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Abstract6

Accessible surface areas (ASAs) of individual rock-forming minerals exert a fun-7

damental control on how minerals react with formation fluids. However, due to8

lacking adequate quantification methods, determining the ASAs of specific minerals9

in a multi-mineral rock at the appropriate scale still remains difficult. Whole-rock10

Brunauer-Emmett-Teller (BET) measurements at atomic scales cannot account for11

the variability in ASAs of individual minerals, while image-based methods are in-12

herently limited by the image pixel/voxel resolution. Here, we present a novel joint13

method that overcomes the aforementioned limitations by appropriately downscal-14

ing individual image-based ASAs with the support of a Monte-Carlo algorithm and15

BET measurements. This joint method consists of three steps: 1) segmentation16

of pore/mineral phases, 2) calculation of image-based contour surface areas, and 3)17

determination of a resolution scaling factor (SF). Superior to conventional segmenta-18

tion methods, which are based on scanning electron microscopy (SEM) images alone,19

here, the segmentation threshold is independently constrained by both pore size dis-20

tribution measurements and rock chemical composition analyses. Most importantly,21

the introduction of an SF, obtained by probability mapping, using a Monte-Carlo22

algorithm, accounts for mineral surface roughness variations, provided by the BET23

measurements during the determination of the image-based ASAs. We apply this24

joint method to a sandstone specimen and confirm the validity and accuracy of the25

obtained results with our reactive flow-through experiment, reported in Ma et al.26

(2019). We conclude that our novel method can effectively downscale the image-27

based ASAs to the atomic BET resolution with minimum assumptions, providing a28

valuable tool to improve the calculation of fluid-mineral reactions.29
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1. Introduction33

Natural or engineered geological systems, such as enhanced geothermal systems34

(EGS) (Althaus and Edmunds, 1987; Pandey et al., 2015) and carbon capture, uti-35

lization, and storage (CCUS) systems (Xu et al., 2003; Gaus, 2010; Luhmann et al.,36
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2014; Tutolo et al., 2015; Saar et al., 2012; Adams et al., 2015; Garapati et al., 2015),37

often involve fluid-rock reactions. These reactions could lead to mineral dissolution38

and/or precipitation which may cause dramatic changes in the reservoir hydraulic39

properties (Nogues et al., 2013; Cai et al., 2009; Cheshire et al., 2016; Yasuhara et al.,40

2017; Voskov et al., 2017). A key parameter, controlling the rates of these surface re-41

actions (i.e. mineral dissolution/precipitation), is the accessible surface area (ASA)42

of individual minerals. Here the ASA of a mineral is defined as the mineral-specific43

surface area that is physically exposed to the pore space and thus the pore fluids.44

Accurate estimation of the mineral-specific ASAs plays a critical role in chemical in-45

terpretations of field and laboratory observations, and provides an essential input for46

reactive transport modelling, involving fluid-rock reaction kinetics (Luhmann et al.,47

2014; Beckingham et al., 2016; Ma et al., 2019).48

However, the mineral-specific ASAs in a multi-mineral system is often poorly con-49

strained (Bourg et al., 2015) due to the lack of adequate surface area quantification50

methods. In general, the ASA of a porous rock is estimated by: (1) geometric calcu-51

lations, including various grain models (Gunter et al., 2000; Xu et al., 2004; Cubillas52

et al., 2005; White et al., 2005; Knauss et al., 2005) and image-based pixel/voxel sur-53

face area determinations (Peters, 2009; Landrot et al., 2012; Ellis and Peters, 2016;54

Lai et al., 2015; Beckingham et al., 2016, 2017; Kweon and Deo, 2017), (2) gas absorp-55

tion measurements, based on the Brunauer-Emmett-Teller (BET) theory (Brunauer56

et al., 1938; Dogan et al., 2006), and (3) geochemical modeling of batch or flow-57

through reactive experiments (Noiriel et al., 2009; Luhmann et al., 2014). Surface58

area calculations from geometrical shapes or scanned images can usually account for59

the heterogeneous distribution of mineral ASAs, however, at the expense of preserv-60

ing structural details, such as grain surface roughness and clay mineral features, due61

to requiring an assumption of simple grain shapes or limitations in image resolu-62

tion (Qin and Beckingham, 2018). On the other hand, BET measurements provide63

a material’s total surface area at atomic-scale resolution, sufficiently resolving sur-64

face roughness, which cannot be captured by common image-based analyses. Often,65

the mineral-specific ASAs are calculated as the product of the BET-measured value66

and the mass/volume fraction of that mineral, disregarding the actual geometry of67

the pore space and minerals. Furthermore, ASAs estimated by reaction experiments68

usually depend on the experiment conditions and are thus difficult to extrapolate to69

other conditions. For example, heterogeneous flow properties, such as the velocity70

field, fluid mixing, and varying diffusion rates may introduce significant errors when71

estimating ASAs (Li et al., 2006).72

To overcome the aforementioned limitations in ASA determination, combinations73

of the aforementioned methods have been explored (Peters, 2009; Lai et al., 2015;74

Beckingham et al., 2016, 2017; Kweon and Deo, 2017). For example, a scaling fac-75

tor (SF) has been proposed to amend the difference between the pixel/voxel-based76

contour surface area and the BET-measured values. Knauss et al. (2005) suggested77

an ‘edge factor’ of 10 for sheet silicate minerals, while Peters (2009) suggested an78

SF with a range of 3-13 for clay minerals, depending on the clay content. Lai et al.79

(2015) proposed a BET/image-based roughness SF evaluation model, which is em-80
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ployed later by Kweon and Deo (2017), assuming that the SF of clay minerals is 1081

times that of non-clay minerals. Beckingham et al. (2016) took another approach in82

estimating ASAs in a multi-mineral sandstone, where ASAs of non-clay minerals are83

calculated directly, based on the digitized mineral contours, given by scanning elec-84

tron microscopy (SEM) images, while the BET-measured values from the literature85

are taken as the ASAs for clay minerals. These approximations and simplifications86

highlight the unsatisfactory situation of mineral-specific ASA determination.87

In this study, we develop a Monte-Carlo approach to effectively determine ASAs88

of individual minerals in a multi-mineral sandstone specimen. The paper begins with89

thorough characterizations of the properties of the sandstone, such as the mineralogy,90

pore/mineral distribution, and the total surface area, employing various laboratory91

measurements (Section 2). These properties are later used as inputs, or benchmarks,92

in Section 3, where the image-based Monte-Carlo approach is described in detail.93

Finally, the impact of the SEM image resolution, the segmentation threshold, and94

the sample size of the Monte-Carlo calculation on the determined ASA is discussed95

in Section 4. The calculated dolomite ASA is successfully used for a reactive flow-96

through experiment conducted on the same sandstone in another study (Ma et al.,97

2019).98

2. Material99

The rock specimens, used in this study, are sandstone cores, taken at a depth of100

954.6 m from a geothermal well, Vydmantai-1, at the southeast end of the Baltic101

Sea in Lithuania. The Vydmantai geothermal site was one of the project sites in the102

DESTRESS project (www.destress-h2020.eu), entitled “Demonstration of soft stim-103

ulation treatments of geothermal reservoirs”. Although this sandstone geothermal104

site has been stimulated by acid injection, it was not possible to enhance the reservoir105

injectivity/productivity (Brehme et al., 2018). One of the objectives of this study is106

to identify parameters to facilitate the understanding of acid stimulation geochemi-107

cal processes. Transmitted light microscopy observations show that the grains in the108

sandstone are well-rounded, fine to very fine grains (sizes of 65 µm - 250 µm).109

2.1. Pore space characterization110

To quantify the mineral ASAs, we first need to map the pore space (Section 3.1)111

of the sandstone specimen. We scan a 35 µm-thick thin section of the specimen112

(29 mm × 22 mm), employing a backscattered electron (BSE) scan (Jeol JSM-6390113

LA SEM together with a BSE detector in the Electron Microscopy Lab at ETH114

Zürich). To achieve a 1.2 µm-resolution, the SEM-BSE scanning is continuously115

performed, using 10 × 10 scanning windows, at an electron accelerating voltage of116

15 keV and a working distance of 10 mm. Using ImageJ, these 10 × 10 coherent117

gray-scale images are then stitched together to generate a full image of 9474 × 6947118

pixel2 (11.37 mm × 8.34 mm), as shown in Figure 2a. This SEM-BSE image serves119

as the base to determine the ASA, the porosity, and the pore size distribution (PSD).120

The later two are then compared to laboratory measurements as stated below.121
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The porosity of the sandstone specimen is determined on a cylindrical core with a122

bulk volume of 19.7 ± 0.1 ml (diameter = 25.4 ± 0.1 mm and length = 39.0 ± 0.1 mm,123

measured by a Vernier calliper). The total solid volume of the core is measured,124

employing a Micromeritics AccuPyc II 1340 Pycnometer in the Rock Deformation125

Laboratory at ETH Zürich. After 16 purges of Helium at a temperature of 25.14 ◦C,126

the measurement yields a solid volume of 15.441 ± 0.004 ml. Then, a porosity of127

21.9 ± 0.4% can be calculated from the ratio between the pore volume (subtracting128

the total solid volume from the bulk volume) and the bulk volume.129

The PSD of the specimen is obtained, employing mercury intrusion porosimetry.130

The PSD measurement is carried out at a temperature of 22.6 ◦C and a maximum131

pressure of 400 MPa, using the Porotec Pascal 140 and 440 (with a detection size132

range of 2 nm-100 µm in diameter) in the IGT Claylab at ETH Zürich. The measured133

PSD results are later smoothed by a 10-point running averaging filter and reported134

as the blue solid line in Figure 3(c). Micro-computed tomography (Micro-CT) is also135

employed to obtain a 3D geometric representation of the rock specimen. Images with136

1.1 µm-resolution are acquired, using a voltage of 100 kV and a current of 19.7 µA,137

performed by Thermal Fisher HeliScan. The PSD of the reconstructed 3D image is138

analyzed using a Proprietary software developed by Scanco Medical AG (Hildebrand139

and Rüegsegger, 1997), and plotted as the black-dashed line in Figure 3(c). Both140

PSD results indicate that the majority of the pore volume (>97%) is provided by141

pores with sizes between 0.1 µm and 70 µm, displaying a frequency peak at a pore size142

of ∼20 µm. The PSD measurements aim to independently facilitate the threshold143

determination during pore segmentation, based on the SEM-BSE image (Section 3.1).144

2.2. Mineralogy characterization145

In addition to the SEM-BSE image, the sandstone specimen is imaged by em-146

ploying SEM - Energy Dispersive X-Ray Spectroscopy (EDS) to quantify the ASAs147

of each mineral (Section 3.2). The minerals of the sandstone specimen are identified148

using the quantitative SEM analysis that is carried out with a Jeol JSM-6390 LA149

SEM and an Energy Dispersive X-Ray Spectroscopy (EDS) system (Thermo Fisher150

NORAN NSS7, with a 30 mm2 Silicon-drift detector) in the High-pressure Lab at151

ETH Zürich. During the quantitative SEM-EDS analysis, the same 35 µm-thick152

thin section (11.37 mm × 8.34 mm) of the sandstone specimen is divided into 5 × 5153

scanning windows. In each scanning window, the detected elements are mapped with154

different colors in the SEM image at a pixel resolution of 2.4 µm, using the element155

X-ray spectra at 20 sec × 50 frames (1000 counts). Using ImageJ, the resultant 5 × 5156

coherent images are stitched to produce a full SEM-EDS image with 4737 × 3474157

pixels (Figure 2b). The following six minerals are identified: quartz, dolomite, K-158

feldspar, kaolinite, muscovite, and ilmenite. The chemical formula of each mineral159

is determined by SEM quantitative chemical analysis on the same 35 µm-thick thin160

section. Each mineral is examined at 5-10 different spots, yielding its mineral formula161

with averaged element ratios (Table 1).162

In order to assist mineral segmentation, discussed in Section 3.2, the element con-163

tent of the specimen is independently analyzed on fusion beads. To ensure represen-164
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Table 1: Minerals, their chemical formulae and weight percentages, identified by SEM image pro-
cessing. The mineral densities are from webmineral: http://webmineral.com/

Mineral Chemical formula
Density
(g/cm3)

Fraction
(wt.%)

Quartz SiO2 2.62 58.38
Dolomite Ca1.05Mg0.75Fe0.2(CO3)2 2.84 15.78
K-feldspar KAlSi3O8 2.56 11.15
Muscovite K0.5MgFe0.4Al1.2(AlSi3O10)(OH)2 2.82 6.07
Kaolinite Al1.8Si2.2O5(OH)4 2.60 7.93
Ilmenite Ti5Fe2O12 4.72 0.69

Table 2: Weight percentages of the major elements in the rock specimen, obtained independently
from measurements using XRF, LA-ICP-MS, and SEM image processing.

Elements XRF (wt.%) ICP-MS (wt.%) SEM (wt.%)
Si 33.99 35.54 35.19
Al 2.76 3.44 3.62
Fe 1.41 1.45 1.45
Mg 1.93 1.93 1.94
Ca 3.35 4.09 3.60
K 1.60 2.04 1.93
Ti 0.22 0.26 0.31

tative measurements, 24.4 g of the sandstone specimen is crushed into a fine powder,165

from which 1.5 g are mixed with Lithium-Tetraborate at a ratio of 1:5 to produce the166

fusion beads. The mixture is processed for the loss on ignition (LOI) measurement167

at 1050 ◦C for 2 hours and then melted at 1080 ◦C, using the PANalytical Eagon 2168

fusion instrument. We used both X-ray fluorescence (XRF, PANalytical AXIOS)169

and Laser Ablation Inductively Coupled Plasma Mass Spectrometry (LA-ICP-MS,170

193 nm ArF-Excimer laser ablation system coupled with Perkin Elmer 6100 DRC171

quadrupole ICP-MS) to analyze the element weight percentage of the fusion beads172

in the Institute of Geochemistry and Petrology at ETH Zürich. Weight percentages173

of 10 major oxides and 21 trace elements are determined during the XRF analysis,174

using approximately 30 certified international standards for calibrations. We mea-175

sured weight percentages of 64 elements/isotopes during the LA-ICP-MS analysis,176

using BCR-2 as the standard material for quality control. The weight percentages177

of the major elements are listed in Table 2, showing consistency among all analyses.178

2.3. Surface area characterization179

The mass-specific surface area (SSA) of the rock specimen is measured employing180

a gas adsorption method, based on the Brunauer-Emmett-Teller (BET) theory. The181

measurements are conducted using a surface area analyzer, TriStar 3000, in the182

Particle Technology Laboratory at ETH Zürich. Before the BET measurements,183

small pieces of the rock specimen (in total 3.6 g) are vacuumed at 150 ◦C for about184
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15 hours. During the BET measurements, nitrogen is used as the adsorption gas at185

a temperature of 77.3 K. A 5-point method is adopted, yielding a bulk SSA of the186

specimen of 1.6700 ± 0.0019 m2/g, with a correlation coefficient of 0.99995. This187

bulk SSA later serves as the benchmark and the objective function (Section 3.4).188

3. Methodology189

The goal of this study is to develop a joint method that can accurately determine190

the ASA for each individual mineral in a multi-mineral system. This joint method is191

illustrated by the flow chart in Figure 1, with detailed descriptions in the sub-sections192

that follow.193

Segmentation 
of pore space
(Section 3.1)

Segmentation of 
mineral phases
(Section 3.2)

Image-based 
ASA & GSA
(Section 3.3)

Scaling factor (SF) 
determination
(Section 3.4)

Mineral ASA 
calculation
(Section 4.2)

SSA of single 
mineral (BET Lit.)

SEM-EDS image

Color-coded 
SEM image
(1.2 𝜇m res.)

GSI threshold of 
SEM-BSE image

Validated by 
element content

Specimen SSAtotal
(BET-measured)

Porosity & PSD
measurement

Monte-Carlo approach
(Section 3.4)

BET!,#!$ ≤ SF!×GSA! ≤ BET!,#%&

BET'(',#!$ ≤ SSA'(' ≤ BET'(',#%&

SSA'(' ≤+
!)*

!)+

SF!×ASA!

Figure 1: Flow chart of the proposed joint method. The gray boxes represent the main steps of
the joint method. The white boxes describe the supporting measurements/validations for the main
steps.

3.1. Segmentation of the pore space194

The gray-scale index (GSI) in the SEM-BSE image varies from 0 to 255, depend-195

ing on the mean atomic number. Pixels with a smaller GSI appear darker in the196

SEM-BSE image, depicting a less dense mineral (or pores), whereas pixels with a197

larger GSI appear brighter in the SEM-BSE image, indicating a denser mineral. The198

logarithmic histogram of the GSI of the SEM-BSE image (1.2 µm resolution) is shown199

as a dark blue curve in Figure 3a. The first peak of the GSI histogram plots at 0,200

representing the pore space. The second GSI histogram peak plots at 130-150, repre-201

senting quartz (the mineral with the smallest mean atomic number in this sandstone202

specimen). To note, the GSIs between these two peaks come from the transition203

pixels between the pores and the solids, depending on the image resolution.204

This wide range of GSI along the pore-solid boundaries poses a challenge in the205

segmentation of the pore space and thus the determination of the porosity as well as206
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the PSD and the ASA analyses. Therefore, an appropriate GSI threshold needs to207

be determined to separate between pore space and solid. It is well-known that the208

image resolution determines the covered area of a single pixel, which subsequently209

affects the GSI value of that pixel in the scanned sample. In other words, the GSI210

distribution, especially for the pore-solid pixels, depends on the image resolution.211

To illustrate the effect of image resolution on GSI distribution, we re-size the SEM-212

BSE image (Figure 2a) from the original resolution of 1.2 µm to lower resolutions213

(down to 10.8 µm). Although the locations of the peaks in the GSI histogram214

remain unchanged, the differences in GSI frequency are bigger at the two ends of the215

spectrum, due to the loss of pixel features after the resizing of the image (Figure 3a).216

Most importantly, as the image resolution is lowered, the GSI frequency of the first217

peak (GSI=0) decreases and that of the pore-solid boundary pixels (2 ≤ GSI ≤218

130) increases. These changes directly influence the pore space segmentation. To219

obtain an appropriate GSI threshold for the pore segmentation, we examine four220

GSIs (GSI = 10, 15, 20 and 25) as the thresholds to binarize the original and the221

re-sized images. According to the principle of stereology (Weibel, 1969), the 2D area222

density (m2/m2) is equivalent to the 3D volume density (m3/m3). The pore fraction223

of the specimen can thus be approximated by the 2D area density, given here by the224

ratio of the pore pixels to the total image pixels. We compute the pore fractions of225

each binary image with different resolutions and thresholds and show the results in226

Figure 3(b). For the same GSI threshold, the pore fraction decreases as the image227

resolution decreases. Similar relationships between the accumulative pore volume228

fraction and the detectable pore size at a certain pressure are found in mercury229

intrusion measurements. Assuming that pores smaller than a certain resolution do230

not contribute to the detectable pore fraction, using the PSD data (Figure 3c), we can231

calculate the pore fraction for each desired resolution (Figure 3b). This calculation232

agrees well with the pore fraction curve obtained by using a GSI threshold of 20.233

Therefore, we use 20 as the GSI threshold to generate a binary SEM-BSE image234

for pore segmentations. Employing the ImageJ Xlib plugin, which measures the235

segmented pore size with a circle, we obtain a continuous PSD calculation (Figure 3c).236

A good agreement between the porosimetry-measured PSD and the calculated PSD237

can be observed, when the pore size is smaller than ∼20 µm. However, a mismatch238

between the two PSDs is given for pore sizes larger than ∼20 µm. This mismatch239

might be due to the differences in measuring 2D and 3D pore sizes (Münch and240

Holzer, 2008; Latief, 2016). To confirm our hypothesis, we use a 3D micro-CT data241

set, with a resolution of 1.1 µm, to calculate another PSD (Figure 3c). It is clear242

that the porosimetry-measured PSD agrees well with the PSD obtained from the243

3D micro-CT data set. Nonetheless, using the porosimetry-measured PSD, we can244

independently determine a GSI threshold for the pore segmentation. To the best of245

our knowledge, this method to determine GSI threshold has never been reported.246

3.2. Segmentation of the mineral phases247

We segment individual minerals in the color-coded SEM-EDS image to obtain a248

set of distribution maps of each mineral at a resolution of 2.4 µm. We then register249
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Figure 2: (a) Gray scale SEM-BSE image at a resolution of 1.2 µm and (b) the color-coded mineral
distribution map at a resolution of 1.2 µm, registered with the SEM-EDS image. A 5× enlargement
of the rectangular box is inserted in the top-right of each figure.
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Threshold=20a

b

c

d0

Figure 3: (a) Histograms at a logarithmic scale of the gray-scale indexes (GSI) of the SEM-BSE
image at various resolutions. (b) The effect of image resolution on pore fractions at different GSI
thresholds, where d0 is the reference resolution of the porosimetry measurement. The black circles
represent the pore fractions calculated using mercury porosimetry data. (c) Comparison of pore
size distributions from mercury intrusion porosimetry, SEM-BSE image analysis (1.2 µm), and 3D
micro-CT analysis (1.1 µm).
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the higher resolution (1.2 µm) pore geometry map (the SEM-BSE image) with the250

mineral distribution maps (the SEM-EDS image) to deliver a mineral map with a251

resolution of 1.2 µm (Figure 2b). Note that during the image registration, because of252

the resolution difference, there are residual gaps between some of the mineral grains.253

These gaps are then filled with the closest mineral in the map. Later on this mineral254

map is referred to as the color-coded SEM image.255

Similar to the pore fraction calculation, the volume fraction of each mineral is256

obtained based on the principle of stereology (Weibel, 1969). We calculate the volume257

fraction of each mineral by dividing the sum of the corresponding mineral pixels by258

the total image pixels. Then, we determine the mass fraction of each mineral as259

the product of its volume fraction and its typical density (Table 1). Additionally,260

we calculate the element weight percentages based on mineral chemical formulae261

(Table 1), mineral volume fractions, and mineral densities. The calculated element262

weights agree well within the two independent measurements using the XRF and263

LA-ICP-MS analyses (Table 2).264

3.3. Image-based surface areas265

With the obtained color-coded SEM image, we calculate the perimeter density266

(m/m2) for each mineral phase. Based on the principle of stereology (Weibel, 1969),267

the mineral SSA (m2/g) can be estimated as:268

SSA =
4

πρb
P, (1)

where 4/π is the stereological bias correction factor, ρ is the rock/mineral density269

(g/m3), b is the pixel size (m/pixel), and P is the perimeter density in the 2D image270

(pixel/pixel2). During the calculation of the image-based geometrical surface area,271

we define two types of surface areas, namely the accessible surface area (ASA) and272

the grain surface area (GSA), analogous to the BET measurements on the sandstone273

specimen (Luhmann et al., 2014) and the crushed single-mineral grains (Feng-Chih274

and Clemency, 1981; Stillings and Brantley, 1995; Kalinowski and Schweda, 1996;275

Richter et al., 2016), respectively. The ASA of individual minerals represents the276

specific surface are (SSA) of each mineral that is exposed to the pore space in the277

sandstone. Thus, in Equ. 1, ρ is the rock bulk density (2.11 g/cm3) and P is the ratio278

of the pore-mineral interface perimeter to the total image area for the calculation of279

the ASA. The GSA of individual minerals represents the SSA of the mineral grains280

in single mineral (here all grain surface areas are accounted for, including the area281

exposed to pore space and that in contact with other minerals). Therefore, in Equ. 1,282

ρ is the corresponding mineral crystal density (listed in Table 1) and P is the ratio283

of the total mineral grain perimeter to the total mineral area of that specific mineral,284

used to calculate the GSA.285

3.4. Scaling factor (SF) determination: a Monte-Carlo approach286

Compared to the BET measurements of surface area, due to the inherent limits in287

resolution, the image analysis could not provide enough information on the mineral288
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surface roughness for the surface area calculations (Section 3.3).To account for the289

contribution of surface roughness, we propose surface roughness scaling factors (SF),290

given by the ratio of the actual physical surface area (usually measured using the291

BET method) to the image ASA or GSA. It is common that during BET surface292

area measurements, mono-mineralic samples are ground to a powder with a grain293

size of 50-200 µm (Feng-Chih and Clemency, 1981; Stillings and Brantley, 1995;294

Kalinowski and Schweda, 1996; Richter et al., 2016), which is similar to the grain295

size (65 µm - 250 µm) of our sandstone sample. Therefore, the GSA of individual296

minerals in our sandstone sample should yield similar specific surface areas as the297

SSA of single-mineral grains, measured using the BET method. In this study, the298

GSAs of individual minerals in the sandstone sample is calculated as the product299

of the pixel-based contour GSAs from the color-coded SEM image (Figure 2b) and300

their corresponding SFs. Then we constrain the calculated GSA by the minimum301

and maximum BET-measured SSAs of the same mineral, reported in previous studies302

(Table 3), as shown in Equ. 2.303

BETi,min ≤ SFi × GSAi ≤ BETi,max, (2)

where BETi,min and BETi,max are the lower and upper bounds, respectively, of the304

reported GSAs of the ith-mineral, measured using the BET method and GSAi is the305

pixel-based contour GSA of the ith-mineral calculated from the color-coded SEM306

image (Figure 2b). In addition, the sum of the ASA of individual minerals in the307

sandstone sample equals that of the total SSA of the sandstone sample from our308

BET measurement, SSAtotal,309

SSAtotal =
i=N∑
i=1

SFi × ASAi, (3)

where ASAi is the pixel-based contour ASA of the ith-mineral, calculated from the310

color-coded SEM image (Figure 2b), and N is the total number of minerals in the311

sandstone (here N = 6). The total SSA of the sandstone is measured using the BET312

method, as described in Section 2.3,313

BETtotal,min ≤ SSAtotal ≤ BETtotal,max, (4)

where BETtotal,min = 1.6681 m2/g and BETtotal,max = 1.6719 m2/g are the lower314

and upper bounds, respectively, of the total SSA, measured by the BET method.315

Clearly, determining 6 SFs with the above three equations, Equs. 2-4, results in an316

under-determined mathematical problem. A common solution for under-determined317

problems is the Monte-Carlo method. Specifically, we can determine a most probable318

SF for each mineral, which satisfies Equs 2-4. To acquire the most probable SF for319

each mineral, we have set up a Monte-Carlo method to analyze the probability dis-320

tributions of all the potential SFs. First, we uniformly generate 100 million random321

populations of each SFi of the ith-mineral, under the constraint of Equ. 2, shown322

as gray-shading in Figure 4. Then, from the randomly generated SFi, we select the323
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populations of SFi that fulfill both Equ. 3 and Equ. 4. Subsequent to the selection324

of the SFi, the histograms of the six selected SFis are examined. If the histogram of325

a selected SFi shows a nonuniform distribution, this indicates that the ith-mineral326

dominantly contributes to the total ASA in the sandstone. The mean value of the327

selected SFi is taken as the most probable SFi for the ith mineral, so that this SFi328

enters Equ. 3 as a known value. In contrast, when the histogram of a selected SFi329

exhibits a uniform distribution, this implies that the ASA of the ith-mineral con-330

tributes an insignificant amount to the total ASA of the sandstone, compared to331

the other minerals, so that in most cases a re-selection process is needed. This re-332

selection of SFis is carried out for these remaining minerals, using Equs. 3 and 4, with333

all the previously determined SFs. We repeat the SF selection process, each time334

re-examining the histograms, until all SFs are determined. Our selection procedure335

is illustrated by Figure 4. Note that for minerals that contribute extremely insignifi-336

cantly to the total ASA (less than the standard deviation of the BET measurement),337

such as ilmenite in this sandstone, the histograms of the selected SFs can remain338

uniform (i.e., no populations of the randomly generated SF is filtered out) until the339

end of the selection. In such cases, the mean value of all SFs within the uniform340

histogram is taken as the most probable SFi for this mineral. Finally, we multiply341

the obtained SFi by its corresponding mineral ASA, ASAi, provided by the image342

analysis (Section 3.3), to derive the actual ASAs of each mineral with the roughness343

correction at the same resolution of the BET measurements.344

4. Results and discussions345

4.1. Porosity and pore size distribution346

As we have stated in Section 3.1, choosing an appropriate gray-scale index (GSI)347

threshold for the binarization of the SEM image is the foundation of further pore348

space and surface area analyses. Section 3.1 suggests that the image resolution needs349

to be evaluated during the GSI determination, as a lower image resolution leads to350

a lower pore fraction (Figure 3b). As suggested by the pore volume calculation,351

using the mercury intrusion porosimetry data, a GSI threshold of 20 is selected to352

generate the pore geometry map from the 2D SEM image (Figure 3a). The pore353

fraction, calculated from this pore geometry map is 17.5 %, which is 20 % lower than354

the porosity, 21.9 %, measured by helium gas pycnometer. This under-estimation of355

the pore fraction is expected, given the limited image resolution.356

Figure 3c shows the pore size distribution (PSD) obtained from the 2D pore357

geometry map (with a resolution of 1.2 µm), in comparison to the PSD calculated358

from mercury intrusion measurements and 3D micro-CT scans (with a resolution359

of 1.1 µm). The PSD from the 2D image shows a peak in the pore volume at a360

pore size of ∼30 µm, with a measurable range of 1.2 - 100 µm. In contrast, both361

the mercury porosimetry and the 3D CT results show a pore volume peak at a362

pore (throat) size of ∼15 µm, with a measurable range of 0.01 - 100 µm and 2.2 -363

80 µm, respectively. Both SEM and CT image analyses can largely reproduce the364

PSD curve, obtained from the mercury intrusion measurement, indicating that the365
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GSI threshold of 20 is a suitable threshold for the image processing of this rock366

specimen. The slight shift in the SEM image PSD results, compared to the 3D PSD367

results (mercury intrusion and CT data), may be caused by the 2D/3D stereological368

difference (Münch and Holzer, 2008; Latief, 2016).369

4.2. Specific surface area370

The stereological analysis of the SEM images yields a total SSA (i.e.,
∑

ASAi)371

of 0.042 m2/g, while the BET-measured SSA is 1.6700 ± 0.0019 m2/g. After the372

segmentation of mineral phases, the image-based accessible surface area (ASA) for373

each mineral are calculated and listed in the row of ‘ASA from image (m2/g)’ in374

Table 3. Similarly, the image-based grain surface areas (GSAs) for each mineral are375

also calculated and documented in the row of ‘GSA from image (m2/g)’ in Table 3.376

By multiplying the most probable SF, obtained from the Monte-Carlo analysis (the377

row of ‘SF applied to SSA’ in Table 3), both the image-based ASA and the GSA378

can be downscaled to the same resolution as that of the BET measurements. In this379

study, we term the downscaling ASA and GSA as the corrected ASA (the row of380

‘Corrected ASA (m2/g)’ in Table 3) and the corrected GSA (the row of ‘Corrected381

GSA (m2/g)’ in Table 3), respectively. As expected, the corrected GSA falls into382

the range of SSAs for a single mineral, reported by previous studies, using BET383

measurements on powder (the row of ‘GSA from BET Lit. (m2/g)’ in Table 3). The384

Monte-Carlo algorithm yields the histograms of the SF for the individual minerals,385

as shown in Figure 4, where the blue shades represent the selected SFs out of the386

uniformly distributed SFs (gray shades) which are generated randomly. The mean387

values of the SFs are indicated by the vertical red lines in Figure 4. As stated in388

Section 3.4, the mean values of the SFs are taken as the most probable SF and used389

for the ASA and GSA corrections. The order of the SF determination is largely390

controlled by the mineral’s surface area contribution to the total surface area of the391

rock sample. For example, in our sandstone specimen, the SF of kaolinite is the392

first one being determined, due to its high image-based ASA and high SSA value393

reported in its BET measurement. Quartz is the second mineral being determined,394

because of its large abundance in this sandstone specimen. The order of the SF395

determination is indicated by the numbers in the up-left corner of each sub-figure in396

Figure 4. After applying the SF to the ASA of each mineral, we derive a total SSA of397

1.67 m2/g for the sandstone specimen, the same value as the mean total SSA value398

provided by the BET measurements. As shown in Table 3, the surface roughness399

correction significantly increases the surface area fractions of the clay minerals, such400

as kaolinite. For a mass fraction of 7.9 % in this sandstone specimen, kaolinite401

provides 81.2 % of the total SSA of the specimen. This is expected, as clay minerals402

usually accommodate large amounts of micro-features, smaller than the SEM image403

pixel size (1.2 µm). In contrast, quartz only provides 7.3 % of the total SSA, while it404

comprises 58.4 wt. % of the specimen. After the correction of surface roughness, the405

ASAs of muscovite and dolomite are also considerably elevated, compared to their406

image-based values, due to their flaky and porous features.407

However, although the Monte-Carlo algorithm significantly reduces the introduc-408
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tion of resolution-induced errors during the ASA estimation, the resolution of the409

mineral/pore image still plays an important role. The major challenge in processing a410

relatively low-resolution image lies in the appropriate segmentation of minerals, often411

leading to poorly described mineral geometry structures and distributions. To illus-412

trate the image resolution effect on the ASA estimation, we calculate the ASA/GSA413

ratio from images that cover the same area, but which have different resolutions (we414

resolved the original gray-scale image at resolutions of 2.4 µm, 3.6 µm, 4.8 µm, and415

6.0 µm, using bicubic interpolation). Due to the coarsening of the pixels, the mineral416

contours are becoming blurred and the mineral distribution is altered, according to417

the chosen GSI thresholds for each mineral and applying denoising filters. Table 4418

lists the obtained SFs, as well as the resultant ASA and GSA at different image419

resolutions. The relative differences in the ASAs, with respect to the ASA, obtained420

with the original image, are plotted in Figure 6. The relative differences for most421

minerals are still low (less than 25 %) with resolutions of 2.4 µm and 3.6 µm, as422

the mineral phases can still be appropriately separated at these resolutions. When423

the image resolution further decreases to 4.8 µm, the relative differences for most424

minerals exhibit a sharp increase. Note that at the resolution of 4.8 µm, the resul-425

tant GSA of kaolinite is already very close to the upper bound of the reported BET426

measurements (78.0 m2/g, as shown in Table 3). The high GSA of kaolinite causes427

concerns regarding the Monte-Carlo algorithm: if no proper SF can be determined428

for the kaolinite, which exhibits the largest surface area in this sandstone specimen,429

Equ. 3 will not be satisfied by adjusting the surface areas of the other minerals.430

For example, when the image resolution is 6.0 µm or lower, the Monte-Carlo algo-431

rithm could not find any solution for the SF, due to the poorly represented mineral432

distribution at lower image resolutions.433

4.3. Uncertainty analysis434

It is known that solutions of the Monte-Carlo analysis might be affected by the435

choice of randomness and the population size. To understand the uncertainty of our436

Monte-Carlo analysis in this study, we examine the sensitivity of the mean value437

and standard deviation (std) of the calculated SF on the SF population size. We438

thus randomly generate groups of SFs with various population sizes, from 1 × 105,439

5 × 105, 1 × 106, 5 × 106, 1 × 107, 5 × 107, to 1 × 108. For each population size, we440

consider two scenarios, one with 100 and one with 1000 realizations, to calculate the441

mean value and the standard deviation of the SF. As shown in Figure 5, the change in442

realization number (from 100 to 1000) does not affect the mean value or the standard443

deviation of the calculated SF, indicating a sufficiently large realization number for444

the uncertainty analysis. The population size does not affect the mean value of the445

SF either. However, a larger population size reduces the standard deviation of the446

calculated SF. In this study, the Monte-Carlo calculation with a population size of447

1×108 at 1000 realizations is used as a reference scenario, from which the mean value448

is used to correct the ASAs (Table 3), where the standard deviation is reported as449

the uncertainty (Figure 4).450
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Figure 4: Roughness scaling factors (SFs), obtained by the Monte-Carlo algorithm. The gray
shade represents the uniformly-distributed SFs, generated by a uniform random process with the
constraint of Equ. 2. The blue shade represents the distribution of the selected SF, i.e., the Monte-
Carlo solutions to Equs. 3 and 4. The red vertical lines indicate the mean of the selected SFs. The
numbers in the upper-left corners in each panel indicates the determination order of the SFs.
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a

Population size

b

Figure 5: (a) Mean values and (b) standard deviations of scaling factors (SFs), based on two
scenarios, one with 100 (in gray) and one with 1000 (in red) realizations. Each scenario is performed
with SF population sizes from 105 to 108.

16



-50

0

50

100

0 1.2 2.4 3.6 4.8 6

R
el

et
iv

e d
iff

er
en

ce
 (%

)

Image resolution (𝜇m)

Quartz Dolomite

K-feldspar Muscovite

Kaolinite Ilmenite

Figure 6: Relative differences (×100%) in the determined ASAs for different image resolutions,
compared to the original image resolution (1.2 µm).

5. Conclusions451

This study introduces an image-based method to quantify the accessible surface452

area (ASA) of each individual mineral in a multi-mineral natural rock. A Monte-453

Carlo algorithm is developed to determine the most probable surface roughness scal-454

ing factor (SF) for each mineral, with the support of BET measurements. This455

Monte-Carlo method enables us to downscale the image pixel/voxel resolution to the456

BET resolution at the atomic level and, thus, reduces the ASA estimation error,457

induced by the limits of image resolution. With the application of this method, the458

ASA can be determined at sufficiently high precision (i.e., at the BET resolution),459

which is beneficial for both reactive transport experiments and numerical modelling.460

This surface area correction approach is particularly important in studies of chem-461

ical surface reactions. As reported in previous reactive transport experiments (Menke462

et al., 2015; Beckingham et al., 2017; Al-Khulaifi et al., 2018), the effective reactive463

surface area is usually one or two orders of magnitude smaller than the physical464

ASA, likely due to heterogeneous pore-scale mass transport. To infer the effective465

reactive surface area of the dolomite in this sandstone, the here calculated ASA of466

this dolomite (Table 3) is used to post-process a reactive transport experiment re-467

sults (Ma et al., 2019). During the experiment, a 0.8 mol/L CO2-enriched brine is468

circulated at a constant rate of 2 ml/min. Our geochemical reaction calculations469

suggest a low dolomite surface efficiency of 1.36%. This efficiency is later validated470

by a stochastic model performed on the SEM image shown in Figure 2b (Ma et al.,471

2019). We, therefore, conclude that our joint method can effectively estimate the472

ASAs of individual minerals at atomic scales.473
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Table 3: Surface roughness correction for the GSA and ASA values from the SEM image analysis,
based on surface area measurements, using the BET method. The literature data are for BET-
measured GSA values of single minerals (in powder): quartz (Qtz.) (Tester et al., 1994; Navarre-
Sitchler et al., 2013; Zhang et al., 2015), dolomite (Dol.) (Pokrovsky et al., 2005; Zhang et al., 2014),
K-feldspar (Kfs.) (Stillings and Brantley, 1995; Richter et al., 2016), muscovite (Mu.) (Feng-Chih
and Clemency, 1981; Kalinowski and Schweda, 1996; Richter et al., 2016), and kaolinite (Kln.)
(Wieland and Stumm, 1992; Devidal et al., 1997; Dawodu and Akpomie, 2014; Hai et al., 2015; Tan
et al., 2017).

Qtz. Dol. Kfs. Mu. Kln. Ilm. Total

GSA from
image (m2/g)

0.041 0.047 0.053 0.100 0.232 0.078

ASA from
image (m2/g)

0.0173 0.0030 0.0034 0.0038 0.0149 0.0004 0.042

GSA from
BET Lit.
(m2/g)

0.02-
0.55

0.07-
1.96

0.08-
0.25

0.66-
5.53

13.2-
78.0

SF applied to
SSA

7.00 21.79 3.09 30.90 91.00 3.69

Corrected
GSA (m2/g)

0.287 1.024 0.164 3.090 21.112 0.288

Corrected
ASA (m2/g)

0.121 0.065 0.011 0.117 1.356 0.001 1.670

ASA fraction
(%)

7.25 3.89 0.66 7.01 81.20 0.06
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Table 4: ASA and GSA calculations at different image resolutions.

Qtz. Dol. Kfs. Mu. Kln. Ilm. Total

Image resolution 1.2 µm (original)

SF 7.00 21.79 3.09 30.90 91.00 3.69

GSA (m2/g) 0.287 1.024 0.164 3.090 21.112 0.288

ASA (m2/g) 0.121 0.065 0.011 0.117 1.356 0.001 1.670

Image resolution 2.4 µm

SF 4.05 12.77 1.92 17.95 113.51 2.63

GSA (m2/g) 0.280 1.014 0.166 2.990 36.555 0.284

ASA (m2/g) 0.128 0.063 0.013 0.131 1.334 0.001 1.670

Image resolution 3.6 µm

SF 2.88 9.58 1.43 12.33 164.10 2.28

GSA (m2/g) 0.279 1.039 0.166 2.984 65.013 0.285

ASA (m2/g) 0.123 0.061 0.013 0.128 1.345 0.001 1.670

Image resolution 4.8 µm

SF 4.09 12.25 1.00 16.20 176.30 2.00

GSA (m2/g) 0.518 1.711 0.163 5.177 77.580 0.286

ASA (m2/g) 0.222 0.093 0.013 0.213 1.129 0.001 1.670
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