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Abstract

Carbon dioxide (Cg) capture and storage (CC%®H) a well-developedtechnologyto
mitigate climate change associated with increasing €@ to anthropogenic activities.
InjectingCQOr in subsurfaceorous rock formatiomitiates acomplexset of reactionthat
mightgradualy change thapropertesof the rock formationReactive transport simulatisn
provide a powerful medm to understand thmplications of this process amgtimizeits
efficiency.However,adiscrepancys observed in the simulated mineral reaction rates

the laboratoryith field observatios due to various factordluch ofthis variationcan be
attributed to the imprecise estimation of mineral reactive surface area, with estimated
values spanning orders of magnitude. Image obtained mineral accessible surfacesarea ha
been observetb simulate laboratory core flood experiments with morigcyin recent
studies.However,how pore connectivity affects mineral accessihility what extenthe
X-ray imagingrecipe affects the quantificatiaf porosity and mineral surface areand

how this surface area evolves during geochemical reactoom®t entirely known
Additionally, the feasibility ofresinbased B printing technologyto replicate porous
media to conducgeochemicakinetic investigationshas never been studietihis work

aims to improve our understanding of mineral accessiblaareaand its evolution
during geochemical reactions 3D printed and real sandstone sampldg feasibility of
using 3D printed reactive porous media is first considekegporous structure extracted
from a real sandstone sample was printed usis@ mixed with reactive calcitéo
replicate r oc kinsthe prited samples.eporgsity @ surfacg area agree
well with the real sampleMoreover, calcite dissolution during the batch experiment

conducted on the printed sample validateel #lccessibility of calcite. Furthermorte
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understand thempact of pore connectivity on mineral accessibjlisgven sandstone
sampla of varying composition were imaged unde&canning electron microscof8EM)

and properties like porosity, mineral alolance and accessibilityvere quantified from
mineral map createdby combining backscatter electron (BSE) images véttergy
dispersive spectroscopy (EDS) da@bserved variatiain accessibility for quartz,
feldspas, and carbonate due to consideration of nano pore connectivity is within one order
of magnitude, howevelarger variations were noticed for clay. While imaging approaches
hold promise to quantify the mineral propestit might be dependent on how we capture
the image. To understand thmpact of 3D X-ray computed tomography imaging
parameters on petrophysical property quantification, two sandstone samples were imaged
in 3D at differentesolutionsdetector bin sizg and projection numbers. It is obsentbdt

the porosity measuremertaf the Bentheimersampleis independent of themaging
parameters within the studied rangewever, theccessible surface area quantification is
significantly impactedy these paragters Moreover,the highest resolution studied here
(1.25 pm)wasinsufficientto capture majority of the porder the Torrey Buff sample,
which contains a substantiaimount of clayThe final study focused on the evolution of
accessible surface arearithg geochemical reactions. For this purpoaeore flood
dissolution experimentasconducted on a sandstone saniplanjecting CQ-saturated
deionized watemt elevated temperature and pressure. |rudig@ined properties were
utilized to model the expenent in a reactive transport simulation tool, CrunchFl2®

and 3D imagesverecaptured before and after the experiment to quantify the evolution of

surface area anslerecompared with the simulation results.
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Chapter 1
1 Introduction

Knowledge of mineral reaction rates is crucial in understanding various
environmental systems, including contaminant trang@uendell et al., 2012; Deng et al.,

2006; Essaid et al., 2015; Goh & Lim, 2004; Sandhu et al., 20E8)ral weathering
processegBrantley et al., 2013; Maher et al., 2009; Parry et al., 20a6) injection for
storaggTang et al., 2021; Xiao et al., 2009)to enhance oil recovef(@bedini & Torabi,

2014; Dai et al., 2014; Emberley et al., 2004; Jessen et al.,, 800Syurface energy storage
systems(Bachu, 2000; C. O. lloejesi & Beckingham, 2021; C. O. O. lloejesi &
Beckingham, 202Q)subsurface microbial reactiof@n & Bethke, 2005)and radioactive

waste disposgBrookins, 2012)Reaction rates in natursystems, however, are not well
understood. In the past, reaction rates were measured in laboratory setups using pure
mineral phases. However, subsurface systems are highly complex and heterogenous from
micro to macro scale. As a result, large discreparceters of magnitude) have been
observed between laboratemeasured rates and those in natural sys{dheske et al.,

2016; Min et al., 2016; Parry et al., 2015)

Accuracy in geochemical modeling largely depends on the approximation of
mineral reactia rates. Studies have suggested that a major uncertainty comes from an
improper approximation of mineral surface a(Backingham et al., 2016a; Black et al.,
2015; Bourg et al., 20157 common estimation of mineral surface area idaberatory
measued Brunauer, Emmett, and Teller (BET) specific surface area. This may not be the
best representation of the mineral surface area, as it is done on crushed samples vs. the

weathered surfaces of intact natural samf@sck et al., 2015)Another approacts the
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geometric surface area based on the assumption of smooth spherical grains, which fails to
incorporate surface roughness and reactivity. Past works have shown the accessible surface
area can represent mineral surface area to simulate mineral meatdianore accurately
(Beckingham et al., 2016a)n this case, the mineral surface area is defined as the
accessible surface of mineral grains in contact with the reactive fluid and can be determined
from multiscale imaging and peptocessing.

This work aims to enhance understanding of mineral surface area and pore
connectivity to predict mineral reaction rates more accurately using multiscale imaging,

numerical modeling, and core flooding experiments on sandstone samples.

1.1 Using Stereolithography 3DPrinting to Fabricate Reactive Porous Media
Experimental research is crucial in understanding {tagk interaction.
Laboratory experiments on core samples and their results can be utilized to conduct

numerical simulations before the expensive fialgplementatior(Lake, 1989) However,
the spatial heterogeneity of minerals and the complex pore network have made it
challenging to replicate those experiments for validaioR . Xu & Prodanovi
Moreover, the petrophysical properties of theeceample change during dissolution
experiments, inhibiting its use for another experiment. And using another sample even
from the same formation does not ensure the same pore striicture et al., 2017)

Additive manufacturing or 3D printindhas ben gaining popularity in the
automotive and aeronautical industtym et al., 2016; Mami et al., 2017; Nichols, 2019)
for developing drug delivery systems in the pharmaceutical ind{GGtr€hen et al., 2020;

Cho et al., 2018)tissue engineering dtalding and bioprinting implants/organs in the

18



biomedical industryCooke et al., 2003; Lee et al., 2007; Melchels et al., 2@di¥icating
microfluidic devicesgMohamed et al., 2019and smart polymer syster{Shinde et al.,

2020) etc. It is apromising experimental approach that could be leveraged to replicate
porous structures to enhance understanding of mineral reactions and reaction rates in
porous mediaTodayo6s 3D printers are highly <cust
complex designs wlit high precision. At the same time, higarformance computers and
advanced imaging tools can reconstruct 3D models of complex samples at high resolution.
As aresult, researchers in petroleum engineering and geoscience fields are showing interest
in 3D piinting to translate virtual models into 3D printed samples for conducting
experimentgAlmetwally & Jabbari, 2020; Berman, 2012)nfortunately, the applicability

is still limited for replicating porous media and fracture networks to understand flow
properties such as porosity and permeahilitgd exploration of 3D printing for reactive
systems remains limited.

Fabrication of 3D printed reactive porous media samples was first exigred
Anjikar et al., (2020 who used the Fused Filament FabricatifrK) method to print
synthetic porous media samples containing reactive material to ultimately enhance
understanding of geochemical reactions. This 3D printing technique, however, has limited
printing resolution. Moreover, preparing the filament with neactminerals can be
challenging when the mineral content is h{gimjikar et al., 2020)On the other hand, for
SLA (Stereolithographypparatus)3D printing,the resolution is highand can fabricate
samples with more than double the resolutionFeff BD printers(Ahn et al., 202Q)This

study explores the potential thie SLA 3D printing method to replicate pore structure from
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a real sandstone sample using resin mixed with vanguns of calcite and addresses
the following research questions:

- Is it possible tareplicate porous media having reactive properigiag resin
based SLA printer?

- How thereactive minerawill be distributedin the printed samplandreact in a

dissolution experiment?

1.2 Impact of nanopores in clay on accessibility and connected porosity

Imaging is a valuable tool to identify and characterize the spatial distribution of
minerals in rock samples. SEM can capture microscale featurew/lag equipped ith
EDS, can be utilized to identify minerdls Chen et al., 2015; Han et al., 2022; HU et al.,
2015) however, it is limited to only twaimensional images. -Xay CT can be used to
capture porgyrain structure in 3D, although limited in resolutidlikhoury et al., 2019;
Peng et al., 2012aJhe 2D SEM and 3D Xay CT image can be combined to get various
mineral propertiesincluding mineral volume fraction, accessibility, porosity, pore
connectivity, mineral surface areas, and these can be utitizemhduct reactive transport
simulation(Beckingham et al., 2017; Landrot et al., 2012; Qin & Beckingham, 2019a)
However,even though the SEM can image thaerals at a very high resolution féils
to capture the nanoscale pores in clays.

The presece ofthesenanopores in clay can significantly impact the connectivity
and accessibility of the surrounding miner@®ckingham et al., 2017; Landrot et al.,
2012) Landrot et al. studied chlorite in a Lower Tuscaloosa sample feginged ion beam

sanning electron microscopy (HBEM) and observed that, within the volume analyzed,
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each side is connected to the opposite side through nano ch@drarelsot et al., 2012)
Beckingham et al. studied smectite in Nagaoka safofaving a similar approach and
concluded that there is a significant amount of nanoscale connectivity in sméctitas
aresult,clay coatingon mineralsdoes not obstruct the access of the undaglynineral
(Beckingham et al., 201750, it is crucial to understand the connectivity in claya
multimineral sampland whether there is any impa€thisontheaccessibility othe other
minerals.

This research aims to investigate the impact ahapore connectivity on
guantification ofmineralaccessibility and connected porositysandstone sampleSeven
sandstone sampleseimaged using SEM coupled with EDS. Mineral mapscreated
from these data and properties quantifitiakee differenscenariosreconsidered; 1Al
the pores identified in the processed mineral Kogfined as macroporeaje accessible
2) connectiity through only the macropores identified in the processed mineral3hap
connectivity through the macroporieentified in the mineral mapand nanopores in the
clays Through analysis of these comparisons, we aim to address the following research
guestions.

- What is the impact of connectivity on effective porosity?

- How different connectivity approaeb affect the mineral accessibility
guantificationandthe simulated mineral reaction rate?

1.3 Effect of X-ray Computed Tomography Imaging Parameters on Quantification
of Petrophysical Properties

Threedimensional Xray Computed Tomography is widely used addtive

manufacturing(Du Plessis et al.,, 2018a; Thompson et al., 20b&dical diagnosis
21



(Cierniak, 2011; Zhou & Brahme, 2008)eology(Cnudde et al., 2006; Cnudde & Boone,
2013) archeologyHughes, 2011; Re et al., 201 ®)aterial sciencéBarudel et al., 2000;
Hanna & Ketcham, 2017gtc. for nondestructive testing. Accurate imaging and image
processing are crucial foeliable identification and classification of objects and precise
measuremenHowever, capturing and processing haglality images is time&onsuming
and may require higpherformance computin@Gulo et al., 2019)Running a scan with a
high number of projections not only increases the acquisition time but also requires high
computational power to reconstruct and analyze #ia.dr'he resolution of the image is
also a consideration, and the choice is impacted by what kind of information is desired
from the image¢Peng et al., 2014Yhus, selecting the right parameters for imaging holds
practical importance for digital voluenreconstruction, especially for complex porous
media samples.

Many researchers have studied the application-yXmicraCT and the effect of
scanning parameters on rock property quantificatiost of the studiehave been
conducted on the effect obxel size on computed flow and transport prapeguch as
porosity and permeabilitfAlyafei et al., 2015; Bazaikin et al., 2017; K. M. Guan et al.,
2019; Peng et al., 2014peng et al., (201Xtudied the effect of resolution for a Berea
sandstone using two XGT(micro-CT and CT withsynchrotronradiation) for pore
structure characterization such as porosity, connectaumity pore surface arddowever,
comparing data from two differesizesof volumes for the two resolutions may introduce
some scaling effestShah et al. (2016)onductech study onten different sandstones and
carbonates, howeveat a narrow range of resolution (4.4 to 10.2 pétyafei et al.(2015)

studied the effeatf voxel size on porosity and permeabilitysandstones and limestones
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howeverby numericallycoarseninghe images from high-resolutionimage.Guan et al
(2019) also followedh similar approach and progressively rebinned the original image to
generag data sets having resolution as low as 48 um.

However, the effect of voxel size and number of projections on petrophysical properties
based on mineral composition, especi#tiigamount of clayis not studied yet.

In this study, a careful analysis is @oto understand the effect of three scanning
parameters such as bin size, voxel sizand number of projectionsy repeated
measurements of the same location for two sandstone samples of varying composition.
Additionally, experimental measurement usingefdury Injection Capillary Pressure
(MICP) is conductedo comparethe dataobtained from image®8y doing sq we tried to
address the following questions

- Doestheimagng recipeaffect thevisualization andjuantification ofproperties
of porousmedi&

- How does the presence of finparticles(clay here) impact theetrophysical
property quantificatio®
1.4 Evolution of mineral accessible surface area due to COinduced mineral

reaction in porous media

Mineral reaction rates are oftapproximated using a formula based on Transition
State Theory (TST), where the mineral reaction rate is formulated as,

Y 80 @0

Here, An is the mineral reactive surface area,jks t he r ate rsonstan

the thermodynamic driving foe (Helgeson et al., 1984Prediction of irsitu mineral

reaction rates is challenging, and a significant variation is observed between laboratory
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data compared to field data due to factors like variation in the physicochemical properties
of minerals, patial heterogeneitiethe chemical composition of the fluid, etdsraeli &
Emmanuel, 2018; Schott et al., 2009; White et al., 2(Ar8vious studies have suggested

that this discrepancy is mostly due to the imprecision in determining mineral esactiv
surface area@Beckingham et al., 2016a; Black et al., 2015; Bourg et al., 2Gtshmonly,

the mineral surface areas are measured by laborésgd Brunaudemmett Teller

(BET) experiment or estimated based on simplified geometry. The BET experiment
measureshe surface area of disaggregated pure mineral phase, which evidently does not
represent undisturbed porous media. On the other hand, the geometric surface area
oversimplifies the estimation considering smooth spherical grains. The geometigesurf
area is often adjusted by applying presumptive factors such as a roughness factor to
considerthe roughness of the grains and#éscaling factor to include surface reactivity.

As a result, uncertainty exists in estimating the reaction rate, whaeesepbrted mineral
reactive surface area varies several orders of magn(iBldek et al., 2015; Bourg et al.,

2015) Mineral accessible surface area which is defined as the grain surfaces accessible to
reactive fluids quantified from images have shown promises to estimate mineral reaction
rate more accurately (Beckingham et al., 2017; Landrot et al., 2012; PetersQQ2089;
Beckingham, 2019b).

Moreover, mineral surface area evolution during the geochemical reaction is poorly
understood. In reactive transport simulations, the surface area evolution is oversimplified
based on mineral volume fraction changes. Advancediimgagchniques like Scanning
Electron Microscope (SEM), Energy Dispersiveray Spectroscopy (EDS), -Kay

Computed Tomography fRay CT), etc. can be utilized to approximate accessible surface
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areas directly from images and observe the evolution of misertace area. So, it raises
two research questien
- Does mineral accessible surface area accurately reflect mineral surface area?
- How does mineralaccessiblesurface area evolve durinthpe geochemical

reaction?
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Chapter 2
2 Resin Based 3D Printing for Rbricating Reactive Porous Media
SaleK, Md Fahim; Shindg Vinita V.; Beckingharfy Bryan S.; Beckingharh Lauren E.
!Department of Civil & Environmental Engineering, Auburn University, Auburn, AL
’Department of Chemical Engineering, Auburn Universitybitn, AL
Published irMaterials Letters322, 132469https://doi.org/10.1016/j.matlet.2022.132469
Abstract

Resin based thregimensional (3D) printing is popular for many applications
including replicating geologic porous media samples. This study ifirtheéo explore
resinbased 3D printing of reactive porous media. Here, digital light projection (DLP) 3D
printing of sandstone replicates was performed using photosensitive resin mixed with
calcite of varying amounts. Printed samples were imaged in 3@y u&ray micro
computed tomographynCT). Printed sample porosities are consistent and close to the
original mesh porosity. Calcite volume fractions are generally in agreement with the calcite
content in the resin mixture. Calcite accessible surface areasmilar to published values
for real sandstones and calcite dissolution was observed in acidic batch experiments,
evidence of its surface reactivity. DLP printing is thereby promising for fabricating reactive

porous media samples.
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2.1 Introduction

3D printing of porous media has shown utility for replicating pore networks in
undisturbed soil and rock sampl@&acher et al., 2015; Dal Ferro & Morari, 2015; Ishutov
et al., 2018; Kong et al., 2019xploring hydraulic propertiegiead & Vanorio, 2016)
and studying rock mechanid¢siodder et al., 2018; Jiang & Zhao, 201%)owever,
exploration of 3D printing for understanding reactive mineral systems in porous media
remains limited.

Geochemical reaction rates are poorly understood due to inhereniesamp
heterogeneityfYang et al., 2014)Even samples collected from the same formation have
varying pore network structures and minerolo@ymetwally & Jabbari, 2019) 3D
printing of reactive porous media would enable controiteestigation of geochemical
reactions for varying conditions.

3D printing microparticles in resin has been studied for various applications
(Shinde et al., 2020; W. Xu et al., 202but not for fabrication of reactive porous media.
Printing reactive paus media was first explored using calcite containing filaments using
Fused Filament Fabrication (FFfAnjikar et al., 202Q) Accessible calcite surface area
agreed well with real sandstones but challenges with printing resolution and defects
resultedn internal voids and printing failur@njikar et al., 2020)

Here, DLP 3D printing, which has numerous advantages over FFF (including print
resolution(Ahn et al., 2020) is explored for fabricating reactive porous media containing
calcite. Photoggsitive resin is mixed with varying calcite volume percentages and pore
structures of a real sandstone sample printed. The resulting printed samples analyzed using

nCT imaging.
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2.2 Methodology

Commercial ANYCUBIC resin (density 1.1g/érwas used. Iceland spaalcite
crystals were crushed manually and sieved through a 90um mesh, captured on a 63um
mesh. This particle size range is detectabla®y while not interfering with the printing
process. Calcite powder and resin were combined and thoroughly mixeoesker at
varied calcite volume fractions of 3, 5, and 7¢¢6lume percentagefalcite content was
determined gravimetrically based on the density of calcite (2.7fp{trmmbkin et al.,

2011)

A 3D Bentheimer sandstom€T image was downloaded from Digital Rock Portal
(Neumann et al., 2020y he image was cropped, denoised using a median filter, segmented
to grains and pores, and the selected region of interest (grain) converted into a 3D mesh in
Dragonfly. The mesh wamnlarged 20x to match the 3D printer resolution and exported as
a (.stl) file.

An ANYCUBIC Photon 3D DLP printer was used. The 3D model was sliced into
25um layers using Photon Workshop V2.1.26 and printed at 45° with supports (~6 hr print
time). The 7v%calcite mixture was also printed at 50um layer thickness (~3 hr print time).
After printing, supports were removed, and the object washed using 70v% isopropyl
alcohol and deionized water to remove excess resin followed by a 10 minute UV chamber
postcure.

Printed samples were imaged witlCT using a Zeiss Xradia 620 Versa 3D
microscope at a resolution of 12.5um. Images were processed and analyzed to determine
porosity, calcite volume fraction, total and calcite accessible surface area, and normalized

calcite surface area (details in supplementary information).
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Printed sample reactivity was examined in batch experiments. A sample without
calcite and the 5v% calcite sample were immersed in pH 3.5 HCI solutions at room
temperature (18°C) and pH monitored. @ai concentration was measured in the final

solution using ICROES.

2.3 Results
3D nCT images of the Bentheimer sandstone, resulting mesh, and 20x magnified
3D printed sample with 5v% calcite are shown in Figuile The mesh porosity is 21.83%

while the repaded porosity from the originalCT image is 22.64%Neumann et al., 2020)

Figure 2.1 (a) nCT image of Bentheimer sample, (b) generated 3D mesh, and (c) 20x
magnification printed sample with 5v% calcite.

nCT images of the printed samples ateown in Figure 2(af) and analyzed
properties given in Table 1. The printed sample porosities are very consistent; 18.9%,
18.5% and 18.2%, respectively (standard deviation of 0.28%), indicating minimal
variation. This is good agreement with the generatedel porosity (21.8 %), similar to
the difference seen in other stud{éshutov et al., 2015; Song et al., 202kgly due to

trapping of resin in the microporéSong et al., 2021)
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Figure 2.2: SegmentedCT images of calcite (white) and polymgray) for the (a) 3v%,
(c) 5v%, and (e) 7v%. Segmented calcite particle distribution in (b) 3v%, (d) 5v%, and (f)

V%.
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The 3 and 5v% samples contain 2.76v% and 4.52v% calcite, respectively; in good
agreement with the resin calcite content. The 7v%teas@mple, however, only contains
2.52v% calcite, significantly less than in the resin mixture. This is attributed to particle
agglomeration and settling, promoted by the large calcite content. To prevent this behavior,
a sample was printed with 7v% cafciising a 50 um layer thickness (reduced printing
time). This significantly increased the calcite volume fraction (4.62v%) while maintaining
the target porosity. However, further optimization is needed for printing samples with
targeted higher calcite caanits.

From printed sample images, calcite is present throughout the sample (Figure
2.2(b,d,f)) with some surface clumps observed. Calcite accessibility, defined as calcite on
the surface of the structure and accessible to reactive fluids, is quantifrethiEomages
(Table2.1). Only a fraction of the calcite present is accessible, 5.39%, 10.22% and 6.28%

for 3, 5, and 7v% samples.

Table 2.1: Sample Properties Extractedfrel@ T | mages of 3 D Printe

Sample Property 3v% calcite 5v% calcite Tv% Tv%
calcite  calcite
Calcite in resin mixture (v%) 3 5 7 7
Printing layer thickness(pum) 25 25 25 50
Polymer in printed sample (v%) 07.24 95.48 0748 9542
Calcite in printed sample (v%) 2.76 4.52 2.52 4.57
Porosity of printed sample 18.9 % 18.5 % 182% 18.2%
Calcite accessibility (%) 5.39 10.22 6.28 8.85
Polymer accessibility (%) 94.61 89.78 93.72 91.15
Total surface area (m?) (x104) 5.12 6.00 5.36 5.76
Calcite accessible surface area (m?) 2.76 6.13 3.37 5.10 |
(x10%)
Calcite in printed sample (g) 0.038 0.062 0.034  0.062
Normalized accessible calcite surface 7.35 9.96 9.82 8.20
area (m?%/g) (x104)
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Porous media reaction rates are largely aletl by reactive surface area. The total
surface area, calcite accessible surface area, and normalized accessible calcite surface area
extracted from printed sample images are in TadleTotal accessible surface areas are
similar, indicating good agregent between the 3D printed pore structures. Slightly larger
variations are found for calcite accessible surface area, though within one order of
magnitude, between samples.

The utility of this approach for reflecting porous media reactivity was probed by
comparing accessible calcite surface area with those quantified for actual sandstones,
where good agreement is found in comparison with a Paluxy sandstone (8.48%8D
Normalized calcite surface areas are an order of magnitude higher than the 2.0
guantified for a 0.03v% calcite volcanogenic sandstone sample, though lower accessible
surface area for that sample is possibly a result of clay coéBegkingham et al., 2016b)

Batch acid dissolution experiments showed no pH change (RR@)rer dissolved
calcium for the sample without calcite, whereas the 5v% calcite sample showed both a pH

increase over 4 days (Fig2e) and a calcium solution concentration of 5.15mg/L.
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Figure 2.3: pH evolution for 3D printed samples.

2.4 Conclusions

DLP 3D printing of reactive porous media was demonstrated where printed samples
reflected the reactive properties of real samples through inclusion of calcite within the resin
at varied amounts. 3D images of printed samples found calcite ttmtearease with the
resin calcite content, though for the highest volume fraction (7v%) patrticle settling reduced
calcite content in the printed specimen. Improvement (83%) in calcite content for the 7v%
was achieved by reducing printing time througlamm@er layer thickness (50um). With
regards to reproducibly replicating porous media characteristics, the extracted porosity
were reproducible (standard deviation of 0.28%) and the normalized calcite accessible
surface areas agree well with real sandstwar@ples. Furthermore, calcite dissolution
during the batch experiment validated the reactivity of surface present calcite. Overall,

DLP printing is a viable means to fabricate replicable reactive porous media.
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Chapter 3

3 Impact of Pore Connectivity on Quantification of Mineral Accessibility in

Sandstone Samples
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Department of Civil and Environmental Engineering, Auburn University
Published aACS Earth andpace Chemistry(7), 18581867
https://doi.org/10.1021/acsearthspacechem.2c00099
Abstract

Characterization of microscale features and mineral distributions in rock samples

can be facilitated nedestructively with inaginganalysis. $anning electron microscopy
(SEM) with backscatter electron (BSEpdenergy dispersive spectroscopy (EOS)
particularly valuable andan be utilized to identify mineraldMineral segmentation
coupled with quantitative image processingan yield mineral volume fractions and
accessibilityfrom these image#®rior estimags of mineral accessibility from images have
improved simulations of mineral reaction rates but it is unclear how pore connectivity
should be accounted for. This is further complexsamples with clay mineralghere
nanopores in clays need to be considerere impacts of different approaches to assess
pore connectivity on quantification ohineral accessibilityare considered for seven
sandstone samples with varyiegmposition Mineral accessibilities are calculated by
counting interfacial pixels betwe associated minerals and adjacent pma the 2D
mineral segmented map§hree types of accessibility are considered: the first approach

accounts for all the macropore space, the second approach considers 2Dlgahaected
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macropores, and the tHiapproach include2D connected porosity considering nanopores

in clays.Observed variations in accessibility for most mineral phases are within one order
of magnitude when nanopore connectivity is considered and thus not anticipated to largely
impact thesimulated reactivity of samples. However, greater variations were observed for
clay minerals which may impact lofigrm simulations (years). Larger variations in
accessibility were also noted for carbonate minerals but only some samples contained

carbonat phases and additional data is needed to assess the trends.

3.1 Introduction

Understanding mineral reactions and reaction rates in porous media are critical to
assessing and predicting transport in reactive environmental systems, including natural
weatheringprocessegBrantley et al., 2013; Maher et al., 2009; Parry et al., 2015)
contaminant transpo(Crandell et al., 2012; Deng et al., 2006; Essaid et al., 2015; Goh &
Lim, 2004; Sandhu et al., 2018} C; injection for storagéTang et al., 2021Xiao et al.,
2009)or enhanced oil recovefAbedini & Torabi, 2014; Dai et al., 2014; Emberley et al.,
2004; Jessen et al., 2008hd compressed energy storédBachu, 2000; C. O. lloejesi &
Beckingham, 2021)In these and other systems, mineradsdiution occurs due to
perturbations from equilibrium.

Mineral dissolution rates are typically determined using batch experiments with
single mineral phases, but there is a noted discrepancy in the rate of reaction observed in
the laboratory in comparisowith field observed reaction ratdtlttge et al., 2013;
NavarreSitchler & Brantley, 2007; Parry et al., 2015; White & Brantley, 2003; White &

Peterson, 1990)n part, this is due to porous media effects and a misestimation of mineral
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reactive surfacearea in porous mediéBeckingham, Steefel, Swift, Voltolini, Yang,
Anovitz, Sheets, Cole, Kneafsey, Mitnick, et al., 2017; Bourg et al., 2015; Noiriel & Daval,
2017) Advanced imaging of natural porous media has revealed that mineral surfaces may
be octuded by clay mineral coatings or limited by pore connectivity such that those
surfaces are not accessible for react{Beckingham, Steefel, Swift, Voltolini, Yang,
Anovitz, Sheets, Cole, Kneafsey, Mitnick, et al., 2017; Landrot et al., 2012; Peters, 2009
Qin & Beckingham, 2019bMineral accessible surface areas, those that will be in contact
with reactive fluids, have been noted to improve simulation of mineral reaction rates in
multi-mineralic porous media as compared to other more traditional noéaeactive
surface area estimatigiBeckingham, Steefel, Swift, Voltolini, Yang, Anovitz, Sheets,
Cole, Kneafsey, Mitnick, et al., 201Fombining surface roughness scaling factors can
even improve the accessible surface area estimation to the ag¢owliMa et al., 2021)
As such, mineral accessibility may better reflect the proportion of mineral phases available
for reaction in porous media as compared to mineral volume or weight fractions.

Mineral accessibilities can be quantified using imaginglysis (Landrot et al.,
2012; Peters, 2009Mineral maps can be created by processing 2D Scanning Electron
Microscopy (SEM) images where individual mineral phases are identified by combining
backscattered electron (BSE) and enealippersive xray spetroscopy (EDS) images
(Beckingham et al., 2017; Landrot et al., 2012; Peters, 2008perties of the sample
including porosity, mineral volume fractions (abundances), and mineral accessibilities are
then determined from the mineral map by pixel counieckingham et al., 2017; Landrot

et al., 2012; Qin & Beckingham, 2019b)
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Mineral accessibility is quantified by computing the number of mineral pixels of
each phase at the pem@neral interface. In the simplest approximation, this assumes
reactive fuids may be present in all pore spaces. However, pore connectivity may limit
fluid flow and result in some regions that are inaccessible to fluid flow. This has been
accounted for by evaluating pore connectivity using a burning algorithm to map connected
pores in the 2D mineral map and deeming only those minerals adjacent to the identified
connected pore pixels as access{Bleckingham, Steefel, Swift, Voltolini, Yang, Anovitz,
Sheets, Cole, Kneafsey, Mitnick, et al., 2017; Landrot et al., 2@I2)SEM imaging
cannot capture nanopore connectivity, but kigéolution Focused lon Beam SEM (FIB
SEM) imaging of clay minerals has revealed clay minerals have abundantpwedicted
nano porosity(Beckingham, Steefel, Swift, Voltolini, Yang, Anovitz, Shee@le,
Kneafsey, Mitnick, et al., 2017; Landrot et al., 2018 such, nanopores in clays may not
limit but instead, contribute to overall pore connectivity and alter the relative proportion of
mineral's availabilitfBeckingham, Steefel, Swift, Voltolini, Yang, Anovitz, Sheets, Cole,
Kneafsey, Mitnick, et al., 20% Landrot et al., 2012However, this approach still only
reflects connectivity in 2D such that assuming all pores are connected may better reflect
actual pore connectivity of sandstone samples. While pore connectivity can be readily
determined in 3Drbm 3D Xray computed tomography {p&y CT) images, mineral
phases, and thus mineral accessibility, cannot. Additional resolution limitations may
underestimate overall 3D connectivity estimates. As such, mineral accessibilities can only
be quantified in 2Dmages, but it is unknown to what extent estimated mineral accessibility

would change given variations in estimated pore connectivity.
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The objective of thiswork is to enhancenderstanding of mineral accessibility in
sandstone samples and variationsinmage quantified minerahccessibilies due to
different pore connectivity approaches Here, the impact of accounting for pore
connectivity on mineral accessibility is considered for seven sandstone samples of varying
compositions. Pore connectivity andn@ral accessibility are determined, excluding, and
including nanopore connectivity, and results compared to discern the impact of pore

connectivity estimates on the quantification of mineral accessibility.

3.2 Materials and Methods

3.2.1 Samples

Seven sandstone sphas with varying clay content were selected for analysis in
this work. This includes samplesom the Bandera Grey, Bandera Brown, Bentheimer,
Kentucky, andTorrey Buffformations obtained from Kocurek Industridsvo additional
samples from thd.ower Tugaloosa and Paluxjormationswere obtained from the
Geological Survey of Alabamdrom X-ray Diffraction (XRD) analysis provided by
Kocurek Industries and prior evaluation of similar samples in the literg@uf@uan, 2012;
Soong et al., 2016}these amples are predominantly quartz (5%4) with additional
feldspar, carbonate, and clay minerals (T&ulg.

Table 3.1: Mineral abundances (wt%) from XRD analysis as obtained from Kocurek

Industries, Soong et al. (2016and Guan (2013)

Samplé | Qua| Alb | K- Cal | Dolo | Kaol | lllite | Chlo | Sme | Side
Mineral |rtz |ite | Feldspar| cite | mite | inite rite | ctite | rite
Bandera | 5 |15 |g o [15 [3 |10 |1 |o |o
Grey
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Bandera | o | 15 |5 3 |o 7 11 |2 0 0
Brownt

Bentheim| 94. | 1 5 |45 o050 |o |o o 0 |0
er 4

Kentucky| g6 |17 |3 o o J|wace|14 |0 |o o
Torrey

Buff! 48 0 6 0 24 16 7 0 0 0
Lower

Tuscaloo |92 |0 3 0 1 1 1 2 0 0
s&

Paluxy |66 |1 |3 0 |o 13 |7 1 0 |6

Polished thick sections (0.5 cm thickness) (Kocurek Industries samples) and
polished thin sections (Geologicaurvey of Alabama samples) were created by Applied
Petrographic Services, Inc. (Westmoreland, Pennsylvania) for SEM imaging analysis. To
prepare for SEM imaging, a conductive carbon coating was applied to each thin section
using EMS 550x Sputter Coating Wee at Auburn University. Thick sections were left

uncoated.
3.2.2 Image acquisition and mineral properties quantification

Mineral properties including porosity, mineral abundaaod, mineraaccessibility
were quantified from 2D SEM BSEnd EDS imagesSEM BSE images of the seven
samples were captured using a ZEISS EVO 50VP Scanning Electron Microscope at
Auburn University. Carbditoated thin sections were imaged under high vacuum mode
while the uncoated thick sections were imaged under variable pressure Thade.
resolution and size of each image are given in supplementary information grabl&
representative elementary volume (REV) analysis was carried out on collected images for

each sample to ensure each image area was suffid&M. BSE images were first
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manually thresholded in Imagéd separate grain and pore pixebeveral sukareasof
increasing size were selected from the segmented image and the porosity was computed by
pixel counting.

EDS elemental maps were also obtained for each sample to help identify mineral
phases.Images were registered in ImageJ and additigmaicessing ah mineral
segmentation of the images followed the approach us&k@kingham et al., 2016a;
Landrot et al., 2012Briefly, SEM-EDS elemental maps were enhanced with filters in
ImageJ and custam@ednoise reduction Matlab codes. Minerals were then itledtbased
on elemental maps and SEM BSE grayscale intensity. Each pixel was assigned to a specific
mineral and expressed as a unique ¢alogating gporocessed mineral map. This part of
the processing was performed in Matlab (original code modified doh émage) and
ImageJ.

Following image segmentation, mineral abundances were calculated by counting
mineral pixels with the same color while mineral accessibilities were calculated by
counting mineral pixels adjacent to pore pixels. Mineral abundance tef¢ihhe volume
fraction of each mineral phasend mineral accessibility refers to the percentage of each
minerals surface that is adjacent to the pofes.determine accessibilities, pemgneral
interfacial pixels were first identified using codes tenit in Matlab. The accessibility of
each mineral phase was then calculated from the number of interfacial pixels of each
mineral phase divided by the total number of interfacial pixels.

Here,three different means of calculating mineaakessibilitywere considered.

This included defining interfacial pixels as mineral pixels adjacent to 1) pores identified in

the processed mineral map, which will be referred to as macropores, 2) connected
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macropores identified in the processed mineral map, and 3) conneated and
macropores in processed mineral mdpscases that considered connected pores, these
pore pixels were identifiedy using a burning algorithm aftéandrot et al., 2012The
algorithm first identifies pore pixels at the image edges then ssancard for adjacent
(connected) pore pixels, continuing inwards until it completes searching in all four
directions(Landrot et al., 2012)ldentified connected macropores are displayed in white
and connected nanopores in clays presented in threeediffcolors for the three different
clays. Connected porosity was calculated as the total numbeonnected pore pixels
divided bythetotal pixels of the imagén the third estimationye assumall clay minerals
have abundant, wetlonnected nanoposity as observed in priéitocused lon Beam (FIB)

SEMimaging analysis of clay minerglBeckingham et al., 2016a; Landrot et al., 2012)

3.3 Results

3.3.1 Image processing and mineral property quantification

SEM BSE images, mineral phase segmented maps, and 2Dcponectivity
images were produced for each sample. Mineral abundance obtained from the 2D
segmented map is presented in TébB As expected from the prior mineral abundance
data, quartz, feldspars, carbonates, and clay, as well as some additiosralsmike
siderite, zircon, mica (muscovite and biotite), and some oxides (ilmenite, anatase, and
magnetite) were identified in the samples.

Table 3.2: Mineral abundances (vol%) and accessibili(i#g determined from the 2D

mineral segmented mapsing three approaches.
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Accessibility

. Accessibilit
S : Abundance Accessibility | (Only (Connectedy
ample Minerals (All' Macro | Connected
(vol%) P Macro &
ores) Macro
Pores) Nano Pores)
Quartz 63.46 57.98 70.82 62.63
K-feldspar | 12.12 7.32 6.12 5.53
Albite 10.22 8.81 7.28 7.45
Calcite 5.69 1.15 1 0.84
Bandera Grey |llite 6.39 23.34 14.78 23.45
Muscovite | 0.68 0.45 0 0
Titanium
Oxide 0.28 0.23 0 0.09
Biotite 1.14 0.7 0 0
Quartz 73.48 62.58 69.42 54.81
K-feldspar | 8.33 5.47 2.57 5.48
Albite 10.24 5.57 4.2 6.02
Calcite 0.007 0.01 0 0
Bandera Kaolinite 4.31 16.05 12.86 21.83
Brown lllite 1.17 4.31 2.7 6.35
Chlorite 0.48 2.33 4.5 3.45
Titanium
Oxide 0.47 0.14 0.11 0.08
Iron Oxide | 1.49 3.53 3.63 1.97
Quartz 95.32 83.65 84.79 80.05
K-feldspar | 2.71 2.72 2.35 2.99
Bentheimer | Calcite 0.0003 0 0 0
Kaolinite 1.64 13.24 12.6 16.71
[Imenite 0.4 0.39 0.25 0.24
Quartz 62.58 47.49 33.25 34.29
K-feldspar | 2.95 2.2 0.27 4.97
Albite 16.79 10.67 14.05 10.37
Zircon 0.37 0.06 0 0.34
Kentucky Ilmenite 0.29 0.11 0.5 0.99
lllite 11.73 35.51 49.68 31.25
Muscovite | 2.55 2.51 0.37 4.79
Titanium
Oxide 0.17 0.1 0.05 0.71
Iron Oxide | 2.6 1.35 1.83 12.27
Quartz 56.73 53.38 57.74 51.68
Torrey BUff 1 feldspar | 5.83 2.87 1.82 3.74
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Iron-rich
dolomite 12.04 2.78 1.53 1.65
Dolomite 13.28 3.71 1.38 1
Kaolinite 10.62 34.36 35.04 39.25
llite 0.59 2.62 2.17 2.62
Zircon 0.19 0.015 0.006 0.003
Titanium
Oxide 0.34 0.05 0.11 0.05
Iron Oxide | 0.37 0.22 0.18 0
Quartz 92.03 79.32 83.33 79.48
K-feldspar | 1.58 3.32 1.47 2.4
Lower Albite 0.49 0.58 0.39 0.3
Tuscaloosa | Dolomite 1.48 1.67 1.17 2.13
Kaolinite 3.67 14.82 13.41 15.51
Muscovite | 0.53 0.28 0.22 0.18
Quartz 69.31 51.35 51.96 47.24
K-feldspar | 1.21 1.56 1.04 1.05
Albite 24.5 25.86 20.02 17.86
Calcite 0.78 0.46 0.14 0.96
Paluxy Kgolinite 2.26 16.9 24.35 28.12
llite 0.24 2.04 1.38 3.24
Siderite 0.29 0.48 0.37 0.35
Titanium
Oxide 0.81 0.39 0.14 0.24
Muscovite | 0.6 0.97 0.6 0.95

As discussed in sectioB.2.2, mineral accessibilities were quantified for every
mineral in each sample. The accessibility data is presented in 3&bl€hese values
indicate the proportion of each mineral at the ggmagn interface. It is of interest to
consider the interfacesd the grains that will be in contact with the potential reactive fluid.

If the pore space is well connected, reactive fluid may be in all identified pores. However,
limitations in pore connectivity can occur and restrict which mineral surfaces are lalecessi
to the reactive fluid. Both scenarios are considered here in calculations of mineral

accessibility. Pore connectivity is identified using a burning algorithm where connected
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porosity is first identified only considering macropores and then considssimectivity
through clay nanopores. Connected macropores are shown in white in BigtB&5s(d),
while three different colors are used to present the nanopore connectivity in clays in Figures

3.1-3.7 (e): kaolinite in turquoise, chlorite in cyan, altite in teal.
3.3.1.1 Bandera Grey

The SEM BSE andnineral phase segmented map of the Bandera Grey sandstone
sample is shown in Figurke (a and h)It is predominately comprised of quartz and two
feldspar mineralsK-feldspar and alb& The calculated porosityom the BSE image is
15%. Accessibility is calculated for all the minerals considering the three approaches.
Figure 1c shows the mineral segmented map where all the macropores are assumed to be
filled with reactive fluid and represented in white coldmifar to the highest abundance,
guartz has the highest accessibility. The accessibility of the clay phase, smectite/illite is
four times higher than the abundance of clay minerals.

When considering macropore connectivity, the sample has very low pore
comectivity, which is reflected in Figurg.1ld. The corresponding effective porosity is
1.66%. Considering connectathcroporesguartz has the highest accessibility amalig
the mineral phases, followed by smectite/illite. The accessibility-tifltkspar ad albite
reduce when considering connected macroporésl®bo and7.28%, respectivelyMica
minerals muscovite and biotiteare not accessibléue to lowmacrgore connectivity.
Accounting for multiscale pore connectivity, including nanopa@nnectivity through
smectite/illite, there is a minor increase in the effective porosity (from 1.66% to 2.21%).

Quartz accessibility is the highest and agrees well with quartz abundance, whereas K
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feldspar and albite have accessibilities approximatelyf loél their abundances.
Accessibility values increase significantly for smectite/illite in comparison with only

considering macropore connectivity.

| I Quartz [ Atbite [l K-Feldspar Smectite/Nlite MMM Dolomite I Anatase [l Biotite I Muscovite

-

£

Figure 3.1: a) SEM BSE image of sample collected from Bandera Grey formdijon
mineral phase segmented pna) mineral map considering all macro pores accessible; d)
mineral map considering macro pore connectivity; €) mineral map including nano pore

connectivity
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3.3.1.2 Bandera Brown:

The SEM BSE image dhe Bandera Brown sample and corresponding
processed minerahap are irFigures3.2 (a and b) A total of nine minerals are identified
with the majority of the sample comprised of quafthere are three clay minerails
kaolinite, illite, and chlorite with a total abundance of 5.96%. The porosity is calculated to
be 21% .When all the macropores are considered, the accessibility of quartz is slightly less
than the abundance while accessibilities are significantly less than abundances for K
feldspar and albite. On the other hand, the accessibility of clay mineaglgusfour times
their abundance. Calcite accessibility is similar to its abundance.

Consideration of macropore pore connectivity significantly reduces the effective
porosity to 5.2%. The accessibility ofi@rtzremainshigh and close td t abundance.
While K-feldspar and albite have higher abundances than clay minerals (kaolinite, illite
and chlorite) the accessibility of the clay minerasigher. Calcite only has 0.007%
abundance, and it is embedded in quartz grains, theréfeeccessibility i9%. Figure
3.2e shows the mineral map considering nanopore connectivity in all three clays in the
sample.Accounting for nanopore connectivity increases the effective porosity to 8.91%.
Also, more albite and Heldspar become accessible (see red boxesguré-3.2e). The

accessibility of kaolinite also increases significantly from 12.86% to 21.83%.
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Figure 3.2: a) SEM BSE image of the sample collected from Bandera Brown formation;
b) mineral phase segmented neqpnineral map considering all macropores accessible; d)
mineral map considering macropore connectivity; €) mineral map including nanopore

connectivity.
3.3.1.3 Bentheimer:

There are six mineral species identified in the BSE image of Bentheimer sample
(Figure 3.3). Quartz has more than 95% abundanbeis sample has a high porosity,
34.920, measured from the 2D mineral map. When considering all macropores as

accessible (Figur8.3c), quartz has an accessibility of 83.65%, which is less than the
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abundance of quartZlhe accessibility of Keldspar agrees well with its abundance,
whereas calcite is inaccessible. The accessibility of kaolinite is 13.24%, significantly
higher than its abundance.

Consideringmineralinterfacesaccessible to connecteaacrgores(Figure 3.3d),
84.7%0 are quartz, which mmilar to when connectivity was not considersdout 12.6%
of accessible surfaces are kaolinite, which is significantly higher than the relative
abundance of kaoliniteAccounting nanopore connectivity (Figui3e) deceases
accessibility of quartz and increases accessibility-tdldspar and kaolinite. Calcite is
inaccessible in this case too. Effective porosities reduced to 15.68% and 18.45%

considering connectivity in macro and nanoscales respectively.
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Figure 3.3: a) SEM BSE image of Bentheimer sandstone; b) mineral phase segmented map
¢) mineral map considering all macro pore accessible; d) mineral map considering macro

pore connectivity; €) mineral map including nano pore connectivity
3.3.1.4 Kentucky.

The original and pcessed images for the Kentucky sandstone sample are shown
in Figures 3.4 (a and h)Among thesevensamples considered in this wotke Kentucky
sandstone sample has the lowest porosity. The porosity calculated from the BSE image

(Figure3.4a) is 13.25%Nine mineral specieareidentified in the image and mapped in
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Figure3.4b. Quartz is the most dominant phase with over 62% abundance, followed by
albite and smectitel/illiteFigure 3.4c shows the mineral segmented map when all the
mineral surfaces are considered accessible. Quartz, which is the dominant phase, has an
accessibility of 47.49%, which is significantly lower than its abundance. The accessibility
of K-feldspar and muscovitggree well with their abundances while illite accessibility is
more than three times its volume fraction.

Having the lowest porosity, the sample is also very low on pore connectivity when
only macropores are considered (effective porosity 1.2586). for acessibility,
smectite/illite has the highest accessibjlt®.68%, which is significantly higher than its
abundancand its accessibility when connectivity is not consideldet accessibilities of
guartz and albite are 3%% and #.05%, respectively, Wich is less than the abundance
of quartz but similar to the abundance of albite. Zircon is not accessible to the connected
pore spaceConsideration of nanopore connectivity allows a lot of magnetite grains to be
accessible (red boxes, Figlde) resuing in an increase in accessibility of 12.27% from
1.83%, while for albite and illite, the values decrease. The effective porosity increases to

4.27% when nanopore connectivity is included.
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Figure 3.4: a) SEM BSE image of Kentucky sandstone; b) minehalge segmented map;
c) mineral map considering all macropore accessible; d) mineral map considering

macropore connectivity; €) mineral map including nanopore connectivity
3.3.1.5 Torrey Buff

Figures3.5 (a and b) show the original BSE SEM image and Torrey Bufpkasn
colored mineral segmented map, respectively. There are eight different minerals identified,
and more than half of the total volume is comprised of quartz. Another major phase
identified from the mineral map is dolomite, half of which is rich in irbime sample has

a high amount of clay. The calculated porosity from the mineral segmented map is 20.3%.
54



When accessibility is calculated considering all the macropores, quartz has a similar value
for accessibility as abundance-f&ldspar and dolomite haaecessibilities significantly

lower than their abundance. Both of the clay minerals have high accessibility (34.36% and
2.62%) as compared to abundance.

When considering connected macropores, quartz has the highest accessibility,
similar to its abundancewhile kaolinite has significantly higher accessibility than
abundance. As the sample has a higher amount of clay distributed throughout the sample
(Figure3.5b) considering nanopore connectivity (Fig@tge) significantly increases the
effective porosityfrom 3.22% to 10.88%. The resulting accessibility of quartz decreases,
while for K-feldspar, kaolinite, and illite, the values increase. The effective porosity also

increases from 3.22% to 10.88% when nanopore connectivity is included.
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Figure 3.5: a)SEM BSE image of sample collected from Torrey Buff formatimmineral
phase segmented mag mineral map considering all macropores accessible; d) mineral

map considering macropore connectivity; €) mineral map including nanopore connectivity
3.3.1.6 Lower Tuscabosa

The SEM BSE image and mineral segmented map of the Lower Tuscaloosa sample
are shown in Figure8.6a and3.6b. Six different minerals are identified, among which
quartz is the most dominant phase. Similar to the Bentheimer sample, the sample has a high
porosity, about 33% measured from 2D mineral maps. The three types of accessibility maps
are shown in Figure3.6c, 3.6d, and3.6e. In case of the first approach, the accessibility of

quartz is 79.32%, lower than the quartz abundance. Albite and dolomite accessibility agree
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well with their abundances. -Kldspar and kaolinite accessibilities are higher, where
kaolinite accessibility is about 3.5 times higher than the abundance.

Considering macropore connectivity reduces the effective porosity to 24% (Figure
6d). The accessibility of quartan this case abou@3%,whichis less than its abundance
(Figure3.6d).Conversely, the accessibility of kaolinite, the major clay mineral, is 13.41%,
significantly higher than its abundandaking nanopore connectivity into account makes
more areas accessible to fluid (shown in red in Figure 1e) and increases the acasssibiliti

of K-feldspar and dolomite. The effective porosity also increases.

57



| I Quartz [ Albite [l K-Feldspar Kaolinite [l Dolomite [ Muscovite
A Bl T ¢ "1 ™ 4

45
Ll
.
4

'.{‘ns '

Figure 3.6: a) 2D SEM BSE image of sample collected from Lower Tuscaloosa formation;
b) mineral phase segmented mepmineral map considering all macro pore accessible; d)
mineral m@ considering macropore connectivity; €) mineral map including nano pore

connectivity
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3.3.1.7 Paluxy

The original and processed images from the Paluxy sandstone are shown is Figure
3.7 (a and h)Nine mineralsareidentified in the BSE imagenajor phasesclude quartz
and albite The prosity calculated from the BSE image is 19%hen accessibility is
determined using the first approach, quartz has lower accessibility than abundance. K
feldspar, albite, calcite, siderite, and muscovite accessibility is sligirtigr than their
abundances. The two clays, kaolinite and illite have significantly higher accessibilities
(16.9% and 2.04%) than their abundances.

Figure 3.7d presents the mineral map with the macropore connectivity shown in
white. In this case, uprtz fasthe highest accessibilityollowed by albite and kaolinite.
The accessibility okaolinite is significantly higher than reflected by the abundance of
kaolinite. Accessibility values increase for kaolinite, calcite, and illite while they decrease
for quartz and albite when nanopore connectivity is considered. Effective porosity
determined from macropore and nanopore connectivity approaches are 4.12% and 5.36%

respectively, significantly lower than the actual porosity (18.77%).
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Figure 3.7: a) SEM BSE image oPaluxysandstone; b) mineral phase segmented n)ap;
mineral map considering all macropores accessible; d) mineral map considering macropore

connectivity; €) mineral map including nanopore connectivity
3.3.2 Porosity Comparison

In Figure3.8, total porosity and effective porosity are compared for all the samples.
Approximately a two to nine times reduction in effective porosity is observed when
connectivity is taken into account. The largest drop is evident in the Bandera Gray sample,
which hasa lower total porosity (15.31%). Consideration of nanopore connectivity

increases the effective porosity in all cases compared to macropore connectivity alone,
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which is obvious as it reveals more areas for fluid flow. In Fi@8ethe Kentucky and

Torrey Buff samples have the highest difference between effectivity porosities when
nanopores are included, approximately 2.4 times increase. These samples are higher in clay
content as compared to the other samples. This is followed by the Bandera Brown sample
where effective porosity increases 70% when nanopores are included. The increase in
effective porosity include nanopore connectivity for the other samples were all less than a

35% increase.
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Figure 3.8: Total porosity and effective porosity comparisontfa sandstone samples
3.3.3 Accessibility Ratio

With the obtained accessibility values from the segmented mineral maps,
accessibility ratios are calculated for each mineral. It is calculated by dividing mineral

accessibility by mineral abundance for each plagsgiven by,
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andreported as a unitless number. These ratios provide a normalized reflection of
mineral accessibility regardless of mineral quantity for easier comparison among different
samples. The value of the ratio being one means that the mineral has the sameligcessib
as abundance. Accessibility ratios are calculated dartg, K-feldspar,albite, carbonate,
and day mineralsfor the three approaches discussed in Se@i@r2. If a sample has
multiple carbonates or clay minerals, those were combined to reflelctarbonate or clay
minerals under a single label for simplicity.

Figure3.9 shows the accessibility ratio data for all seven samples. For quartz, the
accessibility ratios range from 0.53 to 1.12 for all samples and approaches. For all samples
except he Kentucky and Paluxy sample, the range is narrower, 0.75 to 1.12. This indicates
that accessibility is relatively well reflected by abundance. For the Kentucky and Paluxy
samples, the abundance may not reflect the proportion of quartz that will bélaviata
reaction. Consideration of pore connectivity, both macro, and nanopore, has little effect on
accessibility for the Lower Tuscaloosa, Paluxy, and Torrey Buff samples. However, for the
Kentucky, Bentheimer, Bandera Brown, and Bandera Gray samm@es;dbssibility ratios
change 229% with different connectivity approaches. For most samples, the accessibility
ratio increases when macropore connectivity is considered; however, for Kentucky, the
ratio decreases by 30% (Fig®8). This sample has th&wvest porosity among all samples

and also low pore connectivity (Figusetd).
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Larger variations in accessibility ratio are evident between samples and
connectivity approaches for-t€ldspar. For the Lower Tuscaloosa, Bentheimer, and
Paluxy sample, condering all pores connected results in accessibility ratios above 1,
which means that the accessibility is higher than the calculated abundance. The assumption
of only macropore connectivity significantly impacts calculated accessibility values,
reflected ly the change in accessibility ratio of-88% with the highest change (87%)
occurring for the Kentucky sample. Considering nanopore connectivity increases the
accessibility ratio for all samples (619%) except for the Bandera Gray.

Albite was identifiedonly in five out of seven samples. If all the macropores are
considered, the accessibility ratio varies from 0.54 to 1.18. When the connected
macropores are accounted for, the largest variation in computed accessibility is for the
Lower Tuscaloosa samplddcreases 32%). When macropore and nanopore connectivity
is considered, accessibility ratios typically decrease from values considering only
connected macropores. The accessibility ratio for the Bandera Brown sample, however,
increases by 43% in this case.

Carbonates are present in all samples except the Kentucky sandstone. The two
carbonates identified in the samples are calcite and dolomite, which are very common in
sandstone samples. The Bentheimer and Bandera Brown samples have very small amounts
of cabonates, 0.0003%, and 0.007%, respectively. As a result, when connectivity is
considered, the accessibility is zero for these two samples. Torrey Buff has the highest
amount of carbonate minerals (25.32% dolomite) but low accessibility, 6.49%, 2.91%, and
2.65% considering all pores, connected macropores, and connected nanopores,

respectively. The resulting accessibility ratios are small. Small values are also evident for
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the Bandera Gray sample where the accessibility is about five times smaller than the
abundance. This represents either coating of carbonate grains with clays or carbonates
surrounded by other minerals which makes those grains inaccessible to reactive fluids.
Conversely, some samples have accessibility ratios greater than one, indicatinfjthere
carbonate minerals are accessible to reactive fluids than reflected by their abundance.
Connectivity does largely impact accessibility ratios for some samples. For the Paluxy
sample, a seven times increase in accessibility occurs when nanopaetisttyris taken

into account.

Clay minerals are presented in all samples to varying extents (2.5% to 11.7%). This
includes kaolinite, smectite/illite, and chlorite. For clay minerals, the accessibility ratio
ranges from 2.66 to as high as 16.26. Thiksto clay's characteristic occurrence as grain
coatings. When nanopore connectivity is included, an increase in accessibility ratio occurs
for all of the samples except the Kentucky sandstone. Comparing the accessibility ratios
determined by the threepproaches, small variations occur for the Bandera Brown,
Kentucky, lower Tuscaloosa, Bandera Gray, and Torrey Buff samples, whereas there are
large variations in accessibility ratio with the connectivity approach for Bentheimer and

Paluxy samples.
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Figure 3.9: Accessibility ratio comparison for Quartz;fldspar, Albite, Carbonate, Clay

for all samples

3.4 Discussion
In this study, we demonstrate the effect of macropore and nanopore connectivity

considerations on calculations of mineral accessibility from 2D images. Mineral
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accessibility was determined using three approaches for seven sandstone samples. Using
2D SEM B& image in combination with EDS elementals maps, mineral segmented maps
were created for these samples. Accessibility values for quarfe]d&par, albite,
carbonate, and clay minerals were normalized using their abundances to analyze the
differences amamthe three approaches.

The lowest variations in accessibility ratio were noted for quartz with accessibility
ratios ranging from 0.53 to 1.12. Larger variations in accessibility ratios were observed for
K-feldspar, albite, and carbonate minera#sgingfrom 0.09 to 1.5. This indicates the
availability of these phases for reaction may be over (ratios less than 1) or under (ratios
greater than one) estimated by their volume fractions. Clay minerals have a large range of
accessibility ratios, 2.31 to 16.2@dicating their accessibilities tend to be much higher
than their abundance, as was similarly observed in prior litef&téfi€.

Accessibility is also seen to be impacted by the clay content. When clay minerals
are present, they often exist as ataatings on the major mineral phase's surfaces. As a
result, the accessibility ratios for other phases will be lower. For example, the accessibility
ratio for quartz in the Kentucky sample, which had the highest clay content, was the lowest
among all samgls considered.

Large variations in accessibility occurred for some mineral phases when nanopore
connectivity was considered. Increases in accessibility as high as 17 times estimates
considering only macropore connectivity were observed féel#spar in he Kentucky
sample when nanopore connectivity was taken into consideration. Interestingly, these large
variations were not reflected in other mineral phases in the savhple the accessibility

of quartz, for example, had little variation when connectedropores and connected
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nanopores were considerddarge variations in effective porosity are also evident for
different approaches to considering pore connectivity. These variations, however, are not
always reflected by variations in mineral accessibilithe effective porosity of the
Bandera Gray sample is significantly reduced when considering pore connectivity but little
variation in calculated mineral accessibilities occurs.

In terms of predicting reactivity, it is most critical to understand thesadugty of
carbonate phases as they often have the fastest reaction rates, e.g. in geojogic CO
sequestration systems. The accessibility ratios for carbonates in the Bandera Gray and
Torry Buff samples are less than 0.3, reflecting low accessibility caspared to
abundance. These samples have the highest fraction of carbonate phases, 5.69%, and
25.32%, respectively. As carbonate phases tend to exist as cement between mineral phases,
it is anticipated they will have an accessibility ratio of less thanldigier accessibilities
of carbonate phases are observed in the other samples, but these samples all have low
fractions of carbonate minerals <1.5% such that it is challenging to make conclusive ties

to the accessibility of these phases.

3.5 Conclusion

In this work, we enhance understanding of mineral accessibility in sandstone
samples, to improve understanding of the physical properties of porous materials and
ultimately improve modeling reactive transport simulations by better characterizing sample
reactivty. Mineral accessibility reflects the availability of minerals for reaction with
reactive fluids as is often not considered in reactive transport simulations but may help

explain discrepancies with observed field scale reaction rates.
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Accuracy of reactivéransport modelingfor simulatinggeologic storage of C{or
other applicationsas discussed in the introductiphargely depends on the precise
determination of mineral reaction rates. Excluding the consideration of pore connectivity
may provide impresie estimates of reactivitymineral reactivesurface areg and thus
simulatedmineral reaction rateshich are directly proportional to reactive surface area.
Reactivity may be reduceddfains surface are concealdualy clay minerad or inaccessible
dueto presence aa grain inclusion(Peters, 2009)The nanoscale connectivity through
thin channels of clay minerals in sandstone samples shouldedbseen into consideration
as it mayimpacts estimates @&urface area of certain minerals covered whtbse clays
(Beckingham et al., 2012y his was observed in recent work which noted reaction rates in
flow-through dissolution experiments were effectively simulated accounting for
accessibility via connected nano and macropores and gaézestimatecassuming all
mineral phases were accessible

The mineral abundances and accessibilities determined using three approaches for
seven sandstone samples reveal the discrepancy between abundance and accessibility. To
explore the variation in accessibilities a particular mineral in different samples,
associated accessibility ratios were calculafedshown in Figur&.9, accessibility ratios
for K-feldspar, albite and carbonate range within 1.5, while clay minerals have a larger
range which agrees well witheters, 2009While useful for comparing the impact of these
three approaches, these ratios also have utility for adjusting mineral reactive surface areas
in reactive transport simulations to account for variations in accessibility. For example, an

accessible mineraurface area could be obtained by multiplying the specific surface area
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of a given mineral phase (often obtained from the BrufimemettTeller (BET) method)
by the accessibility ratio.

Recent reactive transport modeling work considered implicationsriaitieas in
surface area on simulated mineral reaction rates and htke variation in simulation
results when surface areas varied within one order of magnitude, as resulting from
accessible surface areas determined from images with different reso{@in &
Beckingham, 2019b, 2021a)s such, some of the variations in accessibility (within one
order of magnitude) observed here for different pore connectivity approaches are not
anticipated to largely impact simulated mineral reactions or reacstms.r Observed
variations in accessibility for clay and carbonate minerals, however, may be important.
Due to its fast reaction rate, differences in carbonate mineral accessibility are only
anticipated to impact simulation reactions on short time scatesho days) where even
large differences in calcite surface area values were insufficient in terms of the overall
simulation results at long time scales (yearsin & Beckingham, 2021Clay mineral
accessibility determined here varies up to one roodlanagnitude so larger impacts in
simulated associated reaction rates may occur. Due to the slower reaction rate of these
phases, this is anticipated to impact only longer simulated time scales (years) but will likely
not be significant for simulationsterested in short time scales (hours to dé@é) &

Beckingham, 2021a)
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3.8 Supplementary Information

Table 3.3 SEM BSE image properties of each sample.

Sample Image resolution Image Area of BSE image
(um) dimensions (mm2)
Bandera Grey 0.74 2976x1596 2.60
Bandera Brown 0.77 2001x1000 1.19
Bentheimer 1.23 2880x1607 7.00
Kentucky 0.44 1982x1066 0.41
Torrey Buff 0.46 2974x1489 0.92
Lower Tuscalooss 5.26 805x539 12.00
Paluxy 1.9 2973x1597 17.14

74



Chapter 4

4 Effect of X-ray Computed Tomography Imaging Parameters on Quantification

of Petrophysical Properties
M. F. Salek, L. E. Beckingharh
! Department of Civil and Environmental Engineering, Auburn University, Auburn, AL
Submitted toAmerican Geophysical UniotEarth and Spac€hemistry
Abstract

Threedimension (3D) Xray computed tomography {pay CT) imaging has

emerged as a nesestructive means of microstructural characterization. However,
obtaining and processing higjuality and higkresolution images is timeonsuming ad
often requires higiperformance computing, particularly with a high number of
projections. This work evaluates the effect of 3Bay CT imaging parameters on pore
connectivity and surface area quantification in sandstone samples of varied composition.
Samples from Bentheimer and Torrey Buff formations are imaged via 38y )CT
imaging at resolutions ranging from 1.25 pm to 15 pm, bin sizes 1, 2 and 4, and number of
projections from 400 to 4500. Collected images are processed and analyzed using ImageJ
and MATLAB to discern petrophysical properties and the results are compared with each
other and Mercury Intrusion Capillary Pressure (MICP) results. Overall, little variation in
bulk porosity with changing scanning parameters is observed. However, f@dolutron
and projection numbers, connected porosity is lower compared to bulk porosity due to a
failure to capture micréeatures. Overall, mineral surface area is observed to decrease with
increasing bin size, voxel size and projection numbers, excegiissmved increase with
projection numbers for Torrey Buff. The Torrey Buff samples contains comparatively more

clays and even the highest resolution (1.25 um) fails to separate the micro grains, which is



reflected in the pore size distribution. Identifyirthese variations are helpful as
discrepancies in imaged pore connectivity and surface area can largely impact assessments
of fluid flow and transport in reactive transport simulations informed by this data.
Plain Language Summary

Non-destructive micrestructural characterization can be achieved using 3ByX
computed tomography. Capturing highality images with higher resolution and a high
number of projections not only increases the image acquisition time but also the
computatbnal cost. This study examines the effect efay CT imaging parameters on
guantification of petrophysical properties. Two sandstone samples of different composition
are imaged at varied resolutions, bin sizes, and number of projections. Images are
guanttatively processed with ImageJ and MATLAB and properties compared with
laboratory measurements. No significant variation is observed in the bulk porosity with
varying imaging parameters, however, for loegolution and lowprojection number
images, a decase in connectivity is observed. Mineral surface area decreases with the
increase in voxel size and bin size for both samples. Lowering the projection number
increases surface area for Bentheimer and decreases surface area for Torrey Buff.
Moreover, inconistency is observed in pore size distribution for low resolution, projection
number, and high bin size images. These observations are useful for determining correction

factors for improved simulation of reactive transport in porous media.

4.1 Introduction
The development of advanced imaging has greatly increased our ability to study

the structure and properties of porous médiedrew et al., 2014; MorerAtanasio et al.,
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2010; Werth et al., 2010; Wildenschild & Sheppard, 2013; Zou & Sun, 2P2d@scale
properties can be determined utilizing higdsolution images and coupled with advanced
modeling where this approach has shown promise in simulating fluid flow processes and
reaction kinetics associated with enhanced oil and gas reddgkenyer et al., 203, 2016;
Scanziani et al., 20200, sequestratiofiglauer et al., 2013; Jung et al., 2013; Y. Liu et
al., 2013) subsurface energy storafdesch et al., 2018tontaminant transpofDann et
al., 2011) etc. Various imaging techniques have rbetilized in both two dimension
Scanning Electron Microscopy (SEM) coupled with Energy Dispersive Spectroscopy
(EDS) (Beckingham et al., 2017; Qin & Beckingham, 2021; Salek et al., 2022)
Transmission Electron Microscopy (TENGaboreau et al., 2016; db et al., 2014 )Ultra
and Small Angle Neutron Scattering imaging (USANS and SAR®rkson et al., 2013;
H. Xu, 2020)and threedimensions (3D) (XRay Computed Tomography {¢ay CT) either
with conventional or synchrotron radiatifdasan et al., d.; Mayo et al., 2015; Su et al.,
2022) Magnetic Resonance Imaging (MRBwanson et al., 2015; Zhao et al., 2011)
Focused lon Beam Scanning Electron Microscopy {6BMV) (Bera et al., 2011; Gaboreau
et al., 2016; Nathans et al., 200L%) visualiz the internal structure or study the dynamics
of fluid flow in natural(Bera et al., 2011; Sadeq et al., 2018; Wildenschild & Sheppard,
2013) or synthetic porous medi@u Plessis et al., 2018b; Salek, Shinde, et al., 2022;
Zheng et al., 2021)

In imaging, there is always a tradeoff between the spatial resolution and the area
(for 2D images) or volume (for 3D images) of the sample to be scanned, which is also
known as the field of view (FO\(Peng et al., 2012b; Shah et al., 201\@)hile the specib

range of feasible image resolution can vary depending on the instrument model and its
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configuration, a typical FIEBBEM can capture images with a resolution of ~10 nm with a
FOV of approximately 10 pifor example(Peng et al., 2012bWhile this techigue is
great for analyzing tight rocks that have small pores, like shale or clays with abundant
nanometesscale pores, it may not be as effective as for coarser rocks. Stitching can provide
a larger field of view, but the necessary image acquisitionraebe significant, making
its use impractica{Nathans et al., 201.7Moreover, the destructive nature of FEEM
imaging makes the sample unusable for further experiments. On the other rap; ¥s
have a comparatively larger field of view and arerenrepresentative, but resolution
limitations may fail to capture the micdetails. Higher resolution Xay CT imaging is
facilitated via synchrotron or micttomography instruments.

For 3D Xray CT imaging, the quality of the images also dependh®@mumber
of projections Krroj) used to generate the 3D volume. More projections mean more data
for digital volume reconstruction and a longer acquisition time. Longer scanning times may
result in image distortion because ofa§ source drift or thermaixpansion of the sample
(Croom et al., 2021; Wang et al., 201&hd also escalated imaging costs. Moreover, some
experimental procedures may require a quick scan, such as in the case-lapsiene
observations for core flooding experiments. In thisecase may opt for a fewer number
of projections which may lead to lowquality images that introduce errors for volume
reconstructior{Croom et al., 2021; Xuanhao et al., 20Z)us, choosing the appropriate
number of projections holds practical imfarce for digital volume reconstruction,
especially for complex porous media samples.

Most commercial Xray CT instruments offer two magnification options, optical

and geometrical. Optical magnification is achieved by using different objective lenses
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placal in front of the detector and geometrical magnification is obtained by adjusting the
distance between the-day source and detector from the sample. While magnification
reduces the voxel size of the captured image, the FOV is sacrificed. This issue can be
addressed by changing the detector binning size. Binning is the process of merging charges
from the neighboring voxels in the CCD (Charge Coupled Device) detector during readout.
It is implemented to improve the sigrtatnoise ratio/Croom et al., 2021)For example,
going from bin size 1 to 2 increases thaay intensity captured by each voxel by the
square of the binning increase. As a result, using a smaller bin size to getdoghion
images might result in noisy images and will need more ctatipnal power for
reconstruction and pegrocessing.

In this study, Xray Computed micrd omography (Xray micraCT) imaging is
utilized to study the micrkscale porous structure of two sandstone samples from the
Bentheimer and Torrey Buff formations. tBasamples are imaged at different resolutions
(2.25 pym, 2.5 um, 5 um, and 15 um), with varying numbers of projections (400, 800, 1600,
3200, and 4500 counts), and different bin sizes (1, 2, and 4) to study the effects of these
imaging parameters on quditation of pore scale properties including porosity, pore size
distribution, surface area, and connectivity. The collected images are denoised, segmented,
and further analyzed to quantitively determine porosity and connected surface area. A
medial axisbased pore network model is utilized to extract the pore and throat size
distributions. Collected data are compared with each other and pore and throat size
distributions are compared to those obtained using the mercury injection capillary pressure

method.
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4.2 Materials and Methods

4.2.1 Sample Description

Sandstone samples from Bentheimer and Torrey Buff formations were selected for
analysis. Core samples from each formation ofimalifi diameter and oriech height were
collected from Kocurek Industries. The minegital composition of the samples was
previously discerned using image analysisSalek et al., (2022)nd is presented in Table
4.1. Both samples are mainly comprised of quartz and the Torrey Buff sample contains a
relatively high amount of clay (11.21v%). Clay minerals have fsax® pore networks
(Beckingham et al., 2017; Gaboreau et al., 20d6¢h make it challenging to imagsing
laboratory Xray micreaCT instruments. Clay minerals have been noted to also impact the
accessibility of other minerals as they are often present as mineral cd&ingst al.,

2023)

Table 4.1: Mineral abundances (vol%) quantified from imagelysia obtained fronsalek

et al., (2022).
SampléMineral Bentheimer Torrey Buff
Quartz (vol%) 95.32 56.73
Feldspars (vol%) 2.71 5.83
Carbonates (vol%) 0.0003 25.32
Clays (vol%) 1.64 11.21
Others (vol%) 0.4 0.9
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4.2.2 3D X-ray micraCT Imaging

A high-resolution 3D Xray microscope (Model: Zeiss Xradia 620 Versa) located
at Auburn University was utilized to capture the 3D images for this study. Here, as in
typical laboratory Xray micraCT systems, the crosections of the sample were scanned
usng an Xray beam while the sample rotated 360°. The transmitted intensities were
captured by a Charge Coupled Device (CCD) photon detector and converted into electrical
signals. These signals were then converted into grayscale values using an automated
algorithm. The 2D projections were then automatically reconstructed by the Scout and Scan
Control System developed by Zeiss.

To study the effect of image resolution, a set of images were collected at resolutions
of 1.25, 2.5, 5, and 15 um for both sampM#&ile the 1.25, 2.5, and 5 um images were
captured using the 4X objective, the image with 15 pum resolution was collected using the
0.4X objective. More details about the imaging conditions are shown in Zdbknother
set of images was collected withryisg bin sizes (1, 2, and 4) which also resulted in
resolutions of 1.25, 2.5, and 5 um, respectively (T4l8e

The instrument also offers the option to choose the number of projections. This
parameter sets up how many 2Dra§ projections the instrumenvill capture while
rotating the sample 360° to reconstruct the 3D tomograph. In this work, images were
captured with 400, 800, 1600, 3200, and 4500 projections for both samples. Increasing the
projection numbers increases the acquisition time as weheasize of the data. Other

parameters were chosen to get the best possible image and are presentedi®. Table
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4.2.3 Image Processing & Segmentation

The 3D reconstructed images were exported intbdilGag Image File Format
(.tiff) 2D slices. Before segmenting the pores from the grains, the brightness/contrast of the
images was adjusted, and the image slices cropped. Some image slices were alsal discar
from the top and the bottom of the 3D volume to avoid the cone angle artifact. The images
were then converted teldt grayscale images and a Almcal means filter was applied to
remove noise. Images were then thresholded to separate the pore raxethd grain
voxels. For the Bentheimer sample, the threshold value for each image slice was
determined using a threshold optimization method fi@eters, 2009The algorithm
searches for the inflection point where changes in the intetfisggghold have the least
effect on the number of pore pixels and number of grain pixels by minimizing the sum of

normalized differentials as given by,

AQe—— —— ééééeééééececeéééeceeeéééeeee (1
h h

Here,Npis the number of porpixels, Ng is the number of grain pixels; is the
threshold value of pores, ahglis the threshold value of grains. Once the threshold values
were identified, they were applied to create binary images depicting pores in black and
grains in white.

For the Torrey Buff sample, the threshold optimization algorithm developed by
Peters, (2009tould not produce satisfactory results. Visual inspection as well as the
calculated porosity indicated the misclassification of pore and grain pixels that occurred
when using this approach. Ot subés met hod was

resulted in inaccurate segmentation. As such, a global threshold value was determined
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manually for the entire stack by visual inspection and applied to segment the pores fro

the grains.
4.2.4 Petrophysical Properties Quantification

The porosity for each set of images was quantified by counting the pore and grain
pixels using an algorithm coded in MATLAB. To quantify the connected porosity, the
interconnected pore space was deteenh using the method modified frdoandrot et al.,

(2012) in which a burning algorithm first identified the connected pore pixels in all three
directions. Connected porosity was then calculated by counting the identified connected
pore pixels. A marcimg cube algorithm then drew small triangles on the connected pore
grain interfaces and calculated the mineral accessible surface areas. Figure 1 shows the
steps for extracting the connected pore network for surface area calculation. As an example,
an intenal scanning at 1.25 um resolution out of the core sample captures a cylindrical
FOV of 2.5 mm long and 2.45 mm diameter. Then cropping creates a cuboid of 1.7 mm X

1.7 mm x 2.37 mm which was used for connected porosity and surface area calculation.

1 inch

2375 pm
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Figure4.1: Schematic of how connected pore space is extracted from the 3D reconstructed
volume.

A generalized pore network extraction algorithm developeddmini et al., (2017)
was used to characterize pore and throat (fmp®re connection) size digtution as well
as pore connectivity. The model uses medial axis transformation to divide the void space
into individual pores and throats from the processed 3@ymicroCT images. It is done
by generating a distance map (distance of each voxel frometirest solid wall inside the
void space) and then extracting the medial surface out of it. Then it fits a maximal sphere
inside the pore, having the center on the medial surface points, and calculates the radius,
which is defined as the radius of the @oifhe model is sensitive to roughness; thus,
additional smoothing (using a ndocal means filter) was applied to the processed images
such that only the main features of the void space were extracted. The image obtained pore
throat size distributions wercompared with the laboratory measurements from Mercury
Intrusion Capillary Pressure (MICP) analysis carried out by Corespec Alliance LLC. For
this analysis, core samples of one inch long and a half inch in diameter from both
Bentheimer and Torrey Buff fmations were dried in a vacuum oven at 100° C for

approximately 24 hours, analyzed on Micrometrics Autopore IV instrument, and reported.

4.3 Results

4.3.1 Image Acquisition and Segmentation

A random image slice taken from the 3D tomography for projection numb@®ds 45
3200, 1600, 800, and 400, resolutions 1.25, 2.5, 5, and 15 um, and bin sizes 1, 2, and 4 for

the Bentheimer sample are shown in Figure 2. Here, dark gray represents the pore and light
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gray is the solid, mostly quartz as based on prior SEM image andbtsi fronSalek et

al., (2022) The same locations are cropped from each image set for visual comparison. As
the number of projections decreases, more noise appears in both the mineral and pore
regions, and it becomes more challenging to identify the/grain interface. This is
especially true for clay minerals which have finer particles and appear to merge with other
solid mineral phases (quartz here). On the other hand, with the increase in image resolution,
the images seem blurrier. The 1.25, 215 5 um images were taken using the same optic
and using a lower resolution added more noise. Minor cracks (marked region 1 and 2) and
fine mineral gaps (marked region 3) are often indiscernible (FiyRye The 15 um image,

which was taken using thedX flat panel, appears blurrier than the other images and fails

to capture the fine details. The same is true for different bin sizes. Going from bin 4 to bin
1, small details like cracks and smaller pores become more visible and the pore/grain

interface boks sharper.
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Figure 4.2: Image slices taken at different resolutions, number of projections, and bin sizes
for the Bentheimer sample.

Figure4.3 shows the Xay micraCT image slices for the Torrey Buff sample taken
with different projection numbers amxel sizes. In these images, the dark gray regions
are pores while other shades of gray include quartz and feldspars and the sparsely dispersed
nodules are carbonates, based on the SEM imaging analBateinet al., (2022)Going
from higher projeébn numbers to lower projection numbers the clarity of the image
decreases and images seem grainier. Individual grains become difficult to identify;

however, the brightest mineral phase (calcite here, marked region 1) is still distinguishable.
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With the inagease in image resolution, the sharpness of the image decreases. The higher
clay content of this sample as compared to the Bentheimer sample also makes it more
challenging to separate the pores from the grains. The brightest mineral phase is still
identifiable in the loweresolution images but loses its definition when resolution
decreases. On the other hand, lowering the bin size increases the image sharpness as the
image resolution increases; however, it also adds more noise. For example, selecting bin
size 2 instead of 1, averages theay intensity of four neighboring pixels on the CCD

detector into one and improves the sigiwahoise ratio.
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Figure 4.3: Image slices taken at different resolutiomsmber of projections, and bin sizes

for theTorrey Buff sample.
4.3.2 Quantitative Characterization of Pore Connectivity

Porosity and connected porosity are calculated from the binary image slices from
the 3D tomographies for both the Bentheimer and Torrey Buff samples and are shown in
Figure4.4. Here, he bulk porosity means the total porosity, which includes both connected
and isolated pore space, while connected porosity is the region the pore fluid can reach.
For the Bentheimer sample, the bulk porosity remains consistent at around 0.23 for
differentresolutions, bin sizes, and projection numbers. For the Torrey Buff sample, the
bulk porosity increases with the quality of the image. Moreover, for lower number of
projections, resolution, and higher bin sizes, the connected porosity is smaller compared t

bulk porosity indicating less connectivity for the Torrey Buff sample.
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Figure 4.4: Porosity comparison for images captured at diffelgid;, resolutions and bin
size for Bentheimer in (a), (b), (c) and Torrey Buff sample in (d), (e), (f).

Mineral acessible surface, the surface area of mineral phases in contact with
reactive fluid, is a critical parameter for understanding geochemical reaction rates
(Beckingham et al., 2017These surface areas can be calculated from-sudte imaging
analysegBeckingham et al., 2017; Landrot et al., 20dRgre 3D Xray micreCT images
are used to calculate the total accessible surface area of the sample. Accessible surface area
calculated from 3D Xay micreCT images at different scanning parameters for both
Bentheimer and Torrey Buff samples are shown in Figure 5. It is calculated by estimating
the connected surface area from 3Bray micraCT images using the marching cube
algorithm(Landrot et al., 2012and dividing it by the mass of the volume analyZeor
Nproj=400- 1600, the calculated surface area for Bentheimer is above 6/@2which is
much higher than the values obtained fé§o = 3200 and 4500 (Figurd.5a).
Discrepancies for a loweMproj result from challenges in image segmentation. doee,
lower Nproj images have comparatively more noise, which contributes to the higher
calculated surface area. For the Torrey Buff sampleNghg= 400 image was so blurry
that no pore structure could be extracted from the images. However, for ¢éhesetih of
images Kproj = 800- 4500), there is good agreement in calculated surface areas and values
range (0.01@.014 n?/g). These images were segmented manually and denoised using a
MATLAB algorithm.

In Figure4.5b, the effect of image resolution oalculated accessible surface area
is portrayed. There is a noted decrease in accessible surface area with an increase in

resolution for both samples and a noticeably sharp decrease for the Torrey Buff sample.
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Torrey Buff has a comparatively higher amoohtlay, which exists as fine particles so
increasing the image resolution makes it possible to capture the finer details for this sample.
A similar decreasing trend is observed in Figdrec, where mineral surface area for
different bin sizes is compargeds increasing the bin size essentially decreases the image

voxel size.
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Figure 4.5: Mineral ASA for Bentheimer and Torrey Buff sample (a) at different Nproj,

(b) different resolutions, and (c) different bin sizes
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Pore network properties were extracted from collected images of both samples at
different scanning conditions and are summarized in Takles4.2b, 4.2c. The average
coordination number (number of throats connected to an individual pore) is repoitgd, wh
has a direct impact on permeability and transport propéR@sg & Blunt, 2009; Jerauld
& Salter, 1990).For both samples, the number of pores and throats decreases with the
increase of thé\pr (Table 4.2a). On the contrary, the average pore #mdat radius
increases with the increaseNyo;, except for théNproj= 4500 for the Torrey buff sample.

The average coordination number also increases with the increlsg;,agxcept for the
Nproj = 3200 for the Bentheimer sample.

When comparing thgore network properties extracted from images taken at
different resolutions, the number of pores/throats decreases with decreasing resolution.
Also, the average pore and throat radius increases with an increase in image resolution. It
should be noted th&ere the same volume is cropped from the lengsolution images to
avoid the impact of a decrease in scan volume/FOV due to magnification. The coordination
number follows a decreasing trend with the increase in resolution for both samples.
Increasing tk detector bin size decreases the voxel size of the image. As a result, for X
ray images taken at different bin sizes, a similar trend is observed for the pore network
properties as observed for images at different resolutions.

Table 4.2a: Computed prop¢ies from Xray image captured at various numbers of

projections for Bentheimer and Torrey Buff samples.

Properties / Sampl Bentheimer Torrey Buff

Nproj 400 | 800 | 1600( 3200|4500 400 | 800 |1600| 3200( 4500
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Number of Pores|213431093§ 9337|1270¢ 5834| - [132102862555023146642

Number of Throat{276311641(16519297291189€¢ - |10042(825294932553144
Average Pore | o017 591 8.60|7.77/110.13 - | 3.31 | 3.78| 4.53| 2.24
Radius (um)

Average Throat | 5 gg\ 5141 594| 4.85|5.60| - | 1.75 | 2.17| 2.74| 4.96
Radius (um)

Average
Coordination | 2.55|2.94| 3.48| 4.62| 4.00| - | 1.50 | 1.89| 1.93| 3.10
Number

Table 4.2b: Computed properties from-Ky images captured at different resolutions for

Bentheimer and Torrey Buff samples.

Properties / Sample¢ Bentheimer Torrey Buff

Voxel Size (um) 1.25 2.5 5 15 1.25 2.5 5 15

Number of Pores | 8031 | 849 | 233 74 | 58527 | 6048 | 1566 | 126

Number of Throats| 18881 | 1748 | 511 154 | 64437 | 6510 | 1439 | 63

Average Pore 499 | 10.69| 21.09| 35.63| 2.33 | 486 | 7.70 | 20.04
Radius (um)

Average Throat | 3.83 | 6.22 | 11.86| 19.97| 157 | 3.02 | 4.02 | 11.72
Radius (um)

Average 462 | 393 | 404 | 3.74 2.17 | 2.08 | 1.72 | 0.82
Coordination
Number

Table 4.2c: Computed properties from-Kay image captured at different bin sizes for

Bentheimer and Torrey Buff samples.

Properties / Sample Bentheimer Torrey Buff
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Bin Size 1 2 4 1 2 4

Number of Pores 16822 | 7500 | 1722 | 156103 | 45096 | 10297

Number of Throats 36903 | 16864 | 4059 | 181282 | 44595| 8254

Average Pore Radius (um) 5.64 9.93 | 20.28| 2.60 5.04 | 8.13

Average Throat Radius (um 3.38 569 | 10.51| 1.55 3.04 | 455

Average Coordination

4.34 4.42 457 2.30 1.95 1.55
Number

In Figure4.6 and4.7, normalized pore and throat size distribution at different
resolutions, bin size, anlo; of Bentheimer and Torrey Buff sample are presented
respectively. The Bentheimer sample has larger pores in comparison to the Torrey Buff
sampe, which is also evident from the average pore and throat radius from4TalNmte
that due to the noise reduction algorithm applied to the images, elements below the size of
a few microns (depending on the image resolution) are not included in titeudiish. The
high-resolution images produce a bsllaped distribution skewed towards the resolution
of the image for both samples in Figuke6a and4.7a. The same thing can be observed
for the low bin sizes (Figuré.6b,4.7b). However, as all the imag at differeniNpro; were
captured at the same resolution, they have similar distributions and peaks near the

resolution of the image, which is 2.5 microns (Figuée, 4.7¢).
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In Figure4.8, normalized pore throat size distribution in terms of pore volume
determinedfrom the MICP testing is plotted against the pore throat radius. Additional
information from the MICP testing is presented in Tab& For the Bentheimer sample,
the distribution peaks near 10 um. When comparing this with the image obtained
distribution, in most cases, the pore throat sizes are underestimated. However, for the
Torrey Buff sample, the MICP results show the pore throat sizes range from 0.001 pum to
2.7 um with more than 95% of the pores throats below one micron. This is smaller than the
voxd size of all the images considered here. This is likely a result of the high clay content

of the sample.
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Figure 4.8: Pore throat size distribution from MICP testing for (a) Bentheimer and (b)
Torrey Buff samples.

Table 4.3: Mineral properties for Bentheimer and Torrey Buff samples from MICP test

ParametaBample Bentheimer Torrey Buff
Surface Area (11g) 0.255 1.819
Average Pore Throat Diameter (um 1.89 0.15
Porosity (%) 24.33 16.46
Bulk Density (g/cm) 2.02 2.45
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4.4 Discussion and Conclusion

In this study, petrophysical properties including porosity, pore connectivity,
accessible surface area and pore size distributions extracted fromr&p iicreCT
images at different resolutions, bin sizes and number of projections for two different
formations (Bentheimer and Torrey Buff) were analyzed and compared. Additionally,
MICP was conducted on both samples to get experimental data on porosity, specific surface
area, and throat size distribution.

From the results, it can be inferred that the 3D ienagonstructed from a higher
number of projections provides better quality. Although for porosity measurepent
400 is adequate for the Bentheimer sample. Accessible surface area computed from images
with a lower number of projectionslgo; = 400& 800) results in an unreasonably higher
value due to an excessive amount of noise. When using this data to inform reactive
transport simulations, a higher quantified surface area would result irest@iating
simulated mineral reaction rates. For ane$ysequiring quick scans, e.g. tiiagpsed
imaging of dynamic processes, the surface area will need to be adjusted by applying some
correction factors (CF). For Bentheimer, CF of 1.2~3.6 and for Torrey Buff, CF of 0.7~0.8
can produce results similar to thighest projection number images.

Prior work in Xuanhao et al. (2022) also reported that increasing projection
numbers increases the sigtanoise ratio for volume reconstructigXuanhao et al.,
2022) In the case of Torrey Buff, the lower projectioumber of images underestimated
the porosity compared to the MICP result. Moreover, whemghgis lowered, the pore
and grain edges start to get blurry, resulting in an intermediate phase. As a result, during

segmentation a lot of pores and graingtmbe misidentified, causing a discrepancy in the
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pore size distribution results. Discrepancies such as these can result in inaccurate
simulations of permeability when pore size distributions are used to inform pore network
models. As such, a higher numlaé projections should be used when possible.

While the higher image resolutions (1.25 and 2.5 um) are adequate to capture most
of the pore spaces for the Bentheimer sample, they are not adequate for Torrey Buff sample
that has a significant amount oferopores. For this sample, the porosity is underestimated
even with the highest resolution (1.25 pm) studied in this work. Moreover, some
connectivity might get lost, resulting in lower connected porosity with lower image
resolution. Surface area quant#imon is also impacted significantly when progressing
from finer to coarser resolution images for both samples, especially for the Torrey Buff
sample. The Torrey Buff sample is comprised of 11.21% clay compared to 1.61% for the
Bentheimer. These clay miras are reported to have napores and higher surface area
(Beckingham et al., 2017; Landrot et al., 20 a result, when the resolution decreases,
the surface area is underestimated. When using this surface area to inform reactive
transport simulabns, this would result in und@&stimating mineral reaction rates.

The surface area measured from MICP is two orders of magnitude higher than the
imageobtained surface area for both samples. A wider resolution range in thenesero
scale, which is beyw the resolution of Xay micreCT imaging, makes this technique
capable of including surface roughness. As some of these features are beyond the imaging
resolution, this may be the cause of the smaller surface area obtained from images
compared to the MOP. As such, it is suggested to apply roughness factors when using the
image obtained surface area for geochemical kinetics modeéingt al., (2015%uggested

the values of roughness factor from 5 to 200 for sandstone samplesagnCA image
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takenat 1um resolution, where the roughness factor was defined as the ratio between
Brunauer Emmett Eller (BET) surface area and image obtained surface area. In this study,
the roughness factor considering the surface area obtained from MICP are 24 and 74 for
Bentheimer and Torrey Buff sample respectively for the 1.25 um resolution images.
However, for the lower resolution images (15 um), the roughness factors can be as high as
56 for Bentheimer and 2200 for Torrey Buff. A midtiale imaging approach using hégh
resolution images, with associated smaller FOV, combined with comparatively- lower
resolution images might also wof&erke et al., 2015)

Results from changing bin size have shown similar effects to those which are
observed when altering the imageakition. The main observed challenge is the additional
noise presented in the images with smaller bin sizes. If not removed, this noise can
contribute to an increase in surface area. Noise reduction algorithms might produce
satisfactory results; howevef the sample contains a lot of phases with smaller features,
as is the case with clay minerals, this approach may misidentify some grains as noise and
discard them. As such, a balance must be maintained while noise reduction and segmenting
the image.

In conclusion, the results from the-tdy microCT image analysis on porosity,
surface area and pore size distribution indicate that properties vary with imaging
parameters. When using quantified parameters from images for numerical simulations of
flow and reation in porous media, over or underestimation of surface areas will directly
impact simulated reaction rates while variations in pore andthovat distributions have
important implications for permeability simulation. As such, imaging parametersdshoul

be selected carefully for more accurate results. For low clay samples, the Bentheimer
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sample here, the selection of resolution, bin size Ngagre not anticipated to affect the
porosity measurement significantly. However, for accessible surfaceaagepore size
distribution analysis, a resolution more than 2.5 um and number of projections less than
3200 may provide inaccurate results. On the other hand, for high clay samples (Torrey
Buff, here), resolutions higher than 1.25 um (either by geomeagnification or reducing

bin size) andNpro = 4500 are recommended for better results based on the observations in

this study.
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4.8 Supporting Information

The tableg}.4to 4.6 contain details of the 3R®-ray micreCT imaging at different
resolutions, bin sizes and number of projections for both Bentheimer and Torrey Buff
samples.

Table 4.4 Details for 3D Xray microCT imaging at different resolutions.

Image Number of| Voltage | Exposure Voxel | Size | Time  of |[Field of

Resolution| Projections| (kV) Time Size | of Acquisition |view  of

(um) (Nproj) (sec) (um) | Data | (min) Projections
(MB) mm2

1.25 2400 80 10 1.25 | 4829 | 464 1.16

2.5 2400 80 2.5 2.5 4820 | 154 4.73

5 2400 80 1.8 5 4820 | 126 18.86

15 2400 60 1.3 15 4896 | 105 165.13

Table 4.5 Details for 3D Xray micraCT imaging for different bin sizes

Bin Number of| Voltage | Exposure| Voxel | Size |Time of | Field  of
Size Projections (kV) Time Size | of Acquisition | view  of
(Nproj) (sec) (um) | Data | (min) Projections

(MB) mm2

1 3200 80 55 1.25 | 25422 (417 4.68
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2 3200

80

15

2.5

6347

165

4.68

4 3200

60

1583

138

4.68

Table 4.6: Details for 3D Xray micraCT imaging for different projection numbers

Number of _ _ Field of
o _ Exposure| Voxel | Size of| Time  of|
Projections Bin | Voltage| ) o view  of
. . Time Size | Data | Acquisition o
(Nproj) Size | (kV) . Projections
(sec) (um) | (MB) | (min)

mm2
400 2 80 15 2.5 873 27 4.68
800 2 80 15 2.5 1658 | 47 4.68
1600 2 80 15 2.5 3230 | 87 4.68
3200 2 80 15 2.5 6372 | 167 4.68
4500 2 80 15 2.5 8924 | 231 4.68
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Abstract

Understanding mineral reactive surface area is critical to modeling geochemical
reaction rates. While there is no consensus on calculating mineral reactive surface area to
use in reactive transport simulations, mineral accessible surface area has shaa® foro
improve simulations of reactions in consolidated rulitheralic porous media. However,
studies investigating the evolution of mineral surface area due to mineral dissolution and
precipitation reactions are limited and this is still poorly understdn this study,
accessible surface areas of the minerals identified in Torrey buff sandstone are determined
based on FIBSEM analysis, SEM and 3D-¥y CT imaging. To understand the evolution
of mineral accessible surface area, a ftbwough core flooohg experiment is carried out
at elevated temperature and pressure and time lapsed imaging used to quantify accessible

surface area evolution and compared with values from reactive transport simulations of the
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system. The FIBSEM analysis of the kaolinitelay shows a significant amount of
connectivity through the pores at nanoscales. As such, the analysis of mineral accessibility
here not only accounts for the magrore connectivity, but also allows for mineral
accessibility through the naypmres in kaohite clay. SEM and 3D Xay CT imaging

reveal that mineral dissolution, mainly dolomite, results in a significant porosity and pore
connectivity increase. However, the total accessible surface area detn@as@86 ni/g

to 0.22 ni/g. Reactive transporsimulations agree well with the observed effluent
concentrations but are more uniform than the experiment outcome. By comparison with
simulated and observed changes in accessible surface area, it is noted that the evolution of
mineral accessible surfaceea deviates from the simulated change in surface area. As
such, an improved relationship for the evolution of accessible surface area is needed for

more accurate predictions.

5.1 Introduction

Mineral dissolution and precipitation reactions in porous media kaynificant
implications for many natural and anthropogenic phenomena, such as natural weathering
processegFrings & Buss, 2019; Robbins et al., 199@)0, sequestratiorfFatah et al.,
2022; Kaszuba et al., 2013ubsurface energy storage systéhoejesi & Beckingham,
2021; Zeng et al., 20233cid mine drainag&hon & Hwang, 2000; Robbins et al., 1999),
etc. Mineral reactive surface area and its evolution are crucial to evaluate these reactions
and reaction rates; however, it is still pgotnderstood. Existing modeling tools and
studies often assume a spherical and smooth grain geometry, neglecting the complexity of

consolidated samples and the influence of mineral surface roughness and reactivity.
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Moreover, the assumption that the enstgface is involved in the reaction may not
accurately reflect reality as only a fraction of the surface might be actively participating
due to accessibility limitation®Beckingham et al., 2017; Brunhoeber et al., 2021; Landrot
et al., 2012; Peters, 2008hd variations in surface site reactiviBibi et al., 2018; Dove

et al., 2005) Recent research has highlighted the potential of accessible mineral surface
area, which represents the proportion of mineral surfaces in contact with reactive fluids, in
improving simulations of mineral reaction rates in consolidated porous media
(Beckingham et al., 2017; Landrot et al., 2012; Qin & Beckingham, 202ig approach
utilizes a multiscaling imaging analysis to quantify the accessible surface area,ipgovid
more accurate simulation of mineral dissolution rates compared to conventional methods
that rely on assumptions of spherical grain geometry and arbitrary corrections for surface
roughness and reactivi{iBeckingham et al., 2017; Landrot et al., 2012)

In porous rock, mineral dissolution and precipitation can change the pore
connectivity, transform the shape of the grains, alter the surface roughness, and hence
change the mineral surface area, which in turn impacts the ongoing reaction kinetics.
reent years, new experiments along with advanced imaging have offered new insights into
the evolution of mineral surface area resulting firmmeral dissolution and precipitation
reactions and coupling to alterations in porosity and permealhldiriel et al. (2009)
conducted a flowthrough dissolution experiment on pure calcite and observed that reactive
surface area change is stronglyluehced by grain size, mineral spatial distribution, and
pore connectivity, but the approach is incapable of predicting the mineral surface area in a
multimineral sample as the surface area is determined only froasy XT imaging which

cannot provide mimal specific dataGouze & Luquot (2011gxplored the connections
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between dissolution mechanisms that govern changes in porosity and the associated
alterations in reactive surface area and permeability using-8y Xomputed tomography

(3D X-ray CT) imaing to evaluate a flow through dissolution experiment. They
established a single ndimear relationship between porosity and reactive surface area
evolution. However, they observed a discrepancy #ay CT obtained watemock
interfaces and the reactigeirface area calculated from fluid composition due to the low
resolution (5.06 um) of thexX ay i mages. PSi kryl et al . (20
of porosity and surface area in a fldlwrough dissolution experiment. They observed that
surface aremcreases due to the reduction of grain size during mineral and rock dissolution
observed from Xay imaging and geochemical modelling. Their experiments, however,
were conducted on an unconsolidated rock sample, and as such their observations may
overesimate the associated porosity and the surface area for consolidated samples under
similar conditionsQin et al. (2023¥studied the evolution of mineral accessible surface in
sandstone cores under flow through acidic conditions, observing changes malmine
accessible surface area. These experiments, however, used an unpressurized system which
may result in making the system undersaturated due to trapped air bubbles in pores, hence
underestimating the accessible surface area.

This study focuses on the dwtion of mineral accessible surface area in a
multimineral reaction environment. Here, a ctiomd dissolution experiment was
conducted on an intact core sample, and the accessible surface area evolution investigated
through multiscale imaging and chemi@nalysis. The experimental data were compared

with the results from a reactive transport simulation to assess the predictive capabilities of
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reactive transport modeling for accurate simulation of mineral reaction rates and alteration

of mineral surfacarea.

5.2 Materials and Methods

5.2.1 Sample Description

The Torrey buff sandstone sample was acquired from Kocurek Industries for this
study. The mineralogy from XRD is collected from Kocurek and presented in 3able
The sample is predominantly quartz, rich liay¢ and has a high amounts of carbonate.

Table 5.1 Mineral weight fractions from XRD

Mineral/Sample| Quartz K- Dolomite Kaolinite lllite
feldspar
Torrey Buff 48 6 24 16 7
(Wt%)

A two-inch-long core sample was sent to Applied Petrografavices Inc. to
prepare a thin polished section for Scanning electron microscopy (SEM) and Energy
dispersive spectroscopy (EDS) imaging. Thin sections were prepared from sections cut at
a half inch away from both ends of the core. The remaining middie piethe core was
used for the core flood dissolution experiment. After the experiment, another thin section
was collected from the surface of the reacted sample for image analysis. During thin section
preparation, the core sample was impregnated witikyegmlished, and a thin slice cut
and placed on a glass slide. Finally, thin sections were coated with gold in a sputter coater

to avoid charge accumulation during electron imaging.
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5.2.2 Multiscale Imaging and Analysis

A multiscale 2D and 3D image analysis e was conducted on both reacted and
unreacted samples to examine the mineral accessible surface area changes. This included
2D SEM imaging and analysis of thin sections, 3a}¥ CT imaging of core samples, and
high-resolution Focused ion beam SEM (FEEM) image of an unreacted kaolinite

sample.
5.2.2.1 2D SEM Imaging and Analysis

2D highresolution SEMBSE images were collected using Zeiss EVO 50 electron
microscope located at Auburn University. Images were obtained at a voltage of 20 kV and
a working distancef ~10 mm. Nine overlapping BSE images were collected and stitched

together to get a higresolution image. Image properties are presented in bable

Table 5.2: Imaging details for 2D SEM and 3D-pay CT

SEM 3D X-Ray CT

Sample | Condition| Resolution| gjze | FOV | Resolution| gjze | FOV

(um) | (pixels) (mn) (um) | (pixels) (mm3)

680 x
Reacted 0.357 4392 x 1.74 2 680 x 35
3116 950
Torrey
ol 4210 X 680 x
Unreacted 0.357 1.68 2 680 x 35
3140 950

The SEM was also equipped with an EDAX material analysis unit to conduct

energy dispersive spectroscopy (EDS) imaging. Elemental maps of Al, Ca, K, Mg, Fe, Si,
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P, Ti, and Zr were collected for the same field of view as the SEM images. This elemental
information was combined with the BSE image to create the mineral map for both
unreacted and reacted thin section samples.

To prepare the mineral segmented map, the BSE and EDS images were first
cropped to obtain the same region of interest. A pore map wastextrfrom the BSE
image by image thresholding following the method developeBdigrs (2009)Then, a
nortlocal means filter was applied using ImageJ to the elemental maps to reduce noise. To
further enhance the quality of the image, a pflipping dgorithm written in MATLAB
was used to remove additional noise. This algorithm identified small, isolated clusters of a
given phase and flipped their label based on the surrounding pixels. The elemental images
were then upscaled to match the resolutiothef BSE map as they were collected at a
lower resolution. A mineral map which labels each pixel as a distinct mineral phase was
then created based on the data from the BSE grayscale image and the processed EDS
elemental maps using MATLAB.

Porosity and mirmal volume fractions were calculated from the mineral maps by
counting the number of pixels of each color, where black represents pore and the other
colors represent different minerals. Pore connectivity is determined using a burning
algorithm developed biandrot et al. (2012)The algorithm first detects the void spaces
(black pixels) at the four edges of the mineral segmented map and moves inward, searching
the connected pore pixels until it scans all the pixels in four directions. When it identifies
aconnected pore pixel, it flips the colour of that pixel to white which represents connected
macrepores. The approach used in this study also considers thesalbtion nano pore

connectivity through clays. Previous studies provide evidence ofpameconnectivity
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through smectitel/illite(Beckingham et al., 2017nd chlorite(Landrot et al., 2012)
minerals. In this work, analysis of FHIBEM images of kaolinite is carried out to assess

nanopore connectivity, as described in the following sections.
5.2.2.2 3D X-ray CT Imaging

3D X-ray CT imaging was conducted using a Zeiss Xradia 620 Versa located at
Auburn University to collect the 3D tomographs of the unreacted and reacted sample. Each
core sample was scanned at three internal locations, two near thedsvanel the other at
the middle of the sample. As-bay CT imaging is a nedestructive technique, the same
sample was used for the experiment and the same locations scanned before and after
reaction following the same recipe for comparison. The voxelbdigach scan was 2 um,
and a total of 3200 projections were collected (Tah® for each scan. Collected
projections were reconstructed using the Zeiss Reconstruction tool and exported as raw 16
bit tiff (tag image file format) 2D images. Due to the e cone beam Xay source,
cone angle artifacts were observed in several images at the top and bottom of the
reconstructed tomograph. To avoid this, 25 image slices were discarded from the image
stack from both ends. For each image slice, the brightmessontrast were adjusted, and
images cropped into 680x680 pixels, which resulted in a volume of 6.86ananalysis.
To improve the image quality, a ndocal means (NLM) filter was used using ImageJ.
Images were then thresholded using a global maseghentation approach to segment
the pores from the grains. On the processed imagen d r o t Guwning @Adorithan)

was used to determine the connectivity and surface area.
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5.2.2.3 Nanoscale Analysis of Clays

The nanoscale pore connectivity of kaolinite wassidered here via processing of
a FIB-SEM image of kaolinite collected ibarbari et al., (2017)The imaging was
performed at the Center of Functional Nanomaterials (CFN) at Brookhaven National
Laboratory (BNL) using a dudbcused ion beam/scanningleetron microscope
(FIB/SEM). The FIBSEM was conducted on an Edgar Plastic Kaolin sample for which
XRD confirmed comprised of 96% kaolinite. A deep cube was milled in the clay specimen
using the maximum ion beam current. As the clay has 95% grainsfiiremt 10 & m, i
working surface area of 20 I 20 I 20 em wa
within the considered surface would end up in the imaged surfaces. Two side trenches were
cut as a guide for the milling/imaging process, with a distahice @ bout 12 em b
them. A milling current of 20 pA and 30 kV voltage was selected to make sure it would
not melt the clay. After milling a surface of 10 nm thickness, each surface was imaged
using the electron beam at an 86 nA current and 5 kV vol2&§6€. 2D SEM images were
collected having a space of 10 nm in between two consecutive images. During
reconstruction, all the images were aligned to correct for beam drift and shift using Avizo
Fire. More details of the imaging and reconstruction can bedfauDarbari et al. (2017)

A cuboid of 1000x1000x980 voxels was selected for the pore connectivity analysis.
A nonlocal means filter was applied to all the image slices to enhance the image quality
by removing the artifacts and noises. Then the imagere segmented with individually
selected thresholds for each slice by the thresholding method developeteby (2009)
using MATLAB. The quality of the images was further improved by using MATLAB code

that leveraged the BWConcompmmand to identify small clusters of noise that were then
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removed. Finally, the pore connectivity was determined following the method developed

by Landrot et al., (2012)
5.2.2.4 Accessible Surface Area

In the case of geological material analysis, imagingriectes like 2D SEM and
3D X-ray tomography have their distinct benefits and limitations. The former provides
mineralogical information, while the latter captures the Halie®ensional connectivity in
pores. Identification of mineral phase in 3Bray CT imaging is still challenging and has
resolution limitations too. To overcome these limitations, a novel approach introduced by
Landrot et al. (2012)as followed, where information from 2D SEM images is combined
with 3D X-ray CT image data to quantify th@neral accessible surface area. Here, the 2D
mineral segmented map provides information like mineral volume fractions and
accessibility of each individual phase and the 3Ea)Ximage provides the 3D connected
surface area data. This surface area wasstadjlby applying a scaling factor to consider
the subresolution features that might be omitted due to the comparatively lower resolution
of the 3D Xray images. The accessibility determined from 2D mineral map was then
multiplied by this corrected surfaeeea to determine the minessglecific surface area. An
important point to note here is, following this approach, the surface area of clays cannot be
determined(Beckingham et al., 2017More details of this approach can be found in
previous studieBeckingham et al. (2017); Landrot et al. (2012); Qin et al. (2023); Qin &

Beckingham (2019)
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5.2.3 Core Flood Experiment

A flow through core flood experiment was designed here to understand the reactive
surface area and porosity evolution in systems favoringerai dissolution reactions in
subsurface conditions. The associated a €tmed experimental setup was designed as
pertinent for geologic COsequestration and conducted at elevated temperature (50° C)
and pressure (1450 psi) conditions. The-mé+-long cylindrical core sample from the
Torrey Buff formation, described above, was prepared for this experiment. Eidure
shows the components of the pressurized-tlooel experimental setup. It includes two
Isco syringe pumps to inject G@aturated DI wr through the sample, a reaction
chamber for mixing C®with DI water, an aluminum t@xial core holder to hold the
sample, two pressure pumps to maintain back pressure and confining pressure, a hot water
circulation system to maintain the elevated terapure and a valve system to collect the
sample from the effluent for chemical analysis. The inside of the core holder was made of
stainless steel to ensure no corrosion happened during the experiment.

A oneinch-long and halinch diameter sample wasalded inside the core holder
after wrapping the sample in Viton tubing. The experiment was conducted for five days by
injecting acidified DI water solution. To prepare the solution for the experiment, DI water
was pumped into a odier reactor, and then @ was injected using a syringe pump,
maintaining ~1450 psi pressure. The solution was continuously stirred inside the reactor to
dissolve the C@properly. In the beginning, only DI water was injected at 0.1 ml/min for
24 hours to saturate the sample.effsaturating the sample, prepared DI water saturated
with CO, was injected through the sample using a dual Isco pump system at a constant

flow rate of 0.4 ml/min for five days. The pore pressure was maintained at approximately
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1450 psi using a baghresswe syringe pump. The mixing chamber has its own heating
element which was set at 50° C. However, a heating jacket wrapped around the core holder
maintained approximately 50° C temperature inside the core holder. Moreover, hot water
flowing from a water bdt ensured the elevated temperature in the syringe pumps. The

effluent solution was collected periodically for chemical analysis using ion

2 E

chromatography (IC).

Confining pressure pump

Temperature
control

i a ‘ a | LN A [
n ' Back pressure pump

i
Core holder V Micrometer '/

Brine reservoir

Figure 5.1: Schematic of the core flood experimental set up
5.2.4 Reactive Transport Modelling

Simulation of the core flood experiment was conducted using a reactive transport
simulation tool CrunchflowSteefel et al., 2015A onedimensional flow through a one
inch-long sample was modeled, where the column was discretized into four grid blocks
(Figure5.2). The model was initiated by assuming a homogenous distribution of the image
obtained mineral volume fractions in each grid block. The Darcy flux was calculated by
dividing the volumetric flow rate in the actual core flood experiment by the-sezs®nal

area of the sample, which w@s0032 m/min An operator spitting thregimensional
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(OS3D) solver was used to solve the reaction transport equation, where thertri@nspo

and the reaction term were solved separately. The benefit of using this solver is its ability
to solve high peclet number (advection dominant) transport conditions and the requirement
of comparatively less memory than the global implicit/step nethod. Grid size and
timesteps were selected to keep @murant number less than 0.2, which ensured the
stability of the simulation. The GQolubility at 50° C and 100 bar pressure was calculated
based on thBuan & Sun (2003)nodel and defined in the initial condition. To specify the
boundary condition, a fixed concentration of £8aturated DI water was set for a ghost

cell outside the faces of the 1D domain. The database sweep option allowed us to consider
possible precipiténg/secondary mineral phases. Mineral reaction rate constants were
taken from the literature where the pure mineral phase is studied under acidic conditions
equilibrated with C@ These rate constants are then corrected for the temperature and
pressure aasidered for this work. Evolution of mineral volume fraction, pH change,
surface area evolution and species concentration in the effluent solution from the
simulation were tracked over the time period of 5 days (120 hours).

—> Volume Fraction & ASA from Image Analysis

P.>> 1, Advection Dominant > Mineral Reaction rate constants from database & Literature

Uniform Dissolution ) o )
> Porosity calculated and updated during simulation

Fixed Flow
0.4 ml/min

Figure 5.2: Schematic of thesactive transport simulation
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5.3 Results

5.3.1 Multiscale Imaging and Analysis
5.3.1.1 FEB-SEM Image Analysis of Kaolinite

The 3D volume generated from the segmented $HB/ images of kaolinite clay,
along with a slice from the tomograph, is shown in Figu8eThe calculted bulk porosity
determined from the image is 19.75%. The corresponding surface area determined from
the 3D tomograph using the marching cube algorithm is 1.36r¥0 Considering the
volume of the cuboid (9.8x16 m® and the density of the kaolinit®.68 g/n), the
corresponding surface area is determined as 54, ithis agrees well with the specific
surface area measurement of pure kaolinite using bamaerettteller (BET) found in
literature where the low and high value is reported to be 3.4@ and 13.2 rfig
respectively(Beckingham et al., 2016 he pore connectivity analysis reveals that 98.5%
of the pores identified at 10 nm resolution are connected for kaolinite. As a result, mineral
surfaces coated with kaolinite will remain accesstbl¢he reactive fluid through these
nanosize pores. Therefore, it can be inferred that kaolinite clay coating does not limit the
access to the underlying mineral. As such, we consider this calculation while determining

the accessible surface area of eacheral.
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Figure 5.3: Segmented 3D FHEBEEM image of kaolinite (left) and a single slice (right)
5.3.1.2 2D SEM Image

The mineral map obtained from processing the 2D SEM images is shown in Figure
5.4a. In this map, each color represents a distinct mineral phase, and the pore is presented
in black. From pixel counting, the sample is comprised mostly of quartz (51.55%4 with
significant amount of dolomite (21.95%). Two different types of clays, kaolinite, and illite,
are identified in the amounts of 17.67% and 1.54%, respectively. Other minerals are present
in trace amounts (<1%). FiguBedb shows the connected pores ided following the
method described in sectié2.2.1. Here, the connected macropores are colored in white,
and the sulsesolution nanopores through clays are represented in cyan. Mineral
accessibilities, defined as the percentage of mineral grain esréatjacent to connected
pores, are quantified from this image, and the results are presentatlen3.For most
minerals, the accessibility was less than the abundance; howeledlsjar, illite, and

kaolinite accessibility are higher than the aburéaithe largest discrepancy was observed
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for kaolinite clay, where the accessibility was more than twice the abundance. Similar
behavior was observed in the previous stu@@eckingham et al., 2017; Landrot et al.,
2012; Salek et al., 2022yvherethey epor t ed t hi s as a result o

as grain coating.

Figure 5.4: (a) 2D mineral segmented map of unreacted Torrey Buff sample and (b)
Mineral map with multiscale pore connectivity analysis where connected macropores are

depicted in wite and nanopores within kaolinite is shown in cyan.
5.3.1.3 3D X-ray Image and Pore Connectivity

The segmented 3D-Kay image of the unreacted Torrey Buff sample along with a
single slice is shown in Figuf@5. The bulk porosity calculated from the 3D image is
12.39%, where 91% of the pores are connected, resulting in an effective porosity of
11.35%. The number of pixels on the connected surface area is 400,979,86 pixels which
gives a surface area of 0.00016. Mhe density of the sample (2.63 gRymas used to

convert the surface area td/m The corresponding total accessible surface area is 0.017
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