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Abstract 

 

 

Geological carbon sequestration (GCS) is a promising technology to remove CO2 from the 

atmosphere. GCS is the process of capturing CO2 from large point-sources or directly from the 

atmosphere, transporting the captured CO2 to a storage site, and injecting it underground in 

geological formations for long-term storage. In this study, a calcareous dolomite sample obtained 

from Bartow County, Georgia was analyzed as a potential geological carbon sequestration site. 

Understanding carbonate rich minerals and their complex structures is crucial for predicting the 

impacts of dissolution and precipitation reactions when carbon dioxide is sequestered during 

carbon capture and storage. Here, scanning electron microscopy (SEM) imaging is utilized to 

obtain high resolution backscattered electron (BSE) images and energy dispersive spectroscopy 

(EDS) images of the sample’s thin section. These images were used to create mineral maps. The 

mineral maps were then used to evaluate 2D sample characteristics such as porosity, pore 

connectivity, mineral abundances, and mineral accessibilities. Following mineral map analysis 3D 

x-ray computed tomography (XCT) images were obtained of the core sample. XCT images were 

used to extract larger 3D pore networks of the sample; however, XCT imaging cannot account for 

small-scale surface features. The BSE and EDS images used for analysis were then applied to the 

XCT images to allow for 2D and 3D image analysis of the core sample. This study aims to evaluate 

the mineral concentrations present around pore grain interfaces in carbonates by correlating 2D 

images with 3D images of two regions of a highly heterogeneous carbonate sample. In addition to 

imaging and analysis of mineral concentrations around pore structures in carbonates, this study 

also includes the development of an aqueous barium chloride contrast agent for enhanced XCT 

imaging of core samples. Two sets of XCT images were obtained to assess the viability of the 

contrast agent: one for a dry Bentheimer sandstone core, and one for the Bentheimer sandstone 
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core saturated with the aqueous barium chloride contrast agent. The captured XCT images were 

qualitatively processed, compared, and discussed.  
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Chapter 1. Introduction 

 
1.1 Background  

 

Burning of fossil fuels is an integral part of modern society due to its widespread usage in daily 

human activities. Fossil fuels are used in most sectors of society such as power, transportation, 

agriculture, industrial, and many more (Yoro & Daramola, 2020; Ritchie, 2020). While the impact 

to society has been positive, the increase of anthropogenic carbon dioxide (CO2) in the atmosphere 

has raised climate change concerns (NAS, 2014).  

Increased concentrations of CO2 have had a noted effect on global temperatures. Greenhouse 

gases, such as CO2, trap heat within the Earth’s atmosphere which causes a rise in global 

temperatures, weather pattern changes, rising sea levels, and ocean acidification, for example 

(Aizebeokhai, 2009; NAS, 2014). As concentrations of CO2 in the atmosphere continue to rise, 

concerns for reducing the effects of the greenhouse gas effect have gained interest. This requires 

a global collaborative effort, such as the Paris Agreement. The Paris Agreement is a treaty designed 

to limit global warming to below 2°C above pre-industrial temperatures (Delbeke et al., 2019). 

Attaining this goal requires implementation of several greenhouse gas removal and reduction 

technologies as no one solution can limit global warming to below 2°C (ExxonMobil, 2024).  Such 

approaches include improving energy efficiency, developing renewable energy sources, 

decarbonizing industries, and transitioning to sustainable transportation (Rosenfeld et al., 2000). 

Direct air capture, carbon mineralization, geological carbon sequestration, and bioenergy with 

carbon capture and storage are being considered as technologies to either remove existing CO2 

from the atmosphere or store captured/produced CO2 (ICEF, 2018; Oldenburg et al., 2009). 

 

1.2 Geologic Carbon Sequestration 
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Geological carbon sequestration (GCS) is a promising technology to remove CO2 from the 

atmosphere. GCS is an engineered carbon storage method that mimics biological carbon 

sequestration, which occurs naturally in trees, soil, and water (Lal, 2008). GCS is the process of 

capturing CO2, from large point-sources or directly from the atmosphere, transporting the captured 

CO2 to a storage site, and injecting it underground in geological formations for long-term storage 

(IPCC, 2005; Lal, 2008). The geological formations used for GCS are typically exhausted oil fields 

or subsurface saline aquifers. The benefit of using exhausted oil fields for GCS is that it allows for 

enhanced oil recovery (EOR), while subsurface saline aquifers have the added benefits of potential 

mineralization and permanent trapping of the sequestered CO2.  

Gas injected EOR is utilized by oil companies to extend the life of exhausted oil fields. Gas 

injection uses gases such as natural gas, nitrogen, or CO2 to push trapped oil to locations where it 

can be collected. CO2 is of interest for this process because it can increase flow rate while lowering 

the oils viscosity (Blunt et al., 1993; Thomas, 2008; Duda et al., 2010). As of 2020, there are over 

142 projects across the United States that have collectively injected over 1.6 billion cubic feet of 

CO2 for EOR (Wallace, 2021).  

Subsurface saline aquifers are of interest for GCS because of their ubiquity and large storage 

capacity (Bachu et al., 1993; Holloway, 1997). When CO2 is sequestered into a deep subsurface 

aquifer, it dissolves and reacts with the brine present within the geologic formation. These 

reactions create carbonic acid, bicarbonate, and carbonate, which causes the fluid to become more 

acidic (Kaszuba et al., 2003; Oelkers et al., 2008). Overtime, these geochemical reactions can 

dissolve and precipitate minerals in the formation, which can change the formation’s porosity and 

permeability by altering pore connectivity, shapes, and sizes (Algive et al., 2012; Beckingham et 

al., 2013; Nogues et al., 2013; Noiriel et al., 2016). 
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Understanding these characteristics is crucial for predicting how the geological formations 

porosity and permeability will be altered when subjected to the geochemical reactions associated 

with GCS (Zhang et al., 2015; Xu et al., 2017; Lopez Rivera & Beckingham, 2024). Porosity 

changes are straightforward while permeability changes are much more complex and difficult to 

predict. In general, mineral dissolution increases porosity while mineral precipitation decreases 

porosity. In terms of permeability, mineral dissolution and precipitation may alter key 

characteristics that control permeability such as pore connectivity (Nogues et al., 2013; Changneau 

et al., 2015; Steinwinder & Beckingham, 2019; Sabo & Beckingham, 2021).  

 

1.3 Imaging Techniques 

 

2D and 3D imaging techniques have been utilized to better understand characteristics of 

geologic samples such as porosity, pore size, pore connectivity, mineral abundances, mineral 

accessibilities, and many more (Anselmetti et al., 1998; Qin & Beckingham, 2019; Safari et al., 

2021; Salek et al., 2022). Scanning electron microscopy (SEM) is a 2D imaging tool that can be 

utilized to obtain backscattered electron (BSE) and energy dispersive spectroscopy (EDS) images 

at the nanometer to micrometer scale of geologic porous media. BSE images provide high 

resolution visualization of pore structures, mineral textures, grain sizes and shapes, and pore-grain 

interface features (Beckingham et al., 2017; Saif et al., 2017; Lyu et al., 2019; Qin & Beckingham, 

2019; Salek et al., 2022). EDS images provide elemental composition data. BSE and EDS images 

can be paired together to identify minerals that are difficult to see in other imaging techniques 

(Marmo et al., 2005; Li et al., 2021; Liu et al., 2021). Once identified, the quantification of mineral 

abundances and accessibilities is feasible (Peters, 2009; Landrot et al., 2012; Beckingham et al., 

2016). SEM imaging can also be used to understand small scale 2D features, which in turn allows 

for better understanding of mineral dissolution and precipitation in geologic porous media. SEM 
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imaging has many advantages; however, this type of imaging of geologic porous media requires 

destructive sample preparation to prepare the polished thin section. Polished thin sections are 

prepared by cutting a sample from a drill core, grinding to a thickness of 30 microns, impregnating 

with epoxy, attaching to a glass slide, and polishing.  

X-ray computed tomography (XCT) is a non-destructive 3D imaging tool that can be used to 

visualize the characteristics and recreate 3D networks of pore structures of core samples. XCT 

imaging is useful for identifying characteristics of porous media such as porosity, connectivity, 

size, and distribution throughout the sample (Wildenschild & Sheppard, 2013; Glatz et al., 2016; 

Li et al., 2019; Liu et al., 2023). XCT imaging also allows for visualization of 3D features of 

geologic samples that are missed during 2D imaging techniques (Cnudde et al., 2011; Beckingham 

et al., 2013; Alatrash & Velledits, 2024; Asadi et al., 2024). Recreation of these characteristics can 

be useful for evaluating storage capacity and predicting geochemical reactions. While XCT 

imaging has the advantage of non-destructive sample preparation, it cannot provide information 

about sample mineralogy.  

 

1.4 Imaging and Analysis of Porous Media  

 

In this work, geologic porous media will be imaged and analyzed through use of 2D SEM and 

3D XCT imaging techniques. In chapter 2, 2D SEM imaging will be utilized to obtain high 

resolution BSE and EDS images of a highly heterogeneous carbonate sample to quantify properties 

such as porosity, mineral abundance, and mineral accessibility. XCT imaging will be used to 

extract 3D pore networks of the carbonate that are missed during 2D imaging. The BSE and EDS 

images will then be applied to the XCT images to quantify mineral accessible surface areas. In 

chapter 3, a contrast agent will be developed and utilized to assess the viability of enhancing small 

scale features such as mineral textures and changes in surface topology that are typically 



 

 5 

unobservable through XCT imaging. The goal of this work is to quantify accessible mineral surface 

areas in a carbonate sample obtained from Cassville, GA and provide an improved method for 3D 

XCT imaging.  

 

1.5 Cassville, GA Site  

 

The site analyzed in Chapter 2 of this work is Cassville Well 1 located in Bartow County, 

Georgia. Cassville Well 1 is a stratigraphic test well located in the northwest region of Georgia, 

near Plant Bowen, a coal fired power plant. Bartow County was selected as a GCS location of 

interest due to its proximity to industrial sources, porous reservoir, and impermeable caprock 

(Riestenberg et al., 2022). The general location of this stratigraphic test well can be seen as Point 

A in Figure 1.1.  

 

 
Figure 1.1. Cassville Well 1 location reproduced from Rivera & Beckingham (2025).  

  

The well reached a total depth of 6,030 feet, with nine samples collected from various depths 

ranging between 3,508.01 ft to 3,894.02 ft. Of the nine samples collected from Cassville Well 1, 
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seven samples are dolomite, one sample is sandstone, and one sample is gypsum. Chapter 2 of this 

work focuses on the calcareous dolomite sample, Sample 15, which was collected from a depth of 

3,745.94 feet.  

 

1.6 Imaging and Analysis of Mineral Concentrations Around Pore Structures in 

Carbonates 

 

Understanding mineral accessibilities is crucial for predicting where mineral dissolution and 

precipitation reactions will occur in geologic samples when CO2 is sequestered. Many studies have 

explored the mineral accessibilities of sandstones through imaging techniques (Peters, 2009; 

Landrot et al., 2012; Beckingham et al., 2017; Qin & Beckingham, 2019; Salek et al., 2022). 

Mineral maps created by using BSE and EDS images revealed clay coatings and small-scale pore 

connectivity that affected the mineral accessibilities. While these studies are insightful, these 

observations maybe very different in carbonate samples.  

Here, SEM imaging is utilized to obtain high resolution BSE and EDS images of the polished 

thin section of the calcareous dolomite sample collected from Cassville Well 1. BSE and EDS 

images were collected for two regions with differing porosity and mineral compositions. The 

collected images were used to create mineral maps. The mineral maps were then used to evaluate 

2D sample characteristics such as porosity, pore connectivity, mineral abundances, and mineral 

accessibilities. Following mineral map analysis XCT images were obtained of the core sample. 

XCT images were collected for two regions with similar properties and features as the two regions 

selected during SEM imaging. XCT images were used to extract larger 3D pore networks of the 

sample; however, XCT imaging cannot account for small-scale surface features. The BSE and 

EDS images used for analysis were then applied to the XCT images to allow for 2D and 3D image 

analysis of the two regions of the core sample. This study aims to evaluate the minerals present 
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around pore grain interfaces in carbonates by correlating 2D images with 3D images of a highly 

heterogeneous carbonate sample. 

This study aims to answer the following research questions:  

• What minerals are present along the pore grain interface within carbonates? 

• Which mineral has the highest concentration along the pore grain interface within 

carbonates? 

• Will large and small pore structures show similar mineral presence?  

 

1.7 Development of Contrast Agents for Enhanced 3D X-Ray Computed Tomography 

Imaging of Core Samples 

 

XCT imaging of geologic porous media with contrast agents may be a promising means of 

enhancing characterization of pore structures and mineral textures without the use of traditional 

petrographic imaging techniques that require destructive sample preparation. Previous studies 

have successfully explored contrast agents such as saturated cesium chloride, potassium iodide 

solutions, and xenon gas for XCT imaging of geologic samples (Andrew et al., 2014; Mayo et al., 

2015; Kuva et al., 2017). While these studies show promising results these methods are time 

consuming and require complex experimental setups. 

Here, we first evaluate the potential XCT attenuation theoretically in order to identify a 

promising candidate for experimental investigation. From this evaluation an aqueous barium 

chloride (BaCl2) solution was chosen and used as a contrast agent in XCT imaging to enhance 

characterization of a sandstone core. This study seeks to answer the question of whether the 

addition of aqueous BaCl2 sufficiently alters the x-ray attenuation of pores and enhances small 

scale features such as mineral textures and changes in surface topology. The first set of XCT 

images were collected for the dry sandstone core, the second set using the same sandstone core, 
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but with the addition of the BaCl2 solution. The XCT images were qualitatively processed and 

compared.  

This study aims to answer the following research questions:  

• Will the addition of an aqueous barium chloride solution change the x-ray attenuation 

of pores? 

• Is an aqueous barium chloride solution promising for deeper understanding of porous 

media properties? 
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Chapter 2. Imaging and Analysis of Mineral Concentrations Around Pore 

Structures in Carbonates 

 

2.1 Introduction 
 

Carbonate reservoirs are of interest for geologic carbon sequestration (GCS) because of their 

ubiquity and large storage capacity (Ahr, 2011; Siqueria et al., 2017; Li et al., 2018). However, 

carbonates are highly heterogeneous with complex microscopic pore structures (Luquot & Gouze, 

2009; Smith et al., 2013 and 2017; Gang et al., 2025). Due to the complex microscopic pore 

structures and highly heterogeneous nature of carbonate reservoirs it is still challenging to 

accurately quantify and characterize mineral properties such as abundance, accessibility, and 

accessible surface area.  

Accurate quantification and characterization of host formations for GCS is important because 

CO2 sequestration can cause geochemical reactions (Zhang et al., 2015; Dai et al., 2020; Lopez 

Rivera & Beckingham, 2024). The geochemical reactions associated with GCS can cause mineral 

dissolution and precipitation, which can ultimately alter the formations pore characteristics such 

as connectivity, shapes, and sizes (Beckingham et al., 2013; Jun et al., 2013; Stack, 2015; Noiriel 

et al., 2016). Without accurate characterization of the already complex microscopic pore structures 

within carbonates, the flow and transport of the sequestered CO2 cannot be accurately predicted. 

Thus, it is necessary to understand which minerals are present around pore grain interfaces and at 

what abundance to better predict the pore alterations that will occur with the mineral dissolution 

and precipitation reactions (Kaszuba et al., 2013; Noiriel & Daval, 2017; Seigneur et al., 2019). 

Imaging of geologic porous media has gained interest as a method to provide insights on pore 

and mineral characteristics. 2D imaging tools such as scanning electron microscopy (SEM) can be 
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used to obtain high resolution backscattered electron (BSE) and energy dispersive spectroscopy 

(EDS) images. BSE images can provide visualization of pore structures, mineral textures, grain 

shapes and sizes, and pore-grain interface features at the nanometer to micrometer scale, while 

EDS images provide elemental data (Beckingham et al., 2017; Saif et al., 2017; Lyu et al., 2019; 

Qin & Beckingham, 2019; Salek et al., 2022). When BSE and EDS images are paired together, 

they can be used to create mineral maps. Mineral maps can then provide unique and valuable 

information about mineral abundance and accessibility. However, 2D imaging cannot account for 

3D features within samples. To overcome this limitation, x-ray computed tomography (XCT) has 

been used to extract 3D information about porous media such as pore networks, pore connectivity, 

and pore size distribution (Wildenschild & Sheppard, 2013; Glatz et al., 2016; Li et al., 2019; Liu 

et al., 2023).  

Use of 2D and 3D imaging techniques may be a promising means of understanding 

characteristics of porous media. Landrot et al. (2012) developed a new 2D and 3D imaging 

approach that allowed for the characterization of reactive mineral surface areas within porous 

media. Beckingham et al. (2017) expanded on the approach developed by Landrot et al. (2012) by 

quantifying the mineral surface areas within a volcanic sandstone prior to a flow through 

experiment that yielded significant improvement in predicted experimental results. Qin & 

Beckingham (2019) assessed the impact of image resolution on the quantification of mineral 

abundances and accessible surface areas of a sandstone sample. Salek et al. (2022) enhanced the 

understanding of mineral accessibility for seven sandstone samples with varying mineral 

compositions by comparing variations due to different pore connectivity approaches. While these 

studies provide unique and valuable insights into mineral properties such as abundance, 

accessibility, and accessible surface areas all samples utilized in these works were sandstones.  
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This study is the first effort to quantify accessible mineral surface areas in a carbonate sample 

by utilizing the 2D and 3D imaging analysis method developed by Landrot et al. (2012). Here, 2D 

BSE and EDS images will be obtained and analyzed for two regions close in proximity, but with 

varying characteristics within the highly heterogenous carbonate sample. The captured BSE and 

EDS images will be utilized to create and analyze mineral maps that will provide quantitative data 

about characteristics such as porosity, pore connectivity, mineral abundance, and mineral 

accessibility. 3D pore connectivity will be captured for both regions through XCT imaging. The 

2D mineral maps will then be applied to the extracted 3D pore networks for both regions to obtain 

the accessible mineral surface areas. The results of this method will then be compared and 

discussed for both regions.  

 

2.2 Materials and Methods 
2.2.1 Sample Background and Preparation 

 

A calcareous dolomite sample (Sample 15) obtained from Cassville Well 1 located in Bartow 

County, Georgia was selected for this work. Sample 15 was collected at a depth of 3,745.94 ft by 

Advanced Resources International. Figure 2.1 shows an optical image of the sample. X-ray 

diffraction (XRD) analysis was completed by Schlumberger Reservoir Laboratories located in 

Houston, Texas. XRD analysis (Table 2.1) indicates this sample is predominantly dolomite (51%) 

with subordinate amounts of calcite (19%), quartz (18%), K-feldspar (6%), and clay minerals 

(5%).  
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Figure 2.1. Optical microscope image of sample 15 (Schlumberger Reservoir Laboratories). 

 

Table 2.1. Mineral composition of sample 15 from XRD analysis (wt%).  

Sample 

number/ 

mineral 

Dolomite Calcite Quartz K-feldspar Illite/Mica Kaolinite Pyrite 

15 51 19 18 6 4 1 trace 

 
In this work, thin section and core samples are considered. Thin section preparation was 

completed by Schlumberger Reservoir Laboratories. Preparation included epoxy impregnation, 

surface mounting to a thin section slide, and polishing. A Quorum Q150R ES Plus Sputter Coater 

at Auburn University was used to apply a gold coating to the thin section before Scanning Electron 
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Microscope (SEM) imaging. The core was a 1 inch length and 1 inch diameter sample and was 

used for 3D x-ray computed tomography (XCT) imaging.  

 

2.2.2 Scanning Electron Microscopy 

 

2.2.2.1 Image Acquisition 

 

A ZEISS EVO-10 Scanning Electron Microscope (SEM) at Auburn University was used to 

obtain backscattered electron (BSE) and energy dispersive spectroscopy (EDS) images of the thin 

section. Under-high vacuum mode, a beam intensity of 20 kV and working distance of 8.28 mm 

were used to capture BSE images with a resolution of 590.9 nm. The BSE images were stitched 

together using the ImageJ plugin developed by Preibisch (2009). The BSE images covered an area 

of 65.5 mm2 with 22,654 x 8,281 pixels, while EDS images covered two regions within the same 

field of view with resolutions of 820 nm and 1,021 x 798 pixels. EDS images were collected for 

Ca, Mg, Si, K, Al, Fe, and S in both regions.  

 

2.2.2.2 Image Processing 

 

2D SEM BSE and EDS images were used to evaluate various mineral properties such as 

porosity, mineral abundance, mineral accessibility, and pore connectivity. The BSE images were 

first manually thresholded using ImageJ to segment the pore and grain pixels. Porosity was 

calculated using a pixel counting code in the Matlab software.  

Mineral identification was completed by following the approach used by Peters (2009). This 

method was challenging for the carbonate sample due to the similarities of pixel intensities in the 

BSE image for many minerals. Due to these challenges, the EDS images were heavily relied on to 

identify each mineral phase. Prior to mineral segmentation, ImageJ and Matlab were used to 

enhance the elemental images collected. ImageJ was used to register the BSE and EDS images. 
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Filters within ImageJ were also used to remove noisy pixels, while Matlab was used to remove 

small clusters of noisy pixels that were not removed during the ImageJ noise reduction process. 

The thresholded BSE images and the enhanced EDS images were then used to create segmented 

mineral maps. The segmented mineral maps were created by using a Matlab code, where each 

pixel was assigned a specific color to indicate a specific mineral phase.  

Following mineral segmentation, mineral abundances and accessibilities were calculated for 

each of the different mineral phases in each of the two regions. The mineral abundances were 

determined by dividing the number of pixels for each mineral phase by the total number of mineral 

pixels. The mineral accessibilities were calculated by counting the number of pixels for each 

mineral phase adjacent to pore pixels and dividing this value by the total number of pixels adjacent 

to pore pixels. Here mineral accessibilities were calculated by assuming all pore pixels are 

accessible. 

Mineral accessibilities were calculated by assuming all pore pixels are connected, however in 

reality not all pores are connected, therefore not all minerals adjacent to pore pixels are accessible. 

Pore connectivity can be affected by macro pores and nano pores. Nano pores are found in many 

clay minerals. In this work the sample contains two clay minerals, kaolinite and illite/mica. 

Previous work was done confirming the large connectivity of various clay minerals including 

kaolinite (Landrot et al., 2012; Beckingham et al., 2016). Based on these findings, this work 

assumed kaolinite and illite/mica have a large collection of connected nano pores and therefore 

contribute to the pore connectivity.  

 

2.2.3 X-ray Computed Tomography 

 

2.2.3.1 Image Acquisition 
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A Zeiss Xradia 620 Versa XCT at Auburn University was used to obtain 1010 x-y image slices 

over a 360° rotation of the core sample in two regions. A voltage of 140 kV and an exposure time 

of 2 seconds were used to capture both sets of images with voxel resolutions of 5.075 µm. From 

both sets of the 1010 captured images, 700 slices were selected for further analysis in this work. 

The extracted images for regions 1 and 2 were registered using the Zeiss Dragonfly software to 

ensure all images aligned seamlessly. The registered images were cropped into 3.55 mm x 3.55 

mm squares with 700 x 700 pixels. The squares had total volumes of 44.74 mm3. The images were 

then stacked to reconstruct the 3D images of both regions within the sample. 

 

2.2.3.2 Image Processing 

 

Prior to thresholding, the region 1 and 2 image stacks were filtered separately using the 

anisotropic diffusion filter in Zeiss Dragonfly. This was done to reduce noise within the images 

while preserving the edges of important features. The region 1 and 2 image stacks were then 

manually thresholded using Zeiss Dragonfly to separate the grain pixels from the pore pixels. This 

proved challenging due to the presence of small pores. Segmentation of the mineral and pore pixels 

was challenging around small pores due to edge effects. The porosities of the reconstructed 3D 

regions were then calculated by counting the grain and pore pixels of the thresholded image stacks 

using a pixel counter code in Matlab.  

2D images are unable to account for 3D pore connectivity, so this work aims to calculate the 

mineral accessible surface areas following the work done by Landrot et al. (2012) and Beckingham 

et al. (2017). Mineral accessible surface areas for both regions were calculated by combining the 

mineral accessibility data from the 2D SEM images with the accessible mineral surface area data 

extracted from the 3D XCT images. The 3D XCT images have a total cross-sectional slice area of 

12.60 mm2, while the 2D BSE images of regions 1 and 2 only have areas of 6.87 mm2 and 7.20 
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mm2. Sub-cubes with total cross-sectional areas equivalent to the 2D BSE images were extracted 

from the larger XCT image stacks to ensure the 3D quantified mineral surface areas are comparable 

to the 2D SEM images. The sub-cubes for region 1 consisted of twenty adjacent 586 µm x 586 µm 

slices, while the sub-cubes for region 2 consisted of twenty adjacent 600 µm x 600 µm slices. The 

extracted sub-cubes for each region had the same surface area as the 2D BSE images for their 

respective regions. The extracted sub-cubes were selected due to having porosities and features 

similar to those observed in the regions 2D BSE images. This was done to ensure the 

representativeness of the selected cubes due to the high heterogeneity of the sample analyzed in 

this work. Thirty sub-cubes, fifteen from region 1 and fifteen from region 2, were created and 

analyzed using a Matlab code modified from Landrot (2012). The connected surface area in each 

sub-cube was identified and quantified by using the burning and marching algorithm within the 

modified Matlab code. The accessible surface area of each mineral was then calculated by 

multiplying the regions average connected surface area by the regions non-clay mineral 

accessibilities obtained from the 2D SEM images. Clay minerals were excluded from this 

calculation due to their nano connectivity and layered structures.  

 

2.3 Results  
2.3.1 Scanning Electron Microscopy 

 

2.3.1.1 Image Acquisition and Thresholding 

 

The captured BSE image with a resolution of 590.9 nm is shown in Figure 2.2. The two selected 

regions can be seen in Figures 2.3, 2.4a, and 2.5a. Region 1 covers an area of 6.87 mm2 with 5,254 

x 3,743 pixels, while region 2 covers an area of 7.20 mm2 with 5,257 x 3,923 pixels. The BSE 

images were manually thresholded to separate pore and grain pixels to calculate sample porosity. 

The thresholded BSE images for regions 1 and 2 can be seen in Figures 2.4b and 2.5b, where grains 
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are shown in white and pore spaces are shown in black. The porosities for regions 1 and 2 were 

calculated to be 2.73% and 11.32%.  

 

 
Figure 2.2. SEM BSE image of the sample thin section from Cassville Well 1.  

 

 
Figure 2.3. Locations of regions 1 and 2.  
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Figure 2.4a. BSE image of region 1. 
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Figure 2.4b. Region 1 segmented image where grains are depicted in white and pores in black. 
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Figure 2.5a. BSE image of region 2.  
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Figure 2.5b. Region 2 segmented image where grains are depicted in white and pores in black. 
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2.3.1.2 Mineral Identification and Quantification  

 

EDS images for regions 1 and 2 can be found in Figures 2.6 and 2.7. Figures 2.8 and 2.9 show 

the segmentation of eight different mineral phases as demonstrated by the variation in BSE grey 

scale values and elemental identification by EDS images for regions 1 and 2. Each mineral phase 

is depicted in a different color. Segmentation by BSE grey scale values proved challenging due to 

many variations in grey scale values close together. EDS elemental images were largely relied on 

for mineral identification and quantification due to these challenges. 

In this work, one of the eight identified mineral phases is labeled as an unknown mineral. The 

unknown mineral is observed where there is EDS elemental data present that conflicts with the 

rules set in the mineral map code. For example, if a pixel has EDS elemental data present for Mg, 

but not Ca the pixel will be labeled as unknown because it conflicts with the mineral map code 

rule that dolomite must have elemental data present for Ca and Mg. 

Following mineral segmentation, mineral abundances were calculated for all eight mineral 

phases (Table 2.2). The mineral abundances were calculated by counting all of the various colored 

pixels and dividing each value by the total number of mineral pixels. Dolomite is the predominate 

mineral in this sample with an abundance of ~69v% in region 1 and of ~34v% in region 2. The 

unknown mineral phase was found to have an abundance of ~0.75v% in region 1 and of ~1v% in 

region 2. 
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Figure 2.6. Segmented EDS images for region 1 with white pixels indicating elemental presence 

and black pixels indicating no elemental presence.  
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Figure 2.7. Segmented EDS images for region 2 with white pixels indicating elemental presence 

and black pixels indicating no elemental presence.  
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Figure 2.8. Segmented mineral map of the sample thin sections region 1.  
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Figure 2.9. Segmented mineral map of the sample thin sections region 2.  
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Table 2.2. Mineral abundances (v%) and accessibilities (%) calculated from 2D segmented 

mineral maps. 

Region Minerals Chemical formula A. 

Abundance 

(v%) 

B. 

Accessibility 

(all BSE 

pores) (%) 

C. 

Accessibility 

(multi-scale 

pore 

connectivity) 

(%) 

1 Dolomite CaMg(CO3)2 68.88 34.67 14.29 

 Calcite CaCO3 0.73 2.07 0.99 

 Quartz SiO2 6.26 6.82 7.57 

 K-feldspar KAlSi3O 9.53 9.56 9.31 

 Illite/mica K0.6(H3O)0.4Al1.3Mg0.3 

Fe2+
0.1Si3.5O10(OH)2•H2O 

10.80 36.67 45.71 

 Kaolinite Al2Si2O5(OH)4 1.25 4.52 16.44 

 Pyrite FeS2 1.80 1.71 3.50 

 Unknown  0.75 3.98 2.18 

2 Dolomite CaMg(CO3)2 34.21 20.40 16.81 

 Calcite CaCO3 17.79 20.38 21.56 

 Quartz SiO2 30.41 24.06 30.50 

 K-feldspar KAlSi3O 10.77 15.48 11.92 

 Illite/mica K0.6(H3O)0.4Al1.3Mg0.3 

Fe2+
0.1Si3.5O10(OH)2•H2O 

0.0003 0 0 

 Kaolinite Al2Si2O5(OH)4 5.44 14.87 12.83 

 Pyrite FeS2 0.18 0.03 0 

 Unknown  1.20 4.79 6.38 
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2.3.1.3 2D Pore Connectivity 

 

Pore connectivity is defined as the amount of pore pixels that are interconnected through macro 

or nano pores. Region 1 in Figure 2.8 appears to have an illite/mica vein that connects the left and 

right sides of the image. Region 2 in Figure 2.9 appears to have a high connected porosity, however 

after a closer look, it is apparent that many macro pores within the sample are unconnected due to 

pore-throat blockages caused by dolomite, calcite, and quartz.  

Accessibilities based on multi-scale porosity were calculated by using a burning algorithm in 

Matlab (Landrot et al., 2012). This code started from each edge of the segmented mineral maps 

and worked its way in searching for pores connected through either nano pores within kaolinite 

and illite/mica or through macro pores. The code flipped all connected pores from black to white 

and all connected nanoporous kaolinite pixels from yellow to turquoise and all connected 

nanoporous illite/mica pixels from purple to teal. Following this procedure, the mineral 

accessibilities were recalculated by counting only mineral pixels adjacent to white pixels.  

Figures 2.10 and 2.11 depict the connected pore space in white, while the unconnected pores 

remain in black. All connected nanoporous kaolinite pixels were flipped from yellow to turquoise, 

while all connected nanoporous illite/mica pixels were flipped from purple to teal. Table 2.3 shows 

the calculated porosity and connected porosity of both regions segmented mineral maps. The total 

porosity of region 1 was calculated to be 2.73%, while the connected porosity was calculated to 

be 1.53%. The total porosity for region 2 was calculated to be 11.32%, while the connected 

porosity was calculated to be 0.96%. In region 1, the connected porosity was affected by the pore-

throat blockages caused by dolomite observed in the smaller fracture network seen in the upper 

right side of the image. In region 2, the connected porosity greatly decreased due to the pore-throat 

blockages by dolomite, calcite, and quartz. 
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Figure 2.10. Region 1 connected porosity map of the segmented mineral map. Connected pores 

shown in white, while unconnected pores are shown in black.  
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Figure 2.11. Region 2 connected porosity map of the segmented mineral map. Connected pores 

shown in white, while unconnected pores are shown in black.  
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Table 2.3. Calculated porosity (%) and connected porosity (%) of segmented images.  

Region Total Porosity Connected Porosity 

1 2.73 1.53 

2 11.32 0.96 

 

2.3.1.4 Mineral Accessibility 

 

Accessible minerals are defined as mineral pixels that are beside pore pixels. The calculated 

mineral accessibilities can be found in Table 2.2. Accessibilities based on all BSE pores were 

calculated by counting each mineral phase pixel beside a pore pixel divided by the total number of 

pixels beside pore pixels. The values in column B of Table 2.2 do not include mineral 

accessibilities based on connectivity by nano porous minerals such as clay. It was calculated that 

34.67% dolomite, 2.07% calcite, 6.82% quartz, 9.56% K-feldspar, 1.71% pyrite, 36.67% 

illite/mica, 4.52% kaolinite, and 3.98% of the unknown phase are accessible mineral pixels in 

region 1. It was calculated that 20.40% dolomite, 20.38% calcite, 24.06% quartz, 15.48% K-

feldspar, 0.03% pyrite, 0% illite/mica, 14.87% kaolinite, and 4.79% of the unknown phase are 

accessible mineral pixels in region 2. 

Accessibilities based on multi-scale porosity can be found in Table 2.2 column C. For region 

1, it was calculated that 14.29% dolomite, 0.99% calcite, 7.57% quartz, 9.31% K-feldspar, 3.50% 

pyrite, 45.71% illite/mica, 16.44% kaolinite, and 2.18% of the unknown phase are accessible 

mineral pixels based on multi-scale porosity. For region 2, it was calculated that 16.81% dolomite, 

21.56% calcite, 30.50% quartz, 11.92% K-feldspar, 0% pyrite, 0% illite/mica, 12.83% kaolinite, 

and 6.38% of the unknown phase are accessible mineral pixels based on multi-scale porosity. 

 

2.3.2 X-ray Computed Tomography 

 

2.3.2.1 Image Acquisition and Thresholding 
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The reconstructed XCT images of the core samples regions 1 and 2 can be found in Figures 

2.12a and 2.13a. Figures 2.12b and 2.13b show the thresholded XCT images of the core samples 

regions 1 and 2 with pores in black and grains in white. The porosity for both regions of the core 

samples were calculated by counting the number or pore and grain pixels using a Matlab code.  

The porosity calculated from the XCT images of region 1 was calculated to be 7.58%. This 

value is higher than the porosity of 2.73% calculated from the 2D SEM BSE image of region 1. 

This variation is believed to be due to the resolution of the XCT images being lower than that of 

the BSE image. With the resolution of the 3D XCT images being 5.075 µm and the resolution of 

the 2D BSE image being 590.9 nm, it is believed that the XCT images of region 1 lacked the 

resolution required to observe the tight pore spaces seen within the illie/mica vein. The porosity 

of the region 2 XCT images was calculated to be 10.24%. This value is slightly lower but agrees 

relatively well with the porosity of 11.33% calculated from the 2D SEM BSE image of region 2.  

 

 
Figure 2.12. (a) Region 1 reconstructed 3D XCT image stack. (b) Region 1 thresholded 3D XCT 

image stack where grains are depicted in white and pores in black.   
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Figure 2.13. (a) Region 2 reconstructed 3D XCT image stack. (b) Region 2 thresholded 3D XCT 

image stack where grains are depicted in white and pores as black.   

  

 

 2.3.2.2 Accessible Surface Area 

 

The accessible surface areas for both regions 1 and 2 were calculated using the 2D and 3D 

image correlation approach used by Landrot et al. (2012) and Beckingham et al. (2017). This 

approach is utilized to account for 3D pore connectivity that is missed in the 2D SEM images. The 

extracted sub-cubes from region 1 had an area of 586 x 586 µm2 and a depth of 20 slices and the 

sub-cubes from region 2 had an area of 600 x 600 µm2 and a depth of 20 slices. These volumes are 

3D representations of the same total slice surface areas of 6.87 mm2 observed in the region 1 BSE 

image and of 7.20 mm2 observed in the region 2 BSE image. The average mineral bulk densities 

for both regions were calculated by using the obtained mineral percentages and the densities of 

each mineral phase. For region 1 the average mineral bulk density was calculated to be 2.79 g/cm3, 

while the average mineral bulk density for region 2 was calculated to be 2.69 g/cm3. The mass of 

individual sub-cubes was then calculated for both regions. The sub-cubes in region 1 each had a 

mass of 1.92 x 10-5 g and the sub-cubes in region 2 had a mass of 1.94 x 10-5 g. The average mineral 



 

 34 

surface area for the fifteen sub-cubes extracted from region 1 was 0.024 m2/g and the average total 

mineral surface area for the fifteen sub-cubes extracted from region 2 was 0.081 m2/g. 

Accessible mineral surface areas for all mineral phases except for the two clay minerals, 

kaolinite and illite/mica, and the unknown phase can be found in Table 2.4. Here, kaolinite and 

illite/mica were excluded due to this approach not accounting for the connectivity of clay minerals 

in the 3D XCT images. The accessible mineral surface areas were found by multiplying the regions 

average total mineral surface area by the region’s accessibility of each mineral phase. The 

accessibility of each mineral phase used can be found in Table 2.2 columns B and C. Column A 

in Table 2.4 presents the data for the mineral accessible surface areas assuming all minerals 

adjacent to pore pixels are accessible. Column B in Table 2.4 presents the data for the mineral 

accessible surface areas accounting for multi-scale pore connectivity.  

 

Table 2.4. Mineral accessible surface areas calculated from the accessibilities obtained from 

assuming all BSE pores are accessible and from accessibilities obtained from multi-scale pore 

connectivity.   

Region Minerals Chemical formula 

A. Accessible 

surface area (all 

BSE pores) 

(m2/g) 

B. 

Accessible 

surface area 

(multi-scale pore 

connectivity) 

(m2/g) 

1 Dolomite CaMg(CO3)2 8.32 x 10-3 3.43 x 10-3 

 Calcite CaCO3 4.97 x 10-4 2.38 x 10-4 

 Quartz SiO2 1.64 x 10-3 1.82 x 10-3 

 K-feldspar KAlSi3O 2.29 x 10-3 2.23 x 10-3 

 Pyrite FeS2 4.10 x 10-4 8.40 x 10-4 

2 Dolomite CaMg(CO3)2 1.65 x 10-2 1.36 x 10-2 

 Calcite CaCO3 1.65 x 10-2 1.75 x 10-2 

 Quartz SiO2 1.95 x 10-2 2.47 x 10-2 

 K-feldspar KAlSi3O 1.25 x 10-2 9.66 x 10-3 

 Pyrite FeS2 3.88 x 10-3 5.17 x 10-3 

 

2.4 Discussion 
 



 

 35 

Porosities calculated from the segmented BSE and XCT images of both regions showed 

different trends. In region 1, the porosity obtained from the segmented BSE image was 2.73%, 

which was a lot smaller than the value of 7.58% obtained from the segmented XCT images. This 

discrepancy between porosities is believed to be due to the resolution of the XCT images not being 

high enough to obtain the fine details of the illite/mica vein that is observed. Region 2 presented 

similar porosity values of 11.33% (BSE obtained) and 10.24% (XCT obtained). The similarity 

between porosities in region 2 is likely due to the larger pores with less clay minerals present. 

When comparing both the porosities obtained from the BSE images for both regions, region 1 

(2.73%) has a lot lower of porosity than region 2 (11.33%). However, when comparing the 

porosities obtained from the XCT images there is a smaller difference between regions 1 (7.58%) 

and 2 (10.24%).  

Mineral abundance varied largely between the two regions, when comparing both regions, 1 

and 2, certain conclusions can be made. In both regions dolomite is the mineral with the highest 

abundance. However, the abundance of dolomite in region 1 is 68.88v%, while in region 2 it is 

34.21v% which is roughly two times the amount. In the region with a higher abundance of dolomite 

(region 1) the porosity is smaller (2.73%) while the region with a smaller abundance (region 2) 

has a larger porosity of 11.33%. Lower porosities calculated through this method indicate larger 

portions of the image is composed of mineral pixels. The observation of lower porosities and 

higher dolomite abundance through this method agrees well with the sample being predominantly 

composed of dolomite as revealed through XRD analysis. Further imaging of regions with 

different porosities needs to be conducted to verify the correlation between the higher abundances 

of dolomite and lower porosities.  
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The second most abundant mineral found in these samples differ. Illite/mica is the second most 

abundant mineral phase in region 1 at 10.80v% while quartz is the second most abundant mineral 

phase in region 2 at 30.41v%. After these two concentrations of minerals the abundance of other 

minerals slightly drops in both regions 1 and 2. With the next largest abundance in region 1 being 

K-feldspar at 9.53v%, and in region 2 calcite at 17.79v%. The region with lower porosity, region 

1, presented larger mineral presence of illite/mica and K-feldspar while the region with higher 

porosity, region 2, presented larger amounts of quartz and calcite.  

Segmentation of minerals with similar BSE pixel intensities proved challenging for the 

carbonate sample used in this work. Within region 1, the challenges faced were due to the low 

porosity and high consolidation of minerals with similar BSE pixel intensities. It is believed that 

discrepancies arose with proper mineral identification along the illite/mica vein and K-feldspar 

grain interfaces due to the large presence of clay minerals. Segmentation of region 2 proved less 

challenging due to the higher porosity and lower abundance of clay minerals present.  

Mineral accessibility is correlated to the porosity of the samples. In turn, the accessibility of 

minerals in both regions differ. Region 1, having a smaller porosity of 2.73%, minimal minerals 

within the region may be accessed. Most minerals that can be accessed are focused on the linear 

vein that runs from right to left in the lower section of the image. This area is mostly comprised of 

accessible illite/mica (36.67%) and dolomite (34.67%) indicating that ~37% of the pore-grain 

interfacial pixels are comprised of illite/mica, while ~35% are dolomite. All other minerals within 

the region are less than 10% accessible. While in region 2, due to its porosity being 11.33%, most 

of the minerals found within the region may be accessed. The accessibility of quartz is 24.06%, 

dolomite 20.40%, calcite 20.38%, K-feldspar 15.48%, and kaolinite 14.87%. Mineral accessibility 

is a key characteristic for predicting and understanding the geochemical reactions associated with 
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GCS. Mineral accessibility indicates which minerals are along the pore-grain interface that will 

potentially be in contact with the reactive fluid when CO2 is sequestered.  

The mineral accessible surface areas were calculated from the accessibilities obtained from 

assuming all pores are connected and from the accessibilities obtained from multi-scale pore 

connectivity. When considering accessibilities obtained from assuming all pores are connected, 

region 1 presented dolomite as the mineral with the highest accessible surface area at 8.32 x 10-3 

m2/g followed by K-feldspar with an accessible surface area of 2.29 x 10-3 m2/g. Region 2 

presented similar accessibilities for quartz, dolomite, and calcite at 1.95 x 10-2 m2/g, 1.65 x 10-2 

m2/g, and 1.65 x 10-2 m2/g. The mineral with the least accessible surface area in both regions was 

pyrite with a surface area of 4.10 x 10-4 m2/g in region 1 and of 3.88 x 10-3 m2/g in region 2. The 

mineral accessible surface areas obtained here for region 1 do not agree well with the Braunauer-

Emmett-Teller (BET) measured surface area values in literature. This is believed to be due to the 

large presence of clay found within region 1. However, the mineral accessible surface areas 

obtained for region 2 agree well with the low BET values within literature for quartz (2.25 x 10-2 

m2/g), calcite (1.39 x 10-2 m2/g), and dolomite (1.40 x 10-3 m2/g).   

When considering accessibilities obtained from multi-scale pore connectivity, regions 1 and 2 

presented different trends. Region 1 accessible surface areas based on multi-scale pore 

connectivity varied largely compared to the accessible surface areas assuming all pores are 

connected, except for K-feldspar which remained at a similar value of 2.23 x 10-3 m2/g. Region 2 

accessibilities calculated utilizing both methods remained relatively consistent showing only slight 

changes in accessible surface areas. The accessible surface areas for quartz, dolomite, and calcite 

in region 2 were calculated to be 2.47 x 10-2 m2/g, 1.36 x 10-2 m2/g, and 1.75 x 10-2 m2/g. These 

differences are due to small amounts of overall pore connectivity captured in the regions.  
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Pore connectivity within both regions appears to follow a similar trend. In both regions the 

pore connectivity drastically drops, and both demonstrate a less than 2% connected porosity. In 

region 1, a drop from 2.73% to 1.53% is witnessed. The most accessible minerals due to the 

connected pores being illite/mica at 45.71% and dolomite at 14.29%. With region 2, a drop in 

porosity from 11.32% to 0.96% is witnessed. The most accessible mineral being quartz at 30.50%. 

Due to this dramatic drop in connectivity, not much can be gathered, and further data must be 

obtained from regions with larger pore connectivity. Typically, this method is used in sandstones 

that have a larger percentage of connected porosity. This is a limitation of this method while 

gathering data from these two regions and possibly for other carbonate samples with low connected 

porosities. In carbonates or other samples with low connected porosities, more accurate 

quantifications of mineral accessibilities may be achieved by considering all pores are connected 

due to the limited pore connectivity observed.  

 

2.5 Conclusion 
 

In this work, 2D and 3D imaging techniques are combined to gain a deeper understanding of 

how geologic porous media properties such as mineral abundance, mineral accessibility, and 

accessible surface area are impacted by region variation. Here, these properties were determined 

from a calcareous dolomite sample with 2D SEM and 3D XCT images collected from two different 

regions, a region with low porosity, region 1, and a region with high porosity, region 2. 

Understanding how regions with low and high porosities differ within the same sample is crucial 

for predicting how the geochemical reactions associated with CO2 sequestration will alter the host 

formations pore characteristics such as connectivity, shapes, and sizes.  

Here, the overall impact of region variation on mineral abundances, accessibility, and 

accessible surface area proves the need to characterize and understand how these characteristics 
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are distributed throughout carbonate samples. It was revealed that the region with low porosity, 

region 1, had more illite/mica and dolomite at the pore interfaces, while the region with high 

porosity, region 2, had more quartz, dolomite, and calcite at the pore interfaces. Further imaging 

is required to ensure that multiple regions with low and high porosities present similar trends to 

the two regions analyzed in this work. Without properly accounting for region variations when 

assessing and predicting the viability of a site for CO2 sequestration discrepancies can occur when 

predicting mineral dissolution and precipitation reactions.  

While this imaging analysis proved the importance of considering region variations when 

characterizing highly heterogeneous carbonate samples this method required additional time and 

cost requirements. Depending on the sample characteristics, grouping many regions with similar 

features may help reduce the large cost and time requirements while obtaining an accurate 

understanding of the characteristics of the sample of interest. 
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Chapter 3. Development of Contrast Agents for Enhanced 3D X-Ray 

Computed Tomography Imaging of Core Samples 

 

3.1 Introduction  
 

Geologic carbon sequestration (GCS) has gained interest as a method to reduce atmospheric 

CO2 emissions. Injection of CO2 into deep subsurface saline aquifers causes geochemical reactions 

that can dissolve and precipitate minerals within the host reservoir and caprock formations (Noiriel 

et al., 2004; Ketzer et al., 2009; de Silva et al., 2015). Such reactions can change the porosity and 

permeability of the formation by altering pore characteristics such as connectivity, shapes, and 

sizes (Algive et al., 2012; Beckingham et al., 2013; Nogues et al., 2013; Noiriel et al., 2016). It is 

necessary to understand these characteristics to predict how flow and transport within the 

geological formations will be changed when the geochemical reactions associated with GCS occur 

(Jun et al., 2013; Zhang et al., 2015; Dai et al., 2020; Lopez Rivera & Beckingham, 2024). Changes 

in porosity and permeability due to the mineral dissolution and precipitation reactions ultimately 

impacts the fate and transport of the CO2 injected during GCS.  

3D X-ray computed tomography (XCT) is a non-destructive imaging technique used to 

visualize the structures and characteristics of materials. XCT is an important tool used in many 

areas of research such as geology, soil and plant sciences, medicine, archeology, and many more 

(Asadi & Beckingham, 2021; Machado et al., 2019, 2023; Santos et al., 2020; Yin et al., 2023). 

XCT has proven highly valuable for characterization of geologic porous media (Wildenschild & 

Sheppard, 2013; Glatz et al., 2016; Li et al., 2019; Liu et al., 2023). In particular, pore 

characterization of geologic samples using XCT has gained a lot of interest because pore structures 

within cores can be studied without damaging the sample, in contrast to traditional petrographic 

imaging of thin sections. 
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While XCT imaging is beneficial because it is a non-destructive imaging technique, it cannot 

provide information about sample mineralogy or high-resolution details of small-scale features. 

Such data can be obtained from high-resolution 2D scanning electron microscopy (SEM) 

backscattered electron (BSE) and energy dispersive spectroscopy (EDS) images of geologic 

samples. BSE images provide high-resolution visualization of pore structures, mineral textures, 

grain sizes and shapes, pore-grain interface features, and a relative identification of minerals, while 

EDS images provide elemental composition data (Peters, 2009; Landrot et al., 2012; Beckingham 

et al., 2017; Li et al., 2021; Liu et al., 2021). Combined together, mineral phases can be identified 

in the collected images and mineral maps, depicting each mineral phase as a different color (as in 

Chapter 2). While SEM imaging provides unique and valuable information this type of imaging 

requires destructive sample preparation to prepare the polished sample required for image 

collection.  

Use of contrast agents in XCT imaging of geologic porous media may be a promising means 

of enhancing characterization. Kuva et al. (2017) were able to successfully use a saturated cesium 

chloride solution as a contrast agent in XCT and SEM-EDS imaging of six crystalline rock samples 

to visualize connected porosity. Andrew et al. (2014) utilized a potassium iodine solution to 

measure the contact angles between immiscible fluids in a limestone sample. Mayo et al. (2015) 

accurately estimated the regions of connected and unconnected porosity in seven samples of 

varying composition and porosity by using xenon gas. While these studies show promising results, 

the method utilized by Kuva et al. (2017) was time consuming by requiring the samples to soak in 

the contrast fluid for 141-365 days, Andrew et al. (2014) faced the challenge of accurately 

identifying the fluid grain interfaces, and Mayo et al. (2015) required use of the synchrotron and a 

complex experimental setup to ensure the sample holders could maintain sample stability while 
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withstanding the xenon gas at high pressure. The aim of this work is to develop and utilize an 

aqueous barium chloride (BaCl2) solution as a contrast fluid to enhance small-scale features such 

as mineral textures and changes in surface topology that are typically unobservable in XCT 

imaging. Here, XCT images of a dry Bentheimer sandstone core and the core saturated with an 

aqueous contrast agent are captured, qualitatively processed, and compared. The viability of use 

of the aqueous barium chloride contrast agent is then discussed.  

 

3.2 Materials and Methods 
3.2.1 Bentheimer Sandstone Sample  

 

A Bentheimer sandstone sample obtained from Kocurek Industries was selected for this work. 

X-ray diffraction (XRD) analysis was completed by Kocurek Industries and evaluated in literature 

by Klein et al. (2003), Salek et al. (2022), and Asadi & Beckingham (2022). Table 3.1 indicates 

this sample is predominantly quartz (94.4%) with minimal amounts of albite (1.2%), K-feldspar 

(1.2%), and calcite (0.5%).  

 

Table 3.1. Mineral composition of Bentheimer sample from XRD analysis (wt%). 

Sample/mineral Quartz Albite K-feldspar Calcite 

Bentheimer 94.4 1.2 1.2 0.5 

 

The core sample selected for this work was 25 mm in length and 10 mm in diameter and was 

used for 3D x-ray computed tomography (XCT) imaging. An Anycubic Photon M3 Max Resin 3D 

Printer at Auburn University was used to print a resin core holder fitted for the sample. The resin 

core holder was designed for the sandstone core used in this work to ensure the core and aqueous 

contrast solution would not move during XCT imaging.  

 

3.2.2 Contrast Agent Development 

 

 3.2.2.1 X-ray Attenuation  
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XCT images are often 16-bit greyscale images with voxel intensities ranging from 0 to 65,536. 

When a voxel has an intensity of 0 it appears as black and when a voxel has an intensity of 65,536 

it appears white, while all other voxel intensities appear as shades in between. Voxel intensities in 

XCT images are influenced by the x-ray beams energy and by the composition and electron density 

of the imaged material. Materials with higher electron densities will attenuate more photons from 

the x-ray beam thus appearing brighter, while materials with lower electron densities will transmit 

more of the x-ray beams photons and appear darker (Kinahan et al., 2003).  

In the XCT images collected for the dry Bentheimer sandstone sample, air filled pores have 

the lowest voxel intensity and appear the darkest in the image, while the minerals appear as shades 

of grey. When considering the minerals present in the Bentheimer sandstone, minerals containing 

higher electron densities such as calcite, albite, and K-feldspar will appear brighter than minerals 

containing lower electron densities such as quartz. However, larger x-ray beam energies are needed 

to image geologic porous media due to the overall density of the material. With the use of larger 

x-ray beam energies, the greyscale variations due to electron densities quickly converge making it 

difficult to segment pores and minerals within the samples. Figure 3.1 shows the x-ray attenuation 

based on the mass attenuation coefficients of the minerals present within the Bentheimer sandstone 

sample.  
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Figure 3.1. X-ray attenuation of the minerals present within the Bentheimer sample.  

 

 3.2.2.2 Contrast Agent Selection and Preparation  

 

To enhance contrast between pores and fine details of minerals such as surface textures barium 

chloride was selected as a contrast agent of interest. Barium chloride was selected for this work 

because it is a water-soluble salt that has a higher electron density than all minerals present within 

the Bentheimer sandstone sample. Figure 3.2 shows the x-ray attenuation based on the mass 

attenuation coefficients of barium chloride, water, and all minerals present within the Bentheimer 

sandstone.  
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Figure 3.2. X-ray attenuation of barium chloride, water, and the minerals present within the 

Bentheimer sample. 

 

Due to water having an x-ray attenuation similar to the minerals present within the sandstone 

sample, the contrast agent needed a high concentration of BaCl2 to ensure the dissolved salt would 

increase the attenuation of the water. Barium chloride has a solubility of 9.5 g / 25 g H2O at 25°C 

(Lide, 2007). However, only 7.8022 g were used in the creation of the contrast agent to ensure the 

salt would remain fully dissolved. Equations 1 and 2 were used to find the concentration of the 

resulting barium chloride solution: 

 

moles =
7.8022 g BaCl2

208.23
g

mol

= 0.0375 moles BaCl2   (1) 

M =
7.8022 g BaCl2

25 mL H2O
=

0.0375 moles BaCl2

0.025 L H2O
= 1.5 M   (2) 

 

To create the aqueous contrast agent, 7.8022 grams of barium chloride were dissolved in 25 

mL of DI water. The resulting solution had a concentration of 1.5 M and a pH of 7.77. The aqueous 
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barium chloride solution was added dropwise to the core holder containing the Bentheimer 

sandstone sample after XCT image acquisition of the dry sandstone sample. The sample holder 

was not removed from the Zeiss Xradia 620 Versa XCT for the addition of the contrast agent to 

ensure that the sample did not move between image acquisition of the dry sample and the saturated 

sample. After dropwise addition of the aqueous BaCl2 contrast agent, the sample sat overnight to 

allow for the contrast agent to fill as many pores as possible before the saturated scan was obtained. 

 

3.2.3 3D X-ray CT  

3.2.3.1 Image Acquisition 

 

A Zeiss Xradia 620 Versa XCT at Auburn University was used to obtain 996 x-y image slices 

images over a 360° rotation of both the dry core sample and the core sample saturated with the 

aqueous BaCl2 solution. A voltage of 120 kV and an exposure time of 2 seconds were used to 

capture both sets of images with voxel resolutions of 2.945 µm. From both sets of 996 captured 

images, 896 slices were selected for further analysis in this work. The extracted images for the dry 

core sample and the core sample saturated with the aqueous BaCl2 solution were registered using 

Dragonfly, an image processing software by Zeiss, to ensure all images aligned seamlessly and 

covered the same field of view. The registered images were then cropped into 1.77 mm x 1.77 mm 

squares with 600 pixels x 600 pixels. Both squares had total volumes of 8.24 mm3. The images 

were then stacked to reconstruct the 3D images of both the dry core and the saturated core.  

 

3.2.3.2 Image Processing 

 

Following XCT image reconstruction of both the dry core and the saturated core, the image 

stacks were then filtered separately using the anisotropic diffusion filter. This filter was used to 

reduce noise within the images while preserving the edges of important features. The filtered dry 

core image stack was then manually thresholded using the Dragonfly software to separate the pore 
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and grain voxels. The filtered saturated core image stack was also manually thresholded using the 

Dragonfly software to separate the grain, BaCl2 contrast agent, and the air bubble voxels. 

Segmentation of the grain and BaCl2 contrast agent voxels was challenging due to some minerals 

becoming fully saturated in the contrast agent. The minerals that presented this challenge were 

ones observed in the dry core images having fracture like features. It is believed that due to the 

fracture like features the minerals became more saturated than others and thus appeared a brighter 

grey color closer to that of the contrast agent. Based on the SEM BSE and EDS analysis of the 

Bentheimer sandstone sample presented in Salek et al. (2022) it is believed that the minerals with 

the fracture like features are either K-feldspar or kaolinite. The porosities of the reconstructed 3D 

dry and saturated core samples were then calculated by counting the grain voxels of the thresholded 

image stacks using Dragonfly. Both image stacks were also placed side by side and qualitatively 

compared.  

 

3.3 Results 
3.3.1 XCT Image Acquisition and Thresholding  

 

The reconstructed XCT images of the dry core sample can be found in Figure 3.3a. Figure 3.3b 

shows the thresholded XCT images of the dry core sample with pores in black and grains in white. 

The porosity for the dry sample was calculated by counting the number of pore and grain voxels 

using the Dragonfly software and was calculated to be 22.22%. The porosity calculated from the 

XCT images was slightly lower but agrees relatively well with the porosity of 24% provided by 

Kocurek Industries. 

The reconstructed XCT images of the saturated core sample can be found in Figure 3.4a. The 

saturated core XCT images were manually thresholded to separate grain, BaCl2 contrast agent, and 

air bubble voxels. Figure 3.4b shows the segmented XCT images of the saturated core sample with 
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grains in white, the BaCl2 contrast agent in blue, and the air bubbles in green. The porosity for the 

saturated sample was calculated by counting the number of grain voxels using the Dragonfly 

software and was calculated to be 19.78%. The porosity calculated from the saturated core XCT 

images was lower than both the porosity obtained from the dry core XCT images (22.22%) and 

the porosity provided by Kocurek Industries (24%). This discrepancy is believed to be due to the 

challenges segmenting the contrast agent from the minerals believed to be K-feldspar or kaolinite. 

These minerals appeared brighter than other mineral phases within the sample, but not as bright as 

the contrast agent fluid.  

 

 
Figure 3.3. (a) Dry sandstone core reconstructed 3D XCT image stack. (b) Dry sandstone core 

thresholded 3D XCT image stack where grains are depicted in white and pores in black. 
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Figure 3.4. (a) Saturated sandstone core reconstructed 3D XCT image stack. (b) Saturated 

sandstone core segmented 3D XCT image stack where grains are depicted in white, the BaCl2 

contrast agent in blue, and the air bubbles in green. 

 

3.3.2 XCT Image Comparison 

 

The reconstructed 3D XCT images for both the dry core and the core saturated with the barium 

chloride contrast agent revealed that it was possible to increase the attenuation of pores by using 

an aqueous contrast agent. Overall, the XCT images for the dry core had average voxel intensities 

that were lower than those observed in the saturated core images. The XCT images for the saturated 

core appeared brighter with many pores filled with the contrast agent. However, many air bubbles 

are also observed in the saturated core images. Due to the presence of the air bubbles, it was 

difficult to determine if the pores were filled with air and inaccessible by the aqueous contrast 

agent or if they were connected but filled with air bubbles present in the fluid.  

 

3.4 Discussion 
 

As stated previously, the porosity of the Bentheimer sandstone sample provided by Kocurek 

Industries is 24%. However, while analyzing the dry core XCT images, a porosity of 22.22% was 

found. The porosity obtained from the dry core XCT images agrees well with the porosity provided 
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by Kocurek Industries. It is believed that the porosity obtained from the XCT images is slightly 

lower due to the resolution of XCT imaging unable to provide visibility of potential trace clay 

minerals present within the sample. The porosity was also obtained after saturating the sample in 

the BaCl2 contrast agent. This porosity resulted as 19.78%. The drop in porosity from the 

unsaturated to the saturated results can potentially be due to the contrast agent increasing the 

attenuation of either K-feldspar or kaolinite present within the sample. When viewing the dry core 

XCT images some minerals have fracture like features present, but when viewing the saturated 

core XCT images it appears that these fracture-like features were filled with the contrast agent thus 

increasing the attenuation of the K-feldspar or kaolinite.  

Segmentation of some minerals observed in the saturated core XCT images proved 

challenging. The minerals that presented the most challenge were those that appeared to have 

fracture like features in the dry core XCT images. It is believed that these fracture-like features 

were accessible by the contrast agent and caused an increase of the mineral’s overall voxel 

intensity. As stated earlier it is believed that these minerals are either K-feldspar or kaolinite. 

Further research can be conducted on quantifying the connectivity of these two minerals based on 

their changes in x-ray attenuation with the addition of the BaCl2 contrast agent. It is believed that 

these K-feldspar or kaolinite minerals will present greyscale values closer to the BaCl2 contrast 

agent filled macro pores when the minerals have higher connectivity and will present greyscale 

values closer to the non-fractured minerals greyscale values when having lower connectivity. 

Air bubbles were also observed in the saturated scan XCT images. However, it is unknown 

whether these bubbles were observed due to inaccessible pores containing air or if they were 

observed due to air bubbles being present within the aqueous contrast agent. The air bubbles were 

segmented during the segmentation process and while their presence is non ideal, they can still 
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provide valuable insights about the sample. These air bubbles were easier to segment the pore 

grain interfaces due to a larger difference in x-ray attenuation. It is believed that with further 

research these air bubbles can be used to highlight mineral boundaries and surface features 

typically missed during XCT imaging.  

With all the information gathered from the XCT images one major difficulty arose. Due to the 

BaCl2 contrast agent in the saturated core, it proved difficult to truly segment all minerals from the 

contrast agent due to the fluid filling smaller pores within the K-feldspar or kaolinite minerals. 

However, the change of x-ray attenuation within the K-feldspar or kaolinite minerals could 

potentially allow for quantification of these minerals’ connectivity from XCT imaging. 

 

3.5 Conclusion 
 

In this work, an aqueous barium chloride solution was developed and utilized to assess the 

viability of contrast agent use in XCT imaging of geologic porous media. Here, porosity and visual 

comparisons were made for the dry core sample and the core sample saturated in the BaCl2 contrast 

agent. The aim of this work was to visualize small-scale features such as mineral textures and 

changes in surface topology within geologic samples without the destructive sample preparation 

typically required for visualization of these features with 2D SEM imaging. 

Here, the overall impact of the addition of an aqueous contrast agent was presented and 

discussed. It was revealed that the addition of the BaCl2 contrast agent increased the x-ray 

attenuation of pores within core samples. In addition, the contrast agent enhanced surface textures 

by filling small fracture like features observed within some minerals present in the Bentheimer 

sandstone sample. This caused an attenuation change to those minerals which made the 

segmentation process more challenging, but it is believed that this change in attenuation can be 

used to aid in mineral connectivity in the future. It is believed that these minerals are either K-
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feldspar or kaolinite based on the comparison of the results discussed here and those presented in 

Salek et al. (2022). Further research can be conducted on quantifying the connectivity of the K-

feldspar or kaolinite minerals based on their changes in x-ray attenuation with the addition of the 

BaCl2 contrast agent.  
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Chapter 4. Conclusions and Contributions to New Knowledge 

 

4.1 Enhanced Understanding of the Impact of Region Variation on Quantified 

Mineral Properties 
 

In the first study (Chapter 2), a calcareous dolomite sample obtained from Cassville Well 1 

located in Bartow County, Georgia was imaged using 2D SEM and 3D XCT imaging tools. The 

goal of this study was to understand how region variation in a highly heterogeneous carbonate 

sample impacts mineral properties such as abundance, accessibility, and accessible surface area.  

BSE images with resolutions of 590.9 nm, EDS images with resolutions of 820 nm, and XCT 

images with resolutions of 5.075 µm were obtained for two regions close in proximity, but with 

differing porosities were analyzed and compared. The BSE and EDS images were segmented, 

registered, and used to create each regions mineral map. The mineral maps were then utilized to 

generate and present new data on porous media and mineral characteristics including porosity, 

connected porosity, abundance, and accessibility. This work is notable for being the first effort to 

quantify accessible mineral phases in carbonate samples. This data is critical for accurate 

assessment and prediction of geochemical reactions in such formations.  

Here, it was found that the region with lower porosity, region 1, has large abundances of 

dolomite and illite/mica, while the region with higher porosity, region 2, has large abundances of 

dolomite, quartz, and calcite. Mineral accessibilities in both regions follow the same trends with 

the most abundant minerals remaining the most accessible. However, region 1 has a lower porosity 

and region 2 has a higher porosity indicating that overall, more minerals are accessible in regions 

with larger porosities. Pore connectivity determined from the imaging analysis in both regions 

presented with less than 2%. Typically, this method is used in sandstones that have a larger 

percentage of connected porosity. Due to the limited pore connectivity in carbonates or other 
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samples more accurate quantifications of mineral accessibilities may be achieved by considering 

all pores are connected. 

The 3D pore connectivity was extract from XCT images for each region and combined with 

the mineral accessibilities obtained from the representative region’s mineral maps. When assuming 

all minerals adjacent to pores are accessible region 1 shows dolomite as the mineral with the most 

accessible surface area while region 2 shows quartz, dolomite, and calcite as the minerals with the 

highest accessible surface areas.  However, when considering mineral accessible surface areas 

based on pore connectivity the values in region 1 show a larger change while the values in region 

2 remain relatively consistent.  

Overall, the study presented in Chapter 2 provides insights on how region variability is 

necessary to consider in carbonate samples when assessing and predicting how a host formation 

will be altered when subjected to GCS. While both regions were close in proximity, they both 

presented different trends in mineral abundances, accessibilities, and accessible surface areas. 

Without considering region variability predictions may over or underestimate the viability of a 

carbonate reservoirs characteristics as a site for GCS. It is believed that regions with similar 

porosities within a carbonate sample could show similar trends if imaged and analyzed, which 

could lead to more accurate prediction of the viability of a carbonate reservoirs storage capacity.  

 

4.2 New Contrast Agent to Improve Visibility of Pore Networks 
 

In Chapter 3, a dry Benthiemer sandstone core and the core saturated in an aqueous barium 

chloride solution were XCT imaged. The goal of this study was to assess the viability of using 

barium chloride as a contrast agent to enhance the visibility of small scall features typically missed 

in XCT imaging such as mineral textures and changes in surface topology. 
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XCT images with resolutions of 2.945 µm were obtained for a dry sandstone core and for the 

same sandstone core but saturated with the contrast agent were qualitatively analyzed and 

compared. The XCT images of both the dry core and the saturated core were registered, segmented, 

and compared to discuss the viability of utilizing a BaCl2 contrast agent during XCT imaging. This 

work is notable for being the first to utilize a simpler and less time-consuming approach when 

using a contrast agent with XCT imaging of geologic porous media. This work was successful in 

enhancing mineral textures and changes in topology by providing increased attenuation in K-

feldspar or kaolinite minerals with fracture like features. Future work can provide new insights 

into quantifying mineral connectivity from XCT imaging with an aqueous barium chloride contrast 

agent.   

Here, fracture like features were found during XCT imaging of the dry core. These features 

then appeared fully saturated in the XCT images of the saturated core sample indicating that these 

features were accessible. During segmentation of minerals, air bubbles, and the BaCl2 contrast 

agent in the saturated core images it was noticed that the minerals with these features appeared 

brighter than all other minerals within the sample. However, in the dry core images all minerals 

appear to have the same voxel intensities. It is believed that through further research quantification 

of mineral connectivity can be achieved with a barium chloride contrast agent.  
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