im

MONTAN

UNIVERSITAT
M LEOBEN W

Chair of Reservoir Engineering

Doctoral Thesis

Numerical and Stochastic Interpretation of
CO2-Brine Primary Displacement

Dipl.-Ing. Omidreza Amrollahinasab Mahdiabad

December 2023



. MONTANUNIVERSITAT LEOBEN

o www.unileoben.ac.at

AFFIDAVIT

| declare on oath that | wrote this thesis independently, did not use other than the specified sources
and aids, and did not otherwise use any unauthorized aids.

| declare that | have read, understood, and complied with the guidelines of the senate of the
Montanuniversitat Leoben for "Good Scientific Practice".

Furthermore, | declare that the electronic and printed version of the submitted thesis are identical,
both, formally and with regard to content.

Date 21.12.2023
Signature Author
Omidreza Amrollahinasab Mahdiabad







Omidreza Amrollahinasab Mahdiabad
PhD Thesis 2023
Department Geoenergy

Numerical and Stochastic
Interpretation of CO,-Brine Primary
Displacement

Supervisor: Univ.-Prof. Dipl.-Phys. Dr.rer.nat.
Holger Ott

Mentor: Dr. Steffen Berg

Chair of Reservoir Engineering

dpe MONTAN

I LEOBEN W



Dedicated to all those who have supported me along this academic journey,

your belief in me has made all the difference.

vi



Acknowledgments

I would like to extend my deepest gratitude to Professor Holger Ott for his invaluable
supervision and guidance throughout the course of this research. His expertise and insightful
perspectives have been fundamental to my work and have greatly enriched my experience in

the field of Geoenergy Engineering.

I am also immensely grateful to Dr. Steffen Berg, whose mentorship has been a cornerstone of
my academic development. His encouragement and wisdom have been pivotal in navigating

the challenges and complexities of this journey.

My time at the Department Geoenergy at Montanuniversitit Leoben has been both enriching
and enlightening, and I am thankful for the opportunity to work and learn in such a vibrant
academic environment. The support and collaboration I have received from my colleagues and

the departmental staff have been instrumental in my research and personal growth.

I would also like to express my gratitude to my family and friends, whose unwavering support
and belief in my abilities have sustained me throughout this challenging yet rewarding journey.

Their constant encouragement and understanding have been a source of strength and motivation.

Finally, I extend my thanks to all those who have contributed to my study, whether directly or
indirectly. This journey would not have been possible without the collective support and

inspiration I have received along the way.

vii



Abstract

The burning of fossil fuels leads to an increasing concentration of carbon dioxide (CO2) in the
atmosphere and consequently to global climate change. Despite the shift towards renewable
energy, the dominant role of fossil fuels in global energy consumption necessitates solutions
like Carbon Capture and Storage (CCS). CCS involves capturing CO from large emission
sources and storing it deep underground, where CO, displaces native fluids, such as brine. The
efficiency of this displacement process is influenced by various geological and physical factors.
Understanding and optimizing these factors is crucial. This work provides a comprehensive
investigation of CO; brine displacement in porous rock, using both experimental and numerical
methods. The experimental data are analyzed more rigorously than in previous studies, leading
to a robust stochastic description of the two-phase flow in heterogeneous porous media.
Additionally, numerical experiments were conducted to investigate the displacement stability,
providing a new and unexpected scaling for viscous instabilities. Thus, this work provides a
comprehensive and solid basis for risk analysis of CO, plume migration in CCS processes. The
migration of the CO; plume and the efficiency of CO, displacement are primarily determined
by multiphase flow parameters, namely relative permeability, and capillary pressure saturation
functions, which are usually derived experimentally. In the frame of this work, the underlying
numerical data analysis was developed based on the solid foundation of a combined stochastic
interpretation of complementary experimental data sets. In the developed approach, data from
different experimental methods (Special Core Analysis - SCAL) are analyzed simultaneously,
and their uncertainty is rigorously determined by state-of-the-art stochastic methods. The
resulting uncertainty intervals of the saturation functions refer to the intrinsic uncertainty of
SCAL experiments, however, not to variations in rock properties. By interpreting and
combining experiments derived from various methods and on various samples, the analyses

provide a certain access to the heterogeneity of the rock formation.

To underscore the impact of rock heterogeneity on CO, migration, the approach was lifted to a
larger length scale at which rock heterogeneity cannot be ignored anymore. Traditional SCAL
methodologies typically do not account for heterogeneity, leading to discrepancies in
measurements and field observations in terms of multiphase-flow saturation functions.
Heterogeneity is vital for understanding the dynamics of plume migration and is explored in

depth in this thesis. The thesis introduces an upscaling workflow that combines SCAL
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interpretations with continuum-scale experiments, emphasizing the need for rigorous upscaling

procedures for CO; storage in heterogeneous formations, such as carbonates.

Plume migration in heterogeneous formations is particularly affected when the mobility of the
displacing fluid is higher than that of the displaced fluid. In this situation, viscous instabilities
are to be expected, which can enhance fluid bypassing (sweep efficiency) in heterogeneous
rock, depending on the characteristic length scale of the perturbation versus the finger width of
the unstable front. This research challenges and extends existing theories on viscous fingering
and its relation to interfacial tension and formation permeability. It further elucidates the
findings from Darcy-scale numerical simulations that reveal finger wavelengths ranging from
tens to a hundred meters under. Such a scale contrasts sharply with traditional predictions based
on the Saffman & Taylor model, which significantly underpredicts the wavelengths. This
insight is crucial for accurately predicting plume migration in CCS projects, as it accounts for
the substantial deviation from expected behavior based on conventional models. The findings
offer a novel perspective on the complexities of viscous-unstable displacement, challenging
existing theories and providing a more accurate framework for understanding and predicting

CO; plume migration in CCS scenarios.

This thesis substantially advances our understanding of CO, plume migration, addressing
critical aspects of CO»-brine displacement, uncertainties in ideal homogeneous and stabilized
systems, and the effects of laboratory-scale heterogeneity and viscous instability. By rigorously
investigating the scaling of finger wavelengths and their implications, this work reveals the
significant impact of viscous-unstable displacement on plume migration, reshaping our
approach to CCS modeling and implementation. The research's holistic examination, spanning
from traditional measurements to advanced numerical methodologies, elevates the field's
understanding of geological CO, storage, paving the way for more informed and effective

carbon sequestration strategies and the associated risk assessment.



Zusammenfassung

Die Verbrennung fossiler Brennstoffe flihrt zu einer zunehmenden Konzentration von
Kohlendioxid (CO2) in der Atmosphire und ist damit ein entscheidenter Faktor fiir den
globalen Klimawandel. Trotz der Hinwendung zu erneuerbaren Energien erfordert die
dominante Rolle fossiler Brennstoffe im weltweiten Energieverbrauch Losungen wie Carbon
Capture and Storage (CCS). CCS beinhaltet die Abscheidung von CO, aus groflen
Emissionsquellen und dessen Speicherung in Reservoirs tief unter der Erde, wo CO» natiirliche
Fluide wie Sole verdringt. Die Effizienz dieses Verdringungsprozesses wird von
verschiedenen geologischen und physikalischen Faktoren beeinflusst, was es entscheidend
macht, diese zu verstehen, zu quantifizieren und zu optimieren. Diese Arbeit bietet eine
umfassende Untersuchung der CO2-Wasser-Verdrangung in porésem Gestein, wobei sowohl
experimentelle als auch numerische Methoden zum Einsatz kommen. Die experimentellen
Daten werden rigoroser analysiert als bisher dargestellt, was zu einer robusten stochastischen
Beschreibung der Zweiphasenstromung in heterogenen porésen Medien fiihrt. Dariiber hinaus
wurden numerische Experimente zur Untersuchung der Verdriangungsstabilitidt durchgefiihrt,
die eine neue und unerwartete Skalierung fiir viskose Instabilititen liefern. Die Arbeit bietet
somit eine umfassende und solide Grundlage fiir eine Risikoanalyse der CO2-Migration fiir
CCS Projekte. Die CO, Migration und die Effizienz der CO,-Verdringung werden
hauptsédchlich durch Mehrphasenstromungsparameter bestimmt, ndmlich der relativen
Fluidphasen Permeabilitdt und der Kapillardruck-Sattigungsfunktionen, die iiblicherweise
experimentell abgeleitet werden. Im Rahmen dieser Arbeit wurde die zugrundeliegende
numerische Datenanalyse basierend auf der soliden Grundlage einer kombinierten
stochastischen Interpretation komplementirer experimenteller Datensétze entwickelt. In dem
entwickelten Ansatz werden Daten aus verschiedenen experimentellen Methoden
(Spezialkernanalyse - SCAL) gleichzeitig analysiert, und ihre Unsicherheit wird rigoros durch
state-of-the-art stochastische Methoden bestimmt. Die resultierenden Unsicherheitsintervalle
dieser Sattigungsfunktionen beziehen sich auf die intrinsische Unsicherheit von SCAL-
Experimenten, jedoch nicht auf Variationen in Gesteinseigenschaften. Durch die Interpretation
und Kombination von Experimenten, die mit verschiedenen Methoden und an verschiedenen
Proben durchgefiihrt wurden, bieten die Analysen einen gewissen Zugang zur Heterogenitét

der Gesteinsformation.



Um die Auswirkungen der Gesteinsheterogenitit auf die CO,-Migration zu unterstreichen,
wurde der Ansatz auf eine groflere Langenskala gehoben, auf der die Gesteinsheterogenitét
nicht mehr ignoriert werden kann. Traditionelle SCAL-Methodologien beriicksichtigen in der
Regel keine Heterogenitét, was zu Diskrepanzen in Messungen und Feldbeobachtungen in
Bezug auf Mehrphasenfluss-Sattigungsfunktionen fiihrt. Heterogenitit ist entscheidend fiir das
Verstéindnis der Dynamik der CO, Migration und wird in dieser Dissertation ausfiihrlich
erforscht. Die Dissertation fiihrt einen Upscaling-Workflow ein, der SCAL-Interpretationen mit
groBiskaligen Experimenten kombiniert, und betont die Notwendigkeit rigoroser Upscaling-

Verfahren zur Beschreibung der CO,-Speicherung in heterogenen Formationen wie Karbonaten.

Die CO; Migration in heterogenen Formationen wird besonders beeinflusst, wenn die Mobilitét
der verdriangenden Fliissigkeit hoher ist als die der verdréngten Fliissigkeit. In dieser Situation
sind viskose Instabilitdten zu erwarten, die groe Bereiche des Reservoirs umgehen kdnnen
(Sweep-Effizienz) und somit die Speicherkapazitit erheblich reduzieren. Dieser Effekt héngt
von der charakteristischen Léngenskala der Stérung (Heterogenitit) im Vergleich zur
Fingerbreiten der instabilen Front ab. Diese Arbeit stellt bestehende Theorien iiber viskose
Instabilitéten und deren Beziehung zur Grenzflichenspannung und Permeabilitét der Formation
in Frage und erweitert sie. Die Ergebnisse aus numerischen Simulationen zeigen
Fingerwellenldngen im Bereich von Zehnern bis zu hundert Metern, im starken Kontrast zu
traditionellen Vorhersagen basierend auf dem Saffman & Taylor-Modell, das die Wellenlédngen
erheblich unterschétzt. Diese Einsicht ist entscheidend fiir die genaue Vorhersage der Plume-
Migration in CCS-Projekten, da sie die erhebliche Abweichung vom erwarteten Verhalten
basierend auf konventionellen Modellen beriicksichtigt. Die Erkenntnisse bieten eine neue
Perspektive auf die Komplexititen der viskosen-unstabilen Verdringung und fordern
bestehende Theorien heraus, indem sie einen genaueren Rahmen fiir das Verstidndnis und die

Vorhersage der CO,-Plume-Migration in CCS-Szenarien bieten.

Diese Dissertation erweitert unser Verstandnis der CO»-Plume-Migration erheblich, indem sie
kritische Aspekte der CO-Sole-Verdringung, Unsicherheiten in ideal homogenen und
stabilisierten Systemen und die Auswirkungen von Labormafstab-Heterogenitit und viskoser
Instabilitdt ausarbeitet. Durch die rigorose Untersuchung der Skalierung von
Fingerwellenldngen und deren Implikationen enthiillt diese Arbeit den signifikanten Einfluss
der viskosen-unstabilen Verdrangung auf die Plume-Migration und veréndert unseren Ansatz
zur CCS-Modellierung und -Implementierung. Die ganzheitliche Untersuchung, von
traditionellen Messungen bis zu fortgeschrittenen numerischen Methodologien, erhoht das
Verstindnis des Feldes fiir die geologische CO»-Speicherung und ebnet den Weg fiir effektivere

Kohlenstoffabscheidungsstrategien und die damit verbundene Risikobewertung.
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Chapter 1

Introduction

Sustainable Energy and Impact of Fossil Fuels: The modern world's sustainable energy
management and the need to mitigate environmental impacts, particularly from fossil fuels, is
a pressing concern. Fossil fuels have been the cornerstone of the global energy system for over
a century, shaping economic development and facilitating technological advancements. The
widespread availability of coal, oil, and natural gas has underpinned considerable progress in
human well-being and industrialization, contributing to the rapid urbanization and economic
growth witnessed in the 20™ and early 21 centuries (Smil, 2018). With their high energy
content and relative ease of extraction and transportation, fossil fuels have become the linchpins

of energy policy, reliably fueling the engines of growth across nations (BP, 2020).

The combustion of fossil fuels, however, releases significant amounts of carbon dioxide (CO)
into the atmosphere, exacerbating the greenhouse effect and driving global climate change, a
topic at the heart of international discourse. Despite their notable benefits, the burning of fossil
fuels has a consequential downside — their environmental footprint. The combustion process
releases a plethora of greenhouse gases, with carbon dioxide (CO>) being the most significant
in terms of volume and impact on global warming (EPA, 2021). As these emissions accumulate
in the atmosphere, they trap heat and contribute to the greenhouse effect, leading to rising global
temperatures and climate change. This trend has been corroborated by multiple scientific
analyses and reports, including the Intergovernmental Panel on Climate Change (IPCC), which
has reinforced the urgent need for drastic reductions in greenhouse gas emissions to limit the
global temperature increase to 1.5 degrees Celsius above pre-industrial levels (Figure 1), thus

mitigating the most severe consequences of climate change (Calvin et al., 2023; IPCC, 2018).
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Global surface temperature has increased by
1.1°C by 2011-2020 compared to 1850-1900
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Figure 1: Global temperature change in recent years from IPCC (Calvin et al., 2023)

Challenges in Transitioning to Renewable Energy: Despite ongoing efforts to shift towards
renewables, fossil fuels persistently dominate global energy consumption. International efforts,
such as the Paris Agreement, have aimed at galvanizing global action towards a low-carbon
economy. However, progress has been inconsistent and, in many regions, insufficient
(UNFCCC, 2015). This is reflected in the global energy consumption patterns, where despite
increasing investment in renewables, fossil fuels continue to supply the vast majority of the
world's energy demand (IEA, 2021). Consequently, the global energy system remains heavily
skewed towards non-renewable resources, which not only poses risks due to finite supplies but

also propels the climate crisis.

Critics of the current energy paradigm argue for a more aggressive shift towards sustainable
practices and emphasize the need for a broader adoption of renewable energy technologies
(Jacobson et al., 2015). These technologies are becoming increasingly cost-effective and have
shown promising scalability to meet a significant fraction of energy needs, outlining a roadmap
to phase out fossil fuels (IRENA, 2021). Nevertheless, the transition is complex and inherently
systemic, necessitating not only technological but also socio-political and economic

transformation (Geels et al., 2015).

The lingering reliance on fossil fuels is influenced by various factors including technological
advancements, existing infrastructure, financial commitments, and the overall inertia in

restructuring the energy sector. This reliance manifests in significant geopolitical and market
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dynamics, as energy security considerations often drive national policies and international
relations (Yergin, 2012). Moreover, the built environment, including power plants, refineries,
and transportation networks, represents sunk investments that cannot be easily or rapidly altered
without both financial and societal costs (Davis et al., 2018). Moving away from an established
energy system towards a low-carbon future involves multi-dimensional challenges, ranging
from technological innovation to societal acceptance and legislative change (World Energy

Council, 2019).

Future Energy Scenarios and Fossil Fuel Projections: Currently, fossil fuels, including coal,
oil, and gas, account for over 80% of the world's primary energy supply (IEA, 2022). This
dependence presents two significant concerns. First, fossil fuel reserves are depleting, with
estimates predicting exhaustion within 139 years for coal, 57 years for oil, and 49 years for
natural gas at the current consumption rates (Energy Institute, 2023). Furthermore, considering
the growing rate of global energy consumption, these estimates may become even more
pessimistic. Second, the combustion of these fossil fuels is primarily responsible for the surge
in atmospheric CO, concentrations. Approximately 65% of current anthropogenic CO-
emissions are attributed to fossil fuel use (IPCC, 2022; Smil, 2018). The consensus is that such
emissions levels are unsustainable and that reducing greenhouse gas emissions is crucial for

sustainable primary energy production.

Projections from energy industries and public organizations, like Shell's energy scenario
(Figure 2), predict two main trends: a rise in overall energy demand until 2050 and a peak in
fossil fuel demand around 2035, followed by a decline. However, even by 2050, fossil fuels
will still constitute a significant portion (about 50%) of the energy mix. This persistence of
fossil fuels in energy forecasts underscores the inertia in the energy market, influenced more
by existing infrastructures and investments than by the pace of alternative energy technology

development.
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Figure 2: Primary energy trends to 2050 (Shell scenarios, 2023)

Mitigating Fossil Fuel Consumption with CCS as a Solution: Given the expected continued
reliance on fossil fuels, the world must not only champion renewable energy but also mitigate
the consequences of fossil fuel consumption. One strategy towards a sustainable energy future
is reducing anthropogenic greenhouse-gas emissions. Solutions from the consumer side include
energy conservation, and efficiency enhancement. On the production side, while renewable
energies are gaining traction, the dominant role of fossil fuels necessitates solutions like Carbon
Capture and Storage (CCS). Introduced in the 1990s, CCS was seen as a transitional technology
that could be deployed faster and more affordably than renewables. Modern perspectives,
however, view CCS as a technology that can be combined with biomass combustion to achieve
negative-CO» pathways or used for producing hydrogen for low-carbon power generation. The
merger of CCS and biomass combustion not only curtails emissions but can also actively reduce
atmospheric CO, concentrations. Nevertheless, the effectiveness and scale of CCS and related

technologies remain uncertain and present challenges.

Carbon Capture and Storage Overview: Carbon Capture and Storage (CCS) is a technology
designed to reduce greenhouse gas emissions from industrial sources, thereby playing a pivotal
role in global efforts to combat climate change (IPCC, 2005). CCS involves three major steps:
capturing CO, produced by industrial processes and power generation, transporting the
captured CO; to a suitable storage site, and securely storing the CO, underground in geological

formations (Herzog, 2011; Holloway, 2005) (Figure 3).
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Capture: The capture of CO, can be accomplished through various techniques such as pre-
combustion capture, post-combustion capture, and oxy-fuel combustion, each with its unique
set of technologies and suitability for different types of industrial plants (Bert Metz et al., 2005;
Rochelle, 2009). Pre-combustion capture involves removing CO, before fuel combustion, often
in gasification processes; post-combustion capture, the most widely studied, entails scrubbing
CO; from flue gases after combustion; and oxy-fuel combustion burns fuel in pure oxygen,
resulting in flue gases with high CO, concentrations, thereby simplifying capture (Boot-

Handford et al., 2014; Davison, 2007).

Transport: Once captured, CO; is compressed into a liquid state to facilitate its transport via
pipelines or ships to storage locations. The infrastructure for transport must ensure that the CO;
is moved safely and efficiently, minimizing the risk of leaks and maintaining the integrity of

the CO; stream (Figueroa et al., 2008).

Storage: The final step in the CCS chain is the storage of CO,, usually in deep geological
formations such as depleted oil and gas fields, deep saline aquifers, or unminable coal seams
(Bachu, 2008; Dooley et al., 2009). The suitability of these storage sites is determined by their
capacity to hold large volumes of CO; for extended periods, their ability to ensure that CO,
does not leak back into the atmosphere, and their overall economic feasibility (Benson and Cole,

2008; ZER, 2011) (Figure 6).

Schematic diagram of possible CCS systems

NN

/N /N

NN

| i Ocean storage

CO, geological (Ship or pipeline)
i i 'storage

Figure 3: Major steps involved in carbon capture storage (CCS) (IPCC, 2005)
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Chemical Properties and Environmental Role of CO;: The unique chemical properties and
phase behavior of carbon dioxide (CO,) play a critical role in both its environmental impact
and its potential for capture and storage. CO; is a linear, non-polar molecule, which contributes
to its role as a potent greenhouse gas, effectively trapping heat in the Earth's atmosphere. Its
phase behavior, particularly its ability to transition to a supercritical fluid under specific
temperature and pressure conditions, is crucial in the context of Carbon Capture and Storage
(CCS) technologies. In a supercritical state, CO, exhibits properties of both a gas and a liquid,
allowing for more efficient transport and injection into geological formations (Span and
Wagner, 1996). This phase transition is highly sensitive to temperature and pressure changes,

influencing the design and operation of CCS systems (Figure 4).

Moreover, the interactions of CO, with other substances, such as water and various minerals
found in geological formations, are essential for understanding its long-term storage behavior.
COz can react with water to form carbonic acid, a mild acid but one that can lead to the
dissolution of certain minerals and potentially impact the integrity of a storage site (Kaszuba
and Janecky, 2009). The solubility of CO, in brine, a common fluid in geological formations,
is another critical factor as it influences the capacity and stability of CO, storage (Bachu and
Adams, 2003). Understanding these chemical properties and phase behaviors is paramount for
predicting the long-term fate of CO, in CCS operations and ensuring the environmental safety

of this approach (Bert Metz et al., 2005).
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Figure 4: Left: Phase diagrams showing the relationship between pressure and temperature for CO:.
The red line shows the expected pressure and temperature based on a standard geothermal gradient and
hydrostatic pressure in reservoirs. ‘TP’ marks the triple point, and ‘CP’ the critical point. Right: A chart
depicting how CO: density varies with depth and how its volume changes compared to its volume at

surface conditions (1 bar, 15°C) (Ott, 2015).
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CO; Storage and Migration in Geological Formations: The storage phase of the CCS cycle
is arguably the most complex, both in terms of scientific understanding and engineering
execution. The multiphase flow of CO, through porous geological media, the long-term
integrity of storage formations, and the risk of leakages are chief among the concerns (Bachu,
2008; Celia and Nordbotten, 2009) (Figure 5). Understanding the dynamics of CO, plume
migration within various subsurface terrains requires sophisticated modeling and a deep
knowledge of geomechanical behavior under CO; injection conditions (Juanes et al., 2010;
Rutqvist, 2012). Monitoring and verification techniques must be advanced enough to detect
even minor anomalies that could indicate storage issues, particularly over the time scales that
CCS must operate to contribute effectively to climate change mitigation (Jenkins et al., 2018;

Michael et al., 2010).

Injected CO, migrates up dip
maximizing dissolution &
residual CO, trapping

Potential Escape Mechanisms

A.CO, gas B. Free CO, C. CO D. Injected CO, E. CO F. Natural flow G. Dissolved
pressure leaks from A escapes migrates up escapes via dissolves CO, CO, escapes to
exceeds into upper through ‘gap’ in dip, increases poorly plugged at CO, / water atmosphere or
capillary aquifer up fault cap rock into reservoir old abandoned interface & ocean

pressure & higher aquifer pressure & well transports it out

passes through permeability of of closure
siltstone fault
Remedial Measures
A. Extract & B. Extract & C. Remove CO, D. Lower E. Re-plug well F. Intercept & G. Intercept &
purify ground- purify ground- & reinject injection rates or with cement reinject CO, reinject CO,
water water elsewhere pressures

Figure 5: Potential leakage routes and remediation techniques for CO: injected into saline formations

(Bert Metz et al., 2005).

Upon injection into deep underground porous formations, CO, displaces the fluids initially
present. Due to its lower density compared to the initial brine, CO» tends to migrate upwards,
necessitating a sealing barrier to prevent its return to the surface. Various factors, including
gravity and rock heterogeneity, can affect how effectively the CO, displaces other fluids. Over
time, different trapping mechanisms, ranging from capillary to mineral trapping, come into play
to immobilize the CO, (Figure 6). The primary focus of this thesis is to advance our
understanding of CO,-brine displacement dynamics in porous media and to enhance the
accuracy of CO; plume migration predictions in CCS applications, recognizing its critical role

in ensuring the safety and efficiency of CO, storage. Accurate prediction of plume migration
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and the determination of its uncertainties is essential to ensure that it does not extend into areas
with faults or insufficient characterization, thereby determining the site's overall storage

capacity and safety.

Figure 6: Methods for storing CO: in deep underground geological formations (IPCC, 2005)

The prediction of CO, plume migration in subsurface reservoirs is a cornerstone of the CCS
process. It is crucial for determining the amount of CO; that can be safely stored, as well as for
evaluating potential risks associated with leakage. The literature has revealed that predicting
CO; plume migration is riddled with uncertainties, both in terms of the physics involved and
the geological and petrophysical properties, such as porosity, permeability, and rock
composition, along with the physics of multiphase-flow dynamics and buoyancy-driven

migration, of CO; in storage sites (Doughty and Oldenburg, 2020; Jackson and Krevor, 2020a).

Reservoirs are not uniform entities and underground CO, storage is intricate due to the diverse
rock types and their spatial variations in geological reservoirs. Variations in porosity,
permeability, and rock composition can cause CO; to move unpredictably. It is challenging to
establish accurate geological models, especially in deep saline aquifers where fewer data points
exist (Jackson and Krevor, 2020a; Krishnamurthy et al., 2022). Multiple processes govern CO»
migration, including viscous flow, capillary trapping, and buoyancy-driven migration. Porosity,
a measure of void space in the rock, dictates the volume of CO, that can be stored, while
permeability, a measure of the ease with which fluids can flow through rock, influences the

injection and migration capacity (Wildenschild and Sheppard, 2013).

Rock heterogeneity, capillary pressure, and relative permeability are also pivotal as they impact
the distribution and movement of CO» within the storage reservoirs. Heterogeneity can lead to

preferential flow paths or trapping zones, complicating the prediction of CO; plume evolution.
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Capillary pressure, the pressure difference across the interface of two immiscible fluids in
porous media, influences capillary trapping, a mechanism by which CO; is immobilized in the
pore spaces due to interfacial tension and is a critical safeguard against leakage (Juanes and

Blunt, 2006).

Furthermore, the wettability of the reservoir rock, which describes the tendency of a fluid to
spread on or adhere to a solid surface, plays a role in dictating how CO> and brine will distribute
inside the pore spaces, affecting both storage efficiency and security. Interactions with
formation waters and minerals can modify rock permeability and porosity over time, potentially
impacting fluid flow patterns, highlighting the importance of not treating these properties as

static but rather as dynamic features that evolve with the CO; injection.

The interplay between these processes is intricate and varies with the specifics of the storage
site (Juanes et al., 2006). Even with state-of-the-art monitoring techniques, tracking the exact
movement of CO; in deep reservoirs remains a challenge. Subtle movements or small leaks can
be hard to detect (Trevisan et al., 2017). Given these uncertainties, accurate prediction of CO;
plume migration and especially the determination of its uncertainties becomes a complex
endeavor, requiring sophisticated models, high-quality data, and iterative refinement based on

real-world observations.

This Thesis: Central to this work is the exploration of two-phase flow dynamics in CO»-brine
systems, addressing three distinct yet interconnected contexts: (a) flow within homogeneous
rock formations, providing a foundational understanding of the basic interaction principles; (b)
flow within rock formations exhibiting textural heterogeneity, where variations in rock texture
introduce complexities in fluid dynamics; and (c) flow within displacement-induced
heterogeneous environments, where the movement of fluids itself alters the flow characteristics.
By delving into these scenarios, this thesis aims to investigate the behaviors of two-phase flow,
contributing significantly to the field of Geoenergy Engineering. This analysis is pivotal for
advancing our understanding of CO, sequestration in various subsurface conditions, ultimately

informing more efficient and reliable carbon capture and storage strategies.

It addresses the uncertainties surrounding CO, plume migration by combining traditional
measurements with advanced methodologies. By enhancing our understanding of multiphase
flow in porous media, we aim to shed light on the intricacies of CO»-brine interactions and the
factors that influence CO» migration patterns. This, in turn, will lead to more reliable predictions,

ensuring safer and more efficient CO; storage.

Furthermore, methods are presented for calculation of numerous rock properties which are
required for the prediction of CO, plume migration, especially those related to multiphase fluid

dynamics, which are costly and time-consuming. It is pivotal to emphasize that in reservoir
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simulations, the saturation functions - relative permeability (k. (S,,)) and capillary pressure
(pc(Sw)) - play a more critical role than factors like porosity and permeability. These functions
not only dictate fluid dynamics but also fundamentally determine the plume migration and
storage capacity. While porosity, for example, has a linear effect on storage capacity,
inaccuracies in these saturation functions can disproportionately reduce storage efficiency.
Hence, this research focuses on paramount parameters for CO, storage. These functions
influence fluid displacement and sweep efficiency, and with that also the injection pressure
(Ahmed, 2018; Buckley and Leverett, 1942; Dake, 1983). These saturation functions are

therefore essential for accurate prediction of CO, plume migration and storage safety.

This work is organized as the following: Chapter 2 introduces the experimental and numerical
methodologies employed in this thesis, supplemented by an extensive review of related
literature in subsequent chapters that provides a contextual backdrop for each experimental and
analytical approach presented. The experiments primarily focus on investigating fluid dynamics
in carbonate rock systems, specifically Estaillades limestone, under various conditions to
understand better the behavior of the wetting state. The chapter is divided into several key

sections, each addressing different aspects of the experimental and analytical methodologies.

The experiments were conducted on different scales using two fluid pairs: decane-brine and
COs-brine. SCAL (Special Core Analysis Laboratories) experiments were performed on small
limestone samples with decane as the non-wetting phase, providing data for relative
permeability and capillary pressure measurements. Larger and more heterogeneous limestone
samples were used for primary drainage experiments, comparing decane-brine with CO,-brine

to study the influence of CO, mobility and wetting states.

In the SCAL experiments data from five rock samples, including porosity and permeability
measures, were analyzed, providing insight into the rock’s wetting state. Here brine and decane
were used at ambient conditions, with specific attention to the viscosity of both fluids. The
steady-state experiments involved oil and water injections, with measurements of differential
pressure and saturation profiles. Centrifuge experiments further explored water saturation
changes under increased centrifugal acceleration, using the Hassler-Brunner equations for data
interpretation. This part is a reprint from (Amrollahinasab et al., 2022; Omidreza
Amrollahinasab et al., 2023).

Large volume CO; experiments were conducted under elevated pressure and temperature, these
experiments used larger limestone samples to study CO»-brine displacement, comparing it with
decane-brine displacement. This section also detailed the process of capturing and interpreting
3D saturation profiles using medical CT scanning. The process of deriving 3D porosity and

saturation maps from CT scans is explained which involves using median and Gaussian-Blur-
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3D filtering for image enhancement and applying difference imaging for 3D mapping. This part
is a reprint from (Amrollahinasab et al., 2024a; Omidreza Amrollahinasab et al., 2023).

Numerical methods and implementation with the MRST (MATLAB Reservoir Simulation
Toolbox) for simulating SCAL experiments are described, detailing the mathematical
framework and solver strategies. It discusses the parametrization of saturation functions,
steady-state and unsteady-state models, and the incorporation of boundary conditions. The
chapter outlines the process of history matching in SCAL data interpretation, using MATLAB’s
fmincon function for optimization. It also addresses the uncertainty modeling using MCMC
(Markov Chain Monte Carlo) methods and the ParaDRAM package for sampling and analyzing
saturation function variations. This part is a reprint from (Amrollahinasab et al., 2024a, 2022;

Omidreza Amrollahinasab et al., 2023, 2023) and is applied to (Burmester et al., 2023).

The numerical methodologies for incorporating heterogeneity in modeling saturation profiles,
focusing on the variations in capillary pressure and permeability across different grid elements
are also introduced in this section. The final section of the chapter deals with the stability
analysis of CO»-brine displacement, using a MATLAB-MRST-based simulator. It includes
discussions on rock and fluid properties, determination of wavelength, and self-similarity in the
context of viscous fingers in immiscible displacement. This part corresponds to a reprint from

(Amrollahinasab et al., 2024b).

In Chapter 3, this thesis presents a sophisticated and novel approach to SCAL data
interpretation, combining numerical modeling with advanced statistical methods to extract
accurate uncertainties and gain deeper insights into multiphase fluid dynamics in porous media.
Recognizing that multiphase flow in porous media is pivotal to Geoenergy Engineering, the

research addresses the key uncertainties in reservoir engineering.

Traditional laboratory methods like core flooding have limitations, as they often can't capture
the complexities of k,- and P. in real reservoir conditions. The chapter investigates the steady-
state method of measuring relative permeability, noting its inability to reach saturation
endpoints and the influence of capillarity, which complicates the measurement of differential
pressure. It also points out that classical analytical solutions and numerical descriptions often
fail in accurately capturing the SCAL data. A more robust approach involves numerical data
interpretation is suggested, which considers the full physical picture and combines various
experimental data sets. This method, however, is prone to uncertainties due to non-uniqueness,
instabilities, and experimental errors. The challenges in representing complex rock types like
carbonates with standard parametrized models are noted and it is emphasized that single

representations of Kr and Pc are not adequate for reliable flow predictions in reservoirs.
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Through the development of a MATLAB-MRST-based simulator, the chapter emphasizes the
significance of numerically interpreting data from different experimental techniques, assuming
homogeneous rock samples. Furthermore, this chapter pioneers an uncertainty-driven approach
to simultaneous simulation of SCAL experiments, ensuring more robust and accurate results.
However, it also mentions that these advanced numerical interpretations and uncertainty
modeling techniques are not yet common practice in SCAL due to proprietary simulation tools,

which hinder progress in the field.

The limitations of such methods are shown by sample-to-sample variations of the
interpretations on a complex carbonate rock. This chapter is a reprint of (Amrollahinasab et al.,
2022; Omidreza Amrollahinasab et al., 2023), accompanied by Appendix A. The Appendix
sheds light on the verification process for the simulations and Appendix B provides details of

the user interface developed for the SCAL simulator.

Chapter 4 delves into the impact of rock heterogeneity on CO, migration. This heterogeneity
complicates the measurement and interpretation of multiphase flow properties, influencing
factors like capillary forces and saturation states, termed 'capillary heterogeneity'. The chapter
discusses the limitations of conventional reservoir simulation workflows in representing small-
scale heterogeneity impacts on multiphase flow properties like relative permeability and

capillary pressure characteristics.

Understanding that traditional methods don't adequately account for this heterogeneity, the
chapter presents a comprehensive upscaling workflow that effectively integrates state-of-the-
art SCAL interpretations with continuum-scale experiments. The disparity between the scale of
laboratory and special core analysis (SCAL) measurements and the larger scale of reservoir
models are highlighted and the need for better understanding and characterizing capillary
heterogeneity in complex rocks is addressed. A multiscale workflow from the centimeter to the
meter scale is presented, combining laboratory techniques and upscaling schemes to

systematically upscale multiphase flow for reservoir applications.

A case study on Estaillades limestone is referenced to illustrate the inadequacy of classical
SCAL experiments in representing larger rock volumes. The chapter builds upon a previous
study where a stochastic SCAL analysis workflow was developed and applied to experimental

data on decane-brine primary drainage in Estaillades.

The present study aims to perform two key investigations: 1) A comparative analysis between
full stochastic interpretations of SCAL data and larger-scale unsteady state (USS) core flood
experiments to yield an upscaled relative permeability, and 2) Incorporating 3D porosity and
permeability heterogeneity into USS experiments to determine the true relative permeability

and understand the impact of heterogeneity.
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By highlighting the disparity between traditional measurements and field observations, the
chapter underscores the need for rigorous upscaling procedures, especially for CCS
developments in carbonates. The chapter will analyze decane-brine and CO»-brine unsteady-
state experiments to study the effect of heterogeneity on relative permeability. The
methodology involves progressively increasing the complexity of the fluid pairs and simulation
domains to validate the approach and explore the limitations of current SCAL procedures,
aiming to develop alternative methods and upscaling workflows. Appendix C complements this
chapter by elaborating on the verification of the 3D simulations and the corresponding
sensitivity analysis. This chapter is a reprint of (Amrollahinasab et al., 2024a; Omidreza

Amrollahinasab et al., 2023).

Chapter 5 offers profound insights into the viscous-unstable displacement in CO- sequestration.
This chapter focuses on the displacement of more viscous brine by less viscous CO: in
subsurface formations, which can lead to the formation of viscous fingers. These fingers'
wavelengths are crucial in determining storage capacity, plume migration, and the extent of

capillary control in CCS.

The research challenges and extends existing theories on viscous fingering and its relation to
interfacial tension and permeability. The challenged theory is the Saffman & Taylor model,
which underpredicts the wavelength, and aligns more with the long-wavelength instability

models of King & Dunayevsky and Yortsos & Hickernell.

It elucidates the findings from Darcy-scale numerical simulations that reveal finger
wavelengths ranging from tens to a hundred meters under CCS conditions. The simulations
consider factors such as rock permeability, fluid viscosity, and interfacial tension. The paper
also explores the relationship between these factors and finger wavelength, finding linear

relationships inconsistent with previous models.

This scale contrasts sharply with traditional predictions based on the Saffman & Taylor model,
which significantly underpredict the wavelengths. The findings offer a new outlook on the
complexities of viscous-unstable displacement, challenging existing theories and offering a
more accurate framework to understand and predict CO» plume migration in CCS scenarios. It
suggests a stronger influence of capillary forces on CO:z plume migration, even at larger scales
than previously thought. This has significant implications for modeling and predicting the
behavior of CO: in subsurface environments. The insights guide the design and implementation
of CCS projects, particularly in aspects of numerical modeling and field-scale uncertainty

assessment. This chapter is a reprint of (Amrollahinasab et al., 2024b).

The research presented in this thesis not only contributes to the scientific understanding of CO,-

brine interactions but also has profound implications for the future of CCS technology and its
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role in our collective pursuit of sustainable development as outlined by the UN Sustainable
Development Goals (SDGs). Specifically, the methodologies and findings in this work support
SDG 7 (Affordable and Clean Energy), SDG 9 (Industry, Innovation, and Infrastructure), SDG
12 (Responsible Consumption and Production), and SDG 13 (Climate Action) by enhancing
our capabilities for effective carbon capture and storage (Ott, 2023; United Nations, 2023)
(Figure 7). This could facilitate the continued yet sustainable use of fossil fuel resources while
curbing emissions, promoting innovative clean energy technologies, and mitigating climate
change impacts. By providing an overarching perspective on factors influencing CO»
displacement, this thesis elevates our understanding of CCS processes. In turn, this will pave
the way for optimized strategies that promote environmental stewardship and sustainable

energy production.

9 INDUSTRY, INNOVATION 12 RESPONSIBLE 1 CLIMATE
AND INFRASTRUCTURE CONSUMPTION ACTION
AND PRODUCTION

O

Figure 7: Relevant UN Sustainable Development Goals (SDGs) supported by this thesis work.

Specifically, the research enhances our capabilities for effective carbon capture and storage,
contributing to: SDG 7 - Affordable and Clean Energy; SDG 9 - Industry, Innovation, and Infrastructure;
SDG 12 - Responsible Consumption and Production; and SDG 13 - Climate Action (Ott, 2023; United
Nations, 2023).



Chapter 2

Materials and Methods

This chapter is a reprint of materials and methods from (Amrollahinasab et al., 2024a, 2024b,
2022; Omidreza Amrollahinasab et al., 2023, 2023).

2.1 Experimental Data Used in This Thesis

Experiments were performed on two different length scales and with two different fluid pairs,
both representing water wet systems. SCAL experiments were performed on the smaller
limestone samples using decane as a non-wetting phase, which is a typical choice for relative
permeability and capillary pressure measurements (McPhee et al., 2015a). The primary
drainage experiments on larger and heterogeneous samples of the same rock type, were
performed with decane-brine reference fluids that are directly comparable to the SCAL
experiments, and with the CO;-brine fluid pair, the fluid system under investigation. By
comparing decane-brine — the water wet reference — with results from CO»-brine, statements on
the influence of the high CO, mobility and the wetting state of the CO,-brine-calcite system

may be drawn.

2.1.1 SCAL Experiments

SCAL experiments were performed on Estaillades limestone, a rather complex, dual porosity
carbonate rock type. The SS and centrifuge (CF) data were published in (Ott et al., 2015). The

data set represents a primary drainage process on the original water-wet state of the rock.

Rock Samples: Experimental results from 5 rock samples taken from the same outcrop
block of Estaillades limestone are discussed in this paper. The average porosity was determined
to be ¢ = 0.28, and the average permeability was determined to be K = 164 mD. The
properties of the individual samples are summarized in Table 1. The block showed overall

porosity variations of 10% and permeability variations of 28% (Ott et al., 2015).
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Table 1: Rock samples, rock properties and experimental process.

Sample | Porosity | Permeability
Measurement
ID (fraction) (mD)
1 0.293 142.3 Steady-state relative
permeability;
2 0.271 141.8 . .
primary drainage
3 0.283 204.1 Multispeed
tri ill
4 0.283 1412 centrifuge capillary
pressure; primary
5 0.274 189.8 drainage

The rock type exhibited dual porosity with a pure calcite mineralogy (Ott et al., 2015). The
samples were drilled and cut to dimensions of 3.75 cm diameter and 5 cm length for both types
of experiments. Subsequently, the samples were cleaned, and S,, = 1 was established as the

starting point for the drainage experiments.

Fluids: The SCAL experiments were performed at ambient pressure and temperature
conditions (22°C) using brine and decane as wetting and nonwetting fluids. The brine contained
3 wt% NaCl and 5 wt% CsCl as X-ray doping agents. Under experimental conditions, the brine
viscosity was measured to be 0.993 cP, and the viscosity of decane was measured to be 0.827
cP. Decane-brine is a classical water-wet reference case and often used in SCAL experiments

(McPhee et al., 2015a).

Steady-State Experiments: Primary drainage SS relative permeability experiments were
performed in vertical geometry by simultaneously injecting oil and water from top to bottom.
The total injection rate was kept constant at 3 ml/min at different water fractional flow (f,)

steps.

The samples were initially saturated to S,, =1 under vacuum conditions, followed by the
first SS measurement at f,,, =1, referring to the first point on the primary drainage relative
permeability. Furthermore, at S,, =1, a multi-rate absolute permeability measurement was
performed. f,, was then stepwise decreased by keeping the total flow rate constant. For each f;,
step, the differential pressure and the 1D saturation profile along the core were measured after

reaching steady state.

The differential pressure was measured in two ways: (a) from injection to production end
over the total porous domain (the data shown here) and (b) locally, over a length of 2.5 cm
around the center of the plug over which the saturation profile was essentially flat, excluding
the capillary end effect. The local measurement allows us to analytically calculate the relative

permeability point-by-point analytically using Darcy’s law. The analytical solution serves as
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an initial guess for numerical interpretation. The saturation was monitored by measuring the X-
ray attenuation profile along the core, which is sensitive to different X-ray absorption

coefficients of the fluids and hence to the saturation state.

Multispeed Centrifuge Experiments: Centrifuge experiments were performed in
drainage mode, starting from S,, =1, established in the same way as for the SS experiments.
The samples were desaturated in multiple steps of increasing centrifugal acceleration adjusted
by the angular frequency (McPhee et al., 2015a). During the experiment, the cumulative water
production was recorded by an automatic stroboscopic read-out system. At the end of each

experimental step no further water production was observed. From the cumulative water
production, the average water saturation (E) can be calculated. From S,, and the centrifugal

acceleration, p¢(S,,) can be estimated by the Hasser—Brunner equations (Hassler and Brunner,

1945), which serve as a starting point for the numerical data interpretation further below.

2.1.2 Large Volume CO; Experiments

The work was performed using experimental results published by (Ott et al., 2015). The
experiments were performed on Estaillades (EST) limestone samples with a length of 15 cm
and a diameter of 7.5 cm. The average rock porosity and permeability were experimentally

derived to ¢ = 0.297 and K = 260 mD, respectively.

The experiments were performed at elevated pressure and temperature conditions of 100 bar
and 50°C, referring to approximately 1000 m reservoir depth at which the injected CO; is in
the supercritical state (sc). To investigate the primary displacement process of brine by CO»,
the sample was first saturated to S,, =1 and then flooded with scCO,. A reference
measurement was performed with decane as the injection phase; the decane-brine experiments
serve as a reference and can directly be compared to the earlier SCAL interpretation since
SCAL measurements were performed with the same fluid pair and on rock samples from the
same block of the Estaillades outcrop. The flooding experiments were conducted under
unsteady-state (USS) conditions, employing distinct constant injection rates for decane and CO,.
Specifically, a liquid injection rate of 0.25 ml/min was used for both decane and CO; at the
pump. However, due to the characteristics of CO,, where it changes from the liquid to the
supercritical state on the way from the injection pump to the injection point, a volume correction
is applied. As a result, the effective injection rate for CO, is calculated to be 0.44 ml/min. These
flow rates correspond to capillary numbers of Ca ~5 X 1078 for decane-brine and
Ca ~6 x 107° for CO»-brine. It can safely be expected that at both capillary numbers, the
systems are far away from a capillary desaturation (well on the plateau of the capillary
desaturation curve (Lake et al., 2014)) with the relative permeability being independent on the

rate. This process allows a fair comparison and interpretation of the displacement processes
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between the reference decane-brine and the CO,-brine system. During the experiments, the
pressure drop was measured, and the upfront 3D porosity profiles and in-situ 3D saturation
profiles were taken by difference imaging in medical CT scanning. Brine-production curves
were derived from CT saturation monitoring. 3D saturation profiles are shown in Figure 8 for
the decane-brine displacement (top row) and the CO»-brine displacement (bottom row) with the
invading fluid in orange and the initial rock-fluid system as a semitransparent background.

Further experimental details can be found in (Ott et al., 2015).

Figure 8: CT time sequences of the decane—brine (top) and COx—brine (bottom) experiments. The decane
and CO: saturation distributions are illustrated in orange, and the initial rock-fluid system is displayed
as a semitransparent background. Note that the threshold setting for the saturation is comparable but

arbitrary to highlight heterogeneity in the saturation distribution.

2.1.3 Converting Medical-CT Data To 3D Saturation Maps

The 3D porosity and saturation maps were calculated from medical CT scans. The underlying
grayscale images are given in absolute Hounsfield units (HU). The images were processed by
median and Gaussian-Blur-3D filtering to reduce noise within the gathered scans and to

enhance the contrast between the fluid phases.

The 3D porosity map was derived from difference imaging, i.e., taking the difference between
the brine-saturated scan and the dry scan, as suggested by (Ott et al., 2015, 2012; Wellington
and Vinegar, 1987). The 3D porosity profile was obtained by using a voxel-by-voxel approach:

HUIfgitne (55) - HUdry (3_5)
= a - (HUp e (X) — HUgry (3) ), (M
HUprine — HUgir ( brine ary )

P(X) =

where HU?, . (%) refers to the scan of the fully brine-saturated sample, HUy,.,, (%) to the dry scan,
and HU,,,. and HU,;, correspond to the HU values of brine and air. To achieve the best
calibration, the difference scan is scaled by the factor a to match the experimentally measured

porosity of the plug.

Consequently, the 3D fluid distributions were calculated as a function of space and time from

the dynamic CT profiles, HU,,, (%, t) by equation (2):



Materials and Methods 19

HUggitne (f: tO) - HUexp (J_C), t)
HUS% @) — HUZEL®)

brine

Sco, (%,t) = (2)

where HUY, . (%, ty) and HU,,,(¥,t) correspond to the initial scan at S, = 1 and the current
experimental time step, respectively, and HUZS. (X) is the scan of the fully CO»-saturated sample.
The two calibration scans in the denominator were conducted prior to the flooding experiment.

The experimental and simulated 3D saturation profiles are shown in Figure 24 (a) to (f).

The original resolution of the CT images is 0.18x0.18x0.5 mm’. For computational
efficiency, we binned 24x24x8 wvoxels, which means that each grid block measures
approximately 4 mm cubed. To analyze the sensitivity of the simulation results to the choice of
binning, simulations were performed with a lower binning of 12x12x4 for the decane-brine
case. Since the effect of downscaling on the results was found to be minimal and since the
simulation time increases exponentially with the number of grid blocks, a binning of 24x24x8

was used for the majority of the simulations.

2.2 Numerical Methods and Implementation

The forward modeling part is using the MRST to simulate the SS, unsteady state (USS), and
CF experiments both in an imbibition and drainage mode. We use the term “forward modeling”
for the case in which we have the full set of rock and fluid properties available, and we
numerically simulate SCAL experiments. Forward modeling is especially useful to design
experiments and for quality control purposes of, e.g., third-party data, or to judge the validity
of analytical solutions as starting point for numerical analysis; typically, analytical solutions

serve as starting points of the numerical workflow.

The initial step in our methodology begins with calculating the saturation functions from
the experimental measurements using the corresponding analytical solutions, i.e., the Darcy
equation for SS experiments and the Hassler—Brunner equations (Hassler and Brunner, 1945)
for CF experiments. Then, we implement an objective function with which we search for the
least mean square error between the experimental measurements of the SS (pressure and
saturation profiles) and CF experiments (average water saturation) and the corresponding
simulation predictions. These errors are summed up in a single total error to be able to match
both experiments simultaneously. This objective function is then fed into the MATLAB

optimization toolbox finincon function.

The finincon function attempts to optimize the saturation functions by minimizing the least
mean square error defined in the objective function. The variation in the saturation functions is

done in a point-by-point fashion to overcome the limitations of saturation function
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parametrization functions, e.g., Corey (R. H. Brooks and A. T. Corey, 1964) and LET
(Lomeland et al., 2005), which is further explained in the section on the parametrization of
saturation functions. The results of the history matching simulation are then input into the
ParaDRAM package to run the Monte Carlo simulations, sampling variations of the saturation
tables in the vicinity of the history match results and quantify the uncertainty ranges around the

history-matched solution.

As far as the convenience of use and the computational efficiency are concerned, MRST

serves our purpose. Details, especially on the latter, are discussed further below.

Flow Equations and Solver: For the simulation of SCAL experiments, immiscible and
incompressible fluid phases are assumed. Furthermore, fluid viscosities are assumed to be
pressure independent and can be specified by the user. Under these conditions, two-phase flow
can be described by the following governing equations: in the absence of source and sink terms,

the material balance is expressed as:
$ 0 (Se)+ V- (W) =0 a=w,o (3)

Here, ¢ is the porosity and S, is the phase saturation—both dimensionless—and v, is the
Darcy phase velocity vector in units of m/s. Without the restriction to a specific combination
of fluids we refer the two phases « to oil (o) and water (w) in the following. The Darcy velocity

U, is given by Darcy’s law:

—_— __ kT(Z - _
Va = — K(Vpa - pag) a=w,o 4)
Ha
where k,, are the dimensionless relative permeability saturation functions and y, are the phase
viscosities in Pa - s. K is the absolute rock permeability in m?, p,, are the phase pressures in Pa,
and g is the gravitational constant in m/s’>. Furthermore, the phase saturations satisfy S,, +

S, = 1, and incompressible flow is further restricted to V - (v, + v,) = 0.

The solver is based on the MRST automatic differentiation (AD) toolbox, including
differentiation and divergence operators, automatic differentiation to compute the Jacobians,
object-oriented framework, and state functions from which we make use in the simulator. The

details on how these operators are implemented in the MRST framework can be found in

(Krogstad et al., 2015).

The simulation time and the desired time stepping are managed by using the MRST
rampupTimesteps function, which increases the simulations' stability and accuracy since there

are usually relatively larger changes in the saturation and pressure at the beginning of a
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simulation schedule. Then, the simulateScheduleAD function is used for simulations using fully

implicit formulation and adaptive time step adjustments in case of convergence failures.

For the carbonate rock simulations shown in this paper, a maximum time step of ~20 hours
with ~10 geometrically ramped-up time steps show the best tradeoff between the accuracy and

the simulation speed for most of the cases.

Parametrization of Saturation Functions: SCAL data are numerically calculated by
varying k,(S,,) and pc(S,,) to be compared with the experimental measurements, e.g.,
pressure and saturation measurements. Traditionally, these saturation functions are constructed
using parametrized power law functions. These functions are partly physically motivated (R.
H. Brooks and A. T. Corey, 1964) and partly designed to allow an effective description of a
wide range of rock types (Lomeland et al., 2005). The disadvantage of power laws is that they
generally constrain the shape of the resulting saturation function. They also impact the history
matching process, as they may cause highly non-unique response surfaces of the objective

function that the optimizer is trying to minimize (Berg et al., 2021a).

In this work, saturation functions are constructed point by point since a higher flexibility
was needed to describe the specific carbonate rock type. In the point-by-point approach, we
interpolate linearly between adjacent points using the MRST inferpTable function. Derivatives
are then computed by the piecewise linear interpolant. To find the overall best match of k,.(S,,)
and pc(S,,), the SS and multispeed CF data sets are interpreted pairwise and simultaneously.
The saturation points are chosen on the basis of the experimental average water saturations after
steady conditions were reached. The achieved saturation ranges of the individual data sets may
be different. In the present case of primary drainage, S.,, may be reached by CF but typically
not by SS. Therefore, outside the SS saturation range, k, is sensitive only to the CF
measurement. The average of the saturation profiles at each fractional flow from SS defines the
middle range water saturations, and the average water saturation from CF experiment defines
the lower water saturations. In this way we define the water saturation vector on which the
history matching process is performed. For simultaneous evaluation of k,-(S,,) and p-(S,,), the
MATLAB finincon function automatically scales the input parameters to assist the optimization
process. However, during the uncertainty quantification using the ParaDRAM package, no
input parameter scaling is applied. To date, the point-by-point approach has not caused any

numerical stability problems.

Steady-State and Unsteady-State Model: Steady-state and unsteady-state core flood
experiments are modeled in a 1D linear domain as displayed in Figure 9 using the tensorGrid
function in MRST. The domain size is adapted to the dimensions of the rock samples and

regularly discretized in the flow direction with a grid size of 1 mm. This gridding scheme is
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inspired from the work of (Maas and Schulte, 1997). As typical in SCAL, the domain is
considered homogeneous in all rock properties and is populated with the experimentally

determined average values for K and ¢.
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Figure 9: Modeling domains for matching steady-state (SS, left) and centrifuge experiments (CF, right).
In this figure, f,, is the fractional flow of water, Qioeq; total injected flow rate, ¢ porosity, P, capillary

pressure, K the absolute permeability, S,,water saturation, and P, initial pressure.

Extra grid blocks with the same volume are added to either end of the simulation domain to
apply the inlet and outlet boundary conditions. By assigning ¢ = 1, P = 0, and straight-line
k, functions, the discontinuity at the inlet and outlet boundary is introduced (Maas and Schulte,
1997). The experimental boundary conditions are also applied to these extra grids; at the inlet
boundary cell, constant flow rates, and at the outlet, constant pressure boundary conditions are

applied by using the fluxside and pside functions in the MRST.

The differential pressure is calculated as the pressure difference between the boundary cells at

each end of the core. Since we assume the capillary pressure in these boundary cells to be zero,
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the water and oil pressures are the same in both cells, and the reported differential pressure
applies to the respective connected fluid phase in the domain. For the calculations of average
water saturations, these boundary cells are omitted from the water saturation profile outputs

since the boundary cells are not a part of the main core body.

For the initialization of the primary drainage processes, the water saturations in the inlet
and outlet boundary cells are set to one, and for the first imbibition process, they are set to zero.
These settings follow the experimental layout, with the experiments starting at f,, = 1 for

drainage and at f,,, = 0 for imbibition.

By realizing the boundary conditions as described referring to the experimental settings
of the injection pumps and the backpressure system, the experimental responses can be modeled
and compared to the actual measurements. These are the differential pressure as measured by
pressure transducers and the 1D saturation profiles, which are determined by X-ray absorption

measurements.

Multispeed Centrifuge Model: For modeling centrifuge experiments, the modeling
domain is set up as for the SS and USS core flood experiments. However, the driving force
refers to the gravity term in equation (4). The model geometry is given on the right side of
Figure 9. In centrifuge experiments, gravity is applied by centrifugal acceleration g, = w?r,
in which r denotes the distance from the center of rotation; therefore, gravity varies along the

modeling domain, i.e., along the core sample.

For the simulations of an individual experimental step at a constant angular frequency w,
both ends of the core are assigned a constant pressure boundary condition. The pressure
boundary conditions in CF experiments are governed by the hydrostatic pressure in the
surrounding fluid that invades during the CF experiment. At the boundary toward the center of
rotation, the pressure is set to a constant Py = pg,,@>7y, while on the opposite side of the
modeling domain, the gravitational head amounts to P = pg, 027y 41, With 1y and 7y, being
the positions of the two boundary grid blocks and pg,, being the density of the
surrounding/invading fluid, which is oil in the case of drainage and water in the case of an
imbibition process. Defining the boundary conditions as above allows us to establish the
surrounding hydrostatic pressure and naturally account for the gravity-induced fluid flow in

and out of the modeling domain.

A centrifuge device requires a certain time to reach the predefined angular velocity, which
is called the startup time. This startup period affects the production profile, especially from
cores with high absolute permeability. In the simulator, to account for the startup period we
divide the startup rotation per minute (RPM) to the startup time and assume a linear increase in

the centrifuge RPM to calculate a maximum rate at which the centrifuge RPM can change over
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time (in the units of RPM/s). Then we scan through the CF rotation schedule and break it down
into smaller RPM increase steps based on the maximum rate that the CF RPM can change. In
the simulations, a startup period of 100 s to 2000 rpm is assumed, discretized in five 20-second

steps.

2.2.1 History Matching

SCAL data interpretation by numerical history matching is well established but not yet common
practice. A best practice is an assisted history matching procedure based on a user-defined
objective function to be minimized, which also allows for a subsequent uncertainty analysis
(Berg et al., 2021a). In this work, we go two steps beyond: first, similar to (Maas et al., 2019;
Prores, n.d.), we analyze data sets of different measurements simultaneously instead of
subsequently. Simultaneous analysis facilitates finding the best combined match of k. (S,,) and
pc(Sy) by minimizing a common and normalized objective function. Second, in numerical HM,
the k,.(Sy) and pc(S,,) functions are typically represented by power laws, which is physically
expected for simple rock types (Corey, 1954; R. H. Brooks and A. T. Corey, 1964). The present
module also allows a point-by-point description of k,-(S,,) and p¢(S,,) to match experimental
data from highly complex rock types without the limitations of specific power-law

representations.

In general, numerical HM is an underdetermined process, for which the Levenberg—
Marquardt algorithm is used because of its robustness to the starting values (Berg et al., 2021a;
Maas et al., 2019). However, in contrast to the Levenberg—Marquardt approach, the MATLAB
fmincon function implements interior-point or active-set algorithms in which a constrained
nonlinear optimization algorithm allows for the implementation of inequalities; inequalities are
essential for the aspired point-by-point approach to enforce monotonic behavior of k,- and p.
saturation functions, which is naturally the case by power-law representations. Monotonicity is
demanded from a physical point of view, since we do not expect that, e.g., the phase

permeability decreases with increasing saturation.

Inside the finincon function, we set the optimization algorithm to be the active set, as it

provides the best possible results by minimizing the following objective function:

Nobs

1 d; —y;
K = Z L~ Yiy (5)
Nobs i=1( di )

where d; are the observed experimental values, y; are the simulated responses, and N, is the

number of parameters, which is equal to the number of measured data points. Various objective

functions are reported in the relevant literature (Berg et al., 2021b). The convergence criteria
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for the finincon function is the default 10 difference between the two last calculated objective
function values. The y? function is most commonly used as objective function for history
matching purpose, however we found equation (5) to be more suitable for the simultaneous
history matching of SS and CF experiments and point-by-point representation of the saturation
tables. Simultaneous experiments affect the data that we are matching (causing a different error
surface) and the choice of representation affects the points that we are iterating on. This is
because the measurements are at different scales (i.e., numerical values) and at different
resolutions (i.e., point density), which is accounted for by the well-normalized objective
function in equation (5). The available analytical solutions serve as a starting point for the HM
process, which ensures that the solution is close enough to the optimal solution to minimize the

chances of approaching a local minimum instead of the optimal solution.

2.2.2 Uncertainty Modeling

After finding a match between the experimental and numerical responses, we explore the
response surface around our optimal solution and determine its sensitivity. As also shown by
(Berg et al., 2021a), the history matching problem is ill-posed with local minima. In such cases,
solutions through a Hessian matrix and a y? analysis may fail. Instead, we opt for MCMC

sampling.

In the traditional MCMC methods, manual tuning of parameters within the sampling
algorithm may be required to ensure the convergence of the Markov chain to the target densities
for the problem at hand. To avoid manual tuning, we use the ParaDRAM library, which offers
a practical implementation of the delayed-rejection adaptive-metropolis MCMC or DRAM
algorithm. DRAM is fully automated regarding the selection of the free parameters and is an
extension of the traditional Metropolis—Hastings (MH) method (Shahmoradi and Bagheri,
2020).

The DRAM algorithm combines two algorithms, namely, the delayed-rejection (DR) and
adaptive-metropolis (AM) algorithms. The AM algorithm, as opposed to the MH algorithm,
adapts the proposal distribution based on the past history of the Markov chain (the points
sampled thus far), and the DR algorithm improves the efficiency of the MCMC sampler,
especially in higher dimensional problems; in high-dimensional domains, the number of
rejections can become more significant than the acceptance, strongly compromising the
efficiency of the sampler. Therefore, DRAM can be useful since the point-by-point construction
of saturation functions refers to a high-dimensional space. Furthermore, this method is
particularly useful for multimodal target density functions separated by deep valleys of low
likelihood. Therefore, in the case of multiple local minima in the objective function response

surface, this method can help us find them (Kumbhare and Shahmoradi, 2020).
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The MatDRAM algorithm (Kumbhare and Shahmoradi, 2020) (existing in the ParaDRAM
library) offers a practical variant of the generic DRAM algorithm relaxing the requirements for
(a) a set of delayed-rejection-stage proposal distributions and (b) reduces the complexity of the
acceptance probability. Symmetric proposal distributions with a fixed shape are used through
the DR process, and the scales are determined through a user-defined schedule. To run the

MCMC simulations, we use a likelihood estimation function as follows:

Nobs

1 d; —y;
Nobs 2 error d;

—— ) (6)

where error is a fixed value between 0 and 1 (expressed as a percentage below) and we
multiply -1/2 to this function since here we aim to maximize the probability rather than
minimizing as in equation (6). We assume a relative error of 2.5% for the pressure reading, 1%
for the saturation profile of SS experiments, and 1% for the average water saturation of CF
experiments. These fixed error values are simple assumptions coming from the experimental
measurements' average standard deviation after steady state was reached. The experimental
measurements act as observed (true) values, and through ParaMonte iterations, J is calculated
from simulation predictions. During the MCMC simulations, k,-(S,,) is hard bounded between
zero and one, and p(S,,) bounds are set to be half and double the optimum values (the minima
— or the best saturation function - which is found in the history matching simulations) as lower

and upper boundaries.

To force a monotonic behavior of the point-by-point saturation functions, we define a prior

inequality function that checks if:

Ax < b (7)

Where x is a vector, containing the parameters that are history matched, and the matrix A and

vector b are defined in a way to have:
Xi < Xijpq O Xj < Xj—q (8)

based on the type of monotony that is forced on the parameters. This inequality is run before
the likelihood estimation above (equation (6)), and if it is not valid, we reject the sample before
running the simulations to save computational time. In this function, we create the 4 and b
matrix, in the same way the inequalities are forced in the MATLAB optimization toolbox and
reject the samples that are not monotonic prior to our main likelihood estimation function. This
method saves computational time by not rejecting samples without running the main likelihood

estimation function.
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2.2.3 Introducing Heterogeneity

To model the heterogeneous saturation profiles, as presented in Figure 20 (c) and (f), the
methodology presented by(Hosseinzadeh Hejazi et al., 2019) is used. The authors characterize
core heterogeneity by scaling the capillary pressure in the grid block. In the methodology
implemented here, the 1D simulation domain is divided into 2-mm-size slices, which captures
the sample heterogeneity with considerable detail. Each grid (j) is assigned a distinct value for
capillary pressure ch (S), porosity ¢, and absolute permeability K;. Small-scale variations in
fluid saturation by capillary heterogeneity can be quantified through variations in capillary
entry pressure for each grid element in the system(Hosseinzadeh Hejazi et al., 2019). In Brooks-
Corey parametrization (R. H. Brooks and A. T. Corey, 1964), this entry pressure is denoted as

Pg; therefore, we have:

j 1 de ]
P(S) = FPC(S) = P—ch(S) j=1..,N, 9)
j

where f; is the scaling factor, N is the number of elements in the system and Py; is the entry
pressure for the jth element. P,(S) is the reference capillary pressure curve, which is measured
experimentally by MICP or by history matching SCAL experiments. To consider heterogeneity,
we use Brooks-Corey parametrization for the reference capillary pressure, and we history match
its parameters to calculate the system’s capillary pressure. To calculate the spatial variations in

porosity and absolute permeability, we use the Leverett-J function, J(S), which states:

P.(S
)= [k, (10)

Analogous to the formulation for capillary scaling, we can write:

f,-—P—"— Kj/;

= = 11
de Km/(;bm ( )

where K; and ¢; are the absolute permeability and porosity for each grid element and K, and

¢ are the experimentally measured average porosity and permeability of the core, respectively.

For heterogeneous modeling, the steady-state saturation profile can be calculated using the

dS  (quawl 1 fi
dxp ( AK; ><kr‘nw(5)> <dPC(S) /ds>' (12)

in which we solve for the jth element of the system. This equation is similar to the one that we

equation below:

solve for homogeneous modeling, except f; is multiplied by the last term of the equation. In the

simulator developed for this purpose (based on MRST), a saturation number is assigned to each
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grid element, and the capillary pressure of each element is divided by the corresponding scaling

factor f;. To calculate the scaling factors, we minimize the following objective function:

& r(so0(x)) - 7 (5())\
E(x;) = Z( Sexp(x )) ) J=1,..,N, (13)

where P is the reference capillary pressure curve, f; is the scaling factor, S*P (xj) is the slice

average water saturation measured during the experiment, and S H(xj) is the saturation profile

calculated with homogeneous simulations. This approach is justified since the capillary
pressure profile is almost unaffected by small-scale heterogeneities (Hosseinzadeh Hejazi et al.,
2019).

Having calculated the scaling factors using equation (13), we then calculate K;,,,, using equation
(11) and the porosity profile shown in Figure 20 (c). Therefore, for heterogeneous modeling,
each grid cell has three distinct properties, namely, porosity ¢, absolute permeability K

(calculated from equation (11)), and capillary scaling factor f (calculated using equation (13))

The numerical responses of the pressure difference AP, brine production @, and saturation
profiles S(x) are then history matched to the experimental measurements using a
multiobjective error function that is minimized using the genetic algorithm from the MATLAB

optimization toolbox:

i ()

j=1
N . 2
I () - Qexp("j))
a JZ ( () o
N .
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In the methodology presented by (Hosseinzadeh Hejazi et al., 2019), the capillary pressure
scales are calculated from steady-state drainage experiments, in which the saturation profiles at
the end of each fractional flow were evaluated. The novelty of the methodology presented here
is the analysis of single-rate drainage experiments. For this purpose, the scaling factors are
calculated from one saturation profile at the transient state and one at the steady state, i.e., late

in the injection period.
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2.3 Numerical Stability Analysis

This section is dedicated to the materials and methods used to analyze the stability of CO, brine
displacement in Chapter 5. Here the same numerical tool as explained in section 2.2 is used —
however the tool is further developed to fit the purpose of analyzing viscous fingers in

immscible displacement.

2.3.1 Numerical Setup

An Open-Source Darcy-scale numerical simulator based on MATLAB-MRST-based was used
for the simulations — similar to numerical setup of section 2.2 - assuming incompressible and
immiscible fluid phases (Omidreza Amrollahinasab et al., 2023) utilizing the MRST AD
toolbox (Krogstad et al., 2015) for improved stability and accuracy in particular at the initial
stages when changes in saturation and pressure are typically more pronounced. Two-phase flow

is described by the material balance equation and Darcy's law. In the absence of source and sink
. . as, .
terms, the material balance is expressed as: ¢ —=+ Vv, = 0a = w, co, where ¢ is the
at

porosity and S, is the phase saturation and v,, is the Darcy phase velocity vector in units of m/s.
Without the restriction to a specific combination of fluids, we refer the two phases a to water

(w) and CO; in the following. The Darcy velocity v, is given by Darcy’s law: v, =
—iﬂK (Vpy — pag)a = w,co, where k,, are the dimensionless relative permeability

saturation functions and p, are the (constant) phase viscosity in Pa- s. K is the absolute rock
permeability in m%, p, are the phase pressures in Pa, and g is the gravitational constant in m/s?.
The phase saturation satisfies Sy, + S,, = 1, and incompressible flow is further restricted to
V- (Vi + Vg,) = 0. Adaptive time-step was implemented in the simulations to ensure accurate

shock front representation and minimize numerical dispersion (Figure 29C).

Simulations were performed on 2D domains with lengths ranging from 15 cm to 90 m and an
aspect ratio of 2 between length and width. The simulation domains were discretized with a
Cartesian grid of 800 * 400 blocks. A typical result of the numerical simulation is displayed
in Figure 41.

The discretization level of the fingers was kept constant to maintain a constant numerical
dispersion. A critical aspect of our analysis is that the simulated dispersion is physical and not
numerical in nature; therefore, great care was taken to ensure that the solver generated shock
fronts controlled by capillary dispersion. This is shown in Figure 29C, where the saturation
fronts of the 1D simulations are compared with the slice averaged saturation fronts from the 2D

results. The 1D simulations were performed on a comparable domain with 800 grid blocks,
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otherwise using the same parameters as the 2D simulations, except for the random permeability

field introduced in the 2D simulations to induce viscous fingers.

2.3.2 Rock and Fluid Properties

The input parameters were derived from a series of laboratory experiments on CO,-brine
displacement in Berea sandstone under realistic sequestration conditions (Berg and Ott, 2012).
The interfacial tension o was tested within a range from 0 to 30 mN/m covering a range of
gaseous, supercritical CO; cases down to miscibility with brine (Georgiadis et al., 2010) , which
is perhaps less relevant for CCS but useful to test the scaling relationship. The capillary pressure

curve was measured experimentally at an 0 = 50mN/m so the experimental curve was scaled

with the desired o for each simulation using Young-Laplace equation as Pc(new) =
pimeasured) 90 1 build the relati bility, the C trization (C
. " —Gmeasureay- 10 build the relative permeability, the Corey parametriza ion (Corey,

1954; R. H. Brooks and A. T. Corey, 1964) was used with the following parameters: S, rcsidual =
0.2, Scoz residual = 05 Krw max = 1, Krcoz max = 0.5, ny, = 2,1, =3.5.
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Figure 10: Relative permeability and capillary pressures used for stability analysis of CO:-brine

immiscible displacement.

The capillary number Ca = uv/o ranged from 5.7 X 1078 to 1.9 X 1071°, implying that
relative permeability is not a function of interfacial tension. Injection rates were adjusted in
proportion to the inlet size to maintain a consistent linear flow velocity of v = 8.48 x 107%,m/s.
The porosity was set at 22.2%, and the permeability was set at 380~mD. To encourage the
formation of fingers, a uniform random permeability field variation of 1% was introduced. The
viscosity of brine was set to 0.674~cp and the viscosity ratio was set to 1000, representing a
situation for gaseous CO,, chosen as a convenient demonstration case; however, the principle
is also valid for other conditions, e.g., supercritical CO; with smaller viscosity ratios as long as

the stability criteria are met (Maas et al., 2023).
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2.3.3 Determination Of Wavelength and Self-Similarity

The wavelength of the fingers varies strongly with the interfacial tension o (see Figure 26)
Therefore, for a reliable determination of the finger wavelength, A, the size of the simulation
domain was varied to obtain a similar number of fingers for the different o settings, as indicated
in Figure 26. Since we are targeting the onset of instability, a good criterion must be found at
which point the wavelength is evaluated. We are safe at the onset when the amplitudes of the
fingers are on the order of A (see Figure 29A). This criterion also prevents secondary effects
such as merging or coalescence of fingers from distorting the results (Kampitsis et al., 2021;

Lanza et al., 2023; Nijjer et al., 2018).

Using this criterion, self-similar behavior was observed across the interfacial tension (o) and
length scales. Figure 29C shows the 1D (black lines) and 2D (blue lines) longitudinal dispersion
curves superimposed as a function of the dimensionless distance Xj,. The agreement within the
respective data sets shows the tendency for capillary dispersion and dispersion by fingering to
scale linearly with ¢ and not with the square root of ¢ as commonly expected, which is

equivalent to the key aspect of the present work.



Chapter 3

1D-Homogeneous Stochastic Interpretation of

Displacement Experiments

This chapter is a reprint of (Amrollahinasab et al., 2022; Omidreza Amrollahinasab et al.,
2023) and the code for this chapter is available at (Amrollahinasab and Azizmohammadi,

2022).

3.1 Development of DPE SCAL simulator

Understanding multiphase flow in porous media is pivotal to Geoenergy Engineering
applications like CO; storage and oil recovery. However, inherent uncertainties exist regarding
key parameters that govern fluid dynamics in reservoirs, especially relative permeability and
capillary pressure saturation functions. This chapter tackles these uncertainties through the
development of an advanced simulator for analyzing core flooding experiments. Specifically,
the limitations of traditional SCAL analysis methods are examined and a stochastic approach
to numerically interpret multiple data sets simultaneously is introduced. Further on a flexible
point-by-point parameterization of saturation functions along with the probability distributions
and correlations between matched parameters are calculated. By enhancing the interpretation
of lab-scale displacement tests, this work aims to improve the characterization of subsurface
reservoirs. The outcomes will support more robust predictions of CO; plume migration in the

context of carbon capture and storage.

3.1.1 Special Core Analysis

Special Core Analysis (SCAL) is a technique widely used in reservoir engineering to quantify
multi-phase flow in reservoir rocks under reservoir conditions. SCAL data provide essential

inputs for reservoir simulations, helping to predict the performance of oil and gas reservoirs
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over time. However, the interpretation of SCAL data has long been a topic of research and
debate, particularly regarding the characterization of relative permeabilities and capillary
pressure — key parameters that govern multiphase flow in porous media. Traditional
interpretation methods often rely on certain assumptions and simplifications, which may not
hold for more complex rock types, leading to potential inaccuracies in the derived saturation

functions.

This chapter focuses on introducing and applying a comprehensive workflow to interpret SCAL
data, specifically targeting the complexities associated with two-phase flow of CO, and brine
in carbonate rocks. The work aims to provide a more accurate and objective interpretation of
experimental data by leveraging numerical history matching techniques and a novel point-by-
point parameterization approach. This research seeks to improve the understanding of two-
phase flow in complex rock types, contributing to better reservoir management strategies and

more accurate predictions of oil recovery.
The objectives of this research are threefold:

1. To critically examine the limitations of traditional power-law representations and the
implications for interpreting complex SCAL data.

2. To develop and apply a simultaneous point-by-point approach in interpreting steady-
state (SS) and centrifuge (CF) experimental data sets, providing a more flexible and
accurate characterization of saturation functions.

3. To assess the uncertainties involved in the history matching process through Monte
Carlo Markov Chain (MCMC) simulations and to investigate the impact of sample-to-

sample variation on the derived results.

Through these objectives, this chapter aims to enhance the reliability and accuracy of SCAL
data interpretation, ultimately leading to a better understanding of the complex multiphase flow
processes in carbonate reservoirs and their uncertainties. The outcomes of this chapter are
expected to have significant implications in the field of reservoir engineering, particularly in
improving reservoir simulation predictions and optimizing oil recovery strategies. By offering
amore flexible and comprehensive approach to SCAL data interpretation, this work contributes
to bridging the gap between experimental observations and numerical simulations, promoting
a more accurate representation of real-world reservoir conditions. The code developed in this
chapter is open-sourced under (Amrollahinasab and Azizmohammadi, 2022) and it is also

available as a part of MRST modules called ad-SCAL available to download (Sintef, 2023).

Dynamic reservoir simulations require relative permeability (k,-(S,,)) and capillary pressure
(pc(Sy)) saturation functions when immiscible fluid displacement is of concern. Common

examples are water flooding for oil production (water/oil), the production of deep geothermal
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systems (water/steam) and the geological storage of CO, (water/CO>). In these operations,
k. (Sy,) and p¢(S,,) decisively dominate the fluid displacement efficiency, sweep efficiency
and injection/production pressure. History matching (HM) and predicting reservoir
performance by numerical simulations therefore require an accurate input for those saturation
functions. Classically, k,(S,,) and p¢(S,,) are measured in laboratories by core flooding,

which is subject to special core analysis (SCAL).

In SCAL, relative permeability is measured by the flooding experiments e.g. steady-state
(SS) method, in which the two fluid phases, e.g., oil and water or CO, and water, are injected
simultaneously at a constant total injection rate and at a certain fractional flow. By measuring
the differential pressure and the water saturation after reaching steady-state conditions, Darcy’s
law can be used to calculate the relative permeability at that fractional flow point, and the
scanning of the fractional flow curve allows us to measure the entire relative permeability
curves. However, typically, the measured differential pressure cannot be assigned to a single
Sw, since capillarity influences the fluid distribution in the rock—the so-called capillary end
effect— k,-(S,,) and p.(S,,) are coupled (Huang and Honarpour, 1998; Leverett, 1941).
Furthermore, in flooding experiments, the saturation endpoints are typically not reached in a
finite time. Toward endpoints, relative permeability measurements are often extended by other
experimental methods, such as single-speed centrifuge experiments. In these examples, it turns
out that single measurements may not describe a saturation function sufficiently, which means
that measurements and analyses need to be combined. This is due to the natural inference of
k,(Sy) and p-(S,,) in any type of two-phase flow experiments. For this reason, the classic
analytical solutions to the SCAL experimental methods, such as using Darcy’s law for SS, JBN
analysis (Johnson et al., 1959) for un-steady state (USS), and Hassler—Brunner (Hassler and
Brunner, 1945) and Hagoort’s (Hagoort, 1980) approaches for the analysis of centrifuge
measurements, fail, as does the numerical description of individual data sets (Maas and Schulte,

1997).

By numerical data interpretation, the full physical picture can be considered by a
subsequent interpretation of p.(S,,) and k,(S,) experiments or by a simultaneous
interpretation of data sets (Loeve et al., 2011; Maas et al., 2011). The latter case does not refer
to the best match of the individual data set but to the best combined description, leading to a
robust and reliable interpretation. Numerical SCAL interpretation refers to the inverse modeling
approach, in which the simulation results are iteratively matched to the experimental data.
However, inverse modeling is an ill-posed problem with intrinsic uncertainties (Berg et al.,
2021a). Non-uniqueness and instabilities in part are the results of weighting assigned in the

objective function, averaging methods applied and experimental uncertainties such as
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instrumental noise and systematic errors. It is also not necessarily given that the underlying
physical model is sufficient to describe experimental observations. Examples may be simple,
e.g., sample heterogeneity that is typically not accounted for in SCAL interpretation, and
pressure and saturation fluctuations by ganglion dynamics are not represented in the modeling
approach using Darcy’s law (Berg et al., 2021b; Riicker et al., 2021). Additionally, the
restriction to certain parametrized representations of p¢(S,,) and k,(S,,), such as the Brooks
Corey (R. H. Brooks and A. T. Corey, 1964), modified Corey (Corey, 1954) or LET (Lomeland
et al., 2005) representations, may be a threat for the interpretation of complex rocks such as
carbonates (Berg et al., 2021a). As a result of this discussion, single representations of p. and
k, saturation functions may not be sufficient for reliable reservoir flow predictions; uncertainty
intervals should be included in modern stochastic reservoir modeling. The first promising
attempts in this direction have been made in (Berg et al., 2021a, 2021b). However, neither
numerical interpretation nor uncertainty modeling is yet common practice in SCAL
interpretation. A reason may be that the sophisticated SCAL simulation tools are proprietary,

which hinders developments in this area.

With this chapter, we provide an MRST-based open-source simulator running in
MATLAB, for a comprehensive interpretation of SCAL experiments. The work focuses (a) on
uncertainty modeling and probabilistic analysis following a Monte Carlo type of sampling with
the goal of obtaining realistic intervals for early decision making and stochastic reservoir
modeling. (b) Saturation functions are optionally constructed differently from common
representations, depending on the complexity of the rock type under investigation. For the
interpretation of rock types with a high complexity (the majority of carbonates), we introduce
an optional point-by-point approach, which does not follow a specified mathematical function.
With this approach, we overcome the limitations of the classic parametrization, which is
demonstrated and discussed on a complex carbonate. The simulator runs forward simulations
with the MATLAB Reservoir Simulation Toolbox (MRST) (Lie, 2019). The gradient-based
history matching used the MATLAB optimization toolbox. We also employed parallel high-
performance delayed-rejection adaptive-metropolis Markov chain Monte Carlo (MCMC)
(ParaDRAM) (Shahmoradi and Bagheri, 2020), all of which are open-source toolboxes built in
MATLAB.

3.2 Benchmarking

The model's accuracy was verified by using synthetic data sets published by (Lenormand et al.,
2017) and (Loeve et al., 2011) for the forward modeling and history matching modules,
respectively. The simulator has been benchmarked with 5 simulation cases to the results of

accepted SCAL simulators by comparing the results to (Lenormand et al., 2017). Figure 11
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shows (a) the k,(S,,) and (b) the p.(S,) input and the comparison with the differential
pressure and saturation data simulated by the SCORES simulator expressing k.. (S,,) with a
Corey model and p.(S,,) as tabulated values. Case 1 (c) represents the differential pressure

during SS imbibition in a neutral-wet system.

For the benchmark and verification, the extended Corey model (Corey, 1954; R. H. Brooks and

A. T. Corey, 1964) is used as to parametrize the relative permeability as:

S, — S
S * — w wc
v 1- ch - Snr (]5)
krw = Korw (Sw*)nw (16)
kro = Koro(l - Sw*)no (17)

Where S, "“is the rescaled water saturation since the water saturation is bounded by connate
water saturation S,,. and residual non-wetting saturation S, .k,, is the water relative
permeability, K°,., is the water relative permeability at residual oil saturation, and n,, is the
water exponent. k,, is the oil relative permeability, K°,,is the oil relative permeability at

connate water saturation, and n,is the oil exponent.

The modified Skjaeveland model presented by (Loeve et al., 2011) is used to parametrize
the capillary pressure. This formulation divides the saturation into three zones. The low water
saturation is divided into three zones. If the water saturation is between S, and S,,,4 then the

capillary pressure is:

Cwi
—Cwi +Swa*1i + by

Pec = m (18)
Swd -

wc

If the water saturation is between S,,; and S, ;:
pe = Sw *1; + by (19)

if the water saturation is between S,4 and S,

_ Coi _
p(: - (1 —SW _So‘r)aoi Col +SOd T +bl (20)
1- Sod — Yor

In this formulation for the synthetic history matching of the benchmarks a,,; and a,; are set to
2. The details of the saturation function parameters used for different benchmark and

verification cases are shown in Appendix A.

The synthetic data set includes bump floods as typically performed at the end of SS experiments
to increase the accessible saturation window. Figure 11 (d) refers to a water-wet primary

drainage process and the respective average water saturation from a CF experiment.
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Figure 11: Verification by forward simulation using the reference data set presented by (Lenormand et
al., 2017). (a) and (b): Relative permeability and capillary pressure saturation functions, respectively,
for primary drainage (case 5) and first imbibition (case 1). Panels (c) and (d) show the forward simulated
differential pressure from SS (case 1) and the simulated average water saturation of the CF experiment
of case 5, respectively. The symbols are simulated with SCORES, and the lines correspond to the
simulator developed in the present work. The open squares in (a) and (b) refer to point-by-point matches

of forward simulated experimental responses.

All simulation results show perfect agreement between all simulators, including the one
developed in this work. For case 1, a domain discretized into 80 grid cells and a maximum time
step of 0.2 h lead to a runtime of ~16 s using a 9" series core i7 Intel CPU. For this benchmark
we use simulateScheduleAD with the default parameters — fully implicit scheme and

LinearSolverAD that calls standard MATLAB direct solver mldivide.

To benchmark the HM module and to demonstrate the MC uncertainty quantification, we
use the synthetic data set by (Loeve et al., 2011) to simultaneously match an USS and multi-
speed CF imbibition experiment. The data set consists of unsteady-state (USS) and multispeed
centrifuge simulated calculations (the synthetic pressure and production data). The Corey-type
k,-(Sy) (R. H. Brooks and A. T. Corey, 1964) and the Skjaeveland-type (Skjaeveland et al.,
2000) pc(Sy) input functions are shown in Figure 12 (a) and (b). The upper and lower bounds
as well as the starting point of the HM are chosen as in (Loeve et al., 2011). The results are
shown in the same panels. Deviations from the true values are found at connate water saturation

and the oil endpoint relative permeability. The reason may be the limited information an USS
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imbibition experiment delivers at low water saturations. The uncertainty analysis is performed
by assuming a 2.5% relative error for the pressure and production responses. Figure 12 (c¢)
shows the resulting histograms and the two-parameter correlations for the relative permeability
functions. On the contour plots, the Pearson’s correlation strengths are given in addition to red
numbers (Pearson, 1895). Strong correlations are found between the endpoint relative
permeability and endpoint saturations of the complimentary phase, as evident in the Pearson’s
correlation matrix. The endpoint relative permeability also shows a strong correlation with the
respective Corey exponents. This is a property of the specific mathematical representation of
the saturation functions. For example, a change in the oil Corey exponent directly modifies the
oil endpoint relative permeability at a given connate water saturation. The correlations may also

provide a physical interpretation as far as the used function is physically motivated.

Above, the classic power-law representations are used to history match (HM) the synthetic
datasets and benchmark the SCAL simulator HM module. In the point-by-point representation
of the saturation functions, how many free history-matching parameters we have is determined
by the count of the fractional flow steps implemented in the SS experiment, and the count of
different rotational speeds implemented in the CF experiment. We use the k,.(S,,) and p-(Sy)
of (Lenormand et al., 2017) case 5 as input to simulate the primary drainage SS and CF
experiments with 12 SS fractional flow (f,) steps and 5 CF centrifugal speed steps. The
simulated experimental responses are then matched with the point-by-point approach using the
analytical solutions as starting points. The resulting saturation curves are shown as scatter
graphs in Figure 11 (a) and (b). Naturally, the solution shows a certain scatter but describes the
input saturation functions well. Deviations are found at the oil endpoint k,.. This may be
expected since the SS drainage does not reach true S,,. and the centrifuge is missing sensitivity

to k, of the invading phase at that point.
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Figure 12: Simultaneous history matching and uncertainty quantification for benchmarking. Synthetic
data sets of an unsteady-state and a multispeed centrifuge experiment (Loeve et al., 2011) are matched
with modified Corey and Skjaeveland parametrizations. True values, starting points and the matches are
shown in (a) for relative permeability and (b) capillary pressure (see text for details). (c) shows the result
of the MCMC uncertainty analysis. The diagonal shows the single parameter probability distribution
(histograms). The off-diagonal elements (contour plots) show the two-parameter correlations for the

relative permeability curves. The red numbers refer to the Pearson correlation strength matrix.
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3.3 Enhanced SCAL Interpretation

The real case study is performed on an SCAL data set of Estaillades limestone. The data set
consists of two steady-state primary drainage relative permeability measurements and three
multispeed centrifuge experiments. The experiments have been pair-wise simultaneously
matched. Data from a CF/SS combination (samples 2 and 5) are shown in Figure 13. Details
about the rock type and rock properties of the individual plugs are summarized in the Materials

and methods section above.
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Figure 13 : Experimental data and analytical/numerical interpretations: CF average water saturation
(left), SS differential pressure (middle), and SS saturation profiles (right). Top row: forward simulations
using the analytical solutions. Middle row.: automated and simultaneous history march using different
k. (S,) power-law input functions in combination with their corresponding p.(S,,) representations.

Lower row: best match using the point-by-point approach.

3.3.1 Finding Solutions

The analytical solutions using Darcy’s law for SS and the Hassler—Brunner equations for CF
experiments are shown in Figure 14 and are used as starting points for the numerical simulations.
The quality of the analytical solutions is demonstrated by forward simulations and comparison
of the results to the experimental data, as shown in the top row of Figure 13. The comparison
of the SS differential pressure shows a reasonable match as capillary pressure is ignored.

Including the Hassler—Brunner analytical solution in the forward simulation of the SS



1D-Homogeneous Stochastic Interpretation of Displacement Experiments 41

experiment, the data are no longer matched but rather an overestimation of the differential
pressure. The Hassler—Brunner analytical solution itself underestimates the average water
saturation of the CF experiment. The observed mismatches emphasize the importance of
including both data sets in the analysis and even the importance of simultaneous history

matching of k. (S,,) and p¢(S,,), matching SS and CF experiments simultaneously.

At first, we simultaneously matched CF (average water saturations) and SS (pressure and
saturation profiles) experimental measurements by using various power-law representations for
k,(Sy), namely, Corey, LET and modified Corey, and the corresponding representations of
pc(Sw). Since the data set refers to a primary drainage process, the water endpoint relative
permeability is fixed to k., (S, = 1) = 1. All the other parameters are left open. The residual
water saturation is, however, a history matching parameter common for both k,(S,,) and
pc(Sy) but matched separately from each other. This means that S, can principally be
different for both types of data sets. The starting point of the history match is the analytical

solution shown in Figure 14.
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Figure 14 : Analytical solutions (symbols) and results of the history matching using various
representations of k..(S,,) and p.(S,,), as indicated in the legends. Top: saturation functions on a linear

scale. Bottom: the same functions on a logarithmic scale.

As shown in Figure 13, none of these models suitably describe the experimental data sets.

Referring to the SS differential pressure, the deviation is strongest close to the crossing points
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of relative permeability, where the total fluid mobility is lowest, i.e., highest differential
pressure values. However, referring to the combined data set of SS and CF, the overall

deviations are unacceptable.

With the point-by-point HM approach, we give the system much more degrees of freedom.
In this approach we used 17 points for water relative permeability, 17 for oil relative
permeability and 8 points for the capillary pressure table. The points for the relative
permeability tables are coming from the average of the saturation profiles at each fractional
flow until the minimum water saturation measured in the SS experiment. Below this water
saturation we get the points from average water saturations of the CF experiment. For the
capillary pressure table, we get the points from the average water saturation of the CF
experiment. Here we only vary the functional values, and the saturation values are constant.
The lower row of Figure 13 shows the resulting simulated versus experimental responses. With
point-by-point matching, the k,.(S,,) and p.(S,,) line shapes are not restricted to follow a
certain functionality, and with this, complex rock structures may be described. In the present
case of Estaillades limestone, all responses can be well described, including the SS saturation
profiles for all f,,,(S,,). The resulting k,.(S,,) and p-(Sy,) are shown in Figure 14, in which all
solutions are compared. The point-by-point approach delivers rather unregularly shaped
saturation functions but closely follows the irregularities directly observed in the experimental
responses. Furthermore, all resulting saturation functions from the HM of the experimental
measurements with the simulation predictions are within rather narrow intervals, which is
surprising, considering the quality of the matched versus experimental responses. This opens
the important question about the uncertainty in the procedure and finally the resulting

uncertainty in the saturation functions.

The results of the HM simulations depend on the optimization algorithm being used and
for the point-by-point approach presented here we found the active-set algorithm in MATLAB
fmincon function to be the most efficient. The Levenberg-Marqardt (LM) method which is used
in the literature (Berg et al., 2021a; Maas et al., 2019) does not allow the implementation of
inequalities (equation (5)) which is an integral part of the point-by-point approach to force the
monotonic behavior for the saturation functions. Other algorithms e.g., interior-point can
sometimes lead to a closer match to the experimental measurements in case power law

representation for saturation functions are used.

3.3.2 Uncertainty Analysis
To quantify the uncertainties, we run Monte Carlo simulations using ParaMonte. We specify a
chain size of 20,000, which is the number of unique points to be sampled from the likelihood

estimation function. For this case it leads to ~1,5 million total likelihood estimation function
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calls or ~1.5% acceptance rate for the MCMC algorithm. Considering the high-dimensional
parameter space, the uncertainty analysis requires a large computational effort resulting in
approximately a week of computational time on the used computer system. Figure 15 top shows
the value of the likelihood estimation function, which reduces in the early iterations and then
oscillates around a value of —15. The adaptation measure is a real number between 0 and 1
with 0 implying no proposal adaptation and 1 implying extreme adaptation. The convergence
of the adaptive Markov chain — the type of MCMC simulations that we are using in this study
- to the target density is guaranteed, as long as the adaptation of the Markov chain
monotonically decreases throughout the simulation. It is, therefore, important to monitor the
amount of adaptation in ParaDRAM simulations to ensure the adaptation of the proposal
distribution diminishes progressively throughout the simulation (Shahmoradi and Bagheri,
2020). This value is shown in Figure 15 bottom and the moving average is shown to be
monotonically decreasing. This is a healthy sign for the implemented Monte Carlo simulation,
which shows a convergence in both the sampled likelihood estimation function and input
parameters (Shahmoradi and Bagheri, 2020). For the samples used in this study the point-by-
point approach showed the best convergence and match with experimental data whereas; the
power-law-like saturation functions do not well match the experimental data, which leads to
convergence problems of the Monte Carlo simulation. In that case, the tracer chains overshoot
to high values, making the uncertainty range larger. This behavior is sample specific, and the
saturation functions can be predicted using power law function with a high confidence level as

shown in the literature (Maas et al., 2019).

Figure 16 shows the histograms of the simulated k,., (a), k-, (b), and p (c) points along
the water saturation axis. These histograms can be used to quantify the uncertainty, which may
be defined by calculating the P10 to P90 interval given in Figure 17. The interval refers to the
probability of 10 to 90% that the quantity—in this case the fluid relative permeability—exceeds
the given value. The P50, given in the same panel, refers to a best match from the Monte Carlo
approach. In addition, Figure 16 shows the MCMC chain plots (the accepted Markov chain) at
selected saturations along with the correlations between neighboring saturation points
exemplarily for k,.,. The histograms and the MC line tracers show nearly Gaussian distributions
except for the endpoint at connate water saturation. This means that the modeled drainage
process is less sensitive to the endpoint, reflected in the elongated histogram shape. This leads
to the large uncertainty range at the tail of the water relative permeability in Figure 17 (a). The
same is true for the capillary pressure (c), as the centrifuge multistep simulation is less sensitive

to the capillary pressure at residual water saturation, leading to a larger uncertainty at S,,,..
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Figure 15: Top: the value of the sampled likelihood estimation function (equation (6)) during the MCMC

for the accepted chain of samples. Bottom. the adaptation measure for the full Markov chain.

Although the histograms mostly show Gaussian behavior, the tracer in some chain plots does
not always oscillate around a constant value (e.g., k.-, (Sy, = 0.97)). Longer period temporary
deviations may be caused by the relatively large parameter space and the respective degrees of
freedom, in which the values of some parameters can deviate from the general trend and still
be accepted. However, then because of the increased error in the likelihood estimation function,
the rejection rate increases, and the chain returns to the previous trend that it was following

before.
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Figure 17 shows all relative permeability and capillary pressure curves calculated for the
Estaillades experimental data sets. It also shows the P10 and P90 range calculated from the
earlier discussed data set referring to the histograms in Figure 16. The best history match lies
within this range. However, it does not lie on the median of the interval. By performing a
forward simulation of the experimental response in the boundary of the P10-to-P90 interval,
the P10 and P90 pressure ranges are obtained, as shown in the inset of Figure 17(a). The
measured pressure is well within the uncertainty range except around the highest-pressure
points (lowest total fluid mobility) and around the pressure of the bump flood. These parts of

the pressure plot are close to the boundaries of the calculated range.

The range here corresponds to the fixed relative error that we decided in the beginning
before running the MCMC simulations. The resulting uncertainty range around the pressure is
higher than the assigned 2.5%, since we also allocate 1% error to the saturation profile and 1%
error to the average water saturation from the centrifuge experiment. Depending on the standard
deviation of the experimental measurements, the error assigned to the measurements in the

equation (6)) varies, which affects the calculated uncertainty range.
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water saturation with neighboring saturation points.
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The reasoning behind this is intuitive since by doing so, we change the shape of the sampled
response surface. The Pearson correlation matrix and the full grid plots for this analysis show
the correlation strength between the history matched parameters. The map shows strong
correlations between neighboring saturation points. This is partly caused by the forced
monotonic behavior that we apply to our simulations. The relative permeability table shows
positive correlation between the water saturation points next to each other (Figure 16 (d)) and
this correlation is negative for the capillary pressure table. At lower water saturations, the
positive correlation between k,. saturation points span several next neighbors, which is the
reason for the larger uncertainty interval at low S,,,. At higher water saturations, there is a
negative correlation between the water and oil relative permeability. This means that at higher
water saturations, the total mobility (relative permeability at constant viscosity) is split between
oil and water; as phase mobility increases, the mobility of the complimentary phase decreases—

a behavior that we physically expect.

Figure 16 (d) illustrates the correlation strength between k,, at S, = 0.66 and its
neighboring points. The Pearson’s correlation strength 7 is labeled in the plot below the black

arrows. This demonstrates that with increasing water saturation, the correlation vanishes.
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Figure 17: Panel (a) and (b): resulting relative permeability on a linear and logarithmic scale from
experiment/sample SS 2 in combination with CF 2, 3 and 5. The uncertainty range is given for the
combination SS2, CF 5. For comparison, the pair-wise analysis of SSI1 with CF 3, 4 and 5 is given as
well. Panel (c) and (d) provide the same information, but for the capillary pressure. The inset in (a)
shows the P10 to P90 uncertainty interval for the differential pressure response during the SS 2

experiment as an example.

3.3.3 Sample-to-Sample Variation

It is a common problem that carbonates often show heterogeneity on various scales. In SCAL,
we typically ignore heterogeneity on the plug scale, and SCAL data are numerically interpreted
by assuming a simulation domain with homogeneous rock properties. However, sample-to-
sample variations are common, even if the samples are drilled from locations close to each
other. Therefore, it should be common practice to measure saturation functions on more than
one plug from the region. In the present study on Estiallades, which is a common outcrop rock,
the samples are from the same block and are therefore “twin plugs”. A natural question is
whether measurements on twin plugs deliver results within the uncertainty range of the
individual data set. (Maas et al., 2019) proposed a method to deal with the common data
interpretation problems that rises from the heterogeneities of samples in SCAL experiments.
They argued that by calculating the variability number (V) of the plugs using the X-Ray
measurements one can decide on the significance of the heterogeneity based on the cut-off value
for V. Their approach warrants further work to be looked into, also in the framework of the

reliability of the analysis provided from a small number of samples, in the future.
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What we deliver in this study is an indication only because 5 plugs (a common number of
samples available for SCAL) and 2 and 3 repeat measurements may or may not provide a solid
statistical basis (Maas et al., 2019). However, we use the two SS and the three CF experiments
from (Ott et al., 2015) and simultaneously analyze all possible SS and CF combinations. The
results are shown in Figure 17 (a) and (b) for relative permeability and (c) and (d) for capillary
pressure. The simultaneous analysis shows a strong deviation between the SS results but a
relatively small influence of the sample-to-sample variation in the CF experiments; the resulting
curves split into two groups referring to the two SS experiments, which differ predominantly
in the oil branch toward low water saturations, where the strongest point-to-point correlations

are found as will be discussed further below.

With respect to uncertainty, for simulations with a given SS data set, the k, curves generated
by combining with the different CF data lie within a narrow window compatible with the
individual uncertainty range from MCMC. However, the two groups do not fall into the
individual uncertainty ranges but show a certain overlap over the whole saturation range. In
this specific case, it appears that sample-to-sample variation plays a stronger role than the

uncertainty coming from individual data sets and their combinations.

3.3.4 Bimodal Distributions

The samples from the likelihood estimation function shown at the top of Figure 15 show a
rather multimodal histogram, indicating that there is no unique solution in the error surface.
Figure 18 shows the histograms of k,,(S,,) for the SS 1/CF 5 case, where the best match lies
partly outside the P10-P90 interval; in (c), the histograms are bimodal for water saturations
below 0.6 and above 0.95, with a pronounced narrow maximum and an overlapping broad
component. The global minimum is found using the MATLAB finincon function—the best
match, while the broad component dominates the uncertainty range in the MCMC sampling.
Using equation (5) as the objective function in the finincon function (without the -1/2 factor)
leads to comparable results and trends when the finincon function is used with equation (6)

(see section 4.1), which excludes the influence of the specific choice of the objective function.

The complex bimodal histograms may be related to the following aspects: (a) At low S,,,
the dataset is outside the range of the SS experiments. The information regarding k,- therefore
comes exclusively from the centrifuge experiments. (b) Especially in the SS1 case, the HM
result for k., is closely tied to 1 in this saturation range. If a monotonic behavior with k, < 1

is required, most of the samples are rejected during HM in the respective range.
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Figure 18: Sampled likelihood estimation function (equation (6)) versus oil relative permeability for the
SS1 and CF5 combination. (a) for a single saturation state, S,, = 0.46; (c) for the full range of S,,. (b)
Relative permeability and uncertainty interval from Figure 17 for comparison. The white symbols
represent results from porous plate experiments, with errors of individual measurements in the order of

the symbol size.

The symbols in Figure 18 (b) show the results of porous plate (PP) experiments (Ott et al.,
2015). By means of the PP method, samples are desaturated to a certain water saturation close
to S,yc. Subsequently, the effective permeability is measured by multi-rate decane flooding (at

fw = 0). Assuming that the aqueous phase is largely immobile, k,, was derived. However, also
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with the additional PP data, it is not possible to decide on the true k,.,. Due the sample-to-
sample variation—considering that the PP experiments were performed on different samples—

the derived k,, values vary in the full spread of generated data.

3.3.5 Conclusions on SCAL Interpretations

In the present study, we present a comprehensive way to interpret SCAL data. We apply a
workflow starting from the well-known analytical solutions, directly derived from the
individual data sets, as input for numerical history matching. The experimental data sets are
described simultaneously and by means of a point-by-point parameterization - 34 points for the
two relative permeability tables combined and 8 points for the capillary pressure table. With

these innovations, a good description of complex saturation functions is possible.

Different parametrizations of the saturation functions are used. The study shows that using
classic power-law representations is not sufficient to conclusively analyze data derived from
more complex rock types, such as microscopically heterogeneous carbonates. For this purpose,
the point-by-point approach, in which the saturation functions were evaluated at the individual
saturation points defined by the experimental steps that serve as HM parameters. This approach

allows us to match complex rocks since the functions are not restricted to power laws.

Furthermore, the simultaneous evaluation of SS and CF experimental data sets accounts
for the fact that k, and p. are coupled. The results show that simultaneous rather than
subsequent evaluation of those data sets leads to more objective results. With “objective” we
mean to prefer a solution without manual, respectively personal intervention in the process.
However, the massive increase in the free parameters in the simultaneous point-by-point
approach substantially increases the required computational power, especially in cases where

uncertainty analyses are performed.

The uncertainties are evaluated by MCMC simulations sampling the response surface of
the likelihood estimation function of the combined data set. This allows the extraction of single
parameter distribution functions and correlations between those parameters on the saturation
scale. The study shows that despite the given high degree of freedom, the simultaneous point-
by-point approach delivers a very robust description of two-phase flow in complex rock types.
While the gradient-based HM reliably finds the best match, MCMC sampling demonstrates the
complexity of the response surface. This results in one SS data set for a separation of the best

match and the P10-P90 uncertainty interval (the best match is within the PO1-P99).

By combining all available SS and CF experimental results for analysis, a comparison of the
sample-to-sample variation with respect to the error of the individual data set could be made.

For the specific rock type, the sample-to-sample variation seems to be dominant (as far as the
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limited data set allows for that statement). The results group around the individual SS curves
with a narrow bandwidth by the various CF measurements. The P10-to-P90 uncertainty
intervals of the two SS curves just marginally overlap apart from the saturation range around
Swe; the individual data sets also show the greatest uncertainty around S,,., which may have to

do with the missing next-neighbor information toward lower water saturations.



Chapter 4

Analysis of Displacements in Heterogeneous

This chapter is a reprint of (Amrollahinasab et al., 2024a; Omidreza Amrollahinasab et al.,

2023) and the code for this chapter is available at (Amrollahinasab, 2024).

Rocks

Heterogeneity is ubiquitous in geological formations and can significantly impact multiphase
fluid flow and therefore CO; plume migration. However, conventional SCAL workflows for
determining key parameters like relative permeability do not account for sub-core scale
heterogeneities. This chapter investigates the influence of heterogeneity on CO,-brine
displacement experiments through comparing SCAL interpretations to larger-scale tests
assuming homogeneity and incorporating 1D and 3D heterogeneity models derived from CT
imaging. The impact of rock heterogeneity on relative permeability is demonstrated via history
matching and upscaling procedures, proposing a methodology to link core-scale observations
with field-scale predictions. By extending traditional SCAL methods to include heterogeneity
in carbonates, this work underscores the importance of adapting existing workflows to better
capture the complexities inherent in such rock formations. Accurate prediction of fluid flow
and two-phase displacements in subsurface reservoirs is essential for a range of applications,
including hydrocarbon extraction and geological CO, storage. However, the unexpected
migration of carbon dioxide in CO; injection operations highlights the need to improve our
understanding of the underlying mechanisms, particularly in heterogeneous reservoirs (Aminu
et al., 2017; Hosseini et al., 2013; Lu et al., 2013; Onoja and Shariatipour, 2019). Rock
formations are typically heterogeneous on various scales. This poses a major challenge for the
design and interpretation of measurements of multiphase flow properties, as the definition of a

representative elementary volume (REV) depends not only on the scales of heterogeneity versus
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the sample size but also on the nature of the measured property (Georgiadis et al., 2013;
Hosseinzadeh Hejazi et al., 2019; Ringrose et al., 1993; Zhang et al., 2000). The dependency
of capillary forces on heterogeneity results in a local variation in saturation states during
immiscible displacements, referred to as 'capillary heterogeneity'. Conceptionally, this effect
can be described through the spatial variability of the capillary-pressure saturation function
(Chang and Yortsos, 1992). This phenomenon has practical consequences, as the measurement
of multiphase flow parameters may depend on the measurement scale (Jackson et al., 2018;
Kuo and Benson, 2015; Reynolds and Krevor, 2015). For example, rock heterogeneity at the
submeter scale, such as laminations and bedding, can significantly impact fluid flow properties
and must be considered to successfully model and predict fluid flow at larger scales (Berg et
al., 2013; Jackson et al., 2018; Wenck et al., 2021). The effect can be particularly strong in
multiscale heterogeneous carbonates and when significant viscosity contrasts are observed (e.g.,

CO,-brine displacements).

Conventional reservoir simulation workflows naturally cannot explicitly represent the impact
of small-scale heterogeneity on multiphase flow properties, such as relative permeability and
capillary pressure characteristics (Egermann and Lenormand, 2005; Jackson and Krevor,
2020b; Renard and de Marsily, 1997). Relative permeability is a key parameter that controls
the displacement and sweep efficiency in immiscible displacement. The main challenge in
characterizing relative permeability is that laboratory and special core analysis (SCAL)
measurements are usually performed on homogeneous samples that do not accurately represent
the average property at the size of the discretization of a reservoir model. To illustrate this point,
we can compare the size of a SCAL plug, which is on the order of centimeters, to a typical grid
block in a reservoir simulation, which may be orders of magnitude larger. The information we
have from the subsurface is scarce, and the understanding of the upscaling workflow from the
homogeneous rock—fluid properties (SCAL) to the heterogeneous next scale is limited.
Therefore, different approaches have been developed to characterize capillary heterogeneity
within rock cores (Berg et al., 2013; Kong et al., 2015; Krause et al., 2013, 2011; Krause and
Benson, 2015; Kuo et al., 2011; Ni et al., 2019; Pini and Benson, 2013a, 2013b; Reynolds et
al., 2018), but uncertainty remains in characterizing more complex rocks typical of subsurface
reservoirs across the fractional flow curve and for different flow rates (Berg et al., 2021a,

2021b).

Multiscale workflow from the micron (pore) scale to the meter scale, offer new opportunities
to systematically upscale multiphase flow for reservoir application purposes (Kurotori and Pini,
2021). These workflows combine laboratory-based characterization techniques, such as core
flooding with in situ imaging methods on various scales and digital rock physics, with upscaling

schemes that account for capillary pressure heterogeneity. With rigorous upscaling, small-scale
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effects can be incorporated into continuum-scale models when interpreted by numerical
modeling using an optimization routine; effective petrophysical parameters and relative
permeability saturation functions can be calculated, including their uncertainties (Omidreza
Amrollahinasab et al., 2023; Burmester et al., 2022; Hosseinzadeh Hejazi et al., 2019; Kurotori
and Pini, 2021; Pini and Benson, 2013a; Ruspini et al., 2021). However, implementing sample
heterogeneity for interpretation of relative permeability refers to a downscaling rather than an

upscaling as long as the heterogeneity is not represented in a grid block of a reservoir model.

A well-studied candidate rock sample with a high degree of heterogeneity is Estaillades
limestone. Studies have shown that relative permeability saturation functions derived from
classical SCAL experiments do not adequately represent the behavior of larger rock volumes
that are 12 times the volume of the samples typically used in SCAL studies, particularly when

these volumes encompass 3-inch diameter cores (Ott et al., 2015).

In the previous chapter (Omidreza Amrollahinasab et al., 2023), we developed a comprehensive
stochastic SCAL analysis workflow and applied it to steady-state and centrifuge experimental
data on decane-brine primary drainage in Estaillades. The analysis yielded confidence intervals

of combined measurements and sample-to-sample variations.

In the present chapter, building upon our previous work (Omidreza Amrollahinasab et al., 2023),

we perform two key investigations depicted in Figure 19:

a. We conduct a comparative analysis between full stochastic interpretations of SCAL data
(steady state and centrifuge) and larger-scale unsteady state (USS) core flood experiments
using 1D homogeneous simulation domains. By presuming homogeneity — which is
traditionally the case for SCAL data interpretation (McPhee et al., 2015a) - the analysis of
the USS experiment yields the upscaled K,.(S,,), inclusive of the confidence interval.

b. Weincorporate the 3D porosity profile as determined by X-ray computed tomography (CT)
and the resulting permeability and capillary heterogeneity. By history matching the USS
experiment on the 3D heterogeneous domain, we aim to determine the true K- (S,,) and

shed light on the impact of heterogeneity on the investigated scale.
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Figure 19: Workflow of the study. This diagram illustrates the progressive approach taken in this
research, starting from the homogeneous analysis through to the 3D heterogeneous simulation. It depicts
the distinct steps and methodologies employed at each stage, underlining the complex interplay between
experimental work, numerical interpretation, and the investigation of heterogeneity effects on relative

permeability saturation functions.

These investigations are intended to delineate the influence of rock heterogeneity on relative
permeability measures and capillary pressure, thereby improving our understanding and

predictive capability of CO,-brine displacement in heterogeneous carbonate rocks.

To study the effect of heterogeneity on relative permeability, we analyze decane-brine and CO,-
brine unsteady-state experiments. The first serves as a water-wet reference case that directly
refers to the earlier steady-state measurements, and the second is the system under investigation.
Heterogeneity is introduced step by step in the simulations by first considering a 1D
homogeneous simulation domain, then a 1D heterogeneous domain, and finally the actual 3D
heterogeneous domain. For 1D homogeneous cases, a full stochastic analysis is feasible and
thus, carried out. For the 1D heterogeneous domain, simple history matching is performed to
derive the base case k,(S,,), which is also used for the 3D simulations, considering the full set
of experimental saturation data. By progressively increasing the complexity of the fluid pairs
and simulation domains, we ensure that the approach is robust and applicable to a wide range
of scenarios. This methodology will provide valuable insights into the validity and limitations
of the current SCAL procedures and pave the way for the development of alternative methods

and upscaling workflows for calculating saturation functions.
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4.1 Interpretation Assuming Homogeneity

A key assumption in classical SCAL interpretation is that the samples are considered
homogeneous, resulting in a simple 1D homogenous simulation domain. This assumption
requires careful sample selection and reasonably small samples with a volume that can be
considered a representative elementary volume (REV). The data once interpreted are therefore
single sets of relative permeability and capillary pressure saturation functions that do not need
further interpretation. In reservoir simulations, such k,.(S,,) and P.(S,,) saturation functions
are typically assigned to rock types with heterogeneity being accounted for by a Laverett-J
scaling of the P, (S,,) (Leverett, 1941). In any case, in a single grid block, only one k. (S,,) and

P.(S,,) saturation function is assigned, implicitly considering the grid block as homogeneous.

Compared to small-scale SCAL experiments, larger-scale core flooding is typically affected by
the size and heterogeneity of the sample, and sweep effects are observed (Berg et al., 2013; Ott
et al., 2015). Now, there are two options for numerically interpreting the data: (a) introducing
rock heterogeneity of various properties into the simulation model, resulting in “true” saturation
functions, and (b) ignoring rock heterogeneity, i.e., considering the rock domain as
homogeneous and representative. In the latter scenario, where rock heterogeneity is ignored,
we do not anticipate obtaining the same relative permeability. Instead, we expect to derive an
effective k,(Sy,) that accurately represents the investigated volume, a value we consider the
upscaled k,-(S,,). This upscaled value, however, might still be influenced by the scale of the

investigation.

In our initial step, we use a 1D-homogenous SCAL approach to extract the relative permeability
from the larger-scale USS experiments. To achieve this, we first simulate the displacement
process, utilizing the 'true' SCAL saturation functions applicable to the same rock type, as per
(Omidreza Amrollahinasab et al., 2023). Subsequently, we perform a history match of the
experimental data to determine k. (S, ), using P.(S,,) derived from MICP, data that is usually
available for standard core analysis. To apply the MICP curve to primary drainage, we perform

a scaling operation based on the interfacial tension (IFT) as follows:

ocosf

P.(o) = Pcrefs (21)

Oref COS Oref

where o, is the mercury-air IFT (480 mN/m) , 6, is the corresponding contact angle of (140
degrees assumed for both fluid pairs (6 for CO,-brine)), and o is the IFT of the decane- and
CO,-brine systems, which is assigned 45 mN/m and 40 mN/m (Georgiadis et al., 2010),
respectively. Furthermore, we apply the closure correction to MICP based on the methodology
presented by (McPhee et al., 2015b). The pressure drop and the production data were then
matched by varying k,-(S,,). The MICP-scaled P.(S,,) for decane-brine, in comparison with
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the data derived from SCAL measurements, is examined in (Omidreza Amrollahinasab et al.,
2023). This is depicted in Figure 21 (c) and (f) for both decane-brine and CO,-brine systems.
Except for the entry pressure, the scaled MICP curve falls well within the uncertainty range of

the SCAL data.

The SCAL interpreted k,(S,,) and P.(S,,) from (Omidreza Amrollahinasab et al., 2023) can
now be directly compared to the decane-brine USS flooding experiments since both refer to the
same rock-fluid system. There is a large deviation between the predicted and observed results;
the pressure drop and the brine production curve are strongly underestimated, as indicated in

Figure 20 (a) and (b) — the SCAL data are not directly applicable to the investigated scale.

A good match can be achieved by history matching the experimental data. For this, k,(S,,) is
parametrized using the two commonly used representations, namely, Corey (R. H. Brooks and
A.T. Corey, 1964) and LET (Lomeland et al., 2005). Since the experimental process is primary
drainage, the residual decane saturation and the respective endpoints were fixed to S, = 1 an
kv (Syw = 1) = 1 using Corey, and all other parameters of k,.(S,,) were open for matching.
The matched experimental pressure drop, production curve and saturation profiles are shown
in the top row of Figure 20 Even if the saturation profiles simulated on a homogeneous domain
cannot reflect the experimental profiles, AP and the cumulative brine production are matched

well with some deviations in the transient part and specifically at the breakthrough point.

The LET parametrization is used as a second attempt to match the experimental measurements
using a 1D homogeneous model, which offers greater flexibility at the expense of more fitting
parameters. For uncertainty analysis, we used MCMC simulations, the same methodology as
applied to the SCAL experiments in (Omidreza Amrollahinasab et al., 2023). Note that in the

present case, P, (S,,) is kept constant to the scaled MICP mentioned before.

The history match results and the quantified uncertainty ranges are shown in Figure 21, along
with the best match from the SCAL interpretation in Figure 21 (a) and (b). The LET matches
the experimental data perfectly. In comparison to the SCAL reference data, however, Corey
k,(S,,) generally shows a lower mobility of both phases, while LET shows a crossover with
higher mobilities at high phase saturations and lower mobility at lower phase saturations. In
any case, the differences between SCAL and the larger scale homogeneous interpretations are
not subtle but substantially out of the given confidence interval of the SCAL data (Omidreza
Amrollahinasab et al., 2023) and the USS data given for the LET parametrization. The
saturation profiles show a poor match as expected; specifically, a homogenous simulation
domain cannot represent a heterogeneous rock sample, but the brine production curve's overall

material balance is met.
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Figure 20: Comparative Analysis of Experimental and Numerical Interpretations of Decane-Brine and
CO:-Brine Displacement Tests in Homogeneous Domains. This figure presents the comparison between
experimental outcomes (depicted by symbols) and their corresponding numerical interpretations for both
decane-brine (upper row) and COz-brine (lower row) displacement tests. From left to right, the panels
show: (a) the pressure differential, (b) the brine production curve over time, and (c) the decane and CO:
saturation profiles at two distinct time intervals as indicated in the legend. The solid lines in each graph
represent the 1D numerical history-matching outcomes using homogeneous and heterogeneous
simulation domains based on the CT density profile (represented by the light blue line). The models used
for the relative permeability calculations and their respective uncertainty intervals are highlighted in the
legend and elaborated upon in the main text. Consistent coloring and symbols are utilized across all
figures to enhance comprehension. For example, the blue line labelled 'Corey best match' in figure (e)

retains the same meaning in all related figures.
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Figure 21: Comparative Analysis of Relative Permeability and Capillary Pressure Saturation Functions
in Decane-Brine and CO:x-Brine Displacement Experiments in Homogeneous Domains. This figure

shows the results of history matching performed on 1D homogenous and 1D heterogeneous simulation
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domains, utilizing capillary pressure functions (shown on the right) as input. The top panels (a) to (c)
represent the history matching (HM) results for the decane-brine experiments, while the lower panels
(d) to (f) showcase the results from the CO:-brine displacement experiments. From left to right, each
panel depicts: relative permeability k, presented in both linear and logarithmic scales, and capillary
pressure P. on a logarithmic scale. The squares in each panel correspond to SCAL results, which are
measured on a smaller, homogenous scale. Consistent symbols and colors are used throughout the figure

to ensure ease of understanding and coherence.

The same procedure was applied to the CO,-brine displacement experiment, as shown in the
lower row in Figure 8 and Figure 20. Additionally, here, we applied a homogeneous 1D
simulation domain and Corey and LET parametrization of the relative permeability to be
matched. The MICP curve was scaled in the same way with an IFT of 40 mN/m and a contact

angle of 140 as representative of the CO,-Brine fluid pair (Leverett, 1941).

By history matching, good matches similar to the decane-brine case could be achieved with the
advantage of the LET model. The data are shown in Figure 20 (d) and (e). The MCMC
confidence interval (P10 to P90) covers the experimental data points well. The respective
saturation profiles for two subsequent time steps are shown in Figure 20 (f). Again, the
complexity of the experimental saturation profile cannot be matched, but the material balance

1s honored.

The resulting k,-(S,,) values are shown in Figure 21 (d) and (e¢). Compared to the decane-brine
system, the relative CO»-brine permeability shows a significant difference in water mobility,
which is initially smaller but decreases significantly less with increasing CO, saturation than in
the reference system. Furthermore, compared to the reference case, the uncertainty from the
MCMC analysis (P10 to P90) is significantly lower for the brine relative permeability but
higher for the CO, phase.

From these observations, we conclude that (a) HM complex experimental data with a 1D
homogeneous simulation domain allow a perfect description of the experimental AP and the
brine production curve using a flexible k,.(S,,) parametrization. (b) The simulated saturation
profiles S,, do not match the complex experimental profiles but match the material balance as
a result of the assumed homogeneity. (c) By assuming homogeneity, k,.(S,,) represents the

average sample volume and may therefore be considered upscaled.
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Figure 22: Comparative Analysis of Experimental and Numerical Results in Decane-Brine and CO:-
Brine Displacement Experiments Considering Heterogeneity. The top and bottom rows represent the
experimental responses (indicated by symbols) for decane-brine and CO:-brine displacement
experiments, respectively, and their corresponding numerical interpretation similar to Figure 20 From
left to right, each panel depicts: the pressure difference and brine production curves over time, and
saturation profiles for decane and CO: at two subsequent time steps as specified in the legend. The lines
in each panel represent the results from the numerical history-matching process utilizing a 1D
heterogeneous domain derived from the CT density profile and the full 3D heterogeneous volume. The
employed relative permeability models are indicated in the legend and discussed in detail in the main

text. This figure demonstrates the integration of heterogeneity in modeling the displacement experiments.
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Figure 23: Comparative Visualization of Relative Permeability and Capillary Pressure Saturation
Functions in Heterogeneous Domains. This figure showcases the outcomes of history matching processes
applied on the 1D and 3D heterogeneous simulation domains, derived from decane-brine and CO:z-brine
displacement experiments. The top row panels (a) to (c) exhibit the history-matching results for the

decane-brine experiments, whereas the bottom row panels (d) to (f) represent the outcomes for the CO.-
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brine displacement experiments. Each set of panels, from left to right, display: relative permeability k,.
on both linear and logarithmic scales, and capillary pressure P, on a logarithmic scale. The squares in
each graph correspond to the SCAL results that were obtained from measurements on a smaller scale
deemed as homogeneous. This figure aids in contrasting and understanding the impact of heterogeneity

on relative permeability and capillary pressure functions.

4.1.1 Interpretation Considering the 1D Porosity Profile

With the above discussed model, we implement porosity, permeability and capillary
heterogeneity in the 1D simulation domain. The match of a forward simulation using the SCAL
interpreted k,.(S,,) and P.(S,,) (Omidreza Amrollahinasab et al., 2023) is shown in Figure 20 (a)
and (b). It shows that, even when the simulations are performed on the heterogeneous modeling
domain, the k,.(S,,) and P.(S,,) interpretation from SCAL lead to large deviations in AP, the

brine production is underestimated and the saturation profiles cannot be matched.

The history match of the experimental responses for decane-brine (top row) and CO,-brine
(bottom row) are shown in Figure 22. By including the exact porosity profile, more
experimental data have to be described with only a few additional parameters, such as the
scaling factor. This is at the expense of the quality of the agreement of the numerical
interpretation with the experimental data, as shown in Figure 22. The saturation profiles and
the brine production curve are now satisfactorily described. However, the pressure difference
AP shows that the transient part around the breakthrough time cannot be described exactly,

which is also visible in the agreement with the other experimental responses.

The resulting Corey and LET k,.(S,,) and Brooks-Corey P.(S,,) are shown together with the
SCAL interpretations in Figure 23; including the heterogeneity in the simulations causes the
resulting k- (S,,) to come ultimately close to the uncertainty range predicted from the SCAL
interpretation by (Omidreza Amrollahinasab et al., 2023). By “ultimately close” we mean that
our model predictions closely align with the observed experimental data, indicating a high level
of accuracy in our simulations. The predicted brine k,.(S,,) for both fluid pairs is just at the
lower boundary of the uncertainty range, but the decane k,.(S,,) is well inside the uncertainty
interval. The largest deviation shows the calculated CO- k,., which is substantially lower than
the SCAL predictions. However, the SCAL experiments refer to the decane-brine system rather

than to CO»-brine and may be caused by different wetting properties.

The good agreement of the simulation and experiment demonstrates the following: (a) the
methodology developed by (Hosseinzadeh Hejazi et al., 2019) is applicable to a single-rate USS
drainage experiment, and (b) including the heterogeneity results in k,(S,,) saturation functions
that come close to the formerly called “true” k,(S,,), as obtained from classical SCAL

experiments. However, as the comparison with the homogeneous simulations shows, this “true”
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k,(Sy) is just meaningful if the heterogeneity is explicitly described. It is imperative to
understand that the significance lies in the interpretation of experimental data, which must be

contextualized and explained within the framework of the studied phenomena.

The calculations of the scaling factors and Pareto fronts from the optimization method used
show a linear trend between the error from production and the error from the saturation profile.
This addresses the inconsistency observed in the homogeneous simulations and confirms the

need for heterogeneous simulations for the EST core plug.

4.2 3D Heterogeneous Modeling

The methodology of capillary pressure scaling can be extended from 1D to 3D simulation
domains (Kurotori and Pini, 2021); the principle of calculating the scaling factor is the same as
that for 1D but is calculated on the 3D grid. Because of the computational demand, it is not
possible to history match the experimental data in 3D since each simulation usually takes
around four hours. Instead, we forward simulate the displacements using the best match — the
LET k,.(S,,) case — obtained from the 1D heterogeneous model and statistically compare the
simulated and experimental responses on fluid saturation. The benchmark of 3D simulations
compared to the 1D simulations and the sensitivity to different layering systems are

demonstrated in Appendix C.

The measured and predicted saturation distributions are shown in Figure 24 (a) and (b) for the
decane-brine and (e) and (f) for CO,-brine displacement. For better comparison, the 1D
projection, i.e., the resulting 1D saturation profiles, are plotted in Figure 22 (c) and (f) together
with the experimental and 1D-derived saturation profiles. The match of the 3D results to the
1D and experimental projected saturation profiles is reasonable, considering that it is not the
result of a history match but a forward simulation. The AP and the cumulative brine production
are comparable to the responses of the 1D heterogeneous results with the same limitations
around the breakthrough time, as discussed previously. This may be a limitation of the capillary
pressure scaling method, as one of the underlying assumptions of the methodology is that the

system is in a steady state (Hosseinzadeh Hejazi et al., 2019; Pini et al., 2012).

To better quantify the saturation profile, Figure 24 (c) to (h) shows a statistical comparison of
the experimentally determined and numerically simulated 3D saturation profiles presented in
Figure 24 (a) and (b). (c) and (g) show the respective histograms for the decane-brine saturation
state after 9.8 h and the CO»-brine saturation state after 8.8 h of flooding. The data show a
perfect match over a wide saturation range, which is further quantified in the respective
correlation plots (d) and (h), which are obtained by plotting the simulated saturation of each

grid block versus the experimentally measured saturation. The data show a high degree of
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correlation with correlation coefficients above 0.99 and 0.98 for the decane and CO; cases,
respectively. Deviations in the experimentally and numerically derived histograms and hence
in the correlations are predominantly at high-brine phase saturations, where the experimental
data show saturations above one, which is an error in the measurements. However, the affected

range is not relevant for fluid displacement physics.
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Figure 24: (a) Measured 3D water saturation profiles after 9.8 h of decane flooding. The flow direction
is from left to right. (b) Corresponding simulation output. (c) Comparative experimental and simulated
water saturation histograms and (d) correlation between simulated and experimentally measured
saturations. The black line indicates the slope of unity with zero intercept. The red line shows a linear

regression to the data. Figures (e) to (h) show the same data after 8.9 h of CO: flooding.

4.3 Conclusions on the Effects of Heterogeneity

In a first attempt to interpret the experimental data, we proceeded as in a classical SCAL
workflow and assumed the simulation domain to be one-dimensional and homogeneous. This
has the advantage that the stochastic analysis is the same as that for the SCAL data, which is
numerically too costly for heterogeneous systems that are in three dimensions. A simple
forward simulation using the SCAL data cannot describe the experimental data on the next
larger scale with a 12x larger volume. However, good agreement can be achieved by varying
the relative permeability except for the complex saturation profile, which cannot be described
in the frame of a homogeneous model. This, of course, has the consequence that the relative

permeability curves extracted from both scales do not match.
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Consideration of the 1D porosity profile and the corresponding permeability and capillary
scaling is the first step in capturing the influence of heterogeneity on two-phase flow. However,
the use of SCAL data in forward modeling still leads to a discrepancy between simulation
results and experimental responses. However, the experiments can again be matched by
optimizing the k,(S,,) saturation functions; for the decane-brine system, the experimental
responses, including the saturation profiles, are well described. The extracted k,(S,,) and
P.(S,,) are close to the SCAL k, and scaled MICP P.. A similar picture can be drawn for the
CO,-brine displacement, but the relative CO, permeability, i.e., CO, mobility, is significantly
lower with respect to the SCAL standard. However, the data are trustworthy since the SCAL
data refer to the decane-brine displacement and the CO,-brine system may have different

wetting behaviors.

To verify the approach of heterogeneity implementation, the displacements were forward
simulated in the 3D heterogeneous domain using k., (S,,) and P.(S,,) of the best match of the
1D heterogeneous model. For both systems, the numerical and experimental saturation states
show very good correlation. The heterogeneous models, even providing a good overall
description of USS experiments, experience deviations from the experimental data around the
breakthrough time, as evident in all experimental responses. The exact reason for this deviation

is still an open question and is under investigation.

In this article, the challenges of interpreting multiphase flow experiments on laboratory samples
of rocks with mm-scale heterogeneities are discussed. Practically, it is not yet possible to
implement such small-scale heterogeneity in reservoir simulations where it would be on a
subgrid scale. The proof that the classic SCAL-derived relative permeability is only valid when
considering small-scale heterogeneity makes SCAL application in reservoir simulation
questionable. This is especially true for multiscale-heterogeneous carbonates and CO»-brine
displacements with its unfortunate mobility contrast. For such complex rocks, new concepts are
needed. A better choice would be the naturally upscaled result of the 1D homogeneous
interpretation, which describes the system on the scale of investigation. However, such data
cannot be extracted from standard SCAL measurements as performed in the frame of field

developments and may still be scale dependent.

Our results demonstrate that simple USS experiments can be used to investigate the influence
of capillary heterogeneity on k,.(S,,) which is especially valuable for CO; research since CO»
steady state experiments are extremely demanding in terms of maintaining fluid phase
equilibria during the experiment. It further shows that a rigorous upscaling procedure including
rock heterogeneity on various scales is needed to use standard workflows such as special core

analysis for CCS developments in carbonates.



Chapter 5

Viscous Instability and Scaling of Finger

This chapter is a reprint of (Amrollahinasab et al., 2024b) and the code for the chapter is
available at (Amrollahinasab, 2024).

Wavelength

One key question regarding understanding subsurface dynamics of CO; brine displacement is
whether CO, displacement of brine may become viscously unstable, given CO,'s significantly
lower viscosity. Viscous fingering can profoundly impact CO; plume migration and storage
efficiency. This is especially true if the finger width, which we refer to “wavelength”, interferes

with the length scale geological heterogeneity.

A critical parameter is the dominant wavelength of unstable fingers. If comparable to typical
lamina thickness in layered reservoirs, instability and subsequent gravity override could
strongly channel CO, migration. However, if much smaller, heterogeneity would dissipate

fingers. Traditional Saffman-Taylor theory grossly underpredicts observed finger wavelengths.

In this study, Darcy-scale simulations reveal linear scaling of finger wavelength with interfacial
tension and permeability. This observation diverges from traditional expectations set by
Saffman-Taylor theory, which predominantly suggest a different scaling behavior. While our
results align with the long-wavelength instability theory, a deeper analysis challenges the

conventional understanding in this field.

This revelation not only necessitates a reevaluation of established models, particularly in their
application to carbon capture and sequestration (CCS) processes, but also highlights a gap in
our understanding of such phenomena. The observed discrepancies raise crucial questions about

the accuracy and applicability of traditional theories in explaining the dynamics observed in



Wavelength 67

our simulations. Furthermore, these findings are shown to hold substantial practical

implications.

CO, Long Wavelength Instability Short wavelength
Instability d<< A

h<i =2 capillary control

Figure 25: Injection of supercritical CO: into a subsurface geological formation which due to much
lower viscosity of the CO: can become unstable (Maas et al., 2023, 2022). This long-wavelength fingering
instability (King and Dunayevsky, 1989; Yortsos and Hickernell, 1989) produces fingers on the order of
tens of meters for CCS relevant conditions, which are many orders of magnitude larger than the short-
wavelength instability observed at pore scale with finger thickness on the order of pore scale dimensions
d (Homsy, 1987; Lenormand et al., 1988). If the finger wavelength A is much larger than the thickness
h of a lamina in the geological formation, a series of fingers might be resolved but gravity will cause an
unstable gravity tongue. If, however, the lamina thickness is smaller than the finger wavelength h < 4
then capillary heterogeneity controls the frontal propagation of fingers (Berg and Ott, 2012) which for
CCS would still occur at the length scale of tens of meters. This suggests a much stronger capillary
control of CO:2 plume migration at length scales which in traditional reservoir simulation are assumed

to be viscous dominated.

5.1 Stability of CO:-brine displacement

Climate change mitigation strategies increasingly rely on carbon sequestration, necessitating a
detailed understanding of this process. carbon capture and sequestration (CCS) and related
processes are broadly recognized as having the potential to play a key role in meeting climate
change targets (Budinis et al., 2018; Bui, 2018) and climate scenarios that stay within a

maximum temperature increase of 1.5°C generally include CCS (Global CCS Institute, 2022;
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IEA, 2022; Bert Metz et al., 2005; B Metz et al., 2005; Shell Inernational Limited, 2023). CCS
has many economic and engineering challenges (Bui, 2018). While many aspects such as the
trapping and dissolution mechanisms (Krevor et al., 2015) have already been researched at great
detail, comparably little attention has been given to unstable displacement which could have a
significant impact such as CO; plume migration distance in the subsurface. Viscous fingering
is a hydrodynamic instability that can occur when a more mobile phase displaces a less mobile
phase causing it to propagate much further than volumetric injection predicts. Since CO» has a
significantly lower viscosity than the displaced brine (factor 20 for a typical supercritical CO»
sequestration case (Berg et al., 2013)), viscous instability becomes an obvious question

(Abidoye et al., 2015; Cinar and Riaz, 2014).

Numerous studies indicate instability (Cao et al., 2016; Garcia and Pruess, 2003; Liu et al.,
2016; Wang et al., 2013), but traditional linear stability analysis for immiscible fingering
suggests marginal stability (Berg and Ott, 2012). However, a more recent study questions the
validity of the linear stability-analysis derived criteria for immiscible fingering and suggests
instability for CCS cases (Maas et al., 2023, 2022). Thus, the scenario of viscous fingering of
supercritical CO» injected into subsurface formations which is sketched in Figure 25 becomes

more relevant.

A key question is what the relevant finger wavelength, A, is. Closed-form solutions for the
finger wavelength exist for short-wavelength fingering (Saffmann and Taylor, 1958) while for
the probably more relevant long-wavelength fingering, only complicated integral formulations
exist which due to their impractical formulation are rarely used for CCS (Daripa and Pasa,
2008; Riaz and Tchelepi, 2004; Yortsos and Hickernell, 1989). The magnitude of A in relation
to the heterogeneity length scale can be of importance (Chuoke et al., 1959). If the
heterogeneity scale is larger than A, unstable displacement (Tan and Homsy, 1992; Tchelepi et
al., 1993) and gravity (Berg and Ott, 2012; Riaz and Tchelepi, 2006) can further amplify the
impact of geological heterogeneity which already in stable displacement can increase the plume

migration distance twofold (Benham et al., 2021a, 2021b).

Modelling studies have shown that stratification of the CO» flood front can significantly reduce
storage efficiency by causing bypass of the lower permeability layers in the reservoir or

reduction in microscopic sweep efficiency (Lenormand et al., 1988).

This increases the risk that the CO, may pass a spill point or a break in the top seal, potentially
causing a leak (Bonto et al., 2021). Viscous fingering can also have a major impact on mixing
(Nicolaeides et al., 2015) which is known to be of significant relevance for CCS (Flemisch et
al., 2022). If A is smaller than the length scale associated with capillary heterogeneity, as

sketched in Figure 25, then capillary controls on displacement become more important at the
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Darcy scale (Berg et al., 2013). Consequently, when predicting plume migration, Darcy-scale
capillary heterogeneity needs to be considered to a greater extent when predicting plume

migration.

This suggests a much stronger capillary control of CO; plume migration at length scales which
in traditional reservoir simulation are assumed to be viscous dominated. Traditionally, the
length scale at which viscous forces start to dominate over capillary forces is on the order of
centimeters, consistent with the length of the capillary end-effect (Huang and Honarpour, 1998).
As a consequence, reservoir simulation in hydrocarbon recovery is often conducted in the
viscous limit, sometimes even using capillary pressure p, = 0, except for modelling transition

zones and a few other situations.

At a finger wavelength A at the order of pore scale dimensions as predicted by the classical
Saffman-Taylor equation (Saffmann and Taylor, 1958), viscous fingering would be mixed by
geological heterogeneity already at the mm level and become irrelevant at the reservoir scale,

and hence reservoir simulation in the viscous limit would still be adequate.

However, if the finger wavelength was on the same order of the dominant features such as
lamina thickness in layered reservoirs typically considered for CCS, the situation would change
completely and reservoir simulation for CCS would be capillary dominated or at least
influenced potentially at the scale of tens of meters. That underlines the importance of a good

understanding what the finger wavelength actually is for CCS relevant conditions.

Here we use numerical simulation to determine the finger wavelength A and the numerical
details are explained in section 2.3. Numerical simulation has been established as an important
method to study viscous fingering (Bakharev et al., 2020; Blunt et al., 1994; Homsy, 1987;
Mostaghimi et al., 2016). Good agreement with experiments was observed for miscible (Berg
et al., 2010) and immiscible fingering (Matsuura et al., 2013). Salmo (Salmo et al., 2022, 2020)
demonstrated a robust numerical model that can accurately match immiscible viscous fingering

in experiments.
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Figure 26: Saturation profiles for different domain dimensions and different o values after different CO:
injection times - each row represents the same dimensions. To count the fingers, the "contour"” function
in MATLAB is used to draw the 95% saturation contour line. Then, the "findpeaks" function is employed
to count the peaks. Only peaks beyond the average finger amplitude were counted. The amplitude of a
finger is defined as the difference between the minimum and maximum values of the saturation contour

- essentially the distance from the farthest behind valley to the farthest ahead peak of a finger.

5.2 The Finger Wavelength in Immiscible Viscous

Fingering

5.2.1 The Short Wavelength Instability (Saffman & Taylor)

The viscous instability during immiscible fluid displacement in porous media has been
extensively discussed in the literature since the 19th century (Chuoke et al., 1959; Dietz, 1953;
Engelberts and Klinkenberg, 1951; Hagoort, 1974; Hill, 1952; Jevons, 1857; Lewis, 1949;
Rayleigh, 1883; Riaz and Tchelepi, 2006, 2004; Saffmann and Taylor, 1958; Taylor, 1949).
Efforts to understand and model this process have been made through various approaches,
including linear stability analysis, direct numerical simulation, experimental studies at the

core/slab scale, and discrete and pore-scale modeling (Salmo et al., 2022).

There are two general categories of viscous fingering: immiscible and miscible fingering. They
both have in common a viscous instability which is driven by a more mobile fluid displacing a

less mobile fluid (Homsy, 1987).
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However, in both cases there are different mechanisms that counteracts the viscous instability.
In immiscible viscous fingering this is assumed to be a capillary restoring force caused by a
curved interface around a finger which is then associated with a capillary pressure. The picture
is very much based on a presumed analogy between porous media flows and Hele-Shaw cells

(Hele-Shaw, 1897) which both follow a viscous flow equation of Darcy type.
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Figure 27: (A) Log-Log plot of finger wavelength A and interfacial tension (o) for this study (for a
gaseous CO: case) and that of (Berg and Ott, 2012) (for a supercritical CO: case). (B) Finger
wavelength A as a function of permeability K suggesting a linear relationship between A and K (C) as a
function of viscosity ratio U,/u, suggesting a linear relationship with (u,/py)~1. All scaling
relationships are inconsistent with the (Saffmann and Taylor, 1958) analytical model from equation (22)
which suggests square root relationships for o, K and u, [y, while the simulation data suggests linear
relationships. Linear relationships for o and K are predicted using the analytical model for miscible

fingering and a capillary dispersion coefficient (equation (22)), however, the scaling with u,/u, is not

correct.

The concept of Hele-Shaw cell geometry (Homsy, 1987) is that a longitudinal viscous
instability is balanced by a transversal capillary restoring force (represented by interfacial
tension o), where the capillary pressure from the curvature induced by the fingers becomes the

restoring force that flattens the interface.
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The traditional view is that the description of immiscible fingering in porous media follows the
same logic as in Hele-Shaw cells. The linear stability analysis by (Saffmann and Taylor, 1958)

for viscous fingering predicts a wavelength A4 with maximum growth rate:

o
o/l — i Jle) @ —11g)

A=+3- ZnJ ol/? (22)

where ki and k, are the permeability and u; and p, the viscosity of the displacing and
displaced phases, respectively. k;/u; is the mobility of fluid phase i which is a common
concept in fractional flow physics (Dake, 1978). u is the velocity and u, is the critical velocity
which depends on gravity (as gravity can stabilize the fingering when flowing in vertical

direction) (Homsy, 1987).

Regarding porous media, the review paper by Homsy (Homsy, 1987) points out that the

wavenumber k = 1/ of the fastest growing mode scales as k « O(Ca'/?) meaning that 1 o

Ca=1/? « ¢/, King & Dunayevsky and Yortsos & Hickernell distinguish between short- and
long-wavelength instability (Daripa and Pasa, 2008; King and Dunayevsky, 1989; Riaz and
Tchelepi, 2004; Sorbie et al., 2020; Yortsos and Hickernell, 1989; Yortsos and Hunag, 1986).
The short-wavelength instability is associated with fingering at the pore scale (Lenormand et
al., 1988; Zhao et al., 2016) because the finger wavelength A is on the same order of magnitude
as the radius of curvature of the interface r, as shown in Figure 28A, and has the same scaling

as in Hele-Shaw cells, i.e., equation (22). This intuitive picture is consistent with equation (22),

assuming that the permeability scales with %

However, in a Darcy-scale porous medium, the length scale at which the fluid-fluid interface is
curved occurs at the pore scale. In most relevant porous media, this pore-scale dimension is
many orders of magnitude smaller than the length scale of viscous fingers observed at the Darcy
scale. While many studies attempted to accommodate for this by introducing an effective
interfacial tension, the results remain effectively within the influence of the concept of the short-

wavelength instability (Smith and Zhang, 2001).

The long-wavelength instability relevant for the Darcy scale, has the fastest growing mode
scaling linearly with capillary number (Yortsos and Hickernell, 1989), i.e., 1 < Ca™! ¢!
(compatible with Figure 27). However, Stokes et al. observed a wetting fluid displacing a non-
wetting fluid (imbibition) at the Darcy scale A « o'*/? (Stokes et al., 1986) and argued that the

drainage process is different, but they did not provide a scaling law.
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The difference between short- and long-wavelength instability is not that commonly known
because the overwhelming body of literature cites the Saffman & Taylor work (Saffmann and
Taylor, 1958) with equation (22) that drastically underestimates A data from experiments
(Stokes et al., 1986) (see also the comparison with situations relevant for CCS in Figure 27).
Additionally, the controversy regarding the correct scaling, i.e., (Stokes et al., 1986) vs.
(Yortsos and Hickernell, 1989), is not fully resolved.

The sensitivity to wetting (Stokes et al., 1986; Zhao et al., 2016) could point to a more
conceptual difference between forced drainage vs. spontaneous, capillary-driven imbibition
processes, which follow very different scaling laws (Schmid and Geiger, 2012). Perhaps it is as
simple as noting that for spontaneous imbibition the length scale of invasion scales as L o /2
(Lucas, 1918; Washburn, 1921), and around the onset of viscous fingering where finger length

1/2

L = A, A then consequently also scales as /<, but a full investigation is beyond the scope of

this work.

In essence, CCS is clearly a drainage process, which probably makes the work by (Stokes et al.,
1986) less applicable; however, it is important to clarify, and this is one of the motivations for
this work. Additionally, the formulations for the long-wavelength instability A (Daripa and Pasa,
2008; King and Dunayevsky, 1989; Yortsos and Hickernell, 1989) involve integral equations
that are not that practical which is perhaps the reason why there is no common reference for
their use in CCS. The aim of this work is to provide, in form of graphs and tables, practical
estimates for A for conditions relevant for CCS, based on a more intuitive reasoning regarding

the long-wavelength instability.

Numerical simulations by (Berg and Ott, 2012) computing stable and unstable displacement
scenarios relevant for CCS found that the finger wavelength A scales with interfacial tension o
as A o o (see also Figure 27A) while the commonly used description for immiscible fingering

from linear stability analysis predicts A « ¢*/? (Homsy, 1987).

5.2.2 Long Wavelength Fingering: Mixing in the Capillary Dispersion
Zone

In immiscible displacement in porous media, viscous fingers of wavelength A4 were observed at
a length scale where the shock front was sharp i.e. the width of the capillary dispersion zone
Ax was small compared to the scale of observation which was of the order of the wavelength 4
(Berg and Ott, 2012) which is also shown in Figure 29C. That suggests that the relevant
mechanism counteracting fingering in immiscible displacement in porous media is a mixing
process, both longitudinal and transversal, rather than merely a transversal capillary restoring

force (Berg and Ott, 2012).
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Figure 28: In a Hele-Shaw cell with a well-defined interface between displacing fluid 1 and displaced
fluid 2, the capillary pressure caused by the curved interface with interfacial tension o is the restoring
force counteracting the viscous instability (A). In a porous medium, next to this short-wavelength
instability, the more critical instability is the long-wavelength instability (King and Dunayevsky, 1989;
Yortsos and Hickernell, 1989), where the counteracting mechanism is the mixing process in the capillary

dispersion zone Ax (B) (Berg and Ott, 2012).

Considering that the capillary dispersion mechanism counteracts the viscous fingering, in
porous media there might actually be a closer analogy with miscible fingering (Tan and Homsy,
1992) which was also the starting point for (Yortsos and Hickernell, 1989). In miscible viscous
fingering, the fastest growing mode has the wave number k,, = (2V5 — 4)R/4 (Tan and
Homsy, 1992) where R is the logarithmic viscosity ratio R = In u,/u4 (originating from the
exponential blending rule for viscosity in miscible displacement (Berg et al., 2010)). The scaled

wavelength of the fastest growing mode for miscible fingering is:
Am = D/viy, (23)

with A3, = 2n/k,, or (Tan and Homsy, 1992). Here D is the hydrodynamic dispersion
coefficient that in miscible displacement describes the mixing process in the porous medium.
Experimentally reasonable agreement has been observed with this picture for miscible viscous

fingering (Berg et al., 2010).
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Since for immiscible fingering the scaling of finger wavelength 4 with the width of the capillary
dispersion zone Ax (Berg and Ott, 2012), suggesting a mixing process as counteracting

mechanism, we use the capillary dispersion coefficient:

Kp,
D, = 24
c = (24)

instead of the hydrodynamic dispersion. This approximation is based on the observation that
the macroscopic capillary number Ca = p,vL/p.K (Hilfer and Qren, 1996) shows an onset of
the instability at Ca = 1 (Berg and Ott, 2012). We can re-write Ca as the ratio of the length
scale of observation L and the length scale of the smear-out of the shock front Ax as Ca =
L/Ax.

mv

Ax

(25)

Then, equation (25) is an estimate of the width of the capillary dispersion zone which can be
understood as an order of magnitude estimate for capillary dispersivity Ax = D./v meaning
that D, = Kp./u (Berg and Ott, 2012). This is a very common concept in the fractional flow
description of immiscible displacement with capillarity (Daripa and Pasa, 2008; Novy et al.,
1989; Toledo et al., 1994). Here p. is a characteristic value of the capillary pressure (Hilfer and

Oren, 1996) which is proportional to interfacial tension p; X o.

This approach is justified by the observation in Figure 29C that the width of the capillary
dispersion zone Ax around the shock front obtained from 1D simulations is very closely related
to the finger wavelength A i.e. has the same linear scaling with intefacial tension o. The
estimate from equation (25) agrees in terms of scaling with ¢ but there is a quantitative
mismatch with Ax from the 1D simulations which is most likely caused by p; not being a good
estimate for viscosity in the capillary dispersion zone where for the CO,-brine system there is

a large viscosity gradient.

While a full rigorous treatment is presented in (King and Dunayevsky, 1989; Yortsos and
Hickernell, 1989), here we show that the simple intuitive argument and combining equation

(23) with the capillary dispersion coefficient from equation (24) leading to:

(2V5 = OKIn p, /g
0 X

o’ (26)
4rtvpyr

A(o) =

produces a linear scaling of 4 with o (Figure 27A), and permeability K (Figure 27B). As Figure
27A already suggests the scaling with viscosity in equation (26) is not correct which is also not
expected. The factor In u,/u4 in equation (26) is only applicable for miscible displacement

where viscosity blending occurs at molecular scale and the factor is a result of an exponential
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blending rule (Berg et al., 2010) which is not applicable to immiscible displacement in porous
media where blending occurs at Darcy scale through fractional flow. Also the comparison of
Ax estimate from equation (25) with the Ax estimated from the 1D saturation profiles in Figure
29 suggests that there is an issue with using viscosity y4 as viscosity estimate for the viscosity

in the capillary dispersion where there is a large viscosity gradient.

Figure 27C suggests a linear relationship with (u,/u;)~! but with different slopes depending
on whether p, or p, are kept fixed. We find an almost linear trend (with zero offset) using
Uz /K> — pq /K, but realize that a simple algebraic form may not be accurate since the viscosity
scaling needs to be consistent with the criteria for the onset of instability which is given by an

integral over the whole shock front profile (Maas et al., 2022).
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Figure 29: The finger wavelength A (4) and the width of the capillary dispersion zone Ax around the
shock front from 1D simulations (i.e. without fingering) scale linearly with interfacial tension o (C). At
the onset of fingering the finger amplitude is approximately the same as the wavelength A. There is almost
a quantitative match between Ax obtained from the 1D saturation profiles and the finger wavelength A

and amplitude which supporting the underlying mechanism of mixing in the capillary dispersion zone.
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The estimate of Ax from equation (25) shows the same linear scaling as A but is about a factor 10 larger
than the width around the 1D shock front which is likely caused by the large viscosity gradient within

the capillary dispersion zone which is not accounted for in equation (25).

5.3 Conclusions on Viscous Stability Analysis

Viscous fingering is a complex subject in which the type of fingering (immiscible, miscible,
short- vs. long-wavelength), wetting conditions and other factors govern scaling relationships
for the finger wavelength A that lead to variations in 1 by several orders of magnitude. To assess
the potential impact of viscous fingering on CO; sequestration it is difficult to understand which

formulation is applicable.

Darcy-scale numerical simulations (Figure 26) suggest that the finger wavelength scales
linearly with interfacial tension and permeability, which is consistent with the long-wavelength
instability studied by linear stability analysis (King and Dunayevsky, 1989; Yortsos and
Hickernell, 1989).

While linear stability analysis is mathematically more rigorous (Daripa and Pasa, 2008; King
and Dunayevsky, 1989; Riaz and Tchelepi, 2004; Yortsos and Hickernell, 1989), it

unfortunately does not provide a simple analytical expression for the finger wavelength.

Therefore, here, we provide a simple, intuitive argument that - within its own limitations -
provides the correct scaling of the finger wavelength with interfacial tension and permeability.
Observations of earlier work (Berg and Ott, 2012) suggesting that the finger wavelength is
linked to the length of the capillary dispersion zone supports the proposition that a mixing
process, as opposed to a mere transversal capillary restoring force, acts as the counteracting

mechanism to fingering, which was validated against numerical simulations (Figure 29).

Using miscible fingering as a starting point but with capillary dispersion as the mixing
mechanism produces a linear scaling of wavelength with interfacial tension and permeability
as observed numerically, which is consistent with linear stability analysis (King and
Dunayevsky, 1989; Yortsos and Hickernell, 1989). However, the scaling with viscosity was not

correct, which is also not expected from such an oversimplified approach.

Having validated the numerical simulations against the scaling relationships in interfacial
tension and permeability and confirmed the capillary-dispersion mixing mechanism, there is

now confidence in the validity of the finger wavelength obtained from numerical simulations.

Therefore, the finger wavelength relevant for a number of CCS relevant pressure and
temperature conditions (and associated fluid viscosity and interfacial tension) listed in Table 2

predicts finger wavelengths of tens to a hundred meters instead of the centimeter scale or less.
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Table 2: Finger wavelength for a number of pressure (P) and temperature (T) conditions potentially

relevant for CCS.
P (MPa) | T (°K) Hrine (CP) Hco,(cp) o (mN/m) A(m)
30 374.3 0.280 0.0536 25 145.7
15 3433 0.402 0.0375 30 125.3
9 333.6 0.463 0.0214 37.5 84.7
6 312.8 0.658 0.0178 40 27.7

The findings may have implications for the implementation of CCS projects at the field scale
where numerical modeling is used as a primary tool for design and uncertainty assessment
(Benham et al., 2021a, 2021b; Hesse, 2008). Viscous-unstable displacement in the presence of
gravity (Berg and Ott, 2012; Riaz and Tchelepi, 2006) at this length scale may offer
explanations for the discrepancy between plume migration modeling forecasts and actual
observations at the field scale, such as in the Sleipner project (Williams et al., 2018). Findings
in the literature, such as alignment with the top seal structure (Cowton et al., 2018), are in line
with observations of unstable gravity tongues (Berg and Ott, 2012). The consistency with
capillary-controlled migration modeling, even at tens of meters (Cavanagh and Hazeldine,
2014), is in line with laboratory-scale CCS experiments where the heterogeneity scale was
smaller than the finger wavelength (Berg et al., 2013; Zhang et al., 2011), emphasizing the
importance of the finger wavelength. Explicitly capturing the effects of viscous instability
requires a grid resolution finer than the finger wavelength. The quantitative estimate provided

in Figure 27 and Table 2 can serve as a practical starting point.



Chapter 6

Summary and Conclusions

This thesis presents a comprehensive examination of CO,-brine displacement dynamics in
porous media through integrated experimental and numerical approaches. By combining
traditional core analysis measurements with advanced methodologies, the research
demonstrates the complex interplay between multiphase flow parameters and processes
influencing CO; plume migration. The findings bridge the gap between lab-derived data and
field-scale applications, enhancing predictive capabilities for carbon capture and storage

operations.

As first step the work tackles the inherent uncertainties in quantifying key parameters (relative
permeability and capillary pressure) governing immiscible fluid flow in rock volumes that can
be considered homogeneous. A sophisticated stochastic workflow for special core analysis
(SCAL) data interpretation is introduced, simultaneously matching steady-state and centrifuge
measurements using flexible point-by-point saturation functions. Rigorous uncertainty
quantification reveals probability distributions and correlations, overcoming limitations of
conventional power-law representations. This comprehensive SCAL interpretation and
uncertainty analysis provides more objective fluid flow characterization vital for stochastic
reservoir modeling. The resulting methodology and the simulator developed can be considered

the most advanced and have been made available to the public.

Taking a step further from SCAL methods with the assumption of homogeneity to larger
volume heterogenous rock samples, the study reveals significant deviations between SCAL
interpretation and larger-volume experiments, underscoring traditional techniques' inability to
adequately account for sub-core heterogeneity. By incorporating 3D porosity and saturation
distributions from X-ray CT imaging into history matching of unsteady-state core floods, a

rigorous upscaling procedure is demonstrated to capture heterogeneity impacts on the Darcy
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scale. The resulting relative permeability shows the discrepancy, emphasizing the need of

upscaling workflows in complex carbonates.

CO,-brine displacement is potentially unstable and leads to viscous fingering. If the wavelength
of the fingers is of the same order of magnitude as, for example, the lamination of the rock
formation, this can massively impair the sweep efficiency. In order to understand the interaction
of formation heterogeneity and displacement instability, it was necessary to evaluate the scaling
behavior of the finger wavelength. The findings align with theoretical predictions for long-
wavelength fingering but contrast sharply with classical notions based on pore-scale capillary
restoration. A conceptual model based on mixing in the capillary dispersion zone intuitively
reconciles viscous fingering in miscible and immiscible displacement. By determining
instability length scales ranging from tens to hundred meters under realistic sequestration
conditions, the research challenges assumptions of core-scale viscous effects, indicating greater

capillary controls at Darcy scales.

The integrated research methodology spanning across length scales provides pivotal insights
into factors governing CO; migration while advancing scientific understanding of CO,-brine
interactions. The findings advocate for robust upscaling concepts and modeling considerations
to improve reservoir forecasting capabilities. By enhancing predictive accuracy, this thesis
contributes to optimized carbon capture and storage strategies, promoting sustainable energy

solutions to mitigate climate change.

The work bridges the gap between lab and field scales but also reveals remaining knowledge
gaps. Additional heterogeneous lithologies could be investigated with the SCAL workflow to
expand applicability. Secondary drainage and imbibition scenarios present further complexities
to explore. The upscaling framework could be extended to larger cores and additional fluid
systems to enhance generalization. Refining viscous fingering theories by incorporating gravity,
heterogeneity, and pore-scale effects would provide a more comprehensive perspective.
Validating the concepts against field projects and elucidating the impact on trapping
mechanisms could enhance adoption into industry practices. Addressing these aspects through
integrated experimental and numerical approaches will continue to advance the predictive

capabilities for carbon geological sequestration.
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Appendix A

Appendix A: Parameters of the SCAL

Benchmarks

This appendix provides the input parameters used in the benchmarking simulations discussed
in Chapter 2. These benchmarks helped verify the accuracy of the SCAL interpreter module
developed in this work. The parameters correspond to the synthetic data sets published by
(Lenormand et al., 2017) and (Loeve et al., 2011).

1. Forward Simulation Benchmarks

Table 2 list the relative permeability and capillary pressure input parameters that were used to
generate the synthetic data for verifying the forward simulations. Case 1 refers to primary
imbibition while Case 5 represents primary drainage. The simulated pressure differential and
average water saturation data were then compared to results from the SCORES simulator as

shown in Figure 11 in chapter 3.

Table 3: Properties of samples and fluids used for the verification simulations (Lenormand et al.,

2017).
case 1 case 2 case 3 case 4 case S
Type of .
SS + bumps | SS + bumps USS USS centrifuge
experiment
Type of rima
- imbibition | imbibition imbibition imbibition P . i
displacement drainage
Disposition horizontal horizontal horizontal horizontal
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Length cm 8 8 8 8 10
Diameter cm 4 4 4 4 4
Base
mD 100 100 100 100 100
permeability
Porosity frac 0.25 0.25 0.25 0.25 0.25
Water
cP 1 1 1 1 1
viscosity
Water
, g/cm3 1 1 1 1 1
density
Oil viscosity cP 5 5 5 1 5
Oil density g/cm3 0.8 0.8 0.8 0.8 0.8
Initial S, frac 0.2 0.2 0.2 0.2 1
Final S,, frac 0.8 0.8 0.8 0.8 0.3
Krw max frac 0.5 0.5 0.5 0.5 1
kro max frac 0.5 0.5 0.5 0.5 1
Corey
exponent 3 3 3 3 3
water
Core
Y 3 3 3 3 2
exponent oil
P, curve Pc smooth Pc sharp Pc smooth Pc=0 Pc centrifuge

2. History Match Benchmarks

Table 4 to Table 6 provide the relative permeability and capillary pressure parameters used to

generate the synthetic unsteady-state and centrifuge data for history matching. The interpreted

parameters are shown in Figure 12 of Chapter 3.

Table 4: Core and fluid properties for the synthetic history match cases (Loeve et al., 2011)

Property

Value
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Core length (cm) 6.0
Core cross-sect. area (cm?) 11.4
Absolute permeability (mD) 500
Porosity (-) 0.3
Oil density (kg/m®) 730
Water density (kg/m®) 1000
Oil viscosity (cP) 1.0
Water viscosity (cP) 1.0
Initial water saturation 0.29

Table 5: Values of the parameters used to describe the relative permeability and capillary pressure

curves for the synthetic history match cases (Loeve et al., 2011)

Parameter Initial History
Parameter “Truth”Value
Range guess match results
Relative permeability Min Max
Connate water saturation
0.15 0.05 0.25 0.084 0.137291
— Ywce (')
Residual oil saturation —
0.20 0.05 0.25 0.1780 0.199262
Sor (')
Water rel. perm. at Sor —
0.50 0.10 0.70 0.2039 0.510343
kwor (-)
Oil rel. perm. at S, —
0.50 0.10 0.70 0.4018 0.551668
kowc (')
Corey exponent oil — no
5 2.00 6.00 5.026 5.044836
)
Corey exponent water —
3 2.00 6.00 2.8525 3.065446
nw (-)
Capillary pressure — param. 2
Water amplitude — cwi
0.319 0.001 0.600 0.04 0.270554
(bar)
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Oil amplitude — coi (bar) -0.012 -0.60 -0.001 -0.038 -0.01829
Water domain saturation —
0.400 0.30 0.42 04 0.42
Swd (-)
Oil domain saturation —
0.650 0.60 0.68 0.61 0.677606
Sod (-)
Linear domain offset bi
0.0853 -0.15 +0.15 -0.073 0.074187
(bar)
Linear domain slope ri
-0.2408 -0.5 -0.01 -0.49 -0.224
(bar/-)

Table 6: Experimental design of centrifuge experiment (Loeve et al., 2011)

Time Centrifugal accelerations
hour 5

0 =741

4 -1480

8 -2220

14 -4000

38 -6000

62 -8000

86 -10000

110 Time of the last measurement
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Appendix B: SCAL Interpretation Tool

Interface User Manual

4] SCAL App = [m] X
) Configure from App Configure from File Weicoms
Experiment Process Simulation
ess +) imbibition * Forward SCAL Interpretation Tool
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Figure 30: Main interface of the SCAL simulation tool developed at MUL

6.1 App Configuration

To start configuring the app and your simulations there are two options to start from. The

simulation can be either configured from the app interface or from a configuration text file.
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To configure the app from the app interface, choose “Configure from App” as below:

e) Configure from App Configure from File

Figure 31: Ratio buttons to configure the app either from the interface or from a settings file

To configure the app from the configuration file, choose “Configure from File” and then using
the button with three dots, choose the path of the configuration file. This file should have a *.txt

format.

The configuration file needs to have a predefined format. Please check the provided template
to see how the format needs to be. Missing elements or using wrong keywords for this

configuration file can cause errors for the app.

6.1.1 Configuring from the app

First, there is the option to choose the type of the experiment, process, and then the simulation

type. They can be chosen using the menu shown below:

Experiment Process Simulation
e SS ¢ Imbibition e) Forward
USS Drainage Historymatch
Centrifuge

Figure 32: Simulation options available in the simulator interface

6.2 Forward Simulations

There are several tabs under this menu for the user to input the required parameters for the
forward simulation. It is recommended to fill in the input parameters in the sequence of the

input tabs.

6.2.1 Geometry, Rock and Fluid
The first tab is Geometry and after that is the Rock tab. Here the dimensions and the rock
properties of the core can be input. The corresponding units can also be selected from the drop-

down list in front of each text box.
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The fluid tab is placed after the saturation functions tab and has a similar structure to the

geometry and rock tabs.
Geometry Rock Saturation Functions Flu > Geometry Rock Saturation Functions Flu >
Length 85 cm v Porosity 0.2 fraction v
Diameter 254 cm v Permeability 1000 mD v

Water Saturation 02 fraction ¥

Figure 33: Input panels for rock and fluid parameters

6.2.2 Saturations Functions

Next there is the “Saturation Functions” tab to input the relative permeability and capillary
pressure as a function of water saturation. These parameters can either be input as a table or

inform of the provided correlations.

To input a table, first create a *.txt file according to the provided templates and then choose
this file using the button with three dots. The input table can be checked and modified, using
the “Show” button.

To input a correlation, select the “Correlation” radio button and the input window for the
correlation parameters will pop up. Fill in the correct parameters and click the “Done” button.
The input relative permeability or capillary pressure can be plotted using the “Plot Kr” and

“Plot Pc” buttons. An example of a relative permeability plot is shown below:
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Figure 34: Saturation function input and plotting functions of the simulator

6.2.3 Simulation Setup

Here the number of the grid cells to run the simulations and the time steps can be identified.
Please note that they both influence the accuracy of the results and can make your
computational cost to go higher. However, the computational cost of choosing a small time-
step is usually bigger than having many cells. The recommended range for the number of the

cells is between 20 to 500 and for the time step it is from 30 seconds to 1 hour.

There is an option called “Gauge Off” and it can be activated by choosing the check box. when
this value is deactivated or it is set to zero, the calculated pressure is the pressure difference at
both ends of the core. In case one wants to calculate the pressure difference at a certain distance

from each end of the core, this distance can be defined by the gauge off value.

9

To capture the capillary pressure end effect, there is an option provided called “Boundary Cells
and it is by default activated. Based on the number in the text box in front of it, there are cells
created at each end of the core, with zero capillary pressure and linear relative permeability to
simulate the capillary end effects. The initial water saturations for these boundary cells are

recommended to be set to zero for an imbibition simulation and one for a drainage simulation.



Appendix B: SCAL Interpretation Tool Interface User Manual 105

< Fluid Simulation Setup Schedule Observ. >

Number of Cells '50' Time Step | 1{)' min ¥
| Gauge Off v

| Boundary Cells | 1
rjboundary LTS | FirstCell Last Cell

Water Saturation at Boundary Cells 10.00 0-00:

Figure 35: Input panel to choose the number of the grid cells and the time steps of the simulator

6.2.4 Schedule

Here the flooding schedule for steady state and unsteady state, or the centrifuge rpm schedule
can be input using a *.txt with the correct format from the templates. In case that a centrifuge
is chosen from the experiment radio button group, centrifuge startup and centrifuge center
distance options are activated. Please note that the Ambient pressure here means the pressure

at the outlet of the core.

< Fluid Simulation Setup Schedule Observ. >

Table | ...

Initial Pressure
v 1 bar ¥

Ambient Pressure
1 bar
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Figure 36: Input panel for the schedule or injection/production settings of the simulator

6.2.5 Observations

In the observations tab, the experimental measurements can be input using the correct *.txt file
format from the templates. These observations will be plotted along with the simulation results

after the simulation is done.

Regarding the saturation profile, there needs to be an excel file provided. In this excel file the
first row is the location along the core in meters and the first column is the recording time in

seconds. (please check the template)

4 Simulation Setup Schedule Observation

Pressure Drop
Water Saturation
Saturation Profile

Production

Figure 37: Input panel for the experimental data for comparison and history matching modules

6.2.6 Options

In this tab the units in which the plots will be shown can be input. Also, the quantities which

the user would like to have as an output can be chosen from here.
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Options
Display Units Output Quantities
Time hr v V| Time

v'| Water Saturation
Length cm ¥

v | Injection Flux
Volume cm*3 v _

| Production Flux
Pressure bar ¥ | Pressure Drop
Flow Rate cm*3/hr Colormap

e jet

Figure 38: Different plotting options in terms of output quantities and output units

6.3 History matching

To run a history match simulation, first fill in the input parameters as explained for the forward
simulation. For the relative permeability and capillary pressure, input your best guess which

can be the analytical solution of the experimental measurements.

In case the history match option is selected in the simulation pane, the “History Match” tab will
open. Here first there is the option to choose which parameter we would like to history match
namely, relative permeability or capillary pressure or both. Usually, relative permeability is
history matched with a flooding experiment and the capillary pressure with a centrifuge
experiment. History matching both parameters at the same time is only recommended in the
case that the user is doing simultaneous simulation of a flooding experiment and a centrifuge

experiment.

After activating a parameter for history matching by checking the corresponding check box, the
method choice panel will be enabled. Here the method or the correlation to run the history
matching can be selected. Afterwards the excel file which is complying with the format of the
provided templates can be input using the “Import initial points and boundaries” button. Please
note that each method and each combination of methods has a separate template therefore case
must be taken in choosing the right template. After importing the excel sheet it can be viewed

using the “Show the imported table” button.

Using the check box called “Random multistarting points” there comes the option to initialize

the history matching using several random points within the boundaries. This comes useful
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when the history matching gets stuck in local minimums but usually it does not happen if the
initial point is set to the analytical solution. The number of these random points to start from

can be entered in the text box in front of it.

“Use parallel computing” check box is for running the history matching simulation on parallel

on the CPU cores for faster simulations.

“Scale the problem” check box is used for scaling the input parameters which leads to a more

efficient history matching simulation.

“Optimality tolerance” is the minimum difference between the objective function values before

the optimization problem finds its solution.

“Max function evaluations” is the maximum number of the times that the optimization
algorithm runs the forward simulations (in case of simultaneous history matching, each

evaluation consists of two forwards simulations).

“Step tolerance” is the minimum step that the optimization algorithm will take before finding

the minimum of the objective function.

To run a simultaneous history matching of a flooding and a centrifuge experiment, activating
the check box and select the centrifuge configuration file using the button under the
corresponding check box. Please note that to run such a simulation, the history matching part
of the configuration file for the centrifuge experiment needs to be the same as the flooding

experiment.

After the history matching is done, the results are saved in numbers in the input excel template,
and they can be plotted using the “Plot resulting Kr & Pc” button. The observations can be

compared using the “Compare history match results with data” button”.
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Welcome History Match

| Match Relative Permeability [ ] Match Capillary Pressure

Show the imported table

" ]Random multistarting points

'v’| Use parallel computing [ Scale the problem

Optimality tolerance | 0001 | Steptolerance [ oo
Max function evaluations ‘ 6000 || Simultaneous flooding and centrifuge HM
Weight of Production ' 1

Weight of pressure difference 1 Plot resulting Kr & Pc

Weight of average water saturation 1 Compare History match resul with data
Weight of saturation profile 1

Save Configuration

Figure 39: Input panel for history matching simulations

6.3.1 Message Box and Control Buttons
At the bottom right of the app there is a message box which shows what the app is currently
doing and provided a report of the steps taken. After the input parameters for the simulation is

set, the simulation can be run using the “Run” button and stopped using the “Stop” button.

To make a new simulation using new settings it is recommended to first reset the app using the

green “Reset” button.

e _ : - = ===== Run
Forward Simulation and Automated History Matching of SCAL Experiments D

Copyright (¢) 2020 Siroos Azizmohammadi & Omidreza Amrollahinasab
— — Stop

The current directory is C:\Userslomidreza\Desktop

Figure 40: Messaging output log of the simulator
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Appendix C: Sensitivity Analysis in 3D Core

Simulations

Introduction

The sensitivity analysis was initiated with a foundational base case, inspired by the decane-
brine experiment conducted on the lengthy core Estaillades Carbonate. The core dimensions
are 15 cm in length and a diameter of 7.5 cm. For the base scenario, the core porosity was
determined to be 29.7%, with a permeability value of 260 mD. The utilized fluids comprise
brine (viscosity: 0.576 cp; density: 1001.2 kg/m”"3) and decane (viscosity: 0.619 cp; density:
707.3 kg/m”3). It is imperative to acknowledge that gravity's influence is not considered in this
analysis. The grid size selected was 34x17x17 (or 34x17x17 inclusive of boundary cells at both
core ends). The choice in grid sizing was ascertained post examination of the saturation profile

images derived from the experimental data.

6.4 Simulations Setup

Both the relative permeability and capillary pressure curve choices were anchored in the
successful history match achieved with heterogeneous simulations on Estaillades Carbonate in
Figure 23. The Generalized Corey model parameterized the relative permeability, while the

Brooks-Corey model was employed for the capillary pressure curve.

Outcomes from the base case, including pressure, production, and saturation profiles, are
earmarked for contrasting results with alternative cases. Fluid injection was carried out over a

span of 10 hours at a rate of 0.25 ml/minute, simulated across 25-time steps.
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6.5 Verification of the 3D Simulations

We sought to authenticate the integrity of our 3D simulation implementation by juxtaposing
the results with those from the 1D simulations. Both relative permeability and capillary pressure
values remained consistent. Consecutive figures illustrate identical outcomes for both the 1D
and 3D cases under analogous conditions. These comparisons validate the reliability of the 3D
results. Base case simulation predictions are exhibited for further comparison.
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Figure 41: verifying that the 3D and 1D simulations result in the same results using and there are no

numerical artifacts in between.
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6.6 Sensitivity Analysis to Layering

In this section we aim to investigate the effect of different layering systems in terms of porosity,
permeability and capillary scaling on the saturation profile calculated by the simulator to form

a better understanding of the 3D heterogeneous simulations done in section 4.2.

1. Base Case: It features uniformly spread porosity and permeability fields with

parameters explained in the beginning of the chapter.

Porosity Permeability

015
| 0.06
0.04
0.02
1]

Figure 42: Permeability, Porosity and Saturation profile of the base case

2. Two Layers — Double Permeability: The top layer’s permeability is doubled,
maintaining a constant porosity. Initial advancement is faster atop the core, but post
stabilization, a piston-like displacement is observed. This case displayed diminished

production and pressure compared to the base case.

- -1
Permeability 10 Water Saturation at time step 4

= T 0 002 oqo4
— - 005 008 01 042 g4 gqg O
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‘Water Saturation at time step 7 Water Saturation at time step 25
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Figure 43: Permeability, Porosity and Saturation profile of the Two Layers — Double Permeability

case



114 Appendix C: Sensitivity Analysis in 3D Core Simulations

3. Two Layers — Double Porosity: Only the top layer’s porosity is doubled. The shock
front in the less porous layer accelerates prior to breakthrough, indicating contrasting
impacts of permeability and porosity on the shock front's velocity.

Porosity

Water Satruation at time step 6
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Figure 44: Permeability, Porosity and Saturation profile of the Two Layers — Double Porosity case
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4. Two Layers — Double Porosity — Double Permeability: Both porosity and permeability
of the top layer are amplified.
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Figure 45: Permeability, Porosity and Saturation profile of the Two Layers — Double Porosity —

Double Permeability case



116

Appendix C: Sensitivity Analysis in 3D Core Simulations

Figure 46 Permeability, Porosity and Saturation profile of the Two Layers — Double Porosity — 10

Two Layers — Double Porosity — 10 times permeability: Similar to the above, with the

top layer permeability enhanced tenfold.
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6. Three Layers — Variation 1: Here we assume a 3 layered system with the porosity of
the top layer being double the base porosity and the porosity of the middle layer 3 times
the base porosity. As in the 2 layered system, the layer with the lowest porosity has the
fastest velocity.
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Figure 47: Permeability, Porosity and Saturation profile of the Three Layers — Variation 1 case
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7. Three Layers — Variation 2: In this case we apply same multiplications to the porosity
and permeability, and a piston like displacement is observed in the predictions.
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Figure 48: Permeability, Porosity and Saturation profile of the Three Layers — Variation 2 case
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8. Three Layers — Variation 3: Here apply same multiplications to the porosity and

permeability, and a piston like displacement is observed in the predictions.
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Figure 49: Permeability, Porosity and Saturation profile of the Three Layers — Variation 3 case
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9. Three Layers — Capillary Scaling Factors Introduced: On top of previous scenarios,
capillary scaling factors are appended, influencing shock front velocities. Here on top
of the case before, capillary scaling factors are added. On the top layer we assign a
factor of 1.05 to scale the capillary pressure and a factor of 1.1 to the middle layer.
Note that in this scaling we divide the scaling by this factor, so a factor of 1.1 means
that the capillary pressure in the corresponding layer is less than the base case (look at
the Estaillades long core analysis report for the formulation). It is seen that the in the
middle layer with the highest capillary scaling factor, the shock front has the highest
velocity and this is coming only because of the scaling factor and not from the porosity
and permeability as it was investigated in the previous cases.
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Figure 50: Permeability, Porosity and Saturation profile of the Three Layers — capillary scaling case
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Appendix D: Code and Data Availability

The code and data used to conduct the studies presented in different chapters of this thesis are

made available as open source within the links below:

1. Chapter 3: https://github.com/omidreza-amrollahi/ad-scal - The link is already public.

2. Chapter 4: https://github.com/omidreza-amrollahi/ad-scal-heterogeneous - This link is

going public upon publication of the corresponding journal paper (Amrollahinasab et
al., 2024a).

3. Chapter 5: https://github.com/omidreza-amrollahi/immiscible-fingerwavelength-

simulation - This link is going public upon publication of the corresponding journal

paper (Amrollahinasab et al., 2024b).


https://github.com/omidreza-amrollahi/ad-scal
https://github.com/omidreza-amrollahi/ad-scal-heterogeneous
https://github.com/omidreza-amrollahi/immiscible-fingerwavelength-simulation
https://github.com/omidreza-amrollahi/immiscible-fingerwavelength-simulation
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