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Abstract 

Carbon dioxide (CO2) capture and storage (CCS) is a well-developed technology to 

mitigate climate change associated with increasing CO2 due to anthropogenic activities. 

Injecting CO2 in subsurface porous rock formation initiates a complex set of reactions that 

might gradually change the properties of the rock formation. Reactive transport simulations 

provide a powerful medium to understand the implications of this process and optimize its 

efficiency. However, a discrepancy is observed in the simulated mineral reaction rates from 

the laboratory with field observations due to various factors. Much of this variation can be 

attributed to the imprecise estimation of mineral reactive surface area, with estimated 

values spanning orders of magnitude. Image obtained mineral accessible surface area has 

been observed to simulate laboratory core flood experiments with more accuracy in recent 

studies. However, how pore connectivity affects mineral accessibility, to what extent the 

X-ray imaging recipe affects the quantification of porosity and mineral surface area, and 

how this surface area evolves during geochemical reactions is not entirely known. 

Additionally, the feasibility of resin-based 3D printing technology to replicate porous 

media to conduct geochemical kinetic investigations has never been studied. This work 

aims to improve our understanding of mineral accessible surface area and its evolution 

during geochemical reactions in 3D printed and real sandstone samples. The feasibility of 

using 3D printed reactive porous media is first considered. A porous structure extracted 

from a real sandstone sample was printed using resin mixed with reactive calcite to 

replicate rockôs reactive property. In the printed samples, porosity and surface area agree 

well with the real sample. Moreover, calcite dissolution during the batch experiment 

conducted on the printed sample validated the accessibility of calcite. Furthermore, to 
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understand the impact of pore connectivity on mineral accessibility, seven sandstone 

samples of varying composition were imaged under a scanning electron microscope (SEM) 

and properties like porosity, mineral abundance, and accessibility were quantified from 

mineral maps created by combining backscatter electron (BSE) images with energy 

dispersive spectroscopy (EDS) data. Observed variations in accessibility for quartz, 

feldspars, and carbonate due to consideration of nano pore connectivity is within one order 

of magnitude, however, larger variations were noticed for clay. While imaging approaches 

hold promise to quantify the mineral properties, it might be dependent on how we capture 

the image. To understand the impact of 3D X-ray computed tomography imaging 

parameters on petrophysical property quantification, two sandstone samples were imaged 

in 3D at different resolutions, detector bin sizes, and projection numbers. It is observed that 

the porosity measurement of the Bentheimer sample is independent of the imaging 

parameters within the studied range; however, the accessible surface area quantification is 

significantly impacted by these parameters. Moreover, the highest resolution studied here 

(1.25 µm) was insufficient to capture majority of the pores for the Torrey Buff sample, 

which contains a substantial amount of clay. The final study focused on the evolution of 

accessible surface area during geochemical reactions. For this purpose, a core flood 

dissolution experiment was conducted on a sandstone sample by injecting CO2-saturated 

deionized water at elevated temperature and pressure. Image-obtained properties were 

utilized to model the experiment in a reactive transport simulation tool, CrunchFlow. 2D 

and 3D images were captured before and after the experiment to quantify the evolution of 

surface area and were compared 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 transport (Crandell et al., 2012; Deng et al., 

2006; Essaid et al., 2015; Goh & Lim, 2004; Sandhu et al., 2018), natural weathering 

processes (Brantley et al., 2013; Maher et al., 2009; Parry et al., 2015), CO2 injection for 

storage (Tang et al., 2021; Xiao et al., 2009) or to enhance oil recovery (Abedini & Torabi, 

2014; Dai et al., 2014; Emberley et al., 2004; Jessen et al., 2005), subsurface energy storage 

systems (Bachu, 2000; C. O. Iloejesi & Beckingham, 2021; C. O. O. Iloejesi & 

Beckingham, 2020), subsurface microbial reactions (Jin & Bethke, 2005), and radioactive 

waste disposal (Brookins, 2012). Reaction rates in natural systems, 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 discrepancies (orders of magnitude) have been 

observed between laboratory-measured rates and those in natural systems (Menke et al., 

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

Accuracy in geochemical modeling largely depends on the approximation of 

mineral reaction rates. Studies have suggested that a major uncertainty comes from an 

improper approximation of mineral surface area (Beckingham et al., 2016a; Black et al., 

2015; Bourg et al., 2015). A common estimation of mineral surface area is the laboratory-

measured 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 samples (Black et al., 2015). Another approach is 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 reaction rate more accurately 

(Beckingham et al., 2016a). In 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 post-processing.   

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 3D Printing to Fabricate Reactive Porous Media 

Experimental research is crucial in understanding fluid-rock interaction. 

Laboratory experiments on core samples and their results can be utilized to conduct 

numerical simulations before the expensive field implementation (Lake, 1989). However, 

the spatial heterogeneity of minerals and the complex pore network have made it 

challenging to replicate those experiments for validation (R. Xu & Prodanoviĺ, 2018). 

Moreover, the petrophysical properties of the core sample 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 structure (K. Liu et al., 2017).  

Additive manufacturing or 3D printing has been gaining popularity in the 

automotive and aeronautical industry (Lim et al., 2016; Mami et al., 2017; Nichols, 2019), 

for developing drug delivery systems in the pharmaceutical industry (G. Chen et al., 2020; 

Cho et al., 2018), tissue engineering scaffolding and bioprinting implants/organs in the 
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biomedical industry (Cooke et al., 2003; Lee et al., 2007; Melchels et al., 2010), fabricating 

microfluidic devices (Mohamed et al., 2019), and smart polymer systems (Shinde et al., 

2020), etc. It is a promising experimental approach that could be leveraged to replicate 

porous structures to enhance understanding of mineral reactions and reaction rates in 

porous media. Todayôs 3D printers are highly customizable and capable of printing 

complex designs with high precision. At the same time, high-performance computers and 

advanced imaging tools can reconstruct 3D models of complex samples at high resolution. 

As a result, researchers in petroleum engineering and geoscience fields are showing interest 

in 3D printing to translate virtual models into 3D printed samples for conducting 

experiments (Almetwally & Jabbari, 2020; Berman, 2012). Unfortunately, the applicability 

is still limited for replicating porous media and fracture networks to understand flow 

properties such as porosity and permeability, and exploration of 3D printing for reactive 

systems remains limited.  

Fabrication of 3D printed reactive porous media samples was first explored by 

Anjikar et al., (2020) who used the Fused Filament Fabrication (FFF) 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 reactive minerals can be 

challenging when the mineral content is high (Anjikar et al., 2020). On the other hand, for 

SLA (Stereolithography Apparatus) 3D printing, the resolution is high, and can fabricate 

samples with more than double the resolution of FFF 3D printers (Ahn et al., 2020). This 

study explores the potential of the SLA 3D printing method to replicate pore structure from 
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a real sandstone sample using resin mixed with varying amounts of calcite and addresses 

the following research questions: 

- Is it possible to replicate porous media having reactive properties using resin-

based SLA printer? 

 - How the reactive mineral will be distributed in the printed sample and react 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 features and, when equipped with 

EDS, can be utilized to identify minerals (L. Chen et al., 2015; Han et al., 2022; HU et al., 

2015); however, it is limited to only two-dimensional images. X-ray CT can be used to 

capture pore-grain structure in 3D, although limited in resolution (Elkhoury et al., 2019; 

Peng et al., 2012a). The 2D SEM and 3D X-ray CT images can be combined to get various 

mineral properties, including mineral volume fraction, accessibility, porosity, pore 

connectivity, mineral surface areas, and these can be utilized to conduct reactive transport 

simulation (Beckingham et al., 2017; Landrot et al., 2012; Qin & Beckingham, 2019a). 

However, even though the SEM can image the minerals at a very high resolution, it fails 

to capture the nanoscale pores in clays. 

The presence of these nanopores in clay can significantly impact the connectivity 

and accessibility of the surrounding minerals (Beckingham et al., 2017; Landrot et al., 

2012). Landrot et al. studied chlorite in a Lower Tuscaloosa sample using focused ion beam 

scanning electron microscopy (FIB-SEM) and observed that, within the volume analyzed, 
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each side is connected to the opposite side through nano channels (Landrot et al., 2012). 

Beckingham et al. studied smectite in Nagaoka sample following a similar approach and 

concluded that there is a significant amount of nanoscale connectivity in smectite. And as 

a result, clay coating on minerals does not obstruct the access of the underlying mineral 

(Beckingham et al., 2017). So, it is crucial to understand the connectivity in clays in a 

multimineral sample and whether there is any impact of this on the accessibility of the other 

minerals. 

This research aims to investigate the impact of nanopore connectivity on 

quantification of mineral accessibility and connected porosity in sandstone samples. Seven 

sandstone samples are imaged using SEM coupled with EDS. Mineral maps are created 

from these data and properties quantified. Three different scenarios are considered; 1) All 

the pores identified in the processed mineral map (defined as macropores) are accessible, 

2) connectivity through only the macropores identified in the processed mineral map, 3) 

connectivity through the macropores identified in the mineral map and nanopores in the 

clays. Through analysis of these comparisons, we aim to address the following research 

questions. 

- What is the impact of connectivity on effective porosity? 

- How different connectivity approaches affect the mineral accessibility 

quantification and the simulated mineral reaction rate? 

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

of Petrophysical Properties 

Three-dimensional X-ray Computed Tomography is widely used in additive 

manufacturing (Du Plessis et al., 2018a; Thompson et al., 2016), medical diagnosis 
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(Cierniak, 2011; Zhou & Brahme, 2008), geology (Cnudde et al., 2006; Cnudde & Boone, 

2013), archeology (Hughes, 2011; Re et al., 2015), material science (Baruchel et al., 2000; 

Hanna & Ketcham, 2017), etc. for nondestructive testing. Accurate imaging and image 

processing are crucial for reliable identification and classification of objects and precise 

measurement. However, capturing and processing high-quality images is time-consuming 

and may require high-performance computing (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 the data. The resolution of the image is 

also a consideration, and the choice is impacted by what kind of information is desired 

from the images (Peng et al., 2014). Thus, selecting the right parameters for imaging holds 

practical importance for digital volume reconstruction, especially for complex porous 

media samples. 

Many researchers have studied the application of X-ray micro-CT and the effect of 

scanning parameters on rock property quantification. Most of the studies have been 

conducted on the effect of voxel size on computed flow and transport properties such as 

porosity and permeability (Alyafei et al., 2015; Bazaikin et al., 2017; K. M. Guan et al., 

2019; Peng et al., 2014). Peng et al., (2012) studied the effect of resolution for a Berea 

sandstone using two XCTs (micro-CT and CT with synchrotron radiation) for pore 

structure characterization such as porosity, connectivity, and pore surface area. However, 

comparing data from two different sizes of volumes for the two resolutions may introduce 

some scaling effects. Shah et al. (2016) conducted a study on ten different sandstones and 

carbonates, however, at a narrow range of resolution (4.4 to 10.2 µm). Alyafei et al. (2015) 

studied the effect of voxel size on porosity and permeability of sandstones and limestones, 
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however by numerically coarsening the images from a high-resolution image. Guan et al. 

(2019) also followed a similar approach and progressively rebinned the original image to 

generate data sets having resolution as low as 48 µm. 

However, the effect of voxel size and number of projections on petrophysical properties 

based on mineral composition, especially the amount of clay, is not studied yet. 

In this study, a careful analysis is done to understand the effect of three scanning 

parameters, such as bin size, voxel size, and number of projections, by repeated 

measurements of the same location for two sandstone samples of varying composition. 

Additionally, experimental measurement using Mercury Injection Capillary Pressure 

(MICP) is conducted to compare the data obtained from images. By doing so, we tried to 

address the following questions 

- Does the imaging recipe affect the visualization and quantification of properties 

of porous media? 

- How does the presence of finer particles (clay here) impact the petrophysical 

property quantification? 

1.4 Evolution of mineral accessible surface area due to CO2 induced mineral 

reaction in porous media. 

Mineral reaction rates are often approximated using a formula based on Transition 

State Theory (TST), where the mineral reaction rate is formulated as, 

Ὑ ὃ Ὧ ὪῳὋ 

Here, Am is the mineral reactive surface area, km is the rate constant, and fȹGr is 

the thermodynamic driving force (Helgeson et al., 1984). Prediction of in-situ 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, spatial heterogeneities, the chemical composition of the fluid, etc. (Israeli & 

Emmanuel, 2018; Schott et al., 2009; White et al., 2017). Previous studies have suggested 

that this discrepancy is mostly due to the imprecision in determining mineral reactive 

surface areas (Beckingham et al., 2016a; Black et al., 2015; Bourg et al., 2015). Commonly, 

the mineral surface areas are measured by laboratory-based Brunauer-EmmettïTeller 

(BET) experiment or estimated based on simplified geometry. The BET experiment 

measures the 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 geometric surface 

area is often adjusted by applying presumptive factors such as a roughness factor to 

consider the roughness of the grains and/or a scaling factor to include surface reactivity.  

As a result, uncertainty exists in estimating the reaction rate, whereas the reported mineral 

reactive surface area varies several orders of magnitude (Black 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; Peters, 2009; Qin & 

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. Advanced imaging techniques like Scanning 

Electron Microscope (SEM), Energy Dispersive X-ray Spectroscopy (EDS), X-ray 

Computed Tomography (X-Ray CT), etc. can be utilized to approximate accessible surface 
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areas directly from images and observe the evolution of mineral surface area. So, it raises 

two research questions 

- Does mineral accessible surface area accurately reflect mineral surface area? 

- How does mineral accessible surface area evolve during the geochemical 

reaction? 
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Chapter 2 

2 Resin Based 3D Printing for Fabricating Reactive Porous Media 
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1Department of Civil & Environmental Engineering, Auburn University, Auburn, AL 

2Department of Chemical Engineering, Auburn University, Auburn, AL 

Published in Materials Letters, 322, 132469; https://doi.org/10.1016/j.matlet.2022.132469 

Abstract 

Resin based three-dimensional (3D) printing is popular for many applications 

including replicating geologic porous media samples. This study is the first to explore 

resin-based 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 3D using X-ray micro 

computed tomography (mCT). 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 areas are similar 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 samples (Bacher et al., 2015; Dal Ferro & Morari, 2015; Ishutov 

et al., 2018; Kong et al., 2019), exploring hydraulic properties (Head & Vanorio, 2016) 

and studying rock mechanics (Hodder et al., 2018; Jiang & Zhao, 2015). However, 

exploration of 3D printing for understanding reactive mineral systems in porous media 

remains limited. 

Geochemical reaction rates are poorly understood due to inherent sample 

heterogeneity (Yang et al., 2014). Even samples collected from the same formation have 

varying pore network structures and minerology (Almetwally & Jabbari, 2019). 3D 

printing of reactive porous media would enable controlled investigation 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., 2021), but not for fabrication of reactive porous media. 

Printing reactive porous media was first explored using calcite containing filaments using 

Fused Filament Fabrication (FFF) (Anjikar et al., 2020). Accessible calcite surface area 

agreed well with real sandstones but challenges with printing resolution and defects 

resulted in internal voids and printing failure (Anjikar 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. Photosensitive resin is mixed with varying calcite volume percentages and pore 

structures of a real sandstone sample printed. The resulting printed samples analyzed using 

mCT imaging. 
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2.2 Methodology 

Commercial ANYCUBIC resin (density 1.1g/cm3) was used. Iceland spar calcite 

crystals were crushed manually and sieved through a 90µm mesh, captured on a 63µm 

mesh. This particle size range is detectable by mCT while not interfering with the printing 

process. Calcite powder and resin were combined and thoroughly mixed in a beaker at 

varied calcite volume fractions of 3, 5, and 7v% (Volume percentage). Calcite content was 

determined gravimetrically based on the density of calcite (2.71g/cm3) (Lambkin et al., 

2011). 

A 3D Bentheimer sandstone mCT image was downloaded from Digital Rock Portal 

(Neumann et al., 2020). The 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 was enlarged 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 

25µm layers using Photon Workshop V2.1.26 and printed at 45º with supports (~6 hr print 

time). The 7v% calcite mixture was also printed at 50µm 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 

post-cure.  

Printed samples were imaged with mCT using a Zeiss Xradia 620 Versa 3D 

microscope at a resolution of 12.5µm. 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 HCl solutions at room 

temperature (18°C) and pH monitored. Calcium concentration was measured in the final 

solution using ICP-OES. 

2.3 Results 

3D mCT images of the Bentheimer sandstone, resulting mesh, and 20x magnified 

3D printed sample with 5v% calcite are shown in Figure 2.1. The mesh porosity is 21.83% 

while the reported porosity from the original mCT image is 22.64% (Neumann et al., 2020).  

 

Figure 2.1 (a) mCT image of Bentheimer sample, (b) generated 3D mesh, and (c) 20x 

magnification printed sample with 5v% calcite. 

mCT images of the printed samples are shown in Figure 2.2(a-f) 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 generated model porosity (21.8 %), similar to 

the difference seen in other studies (Ishutov et al., 2015; Song et al., 2021) likely due to 

trapping of resin in the micropores (Song et al., 2021). 
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Figure 2.2: Segmented mCT images of calcite (white) and polymer (gray) for the (a) 3v%, 

(c) 5v%, and (e) 7v%. Segmented calcite particle distribution in (b) 3v%, (d) 5v%, and (f) 

7v%. 
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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% calcite sample, 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% calcite using a 50 µm 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 contents. 

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 quantified from the images 

(Table 2.1). 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 Extracted from mCT Images of 3 D Printed Samples 
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Porous media reaction rates are largely controlled 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 Table 2.1. Total accessible surface areas are 

similar, indicating good agreement 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 (8.13×10ī4 m2/g). 

Normalized calcite surface areas are an order of magnitude higher than the 2.14×10ī5 m2/g 

quantified for a 0.03v% calcite volcanogenic sandstone sample, though lower accessible 

surface area for that sample is possibly a result of clay coatings (Beckingham et al., 2016b).  

Batch acid dissolution experiments showed no pH change (Figure 2.3) or dissolved 

calcium for the sample without calcite, whereas the 5v% calcite sample showed both a pH 

increase over 4 days (Figure 2.3) 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 content to increase with the 

resin calcite content, though for the highest volume fraction (7v%) particle settling reduced 

calcite content in the printed specimen. Improvement (83%) in calcite content for the 7v% 

was achieved by reducing printing time through a larger layer thickness (50µm). 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 sandstone samples. 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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Abstract  

Characterization of microscale features and mineral distributions in rock samples 

can be facilitated non-destructively with imaging analysis. Scanning electron microscopy 

(SEM) with backscatter electron (BSE) and energy dispersive spectroscopy (EDS) is 

particularly valuable and can be utilized to identify minerals. Mineral segmentation 

coupled with quantitative image processing can yield mineral volume fractions and 

accessibility from these images. Prior estimates 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 complex in samples with clay minerals where 

nanopores in clays need to be considered. Here, impacts of different approaches to assess 

pore connectivity on quantification of mineral accessibility are considered for seven 

sandstone samples with varying composition. Mineral accessibilities are calculated by 

counting interfacial pixels between associated minerals and adjacent pores from the 2D 

mineral segmented maps. Three types of accessibility are considered: the first approach 

accounts for all the macropore space, the second approach considers only the 2D connected 

https://doi.org/10.1021/acsearthspacechem.2c00099
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macropores, and the third approach includes 2D 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 the simulated reactivity of samples. However, greater variations were observed for 

clay minerals which may impact long-term simulations (years). Larger variations in 

accessibility were also noted for carbonate minerals but only some samples contained 

carbonate 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 

weathering processes (Brantley et al., 2013; Maher et al., 2009; Parry et al., 2015), 

contaminant transport (Crandell et al., 2012; Deng et al., 2006; Essaid et al., 2015; Goh & 

Lim, 2004; Sandhu et al., 2018), CO2 injection for storage (Tang et al., 2021; Xiao et al., 

2009) or enhanced oil recovery (Abedini & Torabi, 2014; Dai et al., 2014; Emberley et al., 

2004; Jessen et al., 2005), and compressed energy storage (Bachu, 2000; C. O. Iloejesi & 

Beckingham, 2021). In these and other systems, mineral dissolution 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 comparison with field observed reaction rates (Lüttge et al., 2013; 

Navarre-Sitchler & Brantley, 2007; Parry et al., 2015; White & Brantley, 2003; White & 

Peterson, 1990). In part, this is due to porous media effects and a misestimation of mineral 
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reactive surface area in porous media (Beckingham, 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 occluded by clay mineral coatings or limited by pore connectivity such that those 

surfaces are not accessible for reaction (Beckingham, Steefel, Swift, Voltolini, Yang, 

Anovitz, Sheets, Cole, Kneafsey, Mitnick, et al., 2017; Landrot et al., 2012; Peters, 2009; 

Qin & Beckingham, 2019b). Mineral 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 means of reactive 

surface area estimation (Beckingham, Steefel, Swift, Voltolini, Yang, Anovitz, Sheets, 

Cole, Kneafsey, Mitnick, et al., 2017). Combining surface roughness scaling factors can 

even improve the accessible surface area estimation to the atomic level (Ma 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 imaging analysis (Landrot et al., 

2012; Peters, 2009). Mineral maps can be created by processing 2D Scanning Electron 

Microscopy (SEM) images where individual mineral phases are identified by combining 

backscattered electron (BSE) and energy-dispersive x-ray spectroscopy (EDS) images 

(Beckingham et al., 2017; Landrot et al., 2012; Peters, 2009). Properties of the sample 

including porosity, mineral volume fractions (abundances), and mineral accessibilities are 

then determined from the mineral map by pixel counting (Beckingham 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 pore-mineral interface. In the simplest approximation, this assumes 

reactive fluids 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 accessible (Beckingham, Steefel, Swift, Voltolini, Yang, Anovitz, 

Sheets, Cole, Kneafsey, Mitnick, et al., 2017; Landrot et al., 2012). 2D SEM imaging 

cannot capture nanopore connectivity, but high-resolution Focused Ion Beam SEM (FIB-

SEM) imaging of clay minerals has revealed clay minerals have abundant, well-connected 

nano porosity (Beckingham, Steefel, Swift, Voltolini, Yang, Anovitz, Sheets, Cole, 

Kneafsey, Mitnick, et al., 2017; Landrot et al., 2012). As such, nanopores in clays may not 

limit but instead, contribute to overall pore connectivity and alter the relative proportion of 

mineral's availability (Beckingham, Steefel, Swift, Voltolini, Yang, Anovitz, Sheets, Cole, 

Kneafsey, Mitnick, et al., 2017; Landrot et al., 2012). However, 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 3D from 3D X-ray computed tomography (X-ray 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 2D images, 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 this work is to enhance understanding of mineral accessibility in 

sandstone samples and variations in image quantified mineral accessibilities 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 and mineral 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 samples with varying clay content were selected for analysis in 

this work. This includes samples from the Bandera Grey, Bandera Brown, Bentheimer, 

Kentucky, and Torrey Buff formations obtained from Kocurek Industries. Two additional 

samples from the Lower Tuscaloosa and Paluxy formations were obtained from the 

Geological Survey of Alabama. From X-ray Diffraction (XRD) analysis provided by 

Kocurek Industries and prior evaluation of similar samples in the literature (S. Guan, 2012; 

Soong et al., 2016), these samples are predominantly quartz (59%-94%) with additional 

feldspar, carbonate, and clay minerals (Table 3.1).  

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

Industries1, Soong et al. (2016)2 and Guan (2012)3 

Sample\

Mineral 

Qua

rtz 

Alb

ite 

K-

Feldspar 

Cal

cite 

Dolo

mite 

Kaol

inite 

Illite  Chlo

rite 

Sme

ctite 

Side

rite 

Bandera 

Grey1 59 12 0 0 15 3 10 1 0 0 
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Polished thick sections (0.5 cm thickness) (Kocurek Industries samples) and 

polished thin sections (Geological Survey 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 550× Sputter Coating Device at Auburn University. Thick sections were left 

uncoated. 

3.2.2 Image acquisition and mineral properties quantification 

Mineral properties including porosity, mineral abundance, and mineral accessibility 

were quantified from 2D SEM BSE and EDS images. SEM BSE images of the seven 

samples were captured using a ZEISS EVO 50VP Scanning Electron Microscope at 

Auburn University. Carbonïcoated thin sections were imaged under high vacuum mode 

while the uncoated thick sections were imaged under variable pressure mode. The 

resolution and size of each image are given in supplementary information (Table 3.3). A 

representative elementary volume (REV) analysis was carried out on collected images for 

each sample to ensure each image area was sufficient. SEM BSE images were first 

Bandera 

Brown1 
66 13 2 3 0 7 11 2 0 0 

Bentheim

er1 

94.

4 
1.2 1.2 0.5 0 0 0 0 0 0 

Kentucky
1 

66 17 3 0 0 trace 14 0 0 0 

Torrey 

Buff1 
48 0 6 0 24 16 7 0 0 0 

Lower 

Tuscaloo

sa2 

92 0 3 0 1 1 1 2 0 0 

Paluxy3 66 1 3 0 0 13 7 1 0 6 
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manually thresholded in ImageJ to separate grain and pore pixels. Several sub-areas of 

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 additional processing and mineral 

segmentation of the images followed the approach used in Beckingham et al., 2016a; 

Landrot et al., 2012. Briefly, SEM-EDS elemental maps were enhanced with filters in 

ImageJ and customized noise reduction Matlab codes. Minerals were then identified based 

on elemental maps and SEM BSE grayscale intensity. Each pixel was assigned to a specific 

mineral and expressed as a unique color, creating a processed mineral map. This part of 

the processing was performed in Matlab (original code modified for each image) 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 refers to the volume 

fraction of each mineral phase, and mineral accessibility refers to the percentage of each 

mineral's surface that is adjacent to the pores. To determine accessibilities, pore-mineral 

interfacial pixels were first identified using codes written 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 mineral accessibility were 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) connected nano and 

macropores in processed mineral maps. In cases that considered connected pores, these 

pore pixels were identified by using a burning algorithm after Landrot et al., 2012. The 

algorithm first identifies pore pixels at the image edges then searches inward for adjacent 

(connected) pore pixels, continuing inwards until it completes searching in all four 

directions (Landrot et al., 2012). Identified connected macropores are displayed in white 

and connected nanopores in clays presented in three different colors for the three different 

clays. Connected porosity was calculated as the total number of connected pore pixels 

divided by the total pixels of the image. In the third estimation, we assume all clay minerals 

have abundant, well-connected nanoporosity as observed in prior Focused Ion Beam (FIB) 

SEM imaging analysis of clay minerals (Beckingham 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 2D pore connectivity 

images were produced for each sample. Mineral abundance obtained from the 2D 

segmented map is presented in Table 3.2. As expected from the prior mineral abundance 

data, quartz, feldspars, carbonates, and clay, as well as some additional minerals like 

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 accessibilities (%) determined from the 2D 

mineral segmented maps using three approaches. 
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Sample Minerals 
Abundance 

(vol%) 

Accessibility 

(All Macro 

Pores) 

Accessibility 

(Only 

Connected 

Macro 

Pores) 

Accessibility 

(Connected 

Macro & 

Nano Pores) 

Bandera Grey 

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 

Illite  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 

Bandera 

Brown 

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 

Kaolinite 4.31 16.05 12.86 21.83 

Illite  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 

Bentheimer 

Quartz 95.32 83.65 84.79 80.05 

K-feldspar 2.71 2.72 2.35 2.99 

Calcite 0.0003 0 0 0 

Kaolinite 1.64 13.24 12.6 16.71 

Ilmenite 0.4 0.39 0.25 0.24 

Kentucky 

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 

Ilmenite 0.29 0.11 0.5 0.99 

Illite  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 

Torrey Buff 
Quartz 56.73 53.38 57.74 51.68 

K-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 

Illite  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 

Lower 

Tuscaloosa 

Quartz 92.03 79.32 83.33 79.48 

K-feldspar 1.58 3.32 1.47 2.4 

Albite 0.49 0.58 0.39 0.3 

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 

Paluxy 

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 

Kaolinite 2.26 16.9 24.35 28.12 

Illite  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 section 3.2.2, mineral accessibilities were quantified for every 

mineral in each sample. The accessibility data is presented in Table 3.2. These values 

indicate the proportion of each mineral at the pore-grain interface. It is of interest to 

consider the interfaces of 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 accessible 

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 considering connectivity 

through clay nanopores.  Connected macropores are shown in white in Figures 3.1-3.7 (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, and illite in teal.  

3.3.1.1 Bandera Grey 

The SEM BSE and mineral phase segmented map of the Bandera Grey sandstone 

sample is shown in Figure 1 (a and b). It is predominately comprised of quartz and two 

feldspar minerals, K-feldspar and albite. The calculated porosity from 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 color. Similar to the highest abundance, 

quartz 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 

connectivity, which is reflected in Figure 3.1d. The corresponding effective porosity is 

1.66%. Considering connected macropores, quartz has the highest accessibility among all 

the mineral phases, followed by smectite/illite. The accessibility of K-feldspar and albite 

reduce when considering connected macropores to 6.12% and 7.28%, respectively. Mica 

minerals, muscovite and biotite, are not accessible due to low macropore connectivity. 

Accounting for multi-scale pore connectivity, including nanopore connectivity 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 approximately half of their abundances. 

Accessibility values increase significantly for smectite/illite in comparison with only 

considering macropore connectivity. 

 

Figure 3.1: a) SEM BSE image of sample collected from Bandera Grey formation; b) 

mineral phase segmented map; c) mineral map considering all macro pores accessible; d) 

mineral map considering macro pore connectivity; e) mineral map including nano pore 

connectivity 
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3.3.1.2 Bandera Brown: 

 The SEM BSE image of the Bandera Brown sample and corresponding 

processed mineral map are in Figures 3.2 (a and b). A total of nine minerals are identified, 

with the majority of the sample comprised of quartz. There are three clay minerals ï 

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 minerals is about four 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 of quartz remains high and close to itôs abundance. 

While K-feldspar and albite have higher abundances than clay minerals (kaolinite, illite, 

and chlorite) the accessibility of the clay minerals is higher. Calcite only has 0.007% 

abundance, and it is embedded in quartz grains, therefore, its accessibility is 0%. 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 K-feldspar become accessible (see red boxes in Figure 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 map c) mineral map considering all macropores accessible; d) 

mineral map considering macropore connectivity; e) 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% abundance. This sample has a high porosity, 

34.92%, measured from the 2D mineral map. When considering all macropores as 

accessible (Figure 3.3c), quartz has an accessibility of 83.65%, which is less than the 
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abundance of quartz. The accessibility of K-feldspar agrees well with its abundance, 

whereas calcite is inaccessible. The accessibility of kaolinite is 13.24%, significantly 

higher than its abundance. 

Considering mineral interfaces accessible to connected macropores (Figure 3.3d), 

84.79% are quartz, which is similar to when connectivity was not considered. About 12.6% 

of accessible surfaces are kaolinite, which is significantly higher than the relative 

abundance of kaolinite. Accounting nanopore connectivity (Figure 3.3e) decreases 

accessibility of quartz and increases accessibility of k-feldspar 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 

c) mineral map considering all macro pore accessible; d) mineral map considering macro 

pore connectivity; e) mineral map including nano pore connectivity 

3.3.1.4 Kentucky: 

The original and processed images for the Kentucky sandstone sample are shown 

in Figures 3.4 (a and b). Among the seven samples considered in this work, the Kentucky 

sandstone sample has the lowest porosity. The porosity calculated from the BSE image 

(Figure 3.4a) is 13.25%. Nine mineral species are identified in the image and mapped in 
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Figure 3.4b. Quartz is the most dominant phase with over 62% abundance, followed by 

albite and smectite/illite. Figure 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 muscovite agree 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 1.25%). As for accessibility, 

smectite/illite has the highest accessibility, 49.68%, which is significantly higher than its 

abundance and its accessibility when connectivity is not considered. The accessibilities of 

quartz and albite are 33.25% and 14.05%, respectively, which is less than the abundance 

of quartz but similar to the abundance of albite. Zircon is not accessible to the connected 

pore space. Consideration of nanopore connectivity allows a lot of magnetite grains to be 

accessible (red boxes, Figure 3.4e) resulting 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) mineral phase segmented map; 

c) mineral map considering all macropore accessible; d) mineral map considering 

macropore connectivity; e) mineral map including nanopore connectivity 

3.3.1.5 Torrey Buff 

Figures 3.5 (a and b) show the original BSE SEM image and Torrey Buff sample's 

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 iron. The sample has 

a high amount of clay. The calculated porosity from the mineral segmented map is 20.3%. 
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When accessibility is calculated considering all the macropores, quartz has a similar value 

for accessibility as abundance. K-feldspar and dolomite have accessibilities 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 abundance, while kaolinite has significantly higher accessibility than 

abundance. As the sample has a higher amount of clay distributed throughout the sample 

(Figure 3.5b) considering nanopore connectivity (Figure 3.5e) significantly increases the 

effective porosity from 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 formation; b) mineral 

phase segmented map; c) mineral map considering all macropores accessible; d) mineral 

map considering macropore connectivity; e) mineral map including nanopore connectivity 

3.3.1.6 Lower Tuscaloosa 

The SEM BSE image and mineral segmented map of the Lower Tuscaloosa sample 

are shown in Figures 3.6a and 3.6b. 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 Figures 3.6c, 3.6d, and 3.6e. 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. K-feldspar 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 quartz, in this case about 83%, which is less than its abundance 

(Figure 3.6d). Conversely, the accessibility of kaolinite, the major clay mineral, is 13.41%, 

significantly higher than its abundance. Taking nanopore connectivity into account makes 

more areas accessible to fluid (shown in red in Figure 1e) and increases the accessibilities 

of K-feldspar and dolomite. The effective porosity also increases. 
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Figure 3.6: a) 2D SEM BSE image of sample collected from Lower Tuscaloosa formation; 

b) mineral phase segmented map; c) mineral map considering all macro pore accessible; d) 

mineral map considering macropore connectivity; e) 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 in Figures 

3.7 (a and b). Nine minerals are identified in the BSE image, major phases include quartz 

and albite. The porosity calculated from the BSE image is 19%. When accessibility is 

determined using the first approach, quartz has lower accessibility than abundance. K-

feldspar, albite, calcite, siderite, and muscovite accessibility is slightly larger 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, quartz has the highest accessibility, followed by albite and kaolinite. 

The accessibility of kaolinite 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 of Paluxy sandstone; b) mineral phase segmented map; c) 

mineral map considering all macropores accessible; d) mineral map considering macropore 

connectivity; e) mineral map including nanopore connectivity 

3.3.2 Porosity Comparison  

In Figure 3.8, 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 has a 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 Figure 3.8, the 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. 

 

Figure 3.8: Total porosity and effective porosity comparison for the 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 phase as given by, 
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ὃὧὧὩίίὭὦὭὰὭὸώ ὙὥὸὭέ

ὓὭὲὩὶὥὰ ὃὧὧὩίίὭὦὭὰὭὸώ ὨὩὸὩὶάὭὲὩὨ Ὢὶέά ςὈ άὭὲὩὶὥὰ άὥὴ Ϸ

ὓὭὲὩὶὥὰ ὃὦόὲὨὥὲὧὩ ὧὥὰὧόὰὥὸὩὨ Ὢὶέά ςὈ άὭὲὩὶὥὰ άὥὴ Ϸ
 

and reported 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 same accessibility 

as abundance. Accessibility ratios are calculated for quartz, K-feldspar, albite, carbonate, 

and clay minerals for the three approaches discussed in Section 3.2.2. If a sample has 

multiple carbonates or clay minerals, those were combined to reflect total carbonate or clay 

minerals under a single label for simplicity.  

Figure 3.9 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 the 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 be available for 

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 samples, the accessibility ratios 

change 22-29% with different connectivity approaches. For most samples, the accessibility 

ratio increases when macropore connectivity is considered; however, for Kentucky, the 

ratio decreases by 30% (Figure 3.9). This sample has the lowest porosity among all samples 

and also low pore connectivity (Figure 3.4d).  
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Larger variations in accessibility ratio are evident between samples and 

connectivity approaches for K-feldspar. For the Lower Tuscaloosa, Bentheimer, and 

Paluxy sample, considering 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 by the change in accessibility ratio of 16-87% with the highest change (87%) 

occurring for the Kentucky sample. Considering nanopore connectivity increases the 

accessibility ratio for all samples (0.9-17%) except for the Bandera Gray. 

Albite was identified only 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 sample (decreases 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 carbonates, 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, indicating more of the 

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 nanopore connectivity is 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. This is due to 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 three approaches, 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, K-feldspar, 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 BSE image in combination with EDS elementals maps, mineral segmented maps 

were created for these samples. Accessibility values for quartz, K-feldspar, albite, 

carbonate, and clay minerals were normalized using their abundances to analyze the 

differences among the 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 minerals, ranging from 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 16.26, indicating their accessibilities tend to be much higher 

than their abundance, as was similarly observed in prior literature22, 24-26. 

Accessibility is also seen to be impacted by the clay content. When clay minerals 

are present, they often exist as clay coatings 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 samples 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 for K-feldspar in the Kentucky 

sample when nanopore connectivity was taken into consideration. Interestingly, these large 

variations were not reflected in other mineral phases in the sample where the accessibility 

of quartz, for example, had little variation when connected macropores and connected 
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nanopores were considered. Large 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 accessibility. The 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 the accessibility of 

carbonate phases as they often have the fastest reaction rates, e.g. in geologic CO2 

sequestration systems. The accessibility ratios for carbonates in the Bandera Gray and 

Torry Buff samples are less than 0.3, reflecting low accessibility as compared 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 than one. Higher 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 

reactivity. 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 reactive transport modeling, for simulating geologic storage of CO2 or 

other applications as discussed in the introduction, largely depends on the precise 

determination of mineral reaction rates. Excluding the consideration of pore connectivity 

may provide imprecise estimates of reactivity, mineral reactive surface areas, and thus 

simulated mineral reaction rates which are directly proportional to reactive surface area. 

Reactivity may be reduced if grains surfaces are concealed by clay minerals or inaccessible 

due to presence as a grain inclusion (Peters, 2009). The nanoscale connectivity through 

thin channels of clay minerals in sandstone samples should also be taken into consideration 

as it may impacts estimates of surface area of certain minerals covered with those clays 

(Beckingham et al., 2012). This 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 rates overestimated assuming all 

mineral phases were accessible22.  

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 of a particular mineral in different samples, 

associated accessibility ratios were calculated. As shown in Figure 3.9, accessibility ratios 

for K-feldspar, albite and carbonate range within 1.5, while clay minerals have a larger 

range which agrees well with Peters, 2009. While 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 mineral surface area could be obtained by multiplying the specific surface area 
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of a given mineral phase (often obtained from the Brunner-Emmett-Teller (BET) method) 

by the accessibility ratio.  

Recent reactive transport modeling work considered implications of variations in 

surface area on simulated mineral reaction rates and noted little variation in simulation 

results when surface areas varied within one order of magnitude, as resulting from 

accessible surface areas determined from images with different resolution (Qin & 

Beckingham, 2019b, 2021a). As 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 reaction rates. 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 scales (hours to days) where even 

large differences in calcite surface area values were insufficient in terms of the overall 

simulation results at long time scales (years) in Qin & Beckingham, 2021. Clay mineral 

accessibility determined here varies up to one order of magnitude 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 simulations interested in short time scales (hours to days) (Qin & 

Beckingham, 2021a). 
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3.8 Supplementary Information 

Table 3.3: SEM BSE image properties of each sample. 

Sample Image resolution 

(µm) 

Image 

dimensions 

Area of BSE image 

(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 Tuscaloosa 5.26 805x539 12.00 

Paluxy 1.9 2973x1597 17.14 
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Abstract 

Three-dimension (3D) X-ray computed tomography (X-ray CT) imaging has 

emerged as a non-destructive means of microstructural characterization. However, 

obtaining and processing high-quality and high-resolution images is time-consuming and 

often requires high-performance computing, particularly with a high number of 

projections.  This work evaluates the effect of 3D X-ray 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 3D X-ray CT 

imaging at resolutions ranging from 1.25 µm to 15 µm, 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, for low resolution 

and projection numbers, connected porosity is lower compared to bulk porosity due to a 

failure to capture micro-features. Overall, mineral surface area is observed to decrease with 

increasing bin size, voxel size and projection numbers, except an observed increase with 

projection numbers for Torrey Buff. The Torrey Buff samples contains comparatively more 

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



 

76 

 

reflected in the pore size distribution. Identifying these 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 micro-structural characterization can be achieved using 3D X-ray 

computed tomography. Capturing high-quality images with higher resolution and a high 

number of projections not only increases the image acquisition time but also the 

computational cost. This study examines the effect of X-ray CT imaging parameters on 

quantification of petrophysical properties. Two sandstone samples of different composition 

are imaged at varied resolutions, bin sizes, and number of projections. Images are 

quantitatively 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 low-resolution and low-projection number 

images, a decrease 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, inconsistency 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 media (Andrew et al., 2014; Moreno-Atanasio et al., 
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2010; Werth et al., 2010; Wildenschild & Sheppard, 2013; Zou & Sun, 2020). Pore-scale 

properties can be determined utilizing high-resolution 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 recovery (Iglauer et al., 2013, 2016; 

Scanziani et al., 2020), CO2 sequestration (Iglauer et al., 2013; Jung et al., 2013; Y. Liu et 

al., 2013), subsurface energy storage (Flesch et al., 2018), contaminant transport (Dann et 

al., 2011), etc. Various imaging techniques have been utilized 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 (TEM) (Gaboreau et al., 2016; Zhao et al., 2014), Ultra 

and Small Angle Neutron Scattering imaging (USANS and SANS) (Clarkson et al., 2013; 

H. Xu, 2020) and three-dimensions (3D) (X-Ray Computed Tomography (X-ray CT) either 

with conventional or synchrotron radiation (Hasan et al., n.d.; Mayo et al., 2015; Su et al., 

2022), Magnetic Resonance Imaging (MRI) (Swanson et al., 2015; Zhao et al., 2011), 

Focused Ion Beam Scanning Electron Microscopy (FIB-SEM) (Bera et al., 2011; Gaboreau 

et al., 2016; Nathans et al., 2017)) to visualize 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 media (Du 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 (FOV) (Peng et al., 2012b; Shah et al., 2016).  While the specific 

range of feasible image resolution can vary depending on the instrument model and its 
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configuration, a typical FIB-SEM can capture images with a resolution of ~10 nm with a 

FOV of approximately 10 µm3, for example (Peng et al., 2012b). While this technique is 

great for analyzing tight rocks that have small pores, like shale or clays with abundant 

nanometer-scale pores, it may not be as effective as for coarser rocks. Stitching can provide 

a larger field of view, but the necessary image acquisition time may be significant, making 

its use impractical (Nathans et al., 2017). Moreover, the destructive nature of FIB-SEM 

imaging makes the sample unusable for further experiments. On the other hand, X-ray CTs 

have a comparatively larger field of view and are more representative, but resolution 

limitations may fail to capture the micro-details. Higher resolution X-ray CT imaging is 

facilitated via synchrotron or micro-tomography instruments. 

For 3D X-ray CT imaging, the quality of the images also depends on the number 

of projections (NProj) 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 of X-ray source drift or thermal expansion of the sample 

(Croom et al., 2021; Wang et al., 2017), and also escalated imaging costs. Moreover, some 

experimental procedures may require a quick scan, such as in the case of time-lapse 

observations for core flooding experiments. In this case, one may opt for a fewer number 

of projections which may lead to lower-quality images that introduce errors for volume 

reconstruction (Croom et al., 2021; Xuanhao et al., 2022). Thus, choosing the appropriate 

number of projections holds practical importance for digital volume reconstruction, 

especially for complex porous media samples. 

Most commercial X-ray CT instruments offer two magnification options, optical 

and geometrical. Optical magnification is achieved by using different objective lenses 
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placed in front of the detector and geometrical magnification is obtained by adjusting the 

distance between the X-ray 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 signal-to-noise ratio (Croom et al., 2021). For example, 

going from bin size 1 to 2 increases the X-ray intensity captured by each voxel by the 

square of the binning increase. As a result, using a smaller bin size to get high-resolution 

images might result in noisy images and will need more computational power for 

reconstruction and post-processing. 

In this study, X-ray Computed micro-Tomography (X-ray micro-CT) imaging is 

utilized to study the micro-scale porous structure of two sandstone samples from the 

Bentheimer and Torrey Buff formations. Both samples are imaged at different resolutions 

(1.25 µm, 2.5 µm, 5 µm, and 15 µm), 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 quantification 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 axis-based 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.  



 

80 

 

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 of half-inch diameter and one-inch height were 

collected from Kocurek Industries. The mineralogical composition of the samples was 

previously discerned using image analysis in  Salek et al., (2022) and 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 nano-size pore networks 

(Beckingham et al., 2017; Gaboreau et al., 2016) which make it challenging to image using 

laboratory X-ray micro-CT instruments. Clay minerals have been noted to also impact the 

accessibility of other minerals as they are often present as mineral coatings (Qin et al., 

2023). 

Table 4.1: Mineral abundances (vol%) quantified from image analysis obtained from Salek 

et al., (2022). 

Sample\Mineral 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 micro-CT Imaging 

A high-resolution 3D X-ray 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 X-ray micro-CT systems, the cross-sections of the sample were scanned 

using an X-ray 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 µm for both samples. While the 1.25, 2.5, and 5 µm images were 

captured using the 4X objective, the image with 15 µm resolution was collected using the 

0.4X objective. More details about the imaging conditions are shown in Table 4.4. Another 

set of images was collected with varying bin sizes (1, 2, and 4) which also resulted in 

resolutions of 1.25, 2.5, and 5 µm, respectively (Table 4.5). 

The instrument also offers the option to choose the number of projections. This 

parameter sets up how many 2D X-ray projections the instrument will 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 well as the size of the data. Other 

parameters were chosen to get the best possible image and are presented in Table 4.6. 
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4.2.3 Image Processing & Segmentation 

The 3D reconstructed images were exported into 16-bit Tag 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 also discarded 

from the top and the bottom of the 3D volume to avoid the cone angle artifact. The images 

were then converted to 8-bit grayscale images and a non-local means filter was applied to 

remove noise. Images were then thresholded to separate the pore voxels from the grain 

voxels. For the Bentheimer sample, the threshold value for each image slice was 

determined using a threshold optimization method from Peters, 2009. The algorithm 

searches for the inflection point where changes in the intensity threshold 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, 

άὭὲ
ȟ ȟ

ééééééééééééééééééééééé (1) 

Here, Np is the number of pore pixels, NG is the number of grain pixels, IP is the 

threshold value of pores, and IG is 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, (2009) could 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. Otsuôs method was also employed using ImageJ and similarly 

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 from 

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 determined using the method modified from Landrot 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 marching 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 internal scanning at 1.25 µm 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. 
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Figure 4.1: Schematic of how connected pore space is extracted from the 3D reconstructed 

volume. 

A generalized pore network extraction algorithm developed by Raeini et al., (2017) 

was used to characterize pore and throat (pore-to-pore connection) size distribution as well 

as pore connectivity. The model uses medial axis transformation to divide the void space 

into individual pores and throats from the processed 3D X-ray micro-CT images. It is done 

by generating a distance map (distance of each voxel from the nearest 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 pore. The model is sensitive to roughness; thus, 

additional smoothing (using a non-local 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 were compared 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 formations 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 numbers 4500, 

3200, 1600, 800, and 400, resolutions 1.25, 2.5, 5, and 15 µm, 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 analysis data from Salek 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 pore/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, 2.5, and 5 µm 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 (Figure 4.2).  The 15 µm image, 

which was taken using the 0.4X 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 looks sharper. 
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Figure 4.2: Image slices taken at different resolutions, number of projections, and bin sizes 

for the Bentheimer sample. 

Figure 4.3 shows the X-ray micro-CT image slices for the Torrey Buff sample taken 

with different projection numbers and voxel 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 analysis in Salek et al., (2022). Going 

from higher projection 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 increase 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 lower-resolution 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 the X-ray intensity of four neighboring pixels on the CCD 

detector into one and improves the signal-to-noise ratio. 
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Figure 4.3: Image slices taken at different resolutions, number of projections, and bin sizes 

for the Torrey 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 

Figure 4.4. Here, the 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 

different resolutions, 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 to 

bulk porosity indicating less connectivity for the Torrey Buff sample. 
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Figure 4.4: Porosity comparison for images captured at different NProj, resolutions and bin 

size for Bentheimer in (a), (b), (c) and Torrey Buff sample in (d), (e), (f). 

Mineral accessible surface, the surface area of mineral phases in contact with 

reactive fluid, is a critical parameter for understanding geochemical reaction rates 

(Beckingham et al., 2017). These surface areas can be calculated from multi-scale imaging 

analyses (Beckingham et al., 2017; Landrot et al., 2012) where 3D X-ray micro-CT images 

are used to calculate the total accessible surface area of the sample. Accessible surface area 

calculated from 3D X-ray micro-CT 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 3D X-ray micro-CT images using the marching cube 

algorithm (Landrot et al., 2012) and dividing it by the mass of the volume analyzed. For 

Nproj=400 - 1600, the calculated surface area for Bentheimer is above 0.02 m2/g, which is 

much higher than the values obtained for Nproj = 3200 and 4500 (Figure 4.5a). 

Discrepancies for a lower Nproj result from challenges in image segmentation. Moreover, 

lower Nproj images have comparatively more noise, which contributes to the higher 

calculated surface area. For the Torrey Buff sample, the Nproj = 400 image was so blurry 

that no pore structure could be extracted from the images. However, for the other sets of 

images (Nproj = 800 - 4500), there is good agreement in calculated surface areas and values 

range (0.010-0.014 m2/g). These images were segmented manually and denoised using a 

MATLAB algorithm.  

In Figure 4.5b, the effect of image resolution on calculated 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 amount of clay, 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 Figure 4.5c, where mineral surface area for 

different bin sizes is compared, as 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 Tables 4.2a, 4.2b, 4.2c. The average 

coordination number (number of throats connected to an individual pore) is reported, which 

has a direct impact on permeability and transport properties (Dong & Blunt, 2009; Jerauld 

& Salter, 1990). For both samples, the number of pores and throats decreases with the 

increase of the Nproj (Table 4.2a). On the contrary, the average pore and throat radius 

increases with the increase of Nproj, except for the Nproj = 4500 for the Torrey buff sample. 

The average coordination number also increases with the increase of Nproj, except for the 

Nproj = 3200 for the Bentheimer sample. 

When comparing the pore 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 that here the same volume is cropped from the lower-resolution 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 the 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 properties from X-ray image captured at various numbers of 

projections for Bentheimer and Torrey Buff samples. 

Properties / Sample Bentheimer Torrey Buff 

Nproj 400 800 1600 3200 4500 400 800 1600 3200 4500 



 

93 

 

Number of Pores 21343 10938 9337 12706 5834 - 132102 86255 50231 46642 

Number of Throats 27631 16410 16519 29729 11896 - 100420 82529 49325 53144 

Average Pore 

Radius (µm) 
6.16 7.69 8.60 7.77 10.13 - 3.31 3.78 4.53 2.24 

Average Throat 

Radius (µm) 
3.98 5.14 5.94 4.85 5.69 - 1.75 2.17 2.74 4.96 

Average 

Coordination 

Number 

2.55 2.94 3.48 4.62 4.00 - 1.50 1.89 1.93 3.10 

 

Table 4.2b: Computed properties from X-ray 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 

Radius (µm) 

4.99 10.69 21.09 35.63 2.33 4.86 7.70 20.04 

Average Throat 

Radius (µm) 

3.83 6.22 11.86 19.97 1.57 3.02 4.02 11.72 

Average 

Coordination 

Number 

4.62 3.93 4.04 3.74 2.17 2.08 1.72 0.82 

 

Table 4.2c: Computed properties from X-ray 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 (µm) 5.64 9.93 20.28 2.60 5.04 8.13 

Average Throat Radius (µm) 3.38 5.69 10.51 1.55 3.04 4.55 

Average Coordination 

Number 
4.34 4.42 4.57 2.30 1.95 1.55 

 

In Figure 4.6 and 4.7, normalized pore and throat size distribution at different 

resolutions, bin size, and Nproj of Bentheimer and Torrey Buff sample are presented 

respectively. The Bentheimer sample has larger pores in comparison to the Torrey Buff 

sample, which is also evident from the average pore and throat radius from Table 4.2. Note 

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 the distribution. The 

high-resolution images produce a bell-shaped distribution skewed towards the resolution 

of the image for both samples in Figures 4.6a and 4.7a. The same thing can be observed 

for the low bin sizes (Figure 4.6b, 4.7b). However, as all the images at different Nproj were 

captured at the same resolution, they have similar distributions and peaks near the 

resolution of the image, which is 2.5 microns (Figure 4.6c, 4.7c). 
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Figure 4.6: Pore size distribution determined from X-ray micro-CT images of Bentheimer 

sample at (a) different resolutions, (b) different bin sizes, and (c) different Nproj. 
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Figure 4.7: Pore size distribution determined from X-ray micro-CT images of Torrey Buff 

sample at (a) different resolutions, (b) different bin sizes, and (c) different Nproj. 
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In Figure 4.8, normalized pore throat size distribution in terms of pore volume 

determined from the MICP testing is plotted against the pore throat radius. Additional 

information from the MICP testing is presented in Table 4.3. For the Bentheimer sample, 

the distribution peaks near 10 µm. 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 µm to 

2.7 µm with more than 95% of the pores throats below one micron. This is smaller than the 

voxel size of all the images considered here. This is likely a result of the high clay content 

of the sample.  

 

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  

Parameter\Sample Bentheimer Torrey Buff 

Surface Area (m2/g) 0.255 1.819 

Average Pore Throat Diameter (µm) 1.89 0.15 

Porosity (%) 24.33 16.46 

Bulk Density (g/cm3) 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 from 3D X-ray micro-CT 

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 image reconstructed from a higher 

number of projections provides better quality. Although for porosity measurement, Nproj = 

400 is adequate for the Bentheimer sample. Accessible surface area computed from images 

with a lower number of projections (Nproj = 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 in over-estimating 

simulated mineral reaction rates. For analyses requiring quick scans, e.g. time-lapsed 

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 the highest projection number images.  

Prior work in Xuanhao et al. (2022) also reported that increasing projection 

numbers increases the signal-to-noise ratio for volume reconstruction (Xuanhao et al., 

2022). In the case of Torrey Buff, the lower projection number of images underestimated 

the porosity compared to the MICP result. Moreover, when the Nproj is 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 grains might be 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 number of projections should be used when possible.  

While the higher image resolutions (1.25 and 2.5 µm) 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 of micropores. For this sample, the porosity is underestimated 

even with the highest resolution (1.25 µm) studied in this work. Moreover, some 

connectivity might get lost, resulting in lower connected porosity with lower image 

resolution. Surface area quantification 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 minerals are reported to have nano-pores and higher surface area 

(Beckingham et al., 2017; Landrot et al., 2012). As a result, when the resolution decreases, 

the surface area is underestimated. When using this surface area to inform reactive 

transport simulations, this would result in under-estimating mineral reaction rates. 

The surface area measured from MICP is two orders of magnitude higher than the 

image-obtained surface area for both samples. A wider resolution range in the nano-meter 

scale, which is beyond the resolution of X-ray micro-CT 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 MICP. As such, it is suggested to apply roughness factors when using the 

image obtained surface area for geochemical kinetics modeling. Lai et al., (2015) suggested 

the values of roughness factor from 5 to 200 for sandstone samples on X-ray CT image 
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taken at 1µm 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 µm resolution images. 

However, for the lower resolution images (15 µm), the roughness factors can be as high as 

56 for Bentheimer and 2200 for Torrey Buff. A multi-scale imaging approach using higher-

resolution images, with associated smaller FOV, combined with comparatively lower-

resolution images might also work (Gerke et al., 2015).  

Results from changing bin size have shown similar effects to those which are 

observed when altering the image resolution. 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; however, if 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 X-ray micro-CT 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 reaction in porous media, over or underestimation of surface areas will directly 

impact simulated reaction rates while variations in pore and pore-throat distributions have 

important implications for permeability simulation.  As such, imaging parameters should 

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, and Npro are not anticipated to affect the 

porosity measurement significantly. However, for accessible surface area and pore size 

distribution analysis, a resolution more than 2.5 µm 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 µm (either by geometric magnification or reducing 

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

this study.  
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4.8 Supporting Information  

The tables 4.4 to 4.6 contain details of the 3D X-ray micro-CT imaging at different 

resolutions, bin sizes and number of projections for both Bentheimer and Torrey Buff 

samples. 

Table 4.4: Details for 3D X-ray micro-CT imaging at different resolutions.   

Image 

Resolution 

(µm) 

Number of 

Projections 

(Nproj) 

Voltage 

(kV) 

Exposure 

Time 

(sec) 

Voxel 

Size 

(µm) 

Size 

of 

Data 

(MB) 

Time of 

Acquisition 

(min) 

Field of 

view of 

Projections 

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 X-ray micro-CT imaging for different bin sizes 

Bin 

Size 

Number of 

Projections 

(Nproj) 

Voltage 

(kV) 

Exposure 

Time 

(sec) 

Voxel 

Size 

(µm) 

Size 

of 

Data 

(MB) 

Time of 

Acquisition 

(min) 

Field of 

view of 

Projections 

mm2 

1 3200 80 5.5 1.25 25422 417 4.68 
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2 3200 80 1.5 2.5 6347 165 4.68 

4 3200 60 1 5 1583 138 4.68 

 

Table 4.6: Details for 3D X-ray micro-CT imaging for different projection numbers 

Number of 

Projections 

(Nproj) 

Bin 

Size 

Voltage 

(kV) 

Exposure 

Time 

(sec) 

Voxel 

Size 

(µm) 

Size of 

Data 

(MB) 

Time of 

Acquisition 

(min) 

Field of 

view of 

Projections 

mm2 

400 2 80 1.5 2.5 873 27 4.68 

800 2 80 1.5 2.5 1658 47 4.68 

1600 2 80 1.5 2.5 3230 87 4.68 

3200 2 80 1.5 2.5 6372 167 4.68 

4500 2 80 1.5 2.5 8924 231 4.68 
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Chapter 5 

5 Evolution of mineral accessible surface area due to CO2 induced mineral reaction 
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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 shown promise to 

improve simulations of reactions in consolidated multi-mineralic 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 understood. In this study, 

accessible surface areas of the minerals identified in Torrey buff sandstone are determined 

based on FIB-SEM analysis, SEM and 3D X-ray CT imaging. To understand the evolution 

of mineral accessible surface area, a flow-through core flooding 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 FIB-SEM analysis of the kaolinite clay shows a significant amount of 

connectivity through the pores at nanoscales. As such, the analysis of mineral accessibility 

here not only accounts for the macro-pore connectivity, but also allows for mineral 

accessibility through the nano-pores in kaolinite clay. SEM and 3D X-ray CT imaging 

reveal that mineral dissolution, mainly dolomite, results in a significant porosity and pore 

connectivity increase. However, the total accessible surface area decreases from 0.36 m2/g 

to 0.22 m2/g. Reactive transport simulations 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 surface area 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 have significant 

implications for many natural and anthropogenic phenomena, such as natural weathering 

processes (Frings & Buss, 2019; Robbins et al., 1999), CO2 sequestration (Fatah et al., 

2022; Kaszuba et al., 2013), subsurface energy storage systems (Iloejesi & Beckingham, 

2021; Zeng et al., 2023), acid mine drainage (Chon & 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 poorly understood. 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 entire surface is involved in the reaction may not 

accurately reflect reality as only a fraction of the surface might be actively participating 

due to accessibility limitations (Beckingham et al., 2017; Brunhoeber et al., 2021; Landrot 

et al., 2012; Peters, 2009) and variations in surface site reactivity (Bibi 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, 2021). This approach 

utilizes a multi-scaling imaging analysis to quantify the accessible surface area, providing 

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 reactivity (Beckingham 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. In 

recent years, new experiments along with advanced imaging have offered new insights into 

the evolution of mineral surface area resulting from mineral dissolution and precipitation 

reactions and coupling to alterations in porosity and permeability. Noiriel et al. (2009) 

conducted a flow-through dissolution experiment on pure calcite and observed that reactive 

surface area change is strongly influenced 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 from X-ray CT imaging which 

cannot provide mineral specific data. Gouze & Luquot (2011) explored 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 3D X-ray computed tomography 

(3D X-ray CT) imaging to evaluate a flow through dissolution experiment. They 

established a single non-linear relationship between porosity and reactive surface area 

evolution. However, they observed a discrepancy in X-ray CT obtained water-rock 

interfaces and the reactive surface area calculated from fluid composition due to the low 

resolution (5.06 µm) of the X-ray images. PŚikryl et al. (2017) investigated the evolution 

of porosity and surface area in a flow-through dissolution experiment. They observed that 

surface area increases due to the reduction of grain size during mineral and rock dissolution 

observed from X-ray imaging and geochemical modelling. Their experiments, however, 

were conducted on an unconsolidated rock sample, and as such their observations may 

overestimate the associated porosity and the surface area for consolidated samples under 

similar conditions. Qin et al. (2023) studied the evolution of mineral accessible surface in 

sandstone cores under flow through acidic conditions, observing changes in mineral 

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 evolution of mineral accessible surface area in a 

multimineral reaction environment. Here, a core-flood dissolution experiment was 

conducted on an intact core sample, and the accessible surface area evolution investigated 

through multiscale imaging and chemical analysis. 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 surface area. 

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 Table 5.1. 

The sample is predominantly quartz, rich in clay, and has a high amounts of carbonate.  

Table 5.1: Mineral weight fractions from XRD 

Mineral/Sample Quartz K-

feldspar 

Dolomite Kaolinite Illite  

Torrey Buff 

(wt%) 

48 6 24 16 7 

 

A two-inch-long core sample was sent to Applied Petrographic Services 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 middle piece of the 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 with epoxy, polished, 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 method 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, 3D X-ray CT imaging of core samples, and 

high-resolution Focused ion beam SEM (FIB-SEM) image of an unreacted kaolinite 

sample.  

5.2.2.1 2D SEM Imaging and Analysis 

2D high-resolution SEM-BSE 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 distance of ~10 mm. Nine overlapping BSE images were collected and stitched 

together to get a high-resolution image. Image properties are presented in Table 5.2. 

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

Sample Condition 

SEM 3D X-Ray CT 

Resolution 

(µm) 

Size 

(pixels) 

FOV 

(mm2) 

Resolution 

(µm) 

Size 

(pixels) 

FOV 

(mm3) 

Torrey 

Buff 

Reacted 0.357 
4392 x 

3116 
1.74 2 

680 x 

680 x 

950 

3.5 

Unreacted 0.357 
4210 x 

3140 
1.68 2 

680 x 

680 x 

950 

3.5 

 

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 was extracted from the BSE 

image by image thresholding following the method developed by Peters (2009). Then, a 

non-local means filter was applied using ImageJ to the elemental maps to reduce noise. To 

further enhance the quality of the image, a pixel-flipping algorithm 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 resolution of the 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 mineral 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 by Landrot 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 

a connected pore pixel, it flips the colour of that pixel to white which represents connected 

macro-pores. The approach used in this study also considers the sub-resolution nano pore 

connectivity through clays. Previous studies provide evidence of nano-pore connectivity 
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through smectite/illite (Beckingham et al., 2017) and chlorite (Landrot et al., 2012) 

minerals. In this work, analysis of FIB-SEM 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 the two ends and the other at 

the middle of the sample. As X-ray CT imaging is a non-destructive 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 voxel size of each scan was 2 µm, 

and a total of 3200 projections were collected (Table 5.2) 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 use of a cone beam X-ray 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 brightness and contrast were adjusted, and 

images cropped into 680x680 pixels, which resulted in a volume of 6.86 mm3 for analysis. 

To improve the image quality, a non-local means (NLM) filter was used using ImageJ. 

Images were then thresholded using a global manual segmentation approach to segment 

the pores from the grains. On the processed image, Landrotôs (2012) burning algorithm 

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 was considered here via processing of 

a FIB-SEM image of kaolinite collected in Darbari et al., (2017). The imaging was 

performed at the Center of Functional Nanomaterials (CFN) at Brookhaven National 

Laboratory (BNL) using a dual-focused ion beam/scanning electron microscope 

(FIB/SEM). The FIB-SEM 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% grains finer than 10 ɛm, a 

working surface area of 20 Ĭ 20 Ĭ 20 ɛm was selected, ensuring that most clay particles 

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 distance of about 12 ɛm between 

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 voltage. 2000 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 be found in Darbari et al. (2017).  

A cuboid of 1000x1000x980 voxels was selected for the pore connectivity analysis. 

A non-local means filter was applied to all the image slices to enhance the image quality 

by removing the artifacts and noises. Then the images were segmented with individually 

selected thresholds for each slice by the thresholding method developed by Peters (2009) 

using MATLAB. The quality of the images was further improved by using MATLAB code 

that leveraged the BWConcomp command 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, imaging techniques like 2D SEM and 

3D X-ray tomography have their distinct benefits and limitations. The former provides 

mineralogical information, while the latter captures the three-dimensional connectivity in 

pores. Identification of mineral phase in 3D X-ray CT imaging is still challenging and has 

resolution limitations too. To overcome these limitations, a novel approach introduced by 

Landrot et al. (2012) was followed, where information from 2D SEM images is combined 

with 3D X-ray CT image data to quantify the mineral accessible surface area. Here, the 2D 

mineral segmented map provides information like mineral volume fractions and 

accessibility of each individual phase and the 3D X-ray image provides the 3D connected 

surface area data. This surface area was adjusted by applying a scaling factor to consider 

the sub-resolution features that might be omitted due to the comparatively lower resolution 

of the 3D X-ray images. The accessibility determined from 2D mineral map was then 

multiplied by this corrected surface area to determine the mineral-specific surface area. An 

important point to note here is, following this approach, the surface area of clays cannot be 

determined (Beckingham et al., 2017). More details of this approach can be found in 

previous studies, Beckingham 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 favoring mineral dissolution reactions in 

sub-surface conditions. The associated a core-flood experimental setup was designed as 

pertinent for geologic CO2 sequestration and conducted at elevated temperature (50° C) 

and pressure (1450 psi) conditions. The one-inch-long cylindrical core sample from the 

Torrey Buff formation, described above, was prepared for this experiment. Figure 5.1 

shows the components of the pressurized core-flood experimental setup. It includes two 

Isco syringe pumps to inject CO2-saturated DI water through the sample, a reaction 

chamber for mixing CO2 with DI water, an aluminum tri-axial 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 temperature 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 one-inch-long and half-inch diameter sample was loaded 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 one-liter reactor, and then CO2 was injected using a syringe pump, 

maintaining ~1450 psi pressure. The solution was continuously stirred inside the reactor to 

dissolve the CO2 properly. In the beginning, only DI water was injected at 0.1 ml/min for 

24 hours to saturate the sample. After saturating the sample, prepared DI water saturated 

with CO2 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 back-pressure 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 bath ensured the elevated temperature in the syringe pumps. The 

effluent solution was collected periodically for chemical analysis using ion 

chromatography (IC). 

 

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 Crunchflow (Steefel et al., 2015). A one-dimensional flow through a one-

inch-long sample was modeled, where the column was discretized into four grid blocks 

(Figure 5.2). 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 cross-sectional 

area of the sample, which was 0.0032 m/min. An operator spitting three-dimensional 
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(OS3D) solver was used to solve the reaction transport equation, where the transport term 

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/one-step method. Grid size and 

timesteps were selected to keep the Courant number less than 0.2, which ensured the 

stability of the simulation. The CO2 solubility at 50° C and 100 bar pressure was calculated 

based on the Duan & Sun (2003) model and defined in the initial condition. To specify the 

boundary condition, a fixed concentration of CO2-saturated DI water was set for a ghost 

cell outside the faces of the 1D domain. The database sweep option allowed us to consider 

possible precipitating/secondary mineral phases. Mineral reaction rate constants were 

taken from the literature where the pure mineral phase is studied under acidic conditions 

equilibrated with CO2. These rate constants are then corrected for the temperature and 

pressure considered 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). 

 

Figure 5.2: Schematic of the reactive 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 FIB-SEM images of kaolinite clay, 

along with a slice from the tomograph, is shown in Figure 5.3. The calculated bulk porosity 

determined from the image is 19.75%. The corresponding surface area determined from 

the 3D tomograph using the marching cube algorithm is 1.36x10-8 m2. Considering the 

volume of the cuboid (9.8x10-16 m3) and the density of the kaolinite (2.68 g/m3), the 

corresponding surface area is determined as 5.17 m2/g. This agrees well with the specific 

surface area measurement of pure kaolinite using bruner-emmett-teller (BET) found in 

literature where the low and high value is reported to be 3.17 m2/g and 13.2 m2/g 

respectively (Beckingham et al., 2016). The 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 accessible to the reactive fluid through these 

nano-size 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 each mineral.  
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Figure 5.3: Segmented 3D FIB-SEM 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%) with a 

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%). Figure 5.4b shows the connected pores identified following the 

method described in section 5.2.2.1. Here, the connected macropores are colored in white, 

and the sub-resolution nanopores through clays are represented in cyan. Mineral 

accessibilities, defined as the percentage of mineral grain surfaces adjacent to connected 

pores, are quantified from this image, and the results are presented in Table 3. For most 

minerals, the accessibility was less than the abundance; however, k-feldspar, illite, and 

kaolinite accessibility are higher than the abundance. The 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 studies (Beckingham et al., 2017; Landrot et al., 

2012; Salek et al., 2022), where they reported this as a result of clay mineralsô occurrence 

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 white and nanopores within kaolinite is shown in cyan. 

5.3.1.3 3D X-ray Image and Pore Connectivity 

The segmented 3D X-ray image of the unreacted Torrey Buff sample along with a 

single slice is shown in Figure 5.5. 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 m2. The density of the sample (2.63 g/cm3) was used to 

convert the surface area to m2/g. The corresponding total accessible surface area is 0.017 






































