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Abstract

Global warming is a central challenge of this century. Thus, reducing anthropogenic greenhouse gas
emissions by transitioning to renewable energy sources is critical. Geothermal plants have a
considerable potential as a renewable energy source since they can constantly generate heat and
energy. However, disequilibrium in circulating fluids in the (fractured) reservoir can disturbed this
constant heat generation by e.g., mineral precipitation. Mineral scaling can reduce the efficiency of

plants; therefore, it must be minimized to guarantee a sustainable operation.

This work aims to contribute to a deeper understanding of mineral scaling in fractured reservoirs and
is part of the joint project called ReSalt. The digital rock physics (DRP) workflow was applied to model
hydro-mechanical particle deposition in fractured sandstone cores, which pose as analogue rocks to
reservoirs in Germany. The analysis focuses on barite particles since they are typical scaling minerals
in these reservoirs. Two main problems were studied in this study. The first topic is dedicated to the
extraction of reliable digital twins (DTs) of rocks. This work focuses on two crucial steps: the
segmentation and the correction of the partial volume effect (PVE). Some Novel machine learning
approaches were applied and compared to the conventional segmentation methods. The results
highlighted the potential of the machine learning segmentation methods. Based on the segmentation
results, a novel workflow was developed to correct the PVE in fractures. The fractures were
reconstructed at a higher resolution and validated by laboratory data (i.e., permeability, tracer curves,
mean aperture). It was demonstrated that the fracture reconstruction resulted in plausible DTs.

Recommendations for future studies were made to apply and advance the presented framework.

The second topic of this study focuses on the influence of various parameters (temperature, flow rate,
adhesion forces, particle size, and amount) on the hydro-mechanical barite particle deposition. A
numerical sensitivity analysis was conducted with two validated reconstructed fracture models.
Insights on optimal conditions for the least particle deposition were given. In the conclusion,

assumptions in the analysis are discussed, and an outlook for future studies is presented.

This thesis attempts to expand the concept of digital rock analysis for fractured rocks. Novel methods
were applied, and their benefits and current limitations were discussed. Since the PVE can heavily
affect DTs of rock fractures, the developed reconstruction workflow might contribute to creating
reliable DTs in future studies. The sensitivity analysis is the first step in understanding the importance
of various parameters on the process of hydro-mechanical particle deposition in fractures. Insights
from this dissertation can contribute to the design of more complex numerical and experimental

studies.



Zusammenfassung

Die gegenwartige Erderwarmung ist eine der groRten Herausforderungen dieses Jahrhunderts. Daher
ist die Reduzierung der anthropogenen Treibhausgasemissionen durch den Ubergang zu erneuerbaren
Energien unabdingbar. Geothermische Kraftwerke kénnen hierbei einen wichtigen Beitrag leisten, da
diese eine konstante Erzeugung von Warme und Strom leisten kénnen. Allerdings werden die Fluide
wahrend der Zirkulation aus dem chemischen Gleichgewicht gebracht. Dadurch kénnen u.a. Minerale
ausfallen, welche die FlieRpfade im Reservoir verandern kdnnen. Dieses Scaling kann die Effizienz der

Kraftwerke verringern und muss daher fiir einen nachhaltigen Betrieb minimiert werden.

Diese Dissertation leistet einen Beitrag zum Verstandnis von Scaling in geklifteten Reservoiren und ist
Teil des Verbundprojekts ReSalt. Im Projekt wurden Analoggesteine zu Untergrundreservoiren in
Deutschland und das hier typisch auftretende Scaling-Mineral Baryt behandelt. In dieser Arbeit wurde
das Digital-Rock-Physics- Konzept (DRP) angewandt, um hydro-mechanische Partikelablagerung in
geklifteten Sandsteinproben zu modellieren. Das erste Hauptthema dieser Arbeit widmete sich der
Erstellung von digitalen Zwillingen (DZ). Hierbei standen zwei Aspekte im Fokus: die Segmentierung
und die Korrektur des Partial-Volume-Effects (PVE). Neuste Machine-Learning (ML) und konventionelle
Methoden wurden zur Segmentierung angewandt und verglichen. Hierbei konnte das Potential der ML
Ansatze demonstriert werden. Basierend auf der Segmentierung wurde ein neuer Korrekturansatz des
PVE entwickelt. Die Klifte wurden in hoherer Ortsauflésung rekonstruiert und mit Labordaten
(Permeabilitat, Tracerkurven, Aperturen) validiert. Es konnte demonstriert werden, dass realistische
DZ durch die Korrektur rekonstruiert wurden. Zusatzlich wurden Vorschlage zur Anwendung und

Weiterentwicklung der Korrektur in zukiinftigen Studien formuliert.

Die zweite Hauptthematik dieser Arbeit widmete sich dem Einfluss von finf Parametern (Temperatur,
Durchflussrate, Adhéasion, PartikelgroRe und -anzahl) auf die hydro-mechanische Barytablagerung.
Eine Parameterstudie wurde mit zwei rekonstruierten Kliiften durchgefiihrt. So konnten Erkenntnisse
hinsichtlich optimaler Bedingungen, fir minimale Partikelablagerungen, gewonnen werden.

AbschlieBend wurden die Modelle diskutiert und ein Ausblick auf zuklinftige Studien gegeben werden.

Zusammenfassend versucht diese Dissertation das Konzept der DRP auf geklifteten Proben zu
erweitern. Neuste Methoden wurden angewandt und deren Vorteile und aktuelle Limitationen
diskutiert. Da der PVE einen groRen Einfluss auf DZ von Kliften haben kann, kann der vorgestellte
Korrekturansatz in zukilinftigen Studien Verwendung finden, um realistische DZ zu erstellen. Die
Sensitivitatsstudie stellt den ersten Schritt im Verstandnis der Relevanz von ausgewahlten Parametern
auf die hydro-mechanischer Partikelablagerung in Kliiften dar. Erkenntnisse dieser Dissertation konnen

dabei helfen komplexere numerische und experimentelle Studien besser zu planen.
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1.1 Introduction - Motivation

1. Introduction

1.1 Motivation

The mean global surface temperature increased by around 1°C from the pre-industrial period until the
last decade (2010 — 2019, with a reference period of 1850 — 1900, IPCC 2021). This ongoing global
warming can be mainly attributed to the anthropogenic emission of greenhouse gases (GHG; IPCC
2021). The most important GHGs are carbon dioxide (CO,), methane (CH4) and nitrous oxide (N»O),
whose concentrations in the atmosphere are rising along with the global surface temperature. Sources
of GHGs include the combustion of fossil fuels (oil, gas, coal), industrial processes, agriculture, biomass
and biofuel burning. The consequences of this rapid global warming are severe and include sea level
rising, ocean acidification, changes in ocean circulation, glacier retreating, reduction in permafrost,
higher frequency of climate extremes (e.g., droughts, heatwaves, heavy precipitation, floods), and
changes in precipitation and wind patterns. The degree and timescale of these effects depend on the

future emission of GHGs (IPCC 2021).

Global warming has major impacts on biodiversity and humankind (IPBES 2019; IPCC 2021). Therefore,
it is considered one of the biggest challenges of this century (United Nations 2015). To reduce the
impact of global warming, the United Nations consented in the Paris treaty to a maximum temperature
rise of around 1.5 - 2°C (UNFCCC 2015; IPCC 2021). There is a direct relationship between the
cumulative CO; (the most important GHG) emissions and the rise in global surface temperature (IPCC
2021). Hence, limiting this temperature increase corresponds to a budget of remaining CO, that can
be emitted. In order to reach this goal, GHG emissions must be reduced until net-zero anthropogenic

CO, emissions are reached in the middle of this century (IPCC 2021).

Energy and heat production is one of the primary sources of GHG emissions and, therefore, a
fundamental target for GHG emission reduction (IPCC 2014, BMU 2021). The transition from classical
(i.e., fossil fuel-based) energy sources to renewable energy sources (e.g., photovoltaic, wind power,
hydropower, tidal power, geothermal energy) is a crucial step in reaching the necessary climate goals.
For example, Germany's fraction of renewable energy sources used in energy and heat production has
been rising since 1990 and included in 2020 about 44 % of the gross electricity produced and 15.6 %
of the heat used (BMU 2021; BMWi 2021). While the fraction of geothermal energy, as a renewable
energy source, was still low in 2020 (around 0.1 % of the gross electricity production and approximately

1.5 % of the heat produced from renewable energies), it is increasing and, due to its advantages,
1



1.1 Introduction - Motivation

considered as substantial for the transition to net-zero anthropogenic CO, emissions (Eyerer et al.
2020; BMWi 2021). Hence, it is planned to extend the employment of geothermal power for the next
decades in Germany (Klaus et al. 2010; BMWi 2021; SPD, Blindnis 90/die Griinen and FDP 2021; Acksel
et al. 2022).

Geothermal power has a significant potential as a sustainable energy source because of its low
environmental impact, technical feasibility, constant energy production (weather independent), the
magnitude of potential energy sources, and their worldwide distribution (Barbier 2002; Stefansson
2005; Stober and Bucher 2014; Li et al. 2015; Shortall et al. 2015; Moya et al. 2018). In recent years,
the use of geothermal energy increased globally for both direct use (e.g., heat pumps, space heating,
bathing, and swimming) and for the generation of electricity. In 2019, approximately 88 countries
directly used geothermal energy, mainly through heating pumps, and about 30 countries generated
electricity through geothermal energy (Huttrer 2020; Lund and Toth 2021). While shallow geothermal
use (e.g. by downhole heat exchangers combined with heat pumps) is widely available, the feasibility
of geothermal electricity generation depends more on regional geological conditions, e.g., the increase
in temperature with depth (geothermal gradient, Stober and Bucher 2014; Shortall et al. 2015; Eyerer
et al., 2017). In Germany, the majority of utilized geothermal energy is used directly (e.g., by an
increasing number of installed heat pumps), and there are geologically suitable regions for geothermal
electricity generation, mainly in the Upper Rhine Graben, North German Basin and South German

Molasse Basin (Agemar et al. 2014; Stober and Bucher 2014; Eyerer et al. 2020; Lund and Toth 2021).

Deep geothermal systems can be classified as hydrothermal (e.g., doublet system) or petrothermal
(e.g., enhanced geothermal systems, EGS). Whereas the former systems utilize the energy stored in
water from aquifers, the latter systems utilize fluids to extract the energy stored in hot rocks. High
permeabilities are required to extract subsurface energies efficiently. If a reservoir does not have the
sufficient permeability, it can be enhanced by e.g., inducing or augmenting fractures by injecting water
at high pressures. Therefore, fractures are essential pathways in these stimulated reservoirs

(Zimmermann et al. 2010).

In both systems, it is common to use reservoir fluids or injected geothermal fluids in a closed loop: hot
fluids are conveyed through a production well to the surface, where the energy is extracted with heat
exchangers. By an injection well, the colder fluid is injected back into the subsurface, where it can flow
towards the production well (while extracting energy from the subsurface) and thereby closing the
loop (Stober and Bucher 2014). The reinjection is advantageous since the produced water (which can
have a high content of minerals and gases) is directly and adequately disposed of, subsurface pressure

2



1.1 Introduction - Motivation

is controlled, and the subsurface water is directly recharged (Stober and Bucher 2014; Kamila et al.
2021). The properties of these saline fluids depend on the characteristics of the reservoirs and the
conditions during the circulation (i.e., pressure, temperature, chemical composition). Problems
occurring during circulation include corrosion, subsidence, induced seismicity, and mineral
precipitation (scaling) because of oversaturation with changes in pressure, temperature, and fluid
composition. Therefore, a sustainable operation of geothermal plants requires careful planning of the
circulation process by considering the local geological conditions, kinetics and chemical equilibrium of

the circulating fluid (Stober and Bucher 2014; Kamila et al. 2021; Schéaffer et al. 2022; Zhao et al. 2022).

Common examples of scaling minerals are carbonates (CaCOs), sulphates (e.g., BaSO4, SrSO4), sulphites
(e.g., FeS, PbS, CuS), or quartz (SiO,). Scaling can form above the surface and e.g., reduce the inner
diameter of tubes or lower the efficiency of heat exchangers by building an insulating layer.
Precipitated mineral particles can also be transported with the reinjected fluid back into the reservoir
and alter the fluid pathways by deposition in pores or fractures. Hence, scaling can influence the
efficiency of the power plant (Baticci et al. 2010; Frick et al. 2011). Common remediations include
special coatings, pressurizing of water at the surface, adjusting operational conditions (e.g., degree of
fluid cooling, flow rate) or the addition of inhibitors or acids. When scales have formed, they can be
removed by physical or chemical methods (Saadat et al. 2010; Scheiber et al. 2012; Stober and Bucher
2014; Kamila et al. 2021; Tranter et al. 20214, b). Although anti-scaling methods are intensively studied,
there is still ongoing research to find environmental friendly methods with low economic costs that
work effectively against commonly encountered scaling minerals (Kioka and Nakagawa 2021; Zhao et

al. 2022).

In recent years, the increase in computational power and advances in interdisciplinary sciences (like
computational science or water resource research) enabled DRP to become an essential tool for
analysing unique or sensitive samples (Andra et al. 2013a, b; Ponomarev et al. 2022). The DRP workflow
is usually non-destructive and allows a quantitative analysis of complex samples. Furthermore, DRP
allows to carry out complex simulations on realistic three-dimensional (3-D) DT models, which can
complement or even replace expansive, time-intensive laboratory experiments (Saxena et al. 2017a).
Because of these advantages, DRP was applied in numerous studies to analyse e.g., sample properties,
reactive flow, tight gas production or particle transport through fractures and the pore space (Sell et

al. 2013; Stoll et al. 2019; Hinz et al. 2019; Zhang et al. 2019; Hale et al. 2022).

The DRP workflow can be summarized as “image and compute” (Sadeghnejad et al. 2021). The first
part of this paradigm includes the imaging and digitization steps: the sample acquirement, setting up

3



1.2 Introduction - Research project ReSalt

the experimental and imaging environment, reconstruction of acquired images, filtering, and
segmentation (Andra et al. 2013a, b). Recent advances in 3-D printing also allow sample replication
(based on segmented images) and the creation of artificial samples with predefined properties, which
also can be analysed in the DRP workflow (Kong et al. 2021). The segmented images are combined to
acquire a 3-D DT of the investigated sample. The second part of the DRP paradigm includes approaches
for analysing this DT (to obtain sample properties like permeability) and conducting simulations (e.g.,
particle transport; Andréa et al. 2013a, b). Each of these steps has its challenges and can influence the
results of the analysis (Saxena et al. 2019). Hence, various approaches exist for each step, and there
are numerous possibilities to combine methods in the DRP workflow for an appropriate analysis of a

given sample (e.g., lassonov et al. 2009; Schliiter et al. 2014).

In this thesis, the DRP workflow was applied to analyse barite deposition in fractured rocks. For this,
medical CT scans of single fractured sandstones were processed to obtain reliable DTs. Flow and
particle transport simulations were conducted with these DTs and validated with laboratory
experiments. A sensitivity study was conducted to analyse the influence of changing conditions on
particle deposition. The first part of this thesis presents the workflow to create meaningful DTs. Several
segmentation methods were applied, and the advantages of recently developed machine learning
approaches are discussed. The resulting analysis revealed the most suitable segmentation method for
analysing the fractured samples. In the next step, the segmented images were corrected for the PVE
by using a novel reconstruction method. Furthermore, this section discusses the influence of the PVE,
highlights the importance of a meaningful validation and confers limitations of the proposed
reconstruction method. In the second part, the validated DTs were used in a sensitivity study to analyse
the barite deposition under varying conditions. Operational conditions were investigated (e.g., pump
rate) to find optimal conditions to avoid barite deposition in fractures, minimize reservoir scaling and

extend the sustainable operation of geothermal power plants.
1.2 Research project ReSalt

Mineral scaling is a common phenomenon in geothermal power plants and influences their sustainable
operation (Baticci et al. 2010; Frick et al. 2011). Therefore, a deeper understanding of the relevant
processes is crucial (Schreiber et al. 2016). Scaling above the surface (e.g., at the heat exchanger or in
pipes) was extensively studied; however, fewer studies analysed scaling inside reservoirs (Schreiber et

al. 2016; Tranter et al. 202143, b; Zhang et al. 2022).
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Barite (BaSQ,) is a common scaling mineral in geothermal power plants at the upper rhine graben (e.g.,
in Soultz-sous-Foréts) and the North German Basin (e.g., in GroR Schénebeck), which are two of the
most important locations for the production of geothermal energy in Germany (Agemar et al. 2014;
Nitschke et al. 2014; Regenspurg et al. 2015; Haas-Niiesch et al. 2018; Ledésert et al. 2021). The risk of
barite scaling is high with highly saline fluids and high temperature or pressure changes during fluid
circulation (Tranter et al. 2020). Due to the presence of radionuclides in the barite scaling, particular
caution has to be taken when workers come in contact with scaled equipment (e.g., the heat exchanger
or pipes) and when the scales are disposed of (Scheiber et al. 2012; Ledésert et al. 2021). Furthermore,
when the low-soluble barite scale has formed, it is hard to remove (even when using acid), and
commonly applied mechanical removal is expensive and time-consuming (Akyol et al. 2014). Barite
scaling is especially troubling when the reservoir rocks are affected and fluid pathways (pore space or
fractures) are clogged (Birner et al. 2015). Therefore, it is favourable to prevent the formation of barite
scaling (Akyol et al. 2014). There is still ongoing research to inhibit barite scaling in an effective, low-
cost and environmental-friendly way (Lu et al. 2019). Another approach to minimize barite scaling is
to find the optimal operational parameters (e.g., pump rate) of the geothermal power plant to reduce

barite precipitation (Tranter et al. 2021a, b).

The goal of the ReSalt (“Reaktive Reservoirsysteme — Losung und Fallung von Salzen und die
Auswirkungen auf die hydraulischen und mechanischen Gebirgseigenschaften” (Reactive
Reservoirsystems — Scaling and Erosion and its Impact on Hydraulic and Mechanic
Reservoirproperties)) project was to provide deeper insights into reservoir scaling, by focusing on
barite scaling in single fractures in reservoir rocks. Various aspects were investigated, including the
kinetics of barite precipitation, the influence of surrounding conditions on precipitate morphology, the
impact of scaling on reservoir properties (i.e., permeability, porosity), hydro-mechanical properties of
analogue samples to sandstone reservoir rocks used in Germany, and the upscaling from the pore- to
the reservoir scale. Details regarding the different investigations can be found on the project website:

https://www.geo.tu-darmstadt.de/resalt/projekt_resalt/index.de.jsp.

A high-pressure-temperature column (HPTC) was built to conduct flow-through experiments in the
laboratory over several weeks and under similar conditions as expected in geothermal power plants
(e.g., elevated pressure and temperature, recirculating saline fluid, cooling of the fluid). This apparatus
allows to simulate the complex interaction of the fractured reservoir rock with the saline fluid under
conditions prevailing in a geothermal power plant (e.g., fluid circulation with a defined flow rate,

changing pressure and temperature). In the conducted experiments, barite scaling was induced by
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directly injecting barite particles into the samples. The experiments were accompanied by medical
XCT-based (X-Ray computed tomography) analysis before and SEM-based (scanning electron
microscope) analysis after. This thesis aims to provide a framework to obtain a meaningful (i.e., well-
validated) DT of the real samples and to simulate barite particle migration experiments to gain a
deeper understanding of the deposition of barite particles in single fractures. While laboratory
experiments are needed for the validation, the simulation of DT experiments can be used to conduct
additional analysis more efficiently, i.e., a faster, more cost-efficient execution of numerous
simulations of experiments with varying parameters. A fundamental understanding of the processes
leading to particle accumulation in single fractures assists in finding optimal operational parameters

to reduce scaling and allows for a more sustainable use of geothermal power plants.

The work presented in this thesis was conducted in close collaboration with the project partners, which

provided the sample material and data for verifying the modelling results. The fractured cores were

provided by the partners at the Technical University in Darmstadt (TU_
_). At the Ruhr University in Bochum (RUB), various laboratory experiments were

conducted to verify the digital models obtained from the XCT measurements. These experiments
included the determination of hydraulic parameters (permeability, hydraulic aperture, fracture
volume), tracer experiments (breakthrough curves), the preparation of barite particles and the analysis
of their size and morphology under varying conditions (e.g., temperature, chemical composition) and
flow-through experiments to observe barite deposition in the fractured cores. The barite deposition
was further analysed at the RUB (by Philipp Zuber) and TUD (by Prof. Dr. Martin Ebert) in terms of

deposition patterns, particle sizes and morphology.
1.3 Main objectives and thesis outline

The work presented in this thesis focused on three main objectives in the context of the ReSalt project:

(i) The segmentation process is a critical step in the DRP workflow, and there is still ongoing
research and discussion about suitable methods. In recent years, machine learning
approaches have been significantly improved and now allow to produce superior
segmentation results compared to conventional methods. The first objective of this thesis
focused on a comparison of different segmentation approaches (including conventional
and machine learning methods) to determine the most suitable method for processing the
acquired medical XCT images. The advantages and disadvantages of these methods were

discussed, in addition to the future potential of convolutional neural networks (CNN).
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(ii) The second objective focused on the influence of the PVE on the measured medical XCT
images and the importance of validating the obtained DTs. In order to compensate for the
PVE, a novel workflow was developed to reconstruct single fractures at higher resolution
without additional calibration data. The DTs were validated with various experimental
data and compared to the segmented fractures.

(iii) The final objective was devoted to the hydro-mechanical barite deposition in the digitized
fractured cores. After validating the DTs, particle transport simulations were conducted
under varying conditions. The influence of changing conditions (temperature, flow velocity
and rate, particle size, adhesion forces, number of injected particles) on the deposition
pattern and optimal conditions (i.e., where the least particles deposit) are discussed. Due
to simplifications applied in the model and the lack of quantitative laboratory data, the
sensitivity analysis provides only qualitative recommendations for the sustainability of
fractured reservoirs. The limitations of the study are discussed, and possible extensions of

the presented study are illustrated in the outlook.

The first two goals were dedicated to the preparation of a robust DT. The results and insights from the
analysis and validation can be used as a guideline for conducting future studies where similar samples
(single fractured rocks) are used. The third goal was to provide first insights into the particle deposition
pattern of barite particles under changing conditions. To validate these insights, more extensive
studies are needed e.g., with the consideration of particle morphology in the simulations.
Furthermore, the insights from particle deposition in single fractures can aid in understanding scaling

in fracture networks.

This thesis is organized as follows. The second chapter is devoted to the fundamental scientific
principles which are the basis for the conducted study and presents the state of the art of the applied
methods. The third chapter presents the utilized rock samples and details regarding the applied
methods for each step in the DRP workflow: scanning (medical XCT), segmentation, PVE correction,
aperture calculation and simulations (fluid flow, particle migration). Furthermore, the conducted
laboratory experiments are described. The data obtained from these experiments was used to validate
the DTs. The fourth chapter is divided into three parts, where each section presents the results and
discussion of one primary objective: the comparison of segmentation methods (published in Reinhardt
etal. 2022), the reconstruction workflow, and the barite particle deposition. The final chapter presents

the conclusions, summarizes the main results, and gives an outlook for future studies.
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2. Fundamentals

This chapter presents the fundamental science on which this thesis is based. The structure follows the
DRP workflow, starting with the sample material. Since single fractured rocks are considered in this
study, the first section focuses on fractured rocks. The next section illustrates the principles of
computed tomography and imaging artefacts, with a focus on the partial volume effect in the third
section. The acquired images are segmented in the next step, which is outlined in the fourth section.
The segmented images are combined to create a 3-D model of the investigated samples, which is used
for further analysis and simulations. The last sections present physical principles of fluid flow and

particle transport and how these are implemented in simulation software.
2.1 Fractured media

In order to quantify the fluid flow and the corresponding particle migration through fractured media,
a thorough characterization of the rock, fractures (single or network), flow properties and the
surrounding conditions is needed (Zimmerman and Bodvarsson 1996; Dang et al. 2019; Hu et al. 2020;
Liu et al. 2020; Tan et al. 2020). These (interacting) parameters include mechanical & elastic rock
properties, stress conditions (and history), surface roughness, fracture wall offset, contact areas,
anisotropy, the local distance between the fracture surfaces (i.e., the aperture), fracture size, fracture
type (i.e., natural or artificial), flow direction, flow rate, turbulence, tortuosity, matrix permeability,
interactions between the fluid and the rock (Bandis et al. 1983; Raven and Gale 1985; Zimmerman and
Bodvarsson 1996; Barton and de Quadros 1997; Ge 1997; Lough et al. 1998; Boutt et al. 2006; Kling et
al. 2016; Milsch et al. 2016; Kluge et al. 2017; Lang et al. 2018; Frank et al. 2020a; Cheng and Milsch
2021; Noiriel and Soulaine 2021; Zhang et al. 2022; Steefel and Hu 2022).

Various methods exist to characterize irregular fracture surfaces (i.e., roughness) qualitatively and
guantitively (Magsipoc et al. 2020). These include the joint roughness coefficient (Barton 1973; Li and
Zhang 2015), the relative roughness (Zimmerman et al. 1991) and statistical methods like Z2 (Myers
1962) and R, (EI-Soudani 1978). Furthermore, fractal theory can be applied to describe roughness and
its dependence on the observation scale (Fardin et al. 2001; Renard et al. 2006; Candela et al. 2009).
Fracture surfaces tend to be well correlated at large length scales and follow self-affine models below
a certain threshold (Brown 1995). For self-affine fractures, the Hurst exponent (and the fractal
dimension) can be used to express roughness (rougher surfaces exhibit lower Hurst exponents and
higher fractal dimensions), roughness anisotropy and scaling behaviour (Issa et al. 2003; Candela et al.

2012; Ficker 2017; Abe and Deckert 2021; Gutjahr et al. 2021).
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In order to derive hydraulic properties, fractures are commonly described based on their mechanical
aperture, which represents the distance between the opposing fracture walls, measured perpendicular
to a reference plane (Olsson and Barton 2001). Usually, the mechanical aperture is calculated as the
arithmetic mean of these local distances (Renshaw 1995). A famous method to relate this mechanical
aperture to the hydraulic properties of a fracture (flow rate and permeability, the potential of fluids to
flow through the fracture) is the cubic law. This relationship is derived from the Navier-Stokes equation
(see section 2.5) and assumes two smooth parallel plates, which are separated by a constant fracture
aperture and with laminar flow conditions (Witherspoon et al. 1980; Zimmerman and Yeo 2000).
Deviations of the hydraulic properties calculated by the cubic law from measurements of fractures are
reported in the literature and can be related to the complexities of actual fractures (e.g., roughness,
aperture distribution, contact areas). The influence of these parameters on the deviation depends on
individual fractures. For example, Kluge et al. (2017) reported a diminishing influence of fracture
roughness with larger apertures. Numerous modifications to the cubic law exist to improve its validity
(e.g., Zimmerman et al. 1991; Zimmerman and Bodvarsson 1996; Konzuk and Kueper 2004; Li et al.

2008a; Kluge et al. 2017, Blocher et al. 2019; He et al. 2021).

As a first adaption, the mechanical aperture is replaced by the effective hydraulic aperture, which
relates the actual fluid flow through a theoretical parallel plate fracture (with a constant distance equal
to the hydraulic aperture) that would support this fluid flow (Figure 1). The hydraulic aperture can be
measured directly (e.g., Cheng et al. 2020; Hale et al. 2020) or indirectly by first determining the
mechanical aperture and then applying conversion formulas. The mechanical aperture can be
measured by numerous methods, including XCT (e.g., Kling et al. 2016), profilometry (e.g., Matsuki et
al. 1999), photogrammetry (e.g., Zambrano et al. 2019b) or nuclear magnetic resonance imaging (e.g.,
Renshaw et al. 2000). Several correlations exist to approximate the hydraulic aperture from the
mechanical aperture (e.g., Renshaw 1995; Barton and de Quadros 1997; Matsuki et al. 1999; Xiong et
al. 2011; Xie et al. 2015; Kling et al. 2017; Tan et al. 2020, see Table 2 in subsection 3.5.3); however,
due to limitations in these approaches (e.g., only a limited number of fracture parameters is
considered), a universally accepted formulation does not exist (Souley et al. 2015; Kling et al. 2017).
Usually, the hydraulic aperture is smaller than the mechanical aperture (Renshaw 1995; Xiong et al.

2011; Xie et al. 2015; Kling et al. 2017).
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Figure 1.  lllustration of different aperture definitions on a rough fracture

The mechanical aperture (Gmechanical) Can be expressed as the arithmetic mean of the local distances between the fracture
surfaces perpendicular to a reference plane (e.g., a fitted plane through a rough fracture surface, Vogler et al. 2018; Renshaw
1995). In the cubic law assumption, the real fracture is simplified to two smooth parallel plates with a constant distance equal
to the mechanical aperture. The effective hydraulic aperture (anyarauiic) relates the fluid flow rate (Q) in an actual fracture with
a parallel plate model that would support the same flow rate. The hydraulic aperture is the distance of these parallel plates.
The local apertures can also be determined vertically (Qyerica, also called apparent aperture) or perpendicular to the fracture
surfaces (Gperpendicular, OF the true aperture).

In addition to the application of a hydraulic aperture, more complex modifications of the cubic law
were developed over the last decades. These approaches can be classified into two groups (He et al.
2021). Modifications of the first group introduce a correction factor to account for one or more
fracture properties like surface roughness (e.g., Witherspoon et al. 1980; Kottwitz et al. 2020), friction
(considering the Reynolds number, e.g., Zhang et al. 2015), or tortuosity (also considering contact area,
e.g., Cook et al. 1990; Xiao et al. 2013). Furthermore, several averaging methods can be applied to
determine a suitable mean aperture value (e.g., Neuzil and Tracy 1981; Tsang and Witherspoon 1981;
Renshaw 1995; Konzuk and Kueper 2004). Modifications of the second group are based on the local
cubic law (LCL) assumption. Since the cubic law assumes a fixed aperture value, its application is limited
when the fracture apertures are changing. The idea of the LCL approach is to divide the fracture into
smaller segments where the aperture is assumed to be approximately constant (i.e., the cubic law is
considered to be locally valid for each segment). The cubic law is then applied over each segment to
get an improved estimate of the hydraulic properties of the fracture (Brush and Thomson 2003; Wang
et al. 2015; Ju et al. 2019; He et al. 2021). However, approaches from both groups still have limited
validity because of e.g., negligence of local-scale flow behaviours (for approximations in the first group,

especially for complex fractures with significant aperture variations and high roughness, He et al.
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2021), sudden aperture variations (for LCL approaches, Brush and Thomson 2003) and high
computational demands (for LCL approaches, He et al. 2021). Deviations of the cubic law formulations
are reported in many theoretical (e.g. Zimmerman and Yeo 2000), numerical (e.g., Brush and Thomson
2003; Wang et al. 2015; Kottwitz et al. 2020) and experimental studies (e.g., Yeo et al. 1998; Konzuk
and Kueper 2004; Chen et al. 2017). An extensive summary of the various cubic law variations and

limitations can be found in He et al. (2021).
2.2 Computed Tomography & Artefacts

The key paradigms of digital rock analysis (digital rock physics, chemistry or biology) are often
expressed as “image and compute” (Andrd et al. 2013a; Sadeghnejad et al. 2021). Thereby, these
workflows heavily depend on the accurate imaging of the sample material. Various imaging techniques
can be applied for this investigation workflow: e.g., computed tomography based on X-ray- (with the
particular case of synchrotron-based XCT), neutron- or positron-radiation, or microscopy (with a
camera) in combination with microfluidic studies (e.g., Kulenkampff et al. 2008; Zambrano et al. 20193;
Hassannayebi et al. 2021; Jacob et al. 2021; Sadeghnejad et al. 2021). This section focuses on X-ray

computed tomography since this method is commonly used in DRP and was applied in this thesis.
2.2.1 Basic principles

Electromagnetic radiation with a wavelength in the range of pm — nm is called X-rays. Corresponding
to the small wavelength, X-rays possess high energies (Wallace and Hobbs 2006), which allow them to
penetrate objects that are impermeable to visible light (Clausnitzer and Hopmans 2000). During XCT
measurements, many 2-D images (composed of pixels) are created and afterwards combined into a 3-
D image (composed of voxels). Therefore, XCT provides (usually) non-destructive 3-D information
about the internal structures of nm- to m-sized samples and offers the possibility of time-resolved
information (4-D). Because of these advantages, XCT is applied in many scientific fields, including
material science, food science, metrology, earth sciences and biomedical sciences (Withers et al.
2021). Depending on the achievable resolution (and therefore the measurable sample size), lab-based
XCT can be categorized into medical or industrial CT (with voxel sizes 2 100 um), micro- (voxel sizes 2
0.1 um) and nano-CT (with voxel sizes down to = 10 nm, Withers et al. 2021). This subsection covers
the main principles of XCT: the experimental setup, the generation of radiation, the interaction with
materials, image reconstruction, and artefacts that can occur in the reconstructed images. Since

medical XCT was applied in this thesis, the following paragraphs focus on conventional lab-based XCT.
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A brief summary of the advantages of synchrotron-based XCT can be found at the end of this

subsection.

In a XCT setup, X-rays are generated at a source. The beam penetrates a sample, interacts with it and
changes with respect to the intensity and phase. The altered beam exits the sample and hits a detector,
which measures the 2-D beam intensity. The result is a 2-D projection at a given angle. In the next step,
the angle between the sample and the source and detector is changed (i.e., either the sample rotates,
and the source and detector remain static or vice versa), and another 2-D projection is generated. This
process is repeated until usually about 100 — 3600 projections (at different angles) are acquired. The
projections are reconstructed as 2-D greyscale (or CT numbers) cross-sections of the object. These
cross-sections can be combined to obtain a 3-D greyscale object (Withers et al. 2021). In order to
account for background noise and variations in pixel response of detectors, the offset (detector
readings when the X-ray source is turned off) and gain (detector readings with an active X-ray source
and no object between source and detector) calibrations are conducted before measurements

(Ketcham and Carlson 2001).

The main components of an experimental setup are the X-ray source, sample stage and detector
(Figure 2). Depending on the experimental requirements, varying realisations of the basic setup exist
e.g., either the sample or the X-ray source and detector (e.g., when imaging a living specimen) are
rotating; the X-ray beam can be fan- or cone-shaped; or the setup is extended with lenses, gratings or
for complex in-situ measurements (Clausnitzer and Hopmans 2000; Watanabe et al. 2011; Bultreys et

al. 2016; Withers et al. 2021; Noiriel and Renard 2022).
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Figure 2.  Illustration of the DRP workflow

Above, a typical lab-based XCT setup is shown, with a fixed source of X-rays, a rotating (fractured) sample and a fixed detector.
The detector registers projections for each angle. These are summarized in sinograms, which are used for the reconstruction
(e.g., by the filtered back-projection) to obtain a 2-D grey value image stack. Afterwards, the images are segmented and
combined to create a 3-D DT.

Usually, the X-ray source of lab-based XCT devices is an X-ray tube, where electrons are fired at a target
material (e.g., tungsten). Two processes mainly contribute to the emission of X-ray photons. The first
is the deceleration of electrons, which results in bremsstrahlung. Kinetic energy is converted into
electromagnetic radiation, where the amount of energy converted dictates the energy of
corresponding photons. Therefore, the bremsstrahlung produces a continuous spectrum. The second
source of emission is the excitation of electrons in a target material when they are struck by incoming

electrons. The excited electrons are shortly elevated to a higher energy state, and when they fall back
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to their ground state, the difference in energy between these states is emitted as radiation. Thus,
corresponding photons possess certain energies, depending on the target material. The resulting
polychromatic X-ray beam is a combination of the continuous energy spectrum of the bremsstrahlung
and the distinct peaks from the excitation radiation (Clausnitzer and Hopmans 2000; Wildenschild et

al. 2002).

The X-ray beam has an intensity (or photon flux density) and phase that can change when it penetrates
an object. The phase information can be used to obtain additional information about the penetrated
objects, e.g., to enhance the contrast between different materials (Bravin et al. 2013). The intensity of
an emitted monochromatic (single energy) beam Iy is attenuated by a homogenous material according

to Beer-Lambert’s law:
I =[,e ¥ (1)

with the beam's intensity (I) that is measured at the detector and the distance the beam travelled
through the object (x). The attenuation coefficient (Uo) of a material depends on the density and the
atomic number of the material, and the X-ray energy of the beam. The attenuation of the beam can
be attributed to three main processes. The first is photoelectric absorption, which occurs when an
incoming photon transfers its whole energy to an inner electron of the target atom, ejecting it as a
consequence. Compton scattering occurs when a photon interacts with an outer electron. The electron
is ejected, whereas the photon is deflected in a different direction and only loses a part of its energy.
The third process is pair production which happens when a photon is transformed into a positron-
electron pair when interacting with a nucleus. Usually, for geological samples, the first two
mechanisms dominate, where the importance of these processes depends on the applied X-ray
energies: photoelectric absorption is the dominant effect at energies between 50 — 100 keV, Compton
scattering dominates at energies up to 5 — 10 MeV and pair production at higher energies. Usually, for
geological samples, beam energies are not high enough for pair production to be relevant (Ketcham
and Carlson 2001). These processes also depend on the material density, and atomic weight and
number (Z) of the atom struck by the photons. Photoelectric absorption is proportional to Z*> and
Compton scattering to Z. The change of the attenuation coefficient with changing energy is smooth,

except for sharp increases at characteristic absorption edges (Ketcham and Carlson 2001).

In the case of heterogeneous samples, the contribution of each material is considered in the following

adaption of the Beer-Lambert law:

I = [ e Ziti%i (2)
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The subscript (i) denotes the contribution of each material passed by the X-ray beam. For a

polychromatic beam, the dependence of the attenuation on the beam energy (E) is considered:
I=[1,(E)[Zie i i]dE (3)

Since the precise spectrum of the X-ray beam is hard to quantify, and spatial variations (in the case of
a fan- or cone-shaped beam) must be considered, most reconstruction methods solve equation 2,
where each voxel is considered homogeneous with a single attenuation value. A cone-shaped beam is
used to exploit as many photons from the source as possible (Ketcham and Carlson 2001; Wildenschild

et al. 2002; Ketcham and Hanna 2014; Vasarhelyi et al. 2020; Withers et al. 2021).

When selecting the appropriate beam energy, the trade-off between penetration length and
attenuation contrast must be considered. Low energies result in higher attenuation coefficients and
higher attenuation contrasts between different phases, but also in lower penetration length, i.e., the
beam is only capable of penetrating thinner samples. It must also be considered that high energies can
damage the samples (e.g., because of heating). Thus, the optimal X-ray beam energy depends on the
sample materials and sample size. The size of the field of view (FoV) also influences the spatial
resolution, which can be quantified as the smallest distance at which the attenuation coefficient of

two points is separable. The spatial resolution (R) can be expressed as:
— Ra -1
R=215(1-) (4)

with the resolution of the detector (Rq4), the magnification (M) and the focal spot size of the X-ray
source (s). The latter increases with higher X-ray tube power. The magnification can be calculated by
dividing the distance between the source and detector by the distance of the source to the object. A
higher resolution is achieved when the object is positioned close to the source (i.e., higher
magnification), but consequently, a smaller FoV can be imaged. Therefore, the sample size determines
how close the sample can be positioned to the source while still imaging the whole sample.
Alternatively, only a smaller FoV can be imaged at higher resolutions (e.g., when only a portion of the
sample is relevant for the experiment), or the whole sample is measured in multiple steps (in smaller
FoVs), and afterwards, the datasets are stitched together. However, higher resolved datasets also need
more storage space and a higher acquisition time. The spatial resolution also depends on other factors
like signal-to-noise ratio or sample shape. Commonly, the incoming X-ray beam is converted into visible
light by a scintillator and then converted by the charge-coupled device (CCD) detector into electrons

for further digital processing (Wildenschild et al. 2002; Vasarhelyi et al. 2020; Withers et al. 2021).
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The acquired 2-D projections are reconstructed into greyscale cross-sections of the object by
computing the spatial distribution of the attenuation coefficient (for each voxel). This can be done by
iterative or analytic methods, which are based on the Radon transform. The filtered backprojection
belongs to the second group of methods and is commonly used. In this method, the 2-D projections
are used to construct sinograms. Each row in a 2-D projection contains the measured beam intensities
of one cross-section through the object (and each pixel holds the information along one beam path).
The same rows at each projection angle are summed up in a sinogram. The sinograms are used by the
backprojection reconstruction algorithm to uniformly distribute the measured intensities back at the
beam ray path at each angle. However, since the intensities are distributed over the whole beam ray
path, this also includes the background (i.e., empty areas). This leads to a blurred image, which is
corrected with a filter (commonly the ramp filter). With a cone-beam geometry, the individual slides
are not independent of each other and, therefore, depending on the angle, must be reconstructed in
3-D. The reconstruction works better when more projections are available (i.e., smaller angle changes

between the projections) and the sample does not leave the FoV during rotation (Withers et al. 2021).

Higher resolution XCT scans require longer scan times (exposure time), which can be problematic when
studying dynamic processes. Therefore, 4-D laboratory XCT studies are more suitable for monitoring
processes that do not need a high temporal resolution. Higher temporal (and spatial) resolutions can
be achieved with a synchrotron light source, which has a much higher X-ray flux and, thereby, lower
exposure times are needed to achieve high resolutions (Withers et al. 2021). Other advantages of
synchrotron light sources include the parallel beam geometry (which allows a more accurate image
reconstruction) and the option of applying an (adjustable) monochromatic beam (in this case, no
beam-hardening occurs), which enables the analysis of specific elements and the optimization of image
contrast. Disadvantages of this method include limitations in beam energies, which limits the sample
size, and the possibility of damaging a sample due to the high-intensity beam (Wildenschild et al. 2015;
Withers et al. 2021).

2.2.2 Artefacts

Various artefacts can arise during the XCT measurement and reconstruction. These artefacts lower the
image quality and make the subsequent segmentation more challenging. Depending on the extent of
image artefacts, some segmentation methods (e.g., conventional global thresholding) give
unacceptable results. Therefore, it is common to first apply filters to mitigate artefacts; however, these

methods have to be carefully applied since they can also lead to a loss of information (Schliter et al.
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2014; Saxena et al. 2017a; Berg et al. 2018; Pot et al. 2020; Withers et al. 2021). This subsection gives

an overview of common XCT artefacts and some correction strategies.

Beam hardening
Beam hardening is the most common artefact in XCT scanning and mainly causes two effects: cupping

and streaking (Ketcham and Carlson 2001; Ketcham and Hanna 2014; Yadava et al. 2014).

This artefact occurs since the spectrum of a polychromatic X-ray beam changes when penetrating a
sample. As the beam passes through a sample, the lower-energy components preferentially interact
with the material and are more readily absorbed or scattered (in comparison to higher-energy X-rays).
Consequently, the intensity of the polychromatic beam is reduced while the spectrum shifts to higher
energies. The beam has a higher average energy than the original beam (and is denoted as a “harder”
beam) and is then less attenuated by materials. Hence, shorter paths through a sample are
proportionally more attenuating than longer paths. In cylindrical samples, the edges of the sample
appear brighter (i.e., more attenuating) and the centre darker (i.e., less attenuating). This effect is
illustrated in Figure 3A and can be quantified by plotting the grey values in a profile across the sample
(dashed white line in Figure 3A). The result is the typical cup shape, with higher grey values at the
beginning and end of the profile and lower grey values in the middle (Figure 3B). Therefore, beam
hardening changes the grey value of a pixel depending on its position in the image (Ketcham and
Carlson 2001; Ketcham and Hanna 2014). Furthermore, beam hardening can cause streaking artefacts
(dark and bright lines) between and around dense objects in the sample. That effect can occur due to
scattered radiation, photon starvation and the different extent of beam hardening, depending on the
ray path (i.e., less hardening occurs when the beam only passes one dense object than when it passes

two dense objects; Yadava et al. 2014; Kyle and Ketcham 2015; Park et al. 2015; Orhan et al. 2020).

Several approaches exist to correct the beam hardening artefacts during or after scanning. In principle,
it would be possible to use a smaller sample or a high-energetic X-ray beam, where beam hardening
could be neglected. However, the latter also results in less attenuation contrast between different
materials and, therefore, difficulties in distinguishing objects (Ketcham and Carlson 2001; Wildenschild

et al. 2002).

A common approach is the filtering (by installing metal filters) of low-energy X-rays before the beam
hits the sample (pre-hardening of the beam). Since the whole spectrum of the X-ray beam is attenuated
(in different degrees), the beam intensity is lowered, and more image noise occurs in the image (unless

the scanning time is raised). The beam can also be filtered after passing the sample (post-hardening).

17



2.2 Fundamentals - Computed Tomography & Artefacts

Another approach is the wedge calibration, where a cylindrical object with similar attenuation
properties as the sample is scanned and used to calibrate the scans of the sample. (Ketcham and
Carlson 2001; Scarfe and Farman 2008; Jovanovic¢ et al. 2013). Another correction method is dual-
energy scanning, where the sample is scanned with different beam energies to differentiate the
contributions of the photoelectric absorption and the Compton scattering to the beam attenuation

(Jovanovic et al. 2013; Ketcham and Hanna 2014).

The beam hardening can also be corrected during data processing. One approach is linearization,
where the polychromatic attenuation data is transformed into the equivalent attenuation data a
monochromatic beam would produce. Although this approach is challenging in highly heterogenous
samples (Ketcham and Hanna 2014), the linearization was successfully applied in some studies (e.g.,
lizig et al. 2022). Other approaches try to adapt the reconstructed sinograms (obtained from the
polychromatic beam) to sinograms that would be obtained from a monochromatic beam. For this, the
travel paths of the X-ray beams have to be determined, e.g., from segmented images (e.g., Jovanovic
et al. 2013). Neural network approaches are also capable of removing beam hardening artefacts (e.g.,

Kalare et al. 2021).
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Figure 3.  Common image artefacts

(A) Exemplarily slide of a uXCT Scan of a sandstone sample, showing four common image artefacts: streaking (close-up in C),
ring artefacts (close-up in D), noise (in both close-ups) and beam hardening. (B) Grey values along the profile, which are shown
in (A), illustrate the cupping caused by the beam hardening artefact. The sample (“AaZ3”) was measured at the JGU in the
context of the HyINTEGER project. Details regarding the sample, measurements and project can be found in Hinz (2019).

18




2.3 Fundamentals - Partial volume effect

Ring artefacts

Ring artefacts are centred around the rotational axis and appear as full or partial rings (with varying
radii) that are brighter or darker than their surrounding (Figure 3A, D). This artefact can be attributed
to shifts in the output of detector elements. Rings are formed due to the misreading of fixed detector
elements while the XCT setup moves circularly during scanning. The shift can be caused by e.g.,
changing experimental conditions (in respect to the calibration), the different detector response for a
hardened beam (in contrast to the unattenuated beam used for the gain calibration) or a defective
scintillator or detector element (Ketcham and Carlson 2001; Kyle and Ketcham 2015; Orhan et al.

2020).

Ring artefacts can be reduced during scanning by moving the detector between projections or by
setting similar experimental conditions during the calibration and sample scanning (e.g., by using a
filtered beam for both procedures). The wedge calibration is also suitable for reducing ring artefacts.
Since ring artefacts appear as vertical lines in the sinogram, they can be removed before or after the
reconstruction. However, this can also lead to the alteration of linear features in the sample (Davis and

Elliott 1997; Ketcham 2006; Kyle and Ketcham 2015).

Other artefacts

Streaking artefacts (Figure 3C) can arise e.g., due to beam hardening, high attenuation by high-density
objects (photon starvation) and reaching the saturation intensity of the detector (Ketcham and Carlson
2001; Withers et al. 2021). Noise (Figure 3C, D) occurs due to fluctuations in the emission and detection
of photons and leads to grey value variations in homogenous areas (e.g., matrix grains). Noise can be
reduced during scanning (by applying higher energies or longer exposure times), during reconstruction
(with deep learning approaches) or by filtering the reconstructed images. A common noise correction
filter is the non-local means filter, which eliminates noise while keeping sharp phase boundaries
(Clausnitzer and Hopmans 2000; Schliiter et al. 2014; Diwakar and Kumar 2018; Guntoro et al. 2019;
Orhan et al. 2020; Andrew et al. 2021).

Other artefacts include projection artefacts, phase contrast artefacts, motion artefacts or cone-beam

artefacts (Davis and Elliott 2006; Cnudde and Boone 2013; Andrew et al. 2021; Withers et al. 2021).

2.3 Partial volume effect

Another complication of XCT measurements is the PVE. The grey value of each pixel in a CT image is
derived from the attenuation properties of materials at the corresponding position in the actual

sample. If multiple materials are present in the area represented by one pixel, the corresponding grey
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value of this pixel represents a mixture of the attenuation properties of these materials. This
phenomenon is called the partial volume effect (PVE). The PVE appears due to the resolution
limitations of XCT measurements (Figure 4) and leads to a blurring of material boundaries (Ketcham

and Carlson 2001).

A)

Figure 4.  Illustration of the partial volume effect

(A) Two circular objects are to be measured. (B) Due to the finite pixel resolution, the resulting grey values in the measured
image result either only from the background (0), only from the objects (10), or are a mixture of both grey values (between 0
and 10). The pixel grid is overlain in both images. Adapted after Soret et al. (2007).

The PVE gains influence in an image with low (i.e., coarser) spatial resolutions, small structures and
near material boundaries (Ketcham et al. 2010; Garfi et al. 2020; Yang et al. 2020). Thus, in the case of
fractures, the PVE has the greatest influence on low aperture areas and surface details (roughness).
This effect can complicate the segmentation process (e.g., Garfi et al. 2020) and result in an over- or
underestimation of fracture aperture, but it can also be exploited to gain additional information (Johns
et al. 1993). The PVE can be corrected if additional data is available (e.g., Kato et al. 2013; Ramandi et
al. 2017; Yang et al. 2020). Recent advances in deep learning techniques also include the application
of the PVE correction in the pore space (Wang et al. 2022). Although machine learning has great
potential, there are still some limitations that must be overcome (discussed in subsection 2.4.2). In the
case of fracture detection, there exist four popular methods to correct for the PVE and extract

information about the true fracture volume:

(i) The missing attenuation (MA) method is based on the attenuation characteristics of the
present materials, i.e., the X-rays are less attenuated by the fracture volume compared to the
matrix volume. Consequently, CT numbers (or grey values) of pixels can be used to distinguish
between pixels influenced by the presence of the fracture and the degree of the influence (i.e.,

the local fracture aperture). The MA method is suitable for small apertures (with respect to
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(ii)

the image resolution), i.e., with highly blurred fracture areas, since CT numbers of all pixels
affected by the presence of the fracture are integrated to determine the local fracture
aperture. Furthermore, the application to heterogenous rocks is possible, and a calibration is
not necessary (Ketcham et al. 2010; Huo et al. 2016).

The peak height (PH) method utilizes the negative peak in CT numbers caused by the lower
attenuation of the fracture volume compared to the surrounding matrix (e.g., employed in
Watanabe et al. 2011). This method requires careful calibration (e.g., by measuring CT values
of gaps with known width) and is usually applicable in homogenous materials and for small

fractures (Ketcham et al. 2010).

(iii) The full-width-half-maximum method (FWHM) uses the midpoint between the CT numbers of

the rock matrix and air to calculate the aperture. This approach is most suitable for apertures
larger than the spatial resolution (Ketcham et al. 2010) and less accurate compared to the MA
method (Van Geet and Swennen 2001). Cappuccio et al. (2020) successfully combined the
FWHM with the MA to extract a fracture network with mean apertures slightly above the
image resolution. They calibrated the MA with information from the FWHM analysis in fracture
apertures above the spatial resolution, to calculate the sub-resolution apertures in the

fractures.

(iv) The inverse-point-spread function (IPSF) method is a mixture of the MA and PH methods and

employs the IPSF to calculate the apertures of homogenous and heterogenous materials.
Studies showed promising results from this method; however, it is computationally expensive

and needs a calibration (Ketcham et al. 2010; Mostaghimi et al. 2017; Zhou et al. 2021).

The main disadvantage of most methods is the need for a calibration, which can be done with e.g.,

SEM images (Ramandi et al. 2017), spacers (Kling et al. 2016) or fractures with a unique and known

aperture (Watanabe et al. 2011). Additionally, most methods require resolved fracture apertures (i.e.,

the spatial resolution must be smaller than the apertures). The CFMA method allows the calculation

of sub-resolution apertures and was successfully applied in various studies (Huo et al. 2016; Kling et al.

2016; Wenning et al. 2019, 2021; Shen et al. 2021). However, uncertainties of about 20 — 60 um were

reported (Huo et al. 2016; Wenning et al. 2019) and Kling et al. (2016) demonstrated that even small

deviations in the CT value of the matrix can have a significant influence on the permeability.

Kling et al. (2016) used a simplified MA method with calibration data to reconstruct a 3-D fracture.

Shen et al. (2021) applied the CFMA method to calculate fracture volumes. Ramandi et al. (2017)

created a 3-D fracture network reconstruction in higher resolution than provided by the uXCT-images.
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However, they applied a calibration method based on SEM images. So far, no study has applied the
CFMA method without the use of calibration data (from additional measurements) to reconstruct a

single 3-D fracture in higher resolution.

2.4 Segmentation

Segmentation refers to the identification and labelling of distinct phases (like pores or minerals) in grey
value images. Segmentation is a crucial step in the DRP workflow, affecting the qualitative and
guantitative analysis of digitized samples (lassonov et al. 2009; Andra et al. 20133, b; Leu et al. 2014;
Saxena et al. 2017a; Pot et al. 2020). An ideal grey value histogram would show distinct peaks for each
phase (i.e., a multi-modal distribution). Due to imaging artefacts or similar phases, histograms are
usually complex with continuous distributions or overlapping peaks, which makes proper
segmentation challenging (Al-Marzougqi 2018; Berg et al. 2018). The quality of the segmentation is
usually quantified by comparing simulated rock properties with experimental data (e.g., porosity,
permeability, capillary pressure curves, pore size distribution). In order to ensure a meaningful
validation, more than one parameter should be considered (Leu et al. 2014). The segmentation result
is usually not unique (i.e., more than one result shows similar properties as the real sample), which in

turn introduces uncertainties in calculations based on the segmentation result (Krygier et al. 2021).

In order to avoid errors caused by the segmentation, alternative methods were proposed to directly
compute properties from the CT numbers of grey value images. Taud et al. (2005) developed an
algorithm to compute porosity from the distribution of CT numbers (or grey values). Goldfarb et al.
(2017; 2022) assigned voxel densities according to CT numbers by applying a calibration curve based
on measurements of materials with a known density. By assuming a linear relationship between
density and porosity, a voxel porosity was assigned. Based on this, the Effective Medium Theory was
applied to calculate shear and bulk modulus for each voxel. Furthermore, the wave propagation
through the sample was simulated in their studies. Their approach was validated with laboratory
measurements, and their results demonstrate that the segmentation-less methods can give better
results than workflows using segmented images (Goldfarb et al. 2017; 2022). lkeda et al. (2020)
calculated physical rock properties without scanning reference materials. These approaches are
computationally efficient (especially for large datasets), suffer less from user bias, and do not need
ultra-high spatial resolution (Goldfarb et al. 2022). However, only a limited number of properties can
be calculated, and the approach was not compared with more advanced segmentation methods (i.e.,

machine learning approaches).
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Other segmentation-less workflows include the analysis of dynamic features by directly using the
measured sinograms (Bihrer et al. 2020) or the automatic detection of fracture skeletons (Liang 2016)
or fractures in the grey value images (e.g. Ramandi et al. 2022). Although automatic fracture detection
seems promising, the approach was not compared with advanced segmentation methods, and it

remains unclear if the obtained fracture apertures are realistic (Ramandi et al. 2022).

Due to these shortcomings, segmentation is still a frequently applied step in the DRP workflow. Many
methods exist and can be categorized as conventional (lassonov et al. 2009) or machine learning
approaches (Chauhan et al. 2016), which also include recently developed methods that are based on
CNNs (e.g., Wang et al. 2021b). Numerous studies concluded that machine learning approaches have
the potential to overcome the shortcomings of conventional methods and provide superior
segmentation results (e.g., Andrew 2018; Berg et al. 2018; Karimpouli and Tahmasebi 2019;
Varfolomeev et al. 2019; Wang et al. 2021b).

2.4.1 Conventional methods

Conventional segmentation methods can be based on local or global differences in grey values. An
extensive overview of common methods is given by lassonov et al. (2009) and Schliiter et al. (2014).
Global segmentation methods are based on the global analysis of image features like the distribution
of grey values or the distribution of grey value gradients. By setting thresholds in the distribution,
voxels are categorized in defined phases. Thresholds can be determined manually or by applying
algorithms that find optimal threshold values. These algorithms include the Otsu method (Otsu 1979),
K-means clustering (MacQueen 1967), MaxEntropy (Kapur et al. 1985) or the Liu-Song algorithm (Song
et al. 2020). Local methods consider spatial information of the neighbouring voxels and are applied
locally on images. These methods include the watershed method (Beucher and Meyer 1993) or

workflows where the indicator kriging is applied (Oh and Lindquist 1999).

Global thresholding methods struggle with overlapping features, which are totally or partially falling
within the same range of grey values (Berg et al., 2018). Local methods are considered more accurate
and robust against changing input parameters and noise; however, local and global methods are both
often time-consuming, susceptible to operator bias and have problems with handling image artefacts
or complex grey value distributions. Furthermore, the segmentation quality can be significantly
impacted by the choice of the segmentation method and variations in input parameters (Taud et al.
2005; lassonov et al. 2009; Leu et al. 2014; Schluter et al. 2014; Saxena et al. 2017a; Varfolomeev et

al. 2019, Shou et al. 2020; Reinhardt et al. 2022). The application of image filters can improve the
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performance of conventional segmentation methods (e.g., by noise reduction before the
segmentation); however, filtering can also lead to a loss of information (Saxena et al. 2017b; Berg et

al. 2018; Pot et al. 2020).
2.4.2  Machine learning methods

Neural Networks

The application of machine learning methods in the DRP workflow quickly advanced in recent years
(Rabbani et al. 2021). In addition to well-established machine learning methods (e.g., random forest
(RF)), neural networks were adapted for many tasks in porous material research, including lithological
classification (Baraboshkin et al. 2020); rapid prediction of material properties (e.g., permeability,
tortuosity or the flow velocity field) from 3-D images (e.g., Rabbani et al. 2020; Santos et al. 2020); the
generation of synthetic samples, reconstruction and artefact removal (e.g., Mosser et al. 2017; Feng
et al. 2019; Shams et al. 2020; Andrew et al. 2021; Tawfik et al. 2022; Zheng and Zhang 2022; Li et al.
2022); enhancing resolution (e.g., Wang et al. 2018; Wang et al. 2020a; Ahuja et al. 2022; Algahtani et
al. 2022); and two or multi-phase segmentation (e.g., Karimpouli and Tahmasebi 2019; Karimpouli et

al. 2019; Varfolomeev et al. 2019; Phan et al. 2021; Tang et al. 2022; Lee et al. 2022).

Neural networks are composed of an input layer, output layer and various hidden layers in between.
The layers consist of many computational units called neurons, which receive input from the neurons
of the previous layer and output a value to the next layer. The neural network estimates the
relationship between inputs and outputs by assigning weights and a bias to the inputs of each neuron.
Nonlinearity is achieved by introducing activation functions, like the rectified linear unit (ReLU) or the
sigmoid function. The weights and biases are iteratively updated and optimized, using the gradient-
descent method and a cost function to quantify the prediction error (Goodfellow et al. 2016; Feng et
al. 2019; Rabbani et al. 2021). Deep learning methods are characterized by their multiple layers of
nonlinear information processing and their feature representation at successively deeper and more
abstract layers. The advantage of a deeper architecture is to extract and use more abstract information
(Deng and Yu 2014; Guo et al. 2016; Karimpouli and Tahmasebi 2019). CNNs belong to the deep
learning methods and are characterized by convolutional layers, which extract features by applying

the convolution operator (Badrinarayanan et al. 2017).

Special types of neural networks are encoder-decoder networks, where the encoder part subsequently
extracts more abstract image features (by downsampling the feature map), and the decoder part uses

the features to make a prediction (by upsampling). Encoder-decoder networks in the form of CNNs
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were successfully applied in the segmentation step of the DRP workflow (e.g., Karimpouli and
Tahmasebi 2019; Varfolomeev et al. 2019; Byun et al. 2021). Lee et al. (2022) evaluated two machine-
learning-based methods (U-net and RF) and three conventional methods for fracture segmentation.
Among them, the 2-D U-net model provided the best performance regarding the segmentation quality
and processing time. Studies indicated that a 3-D CNN is more robust and accurate than a 2-D CNN
since the former extracts the features in a 3-D space (Karimpouli et al. 2019). Furthermore, increasing
the complexity of CNN architectures has positive effects on their performance (Karimpouli and

Tahmasebi 2019).

Generating a ground truth for the training procedure remains challenging. The segmentation results
from conventional methods can be used as ground truth (Niu et al. 2020; Lee et al. 2022). However,
as discussed above, these segmentations depend on the applied method, suffer from user bias and are
less reliable in the presence of artefacts. Therefore, flaws in the provided ground truth can influence
the quality of the CNN segmentation (Niu et al. 2020). Karimpouli et al. (2019) and Wang et al. (2021b)
prepared the ground truth manually, which is time-consuming and also prone to user bias.
Furthermore, the quantity and quality of the training data are crucial for the quality of the CNN
segmentation. For example, data augmentation or the generation of synthetic data can be applied to
increase the quantity of available training data (Karimpouli and Tahmasebi 2019; Wang et al. 2021a).
Without prior filtering, CNNs provide good segmentation results (and avoid user bias) if appropriate
training data is available. However, it can be challenging to get sufficient training data of good quality.
This is especially troubling with unique samples (Hiramatsu et al. 2018; Karimpouli et al. 2019;
Varfolomeev et al. 2019; Niu et al. 2020). Besides the availability of sufficient training data, other main
challenges of deep learning approaches include the lack of standard benchmark datasets, high
computational demands, the standardization of performance measures, accuracy limits, and their

extrapolative potential (Wang et al. 2021a).
Random Forest

Interactive machine learning algorithms, using classifiers like the RF, were also successfully applied for
segmenting geological data (e.g., Berg et al. 2018; Jacob et al. 2021; Reinhardt et al. 2022). If the
classifier is appropriately trained, it can handle image artefacts (i.e., no prior filtering step is
mandatory), and it can perform better than conventional methods (Berg et al. 2018; Scanziani et al.

2018; Kovacs et al. 2019; Garfi et al. 2020).

The training data for each phase is usually provided by the user via brush strokes, directly on images

of the dataset, or a similar one. Therefore, the segmentation does not require extensive, additional
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training data. In order to learn the characteristics of each segmented phase, several image filters with
varying parameters are applied. This allows the extraction of features from the images. These features
provide additional (i.e., besides the grey value information) and more abstract information about each
phase and allow the classifier to better distinguish the phases (Arganda-Carreras et al. 2017; Berg et

al. 2019).

A filter is applied to an image by convoluting the image with a smaller matrix called kernel (e.g., Gupta
and Chandel 2013). Figure 5 presents an overview of commonly applied filters in interactive machine
learning methods. The resulting images, after applying the corresponding filter on the grey value image
(Figure 5A), are shown. The Gaussian smoothing filter (Figure 5B) uses a kernel based on the Gaussian
distribution and is applied to blur images, thereby removing noise and details (Hsiao et al. 2007). The
Laplacian of Gaussian filter (Figure 5D) combines the Gaussian smoothing with the Laplacian filter,
where the former filter smooths the image, and the latter enhances edges. The prior smoothing step
is necessary because the Laplacian filter is error-prone in the presence of noise. The applied kernel is
based on the Laplacian operator, which is applied to the Gaussian distribution. This filter is used for
edge and blob detection (Gonzales and Woods 2007; Kong et al. 2013). The difference of Gaussians
filter (Figure 5C) is a computationally efficient approximation of the Laplace of Gaussians filter and is
therefore also used for edge or blob detection. The kernel is based on the difference of two Gaussian
distributions (Wang et al. 2012; Kong et al. 2013). The (2-D) Gaussian gradient magnitude filter (Figure
5E) is used for edge detection. Its kernel is based on the first derivatives of the Gaussian distribution
in the X- and Y-directions (Sanders et al. 2016; Kurale and Vaidya 2017). The Hessian of Gaussian
eigenvalues filter (Figure 5F, G) is based on the second-order partial derivatives of a Gaussian
distribution, which are represented in the Hessian matrix and convoluted with the image. Eigenvectors
of the Hessian matrix describe the direction of curvature, and corresponding eigenvalues describe their
magnitude. In 2-D, one eigenvalue describes the largest contrast change (locally), and the second
eigenvalue represents the contrast change orthogonal to the first one. The information of both
eigenvalues can be used to gain structural information (e.g., tubular structures in the image). Applying
this filter can give two sets of images, one with the bigger eigenvalue and one with the smaller
eigenvalue (Voorn et al. 2013; Mao et al. 2021). The Structure tensor is a matrix composed of the
gradient (first-order partial derivatives) of a Gaussian distribution, convoluted with the image. The two
corresponding eigenvalues (each gives one set of images) are used for the structure tensor eigenvalues
filter (Figure 5H, 1) and can be utilized to detect edges and corners (Baghaie and Yu 2015). The strength

of all these filters can be changed by setting the standard deviation (o) of the Gaussian distribution.
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The information from the grey value and filtered image are used by a classifier to create a

segmentation (Figure 5J).

Gaussian gradient
magnitude filter

Difference of gaussians

Laplacian of gaussian filter
filter i 2

Grey value image Gaussian smoothing filter

Hessian of gaussian eigenvalues filter Structure tensor eigenvalues filter Binary image

Figure 5.  Overview of commonly applied filters in the interactive machine learning workflow

Filters are applied to the grey value image (A) to obtain features that allow for a finer distinction between the present phases.
The Gaussian smoothing filter (B), difference of Gaussians (C), Laplacian of Gaussian (D), Gaussian gradient magnitude (E),
Hessian of Gaussian eigenvalues (F, G), and structure tensor eigenvalue (H, 1) are applied with a sigma value of 1 on the grey
value image (A) to obtain the features used to generate the segmentation result (J). The filters in the llastik software are
implemented as described in https.//ukoethe.github.io/vigra/doc-
release/vigra/group__ConvolutionFilters.html#gab80e356fa487f97d718ed815a3cf4855.

Filters are applied to the grey value images to obtain features, which are used by an RF classifier to
create a segmentation. The classifier is composed of multiple, uncorrelated decision trees, which are
built by using bagging (bootstrap + aggregating) and feature randomness (Breiman 2001). Each
decision tree splits the data at decision nodes (using a random subset of features) until a leaf node is
reached, where a class is assigned. The threshold for splitting the data can be chosen randomly or
optimized by considering metrices like entropy or Information Gain. For each decision tree, a random
subset of the training data (provided by the user via brush strokes) is selected by bootstrapping. Each
decision tree makes a prediction for each voxel, and the final class assignment is decided by the
majority of the votes (aggregating). Since the individual trees are trained on a random subset of the
training data, there exists unused training data for each tree (out-of-bag dataset). This dataset is used
to quantify the quality of the RF by evaluating the predictions of the RF on this dataset (since it is
training data, the correct result is known). The ratio of incorrectly classified out-of-bag data is called
out-of-bag error. This measure allows the comparison of different RFs and thus optimization of the

applied RF without the need for an additional validation dataset (Biau and Scornet 2016).
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Popular implementations of the interactive RF classifier include the Trainable Weka Segmentation
(TWS; Arganda-Carreras et al. 2017) and the software package llastik (Berg et al. 2019); both are open-
source. Compared to the llastik implementation, the TWS has higher computational demands and
requires a deeper knowledge of the applied methods since the user must decide on the classifier and

filters used. In contrast, llastik offers a predefined workflow (Berg et al. 2019).
2.5 Fluid dynamics

This section presents the fundamental laws to describe fluid dynamics assuming Newtonian fluids, i.e.,
the fluid viscosity (the shear stress is linearly related to shear rate, Batchelor 2000) and density (i.e.,
incompressible fluid) are constant. The physics of the fluid flow at the pore scale obeys the laws of
momentum and mass balances. The mass balance is expressed as Vi = 0, with the 3-D fluid flow
velocity field 4. In order to conserve mass, the change of flow velocity in one direction (X, Y, or Y) must

be compensated by the change of flow velocity in the other two directions.

The momentum conservation is described with the Navier-Stokes equation:
—uli + (pU* VU +Vp=f (5)

with the dynamic fluid viscosity (u), the fluid density (p), the pressure (p), and the force density field

(f). The Stokes part of the equation considers the viscous force, while the Navier part corresponds to
the inertial effects (i.e., convective acceleration). Due to small changes in fluid composition at the pore
scale, the density is assumed to be constant, and effects due to gravity are neglected (Noiriel and
Soulaine 2021). For slow flow rates (usually applicable for flow in aquifers and reservoirs), the Navier-
Stokes equation can be further simplified by neglecting the inertial effects (pressure drop is linearly

related to the mean velocity). The result is the Stokes equation (Blunt 2017):
—pAG +Vp = f (6)

The Reynolds number (Re) is the ratio between inertial and viscous forces and is given by:

Re= 22 7
e =2 )

with the typical flow speed (v) and the characteristic length scale (l), which can be a representative
pore length in the context of porous media or the mean aperture in flow through fractures (Blunt 2017;
Stoll et al. 2019). Equations 5 and 6 are recommended for fluid flows with a low Reynolds number.
Darcy's law can be applied at the laminar flow condition to calculate the permeability (K) by using the

calculated force density field (Darcy 1856):
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i=—2(p-f) (®)

The permeability is a property of the medium and expresses the potential of fluids or gases to flow
through the porous/fractured medium (Schwartz et al. 1993). The fraction of void space in a porous
medium is expressed as porosity. Fluid flow through such a medium is only possible if the pore space
is connected (Holting and Coldewey 2005). Another important parameter in this context is the
tortuosity, which describes the deviation of the actual flow path length of the straight distance
between two points (e.g., Clennell 1997; Xiao et al. 2013). Alternative approaches to deviate properties
of fractures (e.g., permeability, connectivity) include the persistent homology analysis, where

topological and geometrical information is used for these estimations (e.g., Suzuki et al. 2021).

For solving the Navier-Stokes and Stokes equation, boundary conditions (BCs) are applied to the
computational domain. BCs reduce unwanted boundary effects by defining the fluid behaviour when
it encounters an obstacle or a boundary of the computational domain. Common BCs include the no-
slip condition on the surfaces of solids (i = 0) or the symmetric and periodic BCs, which extend the
computational domain for the calculations (Hilden et al. 2020). Several computational fluid dynamics
software (e.g., OpenFOAM (OpenCFD Ltd), GeoDict (Math2Market GmbH) or COMSOL Multiphysics

(Comsol Multiphysics GmbH)) exist to compute fluid flow in 3-D geometries.
2.6 Particle transport

Suspended solid phases are traditionally classified based on their size; however, multiple definitions
for the size ranges exist in the literature (Lead and Wilkinson 2007). Commonly, solids with a diameter
between 1 nm and 1 um (up to 10 um) are defined as colloids. Additionally, the term nanoparticle can
be applied to colloids with a diameter below 100 nm. Due to the different shapes of solid phases, an
equivalent diameter can be applied to compare different solids (Lead and Wilkinson 2007; Zhang et al.
2012; Molnar et al. 2019). The definition of dispersed solid phases can also be based on transport
behaviour. In contrast to molecules, the diffusion of colloids can be expressed by Brownian motion
(due to collisions, expressed as a random walk), the forces of interaction can be bigger, and their
motion is more determined by the flow (i.e., colloids follow the flow trajectories more strictly than
molecules). For bigger solids (commonly referred to as particles), the influence of diffusion diminishes,
and the specific surface area (which influences the reactivity) gets smaller (Molnar et al. 2019). Sources
of suspended particles include precipitation, physical and chemical erosion, or flushing of material that
coats minerals or (partially) fills fractures/pores (Molnar et al. 2019). The investigation of suspended

solid materials is motivated by e.g., their clogging potential of porous/fractured media or their
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potential to transport contaminants (Ryan and Elimelech 1996; Cumbie and McKay 1999; Valsala and
Govindarajan 2022).

In pore-scale modelling, the transport of particles in fluids is characterized by advection and diffusion
(e.g., Bijeljic et al. 2004; Rolle et al. 2012). The change of concentration (c) over time (t) is expressed
by the advection-diffusion equation, which is based on a Fickian law (e.g., Bauget and Fourar 2008; Li

et al. 2008b):
% = V(DVc) — V(o) 9)

with the molecular diffusion coefficient (D). The particle movement due to advection depends on the
fluid velocity, whereas the Brownian diffusion depends on the particle concentration and the diffusion
coefficient. With smaller particle sizes, the influence of Brownian motion gets more important (Molnar
et al. 2015). Usually, in fractured or porous media, advection dominates along the flow paths (e.g., in
a fracture), whereas diffusion dominates in porous domains that do not support the main flow paths
(Noiriel et al. 2007). The advection transports particles along streamlines, whereas diffusion allows

particles to deviate from them (Molnar et al. 2019).

Usually, during transport, a spatial spreading (dispersion) occurs. In single fractures, the dispersion can
be attributed to (i) the parabolic fluid velocity profile between the fracture surfaces (Taylor-Aris
dispersion), which describes the dependence of flow velocity on the distance to the solid (i.e., velocity
is zero at the boundary, and highest in the middle of the fracture). (ii) Roughness and (iii) aperture
variability (and channelling) further modulates the velocity distribution in the fracture (i.e., leading to
more heterogenous flow fields with nonlinear features like eddies). Furthermore, (iv) Brownian
diffusion, (v) matrix diffusion, or interactions with the rock due to (vi) sorption can influence the
dispersion (e.g., Roux et al. 1998; Bodin et al. 2003b, a; Boutt et al. 2006; Blunt 2017; Briggs et al. 2017;
Zou et al. 2017; Stoll et al. 2019). The dispersion can be analysed with the characteristics of a
breakthrough curve, where the particle concentration is plotted against the time. These features
include breakthrough time, number of peaks, peak heights, shape, or tailing behaviour (e.g., Bodin et
al. 2003b; Chen et al. 2017; Stoll et al. 2019; Frank et al. 2020b). The conventional advection-diffusion
equation fails to predict the transport behaviour of heterogeneous media because of the occurrence
of non-Fickian behaviour, including an earlier breakthrough, longer tails, and multiple peaks (e.g., Chen
et al. 2017; Dou et al. 2019; Wang et al. 2020b). Several studies demonstrated that the continuous-
time random walk theory is capable of overcoming the shortcomings of the classical advection-

diffusion equation (e.g., Bauget and Fourar 2008; Berkowitz and Scher 2009; Wang and Cardenas 2015;
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Dou et al. 2019; Frank et al. 2020a). At long resident times or length scales large compared to the size
of heterogeneities, the non-Fickian behaviour transitions into Fickian behaviour, nevertheless, usually,
these scales are large, and therefore the non-Fickian behaviour must be considered (e.g., Berkowitz

and Scher 2009).

In this study, the AddiDict module of the GeoDict 2020 software package was applied to compute the
movement of molecular (tracer particles) and finite-sized particles (barite particles). The equations
presented below are shown as they are implemented in the simulation software. The capabilities of
the GeoDict software were demonstrated by various studies (e.g., Chagneau et al. 2015; Glatt et al.

2015; Khan 2014; Lenchenkov et al. 2018; Hinz 2019).

The transport of molecular particles is described by the advection (based on the previously computed
flow field) and (Brownian) diffusion. However, additional influences on particle transport could be
considered and include electrostatic forces, external forces, diffusion into the rock matrix, and particle-
particle interactions. The advection is the bulk movement of the liquid, i.e.; the particles are
transported along with the streamlines of the fluid flow (Clennell 1997). The Brownian motion
describes random particle movement (i.e., deviation from the streamlines) due to collisions within the
fluid (Njuguna et al. 2021). The diffusive motion can be expressed with equation 13 and the Stokes-

Einstein relation (equation 10; Einstein 1956):
Axp, = V2D =t (10)
where x; is the travelled distance of a particle.

The molecular particle motion (%) can be obtained by adding the flow velocity (i, therefore accounting
for advective transport) with the random Brownian motion (accounting for diffusion) for each time

step (dt). The Brownian motion is simulated by applying a random walker combining a probability

function (the 3-D Wiener measure W(t), which is used to mimic Brownian motion in 3-D) and

equation 10 (Rief et al. 2006; Spivakovskaya et al. 2007; Constantin and lyer 2008; Weber et al. 2020):
% =14+2D d‘g—t@ (11)

The transport of particles with a defined size (i.e., not molecules) is computed by the following

equations 12 - 14, which consider the mass (m) and the radius (r) of the particles (Weber et al. 2020):

av _ = = dw(t)
ma—y(u v+\/2D—dt) (12)
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kgT

D= —=— 13
- (13)

y = 67'[HCL (14)

with Boltzmann constant (ks), the temperature (T), the friction coefficient (y), and the Cunningham
correction (Cc), which corrects for drag forces acting on very small particles that move through a fluid
(Cunningham 1910). The Cunningham correction is usually not necessary for particle transport in water
(Weber et al. 2020). Note: the presence of particles does not influence the velocity field in this

approach.

For the interaction of particles with solids, three collision models can be considered. In the caught-on-
first-touch model, particles are simply deposited when they collide with a solid. In the sieving model,
the particles do not stick to the solid surfaces but can be caught if they do not move anymore or are in
contact with the solid at two different points. The restitution parameter is used to determine the
energy loss at a collision in the following manner: a restitution value of 0.3 would result in an energy
loss of 70 % at a collision, and the particle is reflected with a 70 % lower speed than it had before the
collision. Restitution values of 0 and 1 would result in a complete or no energy loss at a collision,
respectively. The Hamaker model considers adhesive forces, i.e., particles stick to the surface if their
velocity is sufficiently small. The criterion is given by:

H
v? < -
ampayr

(15)

with the adhesion expressed as the Hamaker constant (H) and the adhesion distance (ao, in AddiDict a
constant value of 4x10'° m is implemented). Since the particle radius is considered in this collision
model, it is only available for finite-sized particles. The Hamaker model also considers the energy loss
of a particle when colliding (i.e., restitution) with a solid phase (Hamaker 1937; Rief et al. 2006; Weber
et al. 2020).

The dimensionless Péclet number (Pe) is a common measure to describe the dominant transport

mechanism in a system. Pe is defined as the ratio of advection and diffusion:
Pe = — (16)

Hence, diffusion is the dominant transport mechanism at Pe < 1, and advection dominates at Pe > 1

(e.g., Stoll et al. 2019).
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BCs of simulating particle transport include the reflective BC (particles are reflected at this boundary),
the periodic BC (particles leave at this boundary and enter the domain at the opposite side), and the
open BC (particles are allowed to leave the model domain at this boundary). Particles leaving the

computational domain at the latter boundary are counted in the computed breakthrough curve.
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3. Materials & Methods

3.1Samples

Two different sandstone samples were obtained within the framework of the ReSalt project and used
in this subsequent study. A Flechtinger sandstone was chosen as an analogue material of the
geothermal reservoir rock at GroR Schoénebeck (Heiland 2003; Blocher et al. 2014, 2016). The
Flechtinger samples originated from a quarry in Bebertal (Saxony-Anhalt, Germany) at the Flechtinger
mountain ridge. In previous studies, it was described as a well-consolidated, well-sorted, cross-bedded,
and fine-grained Permian sandstone with a reddish-brown colour (Heiland 2003; Hassanzadegan et al.
2012). The porosity was determined in a range from 6 — 11 %, with mean grain sizes between 0.1 —
0.4 mm, and the matrix permeability ranging from 10Y” — 10 m? (Heiland 2003; Blécher et al. 2009;
Stanchits et al. 2011; Hassanzadegan et al. 2012). The second sandstone type used in this study is the
Remlinger sandstone, forming a Triassic formation at the Thiingersheimer Anticline. The samples were
taken from a quarry in Remlingen, near Wiirzburg (Bavaria, Germany). The mean porosity of the drilled
sample cores was found to be slightly higher than the Flechtinger samples (approximately 12.9 %),
whereas a similar mean matrix permeability of 5.50x10"Y” m? was determined by Frank et al. (2020b).
Visually, the Remlinger sandstone was described as more homogeneous and isotropic than the
Flechtinger sandstone (Frank et al. 2020b). Due to the low matrix permeability (i.e., water flow through
the matrix could be neglected), like the Flechtinger samples, this sandstone was suitable for analysing

the fluid flow and the hydro-mechanical particle deposition in fractures.

For both sandstone types, five samples with dimensions of about 9.9 x 15 cm (diameter x length) were
prepared for the subsequent DRP investigation. Samples were drilled on different blocks from each
quarry, with a drilling direction perpendicular to the stratification. Single tensile fractures were
generated by applying a Brazilian test (e.g., Wang et al. 2020c) over the length of the samples. After
splitting, both core halves of each sample were covered with a shrinking tube (PTFE 400-101, 6/25,
4mm (4”')) to stabilize the cores and avoid unwanted displacement during the transportation and
experiments. Hereinafter, the samples are named in the following way: the first three letters indicate
if the sample is a Flechtinger (“Fle”) or a Remlinger (“Rem”) sandstone, the first digit represents the
number of the quarry block, followed by the number of the drilled sample from that corresponding
block. For example: “Fle_8_S2” labels the second Flechtinger sandstone core drilled from block

number 8.
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3.2 Computed Tomography

Ten fractured sandstone cores were scanned with the medical XCT instrument “SOMATOM Definition
AS VA48A instrument”, located at the Montanuniversitat in Leoben. As beam settings, an energy of
120 keV and 90 mA was applied, and for the reconstruction, the associated device software (Somaris/7
syngo CT VA48A) was used. The reconstructed image stacks exhibit grey values normalized to the
Hounsfield scale, which is commonly used in medical CT fields and designed to emphasise the contrast
between air, water, tissue, and bone (Hounsfield 1980). This scale typically ranges from -1000 (typical
for air) to over 2000 (typical for bones) and is expressed in Hounsfield Units (HU, Zatz 1981). The HU
of a material is calculated by multiplying 100 by the difference in the linear attenuation coefficients of
the material and water, divided by the difference in linear attenuation coefficients of water and air
(Vasarhelyi et al. 2020). Before the segmentation, these images were pre-processed in the following
steps, using the 3-D visualization software Avizo 2019.3 (FEI Visualization Sciences Group, France): (i)
the Lanczos filter was applied to resample the images to a uniform voxel size of 200 um (Lanczos 1950),
(ii) the image type was converted to 16-bit (unsigned), and (iii) the grey values were raised by 2000 to
eliminate negative grey values. The resulting image stacks had dimensions of 570 x 570 x 789 voxels.
For the segmentation method comparison (sections 3.3 and 4.1), the pre-processed images were

additionally masked, i.e., the background voxels were set to a grey level value of zero.

3.3Segmentation

3.3.1 Conventional methods

In order to further analyse the dataset and run simulations, the grey value image stacks must be
converted into binary images. Since this step is crucial for the following analysis and can introduce
significant errors, the segmentation method must be chosen carefully, and the results must be
adequately validated (Leu et al. 2014). That is particularly the case with grey value histograms that
show a continuous distribution without distinct peaks for the occurring phases. Since that behaviour
was observed for each sample (Figure 6), the segmentation was expected to be challenging, especially
for conventional methods (Al-Marzouqi 2018). Therefore, for each sandstone type, one representative
sample was selected (Fle_8 S1 and Rem_1_S2) to evaluate the performance of conventional
segmentation methods (i.e., global thresholding techniques, watershed segmentation) against more

advanced machine learning approaches (RF classifier and CNN).

For both samples, global thresholds were computed by using the Otsu method (Otsu 1979) and K-

means clustering (MacQueen 1967), as implemented in GeoDict 2020 (Math2Market GmbH,
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Kaiserslautern, Germany). The Otsu method is a histogram-based thresholding technique which
determines a global threshold by minimizing the in-class variance. K-means clustering identifies a
number of centroids (given by the user) and clusters the available data points around their nearest
centroid. Iteratively, the position of the centroids is updated to minimize the squared Euclidean
distances. Additionally, several manual segmentations were created by manually choosing different
suitable global thresholds. For each segmentation, the minimum grey value was set to 10. For the
Rem_1 S2 sample, maximum grey values of 3350, 3380, 3400, 3410, 3420, 3430, 3440, 3582 (Otsu
method), and 3588 (K-means clustering) were used (Figure 6D). For the Fle_8 S1 sample (Figure 6B),
the maximum grey values were set to 3360, 3380, 3400, 3410, 3430, 3440 (K-means clustering), 3450,
3470, 3490, and 3662 (Otsu method). The resulting segmentations included 3 phases: background
(with grey values < 10), fracture (grey values between 10 and the maximum threshold), and matrix

(grey values bigger than the maximum threshold).
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Figure 6. The grey value histograms of the Flechtinger and Remlinger cores

Two representative samples (Fle_8_S1 (B) and Rem_1_S2 (D)) were chosen to quantify the quality of the applied segmentation
method. The dotted green lines mark the thresholds obtained by the Otsu method and K-means clustering. The red lines mark
the lowest and highest manual thresholds applied. Voxels with grey values between 10 and the threshold value were
segmented as fracture (pore) voxels, while voxels with a greater grey value were assigned as impermeable matrix (solid)
voxels. The grey value histograms of the other samples are presented in (A) and (C). (B) and (D) are adapted after Reinhardt
etal. (2022).
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Seeds for the watershed segmentation were placed in the grey value images by manually applying one
threshold for each phase. Voxels within these ranges were selected as seeds for the corresponding
phase. For the Fle_8 S1, thresholds were set to 0 — 1177 (for the background phase), 1177 — 3350.4
(for the fracture phase), and 3630 — 5344 (for the matrix phase). Seeds for the Rem_1_S2 were placed
into voxels with grey values between 0 — 130 (background), 131 — 3310 (fracture) and 3800 — 5430
(matrix). Each threshold was selected to avoid falsely segmenting voxels near the boundary between
fracture and matrix (and thus avoiding over-segmenting the fracture) while segmenting as many
fracture voxels as possible. After placing the seeds, the region growing algorithm, implemented in

Avizo 2019.3 (based on Beucher & Meyer 1993), was applied.

In order to remove matrix voxels that were falsely segmented as fracture voxels (islands), the “cleanse”
tool (implemented in GeoDict 2020) was applied. This tool searches for fracture components
connected by face, edge, or vertex and reassigns their phase to the matrix phase if their size is smaller
than a given value. Additionally, the datasets were cropped to remove ring artefacts (see subsection
2.2.2) on the upper and lower end (in the Z-direction). The Fle_8 S1 was cropped by 50 slices on both
ends, resulting in dimensions of 570 x 570 x 689 voxels. The Rem_1_S2 sample was cropped to
dimensions of 570 x 570 x 679 voxels (50 slices at the upper and 60 slices at the lower end). Figure 7

illustrates the segmentation procedure.

B Pre-processed image

A Reconstructed XCT-image

Ring 4cm
artefact

Segmentation errors
slands)
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Segmentation
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} z| :Y
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C Threshold segmentation D 3D volume before and after
cleansing & cropping (side view)

Figure 7. The segmentation procedure is illustrated on the Rem_1_S2
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(A) The reconstructed grey value image. (B) Masked pre-processed image, after resampling to a resolution of 200 um,
changing the image type to 16-bit unsigned, and removing negative grey values. (C) Segmentation using a manual global
threshold of 3420. Fracture (pore) voxels are shown in blue, matrix, and background voxels in black. (D) Errors were removed
by 1) Cropping top and bottom slices of the dataset (removes ring artefacts) 2) Applying the cleanse tool (removes falsely
segmented voxels ("islands")). Adapted after Reinhardt et al. 2022.

3.3.2 Convolutional neural network

This section describes the CNN used for segmenting both representative samples (Fle_8 S1 and
Rem_1 S2). The CNN was adapted, optimized, trained, and applied by Asst. Prof. Dr. Saeid
Sadeghnejad.

Both samples (Fle_8 S1 and Rem_1_S2) were segmented using a CNN based on a U-net-like
architecture (Ronneberger et al. 2015). An encoder based on the form proposed by Simonyan and
Zisserman (2015) was used. The architecture of the applied network is presented in Figure 8. The
structure is divided into two parts: 1) the encoder modules extract image features by down-scaling the
image resolution, and 2) the decoder modules turn the extracted features into predictions by up-
scaling. Encoder layers (composed of several blocks) are linked with their equivalent decoder layer in
the U-net structure by using symmetric skip connections. These connections allow using extracted

shallow features in the decoding layer, which increases training accuracy (Wang et al. 2021b).
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Figure 8.  Architecture of the implemented U-net CNN

Greyscale XCT-images are used to create segmented images with two phases (fracture and matrix/background). Reinhardt et
al. 2022.
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The encoder blocks consist of (i) convolutional layers with a kernel size of 3 x 3. These layers consist of
a set of filters with different weights, which can be learned during training. Feature maps are created
by applying convolution calculations (using filters) with the input images. The non-linear activation
function (Rectifier linear unit (ReLU)) is applied to allow the CNN to represent non-linear features and
to speed up the training procedure. The ReLU returns zero for negative inputs and the input value for
positive inputs. (ii) The max-pooling layers have kernel sizes of 2 x 2 (with a stride of two). These layers
reduce the size of the input images by a factor of two (by selecting the largest element in each pooling
region), which reduces computational demands, avoids overfitting, and enhances the ability of the

CNN to represent non-linearity (Hong and Liu 2020).

The decoding blocks consist of a deconvolutional layer (which doubles the size of the feature maps), a
1 x 1 zero padding layer (ensuring that the centre of each filter corresponds to the first pixel of the
input images), a convolution layer with batch normalization (stabilizing the network and speeding up
the training process by standardizing the inputs, (loffe and Szegedy 2015)). The last layer is a

convolution layer with two filters to discriminate between fracture and matrix/background phase.

The segmentation output is assessed by applying a cost function. A typical example is the binary cross
entropy (BCE, Shelhamer et al. 2017; Siam et al. 2018), which is a measure of the similarity between

the ground truth (g:) and the predicted segmentation (sy). The BCE is calculated with equation 17:

BCE = —g; log(sp) —(1=g)log (1 —sp) (17)

However, the BCE can be an unsuited measure for highly unbalanced images. For instance, in a binary
image with a low proportion of one phase (e.g., fracture pixels) to the other one (e.g., background
pixels), the BCE could favour a predicted segmentation that simply labels the whole image as
background. Common metrics that allow dealing with unbalanced class distributions in image
segmentation are the Jaccard index and Jaccard distance (e.g., see Yuan et al. 2017; Siam et al. 2018;
Tang et al. 2019; Van Beers et al. 2019). The Jaccard distance loss (];) is a measure for the dissimilarity
between two images (of s, and g:) and is expressed in equation 18:

Ispnge|

=1—[oU=1—_——129d
J 0 ol 1gel—[spno]

(18)

The intersection over union (loU, also called the Jaccard index) is calculated by dividing the overlapping
area of two images (|Sp N gt|) by their union area (|sp V] gt| = |sp| +|g:| — |slJ N gt|). The loU index
ranges from one (both images are identical) to zero (the images do not overlap, i.e., they are
completely dissimilar).
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Since the fracture pixels occupy only a small fraction of each 2-D image (~ 1% fracture vs ~ 99 %
matrix/background pixels), a weighted loss function (L), combining BCE and J;, is applied to calculate

the similarity between the predicted segmentation and the ground truth.
L=wJ;+ (1 -w)BCE (19)
with a weight (w) of 0.8.

The ground truth is crucial for training a CNN. A common practice is the preparation of a manually
labelled ground truth, which is time-consuming and prone to errors from user input. Therefore, the
ground truth for the employed CNN was based on the segmentation output of the RF classifier.
Beforehand, the binary images from the RF classifier were corrected by reassigning matrix voxels that
were falsely segmented as fracture voxels (with the cleanse tool implemented in GeoDict 2020). The
image stacks were composed of 679 (Rem_1_S2) and 689 (Fle_8_S1) 2-D images with a size of 544x544
pixels. In order to increase the accuracy of the prediction, the number of training data was increased
by applying geometrical modifications to the original data. These data augmentations were applied by
using the imgaug library (https://github.com/aleju/imgaug) and include rotating by -45 to +45°, scaling
to 80 to 120 %, mirroring, cropping from 10 to 30 %, shearing by -15 to +15°, and translating by -20 to
+20 %. Training of the network was performed on an Nvidia GeForce GTX 1080 Ti GPU with 11 GB RAM
(random-access memory) and realized with an RMSProp optimizer, a gradient-based optimization

method (Hinton et al. 2012). An initial learning rate of 1e-5 was used.

To show the generality of this method, training of a network and applying the network (to obtain a
segmented dataset) were not conducted on the same sample. The CNN was trained on the augmented
images of one sample (e.g., Fle_8 S1). After the training phase was completed, the CNN was tested on
the 16-bit greyscale XCT-images of the other sample (e.g., Rem_1_S2). Afterwards, the sample input
was switched (i.e., the network was trained on the Rem_1_S2 and applied on the Fle_8_S1). 80 % of

the augmented images were used for the training and 20 % for the subsequent evaluation.
3.3.3 Random forest classifier

Due to its robustness and superior generalization performance, the RF classifier was selected as the
second machine learning segmentation method (Berg et al. 2019). In order to conduct the
segmentation, the RF implementation of the llastik software (version 1.3.3) was used since it offers a
predefined, customizable workflow that was successfully applied in previous studies (e.g., Eyolfson et
al. 2020; Brady et al. 2020; Babel et al. 2020). A set of filters (Gaussian Gradient Magnitude, Laplacian

of Gaussian, Gaussian Smoothing, Difference of Gaussians, Structure Tensor Eigenvalues, and Hessian
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of Gaussian Eigenvalues) with varying parameters is chosen to create the features used by the RF
classifier to segment the input data. Afterwards, training data is provided by manually marking voxels
of each phase in one slice at a time. This approach lowers the computational demands and allows
working on datasets that are significantly larger than the RAM (Berg et al. 2019). Conducting the
training on 3-D images is possible but has a higher computational demand. During the training phase,
preliminary results and uncertainties of the segmentation can be used to further improve to provided

training data. The software can handle input data in up to 5-D (3D, channels, and time).

3.4 PVE Correction

The common methods applied for PVE correction in fractures and a discussion of their disadvantages
can be found in section 2.3. The calibration-free missing attenuation (CFMA) method (Huo et al. 2016)
was applied in this study since calibration data (which is needed for other approaches) was not
available, and the CFMA method was shown to be suitable for determining small apertures, even
below the image resolution (Ketcham et al. 2010; Huo et al. 2016). Although the approach of Cappuccio
et al. (2020) also seems promising for conducting a fracture reconstruction, they used better resolved
fractures for their calibration and their study, compared to the samples in this analysis. Due to the
small fracture apertures and the low image resolution, a large influence of the PVE on the samples
used in this study was expected. Therefore, this thesis evaluated if the CFMA method is suitable for
conducting a proper fracture reconstruction with enhancing the spatial resolution. Similar fracture
reconstructions were done before (e.g., Ramandi et al. 2017); however, these approaches require
additional information from calibration data (e.g., from SEM images). In contrast to the fracture
reconstruction conducted by Ramandi et al. (2017), medical XCT images are used, i.e., the analysed
samples are bigger and, thus, the scanned resolution is distinctively different from the uXCT images
(around 200 um vs approximately 16.5 um). Furthermore, the reconstructed fractures were validated

with various parameters instead of only using the permeability (as in the study by Ramandi et al. 2017).

After evaluating the best segmentation method for the measured XCT-images, the resulting binary
images can be used to correct the images for the PVE. Figure 11 presents the developed workflow to
reconstruct a single fracture at a higher resolution, using the grey value XCT-images (Figure 11A) and
binary images obtained by the segmentation. At present, the CFMA method (after Huo et al. 2016) was
not applied for reconstructing fractures in higher resolutions. Applications of the CFMA include the
calculation of fracture volumes and the reconstruction of fractures based on additional calibration data
and without enhancing the spatial resolution (e.g., Kling et al. 2016; Shen et al. 2021). The workflow

presents a novel approach by applying the CFMA method for reconstructing single fractures at a higher
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resolution without requiring any calibration data. The results from the presented analysis are a first
stepin evaluating the applicability of the CFMA method for correcting the PVE to obtain a more realistic
DT. This section also discusses the limitation of this study. Potential approaches for future studies are
given in subsection 4.2.4. In order to allow for further evaluation and improvement of the presented

workflow, the code is open source and can be found in the appendix (Figure 43 - 46).

The principle of the CFMA method is based on the comparison between measured CT values of voxels
from the rock matrix, fracture, and background. Voxels from the background and the matrix have the
minimum and maximum CT values since the former voxels are not affected by the sample, and the
latter voxels are fully affected by the presence of the rock. Depending on the size of present fractures
and the resolution of CT measurements, voxels belonging to fractures are usually a mixture of rock and
void greyscale values (in varying portions) and have then lower CT values (compared to voxels of only
rock matrix). This difference is called the missing attenuation. In the CFMA method, profiles are locally
taken across the fractures (ideally perpendicular to the fracture orientation if the goal is the calculation
of true local apertures). CT values of voxels in these profiles are compared to CT values of the rock
matrix. The difference between these values can be used to calculate the local (apparent or true)
aperture of fractures. The CFMA method works well for fractures with a small aperture compared to
the spatial resolution. In this case, the fracture volume is highly smeared, and information about the
missing attenuation is distributed over more voxels. However, the profiles are chosen to locally include
each voxel that is affected by the presence of fractures. The information of each voxel in a profile is
compared to the CT values of voxels from the rock matrix and summed up (Ketcham et al. 2010; Huo

et al. 2016).

Figure 9 illustrates the principle of the CFMA method and the basic idea of the PVE correction
workflow. In this simple case, only one pixel (with a spatial resolution of 200 um) is considered. The
grey value of the pixel is a mixture between the grey value of the matrix and the fracture (Figure 9 A).
The aperture of the fracture is below the spatial resolution and cannot be accurately represented in
this resolution. The CFMA method is applied to this pixel to quantify the influence of the fracture on
the pixel's grey value. In this way, the true fracture aperture is calculated as 100 um (the CT values of
the voxel, air, and matrix are used in this calculation). In the next step, the original pixel is resampled
to a spatial resolution of 50 um (in a grid with 16 smaller pixels), which is sufficient to resolve this
fracture aperture. Then, the fracture skeleton (here, the medial axis of the resampled pixel) is
calculated and represented in the new grid (Figure 9 B). This skeleton is grown in the final step. The

information about the true local aperture (100 um, obtained in the first step) is used to determine the
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extent of the fracture growth. In this example, the true aperture can be represented with two pixels
of 50 um size. Hence, the skeleton is grown by one pixel in each column of the grid (Figure 9 C). The
final result is an image in a higher spatial resolution, where the fracture is accurately reconstructed. In
the original image, the fracture is a sub-resolution feature and could, therefore, not be extracted by a

segmentation procedure.

200 pm
A |
£
= g
S =
o~ v
1 h 4
CT_,=3600 CT_=1000 Resample the resolution to 50 pm  Grow the skeleton according to
CT,, .= 2300 R=200pm and calculate the fracture skeleton the calculated aperture to obtain a
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mat air

Calculate the true fracture
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Figure 9.  Illustration of the principles for the applied fracture reconstruction
(A) The illustrated pixel (200 um x 200 um) contains two phases: matrix and fracture; thus, the resulting grey value of the pixel
is a mixture of the grey values of both phases. The CFMA method is applied to calculate the true fracture aperture, which is
below the resolution of 200 um. (B) The pixel depicted in (A) is resampled by a factor of 4, and the fracture skeleton is
calculated. (C) The skeleton is extended by considering the true fracture aperture, calculated in the first step. In this case, the
fracture skeleton is extended by 1 pixel in each column to match the aperture of the reconstructed fracture with the real
fracture aperture of 100 um.

In the first step of the applied PVE correction workflow, the CT values for air (CT,) and the global rock
matrix (CTmat) are determined with the pre-processed greyscale XCT-images (the grey value images of
the analysed samples were processed by: converting the image type to 16-bit unsigned, resampling to
a resolution of 200 um and shifting the grey values by 2000) using Avizo 7.0.1 (VSG, France). In order
to exclude the influence of irrelevant pixels (only background voxels are considered for the CT,value,
and only pixels from the rock matrix are considered for the global CTmat value), the images are masked
(i.e., setting the grey value of each irrelevant pixel to zero) prior to the calculation of the mean CT
values. The mean CT,r value is obtained by taking the arithmetic mean of the grey value of all
background pixels, and the global CTmat values are calculated by using the arithmetic mean of the grey
values of all matrix pixels (excluding pixels in the background, at the boundary between background
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and matrix, and in the vicinity of the fracture). Note, since the grey values in the XCT-images were
shifted by 2000, the calculated CTairand CTmat values must be subtracted by 2000 to allow a comparison

with CT values reported in the literature.

In the second step, the segmented fracture (obtained with the RF classifier) is processed using the 3-D
visualization software Avizo 7.0.1: (i) matrix pixels that are falsely classified as fracture pixels are
removed by applying the “islands remove” algorithm in 3D. This algorithm searches for connected
pixels of a specific phase and reassigns their phase if the size of the connected area is smaller than a
given threshold. (ii) The segmentation is extended by 4 pixels in each direction by using the “grow”
algorithm four times. This step depends on the segmentation, samples, and spatial resolution. Hence,
it is not necessary to always grow the segmentation by 4 pixels; in some cases, more or fewer pixels
have to be added to include the whole fracture area. (iii) Since the segmented fracture area is extended
in all directions in the previous step, the segmentation at the edges of the core overlaps with the
background (i.e., surpasses the core edge). In order to remove these errors, the mask applied on the
pre-processed images (see section 3.2) is applied for the second time. Thus, the result is the segmented
fracture area without segmentation errors in the matrix and extended by 4 pixels. Since the PVE could
lead to a significantly blurred fracture in the grey value images, these steps ensure that the whole area,
which is influenced by the presence of the fracture, is segmented. This includes the boundary between
fracture and matrix, where the RF segmentation shows the highest uncertainties (Figure 18C). Thus,
uncertainties from the segmentation are further minimized. The resulting binary dataset is multiplied
with the pre-processed XCT-images to produce grey value images (Figure 11C) of the isolated fracture
area (i.e., the matrix and background are set to a grey value of zero). These images are exported as Tif-
files for the subsequent analysis. Figure 10 illustrates the applied workflow to reconstruct the fractures

at a higher resolution.

44



3.4 Materials & Methods - PVE Correction

RF segmentation,
island removal,

growing fracture
area

Multiply binary images with
grey value images

Measure global CT_
and CT_ values

t

Calculate jthe fracture

skeleton

Measure local CT__ Apply CFMA
value

Resample to 50 pm Grow the | skeleton

Provide local aperture

information for skeleton
growth

Figure 10. Flow chart of the applied reconstruction workflow

In the next step, the local apparent (vertical) apertures and local CTma: values are measured by applying
a self-developed python (version 3.8.8) code. The images are imported with the Tif-file python library
(https://pypi.org/project/tifffile/) and treated as matrixes containing grey values of the fractured area.
The algorithm iterates over each column in each image matrix. In a column, the algorithm searches for
non-zero values in each row. Since only single fractured rocks are considered, and the fractures are
isolated by applying a mask in the previous step (i.e., the grey values of matrix and background pixels
were set to zero), the fracture is identified in each column of an image matrix by finding the non-zero
pixels. These pixels are used to calculate the local apparent (vertical) aperture in each column. In this
way, profiles (parallel to the Y-axis) are created across the fracture (an exemplary profile is shown in
red in Figure 11D). The following procedure is executed for the first profile and then subsequently
applied to the following profiles until the last column of the current image matrix is reached. Then the

procedure is applied to the next image until the image stack is fully analysed.

A profile spans from the first non-zero pixel to the last non-zero pixel in the currently analysed column
(i.e., only considering pixels of the isolated fracture area; Figure 11D). Firstly, the local CTmat value in

the column is calculated by taking the arithmetic mean of the grey values of ten pixels, which are
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assumed to belong to the matrix: the first and last pixel in the profile and the four pixels above, and
the four pixels below the profile. Since these pixels are located outside the segmented fracture and
therefore contain a grey value of zero, the corresponding grey values are retrieved from the pre-
processed grey value XCT-images (Figure 11A). The apparent local aperture is calculated according to
equation 20 by considering the second (see the red profile in Figure 11D, i = 1) to the next to last pixels
(i = Nyox) in the currently analysed profile:

N
R Ei:vlox(CTmat_ CTy)
CTmat— CTqir

d= (20)

with the fracture aperture (d), the resolution (R), the CT values of air (CT.i), the matrix (CTmat, Which

can be determined globally or locally), and the voxel influenced by the presence of the fracture (CT)).

A pixel is only considered in the calculation if the grey value is lower than the calculated CTmat value
(i.e., that the grey value of the pixel is influenced by the presence of the fracture). The positions of the
first and last pixel to be considered in the calculation are used to determine the centre pixel of the
fracture in the current profile. The calculated local apparent aperture is stored in a new image stack
(having the same dimensions as the input images) at the position of this centre pixel. Since the centre
pixels of each column are not necessarily connected to each other, fracture pixels are added above
and below the centre pixels to ensure that a connected fracture area, which is required for the next
steps, is created. The fracture centres are grown according to the apparent aperture value by storing
the apparent aperture value alternately in the pixels above and below the centre pixel. For example,
apparent aperture values below 75 um do not result in growth, up to 125 um result in also storing the
apparent aperture value in the pixel below the centre pixel, up to 175 um result in storing the value in
the pixel below and above the centre pixel, up to 225 um result in storing the value in the next two
pixels below and one pixel above the centre pixel, up to 275 um result in storing the value in the next
two pixels below and the next two pixels above the centre pixel, etc. Apparent aperture values above
375 um are stored in seven pixels around the centre. The growing steps of 50 um are selected by
considering the aperture distribution of the fractures (also see section 4.2, most measured apertures
are smaller than 400 um) and due to the similarity to the subsequent growing procedure of the
resampled fractures (with a spatial resolution of 50 um). In that way, a thicker skeleton (containing the
measured aperture values) of the segmentation is created, ensuring that the fracture connectivity and
shape (i.e., small fracture sections remain small and large fracture sections remain larger in the grown
skeleton) are preserved during the subsequent steps (i.e., resampling and skeletonizing of the

resampled fracture).
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Figure 11E presents a close-up after finishing the analysis for each profile in each column and image.
Afterwards, the image stack is resampled to a resolution of 50 um using the box filter implemented in
Avizo 7.0.1. The images are segmented (Figure 11F) by using a manual threshold with a range of 1 to
the maximum apparent aperture measured. The resulting binary images contain two phases: fracture
and matrix/background. These images are used to calculate the skeleton of the fracture by applying
the bwscel function, implemented in Matlab R2021a
(https://de.mathworks.com/help/images/ref/bwskel.html). The bwscel function is applied in 2-D to
reduce the fracture in each image to a single line (Figure 11G). The minimum branch length is set to 25
voxels to avoid unwanted branches. This skeleton is grown in the last step, similar to the procedure
described above. The skeleton is grown in the vertical direction (parallel to the Y-axis) according to the
apparent aperture stored in the image stack created during the apparent aperture calculation step
(Figure 11E). For example, with a growing limit of 75 um, the skeleton does not grow at locations with
apparent apertures smaller than 75 um; one pixel is added to the skeleton at locations with apparent
apertures of 75 — 125 um, etc. The maximum growth for the presented samples is 41 pixels,
corresponding to the highest local apparent aperture (2035 um) calculated for the fractures. In that
way, the apparent local aperture of the reconstructed fracture is adjusted to match the apparent local

aperture calculated from the grey value XCT-images (Figure 11H).
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Figure 11. Workflow to reconstruct the fracture from the XCT images

(A) Pre-processed grey value XCT images (B) Segmented fracture, grown by four voxels in X and Y direction to ensure that each
voxel whose grey value is influenced by the fracture is included. The grey value image (A) is shown in the background. (C)
Result of multiplying the grey value images (A) with the segmentation (A). Pixels in the vicinity of the fracture contain the
measured grey values; the other pixels are assigned a value of zero. The close-up (framed in red) is shown in the subsequent
panels (D) — (H) to illustrate the further workflow. (D) In the close-up shown in (C), the red line shows an exemplary profile
that is used to measure the apparent aperture in the next step. In each column, a profile along the non-zero pixels was created
(parallel to the Y-axis). The first and last pixel of the profile and eight pixels (four prior and four after the profile) outside the
segmented area were used to locally calculate the CTmqtvalue. Along the profile (red line), grey values greater than the locally
calculated CTmq: value were used (i = 1 to i = Nyoy) to calculate the apparent local aperture. (E) Result after applying the
apparent aperture measurement and storing the apparent aperture values in a new image stack. (F) The image stack
containing the apparent aperture values (E) is resampled to an image resolution of 50 um and segmented. These images are
then used to calculate the skeleton (G) of the structure. (H) The skeleton is grown in Y-direction according to the measured
apparent aperture stored in (E). The result is a reconstruction of the fracture in 50 um. Note: the aperture values in (E) and (H)
are the calculated local, true fracture apertures, not the apertures of the segmentation (E) or the reconstructed fracture (H).
The calculation of the mechanical apertures of the reconstructions is discussed in subsection 3.5.3.

The result is a reconstructed fracture with 50 um resolution, based on the grey value information of
the original XCT-images (with a resolution of 200 um). The workflow can be adapted (e.g., by including
other methods like a 3-D skeletonization/medial axis computation or different resampling methods)
to optimize the analysis for other studies. The error sources for the reconstructions presented in this

study include: (i) the local apparent aperture calculation with the CFMA method is known to have
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uncertainties. For example, Huo et al. (2016) and Wenning et al. (2019) reported deviations of about
20 — 60 um for their fractures. Furthermore, Kling et al. (2016) showed that minor deviations in the
calculated CT value of the matrix can have a significant influence on the reconstructed structure (ii)
the measured apparent aperture could only be applied in 50 um steps (limited by the computational
power which allowed a maximum resampled resolution of 50 um). Since the resolution was still in the
range of the real fracture apertures, it was not possible to identically represent the real aperture
heterogeneity and small-scale roughness. In order to account for these errors, various reconstructions

were created by varying the following two parameters:

(i) Instead of local CTmat values, a global CTmat value was used.

(ii) The thresholds for growing the skeleton in the last step were adjusted. Various cases were
considered where apparent aperture values < 35 -120 um did not result in the local
growth of the skeleton. The subsequent limits followed in 50 um steps. That means the
skeleton was grown by adding a pixel for each 50 um increase in apparent local aperture
(starting from the minimum value (referred to as the growing limit in the subsequent
chapters) of e.g., 75 um up to 2125 um). The maximum local growth applied in this study
was 41 pixels, which corresponds to the highest apparent aperture calculated for the

presented fractures.

These parameters were adjusted to achieve the best possible fit between the experimental data with
the simulated breakthrough curves using the reconstructed structures. The resulting fracture models
were therefore calibrated with the most sensitive data available and can be considered to reliably

represent the real fractures.

The algorithm presented in this section calculates the vertical local apparent apertures of the fractures.
The vertical apertures are calculated because the orientation of the here analysed fractures is
horizontally (parallel to the X-axis) with inclinations (depending on the sample) between about 5 - 40°.
Alternatively, the horizontal local apparent apertures could be calculated for fractures that are

orientated vertically.
3.5Validation parameters

Validation poses a crucial step in the DRP workflow to be able to conclude from simulation results. It
must be ensured that the processed structures represent reality. Usually, more than one parameter is
required to conduct a proper validation (Leu et al. 2014; Berg et al. 2018). The following subsection
presents the parameters selected to validate the DT models with the real fractures.
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3.5.1 Water injection and tracer experiments

This subsection describes the experimental procedure for determining the hydraulic aperture,
estimated fracture volumes, permeability, and breakthrough curves for the fractured samples. These
laboratory experiments were conducted by the ReSalt project partners at the RUB. Further details are

described in Frank et al. (2020b, a).

In order to prevent displacement of the core halves during the experiments, the spitted cores were
encased in a thin-walled, stable shrink tubing with overlapping ends at the lower and upper ends of
the cores. Air inclusions in the cores were removed using a desiccator connected to a vacuum pump.
Afterwards, the cores were saturated with water. The saturated cores were mounted in a self-
constructed clamping device. The inflow and outflow were symmetrically designed, each consisting of
a Teflon attachment with a hose connection. A sealing ring between the Teflon attachment and the
core ensured that the system was sealed. The sealing ring also prevented bypassing fluid flow since it
was pressed against the overlapping ends of the shrinking tube. This design ensured that fluid flow

only occurred through the fractures (Figure 15).

A constant hydraulic gradient was applied to enable water flow from the bottom of the core to the
top. The flow rate was measured at the outflow, and water samples were taken. In order to calculate
the hydraulic parameters, Darcy’s law must be applicable, i.e., it must be ensured that laminar flow
conditions prevail. A standard measure to determine the flow regime is the Reynolds number, which
is the ratio of inertial to viscous forces. For small Reynolds numbers, the flow can be considered
laminar. For the flow in fractures, a critical Reynolds number of about 2400 was suggested for the
transition from laminar to turbulent flow (Witherspoon et al. 1980; Dippenaar and Van Rooy 2016).
The Reynolds number was calculated after equation 7 (see section 2.5) for each experiment and was
found to be smaller than 1 (see Table 7 in subsection 4.2.2), which indicates laminar flow regimes.
Furthermore, for these Reynolds numbers, the simplification of the Navier-Stokes equation to the
Stokes equation to simulate the flow fields is justified (Schwarz and Enzmann 2013). The measured
flow rate was used to determine the hydraulic aperture an of the fractures by applying a modified

version of the cubic law (Tsang 1992; Becker 2008):

(21)
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with the measured flow rate (Q, for the Fle 8 S1 =1.14 mL/s; Rem 1 S2 = 0.3162 mL/s, see Table 1), the
density of water (p) of 998.234 kg/m3 (at 20°C, after Kestin et al. 1978), the dynamic viscosity of water
(1) equal to 0.001 kg/m*s (at 20°C, after Kestin et al. 1978) and the estimated fracture width (L) of
0.099 m. A constant hydraulic gradient (i) of 4.7 [-] was applied by employing a hydraulic pressure
gradient (dh) of 0.705 m via a water column over the core length (L) of 0.15 m. Estimated fracture
volumes were calculated by multiplying the estimated dimensions of the fractures (estimated by using
a width of 0.099 m and a length of 0.15 m, corresponding to the diameter and length of the cores,
respectively) with the hydraulic aperture. Due to the estimation of the fracture dimensions and since
the hydraulic aperture is usually smaller than the mechanical aperture (e.g., Xiong et al. 2011), the
calculated fracture volumes are expected to be smaller than the real volumes. Equation 22 (de Marsily

1986) relates the hydraulic aperture with the intrinsic permeability (K) of the fracture:

a2

K=~ (22)
The transport behaviour of the fractures was analysed by conducting tracer experiments with the same
flow settings as described above. 1 mL of a 2 molar NaCl tracer solution was injected as a pulse, lasting
one second. A WTW Multi 3510 conductivity logger and a Tetracon 925c conductivity sensor were used
to measure the electrical conductivity (EC) at the outflow. A measuring interval of one second was
applied. For each sample, multiple tracer experiments were conducted to determine the
reproducibility of the obtained breakthrough curves. Frank et al. (2020a) concluded that the deviations
in the measured breakthrough curves can be attributed to the (aperture dependent) influence of
surface roughness. More details of the procedure can be found in Frank et al. (2020b, a). The measured

flow rates for each sample are summarized in Table 1.

Table 1. Measured flow rate for each flow-through experiment
Calculated permeabilities, Reynolds numbers and hydraulic apertures can be found in Figure 23 and Table 7.

Sample Flow rate Q [mL/s]
7_51 1.06
8_S1 1.13
Flechtinger 8 S2 0.70
9 51 1.04
9_S2 0.73
181 0.41
1.82 0.32
Remlinger 1S3 0.40
2_.51 0.22
2_S3 0.15
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The measured EC values were converted into a fractional particle count to allow for a direct
comparison with the simulated breakthrough curves. A linear relationship between EC and the number
of particles in the water volume was assumed for the measured EC range (as reported by e.g.,
Kovacevic et al. 2017; Quan et al. 2017; Martinez 2018; Frank et al. 2020a; Veerman 2020). Background
EC values (measured by injecting water without adding the NaCl solution) were subtracted from the
measured EC values. The corrected EC values from each timestep were divided by the sum of the
corrected EC values of all timesteps. This conversion gave for each timestep the fraction of particles
that were detected in the corresponding timestep, related to the sum of all particles detected at the

outflow during the experiment.
3.5.2 Barite particle migration experiments

Over the last decades, the morphology of precipitated barium sulphate (barite) particles and their
dependence on environmental conditions have been extensively studied. The variety of observed
morphologies includes rounded, rhombic, plate, dendritic, hexagonal, and irregular shapes and
depends, together with the size, on factors such as the concentration and ratio of ions (calcium,
magnesium, barium, sulphate, pH-value), presence and type of additives (e.g., organic, inorganic,
molecular structure, functional groups), formation processes (i.e., biotic or abiotic) or the temperature
(Bertram and Cowen 1997; Qi et al. 2000; Hennessy and Graham 2002; Yu et al. 2005; Ruiz-Agudo et
al. 2015b, a; Widanagamage et al. 2018). Due to the complexity of the barite formation, one main goal
of the ReSalt project partner at the RUB was the in-depth analysis of the particle morphology in varying
conditions. Barite particles were prepared and provided for further particle migration experiments in

the HPTC.

In order to experimentally investigate barite migration through fractured rocks, the project partners
at the RUB developed an HPTC, which is capable of simulating the whole geothermal production cycle
(Frank et al. 2021). This includes in situ pressure and temperature conditions and the cooling of the
circulating fluid before reinjection into the fractured core. The experiments were conducted on three
samples (Fle_9 S1,Fle_ 9 S2,Rem_1 S2) by applying a temperature of 57 —59°C in the core and a flow
velocity of about 2 mL/s (Fle_9 S1) and 1.17 mL/s (Rem_1_S2). Since the pump malfunctioned during
the experiment with the Fle_9_S2, the flow fluctuated between 0 and about 1 mL/s, which led to highly
variable conditions during the experiment. Barite particles were introduced into the fractures by

directly injecting a prepared barite particle mix in the upstream of the core (Fle_9 _S1 and Rem_1_S2).
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To equilibrate the setup, water circulated through the cores for one week before particles were
injected. After this equilibration stage was completed, the barite particles were injected directly in
front of the core and circulated for about one week. After a total runtime of 2 — 3 weeks, the HPTC was
shut down, the cores dismounted, and one half of each fracture was imaged by a SEM machine. The
variety of the deposited barite particles is presented in Figure 13. Shapes range from rounded (e.g.,
see the particles deposited in the Rem_1_S2) to flat, star-shaped particles. Details regarding the
sample preparation, the HPTC and the experimental procedure on the Fle_9_S1 can be found in Frank
et al. 2021. Additionally, the project partners at the TUD analysed the size distribution of the deposited
barite particles (in the Fle_9_S2 fracture) by SEM (Figure 12). This allowed for an estimation of particle

sizes used in the particle migration simulations.
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Figure 12. Size distribution of the barite particles deposited in the Fle_9_S2 fracture
780 particles were analysed. Prof. Dr. Martin Ebert from the TUD conducted the SEM analysis and provided the size
distribution.
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Figure 13. SEM snapshots of the deposited barite particles

In the experiments, particles were injected right in front of the fractured cores: Fle_9 S1 (A), Fle_9_S2 (C) and Rem_1_S2 (E).
Close-ups of deposited particles are presented in (B), (D) and (F) The SEM images were provided by Philipp Zuber from the
RUB.
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3.5.3 Fracture aperture and roughness

A modified version of the Fracture Trace Point (FTP) algorithm, developed and modified by Cappuccio
et al. (2020), was used to measure local mechanical fracture apertures and the roughness of the
segmented fractures in this study (see Figure 47 - 49 in the appendix). The algorithm is applied on a
stack of 2-D binary images (with pixels in the background or matrix that are assigned a value of 0 and
pixels in the fracture that are set to a value of 1, Figure 14A, E). In the first step, the 2-D Euclidean

distance transform of all non-zero pixels is calculated:

px; = | Xi 1 (px; — b;)? (23)

with the number of dimensions (n), the position (in the corresponding dimension) of the fracture pixel
(pxi) and its nearest background pixel (bi). Each fracture pixel is assigned a value according to its
distance to the nearest background pixel, i.e., pixels in the middle of the fracture are assigned higher
values than pixels at the boundary to the background. Profiles across the fracture result in a peak-
shaped distribution of the measured pixel values. Since the FTP-algorithm requires a valley-shaped
distribution, the calculated distance values are inverted (Figure 14B, F). Then, in each image, profiles
across the fracture are created orthogonal to the X- and Y-axis (not orthogonal to the fracture). From
each profile, the FTP is determined, and the local apparent fracture aperture is measured as the
distance from both grey value peaks (corresponding to the pixel values at the boundary between
fracture and background) before and after the valley of the FTP (corresponding to the middle of the
fracture). The apparent aperture values are corrected by considering the 2-D angle a and 3-D angle B
(Figure 14C, G). Skeletonized 3-D images containing all local FTPs with their true aperture value are
created (Figure 14D, H). The fracture roughness values are calculated, according to Zimmerman et al.
(1991), by dividing the standard deviation of the measured aperture values by the mean aperture.
Smoother fracture surfaces result in lower roughness values (i.e., two perfect, parallel, planar planes

have a roughness value of 0).
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Figure 14. Workflow to calculate the true fracture apertures from a binary image stack

Profiles are illustrated as dotted lines and plotted below the corresponding image. The binary (segmented) images (A) show
a peak-shaped signal when measuring the grey values in profiles crossing the fracture (E). The binary images are transformed
by using the 2-D Euclidean distance transform, which is inverted (B) to obtain a valley-shaped profile (F). The 2-D (C) and 3-D
(G) local orientations are used to calculate the true aperture from the apparent aperture measurement. (D) The skeletonized
fracture contains the true aperture values of the fracture. Reinhardt et al. 2022.

Since the experimental data only provided the hydraulic aperture, the calculated mean mechanical
aperture values were converted to hydraulic apertures to allow a meaningful comparison. As discussed
in section 2.1, this conversion is not straightforward and depends on various fracture (e.g., roughness,
contact areas) properties and hydraulic (e.g., flow velocity, Reynolds number) parameters. So far, there
is no universally accepted conversion formula; thus, several formulas using different approaches exist
(Souley et al. 2015; Kling et al. 2017). This study focuses on approximations of the hydraulic aperture
(an), using the mean mechanical aperture (am) and its standard deviation (g, ). Thereby, the relative
roughness (see section 2.1 and subsections 3.5.3 and 4.1.3; calculated by dividing the standard
deviation by the mean mechanical aperture) is considered in these approximations. Alternatives to this
roughness coefficient are discussed in section 2.1 and include correlations based on other parameters,
like the joint roughness coefficient or the Z2-value (Barton et al. 1985; Zhao et al. 2014). Table 2
presents the formulas applied to estimate the hydraulic aperture with the mean mechanical aperture

and the standard deviation of the mechanical aperture.
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Table 2. Selected equations for approximating the hydraulic aperture of the DTs
The hydraulic aperture (as) was estimated with the mean mechanical aperture (a,) and standard deviation of the mechanical
aperture (g, ). Adapted from Kling et al. (2017).

No. Equation Fracture tyPe u_sed for Reference
the derivation
am
ap =~ Theoretical equation
24 1 agm e based on log-normal Renshaw (1995)
1+ afn) aperture distributions
am

55 ap = = Natural granite Barton and de

3\/1 +20.5 * (227")1-5 fractures Quadros (1997)

m
1.13
5 .
ap = Ay * ~|1— . . Matsuki et al.
26 1+ 0-191(20(1"1)1.93 Tensile granite fracture (1999)
am
Replications of naturally
27 fractured granite and | Xiong et al. (2011)
split sandstone
58 Tensile sandstone Xie et al. (2015)
fracture
29 Fracture sealed by |\ oo ot o1 (2017)
compact quartz growth

3.6 Simulation setups

Flow fields and permeabilities were calculated for the digitized fractures. These calculations were
realized with the Left-Identity-Right (LIR) solver, implemented in the FlowDict module of GeoDict2020
(Linden et al. 2015). The LIR solver solves the partial differential equations (see section 2.5) to compute
the force density field for incompressible Newtonian fluids. A non-uniform adaptive grid is applied to
lower memory requirements. This approach performs efficiently in high porosity geometries (Linden
et al. 2015). The permeability of the medium is computed by inputting the force density field into
Darcy’s law. Since a steady flow regime is assumed, the FlowDict module does not consider time-
dependent phenomena (e.g., turbulence). However, the experimental conditions were adjusted to
ensure the laminar flow condition (i.e., low Reynolds number), which assures the validity of the
simulations. The LIR solver is capable of solving the Stokes equations (for linear flows) and the Navier-
Stokes equation (non-linear flow, i.e., non-linear relation of pressure drop and mean velocity). For
section 4.1, the Navier-Stokes equation was solved to compute flow fields and the Stokes equation for
calculating the permeability. The permeabilities were computed by dividing the permeability over the

whole simulated domain (the output of the simulations) by the fraction of fracture voxels in the model.
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For the permeability computations only the digitized fractured core (+ background) was considered
(without adding the geometries of the flooding cell, see Figure 15). The flow field and permeability
computations (used for the tracer and barite particle transport simulations in sections 4.2 and 4.3)
were realized by solving the Stokes equation since the calculated flows were in the linear regime (with
mean velocities in the range of about 10* — 10° m/s and small Reynolds numbers, Schwarz and
Enzmann 2013). Furthermore, the computational demands of solving the Stokes equation are lower
than that of the Navier-Stokes equation. This was important for the calculations in section 4.2 since
the voxel number (in each direction) of the DTs increased by a factor of 4 due to the rescaling to a
resolution of 50 um. The matrix (and background) was considered as impermeable quartz voxels (see

section 3.1), and the fracture as permeable pore voxels.

In order to accurately compute the flow fields (and the tracer and particle transport in sections 4.2 and
4.3), the model was extended to mirror the experimental setup with the flooding cell and part of the
tubes (Figure 15). The inflow and outflow tubing were added to the model as GAD objects (GeoDict
analytic data), with a diameter equal to the diameter of the real tubing and a length equal to the
distance between the core and tracer injection (inflow tubing) and the EC measurements (outflow
tubing). The inflow and outflow areas between core and tubing were also added as GAD objects with
the same diameter as the cores. Since each sample was positioned differently in the medical CT
scanner, the inflow and outflow areas were created individually to ensure that each digital core was
adequately connected to the inflow and outflow. The voxels of the GAD objects were assigned to the
pore phase. The GadGeo module (implemented in GeoDict2020) was used to create the GAD objects

(Streit et al. 2020).
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Simulation

Outflow (Diameter =
6 mm, Length = 138 mm)

Inflow €———— Matrix (transparent)

(Diameter = 6 mm, Length = 38 mm)

Figure 15. Comparison of the experimental flow cell and the model

A Remlinger sandstone core was built into a flooding cell (top) to conduct water injection, tracer, and particle migration
experiments. The experimental setup was translated into the model (bottom): the digitized core (fracture in blue, matrix in
transparent grey) is joined by an inflow and outflow area, having the same size as the area enclosed by the sealing rings in
the flooding cell. The length of the inflow and outflow pipes correspond to the distance between the core and tracer injection
(inflow) and the location of EC measurement (outflow). Reinhardt et al. 2022.

In order to compare the segmentations for the Fle_8 S1 and Rem_1_S2 samples, the 500 preferred
flow paths were calculated with the PoroDict module in GeoDict 2020. The algorithm identifies
different paths to fit spheres through the structure, beginning with the biggest possible diameter (the
maximum diameter option was used). The sphere diameter is iteratively reduced until 500 different
paths through the structure are found. The symmetric boundary conditions were used for the

calculations (Becker et al. 2020).

The modelling parameters for the structures in 200 um resolution were chosen as follows. The fracture
permeabilities and flow fields were computed with periodic boundary conditions (with an implicit

region of 10 voxels at the inflow and outflow of the domain to avoid closing of flow channels during
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the simulation, see Hilden et al. 2020) in the flow directions and no-slip boundary conditions in
tangential directions. The following parameters were applied to match the experimental conditions:
temperature of 20°C, a slip length of 0 m (no sliding at the interface of solid and fluid), an error bound
of 5% as a convergence stopping criterion (i.e., the solver stops if the difference in predicted
permeability is smaller than 5 %, within the last 100 iterations), a relaxation of 1, enabled grid
refinement, LIR-Tree as the grid type, enabled multigrid method, parallelization on 48 cores and
optimization for speed. For calculating permeabilities (by solving the Stokes equation) and flow fields
of the fractures, a constant flow rate (0.3162 mL/s, measured for the Rem 1 S2 in the laboratory
experiments) was applied over an area of 0.012996 m? (corresponds to the domain size of 570 x 570
voxels (X x Y direction), with a resolution of 200 um). These settings resulted in similar flow velocities

as determined in the experiments and were therefore applied for both samples.

For the reconstructed structures in 50 um resolution, the same parameters were applied for the
calculation of the flow fields. In order to achieve a modelling setup closer to the real experimental
condition, a constant pressure was applied for each simulation with the ten fractured samples. The
computed flow fields were used to simulate the tracer experiments with the AddiDict module
(implemented in GeoDict 2020). Infinitesimal small particles (= molecules) were used as conservative
tracer particles with the sieving collision model. The restitution value was set to 1 (a particle did not
lose energy when colliding with solid materials). The advective and diffusive motion of the tracer
particles was considered. The diffusion was considered by setting the diffusion coefficient of water at
20°C (2.02x10° m?/s, Holz et al. 2000) as the diffusion coefficient of the tracer particles. The other
parameters were set as follows: a simulation time of 3000s, a time step of 1s (the same as the
measuring interval in the experiment), periodic BC in the tangential directions, open BC at the upper
end of the domain (i.e., particles are only allowed to leave the domain when reaching the outflow.
Only escaped particles are considered in the computed breakthrough curves), reflective BC at the
lower end of the domain, 1x10° particles were created simultaneously in the first ten slides (in Z-
direction) of the fractures. The number of particles was chosen due to computational limitations. The
starting velocity of the particles equalled the flow velocity in the corresponding voxel. The molecular
particle motion (dominated by advection) was calculated according to equation 11 (Weber et al. 2020).
Details regarding the choice of the modelling settings of the reconstructed fractures can be found in

subsection 4.2.1.

In order to reproduce the barite particle migration experiments, the settings described above were

adjusted to the experimental conditions in the HPTC. For flow field calculations, the temperature was
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set to 58°C, and a constant pressure was applied to produce flow rates between 1 — 2.0323 mL/s
(depending on the individual settings for each experiment, more details can be found in subsection
3.5.2). The setup was flipped to position the inflow at the top of the domain and the outflow at the
bottom of the domain. The flow was applied from top to bottom with a negative pressure drop (the
flow in the experiments was applied in the same way). The following parameters were changed for the
particle migration simulations: the simulation time was reduced to 500 s, 3x10° particles were created
in the first ten slides (in Z-direction), the density of the barite particles was set to 4480 kg/m3 (Johnson
et al. 2017), the Hamaker collision model with a Hamaker constant of 102 J (more details regarding
the choice of these parameters can be found in section 4.3). The particle movement (Brownian
diffusion and advection) was computed by solving the equations presented in section 2.6. In order to
analyse the influence of each parameter on the barite deposition, a sensitivity study was conducted
with the following parameters and value ranges: particle sizes between 1 — 42 um, a particle amount
of 0.5 — 6 x10°, Hamaker constants of 1022 — 10'% J, temperatures between 38 — 78°C and flow rates
of 0.5 — 8 mL/s. Additionally, the random seed was varied to estimate a numerical error of the

simulations (the parameters are also summarized in Table 10 in subsection 4.3.2).
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4. Case studies

This chapter presents the key results of the three case studies conducted for this thesis. The first
section focuses on the comparison of different segmentation techniques, i.e., conventional (several
thresholding methods, watershed) with more recently developed methods (RF, CNN). The
segmentation, obtained by applying the most suitable segmentation method, is the basis for the
reconstruction workflow described in section 4.2. Section 4.2 also presents the validation of the finer
resolved (50 um) fracture models with experimental data, and the comparison with the 200 um
resolved fracture models. In section 4.3, the final fracture models were used to reproduce both
successful barite migration experiments. Finally, a sensitivity study was conducted to analyse how the
barite deposition pattern is influenced by various parameters. Each case study is concluded with a

discussion of the results and an outlook for future studies.

4.1 Comparison of fracture segmentation methods

4.1.1 Conventional segmentation methods

In order to determine the most suitable segmentation method for the presented samples, two
representative samples (Fle_8 S1 and Rem_1_S2) were chosen to quantify the quality of the output
received by applying various methods. The samples were segmented by using various thresholding
methods and the watershed technique. The reconstructed medical XCT-images were pre-processed
and masked as explained in section 3.2. Since all grey value histograms (Figure 6) show a complex
distribution without distinct peaks for the two phases (fracture and matrix), the segmentation was

expected to be challenging for conventional methods (Al-Marzouqi 2018).

Figure 16 and Figure 17 present one exemplary slide from both samples to visually compare each
segmentation result. Figure 16 shows the evolution of the segmentation for the Flechtinger sample
when the threshold is progressively raised. Each segmentation result for the Remlinger sample can be
seen in Figure 20 and for the Flechtinger sample in Figure 19. Similar results were observed for both
samples: A low maximum threshold (Fle_8 S1: 3360 — 3380, Rem_1_S2: 3350 — 3380) failed to
segment large portions of the fracture, especially near the edges of the core. On the other hand, with
higher maximum thresholds (Fle_8_ S1: 3400 — 3490, Rem_1_S2: 3400 — 3440), more fracture area was
segmented, but there were still parts of the fracture that were not correctly segmented. Furthermore,
a higher maximum threshold led to considerably more matrix voxels that were falsely segmented as

fracture voxels (in comparison to lower maximum thresholds). These errors were removed by applying
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the “cleanse” tool implemented in GeoDict 2020. However, with higher thresholds (Fle_8 S1: starting
at 3400, Rem_1_S2: starting at 3420), these errors merged with the fracture. This altered the true
fracture surface, i.e., local apertures and the roughness values were differing more and more from the
real fracture. These errors cannot be corrected after applying the segmentation. Therefore, a trade-
off is observed: a higher maximum threshold segmented more fracture area but introduced more
errors at a lower maximum threshold. The amount of erroneously segmented matrix voxels can be
seen in Figure 17 B-C. The threshold segmentation at a value of 3420 led to a porosity (i.e., fracture
fraction) of 1.81 %, after applying the “cleanse” tool (i.e., removing the errors in the matrix), the

porosity dropped to 1.18 %, a difference of about 35 %.

Greyvalue image Thresholding 3360 Thresholding 3380
. Y s i P

[

Figure 16. Comparison of the applied segmentation methods on the Fle_8 S1

Each window presents a close-up of the middle fracture zone. (A) Slice 519 of the masked pre-processed greyscale medical
XCT-image stack. Segmentation results using thresholds with the ranges: 10 — 3360 (B), — 3380 (C) — 3400 (D) — 3440 (E,
obtained by the K-means clustering), — 3490 (F). (G) The segmentation after applying the watershed method. The fracture is
marked in red. (H) Segmentation obtained with the RF classifier of the machine learning software Ilastik (Version 1.3.3). (1)
Segmentation obtained with the CNN. The RF classifier and CNN were not trained on this slide. For each segmentation, the
porosity @ is presented.
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Greyvalue image Thresholding segmentation Thresholding segmentation filtered

Watershed Random forest segmentation

Figure 17. Comparison of the applied segmentation methods on the Rem_1_S52

(A) Slice 130 of the masked pre-processed greyscale medical XCT-image stack. (B) The segmented fracture (red), using a global
threshold with the range 10 — 3420. (C) The result after applying the “cleanse” tool (implanted in GeoDict 2020) on the
segmentation result (shown in (B)). Segmentation results obtained by using the watershed algorithm (D), RF classifier (E), and
CNN (F). The RF classifier and CNN were not trained on this slide. For each segmentation, the porosity ¢ is presented. Adapted
after Reinhardt et al. 2022.

In order to include a reasonable selection of segmentations, thresholds were applied to compare
partially segmented fractures without errors in the matrix (Fle_8 S1: 3360, Rem_1_S2: 3350) up to
widespread segmented fractures with high errors (Fle_8 S1: 3490, Rem_1_S2: 3440). For the
Fle_8 S1, the global threshold computed by the K-means clustering method (3440) lay in the middle
of the considered threshold ranges. However, the global threshold computed by the Otsu method
(Fle_8_S1: 3662) and both calculated thresholds for the Rem_1_S2 (Otsu: 3582, K-means clustering:
3588) were not considered in the further analysis since these thresholds led to extensive errors in the
segmentations. Numerous matrix voxels were falsely classified as fracture voxels and merged with the
fracture, which prevented meaningful segmentation results. The threshold methods were not able to
deal with the ring artefacts (Figure 7D). The resulting errors were removed by cropping the datasets in

the Z-direction.
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Visually, the watershed algorithm performed similarly to the thresholding methods. Much of the
fracture area was correctly segmented, and only a few islands of falsely segmented matrix voxels were
observed. However, this method showed some problems in distinguishing the border between the
fracture and matrix. Matrix voxels with a similar grey value as the fracture voxels led to a low gradient
between the phases and were falsely segmented as fracture voxels (Figure 16G, Figure 17D). Like the
thresholding methods, the watershed algorithm failed to segment large parts of the fracture, especially
in the outer regions of the cores. The ring artefacts were falsely segmented by the watershed algorithm

and had to be removed by cropping the datasets in Z-direction.
4.1.2 Machine learning methods

In order to obtain the most robust segmentation, the masked and pre-processed XCT-images were
segmented with the RF classifier using all predefined filters: Gaussian Gradient Magnitude, Laplacian
of Gaussian, Gaussian Smoothing, Difference of Gaussians, Structure Tensor Eigenvalues and Hessian
of Gaussian Eigenvalues (see subsection 2.4.2). Each filter was applied with every predefined sigma
value (of 0.3 (only for the Gaussian Smoothing), 0.7, 1.0, 1.6, 3.5, 5.0, and 10.0). The training data was
provided manually with brush strokes. Preliminary results and uncertainty maps were used to refine
the training data and minimize segmentation errors. For the final segmentation result, 0.0285 % (for
the Rem_1_S2) and 0.0264 % (for the Fle_8_S1) of the voxels were used as training data (Table 3). The

voxels were segmented as “background”, “fracture”, or “matrix” phase.

Table 3. Amount of training data provided to the RF classifier
Both datasets consist of 256,346,100 voxels, which were segmented as background, fracture, or matrix phase.

Sample Trained matrix voxels | Trained fracture voxels Trained background
voxels
Fle_8 _S1 63,095 4,515 5,481
Rem_1_S2 58,806 1,905 6,849

Although only a limited amount of training data was provided to the RF classifier (see Table 1), a visual
comparison revealed that it provided superior segmentation results compared to the results obtained
by the conventional methods. For both representative samples, the whole fracture was segmented,
and only a few matrix voxels were falsely segmented as fracture voxels (Figure 16H, Figure 17E). These
errors were removed with the “cleanse” tool of GeoDict 2020. Interruptions in the fracture area were

visually interpreted as locations with low fracture aperture (too small to be detected in the 200 um
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resolved grey value medical XCT-images) or contact areas between the opposing fracture surfaces
(Figure 18A, B). Moreover, during the training phase, the constant interaction between the user and
the RF classifier (providing preliminary segmentation results and uncertainty maps) reduced user bias
and allowed for a more precise training. An uncertainty map is illustrated in Figure 18. The highest
uncertainties (red — yellow colours) mainly occurred at the boundary between the fracture and the
matrix because the PVE causes a blurred fracture area. This effect makes distinguishing between
fracture and matrix challenging. To ensure a meaningful segmentation result, it is, therefore, crucial to
provide proper training data to the RF classifier since the boundary voxels highly influence the fracture

properties (aperture and roughness).

The RF classifier was able to handle noise and the ring artefacts (Figure 18D). Therefore, the segmented
datasets did not need to be cropped as extensively as the segmentations obtained by the conventional
methods. This allowed the creation of a more realistic 3-D model. However, to equally compare the
results, the RF segmentations were cropped in the same way as the results from the conventional

methods.

= . YL 2mm
C 0 Uncertainty [%] 100 D s T

Figure 18. Results of the RF segmentation
Slice 273 of the masked pre-processed greyscale medical XCT-image stack of the Rem_1_52 sample (A). (B) Segmented image.
The fracture is highlighted in blue; the greyscale image is shown in the background. (C) The uncertainty map of the
segmentation result shown in (B). (D) Segmented fracture with the greyscale image of slide 760 shown in the background. The
RF classifier correctly segmented the fracture despite the ring artefacts. The RF classifier was not trained on the presented
slices. Adapted after Reinhardt et al. 2022.
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As the RF classifier, the CNN provided a superior segmentation for both samples when compared
visually (Figure 161, Figure 17F). The whole fracture area was well segmented, uninfluenced by the
artefacts. Few errors occurred in the matrix but were removed by applying the “cleanse” tool of

GeoDict 2020. Table 4 presents the final accuracy and loss functions for both training processes.

Table 4. Loss and accuracy values of the CNN segmentation approach
In Training I, the CNN was trained on the Rem_1_S2 sample, and the validation was applied on the Fle_8 S1 sample. In
Training Il, the training and validation datasets of Training | was switched.

Training | Training Il
Training Validation Training Validation
Loss 0.0043 0.0037 0.0030 0.0032
Accuracy 0.9975 0.8326 0.9982 0.8873

4.1.3 Fracture properties

Several fracture properties were calculated for each fracture. Table 5 summarizes the results of the
porosity (fracture portion), permeability, mean mechanical aperture, and roughness calculations.
Depending on the applied segmentation method, these properties showed distinct deviations from
each other. However, similar results were produced by different segmentation methods. For instance,
in case of the Fle_8 S1, similar permeability and porosity values were calculated for the fractures
obtained by the RF classifier and the thresholding at 3380 and 3400. Since a visual comparison (Figure
16C, D, H) revealed considerable differences in the segmentation results (and their quality), the
calculated parameters were not sufficient to quantify the quality of the different segmentation
methods and did not allow choosing the most suitable method. For a better comparison, the flow fields

and preferred flow paths were calculated and are presented in the next subsection.

Table 5. Overview of segmented fracture properties

Results of the permeability, porosity, roughness and mean mechanical aperture calculations for each segmented fracture of
the Fle_8 S1 and Rem_1_S2 sample.

Porosity Mean
. Permeability | (fracture | Roughness | mechanical | STD
5; Segmentation method x108[m?] portion) [-] aperture | [um]
| [%] [um]
o0
GJI Thresholding at 3360 3.32 0.90 0.38 885 331
= Thresholding at 3380 4.15 0.99 0.36 935 336
Thresholding at 3400 5.05 1.09 0.35 985 343
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Thresholding at 3410 5.45 1.15 0.34 1003 339
Thresholding at 3430 6.55 1.26 0.33 1017 354
szis:a‘::ic']ﬁ;z’:g 7.07 131 0.33 1065 | 361
Thresholding at 3450 7.48 1.39 0.37 1082 399
Thresholding at 3470 8.41 1.55 0.43 1089 464
Thresholding at 3490 8.96 1.79 0.57 1092 576
Watershed 10.20 1.44 0.22 1201 269
RF classifier 4.67 1.07 0.22 827 179
CNN 4.19 1.03 0.22 816 177
Thresholding at 3350 0.65 0.53 0.41 692 286
Thresholding at 3380 1.92 0.78 0.39 805 314
Thresholding at 3400 3.11 0.98 0.39 887 346
g Thresholding at 3410 3.79 1.08 0.39 929 370
HI Thresholding at 3420 4.53 1.18 0.41 973 396
EI Thresholding at 3430 5.28 1.31 0.44 1009 443
&) Thresholding at 3440 6.00 1.46 0.49 1032 513
Watershed 6.91 1.41 0.76 1248 952
RF classifier 2.24 0.73 0.22 571 126
CNN 2.98 0.93 0.26 787 206

Fle_8_S1

Figure 19 presents the segmentation result after applying the conventional and machine learning
segmentation methods. For each structure, the flow fields and 500 preferred flow paths were
calculated and are illustrated in Figure 19. As mentioned in subsection 4.1.1, a trade-off was observed
for the thresholding methods. The segmented structures obtained from applying a low threshold did
not correctly represent the margins of the fracture (in X-direction). Gradually more area of the margins
was segmented when applying higher thresholds; however, this also led to an increased number of
errors. For example, for the thresholding segmentation with values of 3470 and 3490, many matrix
voxels near the inflow were incorrectly segmented as fracture voxels, leading to significantly bigger

fracture apertures at the inflow (left side of the structures in Figure 19). The flow velocities were
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increasing with higher thresholds, and the flow was more evenly spread. Since the upper margin of all
threshold structures (in X-direction) was not correctly segmented, none of the calculated 500
preferred flow paths was located in this area. The watershed segmentation performed like a high
threshold segmentation: higher flow velocities and evenly spread flow paths (except for the upper
margin in the X-direction) were observed. The segmentation errors at the inflow were not observed,
i.e., visually, the watershed segmentation provided a slightly better result than the thresholding
techniques. Both machine learning approaches segmented the whole fracture area, resulting in evenly
distributed flow paths and flow fields. No obvious segmentation errors could be observed, which
qualitatively indicated that the structure was better represented by the machine learning

segmentations.
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Threshold 3360 Threshold 3380 Threshold 3400 Threshold 3410 Threshold 3440

Fluid-flow velocity [m/s]

. o _— Je-4  4e-d  6e-d  8e-d  le-3 12e-3 1563
Flovedirection {z) Machine Learning ~ Machine Learning
Threshold 3470 Threshold 3490 Watershed (Random forest) (CNN)

Figure 19. Comparison of segmented structures of the Fle_8 S1

Comparison of the fractures (blue, upper panels), calculated flow fields (middle panels), and 500 preferred flow paths (bottom
panels) for each structure, obtained by applying various segmentation methods on the Fle_8_S1 sample. Inflow and outflow
areas are not shown. Adapted after Reinhardt et al. 2022.

Rem_1_S2

Figure 20 presents the comparison of each segmented structure on the basis of the fracture area (in
blue), the flow field, and the calculated 500 preferred flow paths. The outer margins (in X-direction)
were not fully segmented by the thresholding techniques. Higher thresholds led to more segmented
fracture areas, but even with high threshold values, the margins were not correctly segmented. This

was also observed in the flow fields and the preferred flow paths, which were concentrated in the
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middle. The watershed segmentation showed high flow velocities and flow paths concentrated in the
middle of the fracture. This was caused by large areas near the margins in the X-direction, which were
not segmented. The RF classifier segmented the whole fracture area, which led to flow paths evenly
distributed across the fracture. Also, the CNN segmentation resulted in an evenly segmented fracture.
However, more contact areas between the fracture walls (i.e., matrix voxels disrupting the fracture
area) were present. The flow velocities were higher than in the RF segmented fracture, and the flow

paths were more concentrated.

Threshold 3350 Threshold 3380 Threshold 3400 Threshold 3410 Threshold 3420

B—

Fluid-flow velocity [m/s]

Flow direction (z) 0 Te-4 2e4  3e4  ded Se-4 65e-4
Machine Learning  Machine Learning

Threshold 3430 Threshold 3440 Watershed (Random Forest) (CNN)

Figure 20. Comparison of segmented structures of the Rem_1_52

Comparison of the fractures (blue, upper panels), calculated flow fields (middle panels), and 500 preferred flow paths (bottom
panels) for each structure, obtained by applying various segmentation methods on the Rem_1_52 sample. Inflow and outflow
areas are not shown. Adapted after Reinhardt et al. 2022.
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Since permeability, porosity, and roughness values overlapped between the different results, these
parameters did not allow for a quantitative comparison of the structures obtained by applying
different segmentation techniques. However, the visual comparison of the 2-D structures, flow fields,

and flow paths showed large deviations and allowed a qualitative evaluation of the methods.
4.1.4 Discussion and conclusion

In this section, the benefits of machine learning segmentation methods were demonstrated on two
exemplary samples (Fle_8 S1 and Rem_1_S2). Due to the complex grey value distributions (Figure 6)
of the samples, the segmentation was expected to be challenging for the conventional segmentation
approaches. This was confirmed by comparing flow fields, preferred flow paths, and the visualization
of the segmented structures (in 2-D and 3-D). Various errors were observed for the conventional
methods (thresholding, watershed segmentation): large areas of the fractures were falsely segmented
as matrix voxels (especially at the margins in the X-direction), matrix voxels were falsely segmented as
fracture voxels (due to similar grey values), and some merged with the fracture structure (the extend
depended on the applied threshold) and ring artefacts severely influenced the segmentation in the
upper and lower slices (in the Z-direction). These errors highly influenced the fracture properties
(apertures, roughness, porosity) and the calculated flow fields. After providing appropriate training
data, both machine learning approaches (RF and CNN) performed significantly better. The influence of
the ring artefacts was negligible, and a larger structure could be extracted. However, for a proper
comparison, the obtained structures were cropped in the same way as the structures from the
conventional methods. The machine learning methods allowed the segmentation of the whole fracture
area with minor intrusions of matrix voxels, which were interpreted as narrow apertures (not
detectable by the medical XCT scanner) or contact areas between the opposing fracture sides. Few
errors in the matrix were observed (islands of matrix voxels, segmented as fracture voxels, Figure 7D).

Evenly distributed flow fields and flow paths were calculated.

Fracture properties (permeability, porosity, roughness, mean mechanical aperture) were dependent
on the applied segmentation method and thus showed large deviations for the obtained DTs. However,
these parameters were not suitable for the quantitative comparison since results obtained from
different segmentation methods showed similar fracture properties, while a visual comparison
revealed considerable differences in the structures. For example, in the case of Fle_8 S1, similar
permeability and porosity values were calculated for the segmentation obtained by the RF classifier
and two thresholds. A visual comparison showed obvious errors in the fractures obtained from the
conventional approach.
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Overall, the permeabilities of the segmented fractures deviated more than one order of magnitude
from the experimental data (1.73x10° m? for the Flechtinger and 0.731x10° m? for the Remlinger
fracture), and the mean fracture apertures (mechanical) of the DT were about five times higher as the
measured apertures (hydraulic). These deviations could be explained by the influence of the PVE,
which is more significant with smaller apertures, low XCT scan resolutions, and at structure boundaries
(section 2.3). At a given spatial resolution, the extraction of a representative fracture model gets more
challenging with lower fracture apertures (Ketcham et al. (2010). Since the calculated hydraulic
aperture (Frank et al. 2020a) of the Rem_1_S2 (93.7 um) is smaller than the hydraulic aperture of the
Fle_8 S1 (143.9 um), the PVE is expected to have a greater influence on the Remlinger sample.
However, both mean apertures (hydraulic) are below the spatial resolution of the XCT-scans, and
hence a considerable influence of the PVE on both samples is expected. This is reflected in the large
deviations in permeability and mean aperture for both samples. The next section investigates how the

PVE affects the digitization of the fractures, and a correction method is applied.

The machine learning approaches showed several advantages over the traditional segmentation
methods. After appropriate training, the CNN method can efficiently handle image artefacts, low
resolutions, and high noise-to-signal ratio. In contrast, traditional methods require image pre-
processing when the acquired images suffer from these problems. This pre-processing is often realized
by applying image filters, which could lead to a loss in image information (lassonov et al. 2009; Saxena
et al. 2017b; Lee et al. 2022) The disadvantages of the CNN approach include the selection of the
optimal network architecture (different architectures should be tested) and parameters (e.g., learning
rate, optimizer, number of filters, batches, and epochs), which are computationally demanding and
time-consuming steps (Lee et al. 2022). Furthermore, a sufficient number of training data and an
appropriate ground truth are the foundation of the CNN approach. It can be challenging, if not
impossible, to get enough training data and an appropriate ground truth, especially when working with

unique samples (Wang et al. 20214, also see subsection 2.4.2).

Complex images and artefacts are also handled well with the RF approach (Berg et al. 2018). The
method is user-friendly and accessible through several open-source software packages, which provide
an adjustable, pre-defined workflow. A ground truth is not required since the training is provided by
the user directly on the grey value images (i.e., supervised learning). For the RF implementation used
in this study, an interactive training phase minimized user bias by providing preliminary results and
uncertainty maps. Since the training in this approach is conducted on one 2-D image at a time, the

computational demands of this method are low. The greatest disadvantage of the method is that user
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bias is minimized but not completely eliminated. The RF method has significant advantages over the
other methods tested in this study, especially when working with unique samples. The comparison in
this section highlighted the superior segmentation results obtained by the RF classifier. Due to the lack
of other ground truth data (e.g., SEM images), the RF segmentation was used as a reference for the
CNN segmentation method. Both approaches resulted in similar segmentations of the fractures, but
the preferred flow paths and flow fields indicated a better performance of the RF segmentation.
Therefore, this method was applied for segmenting each of the ten samples used in the further

analysis.

The following section investigates the influence of the PVE by applying a novel fracture reconstruction
workflow (also see section 3.4). As validation, the permeability and fracture volumes were compared
with experimental data and hydraulic apertures were estimated from mechanical aperture calculations
using various conversion formulas. The segmentations using the RF classifier were compared with the
reconstructed fractures and the lab data to highlight the influence of the PVE and the difference in
fracture properties. Additionally, the tracer experiments were simulated on the reconstructed

fractures to verify the DT with additional parameters.

4.2 Fracture reconstruction

Various segmentation methods were compared, and the advantages of the RF approach were
highlighted in section 4.1. Permeabilities and the mean mechanical apertures of the segmented
fractures showed significant deviations from experimental data, which was attributed to the PVE. This
section focuses on diminishing the influence of the PVE on the segmented fractures. For this, a novel
reconstruction approach was applied to obtain better resolved fracture models. These structures were
validated by experimental data (permeability, apertures, breakthrough curves) and compared to the

segmented fractures.

This section is structured in the following way: The first subsection describes the workflow, results,
and applied parameters to obtain the reconstructed fractures. The method is described in section 3.4
in detail. The next subsection presents the comparison with data from laboratory experiments.
Exemplary, these steps were highlighted on the same samples used in the previous section (Fle_8_ S1,
Rem_1_S2). Afterwards, the reconstructed fractures were compared to the segmented binary images
to highlight the difference between the 50 um and 200 um resolved fracture models. The final

subsection summarizes the results and gives an outlook for future studies.
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4.2.1 Workflow

Each medical XCT image stack was segmented by using the most appropriate segmentation method
(i.e., the RF classifier). These binary images and the grey value images (resampled to a resolution of
200 um, image type converted to 16-bit unsigned, with grey values raised by 2000) were used to

reconstruct the fractures at a higher resolution.

Details regarding the reconstruction workflow can be found in section 3.4. CT, values of 1011 —
1013 HU and global CTmat values of 3672 — 3702 HU (Flechtinger samples) and 3575 — 3590 (Remlinger
samples) were calculated. Since the grey values in the images were raised by 2000 HU (to eliminate
negative values prior to the segmentation), the CT values must be shifted by 2000 HU to be comparable
with literature data. A comparison with literature data revealed similar values (at similar scanning
settings) for the CT values of air (-1000 HU is usually recommended as an approximation) and the
sandstone matrix of various sandstone types with values in the range of 1100 — 1900 HU (Hounsfield

1980, Vinegar et al. 1991; Akin and Kovscek 2003; Huo et al. 2016; Kling et al. 2016).

The reconstructed fractures were validated by simulating a tracer breakthrough curve. The settings
were discussed in section 3.6. The GAD objects added to the 200 um resolved fractures (Figure 15)
were resampled to a resolution of 50 um. The diffusion coefficient of water at 20°C (2.02x10° m?/s)
was set as the diffusion coefficient of the tracer particles (Holz et al. 2000). For computing the flow
field, a constant flow rate of 0.3162 mL/s (measured in the experiments) over an area of 4.2 cm? was
applied for the Rem 1 S2 sample (with a computed pressure drop of 159.51 Pa). The previous settings
(with a flow rate of 0.3162 mL/s over an area of 0.012996 m? for the simulation of the flow fields in
section 4.1) resulted in significantly slower flow velocities in the reconstructions since the settings were
chosen to reproduce the measured flow velocities in the considerably larger 200 um segmentations.
Thus, the settings for the flow field simulation had to be corrected to replicate the flow conditions
applied in the laboratory. The value for the area was chosen to match with the average flow area of
the Rem 1 S2 core (consisting of the 2-D flow-area (in flow direction) of the fracture estimated in the
laboratory experiments and the inflow/outflow areas in the simulation). This flow condition resulted
in flow velocities in the range of 10 - 10° m/s, which were similar to the flow velocities measured in
the experiments. Since the experiments were conducted with a constant pressure drop, the computed
pressure drop in the Rem 1 S2 sample (159.51 Pa) was applied. Due to the limited resolution, small
scale features (roughness, small apertures, tortuosity) could not be accurately represented in the
reconstructed fractures. Since these features have a significant influence on the pressure drop across
a fractured core (e.g., Mofakham et al. 2018), the calculated pressure drop from the simulation is
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underestimated and cannot be directly compared with the pressure drop applied in the experiments.
The applied pressure drop for the simulations resulted in plausible flow velocities and was therefore
also used for the simulations conducted with the other nine fractured samples. For the particle

simulations, two additional adjustments are applied:

(i) The resampled structures were cropped by 200 voxels in the X+, X-, Y+, and Y- directions
(to omit unnecessary background voxels from the model), 1000 voxels in the Z+ direction
(outflow pipe) and 700 voxels in the Z- direction (inflow pipe).

(ii) The 1x10° particles (limited by the computational resources) were created in the first ten
voxels (in the Z-direction) of the fracture, with a minimum distance of 300 - 400 voxels to

the model boundary in the X-direction.

Due to the resampling to the resolution of 50 um, adjustment (i) had to be applied to lower the
computational demands and make the simulations feasible. Due to high flow velocities in the inflow
and outflow pipes, reducing the length of the pipes did not notably influence the breakthrough curves.
Adjustment (ii) was applied because of two reasons. Firstly, when the particles were created in the
inflow pipe (as realized in the simulations of subsection 4.1.4), only a few particles entered the fracture
because of the small fracture opening (this effect was also observed in the barite migration
experiments at the RUB). This led to a low number of particles detected at the outflow of the domain,
which was not sufficient to plot a breakthrough curve. A significant increase in the number of particles
to overcome this problem was computationally not feasible. Secondly, in test particle simulations on
the 200 um fractures, it was observed that the particles predominantly entered the fracture in the
middle of the fractures. Since the exact inflow function was not captured in the laboratory

experiments, as a simplifying assumption, the particles were created simultaneously.

The simulated breakthrough curves were compared to the measured breakthrough curves. Two
parameters were adjusted during the reconstruction workflow until a match with the tracer data was
acquired, and thus, a representative DT was created. Either local or global CTmat values were applied,
and the growing limit was adjusted. These parameters were varied to account for uncertainties in the
reconstruction process (e.g., errors in the local aperture calculation or errors in the calculation of the
CT values) and the limit of the resampled resolution (i.e., a resolution of 50 um might still not be
sufficient to adequately resolve the fractures). More details about the workflow can be found in
section 3.4. A discussion of error sources in the reconstruction workflow and proposals for
benchmarking studies can be found in subsections 4.2.2 and 4.2.4. Table 6 summarizes the parameter
settings for each sample. Figure 21 presents an overview of the reconstruction workflow.
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Figure 21. Workflow to reconstruct the validated digitized fractures

The segmented and the grey value XCT-images are obtained in the first steps. These images are used to calculate the local
fracture apertures (by applying the CFMA method) and a resampled (in higher resolution) fracture skeleton. The skeleton is
locally grown, according to the local aperture calculations, to obtain a reconstructed fracture. The reconstruction is validated
by computing the flow field (and obtaining the fracture permeability) and tracer breakthrough curves. The validated DTs are
used to model the hydro-mechanical barite deposition in the final section of this chapter.
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4.2.2 Results and Discussion

The fractures Fle_8 S1 and Rem_1_S2 were reconstructed by applying the workflow described in
sections 3.4 and subsection 4.2.1. For the Flechtinger sample, local CTmatvalues and a growing limit of
80 um were applied. The Remlinger sample was reconstructed by using local CTmatvalues and a growing
limit of 48 um. The mechanical fracture apertures and relative roughness values were calculated with
a modified version of the FTP algorithm (Cappuccio et al. 2020, also see subsection 3.5.3). Furthermore,
permeabilities and breakthrough curves were calculated (see section 3.6). Fracture volumes were
obtained by multiplying the number of voxels in the fracture with the voxel resolution cubed (i.e.,
(50 um)? ). The results were compared to experimental data (see section 3.5 for details regarding the

experiments).

Table 2 (in subsection 3.5.3) presents the six correlations (equation 24 — 29) used to approximate the
hydraulic aperture of the fractures. For the Fle_8 S1, a mean mechanical aperture of 175.5 um (with
a standard deviation of 90.1 um) was calculated. The correlation formulas (Table 2) revealed hydraulic
aperture values between 94 and 156 pum. The hydraulic aperture derived by the modified cubic law
(Tsang 1992; Becker 2008) was 143.9 um. For the Rem_1_S2, the mean mechanical aperture of
130.8 um with a standard deviation of 38.3 um was calculated. The hydraulic aperture was
approximated to range between 89 and 126 um. In comparison, the hydraulic aperture calculated from
the modified cubic law gave a value of 93.7 um. For both samples, the hydraulic apertures obtained
from the modified cubic law and the correlations agree well. Furthermore, the mean mechanical
apertures of the DTs are greater than the corresponding hydraulic apertures, which also agrees with

literature data (also see section 2.1 and Figure 23).

For the Fle_8 S1 and Rem_1_S2, permeabilities of 1.18E-09 and 0.543E-09 m? were calculated (using
the FlowDict module of GeoDict2020), respectively. As a comparison, the experimental data and the
hydraulic aperture obtained by the modified cubic law (Tsang 1992; Becker 2008) were used to
calculate the permeability (de Marsily 1986). The permeability of the Fle_8 S1 was 31.6 % smaller than
the permeability based on the experimental data (1.73E-09 m?). For the Rem_1_S2, a deviation of
25.7 % of the permeability based on experimental data (0.731E-09 m?) was determined. In order to
assess if this deviation is acceptable, the error of the permeability calculation (based on the
experimental data) was considered. Due to simplified assumptions, permeabilities approximated with
the cubic law are known to deviate from permeabilities from real fractures, depending on the
individual geometry (Zimmerman and Bodvarsson 1996). Usually, the cubic law approximation
overestimates the permeability (Xiong et al. 2011). E.g., Kluge et al. (2017) reported a permeability
78



4.2 Case studies - Fracture reconstruction

deviation of 50 — 80 % for their fractured samples. The modified cubic law approximation (equation
21) by Becker (2008) was tested on various fractured samples. This approach showed deviation usually
smaller than 10 % (up to 21 %) for the hydraulic aperture. With this error range, the permeability
calculated (equation 22) with this hydraulic aperture would be expected to usually deviate less than
21 % (up to 46 %) from the actual permeability. For the following study, this error range is assumed to
be acceptable. The calculated permeabilities deviate 25.7 and 31.6 % from the permeabilities obtained
from the modified cubic law approximation and, thus, are within this acceptable range. Furthermore,
most simulated permeabilities are smaller than the cubic law approximation, which also agrees with

the results reported in the literature (Xiong et al. 2011).

The calculated aperture values were used to estimate the fracture volume by multiplying the mean
mechanical aperture with the approximated fracture length and width (i.e., the length and diameter
of the core samples). The fracture volumes were also approximated by using the calculated hydraulic
apertures. This illustrates the difference in estimated volumes when the mean mechanical aperture is
unknown, and instead, the hydraulic apertures are used. As a comparison, the volume of the 3-D
models was determined by multiplying the voxel amount with the resolution cubed (i.e., (50 um)? ).
Since the length of the 3-D models was cropped during the processing (see section 4.1 and Table 6),
the reduced length was used in the volume calculations. The volume of the Fle_8_S1 was approximated
as 2.47cm? (with a mean mechanical aperture of 175.5 um), which agrees well with the volume of the
3-D model (2.55 cm?3). The volumes estimated with the hydraulic apertures range from 1.32-2.19 cm?
(with an estimated volume of 2.03 cm?3, based on the hydraulic aperture obtained by the modified
cubic law). Therefore, the volumes estimated with the hydraulic apertures deviate by about 14 - 48 %
from the volume of the 3-D model. For the Rem_1_S2, a volume of 1.82 cm? was estimated from the
mechanical aperture (130.8 pum), which was similar to the volume of the 3-D model (1.86 cm3).
Volumes estimated from the hydraulic apertures deviated from these values by about 5 —33 % (1.24
— 1.76 cm3). With the hydraulic aperture derived from the laboratory experiments (93.66 um), a

fracture volume of 1.31 cm? was estimated.
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Figure 22. Result of the reconstruction of the samples Fle_8 S1 and Rem_1_S2
The structures (A & D), calculated flow fields (B & E), and the simulated breakthrough curves (orange curves in C, F) are shown.
As a comparison, for both samples, the breakthrough curves obtained by laboratory experiments are also presented.

Figure 22 presents the reconstructed structures (A & D), the calculated flow fields (B & E), and the
simulated breakthrough curves (C & F) of the Fle_8 S1 and Rem_1_S2 samples (similar comparisons
for the other eight fractures can be found in the appendix, see Figure 50 - 53). The simulated
breakthrough curves are not smooth since they are based on the variable number of particles that
leave the fracture at each timestep. Increasing the number of particles, which represent the tracer,
would smoothen the curves. However, the performance and simulation time depend on the size of the
structure and the number of particles. Due to the large size of the reconstructed structures, fewer

particles (~ 1x10°) could be simulated to maintain a reasonable simulation time.

In order to evaluate the breakthrough curves, three parameters (time of breakthrough, peak height,
and tso%, the time until 50 % of the particles are detected) were compared with the values obtained
from the experimental breakthrough curves. Arithmetic mean values and the 3o confidence intervals

were calculated (as y + f/—i , with the number of observations (n = 3), standard deviation (c), and mean
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value () of each parameter) and compared with the simulated breakthrough curves. For the Fle_8 S1,

simulated breakthrough time, peak height, and tsos of 123 s, 0.79 %, and 241 s were obtained,

respectively (Table 7). All three parameters lay in the 30 confidence interval of the corresponding

parameters of the experimental breakthrough curves, which were calculated as 97 — 165s

(breakthrough time), 0.61 — 0.79 % (peak height), and 199 — 269 s (tsox). For the Rem_1_S2 values of

3595, 0.24% and 668 s were determined for the breakthrough time, peak height, and tsox,

respectively. The comparison with the experimental breakthrough curves revealed that the

parameters of the simulated curve lay within the 3o confidence interval of the breakthrough time (106

— 383 s), peak height (0.14 — 0.26 %), and tso% (576 — 688 s). Therefore, the match between the

simulated breakthrough curves and the experimental data was plausible, and the overall transport

behaviour could be simulated with the reconstructed fractures.

Deviations between the simulations and the experiments could be caused by various factors, including:

(i)

(ii)

The simplified particle injection function. From the experiments, only the particle
injection into the inflow tubes (not into the fractures) was determined. Since the
simulated particles had to be created in the fracture, this injection function could not
be used to reproduce the experimental conditions. Furthermore, due to the different
positions of the fractures to the inflow tube, the particle injection function into the
fractures is expected to differ for each sample. For these reasons, as a simplification,
the particles were created simultaneously for each simulation. However, since
simulations with varying particle injection functions (continuous release over 20 s, the
Gaussian distribution release function (mean = 5s, std = 1 s)) revealed only a minor
deviation in the breakthrough curves, this effect might be neglectable.

Fracture roughness. Several studies (e.g., Zou et al. 2017; Stoll et al. 2019; Dou et al.
2019) demonstrated the importance of multiscale fracture roughness on the flow
regime, e.g., enhancing flow heterogeneity and dispersion of transported particles.
Due to the small fracture apertures, the roughness can have a significant influence on
the flow, which results in deviations of simulated breakthrough curves from
experimental data. For example, the breakthrough time was shown to deviate with
higher roughness. The roughness may not be captured correctly (e.g., roughness
below voxel resolution is not captured in the model) because of the limited spatial

resolution and errors in the local aperture calculation.
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(iii) Resolution. The resampled resolution (i.e., 50 um) is still in a similar scale as the
fracture apertures, which leads to three error sources. (i) During the reconstruction
workflow, the fracture must be grown in 50 um steps and therefore, aperture
heterogeneity (and flow heterogeneity) deviated from the actual samples. (ii) Errors in
the aperture calculation can have a considerable influence on the structure since
aperture deviations can result in errors in local fracture growth, which are in the order
of one voxel. (iii) Areas with a low apparent aperture might not be imaged in the
200 um XCT-scans and, therefore, might not be included in the resampled DTs. Since
the Remlinger fractures have a lower mean arithmetic aperture than the Flechtinger
fractures, the resolution effects might have a more significant influence on the

Remlinger DTs.

Although limitations of the presented workflow were concluded, the validation of both reconstructed
exemplary samples demonstrated that proper DTs can be obtained by the proposed method.
Compared to laboratory data, the reconstructed fractures showed similar properties in terms of
fracture volume, hydraulic and mechanical aperture, permeability, and particle breakthrough
behaviour. Therefore, each of the eight other samples was also reconstructed in the same manner,

using the parameters shown in Table 6.

Table 6. Parameters applied during the reconstruction workflow

The parameters were applied to obtain the most suitable DT for each sample. The fitting was done by comparing simulated
breakthrough curves with breakthrough curves from lab experiments. After the segmentation, each sample was cropped in Z-
direction to remove ring artefacts. The final length of the models is provided in voxels (with a size of (50 um)? ). Voxels in the
50 um skeleton with an aperture smaller than the applied growing limit did not grow in the skeleton growing phase. The
subsequent limits are in 50 um steps (i.e., for a grow limit of 75 um, voxels with apertures between 75 - < 125 um grow one
voxel, 125 - < 175 um grow two voxels, etc.).

Sample dirl;:ec:;g:: ;\r/‘ozx-ell CTmat Growing limit
7 51 2832 Local CTrmat <40 um
8 S1 2836 Local CTmat <80 um
Flechtinger 8_S2 2876 Global CTpat = 3672 <120 pm
9 s1 2876 Global CT st = 3686 <50 um
9 52 2828 Local CTrmat <57 um
181 2896 Global CTma= 3585 <70 um
1.S2 2804 Local CTimat <48 um
Remlinger 1S3 2804 Local CTmat <35um
251 2864 Local CTmat <30 um
2.S3 2776 Local CTrmat <55 pum
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Figure 23 presents the aperture comparison for each reconstructed fracture. Hydraulic apertures were
estimated with various conversion formulas (Table 2), using the mean mechanical aperture and the
corresponding standard deviation. The hydraulic aperture was also estimated from experimental data
by applying the modified cubic law approach (equation 21). The values of eight fractures agreed well
with the range computed by the conversion formulas. For the other two fractured samples
(Remlinger), the value from the modified cubic law deviated by about 18 % and 7.5 % from the lowest
value of the calculated range. However, estimations from the modified cubic law were reported to
deviate up to 21 % from measured hydraulic apertures, as elaborated above. Thus, the hydraulic
apertures from these DTs are also plausible. Due to the high standard deviation (compared to the mean
mechanical aperture), the correlation formula proposed by Xie et al. (2015) resulted in negative
hydraulic apertures for two fractures (Fle_8 S1, Fle_8 S2). Therefore, these two values are not shown
in Figure 23. Furthermore, the comparison of fracture apertures from the DTs showed that the
Flechtinger fractures are wider than the Remlinger fractures. This observation agrees with the
experimental data (Table 7). Computed fracture volumes also agreed well with the estimation from
laboratory data (Table 7). Furthermore, for each reconstruction, the computed permeabilities lay
within the acceptable error range (see above for the acceptable deviations of these parameters).
Reynolds numbers were calculated according to equation 7, assuming the mean mechanical aperture
as the characteristic length (Stoll et al. 2019). A fluid velocity of 1x10 m/s was used for the calculation,
which corresponds approximately to the mean flow velocities calculated in the fractures and calculated
in the laboratory experiments. Since all Reynolds numbers are smaller than 1, the viscous forces can
be neglected, and the Stokes equation is suitable for the calculation of the flow fields. Overall, each

reconstruction exhibits realistic hydraulic apertures, permeabilities, and fracture volumes.
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Figure 23. Estimation of the hydraulic aperture

Various conversion formulas from the literature were used to approximate the hydraulic aperture. The mean mechanical
aperture and the calculated hydraulic aperture (from the laboratory experiments) are also shown for each sample. Due to the
high standard deviation compared with the mean aperture, the approximation of Xie et al. (2015) resulted in negative
hydraulic apertures for two fractures (Fle_8_S1, Fle_8_S2). These values are not shown here.

Table 7. Overview of the properties of all reconstructed DTs

Comparison of estimated fracture volumes (based on the hydraulic aperture) and permeabilities, based on lab data, with the
volumes and permeabilities of the DTs. For the volume calculations, the length of the cropped DT was used. Additionally, the
roughness and standard deviation of the mean mechanical aperture are presented.

Flechtinger Remlinger

P t
arameter ™7 7s1 | 81 | 852 | 951 | 952 | 1.51 | 1.52 | 1.53 | 2.51 | 2.53
Fracture

volume DT 278 | 255 | 276 | 323 | 289 | 195 | 1.86 | 2.16 | 2.10 | 1.74
[cm?]

Estimated

fracture 1.98 2.03 1.76 2.00 1.75 1.48 1.31 1.42 1.18 1.00
volume [cm?]
Deviationfrom | =\ | 256 | 567 | 617 | €51 | 319 | 423 | 523 | 777 | 742
estimate [%]

R°”gh[r_']eSSDT 0305 | 0513 | 0.666 | 0.382 | 0.377 | 0.394 | 0.293 | 0.291 | 0.293 | 0.339
Standard

deviationof | 57.9 | 90.1 | 1196 | 805 | 759 | 60.9 | 383 | 435 | 421 | 412
aperture [um]
Permeability DT | 40 | 118 | 083 | 1.57 | 1.40 | 0573 | 0.543 | 0.649 | 0.568 | 0.342
E-09 [m?]

Permeability | ) o5 | 173 | 125 | 154 | 1.25 | 0879 | 0731 | 0.867 | 0575 | 0.441

LAB E-09 [m?]
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Deviation from
7B %] 52 | 316 | 335 | 21 | 118 | 347 | 257 | 251 | 12 | 224
Reynolds 019 | 018 | 018 | 021 | 020 | 015 | 013 | 015 | 014 | 0.12
number [-]

Breakthrough curves were simulated with each reconstructed fracture. Table 8 presents three
parameters (breakthrough time, peak height, and tsox) of the simulated and measured breakthrough
curves. Since at least three tracer experiments were conducted for each sample, Table 8 shows the
mean values and the 3o confidence interval for each parameter. Overall, the simulated curves of the
Flechtinger fractures showed a similar behaviour as the measured curves, with deviations that lay
within the computed 30 confidence interval. However, 2 - 3 parameters from the breakthrough curve
of four Remlinger fractures exhibited larger deviations from the experimental data. The deviations
could be explained by the resolution and the small apertures of these fractures due to the following
reasons: (i) Calculated apertures could only be reconstructed in 50 um steps, resulting in a
considerable influence of the growing limit and errors in the aperture calculation. The 50 um spatial
resolution might be too coarse to accurately resolve the variations of the real fracture apertures, which
also influences the computed flow fields (ii) Small scale roughness cannot be represented with a
resolution of 50 um (iii) Small apertures (< 50 um) might not be segmented in the original medical XCT
images (due to strong blurring in the 200 um resolution), leading to more contact areas in the
reconstructed fractures (in 50 um resolution), compared to the real sample. Two parameters (growing
limit and local or global CTmat value) were varied during the reconstruction workflow to counteract
these error sources. The breakthrough curve is the most sensitive characteristic used as validation in
this study and is, therefore, the first property that is expected to show deviations when the model
starts to deviate from the real samples. Overall, the large-scale parameters (permeability, fracture
volume, mean aperture) were captured well with each reconstructed DT. Deviations in the
breakthrough curve indicate that details in the fracture structure (e.g., roughness, the variety of
apertures) were not captured well for all samples, resulting in differences in the computed flow fields
(and tracer transport). In that sense, it was possible to reconstruct six fractures with good quality, but
four Remlinger samples showed larger deviations. Since the Remlinger fractures exhibit lower mean
apertures than the Flechtinger fractures, the influence of the errors mentioned above could be greater
and thus explain why most DTs of the Remlinger fractures showed large deviations from the

experimental data.
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To summarize, with the presented workflow, it was possible to reconstruct each fracture at a higher
resolution. While large-scale parameters (permeability, volume, mean aperture) fitted well with
experimental data, more sensitive small-scale parameters (from breakthrough curves) showed
deviations for some DTs. Six fractures showed a good match with all available experimental data. Four
reconstructed (Remlinger) fractures showed larger deviations of two or three parameters of the
simulated breakthrough curves and therefore revealed a lower quality match. Due to the small
apertures, these deviations could be mainly caused by insufficient representation of roughness and
the variations in the aperture field (due to the low spatial resolution). Reconstructing the fractures at
different resolutions was not feasible in this study because particle migration simulations with the
applied resolution of 50 um were already at the computational limit. Furthermore, the reconstruction
at lower resolutions (i.e., 100 um or 200 um) would not lead to meaningful structures since most of
the fracture area would not be well represented due to the high fraction of apertures with a low

aperture (in these resolutions, represented by only one or two voxels).

Table 8. Comparison of parameters describing simulated and real breakthrough curves
Parameters of the simulated breakthrough curves are highlighted in red if they are not included in the 3 o confidence interval
of the experimental curves.

Flechtinger Remlinger
Parameter
751 | 851 | 852 | 951 | 952 | 151 | 1.52 | 1.53 | 2.51 | 253
Breakthrough | (.0 | 103 | 122 95 133 | 176 | 359 | 295 | 372 587
simulated [s]
Breakthrough 83 131 119 100 142 129 244 171 253 264
LAB mean [s]
. [43— | [97— | [90— | [51— | [128— | [80— | [106— | [117— | [146— | [251—
Sointerval[s] | 1551 | 165] | 149 | 149] | 156] | 1781 | 383] | 2251 | 359] | 277]
Peakheight | o3 | 079 | 047 | 048 | 071 | 06 | 024 | 04 | 024 | 022
simulated [%]
Peak height
LAB mean (o] | 089 | 070 | 036 | 049 | 083 | 027 | 020 | 023 | 020 | 005
. [077— | [0.61— | [0.22— | [0.45— | [0.68— | [0.24— | [0.14— | [0.15— | [0.15— | [0.05—
0,
3ointerval [%] | *y 11 | 0791 | 0.50] | 0.54] | 0.98] | 0.31] | 0.26] | 031] | 0.24] | 0.06]
tso [s] 199 | 241 | 284 | 227 | 228 | 301 | 668 | 491 | 737 960
tson LA[S] mean |\ 164 | 234 | 325 248 233 387 | 632 529 | 601 | 1558
3ointerval [s] | (1187 | 199~ | [276— | [191- | [224- | [369— | [576— | [343 - [524— | [1409-
210] | 269] | 373] | 304] | 242] | 405] | 688] | 716] | 678] | 1706]
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4.2.3 Comparison to segmented fractures

The reconstruction workflow was applied, and the obtained fracture models were validated with
experimental data. To further assess the applied workflow, this subsection compares the
reconstructions (in 50 um resolution) with the RF segmented fractures (in 200 um resolution) of the
Fle_8 S1andRem_1 S2. As areference, the experimental data is also included for comparison. Similar
differences described for these two samples were also observed for the eight other samples (see Figure
54 and 55 in the appendix).

Table 9. Properties of the reconstructions and segmentations of the reference samples

Comparison of the permeability, mean aperture, volume, and roughness of the reconstructed (50 um resolution) and
segmented fractures (200 um resolution) Fle_8 S1 and Rem_1_S2.

Fle_8 S1 Fle_8 S1 Rem_1_S2 Rem_1_S2
Parameter Reconstruction Segmentation Reconstruction Segmentation
(50 pum) (200 pum) (50 pm) (200 um)
Permeability E-09 [m?] 1.18 46.8 0.543 21.9
Permeability LAB E-09 173 0.731
[m?]
Deviation from LAB [%)] 31.6 2604 25.7 2897
Mean mechanical 175.5 827.2 130.8 571.6
aperture [um]
Hydraulic aperture [um] 143.9 93.66
Deviation from LAB [%)] 21.9 474 39.7 510
Volume [cm?] 2.55 11.88 1.86 8.00
Estimated volume [cm?] 2.03 1.31
Deviation from LAB [%] 25.6 485 41.9 441
Roughness [-] 0.513 0.216 0.293 0.221

Table 9 presents the parameter comparison of the segmented and reconstructed fractures. The
simulated permeabilities of the segmented fractures were about one order of magnitude higher than
the permeabilities of the corresponding reconstructions. Consequently, major deviations from the
laboratory data were observed. The segmentations deviated over 2500 % from the experimental data,
whereas the reconstructions deviated by less than 32 %, which was still in the acceptable range of
error (see subsection 4.2.2). Similarly, the mean mechanical apertures and the fracture volumes were
about five times larger than the values calculated from experimental data, with resulting deviations
from 440 — 510 %. Again, the reconstructions showed many similar values with deviations within the
plausible range (see subsection 4.2.2). Figure 24 illustrates the aperture distributions of both samples
and in both resolutions. In order to allow for a better comparison, the calculated hydraulic apertures

(from experimental data) are highlighted with a red line. The direct comparison in Figure 24 highlights
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the pronounced difference in the distributions. Most of the measured apertures in the reconstructed
fractures were below 200 um (with mean values close to the hydraulic aperture), whereas only a few
apertures of the segmentations lay in this range. Furthermore, the aperture distribution of the
reconstruction exhibited a typical shape for sandstone fracture aperture distributions (e.g., Chen et al.
2020; Kluge et al. 2021). Overall, the reconstruction workflow provided considerably more realistic DT

models of the real fractures.
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Figure 24. Apertures of the reconstructions and segmentations of the reference samples

Comparison of the mechanical aperture distribution between the reconstructed fractures (with 50 um spatial resolution, A
and C) and the segmented fractures (with 200 um spatial resolution, B and D) using the RF classifier. The red line indicates the
hydraulic aperture, calculated from experimental data. For the histogram classes, the bin size was chosen to be equal to the
corresponding spatial voxel resolution.

4.2.4 Discussion and conclusion

The advantages of the RF segmentation were demonstrated in section 4.1. However, deviations from
experimental breakthrough curves were observed and attributed to the PVE. The segmented fractures
were used as the foundation for a novel reconstruction workflow to obtain fracture models in higher
resolution and analyse the influence of the PVE. The reconstructed fractures were validated with
experimental data (mean aperture, permeability, fracture volume), and observed deviations were
within a plausible range of error. The comparison of breakthrough curves demonstrated that six
reconstructed fractures represented plausible DTs of the real samples. However, four reconstructions

showed significant deviations from the experimental breakthrough curves. These deviations may be
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mainly attributed to the limited resolution and the insufficient representation of fracture roughness in
the models. A larger influence of these errors could be expected in the smaller Remlinger fractures
and, thus, could explain why only these DTs showed larger deviations. The applied resolution of 50 um
was already at the computational limit; hence, it was not feasible to further enhance the resolution to
analyse the possible improvement in the corresponding fracture reconstruction. To fully assess the
reliability of the presented workflow, it should be considered to analyse the impact of resolution and
the uncertainty of the aperture calculation (by the CFMA) in future studies. Studies reported deviations
of about 20 — 60 um of the CFMA aperture calculation, depending on the sample, which indicates that

further resampling might be limited by this calculation error (Huo et al. 2016; Wenning et al. 2019).

For the segmentations, major deviations from experimental data were observed for permeabilities,
apertures, and fracture volumes. A comparison of the reconstructed (in 50 um resolution) with the
segmented fractures (in 200 um resolution) revealed the considerable improvement in the fracture
models. All reconstructed fractures showed similar characteristics as observed in the conducted
experiments. With the presented workflow, it was possible to considerably improve the digital fracture
models obtained by the segmentation. This was possible without the need for additional data (which
was not available in this study), which is required for alternative reconstruction methods reported in
the literature (e.g., Ramandi et al. 2017; see section 2.3). For six fractures, a plausible match for all
parameters (permeability, aperture, breakthrough curves) was achieved, whereas the breakthrough
curve of the other four fractures significantly deviated from experimental data. Additionally, the
analysis highlighted the importance of proper validation of the DT models. Previous studies only
applied a limited number of parameters (like the permeability in Ramandi et al. 2017) to verify the
presented fracture models. Results from this thesis indicate that additional parameters are required
for verifying DTs fractures. Each reconstructed DT showed realistic large-scale parameters
(permeability, apertures); however, only the comparison of the small-scale parameters (from the
breakthrough curve) revealed larger deviations from the experimental data for most Remlinger
fractures. Since the flow field in a fracture highly depends on the complex geometry (e.g., roughness,
aperture heterogeneity, contact zones; He et al. 2021), a sufficient spatial resolution is needed to
represent these complexities in a DT. In the presented models, the (resampled) spatial resolution was
in a similar range as the fracture apertures, i.e., most apertures were represented by few voxels (< 5).
Hence, the DTs did not exhibit the actual surface roughness (below voxel size) and the real aperture
heterogeneity, leading to deviations in the breakthrough curves. For example, Saxena et al. (2018)
concluded that at least ten voxels are needed to sufficiently resolve a pore throat diameter. Since

deviations in surface geometry should have a bigger influence on the flow field in the smaller Remlinger
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fractures, this could explain the observed deviations in the breakthrough curves of four Remlinger

samples.

Future studies might help to improve the quality of the reconstruction and quantify the limits of the
workflow. Possible investigations could include: (i) The analysis of 3-D printed fractures with defined
properties (e.g., a fracture with a constant aperture or a fracture with a defined aperture distribution
with a large mean aperture, which allows to reconstruct meaningful DT in different resolutions). These
samples could be imaged (e.g., by XCT) in different resolutions to compare the reconstructed DT to the
segmentation in similar resolutions and the ground truth. (ii) The direct comparison of the result from
the presented workflow with results of other reconstruction methods (e.g., the approach of Ramandi
et al. (2017) or the method of Cappuccio et al. (2020) could be applied to reconstruct single fractures)
or images obtained by other imaging techniques (e.g., SEM). This comparison could be conducted in
2-D (pixel by pixel) or 3-D. Such a comparison could also help to further quantify the error of the CFMA
calculation. (iii) The error of the CFMA calculation should be quantified for different samples and
resolutions to investigate the constraints of the method (e.g., by direct comparison with SEM images).
(iv) The analysis of natural fractures with a larger mean aperture or a smaller length than the samples
analysed in this thesis. Such fractures could allow to obtain meaningful reconstructed DT on various
resolutions and, therefore, to analyse if the quality of the DT improves when the resolution during the
reconstruction is enhanced by various factors. Additionally, such an analysis could provide insights on
an optimal ratio of fracture aperture to the (enhanced) resolution. (v) A well-resolved fracture could
be reconstructed in higher resolutions to investigate the influence of small-scale details (if the errorin
the CFMA aperture calculation is proven to be small enough to reliably resolve these details) in the
fracture structure (roughness, small aperture zones) e.g., on the flow field. The fracture roughness

might pose a valuable validation parameter.
4.3 Barite particle deposition modelling

This section investigates the migration of barite particles through the previously validated DT models
of real fractured sandstones. A sensitivity analysis is conducted to examine the influence of various
parameters on the number of deposited particles. The goal of this section is to analyse which settings
(e.g., small or large flow rates, higher or lower temperatures) are more favourable for establishing a
sustainable use of fractured geothermal reservoirs. The simulation parameters are based on laboratory
experiments, which were conducted by the project partners at the RUB. Two successful flow-through
experiments (using the constructed HPTC) with the injection of prepared barite particles were

conducted. Details regarding the experimental procedure on the Fle_9_S1 can be found in Frank et al.
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(2021). In the first subsection, suitable simulation parameters are determined, and simulation results
are compared with results from the experiments. The second subsection presents a sensitivity study,
where the influence of 6 parameters (flow rate, temperature, particle size, particle amount, adhesion
forces, random seed) on the amount of particle deposition in two fractured samples (Fle_8 S1 and
Rem_1 S2) is investigated. The sensitivity analysis is complemented by a comparison of particle and
tracer transport and an analysis of the relationship between fluid flow velocity and particle deposition.
This section is concluded by summarizing the results and formulating suggestions for minimizing

particle deposition.
4.3.1 Base model setup and validation

To mirror the experimental conditions in the HPTC, the validated DT fractures obtained in the previous
section and the simulation setups (see section 3.6 and subsection 4.2.1) were modified in the following
way. The structures were flipped (i.e., the inflow was positioned at the top of the domain and the
outflow at the bottom) to simulate a flow from top to bottom. For the flow field simulation, the
temperature was set to 58°C, and a constant pressure drop was applied to enable a flow through the
fractures. Similar to the tracer simulations, the Rem_1_S2 sample was used to calculate the pressure
drop to the corresponding flow rate. Since each fracture has a different aperture distribution, different
flow rates are produced at the same pressure drop (see Table 1). Thus, the calculated pressure drop
for the Rem_1_S2 sample was reduced to achieve the same flow rate in the Flechtinger samples (e.g.,
a flow rate of 2.03225 mL/s resulted in the pressure drop of -520.0 Pa in the Rem_1_S2. The same flow
rate in the Fle_8_S1 would be achieved with a pressure drop of -144.4 Pa since it was observed in the
experiments that the measured flow rates differed by a factor of 3.6 (0.32 mL/s for the Rem_1_S2 and
1.14 mL/s for the Fle_8 S1) at the same pressure drop). A negative pressure drop was applied to

achieve a flow from top to bottom.
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Figure 25. Setup for conducting the barite particle migration simulations

The DTs obtained in the previous step (section 4.2) were flipped, and the water flow was applied from top to bottom. The
fracture, pipes, and in-/outflow areas are filled with water (ID 03, blue), and the matrix and background are composed of
quartz (ID 00, invisible). Particles are created in the first ten slides of the fracture. This spawn area is encased by a different
material (ID 01, quartz, shown in black) to avoid instant deposition of particles that are created close to the fracture walls.
Particles are included in the breakthrough curves when they reach the outflow area below the fracture (ID 02, green). In this
setup, particles are either transported through the fracture or deposited in the fracture.

Simulations with particles placed in the inflow tubing revealed that most barite particles were
deposited at the rock interface instead of entering the fracture. Since this study aims to investigate the
particle migration through the fracture and only a limited number of particles could be simulated, the
number of particles entering the fractures had to be maximised. Therefore, the barite particles were
directly placed into the fracture (within the first ten slides, with the starting velocity equal to the flow
velocity in the corresponding voxel). The interaction of the particles with the surrounding rock matrix
of this spawn area was simulated with the sieving model (the restitution value was set to 1) to avoid
the instant deposition of the created particles. The particle interaction with the rock matrix enclosing
the fracture was simulated with the Hamaker model, where the restitution was set to 0.9 and the
Hamaker constant to 102 J. These values were chosen to achieve similar deposition patterns as

observed in the experiments. Similar values were also applied in other modelling studies (e.g.,
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Sadeghnejad et al. 2022). Particles that were transported through the fracture were registered directly
at the outflow of the fracture (and considered in the breakthrough curves). 3x10° particles with a
density of 4480 kg/m?3 and sizes of 4 (40 % of the particles), 7 (30 %), 10 (20 %), and 14 (10 %) um were
simulated. The size distribution was chosen to approximate the measured size distribution of
deposited particles in the Fle_9 S2 fracture (Figure 12). The simulation time was set to 500 s, with a
time step of 1 s, periodic BC in tangential directions, open BC at the lower end, and reflective BC at the
upper end of the domain. The particle motion was calculated by considering advection and diffusion
(equation 12), where the diffusion coefficient of the particles was calculated with equations 13 and 14.
Additional forces (e.g., electrostatic forces) were neglected to save computational resources.
Breakthrough curves, mean collisions, and the number of escaped/deposited particles were tracked

for each simulation.

After the laboratory experiments were conducted, the cores were dismounted, opened, and images
of both fracture walls were taken. One side of each fractured core was cut into eight smaller pieces
and analysed with a SEM by the project partners at the TUD and RUB universities. For the Fle_9_S2
sample, the size distribution of deposited barite particles was created (Figure 12), and for each sample
(Rem_1_S2, Fle_9_S1, and Fle_9_S2), snapshots of the deposited particles were taken (examples
shown in Figure 13). A quantitative analysis (exact locations, amount) of the deposited particles was
not conducted by the project partners. Furthermore, the deposited particles were too small to be
detected in CT-images (spatial resolution of 200 um, with particle sizes up to 30 um), and the particles
did not illuminate when exposed to different light sources. Thus, only the photographs could be used
for the comparison with the simulation results. The deposited barite particles could not be segmented
in the images due to the following reasons: low quality and resolution of the images, uneven
illumination, similar colour of barites and other minerals, and distinguishing injected barites and
barites from the rock matrix was not possible. Therefore, only a qualitative comparison of deposition

patterns was conducted.

For the qualitative comparison with the simulation results, the Fle_9 S1 and Rem_1_S2 samples were
used. The flow-through experiments with these two fractures were conducted with approximately
constant flow rates (in the saturation phase, i.e., before and during injection) and an injection of a
prepared barite particle mix. During the experiment with the Fle_9 S2, the core was damaged, and
the pump malfunctioned, causing highly variable flow rates. These conditions could not be simulated,

and it was not clear when the core was damaged and how this affected the particle transport.
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Therefore, only the experiments with the Fle_9 S1 and Rem_1_S2 could be simulated with the DT

models.

Fle_9 S1 Rem_1_S2
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Figure 26. Qualitative comparison of the barite deposition results

(A) Photographs of one fracture half after the laboratory experiments were conducted. (B) The photographs are overlain with
the deposited particles (in black, the size was increased by a factor of 50 for the visualisation) obtained from the simulations
with the DTs. (C) Calculated flow fields with a flow rate of 2 mL/s (Fle_9_S1) and 1.32 mL/s (Rem_1_S2).

Figure 26 presents the results for the Fle_9_S1 and Rem_1_S2 samples. The photographs of the actual
cores (after conducting the experiments) are shown (Figure 26A) and overlain with the deposited
particles obtained by the simulations (Figure 26B). For the Fle_9_S1 particle simulation, deposition
across the whole fracture was observed. Zones with low deposition coincide with upstream contact
areas between the fracture halves (Figure 26C). High deposition occurred at these contact zones or
when the flow velocity was low. Similar patterns could be observed in the photograph, where

deposition is indicated by an accumulation of white minerals. However, as elaborated above, the white
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spots are a mixture of deposited barite particles and minerals of similar colour that belong to the
sandstone matrix. Therefore, the interpretation of the photographs is not unique and is of a qualitative
nature. In the Fle_9_S1 core, accumulations of white minerals were observed across the core, and
larger accumulations were in similar areas as particle depositions in the simulation (e.g., inflow area
and contact zones between the fracture sides). For the Rem_1_S2, similar deposition patterns were
observed in the simulation: high deposition at the inflow and at contact zones and low deposition
behind contact zones. Furthermore, as observed in the photograph, most particles were deposited in

the anterior area of the fracture.

As elaborated above, a quantitative comparison of laboratory results and the simulations could not be
conducted. Qualitatively, both DTs showed similar deposition patterns as observed in the experiments.
Thus, the applied simulation settings were used to perform the following sensitivity analysis, aiming to
quantify the influence of various parameters on barite particle deposition. Future studies could
evaluate similar experiments in a quantitative way, by a complete SEM imaging of the fracture halves,
where barites can be identified by energy-dispersive X-ray spectroscopy. Other approaches could
include the staining of the prepared barite particles with a distinct colour or choosing a smaller
fractured core, which would allow for a higher resolution of the XCT-scans. Due to the high density of

the barite particles, it might be possible to detect depositions at higher spatial resolutions.
4.3.2 Sensitivity analysis

As qualitatively shown in the previous subsection, the model setups with the DTs resulted in similar
particle deposition patterns as in the experiments. Hence, these parameters were used to simulate the
base model for the sensitivity analysis. In order to isolate the influence of particle size, a single
diameter (10 um in the base model) was used in the simulations. The same samples, which were used
in the previous sections for demonstrating the segmentation and reconstruction workflow, were
selected to conduct the sensitivity analysis: one Flechtinger (Fle_8 S1) and one Remlinger sample
(Rem_1_S2). As stated above, the flow field simulations on the Rem_1_S2 were conducted to calculate
the corresponding pressure drop, which is required to have a specific flow rate at a certain
temperature. For the flow field simulations of the Fle_8 S1, these pressure drops were divided by a
factor of 3.6 to achieve the same flow rates (all flow field simulations were conducted by applying a

pressure drop).

The values for the parameters of the base model and their corresponding range for the sensitivity

analysis are summarized in Table 10. Six parameters (flow rate, temperature, particle size, particle
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amount, adhesion forces, random seed) were varied to investigate their influence on the hydro-
mechanical barite particle deposition in the fractures. The sensitivity study was conducted by using the
base model as a reference. The effect of each parameter was isolated by keeping five parameters

constant while varying the value of the sixth one. The flow fields for both base models are presented

in Figure 27.

Table 10. Summary of base model parameters and the ranges for the sensitivity analysis

Range for sensitivity

Parameter Base simulation analysis
Flow rate [mL/s] 2 05-8
Temperature [°C] 58 38-78
Particle amount [-] 3x10° 0.5 —6x10°
Particle size [um] 10 1-42
Hamaker constant [J] 103 102 —5x102%
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Figure 27. Computed flow fields for the base models
The results for the Fle_8 S1 are shown in (A), and the results for the Rem_1_S2 are shown in (B).

The sensitivity analysis is organized as follows: the first subsection is dedicated to quantifying the
numerical error of the simulations. Three possible error sources were considered: the random seed for
particle placing, the number of simulated particles, and the error bound of the flow field calculation.
The subsequent subsections present the results for the sensitivity analysis on each parameter and a
discussion of their corresponding influence. The second-to-last subsection focuses on the comparison
of barite particle migration with the migration of tracer molecules. In the last subsection, the fluid flow
velocities in the voxels where particles were deposited are analysed. Most subsections show the
results from both fractures, which are presented in the form of cumulative breakthrough curves and

the number of particles that were caught in the fracture.
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Numerical error

In the first step, the numerical error of the simulations was assessed on the Flechtinger sample. The
random seed was varied between 75 and 84 to investigate the influence of different particle start
positions. The number of particles caught in the fracture and their fraction, compared to the 3x10°
starting particles, were compared. The particle amount varied between 0.5 — 6x10° and the fraction of

caught particles was compared (Figure 28).
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Figure 28. Assessment of the numerical error of the barite migration simulations
The random seed and the particle amount were varied in the simulations with the Fle_8_S1.

For the random seed sensitivity analysis, the fraction of deposited barite particles varied between
94.774 and 94.813 %, with a mean value of 94.795 % and a standard deviation of 0.014 % (30 =
0.014 %, with n = 10). On average, 156 153 particles were detected at the outflow of the fracture. The
particle amount simulations resulted in deposited particle fractions of 94.788 — 94.825 %, with a mean
of 94.802 % and a standard deviation of 0.012 % (30 =0.012 %, with n = 9). The sum of both 3o ranges
was 0.026 %, which corresponded to a deviation of 156153 +787 particles escaping the fracture. The
error bound of the flow field calculation was set to 5 %, which was an order of magnitude higher than
the deviations because of different particle starting positions (random seed) and particle amount. A
deviation of 5 % (which corresponded to 156 153 +7808 particles) was detected at the outflow. Hence,
the influence of different random seeds and the particle amount can be neglected, and a numerical

error of 5 % was assumed for calculating the error bars in the following results.
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For the following simulations, the particle amount was set to 3x10° since the fraction of deposited
particles only slightly changed with higher numbers, and enough particles were simulated to reliably
determine the number of deposited particles. For both samples, the arithmetic mean value of the
number of particles escaping the fracture was determined, and the random seed was selected, which
resulted in the closest value to this mean. The following constant random seeds were applied for the

simulations presented below: 81 (Fle_8 S1) and 83 (Rem_1_S2).
Particle amount

This paragraph presents the sensitivity analysis for the particle amount. The number of barite particles
injected into the fractures varied between 0.5 and 6x10° particles. The analysis presented in the
previous paragraphs demonstrated that the fraction of deposited particles changed only slightly with
higher particle numbers (Figure 28). Figure 29 A and B present the deposited volume fraction (in %),
which compares the volume of deposited barites with the fracture volume (calculated as:
volumeeposited barites/ VOlUMEfacture X 100). This fraction was chosen since it allowed the comparison of
both fractures and the different parameters. Furthermore, it allowed an estimation of the impact of
the particle deposition. The absolute number of deposited particles, and therefore the deposited
barite volume, rose linearly when more particles were injected. This behaviour occurred since the
interaction of particles with other particles was not considered in the simulations. In reality, a deviation
from this linear relationship is expected since the number of particles influences particle transport and
deposition. In the Remlinger fracture, due to the smaller volume, the influence of the deposition (up
to 0.2 %) was almost twice the value of the Flechtinger fracture (up to 0.12 %). The cumulative
breakthrough curves (Figure 29 C, D) showed a similar trend (higher number of deposited particles,
with a higher amount of injected particles) and highlighted that more particles (about one order of
magnitude) were deposited in the Remlinger fracture. Furthermore, the shapes of the cumulative
breakthrough curves demonstrated differences between the migration behaviour in the Flechtinger
and Remlinger fractures: in the Flechtinger fracture, two widely spread peaks were observed. Whereas
the particles in the Remlinger fracture were migrating with a similar breakthrough time through the
fracture, resulting in one narrow peak with less tailing. That behaviour could be explained by faster
mean velocities that can be expected in the Remlinger fracture (Darcy 1856, Figure 27), due to the
constant flow rate (of 2 mL/s) and the smaller mean aperture, compared to the Flechtinger fracture.
However, since the Remlinger fracture is smaller, more interactions of the particles with the fracture

walls were expected, leading to a delay in the breakthrough times (see Figure 38 for a comparison of
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collisions of particles with the walls of the Flechtinger and Remlinger fracture). Furthermore, the time

of the first breakthrough did not change with a higher particle amount.
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Figure 29. Varying particle amount

The volume of the deposited particles, compared to the fracture volume of the Fle_8 S1 (A) and Rem_1_S2 (B) fracture. A
higher number of injected particles led to a linear increase in deposited volume. The 5 % error bars are shown for each result
in (A) and (B). The cumulative breakthrough curves (C, D) showed a similar behaviour.

Flow rate

Flow rates between 0.5 and 8 mL/s were simulated to investigate the influence of flow rate on hydro-
mechanical particle deposition. For both fractures, less deposition with a higher flow rate was
observed. This result agrees with literature data, where the decrease in deposition can be explained
by a decreased residence time (lowering the probability of interactions of particles with the fracture
walls) and higher hydrodynamic forces (e.g., Vilks et al. 2008). The residence time of each particle is
defined as the time the corresponding particle remains in the structure until it escapes the structure
or is caught inside. A decrease in mean residence time was observed for both fractures (Figure 31).
However, the decrease in residence time with faster flow rates was small due to two reasons: (i) most
particles were caught in the fracture, and (ii) especially with small flow rates, it was observed that most

particles were caught in the first half of the fracture. With higher flow rates and, therefore, higher
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4.3 Case studies - Barite particle deposition modelling

advective forces (see equations 12), more particles were transported further into the fracture. This can
be explained by the increased transport velocities of the particles, which allowed the particles to
escape the fracture surfaces instead of being caught. However, most particles were caught (Figure 32)
since the increased travel distance also led to an increase in collisions with the fracture walls (Table
11), which decelerated the particles. Particles were caught on the surface when the deceleration by
collisions and lower flow velocities decreased the transport velocity below the critical velocity of the

Hamaker model (see equation 15).

Hence, the mean number of collisions that particles experienced while migrating through the fractures
increased with higher flow rates. However, the increase in mean bounces became smaller with higher
flow rates (Table 11), and the difference between the Flechtinger and Remlinger samples became
smaller. Particles migrating through the Remlinger fracture experienced higher flow velocities but also
a higher probability of collisions with the fracture walls due to the smaller apertures of the Rem_1_S2.
The particles gained more energy by advective forces and could tolerate more collisions before being
caught due to adhesion (see equations 12 & 15). However, due to the increased number of collisions,
the combined effect was a greater delay in breakthrough time and more deposition. Additionally,
lower residence times could be caused by the higher number of collisions and by the low number of

particles that escaped the fracture (Figure 31).

The influence of the flow rate differed for the Flechtinger and Remlinger fractures. At the lowest flow
rate, almost all barite particles were deposited in both fractures: 99.78 % in the Flechtinger sample
and 99.99 % in the Remlinger sample. With the highest flow rate, 83.01 % of the particles were
deposited in the Flechtinger fracture and 95.53 % (Figure 30 A, B) in the Remlinger fracture. The
deposited volume fraction of the Rem_1_S2 was about 1.5 — 2 times greater than the fraction in the
Fle_9 S2 due to a lower fracture volume and more deposition in the Remlinger fracture (Figure 30 C,

D).
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Figure 30. Varying flow rate
Influence of the flow rate on particle deposition in the Flechtinger (A) and Remlinger (B) fracture. The cumulative breakthrough
curves (C & D) show an earlier breakthrough and a higher number of escaped particles in both fractures. With a flow rate of
0.5 mL/s, only seven particles escaped the Rem_1_52 and about 6000 the Fle_8 S1; hence, these two curves are marginally
visible in the cumulative particle curves.
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Figure 31. Residence time and first arrival with a varying flow rate
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4.3 Case studies - Barite particle deposition modelling

Table 11. Mean particle — wall collisions in the reference samples
Comparison of the mean number of bounces/collisions that particles experienced in both fractures, with different flow rates

Mean number of Mean number of .
. . Ratio mean bounces
Flow rate [mL/s] bounces per particle bounces per particle Rem 1 S2/Fle 8 51
Fle_ 8 S1 Rem_ 1 S2 - -
0.5 34.65 94.77 2.74
1 79.23 1711 2.16
2 145.8 249.8 1.71
4 218.5 339.6 1.55
8 285.5 420.4 1.47

Figure 32. Influence of the flow rate on barite particle deposition

For a low flow rate (0.5 mL/s, A), more particles are caught in the Fle_8 S1 fracture and earlier compared with higher flow
rates (8 mL/s, B). For better visualization, the 10 um particles were enlarged by a factor of 50, and the structure/flow fields
were set as invisible.

Temperature

The temperature was varied between 38 and 78 °C (while keeping the flow rate constant) to investigate
the corresponding impact on the particle deposition. The temperature influenced the diffusion
coefficient of the particles and the dynamic viscosity of water in the models. The former varied
between 1.25 - 2.33x10* m?/s (calculated with equation 13 & 14), and the latter between 3.64 — 6.78
x10* kg/m*s (after Kestin et al. 1978). For both fractures, the simulations revealed only minor
differences within the 5% margin of error (Figure 33). That behaviour can be expected, since the
transport for high Pe numbers (when Pe >> 1, for the applied particle sizes Pe between 10*— 10° were
calculated with equation 16) is dominated by advection, and in these situations, the diffusive transport

does not affect the particle migration or deposition (e.g., Dou et al. 2018, 2021). Although the
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temperature had a neglectable influence on the transport of existing particles, it is still an important
factor to be considered in geothermal power plants. The temperature of the injected water depends
on the extracted energy at the heat exchanger, and the temperature affects particle nucleation and
growth (Tranter et al. 2021b). Hence, temperature changes also influence the amount and size of

precipitated barite particles.
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Figure 33. Varying temperature
Influence of the temperature on the barite particle deposition in the Flechtinger (A) and Remlinger (B) fracture

Hamaker constant (adhesion forces)

This paragraph presents the results from the sensitivity analysis of the Hamaker constant. Values
between 10%* — 5x10%2 J were applied to simulate different adhesion forces. When a particle was
transported to the vicinity of a surface, it was caught when the particle was decelerated below a critical
velocity (see equation 15). The Hamaker constant influenced the minimal velocity a particle must
possess to be able to escape the adhesion forces from the rock surface. This critical velocity is
presented in Figure 35 and ranges from about 4.2x10™ to 9.5x10* m/s for the Hamaker constants
considered in the sensitivity analysis. With a higher critical velocity (due to a higher Hamaker constant),
particles were caught earlier in the structure, and the number of deposited particles increased (Figure
34). This was also reflected in the deposited volume fraction calculated for both fractures (Figure 36
A, B).Inthe Fle_8 S1, about 85 —99 % of the particles were deposited, resulting in a deposited volume
fraction of 0.053 — 0.061 %. More particles were deposited in the smaller Rem_1_S2 (96 — 100 %),
which resulted in a higher deposited volume fraction of 0.096 — 0.1 %. For both fractures, the Hamaker
constant had a large influence on the deposition: in the Flechtinger sample, the number of escaped
particles ranged from 348 — 421534 (for the highest to lowest Hamaker constant) and for the Remlinger
sample from 0 — 109656 (Figure 36 C, D). In general, the first breakthrough time remained constant

when the Hamaker constant was varied. Two exceptions were observed in the Rem_1_S2 fracture, for
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the highest (0 particles escaped the fracture hence no breakthrough was observed) and the lowest
Hamaker constant. In the latter case, the first breakthrough of about 60 particles was detected 10
seconds earlier compared to the other simulations. This effect could be explained by a faster flow path,
where at some point, the particles were decelerated between the critical velocities of the two lowest
Hamaker constants (4.21 — 9.42x10° m/s). Thus, this flow path only became accessible when the

lowest Hamaker constant was applied, and this deceleration was not sufficient to catch the particles.

The overall lower deposition in the Flechtinger sample can be explained by the lower amount of
collisions a particle experienced while migrating through the fracture: in the base model of the particle
migration, a particle that was transported through the Rem_1_S2 collided about 1.7 times more with
the fracture walls (Table 11), which resulted in a greater loss of energy and a higher likelihood of

deposition. This effect was partly compensated by the higher flow rates in the Remlinger fracture.

5E-22) 1E-24)
A) B)

Flan

Figure 34. lllustration of particle deposition with varying adhesion forces
Particle deposition pattern for the highest (A) and lowest (B) Hamaker constant applied on the Fle_8 S1
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Figure 35. Critical velocity with varying parameters
The critical velocity of the Hamaker collision model depends on the Hamaker constant and particle size. When a particle was

transported in the vicinity of the rock surface (4x10-1° m in the simulations), the critical velocity determined if the particle was
caught or not. Faster particles escaped the adhesion forces. The critical velocities were determined according to equation 15.
For the varying Hamaker constant (the dashed orange curve, distances plotted at the secondary X-axis are logarithmically
spaced), the particle size was fixed at 10 um; for the varying particle size, the Hamaker constant was fixed at 102 J.
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Figure 36. Varying adhesion forces
Influence of the Hamaker constant on particle deposition in the Fle_8_S1 (A) and Rem_1_52 (B). Note: the distances plotted
in the X-axis are logarithmically spread. (C, D) show the cumulative particle counts for both fractures.

Particle size

A particle diameter of 1 to 42 um was applied for the sensitivity analysis presented in the following
paragraphs. Larger particles resulted in a higher deposited volume fraction in both fractures, ranging
from 0.000062 — 3.35 % for the Fle_8_S1 and 0.0001 — 6.67 % for the Rem_1_S2 (Figure 37 A, B). The
amount of injected particles was constant for all tests, and due to the varying particle size, the total
volume of the injected particles increased with the particle size. Thus, the influence of one deposited
particle on the deposited volume fraction depended on the particle size. Another observed effect was
the decrease in the fraction of deposited particles with greater particle sizes (100 — 74 % for the
Fle_8_S1 and 100 — 87 % for the Rem_1_S2). This can be explained with the Hamaker collision model,
where an increased particle size results in a decreasing critical velocity (Figure 35). Thus, bigger
particles can experience more deceleration than smaller particles before being caught by the adhesion
forces. Although bigger particles also had a higher probability of interacting with the fracture walls,
the overall effect of rising particle size was a higher probability of escaping the fracture. Generally,

fewer particles were deposited when particle size increased (Figure 37 C, D), but due to the greater
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volume of each particle, the deposited volume fraction increased. The first breakthrough time was
constant for all simulations conducted on the Flechtinger sample. However, a faster breakthrough was
detected in the Remlinger fracture, for the bigger particle diameters (= 21 um, Figure 37 D). An earlier
breakthrough could be explained by the size exclusion effect (surface charges were neglected in the
simulations; Zhang et al. 2012) and faster flow paths that only support the transport of bigger particles
since smaller particles might be deposited along these streamlines (due to the deceleration between

the critical velocity of 14 and 21 um particles, at one or multiple spots).

Figure 37. Sensitivity analysis for the particle size
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The deposited volume fraction and fraction of deposited particles for both fractures are presented in (A) and (B). The
cumulative particle count shows the breakthrough behaviour for each particle size simulation in the Fle_8 S1 (C) and
Rem_1_S2 (D). Note: some curves are not shown due to the low amount of particles that escaped the structure. The
simulations of the two biggest particle sizes migrating through the Remlinger fracture were only conducted with 1x106
particles since a higher amount resulted in too many collisions that could not be simulated with the available computational
resources. Therefore, both curves are not shown in (D). In order to include the results from the biggest particle sizes in the plot
(B), the deposited particle amount was multiplied by three since the relationship between particle amount and the number of
deposited particles is approximately linear (see the paragraph “Particle amount” in subsection 4.3.2).

When the particle size reaches a similar range (or becomes larger) to small aperture areas, some flow
paths might not allow these particles to pass through the structure (similar to the size exclusion effect
in porous media, e.g., Cumbie and McKay 1999; Molnar et al. 2019). With bigger particles, more small
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aperture zones might prevent the particles from passing through, resulting in an increase in the
deposited particle fraction. Additionally, with larger particles, the probability of collisions with the
fracture walls increased (Figure 38). Since collisions reduce the particle velocity, increasing collisions
favour an increasing particle deposition. Thus, the Hamaker collision model and the physical effects of
increasing the particle size can explain the observed particle deposition behaviour. With an increasing
particle size, an initial decrease in particle deposition was attributed to the sharp decrease of the
critical velocity in the Hamaker model. The influence of the increasing number of collisions rose with
larger diameters, resulting in a smaller decrease in particle deposition until a plateau was reached (for
a particle diameter of 28 — 42 um in the Flechtinger fracture and particle diameters of 28 — 35 um in
the Remlinger fracture). With larger particle diameters, the deposition increased, as observed for the
42 um particles in the Remlinger fracture. Since the aperture distribution has a large influence on the
interaction with particles, this effect was observed earlier (with smaller particles) in the smaller
Remlinger fracture (with a hydraulic aperture of 93.66 um) than in the bigger Flechtinger fracture (also
see Figure 24). Compared with the Flechtinger fracture, more collisions occurred in the Remlinger
fracture at a given particle size, and the increase in the number of collisions with particle size was
about 70 % greater. This difference can also explain the higher particle deposition in the Remlinger
sample. Furthermore, with the available computational resources, it was not feasible to simulate the
high number of collisions that the biggest particles (35 and 42 um) experienced in the Remlinger
fracture. Therefore, these two simulations had to be carried out with a reduced number of particles
(1x108). The number of deposited particles was multiplied by a factor of 3 to compare the results with
the results from the other simulations (a linear relationship between particle amount and amount of

deposited particles was demonstrated in subsection 4.3.2.).
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Figure 38. Number of collisions for each particle size

Particles migrating through the smaller Remlinger fracture collided more frequently with the fracture walls, with a greater
increase with increasing particle size. Linear fitting curves with a slope of about 19.8 (Rem_1_S2, R? = 0.9979) and 11.5
(Fle_8_S1, R? = 0.9965) were calculated.

The particle size sensitivity analysis was additionally conducted with a constant barite mass to compare
the deposition when a fixed mass of particles (in varying sizes) is injected into the fractures. Therefore,
for each particle size (diameters ranging from 4 to 42 um), a different amount was injected to keep the
injected barite mass at a constant value of 1 mg. The results for both fractures are presented in Figure
39 A and B. Since most small particles were caught in both fractures, the deposited volume fraction
had the highest values for the smallest particle size. As elaborated in the previous paragraphs, with
greater particle diameters, more particles escaped the fracture until a plateau was reached. With even
bigger particles, the number of escaped particles declined again. This suggests that an optimal particle
diameter exists, where the deposition reaches a minimum. Since the physical interactions of particles
with the fracture wall increase with an increasing diameter, this optimum diameter depends on the
aperture distribution of the fracture. For the Flechtinger fracture, the optimum particle size could be
reached between 28 — 42 um but could also include larger particles that were not simulated in this
study. For the smaller Remlinger fracture, the optimal particle diameter was between 28 — 35 um, with
the lowest fraction of deposited particles and the lowest deposited volume fraction. The idea of an
optimal particle size for particle transport through fractures can also be found in the literature (e.g.,

Cumbie and McKay 1999).
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Figure 39. Simulation results of injecting a constant mass of barite into the fractures

For each of the eight batches, 1 mg of barite was injected as particles with a constant diameter, which was different for each
batch. Thus, the combined effect of varying particle size and particle amount was considered in the simulations. (A) shows the
result for the Flechtinger sample and (B) the result for the Remlinger sample

Comparison with tracer particles

This paragraph of the sensitivity analysis is dedicated to the comparison of the transport of barite
particles and a conservative tracer under the same flow conditions (identical to the parameters of the
base model presented in Table 10). In order to simulate a conservative tracer, water molecules were
selected (also see section 4.2), with a diffusion coefficient of 4.58x10° m?/s (the diffusion coefficient
of water at 58°C was estimated after Holz et al. 2000). Collisions of the tracer molecules with the
fracture walls were simulated with the sieving model (where the restitution value was set to 1). A
random seed of 81 was used for the placing of the molecules and particles. Due to computational

limitations (owing to the high number of collisions that must be computed), the number of particles

and molecules was reduced to 1x10°.
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Figure 40. Comparison of particle and tracer transport
Comparison of the transport of barite particles (10 um diameter) and a conservative tracer (water molecules) through the
Flechtinger (A) and Remlinger (B) fracture.

For both fractures, the same behaviour was observed (Figure 40). The tracer particles had a 30 % later
breakthrough time, a higher recovery rate, and a distinctive tailing compared to the barite particles.
Furthermore, the mean number of collisions a molecule experienced was about 30 times higher than
for barite particles, which can be explained by the higher diffusion coefficient of tracer molecules (the
diffusion coefficient of the tracer molecules was about five orders of magnitudes higher compared to
the barite particles, with respective values of about 4x10° and 2x10'* m?/s), which led to a higher
deviation from the flow paths and therefore a higher probability to collide with the fracture walls.
Furthermore, the probability that tracer molecules were caught in the structure was lower due to the
different collision model (sieving) and the higher mobility of the tracer molecules (due to the higher
diffusion coefficient). Therefore, the molecules were able to travel longer than the barite particles, and
more molecules reached the outflow. Since molecules experience more diverse transport paths, a
pronounced tailing was observed in the breakthrough curves. Particles and molecules collided more
frequently with the Remlinger fracture walls than with the Flechtinger fracture walls. The mean
collisions of about 250 (particles) and 7776 (molecules) were simulated in the smaller Remlinger
fracture, and mean collisions of about 145 (particles) and 4939 (molecules) were calculated in the

Flechtinger fracture.

The greater influence of Brownian motion on the tracer transport resulted in a greater deviation from
the faster main flow paths (higher Taylor dispersion), a higher probability of reaching stagnant zones
with a low flow velocity, and more collisions with the fracture walls (Becker et al. 1999; Mortensen
2001; Zvikelsky and Weisbrod 2006). Particles, on the other hand, tend to stay on the same

streamlines, which results in an enhanced transport velocity and an earlier arrival (Knapp et al. 2000).
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Since the diffusion coefficient is size dependent, this effect is greater for bigger particles
(Chrysikopoulos and Abdel-Salam 1997; also see equation 13 & 14). Other effects on the enhanced
transport of particles (or colloids) in real fractures include the size exclusion effect, the charge
exclusion effect, or matrix diffusion (Oswald and Ibaraki 2001; Zhang et al. 2012). The former considers
the restricted transport paths due to the greater size of particles (i.e., particles cannot enter smaller
pores of the rock matrix or small aperture zones), and the latter considers the repulsion of negatively
charged particles (at neutral pH) from the negatively charged rock surface (Zhang et al. 2012). Since
the electrostatic forces were neglected in the simulations (see section 2.6), the charge exclusion effect
does not have an influence on the presented results. The matrix was simulated as an impermeable
material due to the low permeability measured in the laboratory and reported in the literature (see
section 3.1). Depending on the host rock and the size of the suspended solids, matrix diffusion can
influence the migration of colloids or particles (Oswald and Ibaraki 2001). The size exclusion effect

could become important for the bigger particles simulated in this study.
Particle deposition and flow velocity

Barite particles were preferentially deposited in low-flow velocity areas (Figure 41). Due to the low
diffusion coefficient, the particle transport velocity was dominated by advection (with Pe of 10*— 10°).
Hence, with low flow velocities, the particle velocity was also greatly reduced. This increased the
probability of decelerating particles below the critical velocity of the Hamaker model. The particle
velocity was further decreased after collisions with the fracture walls, which happened more
frequently with the higher residence times in the low-flow velocity voxels (Stoll et al. 2019). With an
increased particle diameter, the critical transport velocity decreased (Figure 35), i.e., bigger particles
escaped the adhesion forces even with smaller transport velocities compared to smaller particles.
Thus, big particles were only deposited when the fluid flow reached very low flow velocities (Figure
42). The flow velocities in voxels with deposited particles revealed that most particles in the Remlinger
fracture were deposited when the flow velocity dropped below 102 m/s. About 90 % of the injected
particles were deposited when the flow velocity was below 5x107 (for the 42 um particles), 6x107 (for
the 35 um particles), 1x10* (for the 28 um particles), 2x10* (for the 21 pum particles), 5x10* (for the
14 um particles) and 1x10°3 (for the 10 um particles) m/s.
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Flow velocity
E-3 [m/s]

2¢m

Figure 41. Particle deposition pattern

The flow field (A) for the base model in the Remlinger fracture was computed with a pressure drop of -520 Pa, which resulted
in a flow rate of 2 mL/s. (B) The deposited barite particles with a diameter of 14 um (for the visualization, the size was
enhanced by a factor of 50) with the flow field in the background. The close-up of the flow field (C) and particle deposition (D)
show that particles preferentially deposit in low-velocity zones. A similar behaviour was observed for the Flechtinger fracture.
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Figure 42. Flow velocity and particle deposition
Histogram of the flow velocities in voxels, where particles were deposited in the Remlinger fracture. Larger particles were only

deposited in voxels with very low flow velocities. With smaller diameters, the particles were also deposited in voxels with a
faster flow velocity. Most particles were deposited when the flow velocity was below 103 m/s.

4.3.3 Discussion and conclusion

Fracture sealing due to barite scaling was described theoretically in laboratory experiments and
observed at multiple geothermal sites, influencing the productivity of these power plants (Nitschke et
al. 2014; Regenspurg et al. 2015; Griffiths et al. 2016; Orywall et al. 2017). The corresponding sealing
rates were reported to be on the order of days to months, where the dependence on the mean fracture
aperture was quantified by Tranter et al. (2021b). In their modelling study, scaling was induced by
injecting a supersaturated solution, i.e., barite nucleation and growth were considered. The fast sealing
of their smallest analysed fracture (100 um mean aperture) showed that a critical amount of barite
can quickly accumulate and significantly influence fracture permeability. Alternatively, these scaling
minerals can also form near the surface (e.g., in pipes, at the heat exchanger, or in solution), be
transported into the reservoir, and therefore have the potential to deposit and influence the fracture
permeability in a similar manner (Frick et al. 2011; Tranter et al. 2021b). This section investigated under
which conditions these precipitated barite particles deposit in a single fracture. The base model was
gualitatively validated with experimental data. A sensitivity analysis was conducted on two fractures
to investigate the influence of temperature, flow rate, particle size, adhesion forces, and particle

amount. The conditions in the experiments were considered in the range of the parameters.
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An estimation of the numerical error demonstrated a small influence of the random seed and the
particle amount on the fraction of deposited particles. Thus, the numerical error of the results was
assumed to equate to the 5 % error bound from the flow field calculation. The results showed the
largest influence on the hydro-mechanical deposition for the flow rate and particle size. With faster
flow rates, the fraction of deposited particles decreased from about 100 % to 83 % (Flechtinger
fracture) and 95 % (Remlinger fracture). Due to greater transport velocities (due to higher advective
forces), fewer particles were trapped by adhesion. An increase in particle size decreased the fraction
of deposited particles from about 100 % to 74 % (Flechtinger fracture) and 86 % (Remlinger fracture).
Greater particle sizes decreased the critical velocity of the Hamaker adhesion model, i.e., bigger
particles must be further decelerated to get trapped. However, due to particle sizes in the order of the
fracture apertures, an optimal particle size was obtained for each fracture. For the Flechtinger fracture,
the lowest deposition occurred for 35 — 42 um particles and for the Remlinger fracture for 28 — 35 um
particles. Bigger particles had a higher chance of colliding with the fracture walls, leading to a higher
number of collisions with increasing particle diameter. Since collisions reduce the transport velocity,
this effect influenced the particle deposition. Another possible influence could be physical straining,
which restricts the possible transport path for larger particles. For the biggest particle size (42 um) in
the Remlinger fracture, the high amount of collisions (and potentially the physical straining) was not
compensated by the lower critical velocity and thus resulted in increased particle deposition. The
optimal particle size was also obtained by simulating an injection of a constant mass (1 mg) of barite
particles, where the combined effect of varying particle size and particle amount was considered.
Generally, the fraction of deposited particles was greater in the Remlinger fracture, which can be
explained by the smaller apertures, resulting in a higher probability of collisions with the fracture walls.
An analysis of flow velocities demonstrated that particles were preferentially deposited in low flow
velocity areas. Varying temperatures had a neglectable influence on the hydro-mechanical particle
deposition due to the low diffusion coefficients and comparably high flow velocities. A decrease in
adhesion forces led to a decrease in the fraction of deposited particles from about 99 to 85 %

(Flechtinger) and 100 to 96 % (Remlinger).

The presented models allow some qualitative conclusions for selecting favourable conditions to
minimize hydro-mechanical barite particle deposition in single fractured rocks: (i) higher flow rates, (ii)
lower adhesion forces, (iii) lower particle amount, (iv) larger fracture apertures and (v) bigger particles,
where the optimum size depends on the aperture distribution of the fracture. Furthermore, it was
demonstrated that most deposition occurs in low-flow velocity areas. For more quantitative analysis,

the following factors could be considered:
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(i)

(i)

(iii)

(iv)

Additional forces might influence the particle deposition, e.g., particle and surface charges
or the gravitational force. For vertical fractures, the gravitational force accelerates or
decelerates the particle transport (depending on the flow direction), which would have an
influence on particle velocity and, thus, the deposition by adhesion forces. When the
fracture orientation deviates from the vertical position, the gravitational settling could
become an important deposition mechanism for bigger particles (Ding et al. 2021).
Furthermore, the Hamaker coefficient should be determined experimentally to include a
realistic value in the simulations.

Several complexities could be considered for the particles, e.g., particle growth, particle-
particle interactions, or more realistic shapes. Alternatively, spherical particles (artificial or
natural) could be used in the experiments to allow the direct implementation of similar
particles in the simulations. Additionally, the migration of other relevant particles should
be investigated (e.g., clay particles).

For this study, fracture geometries were reconstructed from CT-images. Thus, the isolated
influence of different surface roughness values and aperture distributions were not
considered. It is well known that roughness and the aperture distribution influence particle
migration in fractures (e.g., James and Chrysikopoulos 1999; Shen et al. 2012; Stoll et al.
2019). Consequently, the presented study could be extended by introducing different
roughness values (e.g., a sub-voxel roughness). The reconstruction method should be
investigated in a benchmark study to quantify the reconstruction’s uncertainties and to
find optimal parameters for the workflow (as the optimal growing limit or the appropriate
CTmat value (local/global)). As elaborated in subsection 4.2.4, suitable samples should be
selected for such a benchmark study, i.e., the ratio of fracture apertures to the
reconstructed (resampled) spatial resolution should be as big as possible. The DTs can also
differ from the real samples due to errors in the segmentation or CT measurement.
Additionally, a fracture with a simple geometry (straight and smooth, e.g., 3-D printed)
could be analysed as a reference sample through the whole DRP workflow to validate the
results obtained after each step.

Since particle recovery rates can be highly variable (and depend on e.g., particle size and
fracture aperture, e.g., Vilks and Bachinski 1996; Alaskar et al. 2015), a quantitative
analysis of experimental data could provide valuable insights into the validity of the
modelling results and the chosen parameters and simplifications. A defined number of

(artificial) particles could be injected into the cores without recirculating the particle-fluid
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(v)

suspension. The deposited particles could be analysed by SEM or by preparing particles
that illuminate or have a distinctive colour. In that way, the recovery rates and the
deposition zones in the fractures could be identified and compared with simulations.

The release of deposited particles could be included in the models to investigate the

importance of this process (e.g., see Zhang et al. 2012; Yosri et al. 2021).
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5. Summary and Outlook

This thesis presented the application of the DRP workflow to model barite particle migration in single
fractured rocks. A framework was developed to create validated DTs at higher spatial resolution. This
included finding the optimal segmentation method, developing a novel workflow for correcting the
PVE, and discussing suitable validation parameters. A sensitivity study was conducted to investigate
which parameters have the largest influence on the deposition of barite particles in fractures. The key

findings and suggestions for future studies are summarized in the following paragraphs.

The first part of the analysis demonstrated the benefits of novel machine learning approaches during
the segmentation procedure. The applied conventional methods were influenced by noise, ring
artefacts, and operator bias. Additionally, a visual comparison revealed various errors in these
segmentations. In contrast, both machine learning methods (i.e., CNN and random forest algorithm)
resulted in superior segmentations without being influenced by ring artefacts or noise. However,
current shortcomings of these approaches were discussed: the CNN method requires careful
optimization of the network structure (and hyper parameters), which has high computational demands
and can be time-consuming. Moreover, preparing an appropriate ground truth is challenging and can
suffer from the operator bias. On the other hand, the RF is still influenced by an operator bias (because
of the interactive training). In general, it was demonstrated that the RF segmentation provided reliable
results and was the most suitable method for segmenting the fractured cores. However, the CNN
approach has the potential to surpass the performance of the RF methods if current limitations can be
overcome. A key advancement would be a comprehensive database with a sufficient amount of high-
quality training data and corresponding ground truths. A comparison with laboratory data revealed
large deviations of the properties calculated for the segmented fracture. Since the fracture apertures

were in a similar range as the spatial resolution, these deviations were attributed to the PVE.

A novel workflow was presented to correct the influence of the PVE. The fractures were reconstructed
at a higher resolution based on local aperture calculations with the CFMA method. The permeabilities
and hydraulic apertures of all reconstructed fractures were validated with laboratory data. A
comparison to the segmented fractures highlighted the large deviations of these structures and the
significant improvement after applying the reconstruction workflow. Although for most reconstructed
DTs, similar tracer breakthrough curves were simulated, larger deviations were revealed for most

Remlinger fractures. This might be attributed to the limitation in enhancing the spatial resolution. The
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resampled spatial resolution was still in a similar range as the fracture apertures, leading to deviations
from the real aperture fields and, thus, deviations in the flow fields. Since the Remlinger fractures were
smaller than the Flechtinger fractures, this effect might have a larger influence on the Remlinger
fractures and, thus, explain the deviations in the characteristics of the breakthrough curves. The large-
scale parameters (i.e., permeability, mean aperture) were less affected by these deviations, thus were

similar to laboratory data.

A sensitivity study was conducted to investigate the influence of various parameters (temperature,
flow rate, adhesion forces, particle size, and amount) on the hydro-mechanical deposition of barite
particles in single fractured rocks. The lowest deposition was determined for (i) higher flow rates, (ii)
lower adhesion forces, (iii) lower particle amount, (iv) larger fracture apertures, and (v) bigger particles,
with an optimal size depending on the aperture distribution of the fracture. Particles are preferentially

deposited in areas with low flow velocities.

Studies often consider a limited number of parameters to verify DTs (like the permeability in e.g.,
Ramandi et al. 2017). However, the results from this research indicate that additional data besides
permeability and mean aperture might be necessary to properly validate fracture DTs. This insight
should be considered in future studies to prove that DTs of fractures properly represent the real
complexity. In general, the presented workflow offers a promising potential to create reliable DTs of

fractures without the need for additional calibration data. Suggestions for future studies include:

e The influence of the PVE can be diminished, and limitations in spatial resolution of a CT-setup
can be exceeded by utilizing sub-resolution information with the CFMA approach.

e Future studies might focus on benchmarking the presented workflow by analysing suitable
samples and comparing the results with other methods and a ground truth.

e 3-D printed fractures with pre-defined properties (e.g., a constant aperture) that allow
controlling the influence of the PVE and will provide a ground truth as a reference. The
presented workflow can be applied to investigate the performance of the reconstruction
method in different aperture to (resampled) resolution ratios (i.e., in that way, it could be
evaluated if increasing the resampled resolution increases the quality of the reconstructed
fracture). Furthermore, errors from the CFMA calculation could be quantified.

e Alternatively, natural fractures with a smaller influence of the PVE as the here presented
samples can be investigated.

e Results from the reconstruction workflow could be compared to other imaging techniques (like

SEM) or reconstruction (based on calibration data) methods.
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e In sufficiently resolved fractures (with a low influence of the PVE), the CFMA method and
reconstruction workflow (without enhancing the resolution) might provide a reference to
quantitatively compare different segmentation results. Furthermore, this reference can
provide a suitable ground truth for training segmentation CNNs.

e An adjusted version of the code could also be applied to reconstruct fracture networks.

e Additionally, an increasing computational power might enable future studies to resample the
spatial resolution by a factor greater than four and thus achieve a better representation of real
aperture distributions (if the error of local aperture calculation is small enough).

e Future studies might add more complexity to the presented particle deposition models, e.g.,
by: (i) considering additional forces like particle charges or gravity, (ii) including different
particle morphologies and interactions between particles, (iii) allowing particles to be released
after being deposited (iv) considering the isolated effect of fracture properties (roughness,
aperture distribution).

e Additionally, a quantitative comparison to laboratory data would help to validate the
modelling results and optimize the modelling parameters. Validation data could include a
quantitative analysis of size, amount (particle recovery rate), and location of deposited
particles (e.g., by SEM). DRP studies might also benefit from reference samples (with a simple
geometry and defined properties) that can be used to validate each step of the analysis and to

optimize modelling parameters.

This study focused on the particle migration through cm-sized fractured cores, with a neglectable
matrix permeability (and therefore a neglectable particle migration through the rock matrix). However,
to understand particle migration in reservoir rocks and utilize them properly and sustainable (e.g., for
geothermal plants or carbon capture and storage), it is crucial to study these processes in different
scales, different rock types and in porous media. Additionally, insights gained from these different
approaches should be combined into models where the porous rock matrix is coupled with fractures.
The ongoing joint-project ResKin_Move (“Einfluss von Partikelmobilisierung infolge von Kalzitzement-
Auflésung auf die Reservoireigenschaften”, a follow-up project of the ResKin project) aims to
complement the findings of the Resalt project (and vice versa) by focusing on the particle migration in
the pore space. For example, the insights of the segmentation method comparison, presented in
section 4.1, are directly applied to the samples analysed in the ResKin_Move project. The goal of this
project is the investigation of the influence of fine mobilization due to dissolution processes in the pore
space (e.g., Othman et al. 2018). Since results from the previous project ResKin indicated that clay

minerals might be mobilised due to calcite-cement dissolution, the focus of the follow-up project is
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the comprehension of the permeability/porosity response due to the deposition of these clay particles.
Thus, the project ResKin_Move investigates similar processes as presented in this study, but in a
smaller length scale (mm-sized sampled), with different particles (lllites) and with the focus on the
pore space (see Table 12 for a comparison of the analysed systems in the ReSalt and ResKin_Move
project). The small size of the samples allows the usage of Micro-XCT and synchrotron-based XCT
scanners, enabling high spatial resolutions (~¥1 — 2.5 um) and, thus, highly detailed digital twin models.
Furthermore, in-situ flow-through experiments (with clay particle injection) were conducted at a
synchrotron facility to achieve high quality, time-resolved datasets. A novel particle deposition method
will be applied on the digital twin models to simulate the clay particle deposition in the pore space and
reproduce the resulting effect on porosity and permeability, which was observed in these experiments
(the code is described in Sadeghnejad et al. 2022). In contrast to the fractured samples, the
permeabilities of the porous samples are several orders of magnitude lower, indicating that particle
deposition should have a greater influence on the hydraulic properties of the porous samples.
Moreover, while diffusion was neglectable for the migration of the baryte particles through the
fractures, the diffusion must be considered to adequately describe the transport behaviour of clay
particles in the porous samples (due to smaller particle sizes, the smaller scale of the transport paths
and relatively low flow rates). Therefore, the combined insights of the ReSalt and ResKin_Move
projects (and follow-up investigations, e.g., considering fracture networks) allow a greater and
comprehensive understanding of the fundamental processes of particle migration in geological
systems. However, it is still a major challenge to combine these insights into one model, that simulates

the particle transport in fractures and the surrounding rock matrix.

Table 12. Comparison of the analysed systems in the ReSalt and ResKin projects.

Fractured samples Porous samples
Sample size (length x 15x 10 cm 10 x 4 mm
diameter)
Spatial resolution [um] 200 1-2.5
. Micro-/synchrotron-
XCT Scanner Medical XCT based XCT
Permeability range [m?] 1010-10% 101 -101
Particle type Baryte lllite
Particle size [um] 1-42 ~1
Important tr.ansport Mostly gdvec‘uon Advection + Diffusion
mechanisms dominated
Project ReSalt ResKln & the follovv—up
project ResKin_Move
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To conclude, the results from this thesis demonstrate that DRP simulations can reproduce the complex
interactions between fractures and (baryte/tracer-) particles that were observed in laboratory
experiments. It is possible to use insights from these simulations to support the planning of additional
experiments. This was feasible, although the representation of the fracture morphologies was limited
by the spatial resolution of the XCT-scanner and various simplifications were applied for the
simulations. However, extracting the fracture morphologies from the XCT-images and setting up the
simulations is still a complex and laborious task, requiring sufficient computational power and expert
knowledge to choose, adapt and apply the proper methods for each processing step (e.g.,
segmentation). In this regard, more research is required to improve existing methods and develop new
methods (e.g., based on machine learning approaches) in order to overcome current limitations and
make the application more efficient and user-friendly. Numerous studies demonstrated that the
(usually non-destructive) DRP workflow is a great tool to analyse complex processes in real geometries.
Hence, DRP is routinely used to compliment laboratory experiments and sometimes to replace
additional experiments. Currently, DRP is not able to completely replace expensive and time-
consuming laboratory experiments since data obtained from these is still mandatory to validate the
digital models and the corresponding simulations. To reach this goal, more research is needed to e.g.,
(i) fully understand the complex interactions in porous/fractured media, (ii) adapt the digital models
to properly consider these complexities (e.g., particle morphology, particle-particle interactions,
coupling of fractures with a porous matrix), (iii) improve details in the 3-D models (e.g., fracture
roughness) and (iv) increase the computational power and solver efficiency to enable the simulations

of these complex models.
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# Measure real fracture aperture after Huo et al. 2016. Only for approximately
horizontal fractures (parallel to x-axig). Input: Tif stack
# Use a local CT mat value

import tifffile as tiff
import math

CT air = 1013 # calculated from Avizo
R = 200 # resolution in [um]

xy dim = 570 # image dimensions in x and y direction

sample = "Fle § 52" # sample name

path = "C:\\Users\\marce\\Desktop\\Aperture Huo etal 2016\\" + sample +
"\\Tifs short test\\" + sample + " " # path tc isclated grey value fracture images
(masked, 0 = background & matrix that is not influenced by the fracture)

savepath = "C:\\Users\\marce\\Desktop\\ApertureiHuoieta172016\\" + sample +
"\\Tifs skel local 200um testi\\" # path where results are saved

path grey = "C:\\Users\\marce\\Desktop\\Aperture Huo etal 2016\\" + sample +
"\\Tifs grey 200ur\\" + sample + " " # path tc grey value images (unmasked)

def aperture measure(number): # function to measure the local apertures of one image.
Input: number of the image (of the image stack) to be analysed
if number < 10:
slide = tiff.imread(path + "00" + str(number) + ".tif") # load current glide
of isclated grey value fracture image stack
slide grey = tiff.imread(path grey + "00" + str(number) + ".Cif"} # load
current slide of grey value image stack
elif number < 100:
slide = tiff.imread(path + "0" + str(number) + ".£if")# load current slide of
isolated grey value fracture image stack
slide grey = tiff.imread(path grey + "0" + str(nurber) + ".£if")# load
current slide of grey value image stack
else:
slide = tiff.imread(path + str(number) + ".tif")# load current glide of
isolated grey value fracture image stack
slide grey = tiff.imread(path grey + str(number) + ".tif"}# load current
slide of grey value image stack

skeleton = slide * 0 # initialize empty slide to store skeleton + aperture values
inside
for § in range(l,xy dim): # iterate through each column of the current images
(X-direction)
Summe = 0 # keep track of the sum of CT values of fracture pixels
start = 0 #start of fracture
end = 0 #end of fracture
CT mat sum = 0 # keep track of the local CT mat values of the matrix pixels
matrix count = 0 # number of matrix pixels considered for the calculation of
the local CT mat value
for i in range(l,xy dim): #iterate through the rows in the current cclumn of
the images (Y-direction)
if slide[i,j] > 10: # check if the current pixel belongs to the

matrix/background (=0) or isolated fracture (>0)

if start == 0: # if this is the first non-zero pixel in the column
start = 1 # save the pixel position where the isolated fracture
starts in the current column

else:
end = 1 # save the current pixel position as the end of the
isclated fracture, is updated when the next pixel belongs to the
fracture

for k in range(start-4,start+l): # calculate the local CT mat value by
considering the grey values of 5 background voxels above (and including) the
starting pixel
CT mat sum += slide grey[k,3] # add grey value of the matrix pixel to the
CT mat sum
matrix count += 1 # increase ocunter of pixels considered in the
calculation of the local CT mat value
for a2 in range(end,end+5): # calculate the local CT mat value by considering
the grey values of 5 matrix voxels below (and including) the end pixel
CT mat sum += slide grey[a,j] # add grey value of the matrix pixel to the
CT mat sum

124




Appendix

47

48
49

50

74
75
76
77
8
79
80
81
82

83

85

matrix count += 1 # increase ocunter of pixels considered in the
calculation of the local CT mat value
CT mat = CT mat sum/matrix count # calculate the local CT mat value
for voxel in range(start+l,end): # iterate through the pixels which belong toc
the isolated fracture
if slide[veoxel,j] < CT mat and slide[vexel,j] > 10: # check if the pixel
is influenced by the pEesence of the fracture (grey value < local CT mat)
Surme += CT mat = slidel[voxel,j] # if the pixel ig influenced by the
fracture, save the missing attenuation (difference in grey values)

if (end - start) > 0: # if a fracture was presgent in the current column
position = start + math.ceil((end - start)/2) # determine where the
fracture starts, round tc upper value, to make assignment consistent

skeleton[pcesition,j] = (R * Summe)/(CTimat - CT air) # assign aperture
value to fracture middle point

if skeleton[position,j]l < 75: # grow the skeleton
according to the aperture value, grow a bit more to keep connectivity of
structure

skeleton[(position-1): (position+l),3] = skeleton[position,i]
elif skeleton[position,j] < 125:

skeleton[(position=1): (position+2),j] = skeleton[position,]l
elif skeleton[position,j] < 175:

skeleton[(position=2): (position+2),j] = skeleton[position,]l
elif skeleton[position,j] < 225:

skeleton[(position=2): (position+3),3] = skeleton[position,]]
elif skeleton[position,j] < 275:

skeleton[(position=3): (position+3),J] = skeleton[position,il
elif skeleton[position,j] < 325:

skeleton[(position=-3): (position+4d),j] = skeleton[position,]]
elif skeleton[position,j] < 375:

skeleton[(position-4): (position+d) ,j] = skeleton[position,i]
elif skeleton[position,j] >= 375:

skeleton[(position-4): (position+5),71]

skeleton[position,]l

localsavepath = savepath + sample + " " + "local " + str(number)+ ".tif" #
create path to save the result N N
try:
tiff.imsave (localsavepath,skeleton) # save the result
except:

print("crror™) # otherwise give an errcr

print(str{number)) # print the number of the analysed image

for k in range(0,720): #execute the aperture measure function for an image stack,
starting from the first image (0) to the last image (here 719)

aperture measure (k)

Figure 43. Python script to calculate local apparent fracture apertures with a local CTpnqtvalue.
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# Measure real fracture aperture after Huo et al. 2016. Cnly for horizontal fractures
(parallel to x-axis). Input: Tif stack

# Use a global CT mat value

import tifffile as tiff

import math

CT air = 1012 # calculated from Avizo

CT mat = 3685 # calculated from Avize, Fle 7 S1:3666 , Fle 8 51:3691, Fle 8 sS2: 3672,

Fle 9 Sl: 3686, Fle 9 S2: 3685 - - -
# Rem 1 S2: 3586, Rem 1 S1: 3585, Rem 1 S3: 3576

R = 200 # resolution in [um]

xy dim = 570 # image dimensions in x and y direction

sample = "Fle 8 52" # sample name

path = "C:\\Users\\marce\\Desktop\\Aperture Huo etal 201&6\\" + sample +

"ATifs short 2\\" + sample + " " # path to grey value images (unmasked)

savepath = "C:\\Users\\marce\\DeSktop\\Aperture_Huo_etal_20l6\\" + sample +

"A\Tifs skel big 200um 2\\" # path where results are saved

def aperture measure(number): # function to measure the local apertures of one image.
Input: nurber of the image (of the image stack) to be analysed
if number < 10:
slide = tiff.imread(path + "00" + str{number) + ".£if") # load current slide
of grey value fracture image stack
elif number < 100:
slide = tiff.imread(path + "0" + str{number) + ".tif") # load current slide
of grey value fracture image stack
else:
glide = tiff.imread(path + str(number) + ".tif") # load current slide of grey
value fracture image stack

skeleton = slide * 0 # initialize empty slide to store skeleton + aperture values
inside
for j in range(l,xy dim): #iterate through the columns of the images (X-direction)
Summe = 0 # keep track of the sum of CT wvalues of fracture pixels
start = 0 #start of fracture
end = 0 #end of fracture

for i in range(l,xy dim): #iterate through the rows in the current column of
the images (Y-direction)
if slide[i,3] > 10 and slide[i,]j] < CT_mat: # check if the current pixel
belongs to the background (=0) or fracture (>0 and < glcbal CT mat value)

if Summe == 0: # if this is the first pixel in the current column,
belonging to the fracture
start = 1 # save the pixel positicn where the isolated fracture
starts in the current column
else:
end = 1 # save the current pixel position as the end of the
igsclated fracture, is updated when the next pixel belongs to the
fracture

Summe += CT mat - slide[i,Jj]l # 1if the pixel is influenced by the
fracture, save the missing attenuation (difference in grey values)

if (end - start) > 0: # if a fracture was present in the current column
position = start + math.ceil((end = start)/2) # determine where fracture
starts, round to upper value, to make assignment consistent
skeleton[position,i] = (R * Summe)/(CT mat = CT air) # assign aperture
value to fracture middle point N N
if skeleton[position,j]l < 75: # grow the skeleton
according to the aperture value, grow a bit more to keep connectivity of
structure

skeleton[(position=1): (position+l),j] = skeleton[position,]l
elif skeleton[position,j] < 125:

skeleton[(position=1): (position+2),3] = skeleton[position,]j]
elif skeleton[position,j] < 175:

skeleton[(position-2): (position+2),3] = skeleton[position,]]
elif skeleton[position,j] < 225:

skeleton[(position-2): (position+3),3] = skeleton[position,]]
elif skeleton[position,j] < 275:

skeleton[(position=-3): (position+3),3] = skeleton[position,ij]
elif skeleton[position,j] < 325:

skeleton[(position=3): (position+4),j] = skeleton[position,]l
elif skeleton[position,j] < 375:
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53 skeleton[(position=4): (position+4),3] = skeleton[position,i]
54 elif skeleton[position,j] >= 375:
55 skeleton[(position=4): (position+5),3] = skeleton[position,il
5¢
57 localsavepath = savepath + sample + " " + str(number)+ ".Lif" # create path
to save the result
58 try:
59 tiff.imsave(localsavepath,skeleton) # save the result
60 except:
6l print("srror™) # otherwise throw an error
62
63 print (str(number)) # print the number of the analysed image
G4
65
66 for k in range(0,720): #execute the aperture measure function for an image stack,
starting from the first image (0) to the last image (here 719)
a7 aperture measure (k)
68
69
Figure 44. Python script to calculate local apparent fracture apertures with a global CTyq: value.
1 clear all
2 close all
3 sample = "Fle 9 S1 ' & sample name
4 cd /DATA/BIGRAID/RESALT/skeletonized fracs/Fle 9 S1 Huo %change directory to data
folder N -
5
&
7 i=-1; % keep track of current image
8 location = 'Tifs grey 50um seqg/*tif' % folder in which the binary images exists; 0 =
matrix, 1 = fracture, 50um resclution
El ds = imageDatastore(location) % Creates a datastore for all images in the
folder
10 while hasdata(ds)
11 img = read(ds) ; % read image from datastore
12 i=i+l %count number of iterations to name skeletonized files later
13 img= img >0; %ceonvert image tyvpe to logical
14 B = bwskel (img, 'MinBranchlLength'®,25); %skeletonize 2D image
15 string = num2str({i); %prepare filename
16 if 1 <
17 path = ['Skeleton/' sample '50um skel 000" string '.tif']; %path to store
skeletonized tif, numbered by iteration i
18 elseif 1 <
19 path = ['Skeleton/' sample '50um skel 00' etring '.tif'l; %path to store
skeletonized tif, numbered by iteration i
20 elseif 1 <
21 path = ['Skeleton/' sample '50um skel 0' string '.tif']; %path to store
skeletonized tif, numbered by iteration i
22 elseif 1 >=
23 path = ['sSkeleton/' sample '50um skel ' string '.tif']; %activate when you
have more than 1000 images (at 50um resclution) and update zeros in the above
paths
24 end
25
26 imwrite (B,path), %cave image
27 end
28
29
30
31
Figure 45. Matlab script for calculating the fracture skeleton.
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% assign aperture value to skeletcon and grow the skeleton

clear all
close all

cd /DATA/BIGRAID/RESALT/skeletconized fracs/Fle 8 S1 Huo $change directory to data
folder
i==1; % counter for keeping track of the current image nunber

location = 'Skeleton/*tif' % folder in which the skeleton images exists

location grey = "Tifs grey 50um/*tif" % folder in which the grey value aperture
images exists a n

growing limit = 75; %determines the growing of the skeleton

ds skel = imageDatastore(location) % Creates a datastore for all skeleton
images in the folder

ds_grey = imageDatastore(location_grey) % Creates a datastore for all grey

value images in the folder

while hasdata{ds skel) %import the grey value Images and the skeleton images

img skel = read(ds skel); %read the next skeleton image

img grey = read(ds grey); %read the next grey value image

i = i+l %keep track of current image number

img grow = img grey*0; $%create a new image for the grown skeleton, with the same

dimensions as the grey value image
positions = find(img skel >0); %find the position of the pixels with a value > 0
in the skeleton images (i.e., pixels belonging to the skeletcon)

$%%%%%%%% START skeletcon growing procedure alternative 1: with i1f statements. When
ed, the growing procedure alternative 2 must be commented
$%%%%%%%% This procedure was applied in the thesis

© O
=
o 0
© 0
3
=]

-

& for j = drange(l:length{positicns)) %grow the gkeleton at each position,
according to the stored local aperture value
% if img grey(positions(j)) < growing limit
% img grow(positions{i)) = img grey(positions(i)); %save the local
fracture positions in the new image stack
% elseif img grey(positions(j)) < (growing limit + 1*50)
& img grow(positions{j)-l:positicons(j)) = img grey(positions(i));
% elseif img grey(positions(]j)) < (growing limit + 2*50)
% img grow(positions(j)-l:positions(j)+1) = img grey(positions(j));
% elgelf img grey(positions(J)) < (growing limit + 2*50)
% img grow(positions(]j)-Z:positions(j)+1) =
img grey(positions(j));
% elgelf img grey(positions(J)) < (growing limit + 4*50)
% img grow(positions(j)-Z:positions(j)+2) =
img grey(positions(j));
% elgelf img grey(positions(J)) < (growing limit + 5*50)
% img grow(positicns(j)-3:positions(3)+2) =
img grey(positions(3)):
% elseif img grey(positions(J)) < (growing limit + &*50)
% img grow(positions(j)-3:positions(j)+3) =
img grey(positions(j));

% elseif img grey(positions(J)) < (growing limit + 7*50)

% img grow(positions(j)-4:positions(j)+3) = img grey(positions(3));
% elseif img grey(positions(j)) < (growing limit + 8*50)

% img grow(positions({j)-4d:positicons(j)+4) = img grey(positions(j));
% elseif img grey(positions(3)) < (growing limit + 9%50)

% img grow(positions(j)-5:positions(j)+4) = img grey(positions(j));
% elseif img grey(positions(j)) < (growing limit + 10*50)

o

% img grow(positions(j)-5:positions(j)+5) =
img grey(positions(j));
% elseif img grey(positions(j)) < (growing limit + 11*50)
% img grow(positions(j)-6:positions(j)+5) =

img grey(positions(j));
% elseif img grey(positions(j)) < (growing limit + 12*50)

% img grow(positions(j)-6é:positions(j)+6) =
img grey(positions(j));

% elseif img grey(positions(j)) < (growing limit + 13*50)
% img grow(positions(j)-7:positions(j)+6) = img grey(positions(3));
% elseif img grey(positions(j)) < (growing limit + 14*50)

128




Appendix

69
70

71
iz
73

75
76

78

79
80

99
100

101
102

103
104
105
106
107
108
109
110

111
112
113
114
115
116

117
118

% img grow(positions(j)-7:positions(j)+7) = img grey(posgitions(j)):
% elsgeif Imgigrey(positions(j)) < (growing limit + 15*50)

% img grow(positions(j)-8:positions(j)+7) = img grey(positions(j));
% elself img grev(positions(j)) < (growing limit + 16*50)

% imgigrgw(positions(j)—B:positions(j)18) = img grey(positions(]));
% elseif img grey(positions(j)) < (growing limit + 17*50)

% img grow(positions{i)-9:positicns(j)+8) = img grey(positions(i));
% elsgeif Imgigrey(positions(j)) < (growing limit + 18*50)

% img grow(positions(j)-9:positions(j)+9) =
img grev(pcesitions(3));

% elseif img grey(positions(3)) < (growing limit + 19*50)
% img grow(positicns(j)-10:positions(i)+9) =
img grey(positions(3));

% elseifiimgigrey(positions(j)) < (growing limit + 20%*50)
% img grow(positions(j)-10:positions(j)+10) =
img_grey(positions(j));

% elseif img grey(positions(3j)) < (growing limit + 21%*50)

% img grow(positions(j)-1l:positions(j)+10) = img grey(positions(j));
% elseif img grey(positions(j)) < (growing limit + 22*50)

% imgigrgw(positions(j)—ll:positions(j7+ll) = img grey(positions(j));
$ elseif img grey(positions(j)) < (growing limit + 23*50)

% img grow(positions({j)-12:positions(j)+11) = img grey(positions(j));
% elseif Imgigrey(positions(j)) < (growing limit + 20%50)

% img grow(positions(j)-12:positions(j)+12) =
img grey(pcsitions(3));

% elgeif img grey(positions(3j)) < (growing limit + 25*50)
% img grow(positicns(j)-13:positions(j)+1l2) =
img grey(positions(3)):

% elseif img grey(positions(j)) < (growing limit + 26%50)
% img grow(positions(j)-13:positions(j)+13) =
img grey(positions(j));

% elseif img grey(positions(j)) < (growing limit + 27*50)

% img grow(positions(j)-1l4:positions(j)+13) = img grey(positions(j));
% elseif img grey(positions(j)) < (growing limit + 28*50)

% img grow(positions(j)-14:positions(j)+14) = img grey(positions(j));
% elseif img grey(positions(]j)) < (growing limit + 29*50)

% img grow(positions(j)-15:positions(j)+14) = img grey(positions(j));
% elseif img greyv(positions(J)) < (growing limit + 320*50)

o

% img grow(positions(]j)-15:positions(j)+15) =
img grey(positions(j));

% elself img grev(positions(J)) < (growing limit + 21*50)

% img grow(positions(j)-16:positions(j)+15) = img grey(positions(]));
% elseif img grey(positions(j)) < (growing limit + 32*50)

& img grow(positions{j)-1l6:positions(j)+1le) = img grey(positions(i));
% elseif img grey(positions(]j)) < (growing limit + 33*50)

% img grow(positions(j)-17:positions(j)+16) = img grey(positions(j));
% elself img grev(positions(j)) < (growing limit + 24*50)

o

% img grow(positions(j)-17:positions(j)+17) =
img grey(positions(j));
% elsgelf img grevy(positions(j)) < (growing limit + 25*50)
% img grow(positicns(j)-18:positions(3)+17) =
img grey(positions(3)):
% elseif img grey(positions(j)) < (growing limit + 26*50)
% img grow(positions(j)-18:positions(j)+18) =
img grey(positions(j));

% elseif img grey(positions(j)) < (growing limit + 37*50)

% img grow(positions(j)-19:positions(j)+18) = img grey(positions(]));
% elseif img grey(positions(j)) < (growing limit + 38*50)

% img grow(positions{j)-19:positions(j)+19) = img grey(positions(j));
% elseif img grey(positions(3j)) < (growing limit + 39*50)

% img grow(positions(j)-20:positions(j)+19) = img grey(positions(j));
% elseif img grey(positions(j)) < (growing limit + 40*50)

o

% img grow(positions(j)-20:positions(3)+20) =
img grey(positions(j));

% elseif img grey(positions(j)) >= (growing limit + 40*50)
% img grow(positions(j)-2l:positions(j)+20) = img grey(positions(j));
% end
3 end

$%%%%%%%% END skeleton growing procedure alternative 1: with i1f statements. When
uncommented, the growing procedure alternative 2 must be commented
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$%%%%% START skeleton growing procedure alternative 2: with while statement. When
uncommented, the growing procedure 1 must be commented
$%%%%%%%% This procedure is more general and efficient than the growing procedure
alternative 1
for j = drange(l:length(positions)) % grow the skeleton at each position,
according to the stored local aperture value
growing limit local = growing limit; % new variakle which increases by 50 um
during each iteration of the while loop
k= 0; % keep track of the number of pixels, that will be added locally to
the skeleton
while img grey(positions(J)) >= growing limit local % compare the local
aperture in the grey value images with the current growing limit local
growing limit local = growing limit local + 50; & increase growing limit
by 50 um (gize of a pixel in the resampled resclution) -
k =k +1; % increase the number of pixels, that will be added locally to
the skeletcn
end
if mod(k,”) == % check 1if an equal number of pixels will ke added locally
to the skeleon
imgigrow(positions(j)—(k/2):positions(j)+(k/2)) = img grey(positions(3));
% add k/2 pixrels below and above the local skeleton pixel
elseif mod(k,”) == % check if an unequal number of pixels will be added
locally to the skeleon
k =%k - 1; % decrease the number of pixels to be added by 1
img grow({positions(j)-(1+k/”) :positions(J)+(k/2)) = img grey(positions (]
Yy; % add k/2 pixels above the local skeleton pixel, and k/2 + 1 pixels
below the local skeleton pixel
end

$%%%%%%%% END skeleton growing procedure alternative 2: with while statement. When
uncommented, the growing procedure 1 must be commented

string = num2str(i); Sprepare filename

if i < 10
path = ['Skeleton grow/Fle 8 81 50um skelgr 000" string ".tif']; %path to
store skeletonized tif, numbered by iteration 1

elseif 1 < 100
path = ['Skeleton grow/Fle 8 81 50um skelgr 00' string '.tif'l; %$path to
store skeletonized tif, numbered by iteration 1

elseif 1 < 1000
path = ['Skeleton grow/Fle 8 81 50um skelgr 0" string '.tif']; %path to store
skeletonized tif, numbered by iteration i

elseif i >= 1000
path = ['Skeleton grow/Fle 8 81 50um skelgr ' string ".tif']; %path to store
skeletonized tif, numbered by iteration i

end

imwrite (img grow,path); %save image

end

Figure 46. Matlab script to grow a fracture skeleton according to the local apparent aperture.
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### Dr. Francesco Cappuccio adaped his criginal code to measure the aperture of
segmented fractures.
### His original code is published in Cappuccio F, Toy VG, Mills S, Adam L (2020)
https://doi.org/10.3389/feart.2020.529263
### To apply the code you have to run the following scripts: Step0, Stepl and finally
Step2
### EDIT path 0 and path f, the images have to be stored in a folder called "images"
and to save the results,
### vou have to create a folder called "results"
import os
import numpy as np
from glob import glob
from skimage import io
from scipy import ndimage as ndi
#import pylab as plt
def =():
import sys
sys.exit ()
FHHE R R R R
I

path 0=
"c:\\Users\\marce\\Desktop\\apertures laserscans francesco script\\Fle 8 S1\\images"
path f= B N B -
"C:\\Users\\marce\\Desktop\\apertures laserscans_francesco_script\\Fle 8 SI\\results\\
fldrs = os.listdir(path 0)
for fldr in fldrs:
print ("Analyzing folder {}...".format (fldr))
name =fldr
os.chdir (path 0+"\\ "+name)
imgs = list(glob("*.tif"))
img3d=[]
for i in imgs:
img3d.append(io. imread(i))
img3d = np.array(img3d, dtype="uint8", copy=False)
img3d [img3d>0]=1
#plt.figure()
#axl =plt.subplot (121)
#plt. imshow (img3d[0])
#plt.subplot (122, sharex = axl, sharey = axl)
img2=1[]
for i in img3d:
img2.append(ndi.distance transform edt (i) *100)
os.chdir (path f)
os.makedirs (name)
os.chdir (path f+name)
os.makedirs ("msk™)
os.chdir (path f+name+'\\ "+"msk™)
io.imsave (Mmnsk.tif", img3d)
del img3d
print ("Distance-map created")
img2=np.array(img2, copy=False)
mx = np.amax(img2)
#img2 [img2==0]=np.nan
from skimage import util
img2=util.invert (img2)
img2=1img2+mx
#img2=np.nan to num({img2, copy=False).astype(int)
vals = np.unique (img2)
for n,i in enumerate(vals):
# if i>0:
img2 [img2==i]=n
# else:
# img2 [img2==1i]=len(vals)
img2 = img2.astypef{"uint3")
print ("Grayscale image created™)
#img2 = exposure.rescale intensity(img2, out range='uintg8")
#plt. imshow (img2 [0])
os.chdir (path f+name)
os.makedirs (Wimg")

os.chdir (pa th_f+name+’ +"img ™)
fo.imsave (" imo.Lif", ing2)
print ("Imaged saved in vian. format (path £))

Figure 47. Python script to measure the apertures of segmented fractures (StepO0).
Written by Dr. Francesco Cappuccio, the original code is described in Cappuccio et al. 2020.
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### Dr. Francesgceo Cappuccilo adaped his original code to measure the aperture of
segmented fractures.

### His original code is published in Cappuccio F, Toy VG, Mills 3, Adam L (2020)
https://doi.org/10.338%9/feart.2020.529263

##4# To apply the code you have to run the following scripts: Step0, Stepl and finally
Step2
### EDIT the resolution (last line) to your image resclution
### path 0, to the results folder used in the previous step (Stepl)
import timeit
import os
from glob import glcbk
import numpy as np
import svs
from skimage import io
import psutil
from joblib import Parallel, delayed
from tgdm import tgdm
import scipy.signal
import math
def s():
sys.exit()
import pylab as plt

def analyze image stack (path, vox dim, matrix=None, air=None, res=None, z corr=None):

start = timeit.default timer() #Start tLiming the function
np.set printoptions (threshold=sys.maxsize, linewidth=200)
path0 = os.getcwd ()
path img = ("".join ([path, "‘\\imc"]1)) #Path toc the folder where the images are
stored
path mask = ("".join ([path, "\\msk"1)) #Path to the folder where the binary
imaggs of the fractures are stored
path store = ("".Join ([path, "\\Minima Analysis"])) #Path to the folder where
the program store the data
os.chdir (path mask) #Change path to the folder where the mask images are located
mask stack = sorted (glob("™ .tif"™)) #List of the names of the TIF files in the
folder (for the mask)
if len{mask stack)==0:

raise ValueRError{("No TIF files found in the folder msk™)
os.chdir (path_img) #Change path to the folder where the images are located
img stack = sorted (glob("*.tCif")) #List of the names of the TIFF files in the
folder (for the original image)
for i in range (0, len(mask stack), 1): #List of the names of the TIFF files for
the mask (including the patH)

mask stack[i] = ("".Jjoin ([path mask, "\\", mask stack[i]]))
if len{mask stack)==0:

raise VglueError("No TIF files found in the fclder img™)
og.chdir(path)
if os.path.exists (path store): #Check if the folder Minima Analysis exists and
has file inside (they will be removed).

if len(os.listdir(path store))>0:

for f in os.listdir(path_store):
os.remove(os.path.join(path store, f))

else:

os.makedirs ("Minima Enalysis") #Create a folder to store the data inside the

original image folder
img3D = []1 #An empty list for appending the images while opening slices
img mask3D = [] #An empty list for appending the mask images while opening slices
#Check the module to use for cpening the images N
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#
#

#

os.chdir (path img)
#Tries different modules of io.imread to open the images with correct shape
modules = ['"imageio','pil','tifffile', 'matplotlib"]
module i=[]
module m=[]
for n, 1 imn enumerate(mcdules):
if np.array(io.imread(img stack[0], plugin=i)) .ndim==3 and len (module i)==0:
module 1 = modules([n]
if np.arra?(io.imread(maskistack[O], plugin=i)).ndim==3 and len(module m)==0:
module m = modules[n]
if not module 1 or not module m:
raise ValueFError ("Cannot gpen mask properly with skimage.io™)
#open the Images
img3D = io.imread(img stack[0])
img mask3D = io.imread(mask stack[0])
deliimgistack; del maskistaak #Delete useless variables to empty the RAM
img3D = np.array (img3D, ccpy=False) #[-40:] #Convert list to a numpy array
img mask3D = np.array (img mask3D, copy=False, dtype="uint&™)y#[-40:] #Convert
list to a numpy array N
print ("Tmage shape is\tz: [Fhty: [Jhtz: [J\n".format (img3D.shape[0], img3D.shapel
1], img3D.shape[2]1))

img3D = np.rot90(img3D, k=3, axes=

( 2))
img mask3D = np.rot90(img mask3D, k

1,
=3, axes=(1, 2))

img3D([:,0,:] = 0; img3D[:,-1,:] = 0; img3D[:,:,0] = 0; img3D[:,:,-1] = O #The

grayscale image must have a 0 border

img3D rot = np.rot90 (img3D, k=1, axes=(2,1)) #Rotate the 3D image for V
analysis, step 1

img3D rot = img3D rot[:,:,::=-1] #Rotate the 3D image for V analysis, step 2

# Analysis minima

FH R R R R
HESHAHHAHHAHHAHHHEHHE

arr minH3D, dataH = analyze profile (img3D, img_mask3D, res, md='H")

img mask3D rot = img mask3D.copy()

imgimaSKBBirot[np.where(arriminH3D>O)] = 0 #Avoid re-measuring same FTPs

img mask3D rot = np.rot90 (img mask3D rot, k=1, axes=(2,1)) #Rotate the 3D
mask image for vertical analysis, step 1

img mask3D rot = img mask3D rot[:,:,::=1] #Rotate the 3D mask image for vertical
analysis, step 2
arr minV3D rot, dataV = analyze profile (img3D_rot, img _mask3D_rot, res, md='V")

del_imgSD;_del img mask3D; del ImgSDirot; del imgimask357rot #Delete useless
variables to empty the RAM

# H, V, and HV minima images

HESHEHHFHHA S A S I I I S S i
HHEHFHHH

os.chdir (path store) #Change directory in crder to store all data

arr minH3D = ng.array (arr minH3D, dtype="uintf", copy=False) #Convert the list
of minima images tc a 3D array

arr minv3D rot = np.array (arr minvV3D rot, dtype="uints", copy=False) #Convert
the list of minima images to a 3D array

arr minv3D rot = arr minVv3D rot[:,:,::-1] #Rotate the 3D image to the original
position, step 1

arr minv3D rot = np.rot%0 (arr minV3D rot, k=1, axes=(-Z,-1)) #Rotate the 3D
image to the original position, step 2

arr minHV3D = np.add (arr minH3D, arr minV3D rot, dtype="uinti") #AJd the two 3D
ima&es n n N

del arr minV3D rot; del arr minH3D #Delete uselegs variables to empty the RAM

# Pad HY min and HV rec with zerces to avold problem when cropping

HHEHEHFH S S

dataH = np.array(dataH, copy=False)#.astype (int)

dataV = np.array(datav, copy=False)#.astype (int)

eg eg = vox dim//2

dataH[:,:3]=dataH[:,:3]+eg eg;

dataH = list{(dataH)

datav[:,:3]=datav[:,:3]1+eg eqg;

dataV = list{(dataV)

arr minHV3D = np.pad{arr minHV3D, ((eg eg,eq eg), (eg ed,eqd eg), (eg ey, g9 eqg)),
modg='constant', constanEﬁvalues=O) N N N n n N

# Orientation Analysis

FHE#FHEFHRFHEH RS R RS AR R R A A R R R R
HHEEHEHF S
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def

elapsed 1 = timeit.default timer(); print ("Minima analysis took [ }s".format(round
(timeit.default timer() - start), 2))

print ("\nCalculating orientations on [} polints...".format(len(dataH)+len(datav)))
if psutil.virtual memory() [2]1>85: raise ValueError("Low memory. {}% used.".format(

psutil.virtual memory() [2]1)) #Stops script if RAM is full

half dim = vox dim//2

rs = Parallel(n jobs=-1) (delayed(ftp orientaticn cpu) (arr minHV3D, dataH[nl,

vox dim, half dim, H=True, core=True, z c=z corr) for n in tgdm(range(len({dataH)),
desc='Orientation =snalys=sis', nccls=100)) #CPUL

dataH = Parallel(n jobs=-1) (delayed(np.insert) (dataH[nl, 3, rs[n]l) for n in tgdm(
range(len{dataH)), desc='Inserting orientation data', ncols=100)); del rs #CPU2

elapsed 2 = timeit.default timer(); print ("{|\tH points are done....it took [}\n"
.format (len(dataH) , round(elapsed 2 - elapsed 1), 2)) #Stops script if RAM is full
if psutil.virtual memory() [2]1>85: raise ValueError("Low memory. {}% used.".format(

psutil.virtual memory() [2]1))

rs = Parallel(n_jobs=-1) (delayed(ftp_orientation cpu) (arr minHV3D, dataV[n],

vox dim, half dim, H=False, core=True, z c=z corr) for n in tgdm(range(len{dataVv
)),7desc='Origntation analysis', ncols=160))7#CPUl

dataV = Parallel(n jobs=-1) (delayed(np.insert) (dataV[nl[3:1, 0, ([dataVIn][O],
dataV[n] [2]., datavfn][l], rs[n] [0], rs[n][1]1])) for n in tgdm(range(len(datav)),
desc="Inserting orientation data', ncols=100)); del rs #CPU2

elapsed 3 = timeit.default timer(); print ("{}\tV points are done...it took [}s\n"
.format?len(datav), round(glapsed73 - elapsed 2), 2))

HHEFHEHH A S I
FHHHHHHHEHHEHHHHH R R

arr minHV3D = arr minHV3D[eg eg:-eg eg,ed eg:-eg eg,edg eg:-eg egl #Crop the image
to remove the zero padded before and restore shape

io.imsave ("img 3dHV.tif", arr minHV3D); #Save the 3d minima image as TIF

del arriminHVBDT #del arerv3D:rec #Delete useless variables to empty the RAM
print ("\nsaving data...™)

data format = " =z, Y, K, da, dd, wval, ER,FwWHM, PH, MA"™

dataH = np.array (dataH, copy=False) #.astype (int);

dataH[:,:3]=dataH[:,:3]-eg eg #Return correct z,y,x values after np.pad
np.savetxt ("mfps H.txt™, aataH, fmt="%04d", delimiter=',', header=data format)
dataV = np.array (sorted (dataVv, key=lambda x: (x[0]1, x[1], x[2])), copy=False)
#.astype (int)

dataV[:,:3]=dataV[:,:3]-eg eg #Return correct z,v,x values after np.pad
np.savetxt ("mfps V.txt", datav, fmt='%04d", delimiter=',', header=data format)
dataHV = np.concatenate ((dataH[:,:5], datav[:,:5]), axis=0) #Concatenste array
(only orientaticns)

dataHV.view("1i,1,1,1,1").sort(order=["f0","f1",'t2"'], axis=0)

np.savetxt ("mfps HV.LxL", dataHV, fmt='204d', delimiter=',', header=data format[:
221)

print ("\nData H shape:\t{]\nData V shape:\t{]\nData H&V shape:‘\t{]\n".format (
dataH.shape, dataV.shape, dataHV.shape))

print ("\nThe function took [] seconds.\nEND".format (round(timeit.default timer()
- start),2))

del dataH; del dataV; del dataHV

og.chdir (pathO)

analyze profile (arr3d, msk, rs, md=None):

arr min3D = np.zeros{(arr3d.shape)) #3D arrayvy of minima from H analysis
matrix=np.amax (arr3d)
data = []
for n in tgdm(range(0, len(arr3d), 1), desc='Traverse Analysis '+ md, ncols=100):
if psutil.virtual memory() [2]>90: #If the RAM is full over the 85%, the
program will stop
raise ValueError("Low memory. {}% used.".format(psutil.virtual memory () [2
1))
for m in range(0, len(arr3d[nl)-1, 1):
if np.count nonzerc(msk[n, m, :1)>0:

arr = arr3d[n, m, :]1.copy()

msk indx = np.nonzero (msk[n, m, :]) #Return the indices to keep (of
value 1)

arr v = -l*arr #In order to get valleys (recorded as peaks) when

applying scipy.signal.find peaks
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def

def

height min = np.amin(arr v[msk indx]) #Minimum value in the
threshclded image

height max = (np.amax(arr v[msk indx]) if np.amax(arr v[msk indx])<0
else -1) #Maximum value in the inverted image - -
valleys, _ = scipy.signal.find peaks (arr_v, height=(height min,
height max)) #Return peaks indexes of the arr v (valleys of arr)
valleyg = np.intersectld (valleys, msk indx, gssumefunique=True)

#Remove indexes not present in the mask
del arr v; del msk indx #Delete useless variables to empty the RAM
true_vaileys =[] gValleyS that miss an edge (because close to the
background which is equal to 0)
res = [] #average of the 10-90% of the x-distance between the
valley-edge
PH = [] #PH measured from the highest edge
FWHM = [] #EFWHM at half of PH
MA = [] #MA (sum of the y-distances) from the highest edge to arr[n]
if valleys.size > 0: #Check if the arrays are not empty
for 1 in valleys:
peaks = np.where(arr==matrix) [0]
peaks 1 = peaks[peaks<i]
peaksir = peaks[peaks>i]
if leg(peaks_l)>0 and len(peaks_r)>0:
peaks 1 abs = np.abs(peaks 1-1)
peak5:17= peak571[np.Where?peaksiliabs==np.amin(
peaks 1 abks))1I[0]
peaks r abs = np.abs(peaks r-i)
peaks r = peaks r[np.where(peaks r abs==np.amin/(
peaks:riabs))][B] T
ap = peaks_r-peaks 1-1
true valleys.append(i)
res.gppend(ap*rs)
PH.append(ap)
FWHM. append (ap)
MA.append(ap)
value = np.take (arr3d[n, m, :1, true valleys) #Return
the value of each valley N
arr min3D[n, m, true valleys] = 255 #Fill the array of
255 in the wvalley index
z = [nl*len(true valleys)
v = [m]*len(true valleys)
data.append (zip (z, vy, true valleys, value, res, FWHM, PH
, MA)) #Put the data tecgether in a numpy array
flatten = [k for i in data for k in 1]
flatten = np.array(flatten),; print ('')
return arr min3D, flatten

closest indx (x1, x2):

np.seterr{all="ignore")
abs =[1
for i in x1:

abs .append(abs (i-x2))
indx = abs_.index(min(abs_))
return indx

ftp orientation cpu(img, dt, d, h, H=True, core=True, z c=None):

np.seterr{invalid="ignore");

Z=dt [0]

Y = dt[1] if H is True else dt[2]

X = dt[2] if H is True else dt[1l]

arr = img[int(2) ,int(¥Y) -h:int (Y)+(d-h), int(X)-h:int (X)+(d-h)].copyv{()

orient2d=[]

if np.count nonzero{arr)<2: #Check if there are less than 3 points
orient2d.append(-1.)

pass
else:
v, X = np.where(arr>l)
north = [1,0]
X = x = np.mnean{x)
y =Yy - np.mean(y); y = y[::-11
, » vv = np.linalg.svd(np.concatenate({(x[:, np.newaxis], y[:, np.newaxis]),
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axig=1))
v = vv[0]
v = vk (=1.0 if v[1]>=0.0 else 1.0)
vl u= north/np.linalg.norm(north)
vZ2_u = v/np.linalg.norm(v)
ang = round(np.degrees(np.arccos(np.clip(np.det(vl u, +v2 uy, =1.0, 1.0))),0)
if v[0]>0 and ang>90.: n n
ang=360=-ang
elif v[0]<0 and ang>180:
ang=360-ang
orient2d.append(ang)
arr = img[int (Z) -h:int (Z)+(d-h), int(¥Y)-h:int(¥)+(d-h), int(X)-h:int(X)+(d-h)1.
copy ()
arr = np.rot90(arr, axes=(0,1))
orient3d=[]
if np.count nonzero(arr)<3: #Check if there are less than 3 points
orient3d.append([-1.,-1.1)

pass
else:
indx = np.nconzerc(arr) #Indexes of the non-zero points
z = indx[0]
v = indx[1]
x = indx[2]
X = x — np.mean{x)
y =y = np.mean(y) ;# v = y[::-1]
z =z — np.mean (z); #To center the cloud of points
evals, evecs = np.linalg.eig(np.cov([x, v, z])) #Calculate eigenvalues and
eigenvectors of the covariance matrix
sort_indices = np.argsort(evals)[::-1]
x v3, y v3, z v3 = evecs[:, sort indices[2]]
north = np.asarray ([0,0,1]) #North => used to measure the dip direction
zenith = np.asarray ([0,-1,0]) #Zenith => used to measure the dip angle
normal = np.asarray ([x v3, vy v3, z v3]) #Normal of the fitting plane
normal = normal*{(-1.0 if normal[1]>=0 else 1.0) #Fix the normal if pointing
in the opposite direction
normalh = np.asarray ([normal[0], 0.0, normal[2]]) #Horizontal projection of

the normal vector
#Calculate the angle between vectors

vl u = normal/np.linalg.ncrm(normal) #For the dip angle
v2 u = zenith/np.linalg.norm(zenith) #For the dip angle
v3 u = normalh/np.linalg.norm{normalh) #For the dip directicn

v4 u = north/np.linalg.norm(north) #For the dipgdirgction
da = round{(np.degrees(np.arccos(np.clip{(np.dot(vl u, v2 u), -1.0, 1.0))),0)
dd = round(np.degrees(np.arccos(np.clip(np.dot(v3 u, v4 u), =1.0, 1.0))),0)
#dip direction N n
if normalh[0]<0 and dd<=180: #Correction if it measures the complementary
angle for the dip directicn
dd = 360-dd
elif normalh[0]>0 and dd>180: #Correction if it measures the complementary
angle for the dip direction
dd = 360=-dd
else:
pass
if math.isnan(da) or math.isnan(dd):
orient3d.append([-1.,-1.1)
else:
orient3d.append([da, dd])
orient3d[0] [1]=crient2d[0]
return orient3d[0]
#
S R R S S S
HHHHHEHH
def or Zd(arr):

orient=[]
if np.count nonzero(arr)<2: #Check if there are less than 3 points
orient.append(-1.)

pass
else:
v, X = np.where{arr>l)
north = [1,0]
X = x — np.mean{x)
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y =y = np.mean(y); y = y[::-1]
s . vv = np.linalg.svd(np.concatenate((x[:, np.newaxis], v[:, np.newaxis]),
axig=1))
v = vv[0]
v = vk(-1.0 if v[1]>=0.0 else 1.0)
vl u = north/np.linalg.norm(north)
v2:u = v/np.linalg.norm(v)
ang = round(np.degrees(np.arccos(np.clip(np.det(vl u, v2 u)y, =1.0, 1.0))),0)
if v[0]>0 and ang>90.: n n
ang=360-ang
elif v[0]1<0 and ang>180:
ang=360-ang
orient.append(ang)
return orient [0]
#
#vox dim: size of the 3D local crop for orientation analysis
fmatrix: mean matrix CT-value
#air: mean alr CT-value
#ires: FWHM value will only be measured for structures with an Edge Response (ER)>res
and if the FTP is below the FWHM baseline value [{(mtrx-air)/2)+air]
#z corr: for cubic voxel 1s equal to 1 (put None in that case), for non cubic voxel
(with x=y) 1s z/x
#path = r"D:\\Collab.s\\MARCEL\TEST\\Result\\3350"
#path 0 = "C:\\Users\\marce\\Desktop\\Fracture-Trace-Point-Analysis-master\\results\\"
path 0=

"C:\TUsers\\marce\\Desktop\\aperturesilaserscansifrancescoiscript\\F1678781\\results\\
"

fldrs = os.listdir(path_0)

for fldr in fldrs:
#analyze image stack (path O+fldr, vox dim=11, res=200, z corr=None)
analyze image stack (path O+fldr, vox dim=11, res=50, z corr=None)

Figure 48. Python script to measure the apertures of segmented fractures (Step1).
Written by Dr. Francesco Cappuccio, the original code is described in Cappuccio et al. 2020.
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### Dr. Francesgceo Cappuccilo adaped his original code to measure the aperture of
segmented fractures.

### His original code is published in Cappuccio F, Toy VG, Mills 3, Adam L (2020)
https://doi.org/10.338%9/feart.2020.529263

##4# To apply the code you have to run the following scripts: Step0, Stepl and finally
Step2
### EDIT path 0 to the results folder (used in the previous scripts, StepO and Stepl)
import os
import numpy as np
from skimage import io
from tgdm import tgdm
import matplotlib.pyplot as plt #added for histogram calculation
n bins= 20 #put the number of bkins in the histogram
def =():
import svys
sys.exit()
def ftp orientation cpuf(arr):

import math

np.seterr{invalid="ignore");

arr = np.rot%0(arr, axes=(0,1))

orient3d=[]

if np.count nonzero(arr)<3: #Check 1f there are less than 3 points
orient3d.append([-1.])

pass
else:
indx = np.nonzero(arr) #lIndexes of the non-zero points
z = indx[0]
v = indx[1]
x = indx[2]
X = ®X — np.mean{x)
y =y = np.mean(y) ;# v = y[::-1]
z =z - np.mean (z); #To center the cloud of points
evals, evecs = np.linalg.eig(np.cov([x, v, z]1)) #Calculate eigenvalues and
eigenvectors of the covariance matrix
sort indices = np.argsort(evals) [::-1]
x v3, vy v3, z v3 = evecs[:, sort indices[2]]

north = np.asarray ([0,0,1]) #North => used to measure the dip direction
zenith = np.asarray ([0,-1,0]) #Zenith => used to measure the dip angle

normal = np.asarray ([x v3, yv v3, z v3]) #Normal of the fitting plane

normal = normal*{(-1.0 if normal[1]>=0 else 1.0) #Fix the normal if pointing
in the opposite direction

normalh = np.asarray ([normal[0], 0.0, normal[2]]) #Horizontal projection of

the normal vector
#Calculate the angle between vectors

vl u = normal/np.linalg.norm(normal) #For the dip angle

v2 u = genith/np.linalg.ncrm(zenith) #For the dip angle

v3 u = normalh/np.linalg.norm(normalh) #For the dip directicn

v4 u = north/np.linalg.norm(north) #For the dip direction

da = round(np.degrees(np.arccos(np.clip{np.dot(vl u, v2 u), -1.0, .

1.0))),0)
dd = round(np.degrees(np.arccos (np.clip(np.dot(v3 u, v4 u), =-1.0, 1.0))),0)
#dip direction
if normalh[0]<0 and dd<=180: #Correction if it measures the complementary
angle for the dip direction
dd = 360-dd
elif normalh[0]1>0 and dd>180: #Correction if it measures the complementary
angle for the dip direction
dd = 360=-dd
else:
pass
if math.isnan(da) or math.isnan(dd):
orient3d.append([-1.,-1.1)
else:
orient3d.append([da, dd])
return orient3d[0]
S R R S S S
EE R R iE ik ik ik kg dkkikid
#path= r"D:\\Collab.s\\MARCETL\TEST\\Resul t\\3350"™
#og.chdir (path+r™\Minima Analysis™

#path 0 = "C:\\Users\\marce\\Desktop\\Fracture-Trace-Point-Analysis-master\\results\\"
path 0=
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"C:\\Users\\marce\\Desktop\\apertures laserscans francesco script\\Fle 8 S1\\results\\

G4 fldrs = os.listdir(path 0)
65 for fldr in fldrs:

66 os.chdir(path O+fldr+r"\\Minima Analysis™)
67 img3d = io.imread("img 3dHV.Tif™)

68 print (ftp orientation cpu(img3d))

69 shp = img3a. shape N

70 img3d = np.zeros((shp), dtype='uintle")

71 img3d or = np.zeros((shp), dtype='uints")
72

FHEHHEEHHHHEEHE R R R R R I
FHHHHHE I

73 v = np.loadtxt("mfps V.txt", dtype="intl16", comments='#', delimiter=',")

74 print (int(np.mean(v[:,4]1)),int(np.mean(v[:,31)))

75 ap=[]1 #ap app, ap 2d, ap 3d

76 wrong2d=[i N N

77 wrong3d=[]

78 m or = np.mean({v[:,3])

79 for i in tgdm(range(0, len(v), 1), desc='RAperture V', ncols=100):

80 ap app = v[i,6]l.astype(float)

81 ang2d = v[1,4]

82 ang3d = v[i,3]

83 if 180>ang2d>0:

84 ang2d ¢ = ang2d if ang2d<=90 else 180-ang2d

85 ap 2d = ap app*np.cos(np.deg2rad(ang2d c))

86 elif ang2d=90 or ang2d==0 or ang2d==180:

87 ap 2d = ap app

88 else: N

89 ap_2d = ap_app

90 wrong2d. append (1)

91 if ang3d>=0:

92 if ang3d>0:

93 ap_3d = ap_ 2d*np.sin(np.deg2rad(ang3d))

94 else:

95 ap 3d = ap 2d*np.sin(np.deg2rad(l))

96 else:

97 ap_3d=ap_app

98 wrong3d. append (1)

99 ap 3d = int(round(ap_ 3d))

100 img3d[v[i,0],v[i,1],v[i,2]1]=ap 3d

101 img3d or[v[i,0],v[i,1]1,v[i,2]]l=int(round(np.abs(v[i,3]1-m or)))

102 ap.append([ap_app, int(round(ap_2d)), ap_ 3dl)

103 io.imsave("img ap V.tif", img3d)

104 io.imsave("img ap V or.tif"™, img3d or)

105 del img3d; del img3d or

106 ap = np.array(ap, dtype=int, copy=False)

107

108 #plot histogram

109 histogram = plt.hist(ap[:,2], bins=n bins)

110

111

112 print ('\n")

113 print (path O+fldr)

114 # print (np.amax(ap[:,0]),
np.amnin(apl:,0]),int(np.mean(ap(:,0])),int(np.std(apl[:,0])))

115 # print (np.amax(apl[:,1]1),
np.amin(apl(:,1]),int(np.mean(apl:,11)),int(np.std(ap(:,11)))

116 print ("Max:A\t{}\nMin:\t{}\nMean:\t{}\nSTD:\t{}\nRoughness:\t{ }\nFTPs:\t{}".format

(np.amax(apl[:,2]), np.amin(apl:,2]) ,int{np.mean(apl[:,21)) ,int{np.std(apl:,21)) .,
round{np.std(apl:,2])/np.mean (ap[:,2]1),3),len(ap)))

117 # print (len(ap), len(wrong2d), len(wrong3d))

118 # print (int(round(m or)), int(round(np.std(v[:,3]1))))

119 print ('\n")

120

121 f= open("fracture results.t=zt","w+™)

122 f.owrite("™ax:\t{}\nMin: \t{}\nMean:\t{}\nSTD:\t{ }\nRoughness:\t{ }\nFTPs:\t{}".
format(np.amax(ap[:,2]), np.amin(apl[:,2]),int (np.mean(ap[:,2])) ,int (np.std(ap[:,2
1)) ,round(np.std(ap[:,2]1) /np.mean(ap[:,2]1),3),len(ap)))

123 f.close()

124

125 #write apertures in file to create histogram in excel

126 f= open("aperture values.txt","w+")

127 counter = 0y

128 while counter < len(apl[:,2]):

129 f.write(str(aplcounter,2])+"\n")

130 counter = counter+l;

131 f.close()

132 del ap

Figure 49. Python script to measure the apertures of segmented fractures (Step2).
Written by Dr. Francesco Cappuccio, the original code is described in Cappuccio et al. 2020.
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Figure 50. Result of the reconstruction of the samples Fle_7_S1 and Fle_8_S2
The structures (A & D), calculated flow fields (B & E), and the simulated breakthrough curves (orange curves in C, F) are shown.
As a comparison, for both samples, the breakthrough curves obtained by laboratory experiments are also presented in black.
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Figure 51. Result of the reconstruction of the samples Fle_9 S1 and Fle_9_S2
The structures (A & D), calculated flow fields (B & E), and the simulated breakthrough curves (orange curves in C, F) are shown.
As a comparison, for both samples, the breakthrough curves obtained by laboratory experiments are also presented in black.
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Figure 52. Result of the reconstruction of the samples Rem_1_51 and Rem_1_S3

Time [s]

The structures (A & D), calculated flow fields (B & E), and the simulated breakthrough curves (orange curves in C, F) are shown.
As a comparison, for both samples, the breakthrough curves obtained by laboratory experiments are also presented in black.
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Figure 53. Result of the reconstruction of the samples Rem_2_S1 and Rem_2_S3
The structures (A & D), calculated flow fields (B & E), and the simulated breakthrough curves (orange curves in C, F) are shown.

As a comparison, for both samples, the breakthrough curves obtained by laboratory experiments are also presented in black.
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Rem_1_S1
Reconstruction - 50 pm RF segmentation - 200 pm
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Figure 54. Apertures of the reconstructions and segmentations of the Remlinger samples
Comparison of the mechanical aperture distribution between the reconstructed fractures (with 50 um spatial resolution, A, C,
E, G) and the segmented fractures (with 200 um spatial resolution, B, D, F, H) using the RF classifier. The red line indicates the

hydraulic aperture, calculated from experimental data. For the histogram classes, the bin size was chosen to be equal to the
corresponding spatial voxel resolution.
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Fle_7_S1
Reconstruction - 50 um RF segmentation - 200 um
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Figure 55. Apertures of the reconstructions and segmentations of the Flechtinger samples

Comparison of the mechanical aperture distribution between the reconstructed fractures (with 50 um spatial resolution, A, C,
E, G) and the segmented fractures (with 200 um spatial resolution, B, D, F, H) using the RF classifier. The red line indicates the
hydraulic aperture, calculated from experimental data. For the histogram classes, the bin size was chosen to be equal to the
corresponding spatial voxel resolution.
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