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Zusammenfassung

Die Reduktion der CO,-Emissionen erfordert neben anderen Strategien auch die Ab-
scheidung von Kohlenstoffdioxid in groflem Mafistab. Die Suche nach optimalen Tech-
nologien zur Kohlenstoffabscheidung ist ein multikriterielles Problem, an dem verschie-
dene Interessengruppen beteiligt sind. Heutzutage erfolgt die Entwicklung dieser Tech-
nologien in einem sequenzieller Ansatz, bei dem sich Chemiker zunéchst auf das Design
des Adsorptionsmaterials und Ingenieure anschlieffend auf die Suche nach dem opti-
malen Trennprozess konzentrieren. Diese Kombination aus entwickeltem Material und
Trennprozess soll aber schliesslich in einem Maf3stab betrieben werden, der erhebliche
Auswirkungen auf die Wirtschaft und die Umwelt hat. Um diese Auswirkungen zu ver-
stehen, miissen Faktoren wie die Treibhausgasemissionen wéahrend der Lebensdauer
der Anlage analysiert werden, was tiberlicherweise den letzten Schritt der Entwicklung
darstellt. In diesem Projekt haben wir die PrISMa-Plattform (Process-Informed design of
tailor-made Sorbent Materials) entwickelt, die Materialauswahl, Prozessdesign, Techno-
Okonomische Analyse und Lebenszyklusanalyse nahtlos miteinander verbindet. In der
PrISMa-Platform kénnen die Benutzer auf einfache Weise eine umfassende Fallstudie de-
finieren. Bei dieser Definition werden Schliisselelemente wie die gewtinschte CO, Quelle,
CO,, Senke, Abscheidungstechnologie, verfiigbare Versorgungssysteme, sowie die geo-
graphische Region ausgewahlt und kombiniert. Nach dieser Definition ermoglicht die
Plattform den Nutzern, die Leistungsfihigkeit von Adsorptionsmaterialien aus simulier-
ten oder experimentellen Datenbanken zu bewerten. Diese Bewertung erfolgt durch ein
Hochdurchsatz-Screening, das ca. 50 relevante Leistungsindikatoren umfasst. Diese Lei-
stungsindikatoren bieten einen robusten Rahmen fiir die systematische Analyse und den
Vergleich der Effizienz von Adsorptionsmaterialien fiir die Kohlenstoffabscheidung.

In diesem Bericht vergleichen wir tiber sechzig Fallstudien, in denen CO,, aus drei
verschiedenen Quellen in finf Weltregionen mit unterschiedlichen Abscheidungstechno-
logien abgeschieden wird. Diese Studien veranschaulichen, wie die Plattform gleichzeitig
alle Interessensvertreter informiert: Sie ermittelt die kostenglinstigste Technologie und
die optimale Prozesskonfiguration, zeigt die molekularen Eigenschaften der leistungsfa-
higsten Materialien auf, bestimmt die besten Standorte und informiert tiber den Gewinn
fiir das Klima und potenzielle weitere Umweltauswirkungen. In der Schweiz erdffnet ins-
besondere der saubere Strom-Mix Chancen und reduziert die Netto CO, Vermeidungs-
kosten. Unsere Plattform bringt alle Interessensvertreter in einem frithen Forschungs-
stadium zusammen, was fiir die Beschleunigung von Innovationen in einer Zeit, in der
diese am dringendsten benétigt werden, von wesentlicher Bedeutung ist. Der modulare
Aufbau der PriSMa-Plattform ermdglicht die einfache Integration weiterer CO,-Quellen,
CO,-Senken und Regionen, um das volle Potenzial fir alle Interessengruppen auszu-
schopfen.
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Reésumeé

La réduction des émissions de CO,, nécessite de toute urgence la capture de dioxyde
de carbone a grande échelle, parmi d’autres stratégies. La recherche de technologies op-
timales est un probléme a objectifs multiples impliquant diverses parties prenantes. Au-
jourd’hui, la recherche sur ces technologies suit une approche séquentielle, les chimistes
se concentrant d’abord sur la conception des matériaux et les ingénieurs recherchant en-
suite le processus optimal. Cette combinaison de matériaux et de processus fonctionne
finalement a une échelle qui a un impact significatif sur I'économie et I'environnement.
Pour comprendre ces impacts, il faut analyser des facteurs tels que les émissions de gaz a
effet de serre pendant la durée de vie de I'usine de capture, ce qui constitue maintenant
I'une des derniéres étapes. Dans le cadre de ce projet, nous avons développé la plate-
forme PrISMa (Process-Informed design of tailor-made Sorbent Materials), qui relie de
maniére transparente les matériaux, la conception des processus, la techno-économie et
I’évaluation du cycle de vie. En utilisant la plateforme PrISMa, les utilisateurs et utilisa-
trices ont la possibilité de définir facilement une étude de cas compléte. Cette définition
inclut la spécification d’éléments clés tels que la source de CO,, la destination du CO,, la
technologie de capture choisie, les infrastructures disponibles et la région géographique.
Une fois ces éléments définis, la plateforme permet aux utilisateurs et utilisatrices d’éva-
luer les capacité des matériaux issus de bases de données simulées ou expérimentales.
Cette évaluation est réalisée a 'aide d’'un cadre de sélection a haut débit qui incorpore
environ 50 indicateurs clés de performance. Ces indicateurs fournissent un cadre solide
pour analyser et comparer systématiquement 'efficacité des matériaux adsorbants pour
la capture du carbone.

Nous comparons plus de soixante €tudes de cas dans lesquelles CO,, est capturé a
partir de différentes sources dans cinq régions du monde avec différentes technologies.
Ces études illustrent la maniére dont la plateforme informe simultanément toutes les
parties prenantes : identification de la technologie la moins chére et de la configuration
optimale du procédé, révélation des caractéristiques moléculaires des matériaux les plus
performants, détermination des meilleurs emplacements et apport d’informations sur
les avantages pour le climat et les effets potentiels sur I'environnement. En Suisse, les
faibles émissions dues au réseau électrique ouvrent des perspectives et réduisent les
couts nets d’évitement du carbone. Notre plateforme réunit toutes les parties prenantes
a un stade précoce de la recherche, ce qui est essentiel pour accélérer les innovations
au moment ou elles sont le plus nécessaires. La structure modulaire de la plateforme
PrISMa permet d’'intégrer facilement d’autres sources et puits de CO,, ainsi que d’autres
régions d’intérét, afin d’exploiter pleinement le potentiel de toutes les parties prenantes.
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Summary

Reducing CO, emissions requires urgently large-scale capture of carbon dioxide, among
other strategies. The quest for optimum technologies is a multi-objective problem in-
volving various stakeholders. Today’s research of these technologies follows a sequen-
tial approach, with chemists focusing first on material design and engineers subse-
quently seeking the optimal process. Eventually, this combination of materials and
processes operates at a scale that significantly impacts the economy and the environ-
ment. Understanding these impacts requires analyzing factors such as greenhouse gas
emissions over the lifetime of the capture plant, which now constitutes one of the final
steps. In this project, we have developed the PrISMa (Process-Informed design of tailor-
made Sorbent Materials) platform, which seamlessly connects materials, process design,
techno-economics, and life-cycle assessment. In the PriISMa platform, users have the ca-
pability to easily define a comprehensive case study. This definition includes specifying
key elements such as the CO, source, the destination for the CO,, the chosen capture
technology, available utilities, and the geographical region of interest. Following this
setup, the platform empowers users to evaluate the performance of sorbent materials
drawn from either simulated or experimental databases. This assessment is conducted
through a high-throughput screening framework that incorporates ca. 50 relevant Key
Performance Indicators (KPIs). These KPIs provide a robust framework for systematically
analyzing and comparing the effectiveness of sorbent materials for carbon capture.

In this project, we compare over sixty case studies in which CO, is captured from three
CO,, sources in five world regions with three capture technologies. These studies illus-
trate how the platform simultaneously informs all stakeholders: identifying the cheapest
technology and optimal process configuration, revealing the molecular characteristics of
top-performing materials, determining the best locations, and informing on the benefit
for the climate and potential further environmental impacts. In Switzerland, the clean
electricity mix, in particular, opens up opportunities and reduces net carbon avoidance
costs. Our platform brings together all stakeholders at an early stage of research, which
is essential to accelerate innovations at a time when this is most needed. The modular
structure of the PrISMa platform enables easy integration of further CO, sources, CO,
sinks, and regions of interest to exploit the full potential for all stakeholder perspectives.
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Main findings

The unique feature of the PrISMa platform is that we can look at the carbon capture
from various perspectives. Hence, for each stakeholder, we have different take-home
messages:

The Chemist: Finding the optimal material is not a simple one-dimensional optimiza-
tion. A material with the highest selectivity is not necessarily the best material.
Many factors play a role, and understanding each requires detailed knowledge of
the process design, the economics, and the life cycle assessment. To carry out fun-
damental research, these factors are less relevant. However, if one aims to use these
materials in a large-scale carbon capture application, ultimately, it is important to
have insights into these factors early in the research. We demonstrate this feature
by extracting key properties of promising materials, which could serve as target for
material developers, an area where Switzerland hosts a vibrant community.

The Engineer: The conventional approach is to design a process given one or two com-
mercially available materials. The PriSMa platform allows the Engineer to integrate
materials selection and process design optimally. In addition, the modular platform
allows us to assess the impact of changes in the process configuration or utility sup-
ply. Thereby, the engineer can easily identify the optimal process configuration for
each CO,, source or utility system for each country. This feature is particularly
interesting for Swiss actors, where the green electricity grid mix provides interest-
ing options for the energy supply, e.g., heat pumps or electricity boilers instead of
natural gas boilers.

The Environmental Manager: In the conventional approach of process development,
the assessment of the environmental impacts is often the last phase of a project.
In the PrISMa platform, the life cycle assessment is an integral part of the devel-
opment. The Environmental Manager can use the platform to systematically inves-
tigate the impact of changes in materials or process configuration on a large set
of KPIs related to the environment. In particular, the platform allows the Environ-
mental Manager to flag potential issues for specific metals used in the adsorbent
materials or country-dependent regulations early in the process design. In this way,
the platform could also support Swiss policy making by resolving the potential role
of CCS.

The Investor: Insights on factors that contribute the most to the cost of carbon capture
are important from an investor’s perspective. In particular, knowledge of how the
local costs of energy impact investment decisions is crucial. Also, the question
arises of whether to invest in developing adsorption-based technologies. The PrISMa
platform shows that significant gains can be obtained for sources that have a high
CO,, concentration. For instance, Switzerland exhibits the highest Carbon Capture
Cost among the investigated countries due to elevated capital and operating costs.
However, these costs are partially or fully offset in the Net Carbon Avoidance Cost
by Switzerland’s low-carbon-intensity electricity grid, resulting in reduced climate
change impacts from plant operations.
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Abbreviations

Acronyms

AiiDA Automated Interactive Infrastructure and Database for Computational Sci-
ence.

APOS at the Point of Substitution.

AS Adsorption Step.

BAT Best Available Technology.

BEIS Department for Business, Energy and Industrial Strategy of the UK govern-
ment.

CAC Carbon Avoidance Cost.

CAPEX Capital Expenditure.

CC Climate Change.

ccc Carbon Capture Cost.

CCUSs Carbon Capture, Utilization, and Storage.

COF Covalent Organic Framework.

COP Coefficient of Performance.

CoRE-MOF Computation-Ready Experimental MOF.

CSs Cooling Step.

CSD Cambridge Structural Database.

CSS Cyclic Steady state.

DCF Discount cash flow rate.

DDEC Density Derived Electrostatic and Chemical net atomic charges.

DFT Density Functional Theory.

DMA Dimethylacetamide.

DMF Dimethylformamide.

EA Euro Area.

EBTF European Benchmarking Task Force.

EDSL Extended Dual Site Langmuir.

EPC Engineering, Procurement and Construction.

FeOs Framework for Equations of State and Classical Density Functional Theory.

FG Foreground data.

FOB Free-On-Board.

GCMC Grand-Canonical Monte Carlo.

GWP Global Warming Potential.

HICP Harmonised Index of Consumer Prices.

HS Heating Step.

IAST Ideal Adsorbed Solution Theory.
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IHS Intermediate Heating Step.

KPI Key Performance Indicator.

KPIs Key Performance Indicators.

LCA Life Cycle Assessment.

LCI Life Cycle Inventory.

LCIA Life Cycle Impact Assessment.
LCoC Levelised Cost of Capture.

LCOE Levelised Cost of Electricity.

LLE liquid-liquid-equilibrium.

LM Labour and Materials.

MEA Mono-Ethanol-Amine.

MINLP Mixed-Integer Nonlinear Program.
MIP Materials from the Institute of Porous Materials of Paris.
ML Machine Learning.

MOF Metal Organic Framework.

MR:MM Material Resources: Metals/Minerals.

nCAC Net Carbon Avoidance Cost.

NGCC Natural Gas Combined Cycle.

NLP Nonlinear Program.

NMR Nuclear Magnetic Resonance.

NRTL nonrandom two-liquid model.

NVT Constant Number of Particles, Volume, and Temperature.
OMS Open metal site.

OPEX Operational Expenditure.

PrISMa Process-Informed design of tailor-made Sorbent Materials.
PXRD Powder X-ray diffraction.

SCR Selective Catalytic Reduction.

SMILES Simplified molecular-input line-entry system.
SPECCA  Specific Primary Energy Consumption per CO, Avoided.

SPT SMILES-to-Properties-Transformer.

TCR Total Capital Requirement.

TDC Total Direct Cost.

TEA Techno-Economic Analysis.

TraPPE Transferable Potentials for Phase Equilibria Force Field.
TRL Technological Readiness Level.

TSA Temperature Swing Adsorption.

TVSA Temperature Vacuum Swing Adsorption.

UFF Universal Force Field.

VS Vacuum Step.

WRC Water resistance coefficient.

WRC* Water resistance coefficient in a water-contaminated material.
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Symbols

A
Atubes

Cmaterial, repl

DCF
Hads

N columns

N, comp

Ntrains
Nutility

Qsens

Qtn input, ref

THEX
U

Vhed
WCC
Wutility

Wref
mMCO, avoided

mCOz emissions, cc

mC02 avoided NET

mCO2 captured

ﬁfeed, tot
Nfeed
€bed

€pellet

Vmix

LCOE,,
LCOE,

MWco,
PEind,ref

PEuytility
TCR,.

TCRef

Pbulk
Pcrystal
Ppellet
Uout
Cp, bed

heat transfer area (m?m™3).

total cross-sectional area of the tubes per column (m?).

cost of material replacement that is a function of years y (M€).
discount cash flow rate.

multi-component enthalpy of adsorption (kJ).

number of columns in the capture plant per train.

number of components in the adsorption process that depends on
the case study.

number of trains in the capture plant.

number of equipment needed in the entire capture plant per utility
(i.e., power, heating, cooling).

sensible heat (k]).

thermal energy input of the reference power plant (MW).
temperature of the heat exchanger media (K).

heat transfer resistance (kjm=2s ! K™1).

volume of the bed that is given by the total volume of the tubes in
the packed multi-tubular heat exchanger column (m3).

power output of the power plant with carbon capture (MW).

power requirement of a utility unit (MW).

power output of the reference power plant (MW).

total mass flow rate of CO, avoided from the capture plant consid-
ering the energy-related life cycle CO,-eq. emissions of the capture
plant (kgCO,/h).

total mass flow rate of CO, emissions of the energy supply by utilities
to the capture plant (kgCO,/h).

total mass flow rate of CO, avoided from the capture plant con-
sidering the total life cycle CO,-eq. emissions of the capture plant
(kgCO,/h).

total mass flow rate of CO,, that is captured in the process (kgCO,/h).
molar flow rate of the feed stream to the capture plant (mols™!).
molar flow rate of the feed stream to the column (mols™).

void fraction of the bed, in this case the tubes in the packed multi-
tubular heat exchanger column.

void fraction of the pellet.

specific heat ratio of the mixture.

levelized cost of electricity for the reference power plant with carbon
capture (€/MWh).

levelized cost of electricity for the reference power plant without CCS
(€/MWh).

molecular weight of CO,, (kg mol ™).

indirect primary energy consumption of the reference power plant
per unit electricity [MJ/MWHh].

total primary energy consumption of a utility per unit energy [MJ/MWHh].
total capital required including interest during construction for the
capture plant (€).

total capital required including interest during construction for the
reference plant (€).

bulk bed density (kgm™3).

density of the crystal (kgm™3).

density of the pellet (kgm™3).

velocity of the gas leaving the column under vacuum (ms™!).

heat capacity of the packed bed (kfm3K™!).
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Cp, solid
‘p

€CO, intensity, ref
€CO, intensity, utility
eCOz intensity, cc
hr(yr)

Msolid

dth, cooling

qth
tcycle

Wel

heat capacity of the solid (kJkg™' K™').

heat capacity (kJkg™' K™').

total CO, intensity per unit of electricity or product produced for the
reference power plant without CCS (tCO,/MWh).

CO, intensity per unit of utility (i.e., power, heating, cooling) used
(tCO,/MWh).

total CO,, intensity per unit of electricity produced for the reference
power plant with carbon capture including the energy-related life
cycle CO,-eq. emissions of the capture plant (tCO,/MWh).

capture plant operational hours per year (h).

mass of the solid in the bed, in this case the tubes in the packed
multi-tubular heat exchanger column (kg).

specific thermal energy for cooling (k] mol™).

specific thermal energy for heating (kJ mol™).

cycle time, the total time that is required to operate a complete cycle
of the process (h).

specific electrical energy required for the vacuum pump and the com-
pressor (k] mol ™).

effective recovery percentage of the amount of key component (in this case CO,) that

product

recovery
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is avoided during the entire life cycle of the capture plant over to the
one that enters the column at AS and CS (%).

quantity of key component (in this case CO,) that is recovered/pro-
duced at HS per column (molCO,).

percentage of the amount of key component (in this case CO,) that
is recovered at HS over to the one that enters the column at AS and
CS (%).



1 Introduction

1.1 Background information and current situation

We must prepare for a Net-zero world where we cannot allow anthropogenic CO,, to es-
cape into the atmosphere.[1] In this world, we need to connect all kinds of sources of
CO, (e.g., industries or waste incineration) with CO,, sinks (e.g., geological storage or
chemical industry). This need requires us to identify the optimal technology to capture
the CO, at the source’s conditions and deliver the CO, at the targeted sink’s specifica-
tions. Importantly, the slow implementation of carbon capture in the last decades [2] has
taught us that the optimal capture technology for each sink and source depends on the
specific social, economic, and regional context. Thus, the CO, capture challenge cannot
be expected to be solved by a “one-solution-fits-all” approach.

As an alternative, this project explored tailor-made capture technologies. Solid ad-
sorbent-based carbon capture has the potential to take advantage of modern, reticular
chemistry to synthesize millions of possible adsorbents.[3] Indeed, chemists have synthe-
sized about 100,000 novel metal-organic frameworks (MOFs) by combining organic linkers
with metal nodes.[4, 5] Yet, to fully explore the potential of this technology, we need to go
beyond the conventional sequential, time-consuming trial-and-error approach. As a first
step to speed up the discovery process, computational groups started to explore material
genomics.[6-9] Materials are generated in silico, and molecular simulations predict the
adsorption properties of these materials.[6] While the property predictions are sound,
the impact has been limited. The main reason is that these studies assume that the per-
formance of a material in a capture process can be evaluated with a single or a few basic
material adsorption properties (e.g., Henry selectivity or CO, capacity). In practice, an
optimal material depends on the specifics of the process, scale-up, location attributes,
and life-cycle assessment.[10-18] Due to a lack of such a system-level contextualization,
materials discovery has often failed to engage the views of all stakeholders involved in the
implementation of large-scale carbon capture technologies (see Figure 1.1). To evaluate
the overall performance of a material, one needs a holistic approach in which material
properties are linked to the process design coupled with a techno-economic analysis. Fi-
nally, a life-cycle assessment enables assessing environmental impacts beyond climate
change and ensures that we do not emit more CO,-eq. than what we produce in building
and operating the capture plant over its lifetime.[19] The entire life cycle captures here
not only the operation of the capture plant but also its construction and disposal as well
as the material synthesis and disposal.

1.2 Purpose of the project

The needed reconciliation of the views of the various stakeholders motivated our Process-
Informed design of tailor-made Sorbent Materials (PrISMa) project. The purpose of the
PrISMa project is to accelerate the transition of energy and industrial sectors to a low-
carbon economy by developing a technology platform to tailor-make cost-efficient carbon
capture solutions. The PrISMa platform will fast-track the route to the market of low
TRL advanced sorbent-based capture technologies required for the delivery of CCUS and
Clean Growth in Europe and beyond. For this purpose, we seamlessly link quantum

13/ 208



Stakeholder Universe of Carbon Capture
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Figure 1.1| Stakeholder universe of carbon capture. Illustration of the perspectives
the various stakeholders have on the development of a carbon capture process.

calculations, molecular simulations, process design, techno-economic analysis, and life-
cycle assessment within our developed PrISMa platform. This link enables us to evaluate
the performance of a material based on its crystal structure for a specific carbon capture
process, connecting a CO, source with a CO,, sink in a region of the world, using a total
of 49 Key Performance Indicators (KPIs).

1.3 Objectives

To reach the overall aim of the PriISMa, the project includes interlinked objectives:

1. To establish a methodology that allows calculation of Key Performance Indicators
(KPIs) of carbon capture processes for specific industrial and CO,, delivery sites,
CO, sinks and regions for screening and synthesis of novel materials (WP1).

2. To effectively design new and advanced materials at the molecular level with the
optimal economically and environmentally process-derived KPIs (WP2).

3. Efficient high-throughput synthesis and characterization of promising novel sor-
bent materials (WP3).

4. To standardize and evaluate rapidly and efficiently the dynamic performance of
novel sorbent materials under relevant process conditions (WP4).

5. To evaluate the competitiveness of advanced sorbent-based capture technologies in
terms of cost and environmental impacts (WP5).

6. To outreach, communicate and exemplify novel breakthrough materials and CCUS
technologies to society (WP6).

Our developed technology platform allows us to tailor-make carbon capture solutions
that guarantee an optimal separation for a range of scenarios, i.e., a combination of
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CO,, source, CO, sink, capture technology, available utilities, and region, and make a
particular process economically viable and environmentally beneficial.

The Swiss project partners contributed to the overall methodology with a particular
focus on the molecular layer (EPFL, WP2) and on the environmental assessment (ETH,
WP1 and WP5).

By incorporating Switzerland into our scenarios as a viable region for carbon cap-
ture, along with considering relevant CO, sources such as cement plants, our project
aims to provide valuable insights to Swiss stakeholders. These insights include feed-
back on the most promising materials, capture technologies, and utility supply for the
CO,, sources relevant in Switzerland and a comparison in terms of economic and en-
vironmental KPIs, supporting the development of innovative, economically viable, and
environmentally friendly capture solutions in Switzerland.
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2 Description of facility

The PriSMa platform allows for the interrogation and high-throughput screening of ma-
terials for a given carbon capture application. A carbon capture application, which we
refer to as a Case Study, is defined by the CO, source, the destination of the CO,, (sink),
the capture technology, the available utilities, and the geographical region. The cur-
rently implemented options that the user can select and individually combine for high-
throughput-screenings are given in Table 2.1. The modular implementation of the plat-
form allows for a user-friendly extension of these options. The high-throughput screening
of materials can be performed based on a set of material, process, economic, and envi-
ronmental KPIs used as selection criteria. The broad assessment of materials is enabled
by integrating life-cycle assessment, techno-economic analysis, process evaluation, and
material characterization within the platform (see Figure 2.1).

0 Life cycle
assessment

Process
evaluation

Material
characterization

Figure 2.1| A schematic illustration of the four layers of the PrISMa platform: The
four layers, which link life-cycle assessment (LCA), techno-economic analysis (TEA), pro-
cess evaluation, and material characterization. A detailed description of the methods
used in each layer can be found in Section 3.3.
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| Source | Sink | Technology | Utility | Region \

NGCC Geological storage | TSA Natural gas boiler | UK
Coal TVSA - 0.6 bar | Electric boiler us
Cement TVSA - 0.2bar | From host plant China (Guangdong)

China (Shandong)
Switzerland (CH)

Table 2.1: Available Case Studies in the PrISMa platform. Any source, sink, technol-
ogy, utility, and region in the platform can be combined. Switzerland has no coal-fired
power plants, so this combination of source and region is not considered. Three technolo-
gies are available: temperature swing adsorption (T'SA) and temperature vacuum swing
adsorption (TVSA) with two vacuum levels, 0.2 and 0.6 bar. We have a total of 66 Case
Studies. The complete input parameters defining these Case Studies are in Table 3.2.
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2.1 The PrISMa databases

The PrISMa platform integrates various databases (see Figure 2.2) at each layer:

Materials layer: In this layer, “material properties” is the database that contains the
required physical properties of the materials together with the thermodynamic ad-
sorption properties. These data can be obtained experimentally or from molecu-
lar simulations. These molecular simulations use as input the crystal structures
stored in “material data”.

Process layer: The process model uses data on equipment (stored in “equipment data”)
as well as process parameters and operational conditions (stored in “process data”)
that are characteristic for the case study. The process database uses the informa-
tion from the case study to provide a list of equipment and operating conditions of
the process that best suit the case study.

Techno-Economic Analysis layer: The TEA uses region-specific data on the utilities
(stored in “utilities data”), including the availability of utilities at the CO,, source, as
well as region-specific data related to the cost of materials and construction (stored
in “economic data”). The utility database contains all the information necessary
for its in-built utility models. Both process and utility databases are linked to the
equipment database, which provides the design, input, and cost data necessary to
evaluate process and utilities performance and cost.

Life Cycle Assessment layer: The LCA uses region-specific Life Cycle Impact Assess-
ment (LCIA) scores of the background system taken from commercial LCA databases
(stored in “LCIA data”) and Life Cycle Inventory (LCI) data for the predictive LCA
model (stored in “LCI data”).

Additionally, in the PriISMa platform, the case studies are defined and characterized
in a “Case Study Database”. This overarching case study database (not shown in Fig-
ure 2.2) is developed to provide all parameters needed to describe a case study fully and
shared across all layers. This database lists CO,, sources, CO,, sinks, technology options,
utility options, and regions worldwide (see Table 2.1). Due to the modular structure, new
options can be easily added to the database.

Two other aspects of relevance to describe the case study are the economic parameters
and the region. Economic parameters are case-specific (e.g., the plant’s lifetime might
vary depending on the type of industry) and are retrieved from the economic database.
The region impacts the carbon footprint of utilities and their cost. The relevant informa-
tion is obtained by linking the information of the CO,, source and region to the economic
database. Region-specific LCIA scores of the background system are taken from com-
mercial LCA databases and shared across the TEA and LCA layers to ensure consistent
data use. LCI data for the predictive LCA model is taken from the literature (for details
on the LCIA and LCI databases, see Section 3.3.4).

2.2 Application of the PrISMa platform

The entire PriISMa platform is implemented in Python. To run a screening, the user first
defines a case study by combining the desired options for the CO,, source, the CO, sink,
the capture technology, the available utilities, and the geographical region, and selects
a material database (e.g., a database with simulated or experimental data). The plat-
form automatically selects the required model parameters from the integrated databases
(see Section 2.1) and transfers the generated case study object to the screening script.
In the screening script, first, the process model is evaluated for each material (see Fig-
ure 2.2), and the process KPIs are recorded. Afterward, the TEA model is evaluated
based on the foreground data from the process, and the economic KPIs are recorded,
and, finally, the LCA model is evaluated based on the foreground data from the TEA and
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Figure 2.2 ]| A diagram of the PriISMa platform. The flowchart consists of the process-
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simulations, process evaluation, techno-economic analysis, and life cycle assessment),
the input (data and databases) and output (KPIs) information (represented as rhom-
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the environmental KPIs are recorded. For an efficient screening, the assessment of the
materials is parallelized. The final results are stored as CSV (Comma-separated values)
files, which can be used for analysis and visualization.
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3 Procedures and methodology

3.1 Project overview

The PrISMa project aims to bridge the gap between molecular science and process engi-
neering by developing process-informed tailor-made materials for a wide range of carbon
sources and sinks. For a given CO, source and CO, use/destination, our technology
platform allows us to find the optimal capture solution.

3.1.1 Project structure

The PrISMa project was structured into seven work packages (WPs) (Figure 3.1) that cov-
ered both the technical and societal aspects of the project. The technical R&D challenges
have been addressed through our “innovation cycle” (in which each step corresponds to
a work package, WP1-5), whilst the societal aspects of new CCUS technologies have
been covered in WP6. Additionally, WPO covered the monitoring and management of the
project, including risk management and dissemination of results. Each work package
included a number of tasks, which represented targeted areas of technical innovation
potential. The breadth of our consortium has allowed us to design an ambitious and
unique project that accelerates progression through TRLs, i.e., fundamental knowledge
of materials (TRL1-2; WP1-3), to lab protocols/technology development (TRL2-5; WP4-5).

An overview of the project structure and the seven work packages is provided below:

* WPO: Monitoring and Management of the project: project management and
monitoring, health and risk management, research data management and dissem-
ination of results.

* WP1: Identification of case studies and assessment metrics: This work package
involves 1) the identification of relevant CO,, separation scenarios (sources, sinks,
and regions) and definition of the case study databases, and 2) the development of
the PriISMa platform, i.e., the materials, process, TEA, and LCA layer, to determine
the ideal adsorption process and material requirements based on Process System
Analysis, Techno-economic analysis, and predictive life-cycle assessment.

* WP2: Computational Materials Genome: Material genomics, wherein we use
computational techniques to identify the materials that optimally match process
requirements. This work package involves 1) the development of the materials
database used for the PriISMa screenings, 2) the development of data-driven models
to speed up the screenings, and 3) the analysis of material properties resulting in
good process performance.

* WP3: Material synthesis and characterization: Contemporary synthetic chem-
istry to create materials and molecular-level characterization that informs synthe-
sis.

* WP4: Performance testing of process-informed novel materials: Dynamic test-
ing of the materials on synthetic gas feeds and under representative industrial con-
ditions.
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Figure 3.1| Schematic drawing of PrISMa “innovation cycle” in which we use pro-
cess analysis to guide materials design (genomics, synthesis and characterization, and
testing).

* WP5: Evaluation of results and case studies towards TRL5: This work package
involves the screening of all developed case studies, the analysis of the results, and
comparison to benchmark processes. This analysis provides feedback to the system
analysis to adjust targets and recommendations for follow-up studies.

* WP6: Overcoming the social challenges of CCUS: Outreach to relevant stake-
holders and capacity building in public engagement.

The main outcome of the innovation cycle was the PriISMa platform that provides a
set of materials that yield an energy-efficient, environmentally friendly, and economical
capture solution for a range of CO, sources and sinks. To prepare for TRL 5, these mate-
rials will require additional screening, rigorous life cycle analysis, and scale-up aspects,
and all these will be addressed in specific case studies. Hence, the PrISMa platform
enables the design of efficient pilot-scale test facilities with improved processes under
real conditions and fast-track the route to market for advanced sorbent-based capture
technologies.

To increase the impact of our study for Swiss actors, we have added carbon capture
from NGCC power plants and cement plants, two interesting case studies in Switzerland,
and Switzerland itself as a region to our case study definition, including region-specific
cost and LCA data. The analysis of carbon capture plants in Switzerland compared to
other countries is performed in WP5. The modular framework of the PriSMa platform
allows for an easy extension of the CO,, sources and sinks to include further case studies
relevant to the Swiss industry.

The PrISMa project got annual advice from an Industrial Advisory Board, constituted
by 12 international industrial partners from leading industries, not involved as a partner
in PrISMa — two of them from Switzerland. The Industrial Advisory Board supported the
industrial alignment with the research conducted in the project and provided expertise,
benchmarked the outcomes, and advised on future directions.

3.1.2 Role and contributions of each project partner

The PrISMa consortium reflects the coupling of basic sciences and engineering that is
required to develop our PrISMa platform:

¢ HWU was the coordinator of PriISMa and responsible for WPO, WP4, WP5, and WP6.
The core expertise of HWU is the development and testing of carbon capture pro-
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cesses for various sources of CO,. HWU contributed to WP1 with process modelling
activities (they developed the Process layer) and assistance on the techno-economic
models. HWU also worked on the synthesis and performance evaluation of MOFs
and Mixed Metal Oxides (MMOs) (WP3 and WP4). HWU also coordinated all the
outreach activities in PriISMa.

¢ EPFL was responsible for WP2. The core expertise of EPFL is computational mate-
rials genomics and synthesis of metal-organic frameworks. They also contributed
to WP1, where they developed the Materials Layer and contributed to all other WPs.
Additionally, they carried out data-driven activities in the project to speed up the
screenings.

¢ LBNL provided the expertise in molecular characterization by means of nuclear
magnetic resonance (NMR) at low TRL. The access to ex-situ equipment and NMR
equipment enabled the characterization of the sorbents by employing advanced
solid-state NMR technology. It depicted detailed molecular information on the in-
teractions between CO, and adsorbents. It contributed to understanding how to
capture CO,, and furthermore, proposed an optimized molecular model.

e ETHZ developed the LCA layer in WP1, enabling an early-stage assessment of the
environmental impacts of adsorbent materials based on their molecular structure
and integrated optimization algorithms for process optimization of the best-perfor-
ming materials. The core expertise of ETHZ is full LCA studies, predictive LCA
in the early design phase, and material assessment on the process level. ETHZ
also contributed to the development of the fully integrated PrISMa platform and the
techno-economic models, both in WP1.

All partners contributed to the evaluation of the results and case studies in WP5.
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3.2 Selected case studies: Assumptions and parameters

The Process-Informed design of tailor-made Sorbent Materials (PrISMa) platform has
been designed to screen solid adsorbent materials for carbon capture. The PrISMa plat-
form can be applied to a range of case studies that are defined by a CO,, source, a CO,
sink, a process configuration, and a particular geographic region in the world. The
specifications of the flue/industrial gas (e.g., flow rate, composition, temperature, and
pressure) and the availability of resources and utilities (e.g., heat, electricity) change
depending on the CO, source. The CO, sink defines the specifications of the product
stream from the capture process (e.g., purity, temperature, and pressure). The techno-
economic analysis and the life cycle assessment consider parameters specific to each
geographic region.

In this project, we analyzed a range of case studies (66 in total) to demonstrate the
versatility of the PriSMa platform and assess the effect of CO, concentration, region-
specific parameters, availability of utilities, fuel, and electricity prices on the selection
of the optimal materials for a specific case study. Table 3.1 summarizes the case stud-
ies presented in this work, corresponding to 22 source-sink-region-utility combinations
combined with three process configurations.

Three CO,, sources are investigated: an onshore Natural Gas Combined Cycle (NGCC)
power plant, a pulverized coal-fired power plant, and a cement plant. The plants can
be located in five geographic regions, i.e., the UK, the USA, Switzerland, and China (two
provinces). The northern and southern electricity grids of China differ strongly in carbon
intensity, and we use the Guangdong and Shandong regions as representatives for the
North and South, respectively. Coal power plants are not used in Switzerland and are
therefore excluded in the case studies related to coal. Energy prices in the UK are taken
for two years, 2019 and 2022, to consider the considerable increase in electricity and
natural gas prices due to unforeseen circumstances. The captured CO, is sent to geolog-
ical storage in all case studies. As capture technologies, we consider Temperature Swing
Adsorption (TSA) and Temperature Vacuum Swing Adsorption (TVSA) with two vacuum
levels 0.2 bar and 0.6 bar. As utilities, we either use the available utilities at the host plant
and/or, if required, additional thermal energy for heating can be generated using natural
gas or electric boilers, and the electricity grid can supply electricity demand.

In Table 3.2, we summarize the main flue/industrial gas and host plant characteris-
tics, the required CO, product purity, and conditions from the CO, sink. In Table 3.3,
the regional energy costs and main cost factors used for the case studies are presented.
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Table 3.1:

Summary of all case studies.

Source  Sink Process Conf. Region Ref. Year Heating Supply Cooling Supply Electricity Supply
Steam extraction Existing cooling
2019 NG boiler Additional cooling
UK NG boiler Additional cooling
2022 Steam extraction Existing cooling
NG boiler Additional cooling
Steam extraction Existing cooling
Us 2019 NG boiler Additional cooling
TSA . Steam extraction Existing cooling .
NGCC Geo. storage TVSA (0.6 bar) China - Shandong 2019 NG boiler Additional cooling On51t§ power
- — - Electricity grid
TVSA (0.2 bar) China - Guangdon: 2019 Steam extraction Existing cooling
a - Guangdong NG boiler Additional cooling
Steam extraction Existing cooling
NG boiler Additional cooling
. NG boiler Additional cooling
Switzerland 2019 Steam extraction Existing cooling
Electric boiler Additional cooling
Electric boiler Additional cooling
Steam extraction Existing cooling
UK 2019 NG boiler Additional cooling
NG boiler Additional cooling
TSA Steam extraction Existing cooling .
Coal Geo. storage TVSA (0.6 bar) us 2019 NG boiler Additional cooling On51t§ power
- — - Electricity grid
TVSA (0.2 bar) China - Shandon. 2019 Steam extraction Existing cooling
g NG boiler Additional cooling
. Steam extraction Existing cooling
China - Guangdong 2019 N iy Additional cooling
Waste heat
UK 2019 NG boiler
Waste heat
2022 NG boiler
Waste heat
TSA us 2019 NG boiler
Cement Geo. storage TVSA (0.6 bar) s Waste heat Additional cooling  Electricity grid
TVSA (0.2bar) CPina-Shandong 2019 NG oo
. Waste heat
China - Guangdong 2019 NG boiler
Waste heat
. NG boiler
Switzerland 2019 Wasic hieal

Electric boiler
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Table 3.2: Parameters characterizing each case study.

Parameter Unit Value Description Ref.
002 Source
NGCC power plant
Yall -, wet molar basis [0.0396, 0.0838, 0.7438, molar fraction of all species (i.e., C02. HZO' N24 [20]
0.1239, 0.0089] 02, Ar) in feed stream
yfeed,dry -, dry molar basis [0.0432, 0.9568] molar fraction of CO2 and N2 in the dry feed stream [20]
Yfeed,wet -, wet molar basis [0.0396, 0.0838, 0.8766] molar fraction of CO2, H2O and N2 in the feed [20]
Tfeed °C 86.8 temperature of feed stream [20]
Pfeed bar 1.01 pressure of feed stream [20]
Ffeed kgs_1 1330.6 mass flow rate of feed stream (wet) [20]
Nfeed mol 571 42912.41 molar flow rate of feed stream (dry) [20]
Nwater mols™! 3924.97 molar flow rate of water in feed stream [20]
Construction time year 3 construction period for reference plant [21]
Plant lifetime year 25 lifetime of reference plant [21]
Allocation year [0.4, 0.3, 0.3] total capital requirement during construction 21]
COy intensity kgcoz /MWh 351.67 direct specific emissions of reference plant [21]
primary energy demand MJ(LHV)/MWh 6170.7 direct primary energy demand of reference plant [21]
operating hours h/year [3500, 5700, 7500, operating hours for 1st, 2nd, 3rd, ..., Nth year [21]
..., 7500]
Host plant utilities power generation system (available power, heat, cooling)
Low pressure steam flow kg 571 205.0 low pressure steam mass flow to turbine [20]
Available power MW 830.0 maximum power available in the plant [21]
Coal power plant
Yall -, wet molar basis [0.1373, 0.0973, 0.72855, molar fraction of all species (i.e., C02. H2O. N2, [20]
0.0365, 0.00005] 02, Ar) in feed stream
yfeed,dry -, dry molar basis [0.1521, 0.8479] molar fraction of CO2 and N2 in the dry feed stream [20]
Yfeed,wet -, wet molar basis [0.1373, 0.0978, 0.7651] molar fraction of €Oy, HyO and Ny in the feed 201
Tfeed °C 50 temperature of feed stream [20]
Pfeed bar 1.016 pressure of feed stream [20]
Ffeed kg 571 735.12 mass flow rate of feed stream (wet) [20]
Nfeed mol 571 24016.34 molar flow rate of feed stream (dry) [20]
Nwater mols~! 2589.53 molar flow rate of water in feed stream [20]
Construction time year 3 construction period for reference plant [21]
Plant lifetime year 40 lifetime of reference plant 21]
Allocation year [0.2, 0.3, 0.3, 0.2] total capital requirement during construction 21]
CO2 intensity kgco2 /MWh 771.9 direct specific emissions of reference plant [21]
primary energy demand MJ(LHV)/MWh 7955.8 direct primary energy demand of reference plant [21]
operating hours h/year [3500, 5700, 7500, operating hours for 1st, 2nd, 3rd, ..., Nth year [21]
..., 7500]
Host plant utilities power generation system (available power, heat, cooling)
Low pressure steam flow kgs_1 396.36 low pressure steam mass flow to turbine [20]
Available power Mw 758.6 maximum power available in the plant [21]
Cement plant
Yall -, wet molar basis [0.18, 0.09, 0.63, molar fraction of all species (i.e., COZ' H2 O, N2, 22]
0.10, 0.00] 02, Ar) in feed stream
yfeed,dry -, dry molar basis [0.1978, 0.8022] molar fraction of CO2 and N2 in the dry feed stream [22]
ered,wet -, wet molar basis [0.18, 0.09, 0.73] molar fraction of COZ' H20 and N2 in the feed 22]
Tfeed °C 110 temperature of feed stream [22]
Proed bar 1.013 pressure of feed stream [22]
Ffeed kg 571 107.81 mass flow rate of feed stream (wet) 22]
Nfeed mols~1 3229.18 molar flow rate of feed stream (dry) [22]
Nwater mol 571 319.37 molar flow rate of water in feed stream [22]
Construction time year 3 construction period for reference plant [22]
Plant lifetime year 25 lifetime of reference plant [22]
Allocation year [0.4, 0.3, 0.3] total capital requirement during construction 21]
CO2 intensity kgcoz/ t cement 653 total specific emissions of reference plant 23]
primary energy demand MJ(LHV)/MWh 2306.67 direct primary energy demand of reference plant 23]
operating hours h/year (7998, 7998, 7998, operating hours for 1st, 2nd, 3rd, ..., Nth year 23]
..., 7998]
Host plant utilities industrial site (available waste heat)

Available waste heat MwW 8.2 heat recovered from clinker cooler calculated in this work -
Cooler air exhaust temperature °C 285 temperature of the air leaving the clinker cooler 23]
C02 sink
purity - 0.96 required purity of CO2 product stream before compression [20]
pressure bar 110.0 final pressure of CO2 product stream after compression [20]
temperature °C 40.0 temperature for CO2 compression [20]
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Table 3.3: Parameters characterizing each region

Parameter Unit Value Description Ref.
Region UK  Switzerland US China China

Guangdong Shandong
Location factor - 1 1 1 0.77 0.77 Location factor multiplies Total Direct Cost  [24]
CEPCI Egggég ggzg Chemical Engineering Plant Cost Index [25]
Operator cost factor - 1 1 1 0.2 0.2 Multiplies yearly cost per operator [24]
Electricity cost (2019) /€MWh 131.7 107.0 60.9 98.25 80.80 annual average electricity cost [26][27]
NG cost (2019) /€MWh 24.63 59.65 11.52 37.12 37.12 annual average natural gas cost [28] [29]
Coal cost (2019) /€EMWh 9.42 - 5.43 10.91 10.97 annual average coal cost [28] [30] [31]
Electricity cost (2022) /€MWh 216.3 - - - - Jan-Sep 2022 average electricity cost [26]
NG cost (2022) /€MWh 54.99 - - - - Jan-Sep 2022 average natural gas cost [26]
Coal cost (2022) /€MWh 32.14 - - - - Jan-Sep 2022 average coal cost [28]
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3.3 The PrISMa platform: Methods and assumptions

In this section, we describe in detail the methods that we use in the four layers of the
Process-Informed design of tailor-made Sorbent Materials (PrISMa) platform (see Fig-
ure 2.2). These models have been developed in WP1 and WP2 of the PrISMa project.

3.3.1 Materials layer

In the materials layer, we ensure that all thermodynamic data needed for the process
layer are available. This layer differs from the other layers as the workflow that gener-
ates the data (“molecular simulations”) is a separate workflow that computes the ther-
modynamic data for all case studies in the PrISMa “Case Studies Database” and for all
materials in the “materials data” database. For those materials for which the required
thermodynamic data is available experimentally, the data can be uploaded directly in
the “material properties” database.

Material properties

The materials screening starts from the material layer, which computes all the material
properties necessary for its subsequent process evaluation. In this layer, nanoporous
crystalline structures, in this case, MOFs, are retrieved from open-access databases or
by accessing experimentally obtained data.

We either use the experimental or the in silico crystal structure as a starting point
for those materials without experimental data. From the crystal structure, we can di-
rectly compute the properties of the crystal (e.g., crystal density or heat capacity), and
we also use the crystal structure as input for a molecular simulation. From the molec-
ular simulation, we obtain the adsorption thermodynamics for CO,, N,, and H,O (see
Section 3.3.1).

Crystal structures. We developed a procedure to curate experimental MOF structures
for computational screening studies summarized in Figure 3.2. We start with the Com-
putation-Ready Experimental MOF (CoRE-MOF) database-2019.[32, 33] This database is
a MOF subset of structures from the Cambridge Structural Database (CSD)[34]. The dis-
order has been removed for those structures, missing hydrogen atoms have been added,
and coordinated and floating solvents in the pores have been removed.

In our curation, as a first step, we keep only those MOF structures, of which the
chemical structure contains carbon and a metal. From the remaining structures, we
remove all the non-porous structures by constraining our set to structures that have
an accessible pore volume to the N, probe radii 1.86 A.[35] In addition, we remove all
structures that contain floating atoms in the crystal structure. After these basic checks,
we remove the structures which are not physically realistic. For this, we check chemical
structures that contain close contact atoms (pairwise distance smaller than 0.5 A) or have
atoms with large point charges (absolute value larger than 3 A.U. computed using the
extended charge equilibration method[36, 37]). The last step is to remove the duplicate
structures. In this project, two MOFs are identified to be identical if their labeled crystal
graphs are isomorphic using NetworkX.[38-40] The crystal graphs are computed using
the bond cutoff distances implemented in VESTA program[41] and then labeled using
atom types. The codes and procedures for performing the calculations are made available
in the MOFChecker program.[42]

To further refine these structures, we use periodic Density Functional Theory (DFT) to
optimize the chemical structures. The procedure for these DFT calculations is described
in full detail in our previous publications.[43], [O1] The workflows for these calculations
can be accessed via the AiiDa-Ismo plugin (https://github.com/1smo-epfl/aiida-1smo),
where we published the Automated Interactive Infrastructure and Database for Compu-
tational Science (AiiDA),[44] workflows. All calculations are performed using CP2K.[45]
We use our machine-learning algorithm[46] to assign the oxidation state of metal atoms
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Figure 3.2 | CURATED-MOF. Schematic of the steps used to curate MOF structures.

in MOF structures, which is used to infer the initial magnetization of the system. The DFT
calculations are performed within the generalized gradient approximation (GGA) level of
theory using Perdew-Burke-Ernzerhof (PBE) exchange-correlation functional with DFT-
D3(BJ) dispersion corrections.[47, 48] We use GTH pseudopotentials[49] and DZVP-
MOLOPT-SR contracted Gaussian with an auxiliary plane wave basis set.

From these Density Functional Theory (DFT) calculations we obtain the partial charges
using the Density Derived Electrostatic and Chemical net atomic charges (DDEC)[50]
protocol.[36]

In silico MOF structures are obtained from the work of Boyd et al. [02], Park et al.
[51], and Majumdar et al. [O3]. These structures are generated using the ToBasCCo[52],
PORMAKEI53], and ToBaCCol[54] codes, respectively and optimized using the Universal
Force Field (UFF) force-field.[55] In addition, we used the database assembled by [40],
which contains about 30,000 structures. The atomic partial charges are generated using
the extended charge equilibration method.[37]

Crystal properties. Physical properties such as crystal density and void fraction are
obtained using Zeo**.[35] For example, the density is computed by summing up the mass
of all atoms of the unit cell and dividing it by the volume. The pore volume is computed
by filling the pores with a probe molecule (see Ongari et al. [56] for more details).

Heat capacity. We estimate the heat capacity of each material using the machine learn-
ing tool developed by Moosavi et al. [O1l]. This method accurately predicts the heat
capacity for a MOF, Covalent Organic Framework (COF), or zeolite based on its crystal
structure.

Molecular simulations

Force field The adsorption properties are obtained using molecular simulation[57] and
the Automated Interactive Infrastructure and Database for Computational Science (Ai-
iDA).[44] The crystals are assumed to be rigid in these simulations. The Transferable
Potentials for Phase Equilibria Force Field (TraPPE) [58] force-field is used to describe
the CO, and N, molecules, whereas, the TIP4P/2005 model [59] is used to describe the
H,O molecules. The crystal atoms are described using the Universal Force Field (UFF)
force-field.[55] The Lorentz-Berthelot combining rules are used to define the interactions
between atom pairs.

Henry coefficient and zero loading heat of adsorption Constant Number of Particles,
Volume, and Temperature (NVT) Monte Carlo simulations with one adsorbed molecule
are used to compute the Henry coefficients and enthalpy of adsorption at zero loading
of CO,, N,, and H,O.
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Pure component isotherms The pure component adsorption isotherms are computed
using Grand-Canonical Monte Carlo (GCMC) simulations using the procedure developed
by Moubarak et al. [O4]. In this method, we efficiently compute the adsorption isotherm
at a reference temperature of 298.15K and use the loading-dependent enthalpy of ad-
sorption to compute the isotherms at other temperatures using the Clausius-Clapeyron
equation. Moubarak et al. [O4] have shown that this procedure typically gives the binary
data within an error of 10 % compared to a GCMC simulation at the same conditions. In
this project, we corrected the calculation of the loading dependence of the heat of ad-
sorption for the non-ideal gas behavior of the gas phase. This correction showed a 2-3%
improvement in our mixture predictions at high temperatures and pressures.

Mixture isotherms Based on the assumptions in our process model, the adsorption
column is segregated into a dry and a wet part (see Section 3.3.2), which requires binary
and ternary mixture data, respectively.

Mixture isotherms: Binary We use the pure component isotherms from the GCMC
simulations to predict the mixture isotherms using Ideal Adsorbed Solution Theory (IAST)
[60]. Moubarak et al. [04] have shown that at the conditions of all our case studies, the
IAST predictions agree with mixture simulations for most materials.

To identify cases for which IAST fails to give an accurate prediction, we perform a
single-state point binary GCMC simulation for each material. These binary simulations
are carried out at the adsorption conditions of each of the case studies, and we compute
the logarithm of the ratio of loading of CO, or N, as obtained from IAST and GCMC. We
find this flag to be much smaller than 0.1 for most materials. If this test shows a higher
value, the predictions of the mixture isotherms might not be reliable, and one should do
additional simulations of mixture GCMC and fit the data separately.

Mixture isotherms: Ternary The process model (see Section 3.3.2) requires as input
the N,, CO,, H, O loading at the adsorption conditions, which are obtained from a ternary
GCMC simulation. For the desorption step, the loadings are much lower, and we can
assume that the water adsorption is independent of N, and CO, and therefore follows
directly from a pure component H,O GCMC simulation at desorption conditions. This is
then combined with the IAST predictions for N, and CO,,.

Water Resistance coefficient To assess which structures are affected the most/least
by the presence of water vapor in the flue gas, we perform multi-component GCMC sim-
ulations at adsorption conditions of each case study (e.g., 1.013,25bar and 37 °C for the
cement case study).

First, we run binary GCMC simulation corresponding to a dry flue gas and extract
the binary CO, capacity (4co,dry)- Then, we run ternary GCMC calculations on wet
basis, extract the ternary CO, capacity (4co,wet). and compute the ternary selectivity of
CO,/N,, CO,/H,0 and N, /H,O. From these results, we compute the ratio of the CO,,
capacity in the ternary mixture over its capacity in the binary mixture (see Section 3.4.1),
which we refer to as Water resistance coefficient (WRC).

Flexibility of the MOFs

In our simulations, we assume that the MOFs are rigid. Flexibility can have different
impacts on the adsorption isotherms. We observe a structural change for some MOFs
at a particular gas pressure. An example of such a material is MIL-53-NH2 (see Sec-
tion 4.5.2). We have developed two different computational approaches to detect these
structural changes,[61, 62], and we would apply these methods to assess the mechanical
stability of a material. However, these methods are relatively computationally intensive,
and, therefore, we would do this only once we select a material for subsequent synthesis.
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Another important effect is that flexibility can impact the “binding site". Witman
et al. [63] have shown that, in the case of an optimal binding site, in which a ligand is
exactly at the right position to give a very low binding site, thermal motion can have a
significant impact on these binding sites. These binding sites have an important con-
tribution to the Henry coefficients. We used the procedure of Witman et al. [63] to test
whether linker flexibility impacts the Henry coefficients. In this procedure, we perform
molecular dynamics simulations of the MOF using LAMMPS[64] and UFF4AMOFI65]. If
flexibility impacts adsorption properties, one would expect to observe large fluctuations
in the Henry coefficient along this molecular dynamics trajectory. To quantify this effect,
we simulate 100 ps, and we collect 20 snapshots along this trajectory and compute the
Henry coefficient for each of these snapshots. The standard deviation of the log of these
Henry coefficients is of interest. If this standard deviation is low, one can expect that
the assumption we can use rigid crystals is valid. We then rank the materials according
to their standard deviation, and we use as a threshold a value of 1 to flag materials for
which flexibility significantly impacts the adsorption thermodynamics. This value of 1
corresponds to the accuracy at which our model can predict the experimental data (see
Section 4.5.6).

Output of the layer

The outputs of the materials layer are four KPIs and the foreground data for the process
layer. The complete list of all materials outputs is given in Table 3.5.

3.3.2 Process layer

The process layer aims to evaluate the technical performance of solid sorbent-based
carbon capture technologies. In the process layer, we focus on the operation of a single
column. The process accounts for all steps that an adsorption column undergoes for
separating the CO, from the feed stream and the regeneration of the material. At the
next layer, i.e., the TEA, we determine the number of columns required for the specific
case study. The process layer is developed flexibly and can be integrated with various
process configurations. The process model enables the evaluation of the performance
of a material in a pre-defined process configuration and provides essential data (i.e.,
process KPIs and foreground data listed in Table 3.5) that are necessary for TEA and
LCA. In addition to the operation of the adsorption column, the process layer considers
equipment that is necessary for the CO, capture process (i.e., vacuum pump) and the
delivery of the CO,, at sink conditions (i.e., compressor). Any pre-treatment of the flue
gas before it enters the capture plant is not considered other than the cooling required
to bring its temperature down to the temperature of the adsorption step.

Process description

In the PrISMa platform, we consider a 3-step Temperature Swing Adsorption (T'SA) and
a b5-step Temperature Vacuum Swing Adsorption (TVSA) process (see Figure 3.3), that
consists of the following steps: (i) for TVSA: Adsorption Step (AS), Vacuum Step (VS),
Intermediate Heating Step (IHS), Heating Step (HS) and Cooling Step (CS), and (ii) for
TSA: AS, HS and CS. It is expected that for less concentrated feed gas streams, the
5-step TVSA process will enable more materials to meet the CO, purity requirements
for geological storage compared to a simple 3-step TSA. It has been shown that a TVSA
process is efficient in recovering the dilute component [66, 67].

In our screening exercise, we consider that our process conditions are fixed. Given
these conditions, we screen for the top-performing materials. These conditions include:
A TFEED or TLOW of 37°C, a TMED of 47°C (10°C hlgher than TLOW)’ and a THIGH of 120°C.
The selection of T; ow and Tyygy follows from typical adsorption and regeneration temper-
atures when considering the limitations of the flue gas cooling system in the host plant
and the materials’ stability at high temperatures, respectively. The value of Ty;gp was
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N, waste

T

feed N, (CO,) waste = N, (CO,) waste = CO, product feed

PFEED

PVAC—M ED

Teeep = Trow

PVAC

adsorption (AS) = vacuum (VS) heating (IHS) heating (HS) cooling (CS)

Figure 3.3 | 5-step TVSA process. A schematic illustration of the 5-step TVSA process:
Adsorption Step (AS), Vacuum Step (VS), Intermediate Heating Step (IHS), Heating Step
(HS), and Cooling Step (CS).

set as 10 °C higher than Tj ow to avoid losing too much CO,, in the Intermediate Heating
Step (IHS) when heating (and discharging CO,). From this initial screening, we identify
the top-performing materials, and for these materials, we perform an optimization step
in which we relax the most important process conditions (see Section 4.3).

In the current process configurations, the adsorption column is modeled as a packed
multi-tubular heat exchanger column where all tubes are filled with the pelletized adsor-
bent material. The outer column has fixed dimensions, i.e., 8 m length and 1.3 length-
to-diameter ratio. The adsorbent material is assumed to be in pellet form with a porosity
€pellet = 0.35 and a porosity of the bed eq = 0.37. The column undergoes sequential
adsorption, vacuum, heating, and cooling steps.

The impact of water on the process performance has been segregated into two major
contributions: 1) reduction in working capacity of CO, due to competitive co-adsorption,
and 2) direct impact on regeneration energy requirements due to cyclic adsorption/des-
orption of H,O.

The different steps are described in more detail in the next sections.

Adsorption step In the Adsorption Step (AS), the flue gas is assumed to be a mixture
of N,, CO,, and H,O, where all gases get adsorbed.

During adsorption, we assume ideal breakthrough behavior, so equilibrium is reached
instantaneously (i.e., negligible mass transfer resistances) for both the adsorbed and gas
phases, and the adsorption front moves as a step profile through the column. Such an
ideal front follows from assuming that we have negligible radial gradients, thermal dis-
persion, and axial mixing, no pressure drop along the column, and the temperature of
the heat exchange fluid is homogeneous along the column. All properties are homoge-
neous over a phase, i.e., there is no difference in property between the bulk and the
boundary within a phase.

The adsorption step is operated until the incipient breakthrough of the CO,, front from
the column. The total amount of CO,, that is captured during this step is calculated as
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the difference between the equilibrium loading of CO,, at the adsorption conditions and
that at the start of the adsorption step/end of CS for the respective dry and wet regions in
the column. During the breakthrough, a nearly pure N, stream leaves the column, which
is part of the “waste stream.” As shown in Figure 3.3, during this step, the temperature
and pressure of the column remain constant, and we refer to these as the adsorption
conditions.

The performance evaluation of the adsorption process is conducted under Cyclic
Steady state (CSS) conditions, under which the column undergoes an identical oper-
ating trajectory from cycle to cycle [68]. We first determine the penetration length of the
water concentration front (LHZO, m) under CSS to permit further assessment of moisture-
related impact on the average working capacity of the bed.

Generally, the propagation velocities of the respective component concentration fronts
within the adsorption column during dynamic cyclic operation are non-equal [69, 70].
If H, O travels at a lower velocity relative to CO,, the bed will segregate into two distinct
water-loaded and water-free zones wherein competitive co-adsorption manifests only in
the former. This is the case for nearly all materials studied in this project. Experimental
breakthrough measurements show that this behaviour applies for numerous CO,, sor-
bents, including 13X zeolite [71, 72] and several MOFs (such as UTSA-16[73] and CALF-
20[74]). The different speeds of concentration wave propagation serve as the foundation
for managing moisture and other strongly adsorbing trace components during adsorptive
separations [75, 76]. The feasibility of preserving relative CO, and H,O concentration
front positions under cyclic steady state operation of adsorptive CO,, capture processes
has been proposed based on numerical process simulations [77] and corroborated by
experimental observations [71, 78].

For CSS, there is no accumulation from cycle to cycle; therefore, the amount of water
fed into the bed will equal the amount of water recovered by heating/evacuation. This
mass balance at CSS is formulated below in which the penetration length of the water
concentration front Ly,om is a variable [78]:

Ly,0 tas A P
bed Ut ‘
L (1,0 = 4£1,0 ) PouikAvea dZ = L % df = t(as) Tifeed H, O, feed 3.1

Apeq (m?) is the cross-sectional area of the column, P, (kPa) is the partial pressure of
water in the flue gas, ppu (kgm™) is the bulk density of the sorbent, and u; (ms™') is
the velocity of the feed flue gas. gin,0 and ggn,0 (mol kg™') denote the local solid phase
water loadings at the beginning and end of the adsorption step, respectively. VH,0 feed 1S

the mole fraction of H,O in the feed (flue gas), and 7.4 (mols™1) is the molar flow rate

of the feed stream. The integral IOLHZO(qLHZO —4qtn,0)dZ may be interpreted as the cyclic
working capacity for water.

An idealized analysis can be performed by assuming shock front profiles for adsorp-
tion and desorption and instantaneous mass transfer between the fluid and the adsor-
bent. Then, the integral may be estimated by [79]:

Lu,o
L (4i,1,0 — 9£1,0)PbuikAbed 42 = PbulkAped L1, 0(9H,0 feed — 9H,0,des) (3.2)

where (qHzorfeed - QHzo,des) is the difference between the equilibrium uptakes at the feed
and final desorption conditions. Under realistic operation conditions, spreading at ei-
ther or both the adsorption and desorption concentration fronts is anticipated, reducing
the separation performance [80]. In addition, we assume equilibrium single-component
H,O uptake is representative of the mixture co-adsorption uptake of H,O. This is a rea-
sonable assumption for some materials (e.g., zeolitic sorbents) [81], but exceptions have
been observed. For example, suppression of water uptake by CO,, for CALF-20 [74] has
been observed at CO,partial pressures of ~97 kPa, but these conditions are way in ex-
cess of the range considered in the present case studies (4 to 20 kPa). Observing that
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the water content at the adsorber inlet for our various case studies is near saturation
levels, we further approximate the feed uptake by the estimated geometric saturation
loading of H, O from Zeo™" calculations. After applying the above assumptions, solution
of Equation (3.1) yields a simplified expression for Ly o:

tasyA, Py .

% t(AS) Nfeed yHZO,feed
- = (3.3)
pbulkAbed(QHZO,sat,geom - qHZO,des) AbedWC H,0

H,0

In Equation (3.3), we make a conservative assumption and use the duration of the ad-
sorption step t(45) as determined for the dry case (see Section 3.3.2) to approximate t,s),
thus avoiding an iterative solution.

We can derive a similar expression as Equation (3.3) for Lo, by combining Equa-
tions (3.6), (3.40) and (3.42) to give:

nCO,, out (HS) _ "COy, in (AS) RecoverYco2 _ 1(AS)Tifeed YCO, feed ReCOVefYco2

Lco, = ~ = (3.4)
2 Aped WCco, Aped WC co, Hsat Aped WC co,

See Section 3.4.2 for more details on how the CO, working capacity is calculated
considering the impact of water sorption.

Vacuum step The Vacuum Step (VS) together with the Intermediate Heating Step (IHS)
and Heating Step (HS) complete the regeneration process, but we do not collect the prod-
uct until the HS starts. The aim of the VS is to increase the purity of the product (CO,
rich) stream. At the end of the AS, the void space in the column! contains gas with
a composition that is equal to that in the feed gas stream. During the VS, the bed is
exposed to a rapid (instantaneous) vacuum, and as a result, we remove (part of) the gas
phase, which goes to the waste stream. During this step, the adsorbed phase is assumed
to be “frozen” and, therefore, it is expected that the quick change in the bulk pressure
will not affect the adsorbed phase concentration. Santori et al. [67] and Charalambous
[82] have given a detailed description of this step.

Once we stop applying the vacuum, the column will equilibrate again but at a lower
total pressure than the initial feed pressure. We can compute the new partial pressures
in the gas phase and the new loadings in the adsorbed phase from the mass balance and
adsorption thermodynamics. In our model, we follow a step-wise approach in which we
apply this vacuum step several times until the rate of pressure change calculated from
the last three steps is below a set value. The final equilibrium pressure in the bed is
Pyac_mep (see Figure 3.3, step 2). During these vacuum steps, the removed gas phase is
rich in N,, and we increase the CO,, concentration in the column. Hence, the purity of
our product stream increases, but as we add some CO,, to the waste stream, we lower
the recovery.

Intermediate Heating Step We can further increase the purity of our product if we
heat the bed to an intermediate temperature. At this higher temperature, the gas phase
will contain a higher concentration of the weaker bound component (i.e., Ny). This heat-
ing process is conducted in a series of ten consecutive steps until we reach a temperature
Tuvep (see Figure 3.3, step 3). At the start of the intermediate heating step, the pressure
in the column will be the final pressure of the Vacuum Step (VS), and the pressure is
further decreased during the Intermediate Heating Step (IHS) to the final vacuum pres-
sure, P,.. The pressure decrease happens as a step change during the first sequential
step in the temperature profile and is kept constant at B,,. during the remaining steps.

Heating Step During the Heating Step (HS), the bed is further heated in ten steps to
the final heating temperature, Tygy (see Figure 3.3, step 4). In this step, we have an
open end for collecting the CO, rich product at constant vacuum pressure.

1We assume that the total void space is the sum of the void space in the pellets and the void space in the
bed.
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Cooling Step During the Cooling Step (CS), the bed is pressurized and cooled down in
ten steps by flowing the feed stream through an open end of the bed. This results in a
pressure increase from the vacuum to the pressure of the feed stream Prggp and simul-
taneous cooling of the bed to the temperature of the feed stream Tgggp (see Figure 3.3,
step 5). During this step, no gas leaves the column. Hence, all the feed gas that enters
the bed and gets adsorbed stays in the bed. In this step, the total amount of flue gas we
must let in to achieve the desired temperature and pressure in the column is unknown.
This amount is then calculated from the mass balance, i.e., the difference between the
amount of CO, and N, at the end of the HS and the end of the CS. At the end of the CS,
the partial pressure of CO, in the gas phase will be (significantly) lower than its partial
pressure in the flue gas.

Cycle time

For the process and subsequent Techno-Economic Analysis (TEA) and Life Cycle Assess-
ment (LCA) evaluation, it is important to compute the effective cycle time of the carbon
capture process. We define our /... (h) as the total time required to operate all steps
that a single column undergoes, i.e., is the sum of the five steps in our TVSA process:

teycle = f(as) + tvs) + taus) + tus) + Ecs)- (3.5)

The time to operate the AS is given by the time it takes for the adsorption front to break
through, which can be obtained from the total amount of CO,, that is captured during

the AS:
_ MsatMAS,CO,

tas) = (3.6)

Tfeed Vfeed '
where 7, is the saturation efficiency of the column, which is set to one for this study,
nas,co, is the total number of moles of CO, captured in the AS, yreeq is the mole fraction
of CO, in the feed (flue gas), and 7i¢..g (mols~!) is the molar flow rate of feed stream.

The time to operate the VS is determined by the total volume of gas that is removed
during the vacuum step (Vysg oyt) over the flux of the pump:

\%
— VS, out (3.7)

tvs) ’
( Vout Atubes

in which v, (ms™!) is the velocity of the gas leaving the column and A,,,.. (m?) is the
total cross-sectional area of the tubes.

The heating and cooling times associated with [HS, HS, and CS follow from the time
it takes to heat/cool the bed from an initial temperature T, to a final temperature T;.

Cp, bed Vbed |T1 - TOl + Hads

t =
(IHS), (HS), (CS) T +Toy
U A Vped (Tiex - “5-2)

(3.8)

where ¢, ,.q (K] m~3K!) is the heat capacity of the packed bed, which is calculated using
Cp, solid from material layer; V3,4 (m?3) is the bed volume; H, . (k]) is the (multi-component)
enthalpy of adsorption; U is the heat transfer resistance (kfm~2s~! K~!), which is assumed
to be constant, i.e., independent of composition, temperature, and pressure of the fluid
and adsorbed phase, and fixed for all the materials. A (m?>m™3) refers to the heat transfer
area and Ty (K) is the temperature of the heat exchanger media.

Energy requirements

In the process layer, we compute the specific thermal energy for heating, the specific
thermal energy for cooling, and the specific electrical energy.
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Specific thermal energy for heating The specific thermal energy for heating, g, in
kJmol™!, is defined as the sum of the total (multi-component) enthalpy of adsorption,
H,4s (k]J), and the sensible heat, O..,, (kJ), in the Intermediate Heating Step (IHS) and
Heating Step (HS) per amount of CO,, collected in the HS, NHS,CO, »

_ Qsens + Hads
npHs,co,

dth (3.9)

where Q... is the sum of heat required to bring the adsorbent from the feed temperature
Tiow to the intermediate temperature, Tyigp, in the [HS, and the heat required to further
increase the temperature of the bed to the desorption temperature, Tygy, in the HS (see
Figure 3.3). In this calculation, we assume that the contribution of the gases in the
adsorbed and bulk-gas phase is negligible (see Moosavi et al. [O1]):

TricH
Qsens = Msolid f Cp, solid AT = Msolid Cp, solid [(TmeD — TLow) + (Tigr — Tmep )] (3.10)
Trow

Here, 11,4 (kg) is the total mass of the adsorbent in the bed. The heat capacity of the
solid c;, oo1ig (K] kg_1 K~!) is obtained from the foreground data of the material layer (see
Section 3.3.1).

To compute the energy needed to undo the adsorption (H,4;), we assume that the
enthalpy of adsorption of each component is independent of the composition and loading.
With these assumptions, H, 4, follows from:

N, comp

Hags = Z ~Ah; (3.11)
i=1

where n; is the total number of moles of component i adsorbed in the AS and for Ak;
(kymol™!), we use the average pure component isosteric heat of adsorption, which is
obtained the data in the material layer (see Section 3.3.1).

The thermal energy associated with regenerating the water-loaded sorbents, Hy o
(k]),was calculated by an analogous expression to Equation (3.11).

Hiy,0 = =Alhi,0111,0) = ~Ahi,0 - Poulk AL,0 * (41,0, sat, geom — 41,0, des) (3.12)

The change in the solid phase loading of water, Any . was derived by weighting the ap-

proximated change in uptake (qHzo,sat,geom _qHzO,des) (mol kg_l) by the total mass of sorbent
in the water-loaded zone (pbulkALHZO’ kg). Meanwhile, the pure component isosteric heat

of adsorption for H,O, —Atho (kJmol™1), is obtained from molecular simulations (see
Section 3.3.1).

Specific thermal energy for cooling In the process, cooling is needed in the following
steps, each demanding distinct amount of energy:

® QTherm Cool (k]), is the thermal cooling energy required in the Cooling Step (CS);

* Qpcc (k]), is the cooling energy required in the direct contact cooler (DCC), where
the flue gas stream is cooled down to the temperature required in the Adsorption
Step (AS), Trgep (K), and where part of the water is condensed out, n.ong water:

® Qcondenser (KJ), is the cooling energy required in the condenser, where the CO, rich
product stream collected in the Heating Step (HS) is cooled down to T, (K) prior
to entering the compression train, and;

* Qcompr (kK]) is the cooling energy required in the intercoolers located between com-
pressor stages. A compressor train is needed for those case studies in which the
CO,, sink is geological storage, and the CO,, product needs to be pressurized to 110
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bar. For TVSA process configurations, a compressor is also needed to bring the
CO, rich product stream from P,,. to atmospheric pressure before it is sent to the
compressor train.

Hence, the total specific thermal energy for cooling, 7, cooling (K] mol™!), can be calculated
by adding all the different terms and normalizing them by the amount of CO, collected
in the Heating Step (HS), nyg co,. mol, as follows:

QTherm Cool + Qcompr + Qpcc + Qcondenser (3.13)

qth, cooling =
MnHS,CO,

The thermal energy in the Cooling Step (CS) is computed similarly to the specific thermal
energy for heating (see Section 3.3.2); the sum of the sensible heat, Q... (k]J), and (multi-
component) enthalpy of adsorption, H, 4 (k]):

QTherm Cool = Qsens + Hads (3.14)

The thermal energy required to cool down the flue gas feed stream from Tqye gas 10 TrpeD
is given by:

QDCC = [nﬂue gas, in hfg(Tﬂue gas) ~ Mflue gas, out hfg ( TFEED)] + Mcond water hlatent ( TreED ) (3.15)

Here ngye gas, in @0d Mfye gas, our (Mol) are the number of moles of flue gas entering and exiting

the direct contact cooler; hfg (kJmol™!) is the enthalpy of the flue gas, Ty, gas (K) is the
temperature of the flue gas leaving the host plant; Tggep (K) is the temperature required
at the Adsorption Step (AS); fcond water (Mol) is the number of moles of condensed water;
and hypen: (k) mol™!) is the latent heat of condensation at a given temperature.

The thermal energy required to cool the CO,, rich product stream from the desorption
temperature, Tyigy, to Teoor is given by:

Qcondenser = [nproduct, in hgaS(THIGH) — Mproduct, out hgas(Tcool)] + "cond water hlatent(Tcool)' (3.16)

Here npyroduct, in @0 Mproduct, out(Mol) are the number of moles of product entering and ex-

iting the condenser; hg,s (k] mol™!) is the enthalpy of the mixture in the product stream,
Teool (K) is the outlet temperature, which is 313K for our cooling system.
The cooling duty of the compressor intercoolers is given by:

Nc

Qcompr = Z [n2j hgas ( T2j ) — M2j41 hgas ( Tcool) + Mcond water hlatent ( Tcool)] : (3.17)
j=1

Here, n,; and nyj,; (mol) are the number of moles of each of the mixture components in
the product stream entering and leaving the j-intercooling stage, respectively; Ty (K) is
the temperature of the fluid downstream of the compressor stage j, and; T.,, (K) is the
intercooling temperature, which is 313K for our cooling system.

The amount of condensed water, 7.y, water (Mol), and molar composition of the outlet
stream in a given cooling step, i.e., DCC, cooler, compressor intercoolers, when the gas
stream is cooled down below the dew temperature, Ty, follows directly from a mass
balance around the cooler and water knock-out drum and is evaluated as:

Ncondwater = Min — Moutr (3.18)
(1- in)
out = i 12O (3.19)
(1 - ;‘/HZO, sat)
YH,0, out = ¥H,0, sats (3.20)
1- )
Vi, out = ¥i,in (})ﬂ fori=H,0O, (3.21)
(1-H,0,in)
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where n;, and n,,; (mol) are the inlet and outlet total number of moles to a given cooling
stage, respectively; y; i, and y; o, are the molar fraction of a component i in the inlet and
outlet streams; YH,0, in and YH,0, out are the molar fractions of water in the inlet and outlet
streams; and VH,0, sat is the molar fraction of water at saturation in the outlet stream,
which is calculated as the saturation (vapor) pressure of water at T.oo, Paat(Teoo1)(bar),
divided by the total pressure of the gas stream, P, (bar), according to:

psat ( Tcool )

(3.22)
Ptotal

yHZO, sat —

Specific electrical energy The specific electrical energy, w,, (kJmol™'), is defined as
the energy needed to operate the vacuum pump during the VS and IHS of the capture
process and to operate the compressor used to pressurize the product stream that leaves
the capture plant to the conditions required for geological storage:

Wel vacuum T Wel compression
We) = — L COTP . (3.23)
hys,co,

We compute each term using the expression of the polytropic compression work (a re-
versible process which involves both heat and work transfer)[83] shown in Equation (3.24).

n-1
1 n P\
Wel,vacuum = % n—1 n RTy [(Ff) - 1]; (3.24)
(n—l):(ymix—l)_i 3.25)
n Vmix ’7p

Here, 1, is the polytropic efficiency of the equipment (i.e., vacuum pump or com-
pressor), n is the polytropic coefficient, y,,;, is the ratio of the heat capacity at constant
pressure to heat capacity at constant volume of the mixture, and ‘1’ and ‘2’ indices cor-
respond to the stream upstream and downstream of the equipment, respectively.

For a N.-multistage compression system that is composed of N, compressor alternated
with N, intercoolers, one divides the thermodynamic path from suction to discharge
pressure and temperature into a number of steps with the same (polytropic) efficiency.
In each j-compression stage, the fluid is compressed from the state (2j-1) to the state (2j),
and the fluid goes through a cooling process from the state 2j to the state (2j+1). The
compression work is calculated as follows:

N, n=1

<1 n Py \n
Wel,compression = — Moj-1 R T2j—1 [(_) - 1]: (3.26)

j; Mpn—1 Py
(1-2n,0,2))
Maj = 11(3; : , (3.27)
g @+1) (1 - yHZO, sat at Tcool)

Pyj = Pyji1, (3.28)
i1 = Tojs1 = Teool- (3.29)

Here, T and P, are the suction temperature and pressure, respectively, and Ty, and
P\ are the discharge temperature and pressure. Iterative calculations are employed to
determine the number of compression stages, N., ensuring that the exit temperature
from the initial compression stage remains below 200°C[84]. The process assumes a
constant pressure ratio for each compression stage. Assumptions include constant poly-
tropic efficiency 7, for each compression stage, ideal gas behavior of the working fluid
with constant heat capacity, and neglecting pressure drop in the intercoolers (Equa-
tion (3.28)).
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Validation of the layer

Our 3-step TSA model is based on the approach of Ajenifuja et al. [14]. We used the
authors’ results to validate our model. For this validation, we considered the same case
study as the authors, i.e., the CO, capture from post-combustion carbon capture sys-
tems. We also consider a binary mixture of CO, and N, adsorbed on zeolite 13X with
a CO, molar fraction of 0.12in the feed stream. All results were in good agreement in
terms of purity, recovery, working capacity, and specific thermal energy.

The validated TSA model was then modified to the 5-step TVSA model presented
above. The performance of this model was compared against an in-house detailed model
developed in gPROMS [85] and described by Young et al. [66].

The modifications to model the water distribution in the column are derived from the
strategy of Webley and coworkers [78]. They reflect the qualitative behavior observed from
dynamic wet experiments [72, 73] and cyclic separation involving wet mixtures [71, 78].
The penetration length concept has also been used in tandem with detailed numerical
modeling of PVSA cycles by Leperi et al. [79].

Output of the layer

The outputs of the process layer are eight process-KPIs and TEA foreground data. The
complete list of all process outputs is in Table 3.5.

3.3.3 Techno-Economic Analysis layer

In the Techno-Economic Analysis (TEA) layer, we provide estimates of economic KPIs as
well as foreground data required for the LCA layer.

TEA system boundaries

For the TEA calculations, the first step is to use the output of the process layer for
scaling out from the process design (i.e., the operation of a single column) to the capture
plant design. The capture plant boundaries are illustrated in Figure 3.4. Similar to the
process layer, the pre-treatment of the flue gas and the transport and storage/utilization
processes are excluded.

CAPEX calculation

The Capital Expenditure (CAPEX) of the capture plant is calculated by following the
guidelines of Woods, which are based on the Bare Module method for developing screen-
ing cost estimates. In this method, the Free-On-Board (FOB) cost of a specific piece of
equipment is multiplied by factors that account for all the concrete, piping, electrical,
insulation, painting, and supports needed in a space approximately 1 m out from the
sides of the equipment. This whole space is called a module, and the factors are ref-
erenced to as the Labour and Materials (LM) costs. The key equipment required at the
screening level consists of the adsorption column and the compressor and/or vacuum
pumps necessary to maintain the required conditions inside the adsorption column.

The Total Direct Cost (TDC) is then estimated by adding the FOB cost multiplied by
the equipment-specific LM factors for all relevant equipment (Section 3.3.3). Next, the
Engineering, Procurement and Construction (EPC) cost is estimated by multiplying the
TDC by the process contingencies (P;), indirect costs (P,), and project contingencies (P;)
factors (Section 3.3.3), respectively. Finally, the Capital Expenditure (CAPEX) is esti-
mated by multiplying the EPC cost by a factor that takes into account spare parts, and
owners cost, etc. (Py) (Section 3.3.3).

TDC = ZFOB.LM (3.30)
EPC = (1+P)-(1+Py)-(1+P;)-TDC (3.31)
CAPEX = (1+P,)-EPC, (3.32)
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System Boundary
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Figure 3.4| TEA system boundaries. Schematic illustration of the system boundaries
considered within the TEA of the adsorption-based carbon capture process.

with P, =0.10, P, =0.14, P; = 0.30, and P, = 0.07.

For these calculations, Aspen Capital Cost Estimator[86] and the database from Woods[87]
have been used as a source of FOB and LM costs. The work of Rubin et al. [88] has been
used as a source for process and project contingencies.

OPEX calculation

The operational expenditure, OPEX, is calculated annually and considers all plant op-
eration costs. It is calculated as the sum of fixed operational costs, variable operational
costs, and adsorbent replacement. Fixed costs, such as labor, maintenance, and in-
surance, are estimated following the guidelines of EBTF.[89] Variable costs are material
dependent and include materials and costs of utilities that need to be generated in addi-
tion to the available ones in the host plant (see Section 3.3.3). The adsorbent replacement
cost, which will depend on material durability, is calculated based on the assumption
that the adsorbent is replaced every five years[16] through the lifetime of the capture
plant. This cost is allocated to the year when the adsorbent needs to be replaced. As
there are huge uncertainties regarding the costs of MOF synthesis, our TEA model as-
sumes the price for all MOF's to be the same (30 €kg_1]. This value is based on a recent
analysis of the cost of some MOFS.[90] In Section 4.7.6, we study the impact of the price
on the overall cost of the process. In addition, we obtained some insights into the cost
associated with the metal from the life-cycle assessment KPIs.

Equation (3.33) shows how the lifetime discounted expenditure of the capture plant
is calculated.

Plant lifeti
e e OPEXﬁxed(yr) + OPEXvariable(yr) + yr lifetime Cmaterial, repl

OPEX =
(1+DCFp"

(3.33)
yr=1

Here, the summation runs over the years the plant is operating, a,, litetime 1S one if the
year is a multiple of the lifetime of the adsorbent; otherwise, zero. C,.ic;ial, rep (M€) refers
to the cost of material replacement, and DCF is the discounted cash flow rate.
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While the OPEX defined in (3.33) reflects the costs from a plant’s operator perspective,
the overall cost can be larger if the systems perspective is taken into account. This
perspective is particularly important for power plant generation technologies because
the operation of the carbon capture plant leads to a loss of electricity (i.e., parasitic load)
that has to be compensated by the system. Thus, in our PriISMa platform, we consider
an additional definition of the operational cost that accounts for this compensation by
the system, where we assume the electricity market price for electricity production. For
industrial plants, the system-based operational cost is equal to the OPEX defined in
Equation (3.33) if the production of the industrial site is not affected by the integration
of the carbon capture plant, and no product loss has to be compensated by the system.

Utilities calculation

In Equation (3.33), the operational variable costs include the costs of the utilities. Cal-
culating this cost requires assumptions on how the utilities are supplied to the capture
plant. In the PrISMa platform, we have developed a utility database (see Figure 2.2) that
allows for the creation of different scenarios.

There are two distinct relevant situations:

1. Utilities (heat, cooling, and power) are available at the CO, source (the host plant):
In some cases, the use of these utilities in the capture plant leads to a reduction in
production. This is the case of power plants, where it has been assumed that the
fuel input to the power plant is the same with and without carbon capture. This
results in a reduction of power output and net efficiency when the capture plant
is integrated. In other cases, production is not affected by the use of utilities. For
instance, some industrial sites (e.g., cement plants and oil platforms) might have
waste heat streams that can be used in the capture plant without any impact on
production.

2. Utilities (heat, cooling, and power) are not or insufficiently available at the CO,
source: In this case, the utilities need to be generated at the site or purchased, and
they have to be included in the overall capital and operational expenditure of the
plant.

The case study description provides scenarios on how the utilities are supplied to the
capture plant. The generic utility integration method then follows three steps:

1. Availability of utilities and limitations: The database contains upper and lower
limits of energy flows, pressure, and temperature for available utilities. A scenario
for estimating carbon footprint and primary energy use is provided for each utility.
These scenarios are region-dependent. Each case in the database is linked to a
region that considers local energy costs and local carbon footprints.

2. Estimation of required energy flows: These flows are computed and compared
with available utilities at CO, source. This step evaluates how much energy can
be supplied from the CO, source and how much energy needs to be purchased or
generated. The current database contains models for fuel-fired boilers, electrical
boilers, and steam generation from waste heat.

3. Integration or generation of utilities: Utilities can be either integrated from the
CO,, source or generated by adding extra equipment.

For every material, the overall utility consumption is estimated. If additional util-
ity generation must be included, the TEA framework follows a pre-defined case study-
dependent list of utilities until the requirements for all utilities are satisfied. In each case
study, at least one utility is unlimited to guarantee the energy supply for each material.
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Validation of the layer

Sorbent-based carbon capture is an innovative emerging technology that is in the early
stages of development, and, as a consequence, not all design and cost data are available
in the standard resources. For those components whose data is missing, the design and
cost results are calibrated with data from other industrially available components that
share a high degree of design similarity to the ones in our framework. In this context,
design similarity is established by only choosing cost models and data for comparison
from components with similar upper and lower design limits (pressure and temperature)
and similar limits in their main dimensions (e.g., diameter and length). Commercial
software has been used to generate the data when such data cannot be found in the
literature. Table 3.4 shows a list of the sources and models used to calibrate the main
equipment components of the techno-economic layer.[91]

Table 3.4: Main equipment components: Data, models, and correlations used to cali-
brate the main equipment components in the techno-economic layer

Equipment Design models/ cor- Performance Cost correlations Cost Data
relations data

Turbine/ Power plant 92, 93 89 [-] 89

Compressor 86 91, 94 [-] 89, 91, 94

Adsorption Column 86 From process layer 87 [-]

Boilers, coolers, 86 [-] 87 [-]

and other heat exchangers
Cooling tower [-] [-] [-] 89
Direct Contact Cooler 86 89 [-] 89

Output of the layer

The outputs of the TEA layer are ten TEA KPIs and LCA foreground data, all listed in
Table 3.5.

3.3.4 LCA layer

LCA aims to quantify a product’s or process’s environmental impacts. Generally, this
quantification requires detailed data on all life cycle phases, which is usually unavailable
in the early design phase of material discovery. To still incorporate environmental KPIs,
we developed a predictive LCA model for carbon capture using metal-organic frameworks
that predicts the environmental impacts of a carbon capture solution solely from the
foreground data of the capture plant and the molecular structure of the used material.

Goal and scope definition

The goal of the Life Cycle Assessment (LCA) is to estimate the environmental impacts
of the selected carbon capture process for all adsorbent materials to guide material se-
lection based on LCA KPIs. Generally, the carbon capture plant considered within the
PrISMa platform captures the CO, from flue gas to reduce the CO, emissions to the at-
mosphere. However, the environmental benefit of reducing the CO, in the atmosphere is
decreased by direct and indirect emissions, e.g., from utility demand required for plant
operation. Moreover, environmental impact categories beyond climate change are in-
creased and must be analyzed to ensure overall environmentally benign solutions. To
analyze the environmental impacts, we account for the energy and material exchanges of
the capture plant with the environment during the life cycle of the capture plant. Because
our PrISMa platform aims to compare the KPIs of using different materials for carbon
capture serving a specified CO,, sink, we predict the environmental impacts of the cap-
tured CO,, from cradle-to-gate. We define the functional unit that defines the function
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Figure 3.5| LCA system boundaries. Schematic illustration of the system boundaries
considered within the LCA of the adsorption-based carbon capture process.

of our investigated process as '1 kg CO,, captured’. Consequently, our system boundaries
include the carbon capture plant (i.e., the energy demand of utilities, compensation of
parasitic load for power plant case studies, steel demand for plant construction, material
synthesis, and material disposal (see Figure 3.5)). Within our system boundaries, we do
not consider the environmental impacts of the CO, source and flue gas treatment and
the CO, transportation, utilization, or storage, which are expected to be the same for all
materials and the Mono-Ethanol-Amine (MEA) benchmark process.

Life cycle inventory

To assess the environmental impacts of the entire life cycle of the carbon capture plant,
we divide our model into three phases: 1) the use phase of the carbon capture plant, 2)
the materials synthesis phase, and 3) the materials disposal phase.

Use phase in carbon capture plant. Our predictive LCA model for the use phase of
the carbon capture plant calculates the environmental impact using foreground data
provided by the TEA model (cf., Section 3.4.3). The model captures the environmental
impacts from the energy supply of the utility systems, i.e., for power, heating, and cooling,
depending on the energy supply scenario of the specific utility system as defined in the
TEA model. For power plant case studies, the energy demand of the carbon capture
plant is primarily supplied by the power plant (e.g., by steam extraction) until the limits
of the power plant are reached. Due to the operating limits of the power plant, it cannot
compensate for the resulting parasitic load (loss of electricity due to the operation of the
carbon capture plant). This parasitic load needs to be compensated by other electricity
producers, and the resulting indirect emissions must be accounted for in LCA.[95] Here,
we assume a compensation of the parasitic load by the average grid characteristics in
the defined region, following standard LCA practice.[96]
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The environmental impacts for carbon capture plant construction, disposal, and re-
cycling at the end of life are considered based on rough estimations of the carbon steel
demand of the equipment provided by the TEA model (cf., Section 3.4.3). At the end of
life, we assume a recycling rate of the carbon steel of 85 % based on Reuter et al. [97] and
a transport distance to a landfill of 15 km by lorry based on Frischknecht et al. [98].

Material synthesis phase. Due to the diversity of metal-organic framework synthesis,
the detailed consideration of material synthesis in a high-throughput materials screen-
ing is challenging. Thus, we have developed a simplified, predictive LCA model that esti-
mates the environmental impacts of material synthesis from the 3D molecular structure.
The model focuses on a detailed assessment of the metal used within the material.

We initially fragment the MOF based on its molecular structure in the model using
the so-called Moffragmentor tool [O5]. We obtain information on the molecular struc-
ture of the metal node and all organic linkers within the MOF structure. Because we
obtain molecular fragments from the structure, we perform a similarity search based
on the PubChem database[99] to identify the chemicals with the most similar molecular
structure as the molecular fragments of the organic linkers. The identified chemical is
considered a reactant of the organic linker. If the PubChem search fails, we approxi-
mate the molecular structure of the organic linker reactant by the molecular structure
of the fragment. From the molecular structure of the identified chemicals and their
occurrences within the MOF structure, the demand of the organic linkers for material
synthesis is estimated from the carbon content of the material. If no carbon is contained
in a linker, the organic linker demand is estimated from the nitrogen, phosphorus, or
sulfur content in a hierarchical order. The metal demand is estimated from the metal
content. We assume a fixed MOF yield rate of 85 % based on Sathre and Masanet [100].
For simplicity, we assume that all organic linkers have the same environmental impact
as terephthalic acid, the most occurring organic linker of the materials in our database.
To assess the environmental impact of the metal precursor, we select a proper metal or
metal compound market process from the LCIA database following a hierarchical proce-
dure:

1. Select the market process of the metal oxide, if available.

2. Select the market process of a metal compound other than oxide as a proxy, if
available (e.g., a carbamate).

3. Select the market process of the pure metal, if available.

4. If no metal or metal compound market process is available in the LCIA database,
use the mean environmental impact per kg of metal of the market processes of all
metal oxides of the corresponding elemental family (e.g., alkali metals or transition
metals).

The environmental impacts of metal compounds are transferred into the functional unit
’1 kg pure metal’ based on the chemical formula.

The solvent in which a MOF is synthesized can have an important impact on several
LCA-KPIs [101]. In this project, we developed a methodology to predict the greenest
solvent that can be selected for synthesizing a given MOF. This selection approach uses
the (limited) information available at this initial screening stage.

We follow a hierarchical solvent selection procedure that pursues two aims: 1) the
use of green solvents and 2) the use of solvents that are miscible with the organic linker.
To select the solvent used for the synthesis, we follow a sequential approach where a set
of five solvents that are frequently used in MOF synthesis (i.e., water, ethanol, methanol,
DMF, and DMA [102]) are considered and tested (from greenest to least green).

We assume that a MOF can be synthesized in a particular solvent if no phase split
occurs between the solvent and the organic linkers, i.e., no liquid-liquid-equilibrium
(LLE) exists. Our sequential approach starts by testing water as the solvent. If water
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forms an LLE with one of the organic linkers, we continue with the next, less green,
solvent until we find a solvent that matches our criteria.

The LLE calculations are performed using the nonrandom two-liquid model (NRTL)
model considering two synthesis conditions: 1) at 298.15K, as room temperature requires
less energy and is thus preferred and 2) 373.15K to test if the phase split can be pre-
vented for a green solvent with increased temperature. For the LLE calculations, we use
the Framework for Equations of State and Classical Density Functional Theory (FeOs)
[103] combined with the SMILES-to-Properties-Transformer (SPT) model to predict NRTL
parameters from the SMILES codes of the organic linkers and the solvents [104, 105].
We exclude LLEs with a miscibility gap smaller than 0.05 (molar) or occurring at molar
organic linker concentrations larger than xorganiclinker = 0.5. A solvent is then selected
in the hierarchical order, starting with water if no LLE occurs for one of both tested
temperatures.

The input of the SPT model is a combined string of the SMILES codes of both binary
mixture components, i.e., the organic linker and the solvent. The used version of SPT
allows a maximal length of the combined SMILES string of 128 characters. Moreover,
solely characters considered in the training process of the SPT model can be used. Thus,
for input strings longer than 128 characters or organic linkers SMILES codes containing
characters not trained in SPT, we assume a proxy solvent with average environmental
impacts of all five tested solvents. The proxy solvent is also assumed if none of our five
tested solvents matches our criteria.

For all solvents, we consider a mass ratio solvent/MOF of 70 and solvent recycling rate
of 90 % based on Sathre and Masanet [100]. The non-recycled solvent is discarded in a
wastewater treatment process if water is selected or a spent solvent mixture treatment
process with energy recovery if an organic solvent is selected.

In the current model, we use proxy data from the literature for the power demand of
the synthesis of 4.178 kWhkg™! based on Hu et al. [101]. The grid supplies the power
demand with average characteristics in the defined region. Finally, we consider the
transport distances of the material to the capture plant of 600 km by train and 100 km
by lorry.[98] The assumptions of the simplified, predictive model introduce uncertain-
ties into the model. Thus, a detailed LCA based on laboratory synthesis data has to be
performed a posteriori for the most promising candidates.

Materials disposal phase. For the material disposal, we assume incineration of the
material and subsequent metal recycling and landfill. The input of the material dis-
posal model is the materials’ element weight fraction. For metal-organic frameworks, we
calculate the element weight fraction from the molecular structure or, for the experimen-
tal structures, from the chemical formula defined in the corresponding literature. The
material is first transported to the incineration plant considering a transport distance
of 10km by lorry. The emissions of the incineration to the air are calculated from the
formed CO,, fuel- and thermal NOx, N, O, NHg, and CN emissions, as well as particu-
lates based on the waste incineration model of Doka [106, 107] with updated data from
Meys et al. [108]. The fuel-NOx emissions are calculated from the nitrogen content of
the material. Doka [106] assumes an equal share of fuel-NOx and thermal-NOx emis-
sions for average wastes in municipal solid waste incinerators. To account for proper
thermal-NOx emissions for materials without or with low nitrogen content, we assume
fixed thermal-NOx emissions of average wastes[106] for materials with fuel-NOx emis-
sions lower than the thermal-NOx emissions of the average waste. An equal share of
fuel-NOx and thermal-NOx emissions is assumed for materials with fuel-NOx emissions
higher than the thermal-NOx emissions of the average waste. For flue gas treatment,
Selective Catalytic Reduction (SCR) is assumed as an industrial standard in waste in-
cineration. For the SCR, we consider NHg, heat (natural gas boiler), and catalyst (TiO,
and V,0g) demands according to Doka [106, 107].

If sulfur, phosphorus, or halogens (Br, Cl, F, or I) are contained in the MOF, we as-
sume that acids are formed and neutralized using calcium carbonate in a stoichiometric
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reaction. The neutralization leads to additional CO, emissions to air and calcium car-
bonate demand. The formed salts from sulfur or phosphorus (Cag(PO,),, CaSO,) are
transported to a landfill. For halogens, the formed ions (Br~, C17, F~, I", and Ca2*) are
considered as emissions to water.

The produced heat of the incineration is calculated depending on the amount of car-
bon and hydrogen remaining according to the mass balance of all reactions. For the
heat of incineration, credit to the environmental impacts is given for replacing state-of-
the-art heat-production technologies, i.e., here, the market for the district or industrial
heat based on natural gas. A recycling rate of 95 % is assumed for the metals[101], and
credits to the environmental impacts are given for the recycled material based on the
hierarchical approach for selecting the process for metals from the LCIA database in the
materials synthesis model. All material amounts neither recycled nor emitted to air or
water are transported to a landfill considering a transport distance of 15 km by lorry.[98]

Life cycle impact assessment

We use the LCIA method Environmental Footprint 3.0, recommended by the European
Commission’s Joint Research Centre[109, 110]. The LCIA method comprises 28 impact
categories (16 main categories and 12 subcategories) that can be used as KPIs for ma-
terial selection. To account for the environmental impact of the background system, we
use the LCA database Ecoinvent V3.8 with the Ecoinvent system model at the Point of
Substitution (APOS).[111] We choose the ecoinvent system model APOS for a consistent
consideration of material recycling in a future application.[112]. The Ecoinvent database
provides total environmental impacts that capture both the direct emissions of a process
and the indirect emissions of the background supply chains.

Validation of the layer

The lack of LCA data makes the validation of the outputs of the layer challenging. How-
ever, each individual part of the LCA model is validated or taken from the literature:

¢ Use Phase: The accuracy of the model used for the use phase depends strongly on
the quality of the foreground data obtained from the TEA layer. Thus, the expected
accuracy is in a similar order of magnitude as the TEA layer.

* Disposal Phase: For the disposal phase, we use an established approach from
the literature to assess the environmental impacts of waste incineration from the
elementary composition.

* Synthesis Phase: For the synthesis of MOFs, the data basis for LCA is most chal-
lenging. Thus, we focused in the synthesis model on the key learnings from LCA
studies from the literature that identified two hotspots: the impact of the metal and
solvent. Moreover, we use validated proxy data from the literature for the synthesis
parameters.[101]

We use detailed and accurate LCIA scores from a commercial LCA database for the back-
ground data.[111] By combining the individual, validated parts, the LCA model can cap-
ture trends between the materials and guide the selection of sustainable adsorption
materials for carbon capture.

Output of the layer

The outputs of the LCA layer are 28 impact categories of the Environmental Footprint
3.0 per 1kg CO,, captured.
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3.4 Output of the PrISMa platform

The PriSMa platform generates two types of outputs: Key Performance Indicators (KPIs)
and Foreground data (FG). The KPIs are used to measure the performance of the mate-
rials or process. FG are data computed in one platform layer and used in the next layer.
At the materials layer, we provide additional data that can be used to test the accuracy of
the IAST approximation and indicate the materials’ affinity towards water. We also flag
the potential flexibility of the structure. Table 3.5 summarizes the output of the PrISMa
platform.

Table 3.5: Summary of all Key Performance Indicators (KPIs) and foreground data (FG)
generated by the PrISMa platform.

‘ No Description Unit Type Section ‘
1. Materials
1.1 Henry coefficient mol kg_1 Pa~! KPI (3.4.1)
1.2 Henry selectivity - KPI (3.4.1)
1.3 Pure component capacity molkg™! KPI (3.4.1)
1.4 Water resistance coefficient - KPI (3.4.1)
Foreground data for the Process layer
1.5 Crystal density gem™3 FG (3.4.1)
1.6 Pure component isotherm molkg‘1 (list) FG (3.4.1)
1.7 Isosteric heat of adsorption k] mol~! (list) FG (8.4.1)
1.8 Average heat of adsorption k] mol ™! FG (3.4.1)
1.9 H, O desorption loading molkg™! FG (3.4.1)
1.10 Heat capacity Jgolk! FG (3.4.1)
Flag data
1.11 IAST check - Flag (8.4.1)
1.12 Flexibility - Flag (3.4.1)
2. Process
2.1 Purity % KPI (3.4.2)
2.2 Recovery % KPI (3.4.2)
2.3 Effective recovery % KPI (3.4.2)
2.4 Working capacity molm™3 KPI (3.4.2)
2.5 Productivity molkg~ ! h™! KPI (3.4.2)
2.6 Specific thermal energy for heating MJ/mol KPI (3.4.2)
2.7 Specific thermal energy for cooling M]J/mol KPI (3.4.2)
2.8 Specific electrical energy M]Je1/mol KPI (3.4.2)
Foreground data for the TEA layer
2.9 Cycle time and step times (list) S FG (3.4.2)
2.10  CO, captured kgh™! FG (3.4.2)
2.11 Water-loaded fraction of the sorbent bed, o - FG (3.4.2)
2.12 Amount of product of each gas at HS (list) mol FG (3.4.2)
2.13 Amount of waste of each gas at VS (list) mol FG (3.4.2)
2.14 List of P, T and molar fraction of CO, at vacuum kPa, K, - FG (3.4.2)
2.15 Bed density kgm™3 FG (3.4.2)
3. TEA (entire capture plant)
3.1 CAPEX M€ KPI (3.4.3)
3.2 OPEX M€ KPI (3.4.3)
3.3 CAC et! KPI (3.4.3)
3.4 nCAC €l KPI (3.4.3)
3.5 LCOoC et! KPI (3.4.3)
3.6 cce et! KPI (3.4.3)
3.7 LCOE €MWh KPI (3.4.3)
3.8 CO,, avoided kgh™! KPl  (3.4.3)
3.9 Specific CO,, emissions kgCO,/unit KPI (3.4.3)
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3.10 SPECCA MJkg ! KPI (3.4.3)
Foreground data for the LCA layer
3.11 Total mass of CO, captured kg FG (3.4.3)
3.12 Total mass of required adsorbent material kg FG (3.4.3)
3.13 Total amount of parasitic load M]J FG (3.4.3)
3.14 Total heat amount supplied MJin FG (3.4.3)
by each utility system
3.15 Total power amount supplied MJe1 FG (3.4.3)
by each utility system
3.16 Total cooling amount supplied MJin FG (3.4.8)
by each utility system
3.17 Total mass of carbon steel of the equipment kg FG (3.4.3)
4. LCA (functional unit: 1kg CO,-captured)
4.1 Climate Change kg CO,-Eq KPI (3.4.4)
4.1.1 Climate Change: Biogenic kg CO,-Eq KPI (3.4.4)
4.1.2 Climate Change: Fossil kg CO,-Eq KPI (3.4.4)
4.1.3 Climate Change: Land Use and Land Use Change kg CO,-Eq KPI (3.4.4)
4.2 Water Use m? world eq. KPI (3.4.4)
deprived
4.3 Energy Resources: Non-Renewable M], net calorific KPI (3.4.4)
value
4.4 Material Resources: Metals/Minerals kg Sb-Eq KPI (3.4.4)
4.5 Land Use - KPI (8.4.4)
4.6 Acidification mol H+-Eq KPI (3.4.4)
4.7 Ecotoxicity: Freshwater CTUe KPI (3.4.4)
4.7.1 Ecotoxicity: Freshwater, Inorganics CTUe KPI (8.4.4)
4.7.2 Ecotoxicity: Freshwater, Metals CTUe KPI (3.4.4)
4.7.3 Ecotoxicity: Freshwater, Organics CTUe KPI (3.4.4)
4.8 Eutrophication: Freshwater kg PO4—Eq KPI (8.4.4)
4.9 Eutrophication: Marine kg N-Eq KPI (3.4.4)
4.10 Eutrophication: Terrestrial mol N-Eq KPI (3.4.4)
4.11 Human Toxicity: Carcinogenic CTUh KPI (3.4.4)
4.11.1 Human Toxicity: Carcinogenic, Inorganics CTUh KPI (3.4.4)
4.11.2 Human Toxicity: Carcinogenic, Metals CTUh KPI (3.4.4)
4.11.3 Human Toxicity: Carcinogenic, Organics CTUh KPI (3.4.4)
4.12 Human Toxicity: Non-Carcinogenic CTUh KPI (3.4.4)
4.12.1 Human Toxicity: Non-Carcinogenic, Inorganics CTUh KPI (3.4.4)
4.12.2 Human Toxicity: Non-Carcinogenic, Metals CTUh KPI (3.4.4)
4.12.3 Human Toxicity: Non-Carcinogenic, Organics CTUh KPI (3.4.4)
4.13 Particulate Matter Formation disease incidence KPI (3.4.4)
4.14 Ozone Depletion kg CFC-11-Eq KPI (3.4.4)
4.15 Photochemical Ozone Formation: Human Health kg NMVOC-Eq KPI (3.4.4)
4.16 Ionising Radiation: Human Health kBq U235-Eq KPI (3.4.4)

3.4.1 Output at the materials level

Henry coefficient

The Henry coefficients in molkg ™' Pa~! for CO,, N,, and H, O at the reference temperature
(298.15 K) as obtained from the NVT simulations (see Section 3.3.1).
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Henry selectivity

Henry selectivity of species i over species j is calculated from Henry’s coefficient of each
adsorbable component (see Section 3.4.1) and is governed by

Ky
Selectivity j/; = . (3.34)
Hj

Here, component i is CO, and component j is N,.

Pure component capacity

Pure component capacity in mol kg_1 of species i is obtained from the pure component
isotherm corresponding to that species at the adsorption conditions of temperature and
pressure (T =310.15K and P =1.013,25bar). Here, component i is CO, or N,,.

Water resistance coefficient

This property measures the impact of water on the capacity of the material to adsorb CO,,.
It is defined as the ratio of the amount of CO, adsorbed in the material from a wet flue gas
over the amount of CO,, adsorbed in the material from a dry flue gas. The adsorption data
have been obtained from GCMC calculations at the adsorption conditions of temperature
and partial pressures for the wet and dry flue gases and is governed by

qCOz, ternary (3.35)

Gratio = i .
qCOZ, binary

The adsorption data obtained from the GCMC calculations also allow us to compute the
ternary selectivity of species i over species j that is governed by

Selectivitytf};“ = % % (3.36)
j i

v; and y; are the compositions of either CO, or N, and either N, or H,O in the ternary mix-

ture, respectively. Here, we compute Selectivity&egl N, Selectivityé%“2 /m,0- and Selectivity{\?;‘Hzo.

Foreground data for the Process layer

Crystal density The density of the crystal in gcm ™ as obtained from Zeo™* calculations
(see Section 3.3.1).

Pure component isotherm The pure component isotherms in molkg™' for CO,, and
N, at the reference temperature (298.15K) as obtained from the GCMC simulations (see
Section 3.3.1).

Isosteric heat of adsorption The filtered loading-dependent heat of adsorption in kj mol~!
of N, and CO, as obtained from the GCMC simulations at the reference temperature
(298.15K) (see Section 3.3.1).

Average heat of adsorption The average heat of adsorption in kj mol™! of N, and CO, as
calculated from the filtered loading-dependent heat of adsorption given in Section 3.4.1.
For H,O, we use the heat of adsorption at the desorption conditions.
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Water desorption loading The loading molkg™' of H,O at the desorption conditions

is calculated using single-point GCMC simulations. The desorption pressure of water
(Pdes,HZO)’ at the process desorption temperature (393.15K), is obtained using[113]

P.
_SatFF (3.37)

Pdes,HZO = Pdes,pro P
sat,exp

where Pyes pro 1S the process desorption pressure (1.013,25bar), P,qexp is the experimental

water saturation pressure (1.9886bar), and P, pr is the water saturation pressure as
predicted by the force field (0.689 bar)[114].

Heat capacity The heat capacity in Jg~!K™!, as predicted by our machine learning
model (see Section 3.3.1).

Flags at the materials layer

IAST check To test the accuracy of IAST for a binary mixture at the adsorption con-
ditions of temperature and partial pressures, we compare the IAST predictions with the
GCMC calculations. As a measure of the accuracy, we use the logarithm of the ratio:

q:, IAST )’

ratio; =

Here, component i is CO, or N,.

Flexibility check We use the relative standard deviation of the Henry coefficients ob-
tained during a molecular dynamics simulation, in which we allow the material’s atoms
to move. If this standard deviation is above a critical threshold, we flag the structure as
flexible (see Section 3.3.1 for details).

3.4.2 Output at the process level
Purity

Purity in % is defined by the molar fraction of the key species, in this case, CO,, in the
product stream and is determined by the amount of CO,, product collected at the outlet
of the compressor train, nco, out (Molcp,), divided by the total amount of each species i
(total products) that leaves the column at outlet of the compression train, as

7"ICOZ, out

Ncomp
Zi i, out

Here, N, refers to the number of components considered in the adsorption process.

Purityco2 = -100%. (3.39)

Recovery

Recovery in % is defined by the amount of the key species, in this case CO,, collected at
the Heating Step (HS) divided by the total amount of that species entering the column at
the Adsorption Step (AS), nco,,in(as) (molCO,), and the Cooling Step (CS), nco,,in(cs)> as

1CO,, out (HS)

Recovery o, = -100 %. (3.40)

nCO,, in (AS) T CO,, in (CS)
Effective recovery

Effective recovery in % is defined as the recovery corrected by the CO,-eq. emissions
of the entire life cycle of the carbon capture plant and defines the effective amount of
CO,, that is avoided. The effective recovery can be calculated from the recovery and the
climate change impact CC, evaluated in the LCA layer, as

Eff. recovery oo, = Recovery cq, - (1-CQ). (3.41)
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Working Capacity

The working capacity in molm™ is defined by the amount of CO, (mol) product collected
at Heating Step (HS) per m3 as

1nCO,, out (HS)

(3.42)
Vbed

Working Capacity o, =
The reduction in working capacity of CO, due to competitive co-adsorption, i.e., the
impact of water, is considered by using the computed Ly o (see Section 3.3.2) to define

4co,,wet (mol kg_l]. The local equilibrium molar loadings for the adsorbent during the feed
adsorption step for the water-loaded and water-free zones within the column are taken
respectively from the ternary and binary GCMC simulations (see Section 3.3.1). The
overall expression for 4o, wet 1S then

q ot qCOZ,dry H,0 (3.43)
v Z>L
qCOZ,dry > H,0

where Z (m) is the position in the column.
The working capacity considering the impact of H,O sorption, can then be calculated
as the weighted average of the respective working capacities for the dry and wet parts:

Working Capacity co, X @ Working Capacity CO,wet (1 — a)Working Capacity CO, dry (3.44)

where o gives the fraction of the sorbent bed that is water-loaded at the end of the
feed adsorption step at CSS (cf. Equation (3.50)).

Productivity

Productivity in mol kg‘1 h~! is defined by the working capacity (cf., Equation (3.44)) and
the cycle time, /.., as
1

Productivity co, = Working Capacity co, m (3.45)
u 4

tevele () is the total time that is required to operate a complete cycle of the process. For
the five-step TVSA, it is defined by the predicted time required to complete the AS, VS,
[HS, HS, and CS (see Section 3.3.2). py,,j. (kgm~2) is the bulk bed density which is defined
in Equation (3.51) (see Section 3.4.2).

Specific thermal energy

The specific thermal energy for heating, ., in kJmol ™', is defined as the sum of the sensi-
ble heat and multi-component enthalpy of adsorption (cf. Equation (3.9) in Section 3.3.2).

Specific thermal energy for cooling

The specific thermal energy for cooling, g1, cooling N kJmol™!, is the sum of the energy
required for the CS in the capture process and the cooling duty of the direct contact
cooler, of the condenser, and of an inter-cooled compressor if, for a particular case study,
the CO,, sink needs a compressor (cf. Equation (3.13) in Section 3.3.2).

Specific electrical energy

The specific electrical energy, w, in kJmol™', is defined as the energy needed to oper-
ate the booster fan, the vacuum pump and the compressor? and is derived from the
expression of the polytropic compression work (cf. Equation (3.13) in Equation (3.23)).

2This compression step will depend on the CO,, sink.
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Foreground data for the TEA layer

Cycle time and step times. The cycle time, ¢ . (h), is the total time required to operate
all steps that a single column undergoes, and it is defined as:

teycle = HAS) +E(vs) + f(1ns) + f(Hs) + ECs)- (3.46)
Section 3.3.2 describes how we compute the time to operate each step.
CO, captured. Most economic KPIs depend on the scale of the capture plant. The basis

for the scaling is provided by the total amount of CO, that is captured, 7ico caprured I
kgCO,/h, in the process and is defined as ‘

NnCO,, out (HS) Ncolumns Ntrains MWCOZ

mCOZ captured = (3.47)

tcycle
Here, nco,, out (1s) (MolCO,) is the amount of CO, obtained per column and, therefore,
the total amount of CO,, product is obtained by multiplying with N,j,,,,s» the number of

columns in the capture plant per train, and N,,,;,., the number of trains in the capture
plant:

Leycle
Neolumns = t (3.48)
Tifeed,
Ntrains = :; :)t (3.49)
ee

where 7.4 1 is the total molar flow rate of the feed stream to the capture plant (mols™')
and 7. is the molar flow rate of the feed stream to the column (mols™!). MW co, in

kgmol ™! is the molecular weight of CO,.

Water-loaded fraction of the sorbent bed « describes the fraction of the sorbent bed,
which is water-loaded at the end of the feed adsorption step at Cyclic Steady state.

_ Li,o0 _ 1 WCco, ¥H,0,feed (3.50)
Leco, Recoveryco, WCH,0 ¥co, feed

Amount of product of each gas at HS. A list containing the total amount of product
(mol) of each species collected at the end of the Heating Step per column.

Amount of waste of each gas at VS. A list containing the total amount of waste (mol)
of each species exiting the column at the end of the steps where vacuum is applied, i.e.,
at the end of the Vacuum Step, Intermediate Heating Step, and Heating Step.

List of P, T, and molar fraction of CO, at vacuum. This list contains information
on the operation of the vacuum step (i.e., bulk-gas pressure in the column, column
temperature, molar fraction of CO,, in the bulk-gas phase of the column).

Bed density. The bed density py,, ;. in kgm™ is calculated in the process model using
material parameters (i.e., crystal density, pellet density, and pellet porosity) and column
characteristics (i.e., bed porosity):

Poulk = (1.0 = €ped) Ppellet- (3.51)

Here, ¢4 is the void fraction of the bed (tubes, in case of packed multi-tubular heat
exchanger column). In this study, we use €peq = 0.37. ppei1er in kg m~3 presents the density
of the pellet, which can be either known/measured experimentally or defined by the pellet
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void fraction, ¢,,..(, and the density of the solid/crystal, p .| (from the materials layer,
see Section 3.4.1), as

Ppellet = (1.0- epellet) Pcrystal- (3.52)

In this work, we assume €pejier = 0.35.

3.4.3 Output at the TEA layer

Capital Expenditure (CAPEX)

The Capital Expenditure (CAPEX) of the capture plant, in M€, is calculated by following
the guidelines of Woods [87], which are based on the Bare Module method for developing
screening cost estimates (see Section 3.3.3 for details).

Operational Expenditure (OPEX)

The Operational Expenditure (OPEX), in M€, is calculated annually and takes into ac-
count all costs to operate the plant. It is calculated as the sum of fixed operational costs,
variable operational costs, and adsorbent replacement (see Section 3.3.3). Please note
that we consider solely the OPEX from a plant’s operator perspective as KPI and not the
OPEX from the system’s perspective.

Carbon Avoidance Cost (CAC)

CAC in €t7! is a metric that quantifies the cost incurred in avoiding a mass unit of CO,
into the atmosphere considering the energy-related life cycle CO,-eq. emissions of the
capture plant. For power generation case studies, CAC is calculated from the levelized
cost of electricity and the carbon intensity according to:

LCOE,. — LCOE, ¢

eC02 intensity, ref — eCOZ intensity, cc

CAC =

(3.53)

In Equation (3.53), LCOE,.; and LCOE_ .. (€/MWh) represent the levelized cost of electricity
for a reference power plant without and with carbon capture, respectively. eco, inensity, ref
(tCO,/MWh) represents the total CO,-eq. emissions per unit of electricity for the reference
power plant without carbon capture and is calculated as the sum of the direct CO,-eq
emissions as defined by the case study and the indirect CO,-eq emissions estimated
based on LCIA data taken from commercial LCIA databases. eco iniensity, cc (tCO,/MWh)
indicates the total CO,-eq. emissions per unit of electricity produced for the power plant
with carbon capture considering the energy-related life cycle CO,-eq. emissions of the
capture plant (for details, see Section 3.4.3).

For industrial case studies, Roussanaly et al. [115] have shown that Equation (3.53)
reduces to Equation (3.54), if the production of the industrial site is not affected by the
integration of the carbon capture plant.

OPEX.
TCRCC + Z (l-FD—CT()yy';)

CAC = (3.54)

MCO, avoided 17(37)
L (1+DCEP"

In this equation, TCR is the Total Capital Required, which equals CAPEX plus the interest
during construction, which is estimated according to EBTF guidelines [89]. #ic0, avoided
are the CO,-eq. emissions avoided as defined in Section 3.4.3, and /i7(yr) are the operat-
ing hours per year of the plant during its lifetime. These calculation methods have been
implemented in the PriSMa platform to estimate the CAC (€t™1).
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Net Carbon Avoidance Cost (nCAC)

The nCAC in €t7! is a metric that quantifies the overall cost incurred in avoiding a mass
unit of CO,, into the atmosphere over the entire life cycle of the process, i.e., consider-
ing the total life cycle CO,-eq. emissions of the capture plant. In contrast to the CAC,
the nCAC considers the emissions of the entire life cycle of the capture process, e.g.,
the additional CO,-eq. emissions from the material’s synthesis, disposal, and plant con-
struction, and not solely the energy-related life cycle CO,-eq. emissions of the capture
plant (cf. Section 3.4.3). The nCAC is defined from a system’s perspective and thus also
accounts for the costs and emissions associated with the compensation of the loss of
product in case the production is affected by the carbon capture process (e.g., for power
plant cases). This KPI thus requires input from the LCA layer.
The nCAC can be calculated according to Equation (3.55)

OPEX.(vr)
TCRee + X Tperpr

mCO2 avoided NEThr(Vr)
L (I+DCE)"

nCAC = (3.55)

where OPEX . (yr) denotes the system-based operational cost as defined in Section 3.4.3
and the 7ico ,yoided neT considers the amount of CO,, avoided considering the total CO,-
eq. emissions over the entire life cycle of the capture plant as calculated in the LCA
layer. Equation (3.55) can be written in terms of the system-based LCOC or CCC, which
are identical for the system’s perspective (see Section 3.4.3 and Section 3.4.3) and the
climate change impact CC evaluated in the LCA layer, as illustrated in Equation (3.56)

LCOC  CCC

1-CC 1-CC’
The nCAC is larger than the CAC defined in Section 3.4.3 due to the consideration of

the non-energy-related life cycle CO,-eq. emissions from the LCA in the denominator and

the additional costs and emissions from the compensation. The nCAC is thus preferred
as a KPI compared to the CAC from an environmental perspective.

nCAC =

(3.56)

Levelised Cost of Capture (LCOC)

The Levelised Cost of Capture (LCOC) is a metric presented in the Techno-economic
Methodology Report by BEIS [116], and it is calculated as the discounted lifetime cost of
building and operating a CO,, capture system (€t™').

OPEX,.(yr)
TCRe + 1 W

mC02 captured hf(y’)
L (I+DCFW"

LCOC = (8.57)

See Section 3.4.3 for the definition of the parameters.

Carbon Capture Cost (CCC)

The Carbon Capture Cost (CCC) is a metric that quantifies the cost incurred in capturing

a mass unit of CO, (€t7!). This metric is used to assess the economic viability of a CO,

capture system relative to a market price for CO, as an industry commodity [117]. For

industrial case studies, the CCC reduces to the LCOC if the production of the industrial

site is not affected by the integration of the carbon capture plant. This is because the

LCOC does not consider the power output penalty due to the carbon capture system.
For a power generation plant, CCC can be defined as

LCOE — LCOE,

i h
v "CO, captured hr(yr)
(1+DCF)YT

(ch)hr(yr)
L (1+DCF)¥"

CCC= (3.58)
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where 7o caprured 1S the total mass of CO, captured and IW.. is the net power output of
the plant with capture. Equation (3.58) reduces to Equation (3.59) if the total mass of
CO,, captured and the net power output of the plant with capture is constant over the
lifetime of the plant:
LCOE.. - LCOE,¢
"CO, captured
WCC

CCC= (3.59)

See Section 3.4.3 for the definition of the parameters.

For the nCAC (Section 3.4.3) calculation, the CCC considers the system-based op-
erational cost (cf. Section 3.3.3) and a power output equal to the reference power plant
without carbon capture due to the compensation of the parasitic load. In this case, the
definition of CCC from a system’s perspective reduces to the LCOC defined in Equa-
tion (3.57) when the system-based operational cost is used. For industrial plants, the
system-based CCC is equal to the operator-based CCC if the production of the industrial
site is not affected by the integration of the carbon capture plant.

Levelized Cost Of Electricity (LCOE)

LCOE is the discounted lifetime cost of building and operating a generation asset, ex-
pressed as a cost per unit of electricity generated (€/MWh).[118] In the PrISMa platform,
the levelized cost of electricity of the power plant with carbon capture LCOE.. encom-
passes the capital costs of the generator (power plant), which is assumed to be the same
after the integration of carbon capture, the capital costs of the capture plant, all relevant
costs for operating the power plant and the capture plant. It excludes financing costs.
The LCOE is calculated according:

OPEXref(yr)
(1+DCEP"

Wrefhr(yr)
Z (1+DCF)¥"

TCRref + Z

LCOE, o = (3.60)

OPEXref(yr)
TocE t TCR. + )Y

WCChr(yr)
L (1+DCFp"

OPEX(yr)

TCRpes + X TT+DCEY"

LCOE,, = (3.61)

where TCR . is the total capital required (€) including interest during construction for
the reference plant, DCF is the discount cash flow rate, TCR_. is the total capital required
for the capture plant, and ,.; and W, are the power output of the reference power plant
and the power plant with carbon capture, respectively, and /i7(yr) represents the annual
operating time in hours.

Carbon Dioxide Avoided

The mass flow rate of CO, avoided quantifies the total CO,, emission reduction from a
capture plant considering its energy-related life cycle CO,-eq. emissions. We compute
the total mass flow rate of CO, avoided, 70, .yoidea (kgCO,/h), from the total mass flow
rate of CO,, captured M1CO, captured (cf., Section 3.4.2) and the total mass flow rate of CO,
emissions of the energy supply by utilities to the capture plant, 17co cpmissions, cc» aS

mCOz avoided = mCOZ captured — mCOZ emissions, cc’ (3.62)

with
MCO, emissions, cc = Zeco2 intensity, utility Wautility Nutility- (3.63)
Here, eco, inensity, utility ((CO,/MWHh) is the total CO,-eq emission rate of a given utility (i.e.,
heat, cooling, power/electricity), Wuli]ity (MW) is the power, heat or cooling requirement
of a utility unit, and N, corresponds to the number of equipment per utility needed in
the entire capture plant. The total CO, intensity per utility eco, iniensity, utility 1S taken from
the commercial LCIA database and includes direct and indirect emissions of the utility. It
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is important to note that the CO,-eq. emissions from ‘in plant fuel use’ are excluded from
MCO, emissions, cc since they are included in the CO,, source. Moreover, the MCO, emissions, cc do
not consider the CO,-eq. emissions from materials synthesis and disposal and capture
plant construction.

Specific carbon dioxide emissions

The specific CO,-eq. emissions or CO, intensity eco inensity, .« T€Presents the total CO,
emitted per unit product in kgCO,/unit of product for industrial cases with carbon cap-
ture, or per unit electricity for power plant cases with carbon capture. For power plant
case studies, €CO, intensity, cc 1S given by the total emissions of the CO,, source plant with
carbon capture divided by the power generation of the power plant with carbon capture,
Wee.

For the power plant with carbon capture, ¢co_intensity, cc 1S calculated as:

€CO, intensity, ref * Wret — mCOZ captured T mCOZ emissions, cc

eCOz intensity, cc = - (3.64)
Wee
For cement and other industrial cases, cco intensity, o i calculated as:
€CO, intensity, ref * PrOduCtref - mCOZ captured mcoz emissions, cc
€CO, intensity, cc = ’ (3.65)

Product,¢

where eco, inensity, ref (tCO,/MWh) represents the total specific emissions of the reference
plant without carbon capture, W,.; (MW) represents the power output of the reference
plant without carbon capture, 7ico, c.piured Tepresents the total mass flow rate of CO,
captured, 1710 emissions, . Fepresents the total mass flow rate of energy-related CO, emitted
by the capture plant and Product,. is the production of an industrial plant without carbon
capture, which, for industry cases, is assumed to be unaffected by the integration of
carbon capture.

SPECCA

The Specific Primary Energy Consumption per CO, Avoided (SPECCA) is a metric that
measures the amount of primary energy consumed in avoiding emitting a mass unit of
CO, into the atmosphere. The calculation, as per EBTF, assumes constant thermal input
of the power plant with and without carbon capture. Following the definition of the spe-
cific emission (see Section 3.4.3), the primary energy is calculated based on LCIA data
taken from commercial LCIA database and includes both direct and indirect primary
energy of the reference plant and utilities. For power plants, the primary energy con-
sumption is calculated as the sum of the direct primary energy consumption as defined
by the case study heat rate (Qih input, ref/ W,f) and the indirect primary energy consump-
tion per unit electricity (PE;,q rf) estimated from commercial LCIA databases. In the case
that the capture plant utilities consume additional primary energy, the total primary
energy consumption of the utilities is added to the total primary energy consumption of
the reference power plant according to:

( ch‘i/l\?lfcut, cc ( ch;;/}::ft, ref . 3600 + PEindyref))
SPECCA = (3.66)
eC02 intensity, ref — 6C02 intensity, cc
with
ch input, ref . .
Qth input,cc =\ T ° 3600 + PEjng ref | Wret + ZPEutility Wutility Nutility~ (3.67)
ref

Here, PE; 4 .. denotes the indirect primary energy consumption of the reference power
plant per unit electricity (MJ/MWh), PE,;;;, is the total primary energy consumption of
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a utlhty per unit energy (MI/MWh)’ and €CO, intensity, cc and €CO, intensity, ref ar€ the SpeCiﬁC
CO,, emission (kgCO,/MWh) of the plant, with and without CO2 capture, respectively.
The factor 3600 is to convert Oy, inpui, rer from MJ/sec to MJ/h. W, and W, are the
power output of a utility unit or the reference power plant (MW), respectively. N,
is the number of utilities, and /.. is the power output of the power plant with carbon
capture (MW).

For industrial sources, we define:

Z PEutility Wutility Nutility

mCOZ avoided

SPECCA = (3.68)

where 1CO, avoided 18 defined by Equation (3.62).

Foreground data for the LCA layer

The LCA foreground data calculated in the TEA layer provides data on the energy and
material demands of the carbon capture plant during its entire life cycle.

Total mass of CO, captured. Indicates the total mass of CO, in kg that is captured
during the life cycle of the capture plant. The variable is used to scale the environmental
impacts to the functional unit of '1 kg CO,, captured’.

Total mass of required adsorbent material. Indicates the total mass of adsorbent
material in kg that is required during the life cycle of the capture plant. The mass
includes the initial amount of material required at plant construction and the refilling
after the lifetime of the material.

Total amount of parasitic load. Indicates the total parasitic load in MJ, i.e., the loss of
electricity of the power plant due to the energy supply of the carbon capture plant (e.g.,
power supply or heat supply by steam extraction).

Total heat amount supplied by each utility system. Indicates the total amount of
thermal energy for heating in MJ provided by each heat supply technology considered
in the utility system. Besides the amount of thermal energy, the scenario of the heat
supply technology is provided (e.g., natural gas boiler or electrical boiler).

Total power amount supplied by each utility system. Indicates the total amount of
electrical energy in MJ provided by each power supply technology considered in the utility
system. Besides the amount of power, the scenario of the power supply technology is
provided (e.g., electricity grid or wind turbine).

Total cooling amount supplied by each utility system. Indicates the total amount of
thermal energy for cooling in MJ provided by each cooling supply technology considered
in the utility system. Besides the amount of cooling energy, the considered cooling supply
technology scenario (e.g., cooling water) is provided.

Total mass of carbon steel of the equipment. Indicates the total mass of carbon steel
required for the equipment construction. For each piece of equipment, the total mass
of carbon steel is obtained by the weight of each equipment unit multiplied by the total
number of equipment units required in the capture plant. The mass of carbon steel for
each piece of equipment is estimated using linear correlations fitted to Aspen Capital
Cost Estimator [86] data depending on the equipment size.
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3.4.4 Output at the LCA layer

The KPIs of the LCA model are defined according to the life cycle impact assessment
(LCIA) method Environmental Footprint 3.0 recommended by the European Commis-
sion’s Joint Research Centre [109, 110]. The Environmental Footprint 3.0 LCIA method
comprises 28 impact categories (16 main categories and 12 subcategories) that can be
clustered into environmental impacts on climate change, resources, ecosystem quality,
and human health. For each impact category, the environmental impact h; can be cal-
culated as:

h; = Zc,- X (3.69)

ieD

where c; is the LCIA score taken from LCA databases, x; is the life cycle inventory of
process i, and D is the set of all processes within the system boundaries. All impact
categories are briefly described in the following subsections. For details, the reader is
referred to the Environmental Footprint 3.0 documentation [109].

Climate Change

* Climate Change: Indicates the total Global Warming Potential (GWP) due to green-
house gas emissions to the air and CO,, uptake from the atmosphere according to
the IPCC, 2013 [119]. A GWP baseline of 100 a (GWP100) is considered. (Unit:
kg CO,-Eq)

- Climate Change: Biogenic: Indicates the GWP due to greenhouse gas emis-
sions from biomass utilization (e.g., combustion) and CO, uptake from the
atmosphere due to biomass growth.

- Climate Change: Fossil: Indicates the GWP due to greenhouse gas emissions
from fossil fuel utilization (e.g., combustion).

- Climate Change: Land Use and Land Use Change: Indicates the GWP (CO,
uptake and emission) due to changes of the carbon stock caused by land use
change and land use (e.g., deforestation or road construction).

Resources

* Water Use: Indicates the potential of water deprivation to ecosystems or humans
in a specific region. The impact category considers the relative available water
that remains after supplying the ecosystem and human water demand. (Unit:
m? world eq. deprived)

* Energy Resources: Non-Renewable: Indicates the use of non-renewable fossil
resources (e.g., natural gas or coal). The use of fossil resources is measured using
the net calorific value. (Unit: MJ, net calorific value)

¢ Material Resources: Metals/Minerals: Indicates the use of non-renewable non-
fossil natural resources (e.g., minerals and metals). This environmental impact
category takes into account the availability of a mineral or metal on earth and
the current mining rate. The use of natural resources like minerals and metals is
measured using antimony (Sb) as reference material. (Unit: kgSb-Eq)

¢ Land Use: Indicates the use of the land area (e.g., by agriculture, housing, or
mining) depending on the soil quality and the effect on land properties and area
changes. (Unit: dimensionless)

Ecosystem Quality

* Acidification: Indicates the potential acidification of soils and water due to hydro-
gen ions (H+) that are released to the environment due to mineralization of sub-
stances like NOx or SOx. (Unit: mol H*-Eq)
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* Ecotoxicity: Freshwater: Indicates the toxic impact of released substances on a
freshwater ecosystem and its organisms, structure, and function. The impact is
measured using the comparative toxic unit for ecosystems (CTUe).

- Ecotoxicity: Freshwater, Inorganics: Indicates the toxic impact of inorganic
substances on a freshwater ecosystem.

- Ecotoxicity: Freshwater, Metals: Indicates the toxic impact of metals on a
freshwater ecosystem.

- Ecotoxicity: Freshwater, Organics: Indicates the toxic impact of organic sub-
stances on a freshwater ecosystem.

* Eutrophication: Freshwater: Indicates the increase of nutritional elements in a
freshwater ecosystem. This increase can result from the emission of substances
that contain phosphor. (Unit: kg PO,-Eq)

e Eutrophication: Marine: Indicates the increase of nutritional elements in a ma-
rine ecosystem. This increase can result from the emission of substances that
contain nitrogen. (Unit: kg N-Eq)

* Eutrophication: Terrestrial: Indicates the increase of nutritional elements in a
terrestrial ecosystem. This increase can result from the emission of substances
that contain nitrogen. (Unit: mol N-Eq)

Human Health

* Human Toxicity: Carcinogenic: Indicates the effects of an intake of toxic sub-
stances on human health related to cancer. The intake of toxic substances can
result, e.g., from air, food, or water intake. (Unit: CTUh (Comparative Toxic Unit for
human) that indicates the disease cases in the human population per kg emitted)

- Human Toxicity: Carcinogenic, Inorganics: Indicates the effects of an intake
of toxic inorganic substances on human health that are related to cancer.

- Human Toxicity: Carcinogenic, Metals: Indicates the effects of an intake of
toxic metals on human health, which are related to cancer.

- Human Toxicity: Carcinogenic, Organics: Indicates the effects of an intake
of toxic organic substances on human health, which are related to cancer.

* Human Toxicity: Non-Carcinogenic: Indicates the effects of an intake of toxic
substances on human health unrelated to cancer and not caused by particulate
matter or ionizing radiation. The intake of toxic substances can result, e.g., from
air, food, or water intake. (Unit: CTUh (Comparative Toxic Unit for human) that
indicates the disease cases in the human population per kg emitted)

- Human Toxicity: Non-Carcinogenic, Inorganics: Indicates the effects of an
intake of toxic inorganic substances on human health that are not related to
cancer.

- Human Toxicity: Non-Carcinogenic, Metals: Indicates the effects of an in-
take of toxic metals on human health unrelated to cancer.

- Human Toxicity: Non-Carcinogenic, Organics: Indicates the effects of an
intake of toxic organic substances on human health unrelated to cancer.

* Particulate Matter Formation: Indicates the effects of particulate matter (PM)
emissions and its precursors (e.g., NOx or SOx) on human health and potential
disease. (Unit: disease incidence)

* Ozone Depletion: Indicates the stratospheric ozone degradation due to emissions
of ozone-depleting molecules like chlorofluorocarbons. Trichlorofluoromethane (CFC-
11) is used as a reference molecule. (Unit: kg CFC-11-Eq)
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* Photochemical Ozone Formation: Human Health: Indicates the effect of the for-
mation of the ozone at the troposphere level on human health due to photochemical
oxidation. The impact is measured by the increase of the tropospheric ozone con-
centration in kg NMVOC-Eq (non-methane volatile organic compound).

* Ionising Radiation: Human Health: Indicates the effects of radioactive releases
(e.g., radionuclide emissions) on human health. Uranium-235 (U235) is used as
reference material. (Unit: kBq U235-Eq)
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3.5 Benchmark: Monoethanolamine (MEA)-based absorp-
tion process

To benchmark the performance of the sorbent materials in WP1 and WP5, we have as-
sessed a monoethanolamine (MEA)-based absorption process for each CO,, source. This
assessment is consistent with the assumptions of the PrISMa platform.

3.5.1 TEA assumptions for the MEA benchmark

In the TEA layer, the assumptions for the MEA benchmark for the power plant case
studies are based on the work of the EBTF.[20, 21] The following modifications have
been introduced to align the methods of Manzolini et al. [21] to the methodology of the
PrISMa platform (cf., Section 3.3.3):

1. All costs have been updated from 2008 to 2019 using the Harmonised Index of
Consumer Prices (HICP) average historical value for the Euro Area (EA) zone.

2. The process, project contingencies, and owner’s costs for the current platform method-
ology have been adopted to align the methods to estimate the total capital required.

3. The natural gas and coal costs are changed to reflect the UK-specific average cost
for 2019.

4. The calculation of the levelized cost of electricity for the power plant with MEA based
capture is changed to follow the approach of the TEA layer in the PriISMa platform,
as described in the Section 3.3.3.

For the industrial case studies, in this particular case for cement plants, the assump-
tions for the MEA benchmark are based on the work conducted in the CEMCAP|[22, 23]
project. Performance parameters (i.e., specific CO, emissions of the reference plant, elec-
tricity, and thermal energy consumption in the MEA-based capture plant) and equipment
cost for the CO,, capture plant, compression train, and steam generation plant are taken
from the report. Waste heat is recovered from the cooling air exiting the hot clinker grate
cooler. However, additional thermal energy is required for the solvent regeneration in the
form of a natural gas boiler. Additional electricity is taken from the grid for the solvent
pumps, water pumps, and CO, compression train. The CO, emission intensity of the
electricity grid and natural gas boilers are taken from the same LCA database as for the
sorbent-based carbon capture process (cf., Section 3.3.4).

The following modifications have been introduced to align the methods to the method-
ology followed in the PrISMa platform (cf., Section 3.3.3):

1. All costs have been updated from the year 2014 to 2019 using the Harmonised
Index of Consumer Prices (HICP) average historical value for the Euro Area (EA)
zZone.

2. The process, project contingencies, and owner’s costs for the current platform method-
ology have been adopted to align the different methods to estimate the total capital
required.

3. The natural gas and electricity costs are changed to reflect the UK-specific average
cost for 2019.
3.5.2 LCA assumptions for the MEA benchmark

Goal and scope definition. As for sorbent-based carbon capture technologies, we cal-
culate the environmental impacts of the captured CO,, for the MEA benchmark cradle-to-
gate and define the functional unit as '1 kg CO,, captured’. Our system boundaries of the
MEA benchmark include the MEA-based carbon capture plant and the corresponding
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I MEA | Electricity 1| |
| production | production Degradation products | VWaste solvent |
| - —,_—_—_J —— treatment
Water Thermal energy |
| production l production | |
I S |
| NaOH Carbon steel I
production production |
|
Activated carbon Steel scrap Landfil |!
| production |
\— — _ _ _ _ ) |
I | (S eh | | Capture plant o |
I L of parasitic loss compression |
S — —-—e o e e o e e e e e e e e e e e - .
Flue gas Energy 1kg CO,
Product CO, CO, transport,
market Product source utilization/storage
[]Synthesis [ ] Disposal i__1Only considered for power plant cases
[]Use in capture plant i _1Only considered for industrial cases

[ ] Not included in system boundary

Figure 3.6| General LCA system boundaries for MEA benchmark processes.
Schematic illustration of the system boundaries considered within the LCA of the MEA
benchmark processes.

synthesis of the material demands, disposal of degradation products, and compensation
of parasitic load for the power plant case studies (see Figure 3.6). For the NGCC and coal
power plant case studies, no additional energy demand supplied by utilities is required
for the MEA benchmark capture process because the power plants can supply the total
required energy.

Life cycle inventory. The TEA model of the MEA benchmark provides the LCA fore-
ground data, i.e., the mass of CO, captured, the MEA demand, and the parasitic load
or heating and power demand for power plant and cement case studies, respectively. As
for the sorbent-based capture plant, for power plant case studies, the parasitic load is
compensated by the average grid characteristics in the defined region [96]. We calculate
the material demand for MEA, water, sodium hydroxide (NaOH), activated carbon, and
steel for plant construction if available using LCI data from Singh et al. [120] for the
NGCC power plant and from Koornneef et al. [121] for the coal power plant. Moreover,
we assume the mass of degradation products and the emissions to air (i.e., MEA, am-
monia, formaldehyde, and acetaldehyde) proposed by Singh et al. [120] and Koornneef
et al. [121]. No detailed LCI data is available for the cement case in the literature. There-
fore, we approximate the missing LCI data by the data from the coal power plant case
[121], (i.e., the demand for water, sodium hydroxide, activated carbon, and steel and the
emissions to air). Since this data is defined per amount of captured CO,, and the en-
vironmental impact is generally dominated by energy-related emissions calculated from
the LCI data taken from the TEA model, the resulting error is expected to be small. The
degradation products are discarded in a hazardous waste incineration plant for spent
solvents with energy recovery.

Life cycle impact assessment. We consider the same database and assumptions for
the LCIA as for the sorbent-based carbon capture process (cf., Section 3.3.4).
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The same LCA outputs obtained from the MOF screening are obtained for the MEA
benchmark (i.e., 28 impact categories of the Environmental Footprint 3.0 per 1kg CO,
captured).

3.5.3 Additional remark

Generally, the assumptions have been adopted from MEA-based capture studies avail-
able for NGCC power plants. However, it should be noted that these assumptions have
not been validated experimentally. Based on the recent publication by Moser et al. [122],
previous technical and environmental evaluations of MEA-based capture processes have
underestimated both degradation and emissions. The work of Moser et al. [122] has not
been used in the present study due to differences in flue gas characteristics. Their ex-
perimental studies based on flue gas from a lignite-based power plant, which contains
much less oxygen than that of NGCC flue gas, already suggest higher degradation rates,
mainly due to oxidative degradation. This uncertainty is covered by applying sensitivity
factors of £50 % to the CAPEX and OPEX estimates of the MEA benchmark. Overall, the
expected underestimation of the amine degradation and emissions leads to underesti-
mating the environmental impacts of the MEA benchmark. Thus, the comparison to the
MEA benchmark using LCA KPIs is a conservative assessment of the actual potential of
adsorption-based carbon capture processes.
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4 Results and discussion

In the PrISMa project, we analyzed a variety of trade-offs and impacts, ranging from
the materials layer to the Life Cycle Assessment, and from simulations to experimen-
tal validation. The results of our project are clustered in this chapter according to the
involved work packages. All peer-reviewed publications resulting from this project can
be found in Chapter 8. The peer-reviewed publications can be clustered according to
the related work packages of this project: WP1: Identification of case studies and as-
sessment metrics [06-09], WP2: Computational Materials Genome [01-0O5, O10-0O15],
WP3: Material synthesis and characterization [016-021], WP4: Performance testing of
process-informed novel materials [022, 023], and WP5: Evaluation of results and case
studies towards TRL5 [024-033]. The key results related to the developed PriSMa plat-
form are presented in the following chapter.

4.1 Correlation of KPIs (WP1)

In our platform, we compute 50 KPIs. Some of these KPIs are important for a specific
application. With so many KPIs, observing specific trends across all platform layers for a
particular case study is challenging. Also, many KPIs are correlated, so for this purpose,
we analyze the Spearman’s rank-order correlation coefficients [123] rg between KPIs as a
first-pass approach to find the strength and direction of association between two ranked
KPIs.

The definition of the Spearman correlation coefficient is:

rg = CYRIIORY)) @1
OR(X)OR(Y)

where R(X) denotes the rank of the variable X, cov(R(X)R(Y)) is the covariance of the
rank for variables X and Y, and og(x) and ogy) denote the standard deviation of the
variables X and Y, respectively. The Spearman correlation assesses the monotonicity of
the relationship between two variables where a rg of +1 indicates a perfectly monotone
increasing relationship between X and Y, while a rg of —1 indicates a perfectly monotone
decreasing relationship.

Note that a well-defined but non-monotone relationship can generate a low/near-zero
rs. For example, the water-related variables (i.e., a, the water penetration length into the
column, and WRC) have complex interrelationships with other KPIs that are not readily
apparent through this metric. For example, if a material has a low «, this material can
have good performance irrespective of the WRC. If a material has a high WRC, the value
of a is irrelevant. For these reasons, we assess the water-related impact on the process
in a separate section (see Section 4.2.1).

Figure 4.1 presents the resulting Spearman’s rank correlation matrix for the cement
case study in the UK with a TVSA process at 0.6 bar.

A minimum Spearman’s rank correlation coefficient of rg = 0.28 is obtained, and a
maximum of almost rg = 1. Thus, all KPI rankings have a positive correlation and range
from a weak up to a nearly perfect rank correlation.
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Figure 4.1| Spearman’s rank correlation matrix for the cement case in the UK with
TVSA process at 0.6 bar. The Spearman’s rank correlation matrix of the rankings con-
siders one material KPI, eight process KPIs, eight TEA KPIs, and 16 LCA KPIs. A dark
blue color represents very strong correlations, while dark red represents lower correlations.
The size of the circle is proportional to the absolute value of the correlation. The diagonal
circles in the matrix have a Spearman’s (self) correlation coefficient of 1.
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Materials Layer In many studies, the properties of the materials are used as proxies
for typical process KPIs. As our platform directly computes the relevant process KPIs,
such proxies are unnecessary in this analysis. It is interesting, however, to illustrate the
limitation of a materials’ KPI that is ignorant of the process details. For this purpose, we
keep the Henry selectivity (S) as an example of such a proxy.

Process Layer We include the eight process KPIs for Spearman analysis. For example,
a strong correlation between the purity and specific electrical energy demand is observed.
No strong correlation is observed between productivity and the other KPIs in the process
layer. The remaining process KPIs (e.g., effective recovery and working capacity) correlate
with the TEA-KPIs. Hence, we select purity (Pu) and productivity (P) as reference KPIs,
and no additional KPIs are selected from the group that correlates with the TEA-KPIs.

TEA Layer For the TEA layer, all KPIs are strongly correlated; thus, we select only the
Net Carbon Avoidance Cost (nCAC). The nCAC combines capital and operational costs
and considers the total life cycle CO2-eq. emissions of the capture plant, i.e., not solely
the energy-related emissions but also those from material synthesis and disposal and
plant construction.

LCA Layer For the LCA layer, we focus the analysis on the 16 main LCA impact cat-
egories (cf., Section Output of the PrISMa platform). In this layer, a high correlation is
observed for most KPIs except for the KPI Material Resources: Metals/Minerals (MR:MM).
Therefore, we select Climate Change (CC) due to its importance for carbon capture ap-
plications and the KPI MR:MM. The LCA KPI MR:MM considers the availability of a par-
ticular metal on earth and the current mining rate. This KPI captures not only the en-
vironmental impact of the metal in the MOF but also the metals and minerals required
for, e.g., the energy supply or plant construction.
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4.2 Impact of water on material performance (WP1)

4.2.1 Direct impact of moisture on the capture performance

The impact of water on the capture performance can be quantified by comparing the
ternary (CO, /N, /H,O) separation and that for a hypothetical process without moisture
which considers only CO, and N, in the feed gas stream.

In Figure 4.2, the variation of the nCAC, productivity, and required specific thermal
energy for heating are plotted relative to the degree of moisture penetration into the
column, a, for representative case studies with different feed CO, concentration levels.
The data points are color-coded by the nCAC. Increased moisture penetration into the
sorbent bed decreases productivity and increases the regeneration heat consumption.
Overall, the presence of moisture entails a higher nCAC, with increasing o leading to
more substantial increases in cost. For the cement case study, this increase is at least
of 5.0 €/tco2 (8%).

In Figure 2 and Figure 4.3, we have observed that the top-performing materials (i.e.,
lowest specific energy consumption and nCAC) are also those materials that have the
highest productivity. It is interesting to focus on those materials for which the difference
in productivity between the performance under wet and dry flue gasses is the smallest.
One would expect that these materials would also be top-performing for wet flue gasses.
However, these materials do not give us the lowest nCAC for cement plants Figure 4.2.
One contributing reason is that the actual wet productivity of these materials remains
too low to be competitive with other high-productivity materials, which are comparatively
more susceptible to competitive co-adsorption. In the subsequent section, we show that
relative losses in CO, capture productivity due to competitive co-adsorption by moisture
are not especially significant at moderate feed CO, concentrations. On the other hand,
structures that minimize the change in specific thermal energy for heating are among
the best cost performers for a similar degree of water penetration. This implies that these
materials can be more efficiently regenerated from water. For the NGCC case, the trends
in the AKPIs are qualitatively similar. However, at the lower feed CO,, concentration, the
impact of moisture is amplified in magnitude. Increases in nCAC and in the required
specific thermal energy for heating range from 26.7 €/tco, (22.1%) and from 0.9 MJth per
tonne CO,, (27%), respectively, which is highly significant. This suggests a greater need
to manage moisture at lower feed CO,, partial pressures.

4.2.2 Impact of moisture on the material rankings

In Figure 4.4, we compare the materials ranking for nCAC for both wet (nCAC,,;) and dry
flue gasses (nCACy,y). In addition to the nCAC, we also show the ranking of some of the
properties of these materials. We also highlight (with green lines) the materials that drop
in ranking more than 100 places if we compare the wet nCAC with the dry one. Or (with
yellow lines) increase in ranking if we compare the dry nCAC with the wet one. Here, we
have to be careful as, in absolute terms, the wet nCAC is higher for all materials. Hence,
the materials we discuss here have limited their increase.

As can be expected, the top-performing materials for dry flue gasses all have a high
CO, working capacity under dry flue gas conditions (WCCOQ,dry). If we look at their per-
formance for wet flue gasses (nCAC,,.;), we see that some of these materials remain in
the group of top 10 performers (purple lines), while the rest are excluded (red lines) and
are replaced by other materials (blue lines). As the feed CO, concentration decreases,
fewer structures retain their top 10 ranking under wet conditions.

We also expect top-performing materials for wet CO, capture to have relatively high
wet CO, working capacities (WCcq_ y.t). For the cement and coal case studies, the ma-
terials with the highest (WCCOZ,Wej are among those with the lowest nCAC under wet
conditions. WCcp, is also a strong determinant for nCAC in the materials that signifi-
cantly change in ranking when moisture is considered. The materials that lose places in
the nCAC ranking due to moisture also lose places in ranking when WCco, is considered,

67/ 208



“02)/3 U QYOU 1500 9OUBPIOAR UOGIED 19N “09)/3 U QYU 150D 9OUBPIOAR UOGIRD 10N ?02)/3 UI DYOU 1S00 SOUBPIOAR UOCGIED 19N
s

s o w o ®w 9 w o 1w o
8 w o©o 1w o w o w 9 8 w o w g9 w o w o g 8 B & 8 & B & 8
= 8 & 8 8 & R’ 8 8 = 38 & 8 &8 & R © 3 & & & 8§ & = 4 = =

e 1w o ;v S 1w <o
[T e B B B

~ =) @ © < ~
- . <
006/l Ut ROy oyI0ads ¥

S} S S S

> ! e < © = 2l
= -
“0363/Afly ut yeey oyroeds v

S S S S

(=}
= S
f006/'Rfjy t JeeY oroads ¥

5.0
5

“03)/3 ur QYU 1500 9OUBPIOAR UOCIRD 19N 02)/3 Ur JYOU 150D SIUBPIOAR UOCIRD 19N f03)/3 U1 QYU 1500 SOUBPIOAR UOQIRD JON
s

S g w2 w g w 2 w»v 9
8 w o 1w 9 w o w 9 8 w o 1w g w o v 9 S & B & & & B & 8
= 38 & 8 8 & 8 8 3 = 38 & 8 8 & R 38 3 8 & & & & & & & =

100
100

[

1072

al-]

(a) Cement TVSAO6

a

1072

@ o
i

5
(4 B31)/°03

0 =) 0
— — IS
ow ur £J1ATIONPOI] V

0.0

023/3 Ul HYOU JS00 SOURPIOAR UOGIRD JON
o

S w o
- o &

w o o o u
© ® N & ©

200

/3 Ul QVOUv

=
=]
—

107!

al-]

2.5

e @

N -
(U B)/°02jow ut 31

w o W o
& & ® ®

- o
AGONPOId ¥

w o 0
= R ©

0.0

f02)/3 UT QYU 1S0D GOUBPIOAR UOILD JON
o

o
@

=
=]
—

al-]

“00y/3 ur OYouv

10
(b) Coal TVSA06

e ¥ 9 2 *® 9o % A
-

=
- &4 4 8 8 S o o

(4 Bx)/°03jow ut Ay1aronpold v

“02)/3 Ul QYOU 1500 SOUBPIOAR UOGIRD 19N
o

n
S B B o & & B o S
]

3 § 8§ 8 =5 2 g8 =2
e Rl o

L)
S 1N O 1N O 1 O 1 O
S~ N N O >~ 1N AN
Q& = = a3

“03y/3 ut oyouy

al-]

(c) NGCC TVSA02

Figure 4.2| Scatter plots of the increase in nCAC, decrease in CO, capture productivity,
and increase in specific heat demand for sorbent regeneration due to the presence of
moisture in the feed as a function of the fraction of bed that is moisture-loaded (v) for

different configurations. All configurations are assumed to operate in the UK.
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Figure 4.4| Comparison of the ranking of materials for CO, capture from dry and wet
flue gases. (left column) The top 10 materials ranked based on nCACqyy (red lines),
nCAC,,; (blue lines) are indicated. Materials ranked in the top 10 for both nCACy,, and
nCAC,,; are shown as purple lines. (right column) Materials that drop (green lines) or
increase (yellow lines) in ranking more than 100 places, if we compare the wet nCAC with
the dry one, are also presented.
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and vice versa. The materials that lose more performance have higher « and lower WRC,
while the materials that gain rankings have higher WRC and moderate to high rankings
for a.

A higher o implies the fraction of the wet column is higher, and in the wet part, the
material loses capacity, as indicated by a low WRC. When WRC is high, the co-adsorption
uptake for CO, remains at a similar level whether dry or wet operation, which makes
o less significant.

On average, the materials with lowest nCACy,, have higher working capacities for H, O,
along with lower o, than the materials with lowest nCAC,,.;. Note that WCy o and « are
inversely correlated (Refer to Section 3.4.2). Although the materials dispfaced in the
ranking have higher o, they do not necessarily show inferior WRC or WCco,,wet t0 either
the retained materials or the new top performers.

The abundance of low WRC materials among top nCAC performers in the cement and
coal case studies also suggests that low CO,-H,O selectivity does not critically under-
mine performance when CO, feed concentrations are relatively high. This is because
the extent of moisture penetration remains comparatively low (see Figure 4.5). Without
prior desiccation, the humidity levels of the feed gas are near saturation, which leads
to water adsorption uptakes considerably higher than those for CO,. Under our chosen
regeneration conditions, a non-negligible amount of sorbed water can be removed, and
therefore WCco, remains lower than WCh, 0. For these case studies, the relative molar
amount of moisture in the feed flue gas is ~ 35 to 50% that of CO,) (see Figure 4.5).
The dominant contribution to « is the product of the ratio of feed concentrations and
the ratio of working capacities for CO, and H,O(see Section 3.4.2). « remains < 10% of
the column length for the majority of the screened structures (1091 out of 1185 materi-
als evaluated). Therefore, a pronounced ranking improvement in o (leading to decreased
moisture penetration) does not entail a significant CO,, working capacity increase. This
implies that materials with higher o may face additional cost disadvantages beyond the
suppression of CO, uptake by moisture. For example, we have observed (in section 4.2.1)
that materials with higher o experience increased additional energy costs for sorbent re-
generation.

For NGCC case studies, the relative molar amount of moisture in the feed flue gas is
40% higher than its molar CO,, content (see Figure 4.5). At the feed condition’s low CO,,
partial pressures, the CO, equilibrium uptake reduces. Accordingly, the mean WCco,
decreases on the whole for the database and also for the top performers. A CO, working
capacity decrease will counteract the impact of increasing relative moisture content in the
feed on o. While o generally increases for individual materials, the number of materials
for which o remains < 10% of the column length remains significant (937 out of 1185
materials). Therefore, it remains feasible to identify a material that performs similarly
otherwise but possesses a lower «. On average, for the top 10 performers, the mean
o increases from 5.1% for the cement case study to 5.8% for the NGCC case study.

For the NGCC case study, there is very little overlap between top-performing materials
under dry conditions (lowest nCACy,y) and those under wet conditions (lowest nCAC;,.)
Figure 4.4. The top performers for wet flue gasses have, in general, lower CO, working
capacities, higher H,O working capacities, and lower a. The top performers for NGCC
also vary widely in WRC. However, compared to the cement and coal case studies, there
is a trend towards higher WRC in the top 10. This preference appears to be related to
the correlation of WRC and o, rather than any direct impact on WCco, wet due to CO,-
H,O competitive co-adsorption. The materials that show the largest losses (gains) in
nCAC rankings for NGCC after considering moisture belong in clusters with high «, and
low WRC. This is similar to the materials displaced from the top 10 performers (lowest
nCACy,y) under dry conditions.

Clustering top performers into groups with distinct « and WRC levels holds potential
material design implications because the underlying phenomena driving such clusters
are associated with specific structural motifs (see Section 4.7.7). Importantly, the per-
formance of a particular group relative to the broader MOF space is case-dependent,
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Figure 4.5] Illustration of the relative movement of concentration profiles in the solid
during the adsorption step for different feed concentrations corresponding to the ce-
ment (top), coal (middle), and NGCC (bottom) case studies. Lﬁzo and LEOZ are the solid
concentration profiles at the beginning of the feed adsorption step. Ly,o and Lco, are
the solid concentration profiles at the end of the feed adsorption step. Due to partial
regeneration of the bed during cyclic operation, the residual solid concentrations are
typically nonzero. ‘h*{zo and q*co2 are theH, O and CO, uptakes, respectively, of the sor-
bent when equilibrated with a gas mixture at the feed condition. (inset) Comparison of
relative molar amounts of CO, and H,O in the feed gas.
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with no assembly of features showing clear superiority. Nevertheless, the strong corre-
lations of the cost performance with respect to o« and WRC highlight the importance of
quantifying these properties even for rapid screening efforts.

4.2.3 Limits of the model

Two factors in our model can give “false positives.” First, our estimate of the water pene-
tration length («) is too optimistic. The second factor is that the dry part of the column
remains completely dry during cyclic operations. In this section, we discuss the impact
of both factors.

Impact of mass transfer limitations on the wet performance

In our model, the CO, working capacity is calculated using the penetration length of the
water concentration front as the weighting parameter (See Section 3.4.2), and under the
assumption of ideal breakthrough behavior in the adsorption step, i.e., negligible mass
transfer resistances.

Under non-ideal mass transfer conditions, the water penetration length will increase.
Thus, more of the bed will be subject to competitive co-adsorption. Based on multi-
component (binary CO,/H,0) dynamic column breakthrough experiments on zeolite
13X, Wilkins et al. [72] observed up to 98% loading reductions at 74.4% relative humidity,
which implies a low WRC of 0.02 at a CO,, concentration of 15% [72]. By combining the
CO,, equilibrium information with literature water equilibrium data [124], we can also
estimate o values of 0.15 (coal/cement) to 0.30 (NGCC) for zeolite 13X, which is at the
96th percentile and 94th percentile of all materials in the PrISMa database, respectively.

To investigate the sensitivity of the results to mass transfer spreading within our
model, we apply a conservative weighting parameter (three times the penetration length)
and recalculate the platform KPIs for comparison (see Figure 4.6). By using such a high
proportionality constant, we can reproduce semi-quantitatively the productivity reduc-
tions observed in literature-reported cyclic wet experiments (~ 22% at lower feed moisture
concentrations) [71]. Based on the indicative values for WRC and «, our choice of pro-
portionality constant implies productivity loss of nearly 90% for wet NGCC capture by
the zeolite 13X process due to uptake suppression by moisture.

Mass transfer limitations impact performance disproportionately, with materials with
high o and low WRC being more affected (see previous section). Overall, working capacity
reductions of ~ 20 to 25% are observed at the different feed CO, concentrations. In
comparison, the nCAC increases between 4 to 16%. The minimum nCAC increases for
cement from 51.6 euros to 57.7 per tonne (+12%). The highest working capacity within
the top 10 performers decreases from 3.96 to 3.18 mol kg ! ( —20%). For coal, the
minimum nCAC increases from 55.0 euros to 63.8 per tonne (+16%). The highest working
capacity within the top 10 performers decreases from 3.55 to 2.70 mol kg ! (-24%). For
NGCC, the minimum nCAC increases from 142.1 to 147.7 euros per tonne (+4%). The
highest working capacity within the top 10 performers decreases 0.98 to 0.78 mol kg™!
(-20%).

Under non-ideal mass transfer conditions, the average o for the top 10 performers with
respect to nCAC,,.; decreases from 5.1 to 4.2% for cement, 5.5 to 4.5% for coal, and 5.8
to 2.8% for NGCC. For cement and coal case studies, 7 out of the top 10 performers are
retained in the new top 10 rankings, with the rest ranking within the top 20 performers.
For the NGCC case study, 6 out of the top 10 performers are retained in the new top 10
performers after consideration of mass transfer limitations.

Impact of moisture slippage

Models for adsorption processes generally assume axially-dispersed plug flow [125, 126].
This assumption permits the separation of the adsorber column into dry and wet zones
during cyclic operation because the mixing of the gas phase between different zones is
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substantially limited. Yet, one cannot exclude that some water will permeate the dry zone
during the cyclic operation of the column due to hydrodynamic non-idealities such as
near-wall channeling [127]. One can mitigate these effects by removing the accumulated
water in the dry zone after extended periods of operation, as discussed in some patent
literature.[128-132] The frequency of this drying procedure will depend on the material.
In our model, the cost of this drying step has not been included. Therefore, it is important
to exclude those materials from our screening for which we expect a significant loss in
performance due to the moisture ingress and for which the nCAC increases significantly
due to the need for such additional drying.

We assume a worst-case scenario to assess the effect of moisture slipping through
to the dry zone. The maximum amount of water that can accumulate in the dry zone
is equal to the water content of the wet zone after the regeneration step. We can now
have the following system, assuming the “dry” zone has this maximum water content.
The difference with the wet zone is that the water content will not increase during the
adsorption step. From a modeling point of view, this implies that we need to compute the
pure component isotherms in a material with “permanent” water present. Experimen-
tally, it is impossible to measure such an isotherm. However, in a molecular simulation,
this can be done straightforwardly. We compute the CO, and N, isotherms in a material
with water molecules. In these simulations, the water molecules can move in the mate-
rial, but no Monte Carlo moves will be applied that increase or decrease the number of
water molecules.

To quantify these effects, we compare the performance of CALF-20 and zeolite 13X
for the cement reference Case Study. In Figure 4.7, we compare the CO, isotherms
of the completely dry materials and the water “contaminated” dry materials. We see a
marked difference between the two sorbents. Water-contaminated zeolite 13X has almost
completely lost its capacity to capture CO,, while for CALF-20, we see only a small impact.

We can then simply estimate the Water resistance coefficient (WRC) of the water-
contaminated materials. The WRC assumes that water is displacing (1 - WRC) x 100%
of the CO, molecules from the adsorption sites at adsorption conditions. As the water
content is lower at desorption conditions, we assume that at these conditions, water is
displacing a corresponding fraction. This gives us a value of the Water resistance coeffi-
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cient in a water-contaminated material (WRC") that we can use to correct the adsorption
capacity of the dry zone for water contamination:

(1 _ WRC*) — Gwater, desor (1 —WRC), (4.2)

Gwater, adsor

where Gyater, desor 1S the water content after the desorption step (cf. Section 3.3.1) and
Gwater, adsor 15 the water content after the adsorption step (cf. Equation (3.43)) The ratio
Gwater, desor/ Qwater, adsor d€pends on the adsorption-desorption conditions and is computed
in the process layer. We do not expect this linear relation to hold for materials with a
very low WRC; for these materials, the actual WRC* will be much lower.

In Figure 4.8a, we show the WRC as a function of gyater, desor/dwater, adsor- Materials
that have a strong affinity for water typically have a large gyater, desor/Gwater, adsor and a
low WRC. Figure 4.8b shows the WRC" versus WRC. In both graphs, we have indicated
some materials (Zeolite 13X, Mg-MOF-74, CALF-20, and MIP-212) that are of interest for
the discussion. Zeolite 13X and Mg-MOF-74 have a strong affinity for water because of
the cations and Open metal site, respectively.[133, 134] For those materials, the water
affinity is so strong that moisture slippage significantly undermines the capacity of the
sorbent. Therefore, the viability of wet gas separation rests heavily on the plug-flow
assumption made for the fluid-flow behavior. In contrast, for CALF-20 and MIP-212,
water contamination is far less of a problem. Interestingly, for different reasons. CALF-
20 has a relatively low WRC compared to MIP-212. However, at the desorption conditions,
the amount of water that remains in CALF-20 is lower (2%) than for MIP-212 (8%), which
compensates for CALF-20’s lower WRC.

If moisture slipping through to the dry zone causes a significant decrease in the ma-
terial’s performance, a practical solution is to introduce a drying step after a certain
number of cycles. In such a drying step, water is removed from the dry part of the col-
umn. The frequency and intensity (e.g., temperature and amount of desorbing inert gas)
of this drying step will depend on the material. In our model, we have not costed such
a drying step. In any case, such a drying step will only be carried out if it results in a
lower nCAC than not using a drying step. This allows us to make a worst-case estimate
of the increase in nCAC caused by water contamination. This worst case is presented in
Figure 4.9. This figure shows that there are a number of materials for which this drying
step can be avoided (green materials). In addition, there are materials that, without a
drying step, perform worse than the MEA benchmark (red materials).
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Figure 4.9| The effect of water contamination on the nCAC Worst-case estimate of
the increase in nCAC caused by water contamination. The green dots represent mate-
rials for which the maximum increase is less than 10%, and for the red materials, the
contamination has such a large effect that the expected nCAC is above that of MEA.
The blue materials are in between these two thresholds. The materials highlighted in
Figure 4.8a and Figure 4.8 are also shown as grey symbols.

Let us focus on the materials highlighted in Figure 4.8. The nCAC of “water-contaminated”
CALF-20 and MIP-212 is about 2 €/tco, and 3 €/tco, higher compared to their completely
dry structures, respectively. In contrast, “water-contamination” increases the nCAC for
zeolite 13X and Mg-MOF-74 by ~ 80€/tco, and 37 €/tco,, respectively. This makes the
nCAC of Mg-MOF-74, which was previously a top-performing material, drop 100 posi-
tions in ranking and makes zeolite 13X more expensive than the MEA benchmark.
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4.3 Sensitivity analysis and process optimization (WP1)

In our screening studies, we use a set of given process and process conditions in the
PrISMa platform, and we screen for the optimal materials for three process configura-
tions (i.e., TSA and TVSA at 0.6 bar and 0.2 bar). In this section, we investigate if further
optimization of the process will result in a significantly lower Net Carbon Avoidance Cost
(nCAC) and will change the ranking of the materials.

We first perform a sensitivity analysis of the model parameters to identify degrees of
freedom with strong impact on the Net Carbon Avoidance Cost (nCAC) (Section 4.3.1).
The resulting optimization problem is introduced in Section 4.3.2. The results of the
process optimization are shown in Section 4.3.3.

4.3.1 Tornado plot analysis

We perform tornado analysis to identify and prioritize the most significant factors that
can impact the Net Carbon Avoidance Cost (nCAC). In this analysis, we change those vari-
ables and parameters related to the operation of the process, the design of the process,
the economics, and the life cycle assessment.

We have not included the material properties in the Tornado analysis. The only way we
change the material properties is to select a different material. In Section 4.5, we present
a separate analysis on how errors in predicting the material properties propagate in the
platform are important.

Figure 4.10 shows the Tornado plot if we make a 10 % change of all relevant variables
for Mg-MOF-74 in a TVSA process with 0.6 bar vacuum to capture CO,, from a cement
plant. Mg-MOF-74 is among the top-performing MOFs.

Below, we list the variables, in decreasing order of importance, that are presented
in the Tornado plot. The value between brackets is the reference value we used in the
calculation. For this material, we found that the + 10% change in the LCA parameters
has a minor impact. Therefore, these variables are not further discussed here.

Compressor efficiency (TEA layer, 1, =0.86[-]) Gives the polytropic efficiency of the
compressor for geological storage.

Electricity Cost (TEA layer, 131.7€MWh™!) The UK electricity cost of the grid at a com-
mercial rate.

CAPEX: Location Factor (TEA layer, 1[-]) The location factor is used to multiply the
Total Direct Cost to consider the differences between countries (see Table 3.2).

Plant: hrs per year (TEA layer, 7997.88 hyr~!) Operating hours per year for approximately
91.3% capacity factor.

Column: Effective Saturation (Process layer, 1 [-]) Ratio of the actual adsorbed amount
to the maximum adsorption capacity of the column at the end of the adsorption
step.

Natural Gas Cost (TEA layer, 24.63 €MWh™!) Natural gas cost in the UK in 2019.

Column: Superficial Velocity (Process layer, 1.75ms™!) Superficial velocity of the flue
gas passing through the column.

Utility 1: Normal Inlet Temperature (TEA layer, 285 °C) Temperature of the waste heat
stream to be recovered at the host cement plant.

Column: Shell Tube Bundle Diameter Ratio (TEA layer, 1.01 [-]) Ratio of the shell di-
ameter to tube bundle diameter.

Discount Rate (TEA layer, 0.08 [-]) Discounted cash flow rate.

Column: Inside Diameter (TEA layer, 6.15m) Inside diameter of the column shell.
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Column: Inside Diameter [m]

Column: Length [m]-

Desorption Temperature [°C]
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Material: Specific Cost [EUR/kg]+

Material: Life Time [years]-

Cool Water Cost [EUR/m3]4

Utility 1: Normal Mass Flow Rate [kg/s]
Column: Heat Transfer Coefficient [kW.m2.K]+
Desorption Pressure [bar]

Column: Bed Porosity [-]1

Pellet porosity [-]1

Interest Construction [-]4

Column: Tube Thickness [m]-

Operator Cost [EUR/year]

‘Waste Heat Recovery Unit: Heat Transfer Coefficient [W/m2.°C]+
Adsorption Temperature [°C]+

Column: Tube Inside Diameter [m] -
Intermediate Heating Temperature [°C]
Temperature Pinch [°C]A

Condenser: Heat Transfer Coefficient [W/m2.°C]

Figure 4.10]| Tornado plot for the parameters of all layers We computed the change
in nCAC caused by a + 10% change in the parameters. The parameters are ordered in
decreasing impact on the nCAC. A red bar indicates a positive change in the parameter,
a blue bar indicates a negative change, and a purple bar indicates if both a positive and
a negative change have the same effect. The absence of a bar indicates that the change
considered results in a calculation outside the assumed ranges and is not calculated.
The LCA parameters only have a minor impact. Therefore, these results are not shown.
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Column: Length (Process layer, 8 m) Length of the column.

Desorption Temperature (Process layer, Ty =120 °C) is the temperature at which we
carry out the desorption step (see Section 3.3.2).

Plant: Life Time (TEA layer, 25yr) Lifetime of reference plant.
Plant: Construction Time (TEA layer, 3 yr) Construction periods for reference plant.
Material: Specific Cost (TEA layer, 30 €kg™!) Specific cost of the material.

Material: Life Time (TEA layer, 5yr) Lifetime of the material, i.e., the interval that the
material needs to be replaced.

Cool Water Cost (TEA layer, 2€m~2) Cost of drinking water.

Utility 1: Normal Mass Flow Rate (TEA layer, 46.2kg s~1) Mass flow rate of the waste
heat stream to be recovered at the host cement plant.

Column: Heat Transfer Coefficient (Process layer, 0.04kWm?K) Heat transfer coeffi-
cient from the heating or cooling medium to the column.

Desorption Pressure (Process layer, P,,. =0.6 bar) is the pressure at which we carry out
the desorption step (see Section 3.3.2 and Section 3.3.2).

Column: Bed Porosity (Process layer, 0.37 [-]) Ratio of the volume of void spaces be-
tween particles to the total volume of the bed.

Pellet porosity (Process layer, 0.35[-]) Fraction of macropore void spaces within an ad-
sorbent pellet.

Interest Construction (TEA layer, 0.08 [-] Interest rate during construction.

Column: Tube Thickness (TEA layer, 0.0021 m) Thickness of the tube wall in which the
material is packed.

Operator Cost (TEA layer, 61,180 €yr~') Annual wage of an operator.

Waste Heat Recovery Unit: Heat Transfer Coefficient (TEA layer, 65Wm2°C~!) Heat
transfer coefficient of the waste heat recovery unit.

Adsorption Temperature (Process layer, 37 °C) Temperature at which we carry out the
adsorption step (see Section 3.3.2).

Column: Tube Inside Diameter (TEA layer, 0.025 m) Inside diameter of the tube in which
the material is packed.

Intermediate Heating Temperature (Process layer, Tyzp =47 °C) is the pressure at which
we carry out the intermediate heating step (see Section 3.3.2).

Temperature Pinch (TEA layer, 7.5°C) Minimum temperature difference between hot
and cold streams at any point in the heat exchanger.

Condenser: Heat Transfer Coefficient (TEA layer, 600 Wm™2 °C~!) Heat transfer coeffi-
cient of the condenser.

Figure 4.10 ranks the parameters in decreasing effect on the nCAC. Most variables
have a red and a blue bar. However, for some parameters, such as Column: Effective
Saturation and Adsorption Temperature, we can only decrease or increase its value (e.g.,
an effective saturation greater than 1 is infeasible), or it is outside the (physical) limits
(e.g., an adsorption temperature lower than the minimum temperature cooling water can
supply). For those cases, we only see one bar.
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The most notable finding from the tornado plot is that a 10 % change in the specific
cost of MOF only leads to a minor change in nCAC (less than 1€/tco,). The maximum
effect we observe on the nCAC is a change of about 5%. That we do not see that a
small change in one variable has an exponential effect on the nCAC does give us some
confidence in the robustness of the platform.

The Compressor efficiency has the largest impact in this case. This is due to the large
power consumption of the compressors. This compression is needed for geological stor-
age. A 10% increase/decrease in polytropic efficiency will lead to a substantial change
in the compression work (3.26). The compressor we have selected is state-of-the-art in
industrial compressors. Any gains/losses in efficiency will affect both the MEA and our
process.

The Electricity Cost is the second-highest ranked parameter, which underscores that
the total power consumption contributes to the overall cost considerably. Two parameters
associated with the plant’s location and operation, CAPEX: Location Factor and Plant: hrs
per year rank third and fourth, respectively. In Section 3.2, more details are given about
the sources from which the values of these four parameters were obtained. The tornado
plot shows the importance of monitoring changes in these (external) parameters.

The first TVSA process-related parameter is the Column: Effective Saturation, which
holds the fifth position. This shows the potential impact of mass transfer resistances,
which are not considered in the current thermodynamic model. In Section 4.2.3, we
analyze the impact of mass transfer in more detail.

For the optimization study, we focus on the most important design variables that
we have fixed in our screening study, but that would typically be optimized in a real
process design. To limit the number of variables in our optimization step, we focus on the
most important ones related to the process conditions (e.g., desorption temperature and
pressure), column specifications (e.g., column inside diameter and length), and utility
limits (e.g., temperature pinch).

For the considered case study, the impact of the parameters from the LCA layer is far
below that of those from the process and TEA layer. Hence, these parameters are not
shown in Figure 4.10. For the cement case, the environmental impacts are dominated by
the use phase. This high impact from the use phase is particularly dominant for good-
performing materials like Mg-MOF-74 because less material is required. Please note that
the impact of the parameters from the synthesis and disposal phase can change for other
case studies, materials, or environmental impact categories.

In 4.7.6, we give a more detailed analysis of the impact of a more substantial change
in the cost of MOF and the impact of different MOF replacement rates.
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4.3.2 Problem formulation

The process optimization of the CO, capture process, can be formulated as a Mixed-
Integer Nonlinear Program (MINLP) problem:

min f(x)
s.t. h(x)=0 — PrISMa model 4.3)
g(x)<0 — Process constraints

In this optimization problem, a process-related objective function f(x) (e.g., the Net Car-
bon Avoidance Cost (nCAC)) is optimized. For our PriISMa platform, the objective function
can be any KPI from the process, TEA, or LCA layers. The objective function depends
on the process degrees of freedom x, which can be continuous variables (e.g., pressure
or temperature levels) or discrete variables (e.g., the number of tubes in the column). If
solely continuous degrees of freedom are considered, the problem reduces to a Nonlin-
ear Program (NLP) problem. The objective function f(x) is minimized subject to equality
constraints h(x) representing the entire model of the PrISMa platform and inequality
constraints g(x). The inequality constraints can be limits on degrees of freedom (e.g.,
Py.c < Pogs) or on KPIs (e.g., the minimal purity or recovery that has to be achieved). As a
result, the optimization problem identifies the optimal process degrees of freedom x that
minimize the objective function f(x) for a specific material.

This work considers the Net Carbon Avoidance Cost as the objective function of the
process optimization. From the tornado analysis (Section 4.3.1), we select 7 degrees of
freedom for TSA processes and 9 degrees of freedom for the TVSA process as given in
Table 4.1. As all degrees of freedom are continuous variables, the entire optimization
problem reduces to an NLP problem. The initial guesses, the lower bounds, and the
upper bounds of the degrees of freedom are given in Table 4.1. The initial guesses are
the parameters considered within the screenings.

The upper bound of the desorption temperature Tj;,, and the lower bound of the ad-
sorption temperature T, are limited by the heating/cooling utility and the pinch tem-
perature. The lower bound of Thign is selected by considering 90 % of the base value.
Since there is no benefit in heating the flue gas stream, we fix the upper bound of T,
as the base value. To ensure realistic industrial operations, we set the lower bound of
the vacuum pressure P,,. to be 0.1 bar.

The lower bound of the adsorption temperature T,,, depends on the water cooling
system design, which has a lower limit design temperature of 19.0 °C). The temperature
range considered for the water cooling system is from 5.0 °C) to 10.0 °C) and the tempera-
ture pinch range is from 3.0°C) to 7.5 °C). These ranges are reasonable within the design
of heat exchange systems and aim to show the gains of having an improved exchange de-
sign that maximizes heat transfer. The lower bound of the adsorption temperature Tj,,,,
assuming co-current contact in the adsorption contactor, is set to 27.5°C) to account
for the temperature increase in the water cooling system and the temperature pinch.
The upper bound of the desorption temperature Ty;g, depends on the design pressure
of the steam supply to the capture plant, which is set to 5.0 bar. This pressure ensures
that the desorption temperature Ty;g, can supply 150.0 °C after considering temperature
losses and heat exchange. The rationale for the temperature pinch is the same as for
the adsorption temperature. The temperature losses are set to a constant value of 3.0°C
following the EBTF guidelines.[89] With these considerations, the upper bound for the
desorption temperature Ty;gis set to 150.0 °C, which is reasonable for materials stability.

To ensure high purity and recovery of the resulting carbon capture processes, we limit
both KPIs as inequality constraints of the optimization:

Purity > 96 % 4.4)
Recovery > 90% (4.5)
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The purity limit is defined by the requirements of the CO,, sink, in this case, a CO,, storage
side. To ensure feasible heat transfer, we consider additional inequality constraints on
the temperature levels with 0.05K as extra margin to prevent numerical issues at the
boundaries:

Tiow — ATpinch - Tcool,lim >0.05K (4.6)

and
Theat,lim — Tioss — ATpinch - Thigh > 0.05K (4.7)

with Theatlim = Tsat(5bar) = 151.8°C and T, = 3K as defined in the TEA layer. The other
variables are described in Table 4.1. Moreover, for TVSA processes, we additionally con-
strain the temperature difference between the intermediate temperature T,,.q and ad-
sorption temperature T, to be larger than 5K:

Tmed - Tlow =5K. (4.8)

The optimization problem is solved using the local optimization solver KNITRO [135] and
the Sequential Quadratic Programming algorithm [136].

Table 4.1: Overview of the selected process degrees of freedom x, initial guesses xjpjt,
lower bounds xj,, and upper bounds x,.

Degree of freedom Type Initial guess Lower bound Upper bound
Desorption temperature Ty;gh continuous 120°C 108°C 150°C
Adsorption temperature T, continuous 37°C 27.5°C 37°C
Column inside diameter d.; continuous 6.15m 6m 10m

Tube inside diameter d; . continuous 0.025m 0.025m 0.1m
Column length I continuous 8m 5m 9m
Temperature Pinch AT,incn continuous 7.5°C 3°C 7.5°C
Limiting cooling temperature T.oo 1im continuous 29°C 24°C 29°C
Solely for TVSA

Vacuum pressure P, ,. continuous 1.013,25bar 0.1 bar 1.013,25bar
Intermediate temperature T4 continuous 47°C 32.5°C 65°C

4.3.3 Optimization results

We apply the optimization for the cement plant case studies in the UK. We optimize the
process and TEA design variables for the top 30 materials in nCAC identified in the
screenings for the TSA process and TVSA process at 0.6 bar.

Optimization results for the TSA case

In these case studies, the CO, sink is geological storage, which requires a purity above
96 %. In the screening of the T'SA process, only four materials out of the top 30 materials
in nCAC achieve a purity above 96 % (see Figure 4.11 and Table 4.2). After optimization,
two additional materials give a purity above 96 %. The optimization increases the purity
for the other 25 materials (see Figure 4.11a), but not above the threshold of 96 %. All
degrees of freedom are either at the bounds or limited by a constraint for these materi-
als. For the six structures that meet the purity requirement, trade-offs are observed for
the desorption temperature Ty;g, adsorption temperature Tj,,, and the limiting cooling
temperature T, jim, While the other four degrees of freedom are still at the bounds.
Generally, the optimization decreases the nCAC on average by 9 €/tco, (see Figure 4.11b).

The Pearson correlation coefficient of 0.76 and Spearman correlation coefficient of 0.64
indicate how well correlated the materials rankings are for non-optimized and optimized
results. This result demonstrates that screening based on fixed parameters accurately
captures the trend regarding materials ranking. However, the potential exploit by the
optimization depends strongly on the material, leading to changes in the ranks. The
subsequent optimization can be used to fine-tune the ranking of the top materials.
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Figure 4.11| Comparison of the results without and with optimization for the TSA
process: Purity (left) and nCAC (right). Green dots indicate materials that achieve purity
above 96 % after the optimization. The red lines represent the threshold in purity required
by the CO, sink.

Table 4.2: Results obtained from the optimization of the TSA case for the top 30 materi-
als: purity and nCAC with and without optimization as well as the optimized degrees of
freedom of the optimization. Acceptable purity is highlighted in bold.

‘ Without optimization ‘ With optimization
Rank (Sim) | Purity nCAC Purity nCAC  Thign Tiow deol  dwbe  leot  ATpinch  Teoollim

1 96.4 51.7 98.0 45.7 1458 32.1 10 0.025 5 3 29
2 90.1 61.3 93.8 55.1 1458 27.5 10 0.025 5 3 24.5
3 93.0 61.8 95.9 53.3 145.8 275 10 0.025 5 3 24.5
4 91.8 62.3 95.3 52.8 1458 27.5 10 0.025 5 3 24.5
5 86.0 62.5 92.4 50.9 1458 275 10 0.025 5 3 24.5
6 92.0 62.8 95.1 55.3 1458 27.5 10 0.025 5 3 24.5
7 91.2 62.9 94.7 53.8 1458 27.5 10 0.025 5 3 24.5
8 88.5 63.4 93.6 514 1458 275 10 0.025 5 3 24.5
9 97.6 63.4 98.3 575 123.1 303 10 0.025 5 3 27.3
10 87.1 63.5 92.6 53.0 1458 275 10 0.025 5 3 24.5
11 89.8 64.1 94.5 53.8 1458 27.5 10 0.025 5 3 24.5
12 88.7 64.3 93.4 56.2 1458 27.5 10 0.025 5 3 24.5
13 95.5 64.7 96.7 58.3 1375 37 10 0.025 b5 3 29
14 98.2 64.9 98.2 59.3 1124 32.1 10 0.025 5 3 29
15 90.7 65.0 95.0 53.3 1458 275 10 0.025 5 3 24.5
16 79.6 65.5 88.3 52.8 1458 275 10 0.025 5 3 24.5
17 91.2 65.6 95.2 54.1 1458 27.5 10 0.025 5 3 24.5
18 90.4 66.0 94.2 59.0 1458 275 10 0.025 5 3 24.5
19 92.2 66.0 95.1 58.1 1458 27.5 10 0.025 5 3 24.5
20 97.5 66.3 98.1 59.7 1374 344 10 0.025 5 3 29
21 90.5 66.4 94.5 56.5 1458 27.5 10 0.025 5 3 24.5
22 93.8 66.7 96.0 585 131.7 278 10 0.025 5 3 24.8
23 90.3 66.8 94.0 56.5 145.8 275 10 0.025 5 3 24.5
24 88.9 66.9 93.9 559 1458 27.5 10 0.025 5 3 24.5
25 87.6 67.5 92.8 56.6 145.8 275 10 0.025 5 3 24.5
26 84.9 68.0 91.6 55.1 1458 27.5 10 0.025 5 3 24.5
27 93.0 68.0 95.9 59.6 1458 27.5 10 0.025 5 3 24.5
28 92.5 68.1 95.6 59.4 145.8 275 10 0.025 5 3 24.5
29 90.2 68.1 94.4 57.6 1458 27.5 10 0.025 5 3 24.5
30 85.1 68.3 91.7 56.3 145.8 275 10 0.025 5 3 24.5
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Figure 4.12 | Comparison of the results without and with optimization for the TVSA
process: Purity (left) and nCAC (right). Green dots indicate materials that achieve purity
above 96 % after the optimization. The red lines represent the threshold in purity required
by the CO,, sink.

Optimization results for the TVSA case

In contrast to the TSA case, we achieve significantly higher purities with TVSA (see
Figure 4.12 and Table 4.3). Without any optimization, we have 23 materials out of the top
30 materials in nCAC that achieve a purity above 96 %. For the other seven materials, the
optimization increases the purity above 96 % (see Figure 4.12a). Thus, all materials of the
TVSA top 30 meet the purity specification after the optimization. We observe trade-offs
for the desorption temperature Ty, adsorption temperature Tj,,, the limiting cooling
temperature T,y jim. the vacuum pressure P,,., and the intermediate temperature Ty,q.
The other four degrees of freedom are at the bounds for all materials. Generally, the
optimization decreases the level of vacuum pressure P,,. (i.e., less vacuum needs to be
applied and the absolute vacuum pressure increases), compared to the 0.6 bar used in
the screening, to reduce the nCAC. Moreover, optimization tends to reduce purity for the
23 materials with purity above 96 % after the screening. Interestingly, for six materials,
the optimal vacuum pressure is at the adsorption pressure of 1.013,25 bar (upper bound),
and thus, no vacuum step is selected by the optimization.

For TVSA, the improvement in nCAC due to the optimization is slightly less than for
the TSA case (on average by 7.2€/tco, —see Figure 4.12b). With a Pearson correlation
coefficient of 0.94 and a Spearman correlation coefficient of 0.90, the correlation between
the rankings from non-optimized results and optimized ones is even higher than for the
TSA case. Thus, the TVSA screening based on fixed parameters accurately captures the
trends between the materials and provides a very accurate material ranking compared
to the one obtained after optimization. Small rank changes can be observed among
the top 30 materials, which is within the model uncertainty. These results prove that
our approach to screening all materials for three process configurations is suitable and
efficient for identifying the top candidates for a given case study.

Comparison of the TSA and TVSA cases

For the cement case in the UK, 22 materials are contained in the top 30 rankings of both
the TSA and the TVSA processes. To compare both cases, we optimize the eight materials
contained in the TSA ranking but not in the TVSA ranking also for the TVSA process
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Table 4.3: Results obtained from the optimization of the TVSA case for the top 30 mate-
rials: purity and nCAC with and without optimization as well as the optimized degrees
of freedom of the optimization. Acceptable purity is highlighted in bold.

Without optimization With optimization

Rank (Sim) | Purity nCAC Purity nCAC  Tygp Tiow deol  drube  lol  ATpinch  Teoollim Pyac Tined
1 99.0 51.6 98.7 456 1458 32.1 10 0.025 5 3 29 1.01325 53.5
2 95.9 58.0 96 50.5 131.3 27.8 10 0.025 5 3 24.8 0.93 51.1
3 96.7 58.3 96.5 509 1458 29.0 10 0.025 5 3 26.0 0.86 45.0
4 97.4 59.1 96.9 52.3 1296 283 10 0025 5 3 25.2 0.93 47.4
5 96.3 59.1 96 52.7 140.8 28.0 10 0.025 5 3 24.9 0.88 43.7
6 97.3 59.6 96.7 53.6 1362 275 10 0.025 5 3 24.5 0.86 40.8
7 97.3 59.7 96.9 532 1458 275 10 0.025 5 3 24.5 0.96 45.6
8 97.9 60.0 96.9 52.7 1159 284 10 0.025 5 3 25.4 0.94 45.9
9 97.1 60.0 96.5 53.5 1386 278 10 0.025 5 3 24.8 1.01325 455
10 97.6 60.3 96.9 53.7 1328 27.8 10 0.025 5 3 24.7 0.94 44.7
11 93.4 60.5 96 52.5 130.1 27.5 10 0.025 5 3 24.5 0.80 53.1
12 96.9 61.1 96 53.8 124.7 284 10 0.025 5 3 25.3 1.01325 485
13 97.4 61.1 96.8 55.0 136.8 284 10 0.025 5 3 25.4 0.97 45.6
14 96.3 61.4 96.4 546 1320 284 10 0.025 5 3 25.4 0.69 38.0
15 91.5 61.4 96 52.1 126.8 27.5 10 0.025 5 3 24.5 0.69 50.9
16 97.0 62.3 96.5 549 1458 277 10 0.025 5 3 24.6 0.95 44.4
17 96.1 62.3 96 55.8 145.8 29.1 10 0.025 5 3 26.0 1.01325 44.5
18 96.9 62.5 97.1 552 109.0 275 10 0.025 5 3 24.5 0.59 33.2
19 95.1 62.5 96 54.6 1458 295 10 0.025 5 3 26.4 0.78 42.9
20 95.9 62.7 96.3 535 1134 275 10 0.025 5 3 24.5 0.61 33.9
21 93.0 62.8 96 55.2 128.3 27.5 10 0.025 5 3 24.5 0.65 48.0
22 97.0 62.9 96.2 555 1458 306 10 0.025 5 3 27.6 0.92 44.9
23 97.2 63.3 96.3 56.1 1358 275 10 0.025 5 3 24.5 1.01325 445
24 95.6 63.4 96 56.0 141.6 27.5 10 0.025 5 3 24.5 0.85 43.7
25 96.1 63.5 97.2 54.8 1458 275 10 0.025 5 3 24.5 0.64 34.6
26 96.3 63.6 96 56.0 125.0 285 10 0.025 5 3 25.4 0.80 43.4
27 97.8 63.6 97.5 574 141.7 304 10 0.025 5 3 27.4 0.81 41.2
28 97.1 63.6 96.6 56.4 141.3 283 10 0.025 5 3 25.3 0.84 40.2
29 97.6 63.6 97.1 572 113.0 309 10 0.025 5 3 27.8 0.65 38.0
30 99.3 63.7 98.7 575 1244 306 10 0.025 5 3 27.5 1.01325 46.6

and vice versa. Figures 4.13 and 4.14 compares the purity, recovery, and nCAC of the
two process configurations without and with optimization. The optimization reduces
the large differences in purity between TVSA and TSA. However, for the TSA process,
the purity cannot be increased above the threshold for most of the materials. For both
processes, recovery of the considered materials is above the threshold of 90% in the
simulations and optimizations. However, the recovery of the TSA process is much higher
than for the TVSA process. The optimization increases recovery for the TVSA process,
but TSA is still beneficial.

Interestingly, no strong preference for one process type can be identified based on
nCAC. While the nCAC tends to be lower for the TVSA process at 0.6 bar without opti-
mization, the benefit in nCAC is small after the optimization and very similar nCAC is
obtained for TVSA and TSA. The optimization increases the Pearson correlation coeffi-
cient of nCAC (TSA vs. TVSA) from 0.69 (without optimization) to 0.99 (with optimization)
and the Spearman correlation coefficient from 0.51 to 0.99. Thus, for the materials that
achieve the required purity for TSA, the TSA process is preferred due to the higher re-
covery. In contrast, for the materials that cannot achieve the required purity for TSA,
the required TVSA process does not lead to higher costs but lower recovery.
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Figure 4.13| Comparison of the TSA and TVSA process for the cement case in the
UK: Without optimization (left) and with optimization (right) for the two selected KPIs:
purity (top), recovery (bottom), the third KPI, the nCAC, see Figures 4.14a and 4.14b).
Blue dots are materials contained in the top 30 of both TSA and TVSA, orange dots are
solely contained in the top 30 of TSA, and pink dots are materials solely contained in
the top 30 of TVSA.
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Figure 4.14| Comparison of the TSA and TVSA process for the cement case in the
UK: Without optimization (left) and with optimization (right) for the nCAC for the other
two selected KPIs: purity (see Figures 4.13a and 4.13b), recovery (see Figures 4.13c
and 4.13d). Blue dots are materials contained in the top 30 of both TSA and TVSA,
orange dots are solely contained in the top 30 of TSA, and pink dots are materials solely
contained in the top 30 of TVSA.
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Figure 4.15| Lowering the cost of carbon capture: Two strategies were developed
to lower the nCAC. An iterative feedback strategy using Machine Learning to identify
more top-performing materials and an optimization strategy that minimized the nCAC
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4.4 Data-driven feedback loops of the platform (WP1 and
WP2)

4.4.1 Feedback to the materials layer

An important application of the PrISMa platform is that we can analyze the impact of
uncertainties in calculating material’s properties on the different KPIs. This analysis
showed the importance of the heat capacity of materials for accurately predicting the
heating requirements of the process. It also showed that the ranking of materials de-
pended on how the adsorption isotherms were fitted. This feedback from an earlier ver-
sion of the platform has resulted in the improvements described in the next subsections.

In addition, we use the platform’s output to optimize the different operation and pro-
cess design parameters. This optimization is described in Section 4.3.2. Another way to
use the platform’s feedback is to efficiently screen much larger databases using a ma-
chine learning approach (see Section 4.4.2). In Figure 4.15, these feedback loops are
shown schematically.

Heat capacity

In the platform’s first version, we assumed the heat capacity (c,) to be the same for
all MOFs. The reason for this assumption was that the heat capacity was known only
for very few materials. We assumed a constant heat capacity equal to the one used in
previous work[137]. The feedback from the platform informed us about how sensitive
the heat requirements by the process were to the exact value of the c,. To address this
point, we studied the dependence of the heat capacity on the detailed MOF structure
and showed that one can expect a difference in process energy requirements by as much
as a factor of two.[O1] Based on this feedback, our current version of the platform uses a
machine learning model to predict the heat capacities of all materials (see Section 3.3.1).
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Adsorption isotherms

The other important feedback of the platform to the process layer was related to the
accuracy at which we needed to compute the mixture adsorption isotherms. In the
literature, one can find different models (e.g., Ideal Adsorbed Solution Theory (IAST)
or Extended Dual Site Langmuir (EDSL)) that are used to predict mixture isotherms
from the pure component isotherms. We showed that the different models to fit the
data impacted the ranking of the materials for low CO, concentrations in the feed gas
stream.[O4] As IAST provided a much more accurate description (75% of the structures
were shown to have better accuracy than 7%) of the simulated mixture adsorption data,
we used [AST for our mixture data predictions.

4.4.2 Feedback to extend the materials database

In the PriISMa platform, we have screened about 1200 curated MOF structures (see Sec-
tion 3.3.1). The computation at the materials level involves DFT calculations to optimize
the structure and get the charges on the atoms needed to carry out the various GCMC
calculations to compute the adsorption thermodynamics. We have a dedicated server for
these calculations, which allows us to compute the thermodynamic data for about 50
materials in a few days. Therefore, screening all trillion MOFs proposed by Lee et al. [53]
is practically impossible. Hence, there are a large number of MOF structures that have
remained unexplored in the PriISMa platform.

Here, we use the PriSMa platform to leverage knowledge and develop a machine learn-
ing model to classify whether a structure has a Net Carbon Avoidance Cost (nCAC) below
a given threshold. Such a classification model typically works well if the data is bal-
anced. Ideally, we would like to have an equal number of structures above and below the
threshold. However, we typically have a small number of top-performing structures.

To address this issue, we used a feedback loop in which we start with a sufficiently
high nCAC to carry out classification with reasonable certainty. From this classifica-
tion, we select those structures we expect to perform well. For these structures, we
compute the complete thermodynamic data. We use these data to retrain our model
with a lower threshold. We repeat this procedure for a few iterations until we reach the
desired threshold. In this section, we focus on cement in the UK using TVSA (vacuum
pressure = 0.6 bar).

Detailed description of the methodology

Machine learning model A gradient boosting classifier model (CatBoost [138]) was
trained using the results from the platform, i.e., for the MOFs in the PrISMa dataset.
The available training data was increased with each iteration of the feedback loop, be-
ginning at 1,185 MOFs. Hyperparameter optimization was completed within an inner
loop using Parzen estimators via Optuna[139]. The number of Catboost iterations was
selected based on a validation set of 20% of the training data. The feature sets are avail-
able in Moosavi et al. [40]. Features were selected based on their importance via feature
importance tests on the validation set. All features above a cut-off were used; the cut-off
was chosen by calculating the feature importance of samples from a Gaussian distribu-
tion.

The model accuracy was evaluated on 80% of the data and then tested on the 20%.
The split was performed based on a stratified random split. Model accuracy varied per
round from 80 to 89%. Uncertainty metrics were generated using the virtual ensemble
method[140].

Strategy for the feedback loop We used the above-mentioned machine-learning model
to screen large MOF databases. The BW20K, CoRE2019, and ARABG databases (see
Moosavi et al. [40] for details on databases and organized CIF files) were considered
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chine Learning (ML) model is a classifier model that is trained to predict whether a mate-
rial has a nCAC below a given threshold or not. Out of the materials from the large MOF
database with a predicted nCAC below the threshold, we make a short list for running
the complete PriSMa platform. We can use a lower threshold value for the nCAC for the
next round or iteration loop as we get more top-performing structures.

here. The total number of MOFs in these databases is 29,291. The following feedback
loop was implemented (see Figure 4.16):

1. All the materials in the PriISMa database are run through the platform, and KPIs
are computed.

2. Our ML model is trained to predict whether the nCAC is higher or lower than a given
threshold.

3. As we initially set the threshold for a relatively high value of the nCAC, we use a set
of filters to shortlist materials that are expected to be top-performing:

¢ Filter 1: The nCAC prediction beats the threshold
* Filter 2: The material is porous to N,
* Filter 3: The material has high pure component CO,, uptake

¢ Filter 4: The material has a high predicted working capacity in the presence of
water.

4. The shortlisted MOFs are run through the platform.
5. The process is then repeated from step 2, and the threshold is decreased. The initial
threshold was set to 105 €/tco,, then reduced to 80 €/tco, in the second round, and

then to 70 €/tco, in the third round.

In this way, we can leverage the availability of vast amounts of MOF structures.
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Figure 4.17| Model performance: At each round, a model was trained to predict
whether the nCAC was above or below a given threshold value. The confusion matri-
ces of the training (a) and test (b) sets show the model performance for a nCAC threshold
value of 105€/tco,. The accuracy of this model is 79.5% on the test set.

Performance of the Machine learning model

The results of the first round are shown in Figure 4.17. The confusion matrix on the test
set shows that in 79.5% of the cases, the model correctly predicts whether the nCAC is
above or below the 105€/tco, threshold.

In Figure 4.56d, we show for each material of the large database (with approximately
30,000 materials), whether it is above (grey) or below (purple) the threshold. In this
representation, two materials plotted close to each other have similar properties.

For each of these materials, we can also estimate the uncertainty of these predictions.
These results are shown in Figure 4.18a for materials below the threshold of 105 €/tco,
and in Figure 4.18b for materials above the threshold. In Figure 4.18a, the grey dots
represent materials that have an nCAC above the threshold, while in Figure 4.18b the
grey dots are the material with an nCAC below the threshold. In these figures, the color
coding gives a measure of the accuracy. For example, in Figure 4.18b, the large pink
area is a part of the chemical design space, for which we predict with high certainty that
there are no interesting materials. We also see that the border between the two different
areas contains the materials with the highest uncertainty.

Results of the feedback loop

We started with the model described in the previous section and the feedback strategy
was performed three times, each growing the total number of MOFs with a low nCAC
and increasing the model’s ability to identify low nCAC MOFs.

After each round, the distribution of nCAC values is shown in Figure 4.20. The PrISMa
materials database contains 1185 materials, 45% of which beat the nCAC benchmark
of 105€/tco,. By using the feedback strategy described previously, we obtained 138
shortlisted new materials. When these materials were run through the platform, 137 of
them beat the nCAC benchmark of 105€/tco,. These results demonstrate the ability to
select top-performing MOF's from large materials databases efficiently.

In our screening, we cannot include some factors of practical importance (e.g., long-
term stability, mechanical properties, resistance against trace components). Hence, we
may identify a particular material as top-performing but which fails in practice. For these
reasons, we used in our discussion of the case studies the average nCAC of the twenty
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Figure 4.18]| Uncertainty of the Machine Learning model: The color coding gives the
uncertainty of the prediction for each material (a) the uncertainty at which we predict
that the nCAC is lower than 105 €/tco, and (b) that nCAC is higher than 105 €/tco,.
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Figure 4.19| Feedback strategy results after the first round: The starting dataset
is the PrISMa materials database, which contains 530 materials (45 %) which beat the
nCAC benchmark of 105 €/t-0,. A feedback strategy was used to identify more top-
performing materials with promising characteristics in large databases. The number of
materials that meet the benchmark is shown in a), and their absolute nCAC value is
shown in b). Materials selected by the feedback strategy are colored in purple.
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Figure 4.20| Iterative materials discovery: The iterative feedback strategy generates
subsets of MOFs. After each round, the model progressively improves and returns a
subset of MOF's with lower nCAC. Violin plots show the distribution of the nCAC for the
MOFs identified by the iterative feedback strategy after each round.

best-performing materials instead of basing our conclusion on a single material. Hence,
our high throughput screening workflow must efficiently generate a large subset of good
performers rather than a very small selection of top performers [141]. The effectiveness of
our feedback strategy can be further demonstrated by counting the number of materials
with a nCAC lower than 80 €/tco,, i.e., resulting from the second feedback Round; only
22% (260 MOFs) of the PrISMa materials database meet this requirement while 86% (119)
of the MOFs selected using the feedback strategy do. Hence, we have almost quadrupled
our chances of finding a successful material.

It is also interesting to evaluate if our ML model also works for the TSA process. The
advantage of a simple TSA process is that it gives a higher recovery, but we do not obtain
the required purity for most materials. In our PrISMa database, we only identified four
materials within the top 30 that meet the purity requirement, and after optimization, we
found two more structures (see Section 4.3).

Figure 4.21a shows that for the TVSA process many materials from our ML approach
obtain the required purity. Figure 4.21b shows that our ML approach identified two
new materials for the TSA process, without optimization. The top materials that were
identified using the iterative feedback strategy were optimized. The goal was to test their
performance in a TSA process. We selected all MOFs that achieved a purity over 93
% in the TSA process (41 MOFs) and optimized them using the strategy outlined in
Section 4.3. Figure 4.22 shows that most MOFs move above the target purity of 96 %.
The nCAC is also decreased to a minimum of 46 €/tcp,. In our initial screening study,
we would discard TSA because there are insufficient materials for a reasonable chance
of success. These results indicate we may have to revisit this conclusion.

Figure 4.56b shows the distribution of nCAC for the different process technologies and
sources. The top 20 ML materials (in blue) are superimposed onto the top 20 PrISMa ma-
terials (in red). A favorable nCAC distribution is observed for coal and cement, whereas
NGCC is seen as unfavorable. The iterative feedback strategy was trained using results
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Figure 4.21| Feedback strategy results: The MOFs identified from the iterative feed-

back strategy are superimposed against all PriISMa materials for (a) TVSA (vacuum pres-
sure = 0.6 bar) (b) TSA.

from a TVSA process (operating with 0.6 bar vacuum) taken from the flue gas of a cement-
producing facility. The concentration of CO, from a coal flue gas is quite similar to that
of cement (14 % vs 18 %), whereas the concentration of CO,, from an NGCC flue gas is
much lower (4 % CO,). Figure 4.54 (a) shows that the ranking of materials for cement
and coal is similar but very different from NGCC. This already suggested that we need
to retrain our model for our NGCC Case Studies. Our ML model’s results are consistent
with this observation.
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Figure 4.22| Optimizing the best ML results: Fourty-one MOFs identified from the
iterative feedback strategy are optimized (Section 4.3) for their performance in a TSA
process. This figure illustrates that many ML-selected MOFs achieve low nCAC (a) and
high purity (b). Figure (c) shows the performance of the ML-selected structures per itera-
tive round for a TSA process in their optimized and non-optimized state. The optimization
was set to minimize nCAC with a purity above 96 % as a constraint.
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4.5 Materials layer: Comparison with experimental data

(WP2)

The basic thermodynamic data for a given material for the PriISMa platform comes from
experimental data or molecular simulations. For the molecular simulations, we use the
UFF force field (see 3.3.1). To obtain some insights into the accuracy of these predic-
tions, we compare the predicted pure component isotherms with experimental isotherms
previously reported in the literature for a representative set of 18 structures. For 7 out of
those 18 structures, we provided additional experimental data using the procedures de-
scribed in Section 4.5.1 (see Figure 4.23). We also present a comparison of the simulated
isotherms with the experimental ones for zeolite 13X, as we compare the performance of
zeolite 13X with some MOFs in Section 4.2.3.

4.5.1 Gas sorption experiments

The CO, (and N,) isotherms measurements at 298K (or 303K) for the samples (Ca-
squarate, MIP-212(Al/Cu), CAU-10(Al), MIL-160(Al), MIL-53(Al)-NH2, MIL-96(Al), and
MIL-91(Ti)) were performed on a Micromeritics Triflex instrument with a temperature-
controlled bath. In all the cases, the measurements were recorded using ultra-high pu-
rity gas (> 4.8 grade). Before the adsorption measurement, each sample was degassed
under heating for at least 8 hours. The degassing was done in one step using a Mi-
cromeritics SmartVacPrep degas unit (P = 10 x 107° mbar; at which point the outgassing
rate was < 2 pubarmin™).

4.5.2 Al-containing MOFs

Boyd et al. [O2] noticed that for Al-containing MOFs the UFF force field overestimates
the adsorption of CO,. As Al is an abundant metal, AI-MOFs are potentially attractive
for large-scale carbon capture applications. Therefore, we compared the predictions of
the force field used by Boyd et al. [O2] with the regular UFF parameters for Al.

In these figures, unless indicated, the isotherms are at 298 K. Colored closed circles
are experimental isotherms. Open black circles are the predictions from our simulations,
where a solid line is added for the scaled force field.

MIL-160

MIL-160 was first described by Cadiau et al. [142]. The chemical formula of the dry MOF
is AlgH,,C,50,g or Al(OH)(O,C-C,H,0-CO,). In this work, the sample was prepared
using the synthesis optimized by Permyakova et al. [143]. The metal nodes are AlOg4
octahedra, arranged in a chain-like building unit. The carboxylate groups of the linker
link these units together.

In Figure 4.24, we compare the predicted CO,, N,, and H,O isotherms with the ex-
perimental data of Cadiau et al. [142], Permyakova et al. [143], Shade et al. [144], Dama-
sceno Borges et al. [145], Silva et al. [146], Wang et al. [147], Wahiduzzaman et al. [148],
and this work.

For CO, and N,, we see a significant improvement if we use the scaled force field
instead of the regular UFF force field. Our predictions are in excellent agreement with
one set of experimental data. Also, for H,O, our model agrees with the experimental
data.

MIL-96

MIL-96 was first synthesized by Loiseau et al. [149]. The chemical formula is Al;5O0g,Cs,H; (5,
or Al;,0(0OH),4(H50)5[BTC]5-nH, O (n = 29). The structure of MIL-96 (revisited by [150])
consists of 18-member hexagonal honeycomb layers from the infinite chains of AlO,(OH),,
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Figure 4.23| MOFs of which the experimental isotherms are compared with the
predictions from molecular simulations Crystal structures of MOFs studied in section
5. (A) MIL-160(Al), (B) MIL-96(Al), (C) CAU-10(Al), (D) MIL-53(Al)’s, (E) NOTT-300(Al), (F)
CALF-20(Zn), (G) MOF-74(Mn), (H) FMOF-1(Ag), (I) PCN-14(Cu), (J) MOF-5(Zn), (K) MOF-
205(Zn), (L) UiO-66(Zr), UiO-66(Zr)-NH2 and UiO-67(Zr), (M) HKUST-1(Cu), (N) UMCM-
1(Zn) and (O) Ca-Squarate. Color code: AlOg, pink polyhedron; ZnO,Nj, light yellow
polyhedron; MnOg, green polyhedron; AgN,, grey polyhedron; CuOg, orange polyhedron;
ZnO,, bleu polyhedron; ZrOg, dark blue polyhedron; CaO,, dark green polyhedron; O,
red; C, grey; N, blue and F, green. The crystal structure of MIP-212 is presented in
Section 4.6.2.
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orange[146], green[145], and red; this work) with the computational isotherms (open
symbols, with solid line, is the scaled model) for (a) CO,, (b) N,, and (c) H,O. For the
water experimental isotherms: blue[142], orange[147], green[143], and red[148]
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ange: this work) with the computational isotherms (open symbols, with solid line is the
scaled model) for CO,.

and AlO,(OH)4(H,0)/AlO,(OH), octahedra together with pus-oxo-centered isolated Al-
trimers (all Al(III) adopt octahedral coordination), all linked together through 1,3,5-benzenetri-
carboxylate (BTC) ligands. In Figure 4.25, we compare the computational isotherms with
the experimental ones of Liu et al. [151] and this work for CO,,.

For this MOF, the difference between the experimental data of the different groups
makes it impossible to conclude which force field gives better predictions.

CAU-10

The CAU-10-X family of MOFs was first synthesized by [152], where X can be H, NO,,
OH or CH;. Here, we study CAU10-H. The chemical formula is AlgH,,Cg,0,, or [AI(OH)-
(0,C-C4zH,OH-CO,)]-0.5(H,0). The structure is built up of helical chains of cis-connected
AlOg-octahedra linked together through 1,3-isophthalate linkers.

In Figure 4.26, we compare the predicted CO, and N,, isotherms with the experimental
data of Abascal and Vega [59], Pei et al. [153], and this work.

Also, for this material, we see that the scaled UFF force field gives significantly better
predictions of the experimental isotherms for both CO, and N,

MIL-53-NH2

MIL-53-NH2 is part of the MIL-53 family of MOFs, which was first synthesized from
Cr(IIl) ions and terephthalate ligands (BDC) by Millange et al. [155] and later from Fe(III)
or Al(Ill) as well as with various substituted BDC (X-BDC; X = NH,, NO,,, COOH, halides,
etc.) analogues[156]. The MIL-53s are built of straight chains of trans-connected MO6-
octahedra (M = Al(Ill), Fe(Ill), Cr(III), ...) linked with X-BDC ligands. This family of MOFs
has been studied extensively because of their breathing behavior caused by the flexibility
in the structure[157]. One of the interesting analogs for the CO,, capture/separation is
the one obtained with the 2-amino-terephthalate (NH,-BDC)[158]. The chemical formula
of MIL-53-NH2 is AlgH,4Cg,NgO,, or Al(OH)(NH,-BDC)-3.5H,0.

In Figure 4.27, we compare the predicted CO, and N,, isotherms with the experimental
data of Serra-Crespo et al. [159], Martinez Joaristi et al. [160], Couck et al. [161], Garcia-
Perez et al. [162], and this work. The experimental isotherms for H, O have been obtained
by Jeremias et al. [163], Teo et al. [164], Gaab et al. [165], Bozbiyik et al. [166], Wollner
et al. [167], Coelho et al. [168].

This is an example of a material that undergoes a structural transition upon gas
loading rates, i.e., we increase loadings of CO,, or N,. This transition occurs at the steps
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Figure 4.26| CAU10 | Comparison of the experimental isotherms (orange[153],
green[154], and blue; this work) with the computational isotherms (open symbols, with
solid line is the scaled model) for (a) CO, and (b) N,,.

in the isotherms. Our model assumes that we have a rigid framework, so we can’t observe
these types of transitions. However, these types of transitions can be detected using the
approach of Sarkisov et al. [61]. For H,O, our model agrees well with the experiments.

MIP-212

MIP-212 is a novel in-house MOF. Its structure is described in Section 4.6.2. The chemi-
cal formulais Al,;Cu,gH, 15,C|9gNg, Ogg Or [Al(1ty—OH)Cu(p,—H, O)(PyC), ] -n—solvent, where
PyC stands for the pyrazolate 4-carboxylate ligand. The inorganic building units con-
sist of Al-chains with AlOg(OH) octahedra and Cu-chains built of CuN,(OH,), octahedra
(when fully hydrated). As this material was synthesized in the context of this work, we
present more details in Section 4.6.2.

In Figure 4.28, we compare the predicted CO,, N,, and H,O isotherms with our ex-
perimental data. The scaled force field also better predicts the CO, and N,, isotherms of
this material. The predicted H,O isotherm shows larger deviations. Interestingly, similar
kinks are seen in the experimental isotherm.

NOTT-300

NOTT-300 was first synthesized by Yang et al. [169]. The chemical formula of the dry MOF
is AlgH;,Cg,0,,. while the structure consists of 1D helical chains of corner-shared AlO,-
octahedra, linked together by tetracarboxylate linkers to form square-shaped channels.

In Figure 4.29, we compare the predicted CO, and N, isotherms with the experimental
data of Shade et al. [144] and Yang et al. [169]. The scaled force field also better predicts
the CO, and N,, isotherms of this material.

4.5.3 Other MOFs
CALF-20

CALF-20 was first synthesized by Lin et al. [74]. The chemical formula is Zn,HgC,4,N;,0q¢
or Zn,(1,2,4-triazolate),(oxalate). The isolated Zn(ll) metal nodes are five-coordinated
(ZnN3;0O,)in a (distorted) trigonal bipyramidal geometry where the structure can be de-
scribed as “layers" of Zn-triazolates linked together via oxalate ligands.
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Figure 4.29| NOTT-300 | Comparison of the experimental isotherms (blue[144] and
orange[169]) with the computational isotherms (open symbols, with a solid line, is the
scaled model) for (a) CO, and (b) N,.

In Figure 4.30, we compare the predicted CO, and N, isotherms with the experimental
data of Lin et al. [74] and Nguyen et al. [170]. The predicted water isotherm is compared
with data from Lin et al. [74].

The predicted isotherms for CO, and N, are in excellent agreement with the experi-
mental data. The agreement for H, O is less good; we underestimate the amount of water
adsorbed.

MOF-74(Mn)

The MOF-74 (also known as CPO-27) structure was first synthesized with Zn(Il) as the
metal node[172]. Subsequently, the MOF-74 structure has been synthesized with differ-
ent metal ions by different groups (e.g., Ni, Co, Zn, Mg, and Mn by Dietzel et al. [173],
Co, Ni, Zn, and by Mg Caskey et al. [174], and Fe by Bloch et al. [175]). The chemical
formula is MngHgC,,0, 4, or Mn,(DHBDC)- (H,0), with Mn as metal node and 2,5-dihy-
droxy-1,4-benzenedicarboxyl (DHBDC) as linker.

In Figure 4.31, we compare the computational isotherms with the experimental ones
of Yu et al. [176] and Queen et al. [177] for CO, and N,.

As MOF-74(Mn) has an open metal site, one can expect the UFF force field to un-
derestimate the adsorption isotherms, as shown by Dzubak et al. [178] for Mg-MOF74.
However, the scatter in the experimental data for the Mn version of the materials does
not allow us to draw firm conclusions for this material.

FMOF-1

FMOF-1 was first synthesized by Yang et al. [179]. The chemical formula is Ag,,CqgN,oF 44
or Ag,[Ag,Tzs]. FMOF-1 is a fluorous MOF and is formed by the reaction of a perfluori-
nated ligand (3,5-bis(trifluoromethyl)-1,2,4-triazolate(Tz)) with Ag(l) as a metal node.

In Figure 4.32, we compare the computational isotherms with the experimental ones
of Moghadam et al. [180] for CO,,.

We obtain excellent agreement at low pressure. At high pressure, we underestimate
the loading, which is due to the flexibility of the structure.[180]
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computational isotherm for (a) CO,.
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Figure 4.33| PCN-14 | Comparison of the experimental isotherms (blue[182] and
orange[183]) with the computational isotherm for N,.

PCN-14

PCN-14 was first synthesized by Ma et al. [181]. The chemical formula is Cu,;,Hg,C,5,0,g
or Cu, (H,O),(adip) with adip = 5,5-(9,10-anthracenediyl)di-isophthalate. The metal nodes
are Cu, and the linker is derived from an anthracene derivative.

In Figure 4.33, we compare the computational isotherms with the experimental ones
of Perry IV et al. [182] and Parkes et al. [183] for N,,.

The predicted N,, isotherm is in excellent agreement with the experimental data.

UiO-66

UiO-66 was first synthesized by Cavka et al. [184]. The chemical formula is ZrgHygCyg04,,
with a Zrg-cluster as metal node and as linker benzene-1,4-dicarboxylate (BDC).

In Figure 4.34, we compare the computational isotherms with the experimental ones[185-
192], and Li et al. [193] for CO, and N,,.

Our model slightly overestimates the adsorption in the Henry regime, yet the overall
agreement for both CO, and N, is good.

MOF-5

MOF-5 (or IRMOF-1) was first synthesized by Li et al. [194]. The chemical formula of
MOF-5 is ZngH,,C;50,4, or Zn,O(BDC)4, where Zn,O is the metal node and the linker
is 1,4-benzenedi-carboxylate (BDC).

In Figure 4.35, we compare the experimental isotherms[195-198, 198, 199], and Mill-
ward and Yaghi [200] with the computational ones for CO, and N,.

The predicted isotherms for CO, and N,, are in excellent agreement with the experi-
mental data.

MOF-205

MOF-205 was first synthesized by Furukawa et al. [201]. The chemical formula of MOF-
205 is Zn,, H,55Cyg50,5. MOF-205 has as metal node Zn,O and two different linkers:
4,4,4-benzene- 1,3,5-triyl-tribenzoate (BTB) and 2,6-naphthalenedicarboxylate (NDC).
In Figure 4.36, we compare the experimental isotherms by Sim et al. [202, 202], and
Furukawa et al. [201] with the computational ones for CO,,.
The predicted N,, isotherm is in excellent agreement with the experimental data.
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Figure 4.37| UiO-66-NH2 | Comparison of the experimental isotherms (blue[187],
orange[188], and green[189]) with the computational isotherms (open symbols) for (a)
CO, and (b) N,

UiO-66-NH2

UiO-66 is a benchmark Zr-MOF built up from Zr(IV)-hexanuclear oxo-clusters (as nodes)
linked together by terephthalate (X-BDC; X=H, NH,, COOH, halides, etc.) linkers, to yield
a cubic structure endowed with octahedral and tetrahedral cages. It can be synthesized
with linkers that have different functional groups (e.g., NH,, NO,, and Br)[203, 204].
The chemical formula of UiO-66-NH2 which is obtained with the linker 2-amino-1,4-
benzenedicarboxylate (H,N-BDC) is ZrgHg,C,gNgOg,. The inorganic building unit is a
Zrg-cluster and the linker is 2-amino-1,4- benzenedicarboxylate (H,N-BDC).

In Figure 4.37, we compare the experimental isotherms of Hu et al. [187], Cmarik
et al. [188], and Zhang et al. [189] with the computational ones for CO,,.

For the N, isotherms, we obtain excellent agreement. For CO,, We observe a similar
overestimation of the isotherms at the Henry regime as for UiO-66 (see Section 4.5.3).
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Figure 4.38| UiO-67 | Comparison of the experimental isotherm (blue[205]) with the
computational isotherm for CO,,.

UiO-67

UiO-67 was first synthesized by Cavka et al. [184]. This MOF is isoreticular to UiO-66-
NH2 but obtained with the extend linker 4,4-biphenyl-dicarboxylate (BPDC). Its chemical
formula is ZrgH,gCg,Og,.

In Figure 4.38, we compare the experimental isotherms of Yoon and Moon [205] with
the computational one for CO,. We see that our model is in excellent agreement.

HKUST-1

HKUST-1 ([Cuz(TMA),(H,O)5ln, where TMA is benzene-1,3,5-tricarboxylate) has inter-
secting nanochannels that form a 3D connected network of pores. The chemical formula
for HKUST-1 is Cu,,H,,C,,0,5. HKUST-1 was first synthesized by Chui et al. [206], and
since then, many groups have synthesized this material (see, for example, [207]).

In Figure 4.39, we compare the experimental isotherms[208-213], and Millward and
Yaghi [200] with the computational ones for CO, and N,.

The predicted isotherms for CO, and N,, are in excellent agreement with the experi-
mental data.

UMCM-1

UMCM-1 was first synthesized by Koh et al. [214]. It has a chemical formula of Zn,,H, ,,C5,0-5-
UMCM is built of and has Zn,O as the inorganic node and a mixture of linkers, the
terephthate (BDC) and 1,3,5-benzene-tris(4-benzene-benzoate (BTB). The framework of
UMCM-1 consists of Zn,O clusters linked together by two BDC and four BTB linkers
arranged in an octahedral geometry.

In Figure 4.40, we compare the experimental isotherms of Mu et al. [215] and Xiang
et al. [216] with the computational ones for CO, and N,.

The predicted isotherms for CO, and N,, are in reasonable agreement with the exper-
imental data. For CO, and N,, we overestimate the loading.

Ca-SQA

Ca-SQA was first synthesized by Li et al. [217]. The chemical formula is CagH,5C3,0,-
Its 3-D structure consists of 1-D chains of edge-sharing Ca(ll) polyhedra linked to-
gether by squarate ligands (the deprotonated form of the squaric acid (3,4-dihydroxy-
3-cyclobutene-1,2-dione)).
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In Figure 4.41, we compare the experimental isotherms of Tu et al. [218] and this
work with the computational ones for CO, and N,. Our model for both CO, and N,
overestimates the adsorption, particularly in the Henry regime.

4.5.4 Zeolites
Zeolite-13X

Zeolite-13X, also known as NaX, is a Faujasite-type zeolite. The crystal structure has
a Si to Al ratio of 1.18, corresponding to 104 silicon atoms and 88 aluminum atoms,
in addition to 88 sodium cations [219]. In our simulations, the crystal structure is
assumed to be rigid, while sodium ions are free to move (only translation). We used the
force field developed by Vuji¢ and Lyubartsev [220] to generate the CO, and N, pure
component isotherms. The force field developed by Joos et al. [133] was implemented for
water calculations. Joos et al. [133] showed that this force field very well predicts the
experimental water isotherms.

In Figure 4.42, we compare the experimental isotherms of McEwen et al. [221], Najafi
et al. [222], Cavenati et al. [223], Wilkins and Rajendran [224], and Wang and LeVan
[225] with the computational ones for CO, and N,. Our model for CO,, overestimates the
adsorption, particularly in the Henry regime. While, for N,, the predicted isotherm is in
excellent agreement with the experimental data.

4.5.5 Discussion of the results

In the previous sections, we have compared the predicted adsorption isotherms with
experimental data from the literature and data from this work. Our conclusions from this
work are that except for AI-MOFs, the UFF force field gives good to excellent predictions
of the CO,, and N, isotherms. However, the simple scaling introduced by Boyd et al. [O2]
for the Al-atoms in the MOF significantly improves the predictions. Hence, we have used
this correction for all Al containing MOFs for our screening studies.

A comparison for water isotherms in MOFs is significantly more difficult because
far fewer water isotherms have been measured, and these isotherms show significant
scatter (see, for example, the work of Rudenko et al. [226], Burtch et al. [227]). For those
structures we could compare, the simulated isotherms were in reasonable agreement
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with the experimental ones. Interestingly, MOFs have recently been published for water
harvesting, and we expect that much more data will become available,[228] which will
allow us to further validate our water isotherms.

For some structures, we do see significant deviations for some materials. There can
be several reasons for these differences. First, our simulations assume that our MOF
is a perfect, fully-activated crystal. Experimentally, it is difficult, if not impossible, to
obtain such perfect crystals. Ongari et al. [O15] compared the reported (experimen-
tal) pore volume for MOFs that different groups have synthesized. For some MOFs, the
reported experimental pore volumes can vary by a factor of 2 to 10. Some MOFs have
been extensively studied, and for those MOFs, we know how to synthesize crystals with
a pore volume close to the theoretical pore volume computed from the crystal structure.
Equally important, we know how to activate these materials to remove the solvent used
in the synthesis from the pores. Park et al. [229] made a detailed comparison of the
reproducibility of the adsorption isotherms and also concluded the scatter in the exper-
imental isotherms makes it difficult to draw firm conclusions. Yet, there are a few MOFs
for which such a comparison is possible, and the agreement is generally good for these
MOFs.

A second assumption in our simulations is that a MOF is a rigid structure. This
speeds up the calculation as we only have to generate new configurations for the adsorbed
molecules. However, some MOFs change structure upon adsorption (e.g., MIL-53-NH2,
see Section 4.5.2), and we fail to predict the correct adsorption behavior for such MOFs.
Therefore, we flag those structures for which we expected the framework’s flexibility to
have a large impact (see Section 3.3.1) on the adsorption properties.

Hence, our conclusion of this comparison is that for a large screening, the Al-scaled
UFF force field is sufficiently reliable to make a first selection. However, once we have
identified a promising material, it is important to validate the force field further.

4.5.6 Error propagation

In the previous section, we have made a detailed comparison with the experimental data.
From this comparison, we can make the following conclusions:

* We assume an infinite, perfect crystal. However, synthesizing such perfect crystals
in practice is experimentally difficult, if not impossible. One can expect to have a
10-20% lower accessible pore volume.
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Figure 4.43| Tornado plot for the parameters of the materials layer We computed the
change in nCAC for one of the top-performing materials (Mg-MOF-74). The parameters
are ordered in decreasing impact on the nCAC. A red bar indicates a positive change in
the parameters, a blue bar indicates a negative change, and a purple bar indicates if
both a positive and a negative change have the same effect.

¢ In our screening study, we assume a universal force field (UFF) with an adjustment
for Al. The comparison with the experimental data shows that the error in the
Henry coefficient can be as much as one order of magnitude.

To study the propagation of these uncertainties in the calculation of the material proper-
ties, we fitted the simulated pure component isotherms of CO, and N, with a Langmuir
isotherm.
g P

sat,1 1 + Hlp

where oy, ; is the saturation loading and H; the Henry coefficient of component i. We
then used the uncertainties in the Henry coefficients and saturation loading to generate
the isotherms for which we compute the nCAC. For the other parameters, we assume a
10% error.

The resulting propagation of the uncertainties for one of the top-performing materials
(Mg-MOF-74) is shown in the tornado plot in Figure 4.43. As expected, the most impor-
tant factor is the low-pressure part of the CO, adsorption isotherm. The most important
result is that if we are one order of magnitude off, we overestimate the nCAC by 4€/tco,.

Oj
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4.6 Experimental work (WP3 and WP4)

In this section, we describe first the general experimental work on the synthesis of ma-
terials performed in the PrISMa project and subsequently, the experimental data that
has been obtained and used to validate the platform’s predictions. We focus on two
materials: MIP-212 and CALF-20. MIP-212 is a novel MOF developed by our collabora-
tors and partners from the Institut des Matériaux Poreux de Paris, ENS, ESPCI Paris,
CNRS, PSL University, Paris, France, for which an initial screening on the platform sug-
gested it would be a promising material. CALF-20 is currently being used as sorbent in
a commercial process to capture CO, from a cement source.

4.6.1 Synthesis and characterization

In the PrISMa project, we also aimed to synthesize and discern detailed molecular struc-
tures in reference and novel materials for carbon capture. The activities included syn-
thesizing a range of materials and investigating their potential for carbon capture using
both experimental and computational methods. In particular, Nuclear Magnetic Reso-
nance (NMR) was employed as a powerful and well-established technique to explore the
host-guest interactions in the adsorbents and to gain insights into their mechanisms of
CO,, capture.

To achieve this goal, we conducted extensive research into the state of the art in the
adsorbents. The mixed metal oxides (MMOs) are promising materials for high tempera-
ture CO,, separation where adjusting cation and anion within its structure can match
the source of the CO,. The reference MMOs were prepared using a developed synthetic
route and were analyzed through ex-situ solid-state NMR analysis after 1SCO2 dosing
approach [019]. The novel set of reference MMOs was synthesized by varying the ratios
of magnesium (Mg) and aluminum (Al) in cationic layers. Our study on the synthesized
materials precisely identified and thoroughly characterized the chemisorbed products
formed as a result of the interactions between CO, and Mg-Al MMOs, using a combi-
nation of solid-state NMR and density functional theory (DFT). Through this analysis,
we determined the specific sorption sites within MMOs and assessed the impact of Al
on the chemisorbed products. It turned out that the formation of mono- and bidentate
carbonate occurs at Mg-O sites with adjacent Al substitution, whereas bicarbonates are
formed at Mg-OH sites without adjacent Al substitution. Furthermore, an increase in
the Al/Mg ratio in MMOs led to a higher relative amount of monodentate carbonate,
which is indicative of a correlation between Al and strong basic sites. This comprehen-
sive knowledge of the sorption mechanism can be utilized to develop advanced materials
for CO,, adsorption from different sources.

Despite our best efforts, it was challenging to characterize the diffusion of gas molecules
in composite materials consisting of polymers and reference MOFs for low temperatures.
The fast exchange rates between in-pore and out-pore gas were not able to distinguish
obfuscated diffusion constants that were supposed to be different via pulse field gradient
NMR. An alternative plan was pursued by probing adsorbed hydrocarbon solvents in the
reference MOFs. The solvent self-diffusion coefficients from the reference MOFs distin-
guished at least two diffusion components and showed a possible faster diffusion coeffi-
cient in the composite materials, which was associated with the increased CO, capture
in the composites. Further long experiments are needed to achieve a high signal-to-noise
ratio and analyze the distribution of diffusion constants in these materials. While we
did not achieve the original objectives, we have contributed to the broader scientific un-
derstanding of other materials that can be applied at low temperatures. The delays and
challenges posed by the COVID-19 pandemic resulted in delays and the need to devise
alternative approaches. This led to exploring other types of potential adsorbents for CO,,
capture at low temperatures.

Successfully, WP 3 expanded our mechanistic studies to another potential adsorbent,
melamine nanoporous networks (MNNs). These are promising candidates for coal-fired
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power plant (CFPP) flue gas conditions where flue gas conditions are at 40 °C. The MNNs
were derived from a commercially available and affordable melamine melamine pow-
der, which typically costs approximately US$ 40 per ton. This made the production of
MNNs a very accessible and cost-effective solution for capturing carbon dioxide at an
industrial scale. The efforts to synthesize and test the MNNs proved successful, with
the materials demonstrating rapid and high CO, adsorption capabilities when modified
with amine groups (e.g., diethylenetriamine (DETA) and cyanuric acid). This resulted in
a positive outcome and portends the development of affordable and effective candidates
for future research in carbon capture. The findings of the study are now available in
Reference [0O21]. The modified MNNs showed a high affinity and high adsorption ca-
pacity in CO, uptake due to the chemical reactions that occur within MNNs during the
CO,, capture process. These reactions occur at two levels and are reversible between N-
CO,. Multidimensional solid-state NMR demonstrated the formation of ammonium car-
bamate pairs and a mix of ammonium carbamate and carbamic acids. This enhanced
the chemisorption cycling stability of MNNs-based materials. Finally, we briefly ex-
plored commercially available sorbents, including the commercial polymer resin Lewatit
(amine-appended polymer) and a promising metal-organic framework (MOF), Al-PMOF,
to broaden fundamental insights into different types of candidates. The latter study
launched the PrISMa team with its first publication [O2].

Furthermore, efforts were made to establish the experimental foundations for intro-
ducing promising sorbents during the validation and expand the understanding of CO,,
adsorption. Understanding the effect of water on CO, adsorption is essential for the
implementation of CCUS technologies. In order to explore this impact, the team intro-
duced new equipment capable of controlling a wide range of humidity levels in CO, gas
mixtures, mimicking various industrial gas conditions. However, there were delays in
the delivery of the equipment due to material shortages and supply chain delays, and
the equipment had to be stabilized and optimized before testing. Several samples were
tested for their feasibility, but low signal detection in NMR experiments prompted the
use of enriched gas (13C02]. Modifications were made to the equipment to combine the
isotope gas and improve the NMR signal. Ongoing work aims to further investigate the
role of water in CO,, adsorption in some of the candidate materials.

4.6.2 Experimental data of MIP-212

Structure and synthesis

The novel bimetallic copper-aluminum MOF, denoted MIP-212 (MIP stands for Materials
from the Institute of Porous Materials of Paris), is formulated as [Al(x,~OH)Cu(u,-H,;0)-
(PyC),]'n-solvent, where PyC stands for the pyrazolate 4-carboxylate ligand. It can be
obtained as a purple microcrystalline powder from a one-pot synthesis reacting hy-
drated aluminum nitrate, hydrated copper nitrate, Pyrazole-4-carboxylic acid (H,-PyC)
and sodium hydroxide in a mixture of deionized water, ethanol, and acetic acid at 100 °C
over 48h. MIP-212 crystalizes in an orthorhombic symmetry with Pmma (Ne51) space
group (a = 6.8114A, b = 11.9985A, c = 9.6021 A).

The structure of MIP-212 was solved from synchrotron high-resolution Powder X-
ray diffraction (PXRD) data, see Figure 4.44. It consists of two chains composed of
AlO,4(OH),, and CuN,(H,0), octahedra along [100] crystallographic orientation. These
chains are linked by the pyrazole-4-carboxylate (PyC) hetero-functional ligand where the
nitrogen atoms of the pyrazole rings are coordinating the Cu?* ions, and the oxygens of
the carboxyl group are coordinated to the AI3* ions. Such crystallographic arrangement
forms nanometric lozenge-shaped channels, similar to MIL-53, but exhibiting two types
of openings (labeled I and II) with different chemical environments. In pore I, where
the Cu-chains are the closest along the c-axis, the Cu ions are coordinated by water
molecules pointing to the center of the channels, and their removal upon sample activa-
tion can lead to the formation of OMS. It is worth mentioning that in situ PXRD studies
showed that only about half of these water molecules can be removed upon activation at
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Figure 4.44| Crystal structure of MIP-212: (a) 1D-chains of AlO,(u,—OH), and
CuN,(15-H50), polyhedral linked by the PyC-molecules. (b) View of the 3D structure
along the 1D channels. H-atoms are not shown for clarity. Color code: N, blue; O, red;
C, grey; Al, grey polyhedron; Cu, orange polyhedron.
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Figure 4.45| Characterization of MIP-212: (a) Comparison of MIP-212 PXRD patterns;
and (b) single component CO,, and N, isotherms measured at 298 K.

240°C under a vacuum. In pore II, where the Al-chains are the closest along the c axis,
the Al ions are coordinated by u,—hydroxyl groups (u,—OH), pointing to the center of the
channels. The diameters of both of them vary between ca. 4A and ca. 6 A (including Van
der Waals radii) depending on whether the Cu site is in its OMS form or fully coordinated
by additional water molecules. More details on this structure can be found in Mansouri
et al. [230].

MIP-212 can be obtained with very good crystallinity, which remains very well pre-
served after washing (water or organic solvents) and activation (up to 240 °C under vac-
uum) steps (Figure 4.45.a). Interestingly, MIP-212 demonstrated a high CO, uptake at
ambient temperature and pressure (ca. 2.4mmolg~! and 3.6 mmolg~! at 0.2bar and 1 bar
of CO,, respectively) as shown in (Figure 4.45.b). The obtained experimental pure com-
ponent isotherms shown in Figure 4.45b were complemented with the computationally
predicted heats of adsorption, density, and heat capacity.

NMR-characterisation of residual water

To make a reliable model for the simulations, we need information about the number of
water molecules that are part of the structure. In the simulations, these water molecules
are considered “permanent"” ligands. The in situ PXRD has shown that (see Section 4.6.2)
about 50% of the water molecules stay in the structure. Here, we use solid-state NMR to
determine more accurately the number of water molecules that cannot be removed after
the activation procedure.
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Figure 4.46| NMR spectra of MIP-212: the 'H solid-state NMR spectra of the activated
MIP-212, with (black signal) and without (blue signal) deuterium exchange.

Experimental methods - deuterium exchange: To assign the chemical shift in 'H
NMR spectra, the synthesized material was washed with D,O a couple of times and
immersed in the excessive D,O overnight. Considering H,O is easily exchanged with
deuterium, the disappearance of the signal is associated with the exchange of deuterium
in the material.

Experimental methods - solid-state NMR experiments: 'H solid-state nuclear mag-
netic resonance (!H NMR) spectra were collected with Bruker Avance NEO ('H Larmor
frequency 400 MHz) using a 1.3 mm probe. The activated materials are packed in a
rotor under an Ar glovebox and inserted into the magnet. The spectra were acquired
with echo pulse at an ultra-fast spinning rate between 60 kHz to 65 kHz. The quantitative
proton measurements were performed with a recycle delay of 5 s and deconvoluted by
the software Dmfit.[231]

Results The activation of MIP-212 achieves roughly 50-70% removal of water, yield-
ing Open metal site (OMS) for the adsorption. The remaining water in the activated
sample is determined by the ultra-high speed magic angle spinning 60 kHz to 65kHz 'H
solid-state Nuclear Magnetic Resonance in Figure 4.46. The presence of metal ion Cu?*
contributes to a paramagnetic chemical shift to higher and lower resonances. Notably,
the comparison with the deuterium exchanged sample (black, bottom) identifies H,O
coordinating with Cu at 12.1 ppm (D), -55 ppm (G), -90 ppm (H), OH coordinating with
Al at 1 ppm (E), and PyC linker at 50 ppm (A), 30 ppm (B), 20 ppm (C), and 7 ppm
(D). The spectral deconvolution enables the integration of the protons associated with
each and results in x = 30-50% of water amount from the expected chemical formula
AlCu(u,—OH)(CgN,O,H,) (1, —H,O)x.

Performance testing: Breakthrough curves

Experimental method The breakthrough experiments for MIP-212 were carried out
in a bespoke system shown in Figure 4.47. The piping system was built with 6.4 mm
stainless-steel tubing, Swagelok fittings, and a stainless-steel adsorption column (length
220mm, external diameter 9.5 mm, internal diameter 7.1 mm) equipped with a heat-
ing unit. The inlet gas composition was controlled with three mass flow controllers
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Figure 4.47| System used for dynamic breakthrough testing of MIP-212. MFC =
Mass Flow Controller; MFM = Mass Flow Meter; MS = Mass Spectrometer.

(Bronkhorst EL-Flow) connected to carbon dioxide (99.8 %), helium (99.996 %), and ni-
trogen (99.998 %) with a flow range of 0.001 mL,/min to 2.000 mL,/min, 0.1 mL,/min to
100 mL,/min, and 0.1 mL,/min to 100 mL,/min, respectively.

Before beginning the breakthrough tests, the MIP-212 sample was activated at 240°C
for 7h under a secondary vacuum. For dry breakthrough tests, 300 mg of MIP-212 were
loaded into the column and held in place with glass wool (Merck). The system was then
purged with a Helium (He) flow (30 mL,,/min) to eliminate residual gases from exposure to
the atmosphere during the loading of the column. Helium (30 mL,,/min) is then passed
through the column whilst the column is heated at 240 °C, and this step was maintained
for a minimum of 1 hour to activate the MOF sample. Next, the system was cooled
to 37°C, the adsorption temperature for the cement case study. The feed gas mixture
(20% CO, and 80% N,) was then passed through the column (10mL min~!) during the
adsorption step, with a constant flow of He (20 mL min~!) going via the reactor bypass. The
outlet mass flow rate was measured by a Coriolis flow meter (Bronkhorst mini Cori-flow).
The outlet gas composition was monitored using a Hiden HPR-20 mass spectrometer,
calibrated using gas mixtures of known compositions.

For wet breakthrough experiments, N, is passed through a temperature-controlled
water-filled bubbler to wet the gas stream (85 percent relative humidity). The system was
properly insulated and heated such that condensation of water did not occur. The tem-
perature of the lines, bubbler, and adsorption column was monitored through a series of
K-type thermocouples. The outlet mass flow rate was determined using the He reference
flow method for the wet breakthrough tests.[232] This was required to avoid conden-
sation in the Coriolis meter. It has already been shown that the two methods achieve
similar results; hence, a comparison between breakthrough profiles can be made.[233]
Blank experiments were performed using the same conditions (dry & wet) and inlet flow
rates using glass beads instead of the absorbate, to account for the intraparticular and
bed void space.

Results The results of the binary and ternary breakthrough experiments for MIP-212
are presented in Figure 4.48.

For the wet experiment, the experimental breakthrough transient for CO,, starts at
~2min. The outlet molar flow y(#)Q(t) reaches the feed rate y;,Q;, at ~5min, during which
~1.1 molkg™ CO, was adsorbed in the column. The concentration transient matches
substantially that of the dry experiment. The dynamic CO, uptakes in both runs are
~50% lower than the corresponding single-component CO, uptake (x2.2 mol kg_l) mea-
sured by volumetry at 20 kPa and 37 °C. This is likely due to a combination of heat release
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Figure 4.48| Breakthrough curves of MIP-212 under wet (18 % CO2, 85 % RH, bal-
ance % N2) and dry conditions (20 % CO2, balance % N2) .

upon CO,, and H, O adsorption and limited cooling available to the column exterior under
the experimental conditions. Besides, it is important to note that the volumetric CO,
isotherm was measured on a sample pre-activated under dynamic vacuum at 240 °C,
while for breakthrough measurements, the activation was performed under hot gas flow,
which may not be optimal to remove all Cu-coordinated water molecules. Some material’s
capacity may be recovered by applying active cooling to the adsorber/heat-exchangers
during cyclic operation.

The experimental breakthrough transient for H,O starts at x100 minute and com-
pletes at ~350 minutes, corresponding to an integral dynamic H,Ouptake of 13.5 mol kg™!
at 37 °C. The dynamic H, O uptake is x30% lower than the reference H, O uptake (~19.0 mol kg™)
for the material at 85% RH and 37 °C based on gravimetric isotherm measurements. Be-
tween 6 min<t<310 min, a pronounced roll-up phenomena wherein y(#)Q(t) > v;,Qi, is
observed for CO,, indicating substantial displacement by H,O due to competitive co-
adsorption. The same is observed for N, in both the dry and wet runs as the most
weakly adsorbed component in the system.

The significant disparity between the breakthrough times of CO, and H,O indicates
moisture penetration of < 5% of the bed length when the feed adsorption step is operated
to incipient CO, breakthrough. This corroborates reasonably well with the maximum
water penetration length (approx. 2%) derived for MIP-212 for the TSA cycle modeled
on the PrISMa platform. The CO, /N, selectivity on MIP-212 is evident from the rapid
(<2min) elution of N, from the outlet of the column. This suggests a high likelihood of
operating a stable wet CO,, capture process under typical TSA regeneration conditions.

4.6.3 Experimental data of CALF-20

For CALF-20, we use the isotherm and heat of adsorption data reported in Nguyen et al.
[170] for structured CALF-20 particles (with 20 wt% polysulfone binder). To have a fair
comparison with other simulated materials, we apply the same particle structural prop-
erties (i.e., 0% binder content and 0.35 macroporosity). For this, the CALF-20 isotherms
[170] are scaled by discounting the 20% binder [74]. The crystal density is computed
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from the experimental crystal structure [74]. The heat capacity value is estimated using
our ML model (see Section 3.3.1).
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4.7 Informing stakeholder’s perspectives (WP5)

The modular structure of the PriISMa platform enables us to consider the perspectives
of the different stakeholders (see Figure 1.1). We compute a list of 49 KPIs (see Ta-
ble 3.5) for any combination of source, sink, technology, utilities, and region shown in
Table 2.1. We carried out a Spearman analysis of KPIs in each layer of the platform to
identify a set of six reference-KPIs (see Table 4.4) that encapsulate the most important
trends (see Figure 4.1). In the remainder, we refer mainly to these reference KPIs. Our
interactive visualization tool can access all other KPIs for all Case Studies and over 1200
materials.[234]

In this section, we illustrate the use of the platform for some of our 63 Case Studies,
taking these stakeholders’ perspectives. First, the stakeholders’ perspectives are intro-
duced. Then, we give a summary of the results for each perspective. Finally, we discuss
the results for each stakeholder perspective in detail.

4.7.1 Introduction of the stakeholders’ perspectives

The design and development of a carbon capture plant require a holistic approach, where
the perspectives of many stakeholders, from those in the technosphere to those in the
ecosphere, must be considered. The stakeholders’ perspectives incorporate a variety of
requirements and research questions on the plant’s development. So far, such a holistic
approach has been lacking within the field of carbon capture, with only some examples
of design attempts that cross over the materials and process design space.[10, 12, 235]
The stakeholders’ perspectives and examples of the corresponding requirements and
research questions we take are summarized as follows:

* The engineer’s perspective: For a given CO, source and sink, many technology op-
tions exist to capture CO,. From an engineer’s perspective, it is crucial to identify
and design the best technology option for a given separation. Adsorption-based pro-
cesses use temperature and/or pressure swings to separate the component of inter-
est from the gas mixture. An adsorption cycle consists of several steps to achieve the
required process specifications, e.g., purity and recovery, and deliver a continuous
plant operation. For example, the CO, separation from a very diluted gas stream
may require adding a vacuum step and/or several intermediate heating steps to
meet the purity specifications of the process. The engineer’s perspective provides
the best technological option for the process and considers the development of a
feasible and optimal solution when scaling up the amount of CO, captured. This
perspective also requires knowledge of available utilities at the host CO, emitter
and its optimal integration within the capture plant.

* The enwironmental manager’s perspective: The perspective of the environmental
manager takes into account the environmental impacts of the capture plant. As
capturing CO, inherently leads to CO,-eq. emissions, e.g., due to energy supply
or material synthesis, the environmental manager aims to maximize the captured
CO,, while simultaneously minimizing the associated CO,-eq. emissions. Moreover,
the environmental manager’s perspective considers environmental impacts beyond
climate change to ensure an overall environmentally benign solution.

* The CO, producer’s perspective: The required decarbonization of our energy and
industrial systems will imply the mitigation of CO, emissions from many sources.
These CO,, emitters define the input conditions to the capture plant, e.g., flue gas
composition, flow rate, temperature, and pressure. For a specific CO, source, the
CO, producer aims to find the most cost-efficient way to reduce CO,, emissions. For
example, the available utilities in the host plant can be integrated into the capture
process, and the platform can guide the decision on if such an integration reduces
costs.
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* The CO, buyer’s perspective: The CO, buyer defines the requirements on the cap-
tured CO,. From the CO, buyer perspective, the developed carbon capture plant
has to provide a CO,, stream that fulfills specific requirements for use or storage,
e.g., the purity of the CO,, or pressure.

* The investor’s perspective: The investor aims to find the most cost-efficient solution
for a carbon capture plant with an optimal trade-off between the capital expenditure
and operating cost. From the investor’s perspective, the most cost-efficient solution
has to be economically competitive with current state-of-the-art carbon capture
plants, e.g., absorption-based carbon capture using an amine solvent. The global
nature of CO, emissions reduction will require the deployment of carbon capture
plants in many parts of the world. Due to the region-dependent cost of building and
operating a plant, the investor aims to find the most cost-efficient region to invest in
a carbon capture plant. The PriISMa platform will give the investor the break-even
carbon price for a given CO,, source and sink in a particular part of the world.

* The chemist’s perspective: The adsorbent material used in the carbon capture plant
is at the heart of the process. For decades, efforts have been devoted to identi-
fying which materials would be “best” for carbon capture applications. The route
from the first synthesis of a new material to its implementation into a commercial
process can take many years. It is, therefore, important to provide some guidance
from a chemist’s perspective on impactful innovation material targets. For example,
a chemist has synthesized a novel MOF and uses the PriSMa platform to see if this
new material is interesting for carbon capture. Or vice versa, the platform will pro-
vide insights into the molecular features that define an optimal material for a given
application. This may further inspire chemists to synthesize alternative materials
with similar features.

One of the most important applications and benefits of our PriSMa platform is that we
can holistically consider all the requirements from the many stakeholders at the early
design phase of a carbon capture plant. In this section, we illustrate the use of the
platform for some of our 66 Case Studies, taking these stakeholders’ perspectives.
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Table 4.4: The six reference Key Performance Indicators (KPIs). Henry selectivity (S),
Purity (Pu), Productivity (P), Net Carbon Avoidance Cost (nCAC), Climate Change (CC),
and Material Resources: Metals/Minerals (MR:MM). Based on Spearman analysis, we
have identified six key performance indicators that describe the most important trends
in each layer of the PrISMa platform (see Section 4.1). A description of all KPIs and data
generated by the platform can be found in Section 3.4.

KPI Description Definition (SI)
Materials layer
S Ratio of the CO,, and N, Henry’s coefficients. (3.4.1)
Process layer
Pu The molar fraction of CO, in the product stream. (3.4.2)
P The amount of captured CO,, per kg adsorbent during a process cycle (3.4.2)

Techno-economic analysis (TEA) layer

nCAC Quantifies the cost of avoiding emitting CO2 into the atmosphere (3.4.3)
over the plant’s life cycle. For power generation Case Studies, the
nCAC is calculated from the levelized cost of electricity and the net
carbon intensity of the plant. For cement, the nCAC is calculated
from the costs of carbon capture and the Climate Change (CC), as
we assume that the capture plant does not affect cement production.

life-cycle assessment (LCA) layer

CC Gives the total Global Warming Potential (GWP) due to greenhouse (3.4.4)
gas emissions from the capture process to the air and CO, uptake
from the atmosphere

MR:MM Indicates the use of non-renewable, non-fossil natural resources (8.4.4)
(i.e., minerals and metals) and considers the availability of a mineral
or metal on earth and the current mining rate. The use of natural
resources like minerals and metals is measured using antimony (Sb)
as reference material.

4.7.2 Summary of the results from each perspective

To illustrate the use of the platform, let us first look at one case study: capturing CO,
using a Temperature Vacuum Swing Adsorption (T'VSA) at 0.6 bar vacuum pressure from
a cement plant located in the United Kingdom (UK). In this study, the captured CO,
is compressed and sent for geological storage. In Figure 4.49, we compare the perfor-
mance of the materials with the Mono-Ethanol-Amine-based (MEA) benchmark([22] (see
Section 3.5), and we observe that many materials outperform the benchmark for the
different process, TEA, and LCA KPIs.

The Net Carbon Avoidance Cost (nCAC) is the KPI that quantifies the cost of avoiding
emitting CO,, into the atmosphere over the life cycle of the plant, and it is deemed to be
the most appropriate metric to make a first selection of the most promising materials
for a given application. However, the nCAC is not the only criterion, and evaluating
materials across all KPIs and from all stakeholder’s perspectives is important. For such
an evaluation, we rank all materials for the reference KPIs. Figure 4.50 highlights the top-
performing materials for a given KPI, together with their rank on the other KPIs across the
different layers of the platform. The comparison of the material rankings in Figure 4.50
illustrates the complexity of selecting an optimal material for a given carbon capture
application; the top 10 materials for a given KPI do not necessarily perform well for the
other KPIs. The holistic PrISMa approach allows for extracting relevant information for
all stakeholders.
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Figure 4.49| Materials performance for a TVSA carbon capture process at 0.6bar
added to a cement plant in the UK. Dotted lines in (a), (c), and (d) show the MEA
benchmark (see Section 3.5), in (b) the vertical orange dotted line gives the purity required
for geological storage (>96 %), and in (a) the blue shaded area gives the uncertainty. Each
dot represents the corresponding KPI of a material. (a) Net Carbon Avoidance Cost (nCAC)
versus recovery (R) with color coding the specific electrical energy consumption, (b) nCAC
versus purity (Pu) with color coding the specific thermal energy consumption, (c) Specific
thermal energy consumption for heating versus productivity (P) with color coding the
recovery, and (d) Material Resources: Metals/Minerals (MR:MM) versus Climate Change
(CC) with color coding the nCAC. Our visualization tool[234] gives an interactive version
of this graph.

125/ 208



(a) Top 10 in Henry selectivity (CO2/N2) (b) Top 10 in Purity (c) Top 10 in Productivity

200 2001 200

400 400 400

)
=]
o
a4
600 600 600
800 800 - 800
1000 1000 1000 |
S Pu P nCAC CC MR:MM S Pu P nCAC CC MR:MM S Pu P nCAC CC MR:MM
(d) Top 10 in net Carbon Avoidance Cost (e) Top 10 in Climate Change (f) Top 10 in Material Resources: Metals/Minerals
{7 0 1 C — 1
200 i 200 200
400 400 i 400
A
o
5]
~ A
600 600 ‘,_\" 600
800 FAY 800 Rk 800
1000 1000 | 1000 {
S Pu P CC MR:MM S Pu P nCAC CC MR:MM S Pu P nCAC CC MR:MM

Figure 4.50 | Comparison of materials ranking for a TVSA carbon capture process at
0.6 bar added to a cement plant in the UK. Rankings according to Henry selectivity (S),
purity (Pu), productivity (P), Net Carbon Avoidance Cost (nCAC), Climate Change (CC),
and Material Resources: Metals/Minerals (MR:MM) for a Temperature Vacuum Swing
Adsorption carbon capture process added to a cement plant in the UK. In these graphs,
the top-performing material is ranked number one. Colored lines represent the top 10
performers for each of the six reference KPIs. The same color is used to highlight the KPI
of interest. Every line illustrates how the ranking of a specific material (y-axis) changes
across all other KPIs (x-axis). Our visualization tool[234] gives an interactive version of
this graph.
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Figure 4.51 | Comparison of process configurations and regions. This analysis of the
stakeholders’ perspectives focuses on the 20 materials with the lowest Net Carbon Avoid-
ance Cost (nCAC). In these violin plots, the white circle gives the median, which we use
as a (conservative) estimate of the performance. The bottom of the violin represents a few
materials with an even better performance. The width indicates the number of struc-
tures with a particular y-value, and the thick black bar contains 50 % of the structures.
(a) the Net Carbon Avoidance Cost (nCAC) jointly with the MEA benchmark (black dashed
lines) and (b) purity for three CO, sources depending on the technologies (temperature
swing adsorption (TSA) and vacuum swing adsorption (TVSA) with two vacuum levels
0.2 bar and 0.6 bar) jointly with the required purity of the CO,, sink (red dashed line), the
five regions’ (c) Climate Change (CC) and (d) effective recovery, respectively. (e) Carbon
Capture Cost (CCC) and (f) the Net Carbon Avoidance Cost (nCAC) for the five regions.
See Section 4.7.1 for the data.
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The engineer’s perspective: The engineer needs to identify and design the best tech-
nology option for a given separation. In Figure 4.51a, we compare the nCAC of the 20
top-performing materials for three process configurations, i.e., Temperature Swing Ad-
sorption (TSA) and Temperature Vacuum Swing Adsorption (TVSA) with two vacuum
levels 0.2 bar and 0.6 bar, and for three CO,, sources. We find materials for all three tech-
nologies that outperform the benchmark for coal and cement Case Studies. For cases
with a low CO, concentration in the feed stream, i.e., for Natural Gas Combined Cycle
(NGCC) power plants, the vacuum step in the process configuration reduces the cost,
but we did not find a material with a lower nCAC than that of the MEA benchmark.

The additional vacuum in a TVSA process increases the purity of the product stream.
This increase is achieved by rapidly purging the non-adsorbed gas fraction after the
adsorption step, increasing the working capacity, and decreasing the CAPEX, but at the
expense of a lower recovery compared to a TSA process. For geological storage, we need
to reach a minimum purity of 96 %. Figure 4.51b shows that with the vacuum step, most
materials in the top 20 have higher than 96 % purity, while for TSA, only a few materials
meet this requirement. Therefore, we focus the remainder on operating TVSA with 0.6 bar
for the cement and coal Case Studies and on the TVSA with 0.2 bar for the NGCC Case
Studies. These technologies provide the required purity (for coal, we expect this after
optimization, see Section 4.3) with the lowest nCAC.

Our screening study identifies the top-performing material for a predefined process
design and operating conditions. In Section 4.3, we optimized the process and design
parameters that most impact the nCAC. We find for our reference case study, carbon
capture from a cement source in the UK, that optimization lowers the nCAC by about
7€/tco, (ca. 12%) for a TVSA process (cement in the UK) and about 9€/tco, (ca. 14 %)
for a TSA process and reduces the differences between the various process configura-
tions. Importantly, we see that the ranking of the top-performing materials has not been
impacted significantly.

The environmental manager’s perspective: Running a carbon capture plant inher-
ently leads to emissions of CO, and other greenhouse gasses due to energy and mate-
rials demand. The environmental manager aims to maximize the captured CO, while
simultaneously minimizing these associated CO,-eq. emissions and other possible envi-
ronmental impacts.

From this perspective, we are interested in the cumulative quantity of CO, avoided
over the plant’s lifetime. To address this, the effective recovery (see Figure 4.51d)adjusts
the recovery derived from the process layer for the CO,-eq. emissions associated with
building and operating the carbon capture plant as calculated within the Climate Change
KPI. For some materials, we find a CC > 1 (see Figure 4.53a). A carbon capture pro-
cess with these materials will emit more CO,-eq. over the plant’s lifetime than the total
amount of CO, that is captured. Interestingly, some of these materials rank high in
other KPIs, again highlighting the importance of obtaining insights into all aspects of
the capture process.

Another important environmental KPI is the Material Resources: Metals/Minerals,
which indicates the use of minerals and metals resources over the entire life-cycle of
the plant to capture onekg of CO,. In Figure 4.52, we compare the ranking of materials
based on their constituent metals, focusing on several abundant metals (Mg, Zn, and
Mn) and some rather rare metals (Co, Lu, and Ag). The MR:MM ranking for the same
material will be poorer if a greater amount of the corresponding MOF is required to
remove a unit of CO, or if the total energy demand is higher. The abundant metals rank
better, while the rank drops for the rare metals. All metals spread across the entire
materials, process, and economic KPIs rankings, which implies that the type of metal
is not the sole determining factor in a capture process. So, if a MOF scores poorly on
MR:MM, it may inspire chemists to explore if a structure with similar properties could be
synthesized with a more abundant metal. Another important factor in the MOF synthesis
is the solvent selection. The PrISMa platform identifies the greenest solvent from a list
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of commonly employed ones. Anticipated environmental hot spots related to solvent
selection are pinpointed in Section 4.7.4.

The platform provides additional KPIs related to the process’s environmental impacts
(see Figure 4.53b). These KPIs include the impact on the ecosystem quality, human
health, and the use of resources (land, water, materials, and non-renewable energy) and
allow us to flag materials that impact the environment.

The CO, producer’s perspective: A CO, producer aims to find the most cost-efficient
capture technology to deploy in a specific plant. For example, the available utilities in
the host plant can be integrated into the capture process, and the platform can guide
the decision on whether such an integration reduces costs.

The cement producer could then consider how replacing such a boiler could affect
the plant’s environmental footprint and at what cost. Such analysis was conducted for
Switzerland, where the CO,-eq. emissions can be reduced using electric boilers instead
of natural gas-fired ones. This replacement significantly reduces the Climate Change
because of the low carbon intensity of the electricity grid in Switzerland, which provides
the cement producer with almost 100 % effective recovery in the process. This improve-
ment comes, however, at the expense of an increase in cost by about 16€/tco, (about
20 %) due to the high plant operating costs in Switzerland (see Section 4.7.4).

The investor’s perspective: If one needs to perform large-scale carbon capture to-
morrow, the default choice is often the well-established MEA technology. However, our
platform shows that solid sorbent-based T'SA or TVSA capture processes can outperform
the MEA benchmark for most of our investigated Case Studies. The cost reductions in-
crease with CO, concentration, and for cement, the nCAC is about a factor two lower
than the benchmark. These conclusions should be an important incentive to invest in
further developing these solid-sorbent technologies.

Investors are also interested in understanding the economics of deploying carbon
capture plants in different parts of the globe. The large cost differences and electricity
grid characteristics will make specific regions economically more beneficial than others.
Figure 4.51e highlights this region-dependency for the Carbon Capture Cost (CCC). For
the cement case, electricity and natural gas costs are low in the US, which makes it
favorable in CCC, while it is highest in Switzerland. The region-dependency of coal costs
is rather small, whereas, for natural gas, it is more substantial.

However, the CCC does not account for the indirect emissions associated with oper-
ating the carbon capture plant and the product loss (e.g., electricity). The Net Carbon
Avoidance Cost (nCAC) corrects the system-based CCC by the Climate Change (CC) (see
Figure 4.51f). The largest impact is observed in the NGCC case. The high CO,-eq. emis-
sions of the electricity grid due to the many coal power plants in China, particularly in
the Shandong province, lead to the highest nCAC. In contrast, Switzerland has the low-
est because its grid is dominated by hydroelectricity. The low energy cost and CO,-eq.
emissions of the electricity grid mix make the US beneficial for coal and cement.

The chemist’s perspective: The route from the first synthesis of a new material to
its implementation into a commercial process can take many years. It is, therefore,
important to provide some guidance at the very early material’s design stage on how
molecular characteristics impact the material’s performance.

An interesting practical question is whether one can synthesize materials that work
well for any CO,, source. Figure 4.54(a) compares the ranking of the materials based on
the Net Carbon Avoidance Cost ranking for NGCC, coal-fired power plants, and cement
plants. We observe a significant change in ranking if we go from the NGCC to coal. The
changes are smaller but still considerable if we move from coal to cement. This indicates
the need for tailored materials for different capture applications (see Section 4.7.7 for
more details).
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Figure 4.52| Ranking of the two classes of metals for the cement case in the UK
with TVSA process at 0.6 bar. Top: abundant metals (Mg, Zn, Mn), and Bottom: more
rare metals (Cu, Lu, Ag). Some MOFs contain more than one type of metal. All these
metals are considered in the KPI MR:MM and can lower the ranks significantly. A com-
bination of two or three metals is, for example, contained in the worst-performing Man-
ganese (Mn) materials, leading to their bad performance in MR:MM compared to the
other materials containing the same metal.
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Figure 4.53| Materials ranking for LCA-KPIs for cement in the UK with TVSA pro-
cess at 0.6 bar: (a) Impact of climate change on materials ranking for materials for which
more CO, is emitted than captured during the entire life cycle of the capture plant. The
materials that are colored red have a Climate Change larger than 1, which implies that
the total CO,-eq. emissions of the capture plant using this material are larger than the
amount of CO,, that is captured. Note that we changed nCAC to the Carbon Capture Cost
(CCCQ) (see Section 3.4.3) because the nCAC is not defined for these materials. (b) Mate-
rial ranking for all 16 main LCA KPIs: Climate Change (CC), Water Use (WU), Energy Re-
sources: Non-Renewable (ER:NR), Material Resources: Metals/Minerals (MR:MM), Land
Use (LU), Acidification (4), Ecotoxicity: Freshwater (Ecol’F), Eutrophication: Freshwa-
ter (Eut:F), Eutrophication: Marine (Eut:M), Eutrophication: Terrestrial (Eut:T), Human
Toxicity: Carcinogenic (HT:C), Human Toxicity: Non-Carcinogenic (HT:NC), Particulate
Matter Formation (PMF), Ozone Depletion (OD), Photochemical Ozone Formation: Hu-
man Health (POF:HH), and Ionising Radiation: Human Health (IR:HH). The blue lines
show the top 20 materials for the nCAC; the one material showing significant environ-
mental hotspots in 10/16 impact categories contains silver).
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Figure 4.54(b) shows the increase in nCAC with wet versus dry flue gases. As the value
of o, indicating water penetration in the bed, increases, costs rise substantially, following
exponential trends after a certain threshold. For cement, the increase in nCAC is at
least 5.0€/tco, (8 %), and 26.7 €/tco, (22 %) for NGCC. This underscores the necessity of
managing moisture at lower feed CO,, partial pressures to maintain cost competitiveness.
In Section 4.2, we discuss the limits of our (ideal) model. Under non-ideal mass transfer
conditions, about 60-70% of the materials remain top performers. However, for materials
with high water affinity (e.g., zeolite 13X), moisture slippage into the dry part of the bed
can significantly undermine their capacity and shift their ranking.

Screening over a thousand materials allows us to apply data-driven methods to iden-
tify the molecular characteristics of the top-performing materials. We show that by re-
taining the descriptor related to the pore geometry (i.e., persistence images), we can ac-
curately predict whether a material has a lower nCAC than the MEA-based benchmark
(see Section 4.7.7). These persistence images also rank the importance of each atom
in these predictions. The collection of these atoms characterizes the molecular features
that define the adsorbaphore[O2]. A common theme in the materials that outperform
MEA is a geometrical rod of metal atoms (highlighted in Figure 4.55). These features are
often correlated with stacked delocalized systems (aromatic rings) with a separation of
6A to 11 A (see also Figure 4.92).

Identifying more top-performing materials increases the likelihood of advancing some
to the next Technological Readiness Level (TRL). We use Density Functional Theory (DFT)
and molecular simulations to predict material properties. While accurate and applicable
across Case Studies, these predictions require substantial CPU resources and do not
scale to millions of materials. To address this, we leverage platform outcomes and im-
plement a Machine Learning (ML) feedback loop to screen a much larger chemical design
space.

In our approach, we develop a model that can predict whether a material gives an
nCAC for a specific case study above or below a set threshold from the crystal struc-
ture. We only have a relatively limited amount of top-performing materials, so we do
the training in steps. We start with a threshold corresponding to the MEA benchmark.
For this threshold, we have enough materials with a nCAC below the threshold to train
a model that makes sufficiently accurate predictions. We use this model to screen our
large database and make a short list of materials for which we use our (expensive) simu-
lation approach to predict the properties (round 1). Figure 4.56(a) shows that materials
have indeed a low nCAC. As we now have more top-performing materials, we can lower
the threshold and perform round 2 (using a threshold of 80€/tcp,) and round 3 (with
70€/tco,). Figure 4.56(a) shows that after round 3, we have 153 additional materials
that have a lower nCAC than we have used in our discussion of the perspectives for
this case study. Figure 4.56(d) shows that the materials we found for cement do not
reduce the nCAC for NGCC. This finding is consistent with the results in Figure 4.54(a),
which shows that the ranking of top-performing materials for NGCC differs greatly from
cement. Hence, we need to retrain the model on the NGCC data and apply the same
steps for this case study. This result corroborates our findings on the need for different
materials given different capture applications.

Our ML model also allows for efficient exploitation and exploration of the chemical
design space. In Figure 4.56(d), each green dot is a material of the PriISMa database, and
each grey dot a material from our large database. If two dots are close, their properties are
similar. Figure 4.56(d)—(g) show the evolution of the predictions of our ML model using
the different thresholds. In (g), we see the model pointing at pockets of top-performing
materials.

The impact of our in silico screening is limited if it cannot reflect the experimental
performance of the material. As an example, we uploaded the crystal structure of a new
material, MIP-212 (see Figure 4.57 (a) and (b)). Figure 4.58 shows that this is a promising
material, and we studied the performance in detail (see Section 4.6.2). The experimental
breakthrough curves (Figure 4.57b) show the separation between the column’s predicted
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Figure 4.54 | Ranking of materials and comparison between wet and dry flue gasses
(a) Ranking of materials for NGCC power plant (TVSA at 0.2 bar), coal power plant (TVSA at
0.6 bar), and cement plant (TVSA at 0.6 bar). The materials are ranked using the preferred
technology according to the Net Carbon Avoidance Cost (nCAC). The color coding of the
lines shows the number of ranks a material change ranking. (b) Scatter plots of the
increase in nCAC from dry to wet conditions as a function of the fraction of bed that is
moisture-loaded. (top) Cement plant (TVSA at 0.6 bar), (middle) coal power plant (TVSA
at 0.6 bar), (bottom) NGCC power plant (TVSA at 0.2 bar).
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Figure 4.55 | Identifying the adsorbaphore for the cement Case Study (TVSA, 0.6 bar)
in the UK: The top figures illustrate the methodology; the crystal structure is converted
into a persistence image. We extract the most relevant pixels of the persistence im-
ages from a model trained to predict whether the nCAC is lower than the MEA-based
benchmark. We then identify representative cycles, which are collections of atoms that
generate a corresponding topological feature (i.e., birth/persistence pair). The bottom
figure shows examples of the top-performing structures’ recurring molecular features
(adsorbaphores). Section 4.7.7 provides more examples of these top-performing struc-
tures, and it gives the details of the methods that are used.
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Figure 4.56 | textbflterative material discovery: The PrISMa platform was used to train a
series of ML models to predict an nCAC below a set of thresholds (105, 80, and 70€/tco,)
for the cement Case Study in the UK (TVSA, 0.6 bar). (a) shows the nCAC versus purity for
the different rounds. (b) shows how these materials perform for the other Case Studies.
(c) shows the distribution of the nCAC per round. (d)-(f) visualize the screening of the
chemical space through dimensionality reduction (UMAP embedding, see Section 4.4).
Each data point corresponds to one MOF. In (d)-(f), the colored dots are MOFs with an
nCAC better than the threshold and the 30,000 grey dots are from the large database.
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Figure 4.57| MIP-212: Panel (a) shows the structure of MIP-212. MIP-212 has 1D
channels constructed from an alternation of chains of Al hydroxy-carboxylates and Cu
pyrazolates.

wet and dry fronts. The significant lapse between the breakthrough times of CO, and
H, O indicates moisture penetration below 5 % of the bed length, which is in good agree-
ment with our predictions (see Section 4.6.2). We also ranked CALF-20 in Figure 4.58,
which gives an nCAC of 72 €/tco,. CALF-20 is being commercialized, and the estimated
CO, capture cost for the Svante process is 50 €/tco,.[236] A head-to-head comparison
is, however, difficult as the two processes fundamentally differ.
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Figure 4.58| Materials performance for a TVSA carbon capture process at 0.6 bar
added to a cement plant in the UK using experimental data: The dotted lines in (a),
(c), and (d) show the MEA benchmark, in (b), the vertical orange dotted line gives the
purity required for geological storage (> 96 %), and in (a), the blue-shaded area gives the
uncertainty. Each dot represents the corresponding KPI of a material. The triangles are
the structures for which experimental property data is used directly in the platform (see
Section 4.6). (a) Net Carbon Avoidance Cost (nCAC) versus recovery (R) with color coding
the specific electrical energy consumption, (b) nCAC versus purity (Pu) with color coding
the specific thermal energy consumption, (c¢) Specific thermal energy consumption for
heating versus productivity (P) with color coding the recovery, and (d) Material Resources:
Metals/Minerals (MR:MM) versus Climate Change (CC) with color coding the nCAC.
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4.7.3 The engineer’s perspective

In the platform, we have implemented two technologies Temperature Swing Adsorption
(TSA), and Temperature Vacuum Swing Adsorption (TVSA), for which we consider two
levels of vacuum pressure, 0.2 bar and 0.6 bar.

In Figure 4.59, we compare the nCAC for the top-performing materials for each of the
three CO, sources and process configurations. For the NGCC power plant, the TVSA
process with the lowest vacuum pressure (0.2 bar) gives the lowest nCAC. For coal and
cement, we see a similar nCAC for TSA and TVSA with some vacuum (0.6 bar). Our sink is
geological storage, which requires a purity of the CO,, > 96%. Figure 4.60 gives the purity
that is reached for these materials. We see that adding some vacuum greatly improves
the purity. For example, if we use TSA for cement, only four materials reach the desired
purity, while for TVSA (0.6 bar), most (17 out of 20) reach the desired purity. A similar
conclusion holds for coal. After optimization of the process parameters, more materials
will reach the required purity (see Section 4.3).

After the adsorption step, the vacuum rapidly purges the weakly adsorbed compo-
nents, increasing the purity. Vacuum is most effective if the CO, concentration is low.
For instance, increasing the vacuum level reduces the residual uptake after the regener-
ation step, which, in turn, increases the working capacity of the material. As the working
capacity is a good proxy of the amount of adsorbent needed, and hence the number of re-
quired columns for the separation, the effect of using vacuum is reflected in the CAPEX.
However, including a vacuum introduces additional capital and variable operating costs,
such as electricity consumption, which may outweigh these cost savings.

Where the feed concentration of CO, is low, e.g., for NGCC power plants, the TVSA
process with the lowest vacuum pressure (0.2bar) gives the lowest nCAC. The loss in
working capacity by reducing the vacuum level from 0.2bar to 0.6 bar leads to notable
increases in CAPEX, being even more pronounced for TSA. Besides the increase in CAPEX
for NGCC power plants, the variable OPEX also increases for decreasing vacuum level,
which is mainly caused by the increase in total energy demand. This effect gets amplified
for TSA because of the additional drop in the working capacity and increased specific
thermal energy demand. For coal and cement, the lowest nCAC is obtained with TVSA
process with intermediate vacuum levels, e.g., (0.6 bar) vacuum pressure.

Simple thermodynamic arguments indicate that the higher the CO, concentration,
the lower the minimal amount of work needed for the separation. However, Figure 4(a)
shows a higher nCAC for cement plants (20 % CO,) than for coal power plants (15 % CO,).
Our calculations show that the cement plant’s total energy requirements and capital
costs are smaller. However, in a cement plant, none, or very few, of the on-site utilities
can be used in the capture process. These utilities have to be either bought externally
or built on-site, which is more expensive than for the corresponding coal Case Studies,
where the available utilities in the host plant can be efficiently used to satisfy the energy
demands of the capture plant. The results highlight that the simple thermodynamic
argument holds regarding total energy demand. Still, the final net costs per CO,, (avoided)
additionally depend strongly on the available utilities and the specifics of the Case Study.
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Figure 4.59| Breakdown of the nCAC of the top 20 materials for (top) NGCC power
plants, (middle) coal power plants, and (bottom) cement plants in the UK, for the tech-
nologies TVSA with a vacuum pressure of 0.2 bar (left) and 0.6 bar (middle) and TSA (right).
The costs are grouped into CAPEX (purple), fixed OPEX (dark blue), which is a percent-
age of the CAPEX, and variable OPEX (light blue), which mainly involves the cost related
to the energy requirements of the process. The black dots are the total nCAC values.
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4.7.4 The environmental manager’s perspective

At the LCA layer, 28 environmental impact categories of the Environmental Footprint 3.0
are calculated (cf. Section 3.4.4).

Climate Change

One of the most important LCA KPIs for carbon capture processes is the climate change
impact CC. The climate change impact measures the total CO,-eq. emissions of the cap-
ture process in kg CO,-eq./kgCO,-captured (in the following indicated in %) associated
with the synthesis and disposal of the adsorbent, the external utility supply, the com-
pensation for the parasitic load for power plant cases, and the plant construction and
disposal. To assess the effective amount of CO,, avoided in the atmosphere, we compute
the effective recovery R* of the carbon capture process. The effective recovery R* is cal-
culated as the ratio between the avoided CO,-eq. emissions and the total amount of CO,,
in the flue/industrial gas and can be expressed as:

R*=R-(1-CC), 4.9)

where R denotes the recovery of the process in % (see Section 3.4.2), which is the per-
centage of the captured CO, from the total amount of CO, in the flue/industrial gas,
and CC the climate change impact in kg CO,-eq./kg CO,-captured.

In Figure 4.61, we compare the climate change impact CC with the recovery and
effective recovery of the capture process for the top 20 materials with the lowest nCAC
in the UK.

If we only consider the process, we see that for all three CO, sources, the recovery
is close to 100 % for the TSA processes. In contrast, for TVSA with a vacuum pressure
of 0.2bar, the average recovery decreases for increasing CO,, concentration of the CO,
source. The vacuum step increases the purity (see Figure 4.60) but at the expense of the
recovery, and the higher the CO, concentration in the feed, the larger this effect.

We need to correct the recovery from the process for the indirect CO,, emissions. For
the power generation Case Studies (coal and NGCC), the major contributor to climate
change (CC) results from the compensation for the loss of electricity production (i.e., the
parasitic load) by the average electricity grid (see Section 3.3.4). As the concentration of
CO,, for the NGCC power plant is lower than for the coal power plant, the specific energy
requirements are higher for the NGCC case. As a result, the climate change impact per
captured kg of CO, is about 18 % for the NGCC case and about 10 % for the coal case
(TVSA with a vacuum pressure of 0.2 bar). For NGCC with TSA, the number of columns
and energy requirements strongly increase (see Section 4.7.3), leading to climate change
impacts up to 77 % for the top 20 materials (median = 50 %).

For the cement plant, the climate change impact per captured kg of CO, is about
18 %, independent of the technology we use. If we focus on the TSA process for the
cement and coal case, we see that despite the lower specific energy demand due to the
higher CO,, concentration for cement, the climate change impact is higher than that for
coal. For cement, the major contribution to the CC results from the additional external
utilities, i.e., the heat demand supplied by natural gas boilers and the electricity demand
supplied by the electricity grid. It is assumed that the CO, emitted by the external gas
boilers is not captured. This point is discussed in more detail in Section 4.7.4. The
CO,-eq. emissions per amount of heat are generally higher for natural gas boilers than
for steam extraction and compensation of the parasitic load by the average grid mix
in the UK. These emissions are only slightly region-dependent, and the much smaller
region-dependence of the CC for cement mainly results from the electricity demand (see
Figure 4(c)). For the cement plant with TVSA and a vacuum pressure of 0.2 bar, we see
a larger variation in effective recovery due to the variation in the recovery of up to 15%
for the same nCAC.

The effective recovery depends on the region of the world. In Figure 4.62, 4.63, 4.64,
and 4.65 we show the effective recovery, recovery, and CC for the US, China (Guangdong
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Figure 4.61]| Recovery, effective recovery, and Climate Change (CC) for the top 20 ma-
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plant, and (bottom) cement plant in the UK, for the TVSA technology with a vacuum
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recovery.
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Figure 4.62| Recovery, effective recovery, and Climate Change (CC) for the top 20 ma-
terials (ranked according to the nCAC) for (top) NGCC power plant, (middle) coal power
plant, and (bottom) cement plants in the US, for the technologies TVSA with a vacuum
pressure of 0.2 bar (left) and 0.6 bar (middle) and TSA (right). The recovery is given by the
dark green bar, the CC (in %) by the light green bar, and the red dots give the effective
recovery.

and Shandong provinces), and Switzerland, respectively. The recovery is independent of
the plant’s location. In contrast, the CC and thus also the effective recovery depends on
the region, and we see large differences between the regions.

For the NGCC case, we focus on TVSA with 0.2 bar vacuum pressure. We get a near
100 % recovery for all materials. For Switzerland, the emissions associated with CC are
the lowest, leading to a median effective recovery of 95%. This is due to the contri-
bution of hydroelectric and nuclear power to the electricity grid.[237] In contrast, in
China, the median effective recovery drops to 59 % and 40% in the Guangdong and
Shandong provinces, respectively. In China, coal accounts for a large fraction of its
electricity production, and in the Shandong province, the use of coal is higher compared
to Guangdong.[238] In the US, the energy grid generated more CO, than in the UK, and
we find a median effective recovery of 70 % and 81 %, respectively.

For coal, we see the impact of the vacuum on recovery for all countries. Using a
lower vacuum level (0.6 bar) or TSA gives a near 100 % recovery. Once we subtract the
CC from the recovery, we see that the effective recovery reaches in the UK, US, China
(Guangdong), and China (Shandong), 89 %, 83 %, 77 %, and 66 %, respectively, which is
again a reflection of how CO, emissions derived from the grid, are larger in China than
in the US and UK.

The cement case gives a different picture. Here, we see that TSA gives a near 100 %
recovery, but now the CC shows much smaller differences between the regions compared
to the NGCC and coal cases. The reason is that for cement, the most important contri-
bution to the CC are the emissions from the natural gas boilers. The natural gas boilers
provide most of the utilities required to operate the capture plant.
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Figure 4.63]| Recovery, effective recovery, and Climate Change (CC) for the top 20 ma-
terials (ranked according to the nCAC) for (top) NGCC power plant, (middle) coal power
plant, and (bottom) cement plants in China (Guangdong province), for the technologies
TVSA with a vacuum pressure of 0.2 bar (left) and 0.6 bar (middle) and TSA (right). The
recovery is given by the dark green bar, the CC (in %) by the light green bar, and the red
dots give the effective recovery. For TSA, not all materials in the top 20 resulted in an
effective recovery above O; these materials have been omitted.
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Figure 4.64 | Recovery, effective recovery, and Climate Change (CC) for the top 20 ma-
terials (ranked according to the nCAC) for (top) NGCC power plant, (middle) coal power
plant, and (bottom) cement plants in China (Shandong province), for the technologies
TVSA with a vacuum pressure of 0.2 bar (left) and 0.6 bar (middle) and TSA (right). The
recovery is given by the dark green bar, the CC (in %) by the light green bar, and the red
dots give the effective recovery. For TSA, not all materials in the top 20 resulted in an
effective recovery above O; these materials have been omitted.
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Figure 4.65]| Recovery, effective recovery, and Climate Change (CC) for the top 20 ma-
terials (ranked according to the nCAC) for (top) NGCC power plant and (bottom) cement
plants in Switzerland, for the technologies TVSA with a vacuum pressure of 0.2 bar (left)
and 0.6 bar (middle) and TSA (right). The recovery is given by the dark green bar, the CC
(in %) by the light green bar, and the red dots give the effective recovery.
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Impact of different utilities

Power plants Heat integration with the existing host plant is the default strategy for
power plant producers.

In Figure 4.66a, we compare those cases where heat extraction from the power plants
(NGCC and coal) is not possible (e.g., no access to the Intermediate-Pressure - Low-
Pressure crossover in the steam turbines in the case of a retrofit). In those cases, natural
gas boilers are considered to provide the required heat for the regeneration process. We
observe that the effective recovery decreases for both NGCC and coal since the impact of
climate change increases. Climate change increases because we use a natural gas boiler
to produce the steam instead of steam extraction from the power plant with compen-
sation of the parasitic load, and this natural gas boiler’s emitted CO,, is not captured.
In Figure 4.66b, we also see that the use of natural gas boilers increases the nCAC be-
cause of these increased emissions. Moreover, the operating costs associated with using
external utilities are generally more expensive than those when the onsite utilities are
used.

Cement plants For cement producers, however, the available utilities at the host plant
are very limited; a natural gas boiler has to be built on-site to satisfy heat energy demand.
The emissions derived from these gas boilers are the main factor contributing to the
indirect emissions from the capture plant. In practice, those emissions would also be
abated, and one could mix these with the flue gasses of the cement plant. The external
energy demand depends on the (unknown) performance of a material. Hence, the total
amount of flue gases will be dependent on the performance of the material, requiring
iterative solutions of the equations. Therefore, we have not implemented this solution
but use the (worst-case) option of non-abating the CO,.

From an environmental perspective, the replacement of gas boilers with electrical
heaters, e.g., boilers or heat pumps, is an interesting case. For electricity-based heating,
an electric boiler’s coefficient of performance (i.e., the ratio of useful heating provided to
work required) would be lower than that of a heat pump and thus a heat pump would be
preferred. However, from a thoughtful review of the current status of high-temperature
heat pumps for industrial applications and careful analysis, we consider that the tech-
nology is not ready nor suitable to supply the heat for sorbent regeneration in the cement
Case Study because of the following reasons:

1. Industrial heat pumps have limitations regarding their thermal output. The highest
thermal energy supply reported in existing literature when heat is extracted from
a flue gas stream is approximately 1.5 MWth [239]. To put this into perspective, in
our work, the heat demand for the cement plant Case Study ranges from 48 to 68
MWth for identified top-performing materials. For instance, in the case of CALF20,
the heat demand is ca. 88 MWth. Consequently, meeting these heat requirements
would necessitate a substantial number of heat pumps.

2. To attain a Coefficient of Performance (COP) exceeding 2, the temperature lift (i.e.,
the temperature difference between the source and the sink) in a heat pump should
be lower than 60 K [240]. This requirement implies that a heat source at ca. 70°C
is necessary to supply steam at 120°C. In a cement plant, this heat source is
only available in the flue gas stream. However, this is not feasible for our reference
cement plant because the heat is already utilized in the raw mill, as outlined below.

3. Incorporating heat pumps would result in a substantial upfront investment cost and
increase the operational complexity of the capture plant. Utilizing an intermediate
working fluid (i.e., refrigerant) also introduces heat losses/irreversibility due to the
pinch points in the subsequent heat exchangers. A more practical alternative would
involve the utilization of low-pressure steam coupled with vapor re-compression.
However, this alternative is not an option in our cement case, as indicated below.
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Figure 4.66| (a) Recovery, effective recovery, and Climate Change (CC) and (b) nCAC for
the top 20 materials (ranked according to the nCAC) for an NGCC (top) and coal (bottom)
plant in the UK with TVSA with heat integration (left) and without heat integration (right).
The recovery is given by the dark green bar, the CC (in %) by the light green bar, and
the red dots give the effective recovery. For nCAC, the costs are grouped into CAPEX
(purple), fixed OPEX (dark blue), which is a percentage of the CAPEX, and the variable
OPEX (light blue), which mainly involves the cost related to the energy requirements of
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Our reference cement plant aligns with the Best Available Technology (BAT) cement
kiln outlined in the Horizon 2020 CEMCAP project. In this study, an in-depth evaluation
of heat integration options was conducted, and it was ultimately determined that heat
recovery can only be achieved from the cooling air stream exiting the clinker cooler.
Approximately 8.23 MWth is recovered from the clinker cooler in our reference plant
(representing a portion ranging from 12 % to 17 % of the total heat demand for identified
top-performing materials). Due to the characteristics of the raw material in the cement
plant, i.e., mostly limestone, most of the heat in the flue gases (at ca. 210°C) at the pre-
heater outlet is needed in the raw mill (in interconnected operation). The plant only turns
off the raw mill 2 hours/day (in direct operation). The exhaust flue gas leaves the raw
mill at ca. 110°C (130°C if low air leak is considered in the mill). Therefore, producing
steam at 120 °C would not be possible. This may differ from the situation in other cement
plants.

A noteworthy heat integration approach is being implemented in the full-scale carbon
capture plant currently under construction at the Heidelberg Norcem’s Brevik cement
plant in Norway[241]. The carbon capture process incorporates Aker Carbon Capture’s
proprietary technology, and the heat integration strategy encompasses the recovery of
heat from multiple sources, including the clinker cooler, the exhaust flue gases, and
the CO, compression train. Steam is generated at varying pressures, and a steam com-
pressor is employed to achieve the necessary pressure and temperature levels for sor-
bent regeneration. Despite this setup, an electric boiler remains essential for start-up
and shut-down procedures. One distinctive feature of this approach is the substantial
amount of heat recovery from the flue gas. This is made possible by the relatively dry na-
ture of their raw material, primarily composed of limestone, which allows for the recovery
of a significant amount of energy from the exhaust flue gases.

We investigate the impact of different types of boilers on the heat supply in a cement
plant in Switzerland, as we can reduce the CO,-eq. emissions by replacing the natural
gas boilers with electrical ones. Figure 4.67a shows that a change from natural gas to
electric boilers increases the median effective recovery by 15 %, as the CC is close to zero
with electrical boilers due to the low CO, intensity of the electricity grid in Switzerland.
However, Figure 4.67b shows that the higher operating costs of these electric boilers are
not fully compensated by the reduced CC, as the median nCAC is about 16 €/tco, more
expensive.

Trends in environmental impact categories

Besides climate change, the other environmental impact categories should also be con-
sidered for material selection to ensure an environmentally benign solution. Inits present
implementation, the LCA model for material synthesis focuses on the metals used in the
MOFs, as the model assumes that all organic linkers have the same environmental im-
pact.

Impact of the metal used in the MOF Figure 4.68 shows the 20 top-performing ma-
terials in Net Carbon Avoidance Cost (nCAC) across ranks in the 16 main LCA impact
categories for (a) the NGCC power plant with TVSA at 0.2 bar vacuum pressure and (b)
the cement plant with TVSA at 0.6 bar in the UK. In the simplified LCA model, most top-
performing materials rank well in all LCA impact categories. These materials contain
environmentally friendly metals, and the ranks are mainly defined by the environmen-
tal impacts associated with the energy supply. However, some top-performing materials
in nCAC should be avoided due to the used metal. For example, two materials in the
top 20 contain Holmium or Gadolinium, leading to a drop in the ranking in Material
Resources: Metals/Minerals, Land Use, Ecotoxicity: Freshwater, Eutrophication: Ma-
rine, and Human Toxicity: Carcinogenic and Non-Carcinogenic. Materials in the top 20
that contain Cobalt in the metal node have strong outliers in Water Use, Material Re-
sources: Metals/Minerals, Land Use, and Human Toxicity: Carcinogenic. The materials
with Praseodymium drop in the ranking for Material Resources: Metals/Minerals, Land
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Figure 4.67| (a) Recovery, effective recovery, and Climate Change (CC) and (b) nCAC for
the top 20 materials (ranked according to the nCAC) for a cement plant in Switzerland
with TSA with natural gas boiler (left) and electrical boilers (right). The recovery is given
by the dark green bar, the CC (in %) by the light green bar, and the red dots give the
effective recovery. For nCAC, the costs are grouped into CAPEX (purple), fixed OPEX
(dark blue), which is a percentage of the CAPEX, and the variable OPEX (light blue),
which mainly involves the cost related to the energy requirements of the process. The
black dots are the total nCAC values.
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Use, Ecotoxicity: Freshwater, and Eutrophication: Marine. One material in the top 20
of the cement case contains silver leading to a drop in 10/16 impact categories. More-
over, materials with rare earth oxides like Samarium or Yttrium drop in the ranking in
Eutrophication: Marine due to their production in ion-adsorption clays that have direct
ammonium and sulfate emissions to water [242].

Solvent in MOF synthesis We also find some trends in the top-performing materials
in nCAC depending on the solvent used for the synthesis. In total, water is selected as
the solvent for over 420 materials, ethanol for over 460 materials, and methanol for only
2 materials following the solvent selection procedure described in Section 3.3.4. For 260
materials, the proxy solvent is selected as the solvent because the phase split between
the organic linkers and the solvents could not be calculated due to the current limits on
SMILES inputs.

Figure 4.69 shows the 10 top-performing materials in Net Carbon Avoidance Cost
(nCAC) for each solvent across ranks in the 16 main LCA impact categories for (a) the
NGCC power plant with TVSA at 0.2 bar vacuum pressure and (b) the cement plant with
TVSA at 0.6 bar in the UK. Since methanol is selected solely for two materials, these are
also highlighted. Please note that several effects overlap in this figure: For example, the
strong outliers in Figure 4.69 mainly result from the metals used as metal nodes in the
materials. However, we can see some general trends in the selected solvents: water as a
green solvent ranks very high for all impact categories and should thus be used as the
solvent if possible. In contrast, materials synthesized using ethanol as the solvent tend
to rank worse in Water Use, Land Use, Ecotoxicity: Freshwater, and Human Toxicity:
Carcinogenic and Non-Carcinogenic. For the materials that are synthesized using the
proxy solvent (average of all five solvents), the ranks tend to drop in almost all impact
categories due to organic solvents like DMF, DMA, or ethanol.

This analysis highlights the impact of the metal and solvent used for the material
synthesis on the environmental impacts of the entire capture plant. This impact be-
comes particularly important for producing the materials on an industrial scale. Our
PrISMa platform allows us to identify materials that outperform the benchmark in terms
of nCAC and to pinpoint the anticipated environmental hotspots derived from the synthe-
sis. Chemists can use these findings to focus on materials with similar characteristics
but look for alternative metals or solvents.

Materials with Climate Change larger than 1 In Figure 4.53a, we have indicated those
materials for which the total CO,-eq. emissions of the capture plant are larger than the
amount of CO,, that is captured (cement in the UK with TVSA process at 0.6 bar). Some of
these materials rank high for other KPIs, yet using them in a capture plant would have a
negative effect on CO, emissions. It is interesting to discuss some examples of materials
that have such a large impact (CC > 1) on Climate Change.

For instance, in Figure 4.53a, a group of materials that rank top or very high in
CO, /N, Henry selectivity presents a CC > 1. A high selectivity does not guarantee a high
CO,, working capacity. Indeed, this is the case for some of the materials, where their CO,
working capacity is so low (< 0.01 molm~) that a very small amount of CO,, per volume of
bed is captured per process cycle, i.e., the materials show very low productivity values.
As a result, the number of columns required to process the feed gas stream is large,
and in turn, the energy demand for regeneration is also so significant that more CO,-eq.
emissions are generated than captured over the life cycle time of the capture plant.

Other examples of materials with CC > 1 are those containing precious metals like Au
and Rh. Two MOFs fall into this category. Even though these materials have compar-
atively good working capacity values and moderate heat demands, for these materials,
the environmental impact of their synthesis is so large that it leads to CC impacts higher
than one.
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Figure 4.68| Material ranking for all 16 main LCA KPIs: Climate Change (CC),
Water Use (WU), Energy Resources: Non-Renewable (ER:NR), Material Resources:
Metals/Minerals (MR:MM), Land Use (LU), Acidification (A), Ecotoxicity: Freshwater
(EcoT:F), Eutrophication: Freshwater (Eut:F), Eutrophication: Marine (Eut:M), Eutroph-
ication: Terrestrial (Eut:T), Human Toxicity: Carcinogenic (HT:C), Human Toxicity: Non-
Carcinogenic (HT:NC), Particulate Matter Formation (PMF), Ozone Depletion (OD), Pho-
tochemical Ozone Formation: Human Health (POF:HH), and Ionising Radiation: Human

Health (IR:HH). The colored lines show the top 20 materials for nCAC shown in the first
column (red).
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Figure 4.69| Material ranking for all 16 main LCA KPIs with solvents highlighted:
Climate Change (CC), Water Use (WU), Energy Resources: Non-Renewable (ER:NR), Ma-
terial Resources: Metals/Minerals (MR:MM), Land Use (LU), Acidification (A), Ecotoxi-
city: Freshwater (Ecol:F), Eutrophication: Freshwater (Eut:F), Eutrophication: Marine
(Eut:M), Eutrophication: Terrestrial (Eut:T), Human Toxicity: Carcinogenic (HT:C), Hu-
man Toxicity: Non-Carcinogenic (HT:NC), Particulate Matter Formation (PMF), Ozone
Depletion (OD), Photochemical Ozone Formation: Human Health (POF:HH), and Ionis-
ing Radiation: Human Health (IR:HH). The colored lines show the top 10 materials for
nCAC of each solvent (if available) shown in the first column (red).
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4.7.5 The Carbon dioxide producer’s perspective

In this section, we compare capturing CO,, from two power plants, namely NGCC and
coal-fired power plants, and from a cement plant. These plants are based in the UK. We
use a TVSA-based carbon capture process with a vacuum level of 0.2 bar for the NGCC
case and 0.6 bar for the coal and cement case, and the captured CO, is compressed for
geological storage.

Different carbon capture cost metrics

In the literature, one can find various cost-related KPIs, and in this section, we discuss
four of them: Levelised Cost of Capture (LCOC), Carbon Capture Cost (CCC), Carbon
Avoidance Cost (CAC), and Net Carbon Avoidance Cost (nCAC).

The LCOC has been introduced by Department for Business, Energy and Industrial
Strategy of the UK government (BEILS) to be able to compare the extra costs of building
and operating a capture plant per mass of captured CO,,. In the power plant Case Stud-
ies, i.e., coal and NGCC, utilities are available at the host plant and can be integrated
with the carbon capture plant. However, using these on-site utilities reduces the power
output of the power plant, and this so-called parasitic load is accounted for in the CCC,
i.e., by an increased LCOE of the power plant with carbon capture. Running a carbon
capture plant leads inherently to CO,-eq. emissions due to, for instance, utility supply
or material synthesis, effectively decreasing the amount of CO, that is avoided in the
atmosphere. Moreover, for power plants, the parasitic load also impacts the specific CO,,
emissions. This correction to the carbon capture costs gives us the CAC if solely the
CO,-€eq. emissions of the energy supply are considered. The nCAC considers the total
CO,-eq. emissions of the entire life cycle and additional operating costs and CO,-eq. of
the compensation of the parasitic load from a system’s perspective. The nCAC calcula-
tion thus requires the climate change impact of the entire life cycle and thus integration
of TEA and LCA, which our PrISMa platform enables. The available utilities at the host
plant are limited for the cement case. Hence, additional utilities must be built on-site or
bought/imported externally.

In Figures 4.70 and 4.71, we show the four economic KPIs the platform computes
and the LCA KPI CC for the top 20 materials with the lowest nCAC. We can identify
approximately 17-18 materials for each Case Study that have more or less the same
cost (those in the corresponding “plateau” sections we can find for all the cost KPIs in
Figure 4.70), and a few materials that have significantly lower costs. In this section, we
focus on discussing the cost associated with the group of 17-18 materials as we want to
avoid discussing cost estimates that rely on a single material. In Section 4.4, we show
how we use feedback from the platform to identify more top-performing materials.

Figure 4.70a shows that the LCOC, which gives us the discounted cost of running and
operating the capture plant, is the highest for the NGCC power plant and cement plants
and lowest for the coal-fired power plant. For the power plant Case Studies, we can use
the available utilities at the host plant for the top-performing materials. Compared to the
NGCC power plant, the coal-fired power plant additionally benefits from the higher CO,
concentration in the flue gas. In a cement plant, the available utilities are insufficient to
run the capture plant. As a result, in the considered Case Study, the electricity required
is imported from the grid. A natural gas boiler supplies heat built on-site to regenerate
the adsorbent. In some Case Studies, we use an electric boiler for regeneration (see
Section 4.7.4). As only the costs of the additional utilities are accounted for in the LCOC,
we get the high LCOC for cement compared to the power plant cases despite the high
CO,, concentration for the cement case.

For power plant cases, the loss of electricity production caused by the use of the
utilities for the capture plant (parasitic load) increases the Levelised Cost of Electricity
(LCOE) and thus the CCC due to a decreased amount of product (=electricity). In con-
trast, for cement, the amount of product (=cement) does not change and, thus, LCOC
equals the CCC. Both economic KPIs would also be equal for power plants if all energy
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Figure 4.70| Top 20 materials in terms of four economic KPIs (LCOC, CCC, CAC and
nCAC) for a TVSA carbon capture process at 0.2bar from an NGCC power plant (blue)
and a TVSA carbon capture process at 0.6 bar from coal power plant (green) and cement
plant (orange) in the UK. The top 20 materials have been ranked for the nCAC, and
this ranking is used for all KPIs. Hence, material ten for coal is the same for all KPIs
associated with coal, but material ten can differ for cement and NGCC.
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Figure 4.71| Top 20 materials in terms of the LCA KPI (CC) for a TVSA carbon capture
process at 0.2 bar from an NGCC power plant (blue) and a TVSA carbon capture process
at 0.6 bar from coal power plant (green) and cement plant (orange) in the UK. The top 20
materials have been ranked for the nCAC, and this ranking is used for all KPIs. Hence,
material ten for coal is the same for all KPIs associated with coal, but material ten can
differ for cement and NGCC.
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demands were supplied externally. In the CCC in Figure 4.70b, the parasitic load is
accounted for. This increases the median CCC by ca. 19 €/tco, for the coal case and ca.
33 €/tco, for the NGCC case compared to the median LCOC.

The CCC is normalized by the amount of CO,, captured. However, this KPI does not
consider the CO, emissions from additional utilities, material synthesis and disposal,
plant construction, and compensation of the parasitic load (in the case of power plants).
In the CAC, the energy-related CO,-eq. emissions from additional utilities and the impact
of the parasitic load on the levelized cost of electricity and CO,, intensity of the power
plant are accounted for. The median CAC increases compared to the median CCC by ca.
15€/tco,, 10€/tco,, and 24€/tco, for the coal, cement, and NGCC case, respectively (see
Figure 4.70c).

Our platform also computes climate change impact (CC), including the CO,-eq. emis-
sions not only from additional utilities and the compensation of the parasitic load but
also from material synthesis and disposal and plant construction. In Figure 4.71, the
CC is shown for NGCC, coal, and cement; for every t of CO, we capture, we get a climate
change impact of ca. 0.10, 0.18, and 0.17 t of CO,-eq. for the coal, NGCC, and cement
case, respectively. This implies that, for instance, for coal, if we capture 100t of CO,, 10t
of CO,, will be emitted back into the atmosphere, hence effectively reducing the amount
that is avoided to 90t of CO,. The CAC must be corrected to ensure all CO,-eq. emissions
are taken into account. For this correction, we introduce the Net Carbon Avoidance Cost
(nCAC) (see Section 3.4.3) shown in Figure 4.70d. Note that the nCAC considers the
system’s perspective and accounts for operational costs and CO,-eq. emissions of the
parasitic load for power plant cases. As expected, the nCAC results in higher cost than
the CAC. While the increase of the median nCAC compared to the median CAC is very
small for the cement case (0.1 €/tco,), it is more significant for the power plant cases, i.e.,
13€/tco, for the coal case and 42 €/tco, for the NGCC case. As a result, compared to the
CCC, we see an increase in the median nCAC of 28 €/tco,, 10€/tco,, and 66 €/tco, for
the coal, cement, and NGCC case, respectively (see Figure 4.70d) if we take all emissions
and the system’s perspective into account. From this discussion, we conclude that the
nCAC is the best cost metric to compare the various Case Studies.

Different sources

Capturing CO, from NGCC power plants gives the highest nCAC and from cement plants
the lowest. Interestingly, while the results from the CAC differ from what we would ex-
pect from only thermodynamic arguments, which would predict the lowest cost for the
source with the highest CO,, concentration, the results for the nCAC is now in line with
the thermodynamic arguments. In Figure 4.72, we break down the nCAC into contri-
butions from CAPEX and OPEX. The OPEX is separated into the fixed OPEX, which is a
percentage of the CAPEX, and the variable OPEX, which includes the costs associated
with the utilities and replacement of the adsorbent. Cement and coal have the lowest
CAPEX and fixed OPEX; 18 €/tco, for the coal and cement case versus 53 €/tco, for the
NGCC case. This reflects the thermodynamic argument: the higher the CO, concentra-
tion in the flue/industrial gas, the larger the working capacity of the materials. Hence,
we need less material and equipment to capture a unit mass of CO,. We also observe
that the variable OPEX for coal and cement is notably lower than that for NGCC, in-
dicating lower energy requirements per tonne of captured CO, due to the higher CO,
concentrations. Despite this, the predominant cost component for coal and cement re-
mains the variable OPEX, accounting for approx. 47 €/tco, and 42 €/tco,, respectively.
This constitutes a contribution to the nCAC of around 72 % for coal and 70 % for cement.

The results highlight that the simple thermodynamic argument holds regarding total
energy demand. Still, the final net costs per CO,, (avoided) additionally depend strongly
on the available utilities and the specifics of the Case Study. Thus, considering our new
proposed Net Carbon Avoidance Cost (nCAC) definition is crucial for comparing the costs
for carbon capture applications.
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Figure 4.72| Breakdown of the nCAC of the top 20 materials for (a) NGCC power plants
using a TVSA process with 0.2 bar, (b) coal power plants and (c) cement plants using a
TVSA process with 0.6 bar in the UK . The costs are grouped into CAPEX (purple) and
OPEX (blue). For the OPEX, we have separated the fixed OPEX (dark blue), which is a
percentage of the CAPEX, and the variable OPEX (light blue), which mainly involves the
cost related to the energy requirements of the process. The black dots are the total nCAC
values.
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4.7.6 The investor’s perspective

So far, we have mainly restricted our comparison in terms of nCAC to power generation
and cement plants in the UK. In our platform, we can change the region, and we have
also computed the breakdown of the nCAC for the three CO, sources, the three tech-
nologies, and for the other four regions, i.e., the US (Figure 4.73), China (Figure 4.74 for
Guangdong and Figure 4.75 for Shandong), and Switzerland (Figure 4.76). Coal is not
used for power generation in Switzerland.

Different regions in the world

We arrive at the same conclusions concerning the preferred technologies for the US,
China, and Switzerland as in the UK. For the NGCC power plant, we obtain the lowest
nCAC for TVSA with a vacuum pressure of 0.2 bar. For the coal power plant and cement,
the nCAC for TVSA with a vacuum pressure of 0.6 bar is the lowest. A summary of these
data for these preferred technologies is given in Figures 4.77 to 4.79.

These figures show some interesting trends. For power generation, the calculation of
the CAC considers that, when possible, the energy required for carbon capture is supplied
by the host power plant, and this is the case for the top 20 materials (see Section 3.4.3).
The higher CAC in comparison to the CCC arises from the decrease in power output.
On the contrary, the region-dependent CO,-eq. emissions from the energy supply have
a significant impact on the CAC for cement plants. The higher increase in costs when
comparing the CCC and the CAC is observed for the GD region in China, which presents
the highest CO,-eq. emissions from the energy supply. The high CO,-eq. emissions
from the energy supply is also reflected in the CC, as illustrated in Figure 4.79.

Another important region-dependent factor on the CAC in the power plant cases is
also the CO, intensity of the reference power plant. In our calculations of the CAC,
we assume that the reference power plant itself is the same (i.e., has the same direct
CO, intensity), but we consider a region-dependent indirect CO,, intensity (e.g., for coal
mining, production, or transportation). Consequently, the CAC values are very similar
for the Chinese regions despite the very different CC because the CO, intensity of the
reference power plant is very similar in both provinces. In contrast, for the coal case, the
indirect CO,, intensity of the reference power plant is lower for the US, leading to smaller
CAC values.

The nCAC is directly linked to the CC and accounts for the cost and region-dependent
CO,-eq. emissions associated with compensating for the parasitic load (see Section 3.4.3).
Hence, it is essential to take into account the impact of region-dependent CO,-eq. emis-
sions (i.e., the CC) and the regional electricity price when comparing the nCAC across
different regions.

Regions with high CC, such as China, present a higher increase in nCAC. This is par-
ticularly noticeable for the NGCC plant in the GD region in China (see Figure 4.77). For
regions with high electricity prices but substantially lower CC, such as Switzerland, the
nCAC becomes smaller than the CAC since the large CO, avoided emissions compensate
for the increase in variable OPEX (see Figure 4.77).

In Figure 4.78, we see that for coal, the Carbon Capture Cost (CCC) in the two
provinces of China and the US are the lowest. However, the corresponding CO,-€q.
emissions (i.e., the CC) in these two Chinese provinces are about 40 % higher for the GD
region and more than 100 % higher for the SD region than those in the US. The strong dif-
ference in CC in the two Chinese provinces is counteracted by the lower electricity price
in the SD region, and consequently, we obtain similar nCAC, i.e., on average 57 €/tco,
for GD and 59 €/tco, for SD. These values are about 13 €/tco, to 15€/tco, higher than
the one in the US, i.e., 45€/tco,-

For NGCC Case Studies, shown in Figure 4.77, the CCC is clearly highest in Switzer-
land, mainly due to the highest CAPEX and OPEX. As Switzerland also has one of the
highest indirect CO, intensities of the reference NGCC power plant, the CAC is still the
highest in Switzerland, whilst they stay lowest in the US. In contrast, the nCAC and
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Figure 4.73| Breakdown of the nCAC of the top 20 materials for (top) NGCC power
plants, (middle) coal power plants, and (bottom) cement plants in the US, for the tech-
nologies TVSA with a vacuum pressure of 0.2 bar (left) and 0.6 bar (middle) and TSA (right).
The costs are grouped into CAPEX (purple), fixed OPEX (dark blue), which is a percent-
age of the CAPEX, and variable OPEX (light blue), which mainly involves the cost related
to the energy requirements of the process. The black dots are the total nCAC values.

CC in Switzerland are the lowest amongst all studied countries because of the very low
carbon intensity of the electricity grid, accounted for in the nCAC when evaluating the
avoided emissions over the lifetime of the plant.

For cement, we obtained the highest costs in Switzerland and the lowest costs in the
US. In Switzerland, the CC of the cement plant is higher than the CC of the NGCC power
plant due to the CO,-eq. emissions from the natural gas boilers used for the heat supply.
As a result, the low CC in Switzerland cannot compensate for the high OPEX and the
nCAC is still highest in Switzerland. For the other countries, the region-dependency of
the CC balances off the CAC and nCAC.

Utility prices

An important factor in the cost is the utility prices. In our calculations, we have used
2019 as a reference. In 2022, the prices of utilities increased significantly because of
global tensions. In Figure 4.80, we show the effect of these increases in energy prices for
the cement Case Study in the UK. For cement, the nCAC has increased by about 50 % to
54 %.

The cost and replacement rates of the MOFs

One of the features of our PrISMa platform is that we predict the nCAC of materials that
have not yet been synthesized. Or materials that have been synthesized on the milligram
scale in the laboratory. This makes it difficult to estimate the costs reliably. In the LCA
KPI, MR:MM, the impact of mining of the metal and its abundance is accounted for. We
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Figure 4.74| Breakdown of the nCAC of the top 20 materials for (top) NGCC power
plants, (middle) coal power plants, and (bottom) cement plants in China (Guangdong
province), for the technologies TVSA with a vacuum pressure of 0.2 bar (left) and 0.6 bar
(middle) and TSA (right). The costs are grouped into CAPEX (purple), fixed OPEX (dark
blue), which is a percentage of the CAPEX, and variable OPEX (light blue), which mainly
involves the cost related to the energy requirements of the process. The black dots are
the total nCAC values. For TSA, not all materials in the top 20 resulted in an effective
recovery above O; these materials have been omitted.
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Figure 4.75| Breakdown of the nCAC of the top 20 materials for (top) NGCC power
plants, (middle) coal power plants, and (bottom) cement plants in China (Shandong
province), for the technologies TVSA with a vacuum pressure of 0.2 bar (left) and 0.6 bar
(middle) and TSA (right). The costs are grouped into CAPEX (purple), fixed OPEX (dark
blue), which is a percentage of the CAPEX, and variable OPEX (light blue), which mainly
involves the cost related to the energy requirements of the process. The black dots are
the total nCAC values. For TSA, not all materials in the top 20 resulted in an effective
recovery above O; these materials have been omitted.
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Figure 4.76 | Breakdown of the nCAC of the top 20 materials for (top) NGCC power plants
and (bottom) cement plants in Switzerland, for the technologies TVSA with a vacuum
pressure of 0.2 bar (left) and 0.6 bar (middle) and TSA (right). The costs are grouped into
CAPEX (purple), fixed OPEX (dark blue), which is a percentage of the CAPEX, and variable
OPEX (light blue), which mainly involves the cost related to the energy requirements of
the process. The black dots are the total nCAC values.
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shows the top 20 materials (ranked according to the nCAC using TVSA with a pressure
of 0.2 bar).
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Figure 4.79| Comparison of KPIs for cement in the five considered regions. The
figure shows the top 20 materials (ranked according to the nCAC using TVSA with a
pressure of 0.6 bar).

164/ 208



cement 2019 cement 2022

100 100 .o
.................
801 801q
S 601 egeeeseeeeeeeeeteess s 4
RS | £
O O
6 40 6 40
S S
20 A 20
O-I_l_l_l_l_l_l_l_l_l_l_l_l_l_l_l_l_lj_l O-I—l_l_l_l_l_l_l_l_l_l_l_l_l_l_lj_l_l_l
2 4 6 8 10 12 14 16 18 20 2 4 6 8 10 12 14 16 18 20
rank rank
® nCAC I nCAC FixedOPEX
HE nCAC _CAPEX nCAC VariableOPEX

Figure 4.80| Comparison of the nCAC for cement in the UK using energy prices
from 2022 versus those of 2019. The figure shows the top 20 materials (ranked ac-
cording to the nCAC using TVSA with a pressure of 0.6 bar).

assume a uniform price of 30 €kg~! for all MOFs. This value is based on a recent analysis
of the cost of some MOFS.[90]

In Figures 4.81 and 4.82, we compare how the cost of the MOF impacts the nCAC for
a more optimistic scenario in which the cost drops to 7.5 €kg_1 and a more pessimistic
scenario of 7 0€kg_1. These figures show that the impact on the nCAC is rather modest;
about 4 €/tco, (7 %) lower for the more optimistic scenario and about 7 €/tco, (12 %) higher
for the scenario with the highest cost of the MOF.

The nCAC breakdown also shows that, compared to the base case, in the 7.5€kg™
scenario, about 2€/tco, (15%), 0.7 €/tco, (13 %), and 1.6 €/tco, (4 %) drops are observed
for the CAPEX, fixed and variable OPEX contributions, respectively. The decrease in
the CAPEX reflects the lower cost of the MOF. As the fixed OPEX is calculated as a
percentage of the CAPEX, approximately the same percentage decrease is observed. The
change in variable OPEX accounts for the cost of replacing the MOF every five years. For
the 70 €kg_1 scenario, about 3 €/tco, (23 %) increase in the CAPEX contribution, 1€/tco,
(21 %) increase in the fixed OPEX contribution, and about 3€/tco, (7 %) increase in the
variable OPEX contribution are observed.

Our calculations assume that the sorbent is replaced every five years. In Figures 4.83
and 4.84 we show the effect of changing this replacement rate (2, 5, and 7yr) on the
nCAC. These results show that a shorter lifetime increases the nCAC significantly (ca.
4€/tco,) while extending the lifetime beyond five years has less impact (ca. 0.6 €/tco,).
These conclusions are similar to those obtained by Balogun et al. [18].
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Figure 4.84| Effect of the replacement rate of a MOF on the nCAC Comparison of
the nCAC for our reference case (cement in the UK, TVSA, 0.6 bar) and for all materials

that outperform MEA using a replacement rate of the sorbent of 2, 5, and 7 yr.
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4.7.7 The chemist’s perspective
Materials across Case Studies

Our platform has ranked materials for various Case Studies and KPIs using three process
technologies, TSA, and TVSA with two vacuum levels. Ideally, one would like to use
the same top-performing material for all Case Studies. To get some insights if such
material exists, we look at our key KPIs (purity, productivity, nCAC, CC, and MR:MM).
Figure 4.85 shows a Venn diagram in which the numbers indicate the total number of
common structures when considering overlapping KPIs. This analysis was conducted for
the top 50, 100, 150, and 200 materials using all the screening results from a subset of
22 Case Studies: the source-sink-region-utility combinations where a preferred process
configuration was selected for each CO,, source (see Section 4.7.3).

Suppose we look at the diagram for the top 50. We see that, for instance, among
the 22 Case Studies, 25 (= 23 + 1 + 1) materials are common in the top 50 in terms of
productivity, and 12 (=3+1+1+2+4+1) materials in terms of CC; and one material in
the top 50 for both KPIs. Considering all five key KPIs, we see that not a single material
is in common. If we take the top 100, we find six materials in common with all KPIs, and
we need to look at the top 150 and 200 to have a more significant number (14 and 26,
respectively).

Effect of the flexiblity

We have carried out molecular dynamics simulations on the top 60 of the structures
with the lowest nCAC. We assess the flexibility from the simulations by monitoring the
standard deviation (see Section 3.3.1). In Section 4.5.6, we have shown that differences
between experimental isotherms and the predictions of our simulations can be of one
order of magnitude in the Henry coefficient. We use a similar criterium to flag structures
for which flexibility might be an issue. Figure 4.86 shows that out of these 60 materi-
als, eight are flagged. In addition, there are eleven materials for which the UFF4AMOF
force field gives a very different structure after energy minimization compared to a min-
imization using DFT, which we use as part of our workflow (see Section 3.3.1). Those
structures most likely contain metals or parts of the linker for which the UFF4MOF fails.

Identifying the adsorbaphores

We generate large data sets in the PrISMa platform. This data generation allows us to use
machine-learning methods to analyze the data. In particular, to identify the molecular
characteristics of the top performing materials (e.g., the adsorbaphore[O2]). To iden-
tify these characteristics, we first build a machine-learning model with the most general
descriptors used in the literature to characterize MOFs. From the analysis of the im-
portance of the features of these descriptors, we can then focus on the most essential
features.

We conduct this analysis for our exemplary Case Study, i.e., carbon capture from a
cement plant located in the UK where a TSA technology is used, and the CO, is sent
for geological storage. In the first step, we use a general featurization of the MOFs using
atomic-property labeled autocorrelation functions (APRDF),[243] revised autocorrelation
functions (RACs),[40, 244] pore geometric features,[35] and persistence images and per-
sistence homology statistics[245, 246] as implemented in mofdscribe.[O5]

We subsequently fit a gradient-boosted decision tree as implemented using XGBoost[247]
to classify compounds as being below or above the MEA-based absorption benchmark in
terms of nCAC (see Figure 2(a)). We optimize the hyperparameters with the tree of Parzen
estimators[248] strategy as implemented in optuna[139] for 100 steps over the hyperpa-
rameter ranges listed in Table 4.5. The model is subsequently tested ten times (re-tuning
the hyperparameters each time in an inner cross-validation loop) on a holdout set of 20 %
the total dataset. We identify the average confusion matrix shown in Figure 4.87a and
metrics summarized in Table 4.6, indicating that the model is predictive.

168/ 208



Top 50

[ Purity
[0 Productivity
[0 nCAC
o cc
MR:MM

Top 150

3 Purity
=3 Productivity
[0 nCAC
[ cc
MR:MM

Top 100

[ Purity
=3 Productivity
[0 nCAC
o cc
MR:MM

Top 200

[ Purity
=3 Productivity
[0 nCAC
o cc
MR:MM

Figure 4.85| Common materials across 22 Case Studies: The number of common
materials for five reference KPIs (purity, productivity, nCAC, CC, and MR:MM) for a subset
of 22 Case Studies in the top 50 (a), 100 (b), 150 (c), and 200 (d). This subset includes
NGCC with TVSA at 0.2 bar, coal with TVSA at 0.6 bar, and cement with TVSA at 0.6 bar
for all regions and different boilers.

Table 4.5: Hyperparameters ranges considered for the XGBoost models.[247]

Parameter

Range

learning rate

A
a

subsample
colsample_bytree
max_depth
n_estimators

1x1072-0.25 (log)
1x1078-100.0 (log)
1x1078-100.0 (log)

0.1 -1.0

0.1-1.0

1-9 (int)

[7000, 15000, 20000]
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Figure 4.86 | Effect of the flexibility on the adsorption properties (a) ranking of the
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Table 4.6: Classification performance of an XGBoost model trained on all features.
The F; score measures classifier performance, with the perfect score being one and the
worst one being 0. It is defined as the harmonic mean of the precision (fraction of cor-
rect predictions instances among all predictions for a class) and recall (fraction of true
positives among all positives). The x score is a related metric that ranges from -1 to 1,
where a score of O would equal chance prediction, and one would be a perfect classifier.

Metric Mean Standard deviation
accuracy 0.76 0.03
F; macro 0.75 0.04
F; micro 0.76 0.03
K 0.50 0.07
True True
(O] (O]
o 2
False False

True

predicted

(a)

False

False
predicted

True

(b)

Figure 4.87| (a) Average confusion matrix for an XGBoost model trained on all features
and (b) Average confusion matrix for an XGBoost model trained on persistence images.
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Figure 4.88]| Overall gain feature importance of an XGBoost model trained on all fea-
tures.

Table 4.7: Classification performance of an XGBoost model trained on persistence
images. The F; score measures classifier performance, with the perfect score being one
and the worst one being 0. It is defined as the harmonic mean of the precision (fraction
of correct predictions instances among all predictions for a class) and recall (fraction
of true positives among all positives). The x score is a related metric that ranges from
-1 to 1, where a score of O would equal chance prediction, and one would be a perfect
classifier.

Metric Mean Standard deviation
accuracy 0.73 0.02
F; macro 0.72 0.02
F; micro 0.73 0.02
K 0.43 0.04

We then perform a global feature importance analysis using the gain-based feature
importance inherent to the gradient-boosted trees. This analysis highlights that the
features derived from the persistence homology are very predictive (Figure 4.88). Since
persistence images, in principle, allow back mapping to structural features, we focus
on the persistence images and retrain the XGBoost model using only these persistence
images[249] as features.

Note that the persistence images implementation in mofdscribe allows for chemical
resolution by performing the analysis on substructures spanned by different chemistries
(e.g., only metals, only C, H, N, O; see Fig. 4 in Jablonka et al. [O5]). We test the model
ten times on a holdout set (again 20 %) and find the average confusion matrix shown
in Figure 4.87b and summarized in Table 4.7. The performance is (within the error
margins) equivalent to the model trained on the full feature set.

Given the good predictive performance, we compute SHAPley values[250] for the ten
top-performing MOFs after retraining the model on the full dataset. Shapley values at-
tempt to attribute importance to features such that the attributions add up to the full
predictions such that several desirable properties (efficiency, symmetry, dummy, and
additivity) are satisfied. We use SHAPley values since they allow for a local attribution
(i.e., the most relevant feature might differ for every structure). In the current analysis,
we focus only on positive contributions, i.e., favoring the below benchmark class com-
pared to the average case. Future analyses might also investigate the other class. We
then extract the representative cycles (generators of the point in the persistence diagram)
closest (Euclidean distance) to the most important pixel in the persistence images. This
functionality is currently available in a development version of mofdscribe.!

1Calling the featurizer.find_relevant_substructure(s, feature_name) method of the featurizer will return
the relevant substructure.
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Figure 4.89| Most important substructure for RSM0851: The orange (Magnesium)
and red spheres (Oxygen) are the atoms that form the geometrical rod feature corre-
sponding to a top-performing material.

Interestingly, the representative cycle points us to the atoms responsible for the most
important feature determining whether a material performs better than the benchmark.
This collection of atoms can be referred to as the adsorbaphore. Examples of these
adsorbaphores are shown in Figures 4.89, 4.90 and 4.93. A common theme in the top-
performing compounds is a geometrical rod of metal atoms, highlighted in these figures.
Interestingly, these features are often correlated with stacked delocalized systems (aro-
matic rings) with separation of 6A to 11A (see, for example, Figures 4.90 and 4.92).

Prototypes To better understand the data distribution, we utilize the maximum mean
discrepancy (MMD) critic framework[251] (https://github.com/kjappelbaum/MMD-criti
c/) to select so-called prototypes. Those prototypes are data points for which the distri-
bution optimally matches the original distribution:

m

m,n n
MMD2 _ % Zk(zi,zj')— min /Z k(Zi,x]‘) +% Zk(Xi,x]'), (4.10)

ij=1 ij=1 i,j=1

mismatch between prototypes and data

where k is a kernel function (in our case, the radial basis function kernel with y = 0.026),
m is the number of prototypes (in our case 6), and n is the number of data points in our
dataset. Hence, this method identifies those materials that are most representative (i.e.,
a material with the most features in common) for a particular group.

For example, we can use this method to identify the prototypes of the materials with
a high Water resistance coefficient (WRC) and a nCAC better than MEA. These proto-
types are shown in Figure 4.94. The structures tend to have aromatic rings with a 6 A
separation.

In addition, Figure 4.95 shows the materials with the lowest Water resistance coeffi-
cient (WRC) and a CAC better than MEA. These are materials with Open metal site (OMS)
and functional groups containing halogens.

Significance test We also performed statistical tests to assess the impact of OMS on
water resistance. Comparing the two groups below and above the water resistance
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Figure 4.90| Important substructure for RSM1847: The brown (Carbon) spheres are
the atoms that form stacked ring patterns. Gray balls indicate Zn, green Mg, and red O.

p o {
Figure 4.91| Important substructure for RSM2998: The green (Ba) and pink (Cd)

spheres are the atoms that form the geometrical rod feature corresponding to a top-
performing material.
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Figure 4.92| Important substructure for vO+bcu+N131+1164: The brown (carbon)
and red (oxygen) spheres are the atoms that form the geometrical rod feature corre-
sponding to a top-performing material. The side view in B shows the stacked aromatic
rings. Pink balls indicate Mn and blue balls nitrogen.

I

Figure 4.93| Important substructure for vO+bcu+N131+742: The pink balls (Mn) form
a geometric rod.
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Figure 4.94] Prototypical structures for CAC better than MEA and good water resistance.
str_m3_o14_o16_pcu_sym. 116 has a Zn-paddlewheel node with approx. 10A separation between stacked
aromatic rings, str_m5_o1_o16_sra_sym.97 has a vanadium node with sulfate groups on the linker and approx.
7 A separation between aromatic rings, RSM1276 is a Cd-structure with water coordinated on OMS and Br-
functionalized linkers, RSM2972 is a structure with OMS and CF functionalized linkers and approx. 8 tstacked
aromatic systems, RSM2238 is a Cu-pyrazine compound, str_m3_o10_029_pcu_sym.227 is Zn-paddlewheel
(bridged by N,H, compound with large linkers with stacking distance of around 8A)
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Figure 4.95| Prototypical structures for CAC better than MEA and bad water resistance. RSM1078 is a Ho-
compound with open coordination site at Ho, RSM0532 is a Tb compound with an open coordination site at Tb,
str_m4_o5_o14_acs_sym. 104 is a Zn compound with OMS, RSM2636 is a Ga-phosphate compound with the only

carbon being in a chelating diethylenetriamine ligand, RSM1579 is K compound with strong open metal site,
RSM1361 is a Gd compound with OMS.
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threshold, we find that a t-test finds a significant difference (p < 0.01) between those
groups in the presence of OMS. There, we use the OMS definition in the mofchecker

Python package (https://github.com/kjappelbaum/mofchecker/tree/main/src/mofcheck
er).
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5 Conclusions

The importance of bringing together all stakeholders at an early research stage of tech-
nology development cannot be overstated. The complexity and the scale of the CO,, miti-
gation problem make it essential to have a mutual understanding of the impact a decision
of one stakeholder has on all others, as investigated with a total of 63 Case Studies. The
PrISMa platform is aimed not only at providing this understanding but also at allowing
a quantification of the impact of these decisions.

The impact for the CCUS technology is related to our vision that the transition to a low-
carbon economy requires closing all carbon loops. In this world, there will be N sources
of CO, and, with a sufficiently high carbon price, M sinks of CO,. Hence, there will be
N x M technologies that need to be ranked in terms of their effective carbon price that
makes them economically viable. PrISMa provides a platform that allows us to initiate
this optimization process and benchmark the different technologies and the impact of
novel materials. Through the integration of materials and process design, we change the
paradigm of how novel materials are developed for chemical engineering applications.
As a similar approach can be developed for other separations, we expect the impact of
PrISMa in terms of the potential to decrease the time to market for novel materials to go
beyond carbon capture. In addition, PriSMa initiates systematic thinking about efficient
solutions to mitigate CO,, emissions from different local CO,, sources that are optimal for
a specific local setting.

Adsorption-based technologies prove to be very competitive for relatively high (> 10%)
CO, wet feed gas streams, with a large number of materials that outperform the current
benchmark. The different concentration fronts of CO, and H, O along the adsorption bed
correlate with intrinsic material properties under different feed conditions and provide
insights into required molecular features for top-performing materials. Managing mois-
ture in the feed becomes a key aspect for very dilute streams to ensure a cost-competitive
process. The need to incorporate environmental KPIs is also demonstrated, with materi-
als performing very well at the molecular and process level but emitting more CO,, than
what is captured once integrated into the system.

We envision that the crystal structure of any newly or previously synthesized MOF, or
any other solid adsorbent, is uploaded to the PrISMa platform visualization tool together
with adsorption data, if available. Our data-driven models will indicate if such material
holds promise at the system level. Such a bridge between fundamental research and
large-scale implementation will accelerate the speed at which innovations are success-
fully implemented.
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6 Outlook and next steps

First of all, the present platform is the first version. Most of the layers can be systemat-
ically improved. For example, we can make more accurate predictions at the materials
layer using machine learning potentials. The process layer is, at present, based on an
equilibrium model. This model can improved by taking transport phenomena into ac-
count. The life cycle assessment currently assumes the same environmental impact
for all organic linkers. This assumption can be improved by using predictive models
for the environmental impact of chemical production. Some of these topics are already
addressed in a follow-up project with largely the same partners called USorb-DAC, spon-
sored by the Grantham Foundation (https://usorbdac.hw.ac.uk/)

The modular architecture of the PriISMa platform makes it possible to create new
modules. Of particular interest are:

* Various sinks of CO,; at present, we only have geological storage. Developing mod-
ules for utilization of CO, such as chemicals or synthetic fuels would be interesting.

* Additional sources of CO,, such as waste incineration, or biogas, or capturing CO,
directly from the air.

¢ Additional separation: Separations are energy-intensive processes, and solid ad-
sorption might be an attractive alternative for other gas separations.

¢ Adding more regions of the world, which would give us more insights into regional
differences.

The PrISMa platform can also be extended to other applications of MOFs, such as H,
storage, CH, storage, and water harvesting. For some of these applications, screening
studies have been carried out, and these studies can be a basis for novel applications.

Another possible extension is to create a web application in which the crystal struc-
ture of a novel material can be uploaded, and the platform predicts whether or not this
material is potentially of interest to a particular application. Overall, the created platform
offers many possibilities for research and deployment in the industry. These opportuni-
ties will be explored in the future, potentially also in the framework of projects like the
upcoming SWEET call on net-zero emissions.

The developments in the project provide a wide range of opportunities for future in-
dustrial implementation in Switzerland. By covering the broad range of stakeholders,
the PrISMa platform supports the whole value CCS chain. The Swiss project partners,
therefore, presented an earlier version of the platform to Swiss stakeholders to integrate
their feedback. Such interactions ranged from materials developers, in particular, of
MOFs with the company novoMOF to process-technology providers, such as the company
Casale, and to CO,, emitters, such as waste incinerators, where a preview of the platform
was presented to the Verband der Betreiber Schweizerischer Abfallverwertungsanlagen
(VBSA) in December 2022, receiving encouraging feedback. To establish a reliable ba-
sis for future developments toward commercialization, the project partners are currently
exploring options for a start-up company. The PrISMa platform will hopefully contribute
to the rapid development of low-carbon technologies.
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7 National and international coopera-
tion

In general, the extent of the collaboration between the four institutions went beyond
what was anticipated, and this translated into a successful project, from which over 30
peer-reviewed publications and over 70 conference contributions and press releases are
reported. These outcomes attracted huge interest from the industry (with side projects
funded by the industry to extend the PrISMa platform to their specific applications) and
demonstrated the huge value the project was providing to the CCUS community. This
value will help to achieve a much faster transition to a low-carbon economy and to deliver
clean growth by helping timely deployment of CCUS at the scale and cost required by
2030 and beyond.

Within the project, we successfully collaborated with the Institut des Matériaux Poreux
de Paris, ENS, ESPCI Paris, CNRS, and PSL University, Paris, France, on the synthesis
and characterization of novel and promising metal-organic frameworks. This fruitful
collaboration resulted in the joint follow-up project USorb-DAC.

The project also made use of established research networks to maximize the return
on investment previously committed by both national and European funding for CCUS.
Links were also established with ERA-ACT projects funded during the first call for pro-
posals, i.e., ALIGN-CCUS, to facilitate knowledge exchange and exploitation and dis-
semination of results to much wider audiences and public awareness. Collaborations
between PrISMa and ALIGN-CCUS led to joint efforts to advance amine-based carbon
capture technologies by applying data-driven methods. This work was published in Sci-
ence Advances.
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