cambridge University Press, 1990. 

[40] J. P. C. Kleijnen, Design and Analysis of Simulation Experiments (International Series in 
Operations Research & Management Science), 2nd ed. Heidelberg: Springer, 2010. 

[41] J. Ravetz and S. Funtowicz, Uncertainty and quality in science for policy. Wolters Kluwer, 1990. 

[42] C. Fernández-Dacosta et al., “Prospective techno-economic and environmental assessment of 
carbon capture at a refinery and CO2 utilisation in polyol synthesis,” J. CO2 Util., vol. 21, pp. 
405–422, 2017. 

[43] A. Mendoza Beltran, R. Heijungs, J. Guinée, and A. Tukker, “A pseudo-statistical approach to 
treat choice uncertainty: the example of partitioning allocation methods,” Int. J. Life Cycle 
Assess., vol. 21, no. 2, pp. 252–264, 2016. 

[44] M. Bailera, D. P. Hanak, P. Lisbona, and L. M. Romeo, “Techno-economic feasibility of power 
to gas–oxy-fuel boiler hybrid system under uncertainty,” Int. J. Hydrogen Energy, vol. 44, no. 
19, pp. 9505–9516, 2018. 

[45] A. Y. Sun, H. Jeong, A. González-Nicolás, and T. C. Templeton, “Metamodeling-based approach 
for risk assessment and cost estimation: Application to geological carbon sequestration 
planning,” Comput. Geosci., vol. 113, pp. 70–80, 2018. 

[46] J. C. Morgan, D. Bhattacharyya, C. Tong, and D. C. Miller, “Uncertainty quantification of 
process mods: methodology and its applications to CO2-loaded aqueous MEA solutions,” 
AIChE J., vol. 61, no. 6, pp. 1822–1839, 2015. 

[47] J. C. Morgan, A. S. Chinen, B. Omell, D. Bhattacharyya, C. Tong, and D. C. Miller, 
“Thermodynamic modeling and uncertainty quantification for CO2-loaded aqueous MEA 
solutions,” Chem. Eng. Sci., vol. 168, pp. 309–324, 2017. 

[48] A. S. Chinen, J. C. Morgan, B. Omell, D. Bhattacharyya, C. Tong, and D. C. Miller, “Development 
of a Rigorous Modeling Framework for Solvent-Based CO2 Capture. Part 1. Hydraulic and 
Mass Transfer Models and Their Uncertainty Quantification,” Ind. Eng. Chem. Res., vol. 57, pp. 
10448–10463, 2018. 

[49] J. Morgan et al., “Development of a Rigorous Modeling Framework for Solvent-Based CO2 
Capture. Part 2: Steady-State Validation and Uncertainty Quantification with Pilot Plant Data,” 
Ind. Eng. Chem. Res., vol. 57, pp. 10464–10481, 2018. 

[50] C. H. Tong, “PSUADE Reference Manual (Version 1.7).” Lawrence Livermore National 
Laboratory, Livermore, CA. 

[51] I. M. Sobol, “Global sensitivity indices for nonlinear mathematical models and their Monte 
Carlo estimates,” Math. Comput. Simul., vol. 55, no. 1–3, pp. 271–280, 2001. 

[52] J. H. Friedman, “Multivariate Adaptive Regression Splines,” Ann. Stat., vol. 19, no. 1, pp. 1–67, 
2013. 

[53] K. Chaloner and I. Verdinelli, “Bayesian Experimental Design: A Review,” Stat. Sci., vol. 10, no. 
3, pp. 273–304, 1995. 



 

   
 

[54] G. Kimaev and L. A. Ricardez-Sandoval, “Multilevel Monte Carlo applied to chemical 
engineering systems subject to uncertainty,” AIChE J., vol. 64, no. 5, pp. 1651–1661, 2018. 

[55] F. B. Soepyan et al., “Sequential Design of Experiments to Maximize Learning from Carbon 
Capture Pilot Testing,” Comput. Aided Chem. Eng., vol. 44, pp. 283–288, 2018. 

[56] J. C. Morgan et al., “Development of a framework for sequential Bayesian design of 
experiments: Application to a pilot-scale solvent-based CO2 capture process,” Appl. Energy, 
vol. 262, p. 114533, 2020. 

[57] R. H. Myers, D. C. Montgomery, and C. M. Anderson-Cook, “Practical Design Optimality,” in 
Response Surface Methodology: Process and Product Optimization using Designed 
Experiments, 4th ed., New York: Wiley, 2016, pp. 467–474. 

[58] J. C. Morgan et al., “Application of Sequential Design of Experiments (SDoE) to a Pilot-Scale 
MEA-Based CO2 Capture Process,” in The 10th Trondheim Conference on CO2 Capture, 
Transport, and Storage, 2019. 

[59] J. Maußner and H. Freund, “Multi-objective reactor design under uncertainty: A 
decomposition approach based on cubature rules,” Chem. Eng. Sci., vol. 212, p. 115304, 2019. 

[60] K. L. Wang, J. Chen, L. Xie, and H. Su, “Decision making scheme of integration design and 
control under uncertainty for enhancing the economic performance of chemical processes 
with multiplicity behaviors,” Chem. Eng. Res. Des., vol. 150, no. 2013, pp. 327–340, 2019. 

[61] H. Khajuria and E. N. Pistikopoulos, “Pyrolysis of Heavy Oil in the Presence of Supercritical 
Water: The Reaction Kinetics in Different Phases,” AICHE J., vol. 61, no. 3, pp. 857–866, 2015. 

[62] B. H. Gebreslassie, G. Guillén-Gosálbez, L. Jiménez, and D. Boer, “Economic performance 
optimization of an absorption cooling system under uncertainty,” Appl. Therm. Eng., vol. 29, 
no. 17–18, pp. 3491–3500, 2009. 

[63] I. M. Cerrillo-Briones and L. A. Ricardez-Sandoval, “Robust optimization of a post-combustion 
CO2 capture absorber column under process uncertainty,” Chem. Eng. Res. Des., vol. 144, pp. 
386–396, 2019. 

[64] V. Bjerketvedt, A. Tomasgaard, and S. Roussanaly, “Optimal design and cost of ship-based CO2 
transport under uncertainties and fluctuations,” 2020. 

[65] M. M. J. Knoope, A. Ramírez, and A. P. C. Faaij, “The influence of uncertainty in the 
development of a CO2 infrastructure network,” Appl. Energy, vol. 158, pp. 332–347, 2015. 

[66] S. Roussanaly, J. A. Ouassou, R. Anantharaman, and M. Haaf, “Impact of uncertainties on the 
design and cost of CCS from a waste-to-energy plant,” Front. Energy Res., vol. 8, no. February, 
2020. 

[67] S. Sugiyama, “Monte carlo simulation/risk analysis on a spreadsheet: review of three software 
packages,” Foresight, no. 9, pp. 36–42, 2008. 

[68] Structured Data LLC, “RiskAMP User Guide. User Guide for the RiskAMP Monte Carlo Add-in,” 
2012. 

[69] J. Charnes, Financial Modeling with Crystal Ball and Excel. Hoboken: John Wiley & Sons Ltd., 
2007. 

[70] L. Swiler, “Approaches for representing and propagating uncertainty that will be useful for 
multi-scale modeling,” in SNL-GT materials workshop, 2016. 

[71] S. Marelli and B. Sudret, “UQLab: a framework for Uncertainty Quantification in Matlab,” in 



 

   
 

Vulnerability, Uncertainty, and Risk @ASCE 2014, 2014, pp. 2554–2563. 

[72] D. C. Miller, B. Ng, J. Eslick, C. Tong, and Y. Chen, Advanced computational tools for 
optimization and uncertainty quantification of carbon capture processes, vol. 34, no. 1. 
Elsevier, 2014. 

[73] C. J. Roy and W. L. Oberkampf, “A comprehensive framework for verification, validation, and 
uncertainty quantification in scientific computing,” Comput. Methods Appl. Mech. Eng., vol. 
200, no. 25–28, pp. 2131–2144, 2011. 

[74] L. P. Swiler, T. L. Paez, R. L. Mayes, and M. S. Eldred, “Epistemic Uncertainty in the Calculation 
of Margins,” in 50th AIAA/ASME/ASCE/AHS/ASC Structures, Structural Dynamics, and 
Materials Conference, 2009, pp. 1–19. 

 


	1. Introduction
	2. Scope and background
	2.1. Audience for this paper
	2.2. Types of techno-economic analyses and candidate parameter categories for uncertainty analysis
	2.3. What do the existing TEA guidelines say about uncertainty assessment?

	3. Uncertainty analysis
	3.1. Definitions of uncertainty analysis
	3.2. Purposes of uncertainty analysis
	3.3. Established uncertainty analysis methods
	3.3.1. Sensitivity analysis
	Local sensitivity analysis
	Common pitfalls in (local) sensitivity analysis

	3.3.2. Probabilistic uncertainty analysis
	Common pitfalls in probabilistic uncertainty analysis

	3.3.3 Recommended practices for sensitivity analysis and probabilistic uncertainty analysis

	3.4. Emerging uncertainty methods
	3.4.1. Complementary analysis of qualitative uncertainties with pedigree analysis
	3.4.2. Pseudo statistical approach
	3.4.3. Reduced order models for global uncertainty analysis

	3.5. Strengths, weaknesses and applicability of uncertainty methods to TEA

	4. Advanced uses of uncertainty analysis in CCS TEA
	4.1. Using uncertainty analysis for design of experiments
	4.2. Design of CCS supply chains under uncertainty

	5. Available software for uncertainty and sensitivity analysis
	6. Conclusions and recommendations
	Acknowledgements
	Appendix A: mathematical representations of uncertainty analysis
	Appendix B: Guideline for the characterization of probability density functions by Hawer et al.
	References

