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Accessible surface areas (ASAs) of individual rock-forming minerals exert a fundamental control on the
maximum mineral reactivity with formation fluids. Notably, ASA efficiency during fluid-rock reactions can vary
by orders of magnitude, depending on the inflow fluid chemistry and the velocity field. Due to the lack of
adequate quantification methods, determining the mineral-specific ASAs and their reaction efficiency still remain
extremely difficult. Here, we first present a novel joint method that appropriately calculates ASAs of individual
minerals in a multi-mineral sandstone. This joint method combines SEM-image processing results and BrunauerEmmett-Teller (BET) surface area measurements by a Monte-Carlo algorithm to derive scaling factors and ASAs
for individual minerals at the resolution of BET measurements. Using these atomic-scale ASAs, we then inves
tigate the impact of flow rate on the ASA efficiency in mineral dissolution reactions during the injection of CO2enriched brine. This is done by conducting a series of pore-scale reactive transport simulations, using a twodimensional (2D) scanning electron microscopy (SEM) image of this sandstone. The ASA efficiency is deter
mined employing a domain-averaged dissolution rate and the effective surface area of the most reactive phase in
the sandstone (dolomite). As expected, the dolomite reactivity is found to increase with the flow rate, due to the
on average high fluid reactivity. The surface efficiency increases slightly with the fluid flow rate, and reaches a
relatively stable value of about 1%. The domain averaged method is then compared with the in-out averaged
method (i.e the “Black-box” approach), which is often used to analyzed the experimental observations. The in-out
averaged method yields a considerable overestimation of the fluid reactivity, a small underestimation of the
dolomite reactivity, and a considerable underestimation of the ASA efficiency. The discrepancy between the two
methods is becoming smaller when the injection rate increases. Our comparison suggests that the result inter
pretation of the in-out averaged method should be contemplated, in particular, when the flow rate is small.
Nonetheless, our proposed ASA determination method should facilitate accurate calculations of fluid-mineral
reactivity in large-scale reactive transport simulations, and we advise that an upscaling of the ASA efficiency
needs to be carefully considered, due to the low surface efficiency.
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1. Introduction
Natural or engineered geological systems, such as enhanced
geothermal systems (EGS) (Althaus and Edmunds, 1987; Pandey et al.,
2015) and carbon capture, utilization, and storage (CCUS) systems (Xu
et al., 2003; Gaus, 2010; Luhmann et al., 2014; Tutolo et al., 2015;
Randolph and Saar, 2011; Saar et al., 2012; Adams et al., 2015; Garapati
et al., 2015; Fleming et al., 2020; Ezekiel et al., 2020), often involve
fluid-rock reactions. These reactions could lead to mineral dissolution
and/or precipitation which may cause dramatic changes in the reservoir

hydraulic properties (Nogues et al., 2013; Cai et al., 2009; Cheshire
et al., 2016; Yasuhara et al., 2017; Voskov et al., 2017; Ma et al., 2020).
A key parameter controlling the rates of these surface reactions is the
effective surface area (ESA) of the minerals, which is defined as the area
of the mineral surfaces that is actively participating in the reactions.
Accurate estimation of the mineral-specific ESAs thus plays a critical
role in chemical interpretations of field and laboratory observations, and
provides an essential input for reactive transport modelling, involving
fluid-rock reaction kinetics (Luhmann et al., 2014; Beckingham et al.,
2016; Ma et al., 2019a, 2020). The mineral ESA is governed by the
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accessible surface area (ASA) of individual minerals, and the ASA effi
ciency during chemical reactions between the fluid and the minerals.
The ASA of a mineral describes the mineral-specific surface area that
is physically exposed to the pore space. Determination of mineralspecific ASAs in a multi-mineral system is challenging, due to the lack
of adequate surface area quantification methods (Bourg et al., 2015; Ma
et al., 2019b). The ASA of a porous rock has been reported to be esti
mated by geometric calculation, gas absorption measurement, and
geochemical calculation. Geometric calculations of ASA employ various
grain models (Gunter et al., 2000; Xu et al., 2004; Cubillas et al., 2005;
White et al., 2005; Knauss et al., 2005) and image-based pixel/voxel
surface area determinations (Peters, 2009; Landrot et al., 2012; Ellis and
Peters, 2016; Lai et al., 2015; Beckingham et al., 2016, 2017; Kweon and
Deo, 2017). Those methods can usually account for the heterogeneous
distribution of mineral ASAs, however, at the expense of preserving
structural details, such as grain surface roughness and clay mineral
features, due to requiring an assumption of simple grain shapes or lim
itations in image resolution (Qin and Beckingham, 2018). Gas absorp
tion measurements, based on the Brunauer-Emmett-Teller (BET) theory
(Brunauer et al., 1938; Dogan et al., 2006), provide a material’s total
surface area at the atomic-scale resolution. BET measurements suffi
ciently resolve surface roughness, but cannot provide mineral-specific
information. ASAs of minerals can also be inferred using geochemical
modelling of batch or flow-through reactive experiments (Noiriel et al.,
2009; Luhmann et al., 2014). However, ASAs estimated by reaction
experiments usually depend on the experiment conditions and are thus
difficult to extrapolate to other conditions. For example, heterogeneous
flow properties, such as the velocity field, fluid mixing, and varying
diffusion rates may introduce significant uncertainty when estimating
ASAs (Li et al., 2006).
In recent studies, attempts have been made to estimate mineral ASAs
by combining scanned images (e.g., scanning electron microscope (SEM)
images) and Brunauer-Emmett-Teller (BET) measurements (Peters,
2009; Lai et al., 2015; Beckingham et al., 2016, 2017; Kweon and Deo,
2017). A scaling factor (SF) has been proposed to amend the difference
between the pixel/voxel-based contour surface area and the BETmeasured value. For example, Knauss et al. (2005) suggested an ‘edge
factor’ of 10 for sheet silicate minerals, while Peters (2009) suggested an
SF with a range of 3–13 for clay minerals, depending on the clay content.
Furthermore, Lai et al. (2015) proposed a BET/image-based roughness
SF evaluation model, assuming that the SF of clay minerals is 10 times
that of non-clay minerals, which was used later by Kweon and Deo
(2017). Beckingham et al. (2016) followed yet another approach in
estimating ASAs in a multi-mineral sandstone, where ASAs of non-clay
minerals were calculated directly from scanning electron microscopy
(SEM) images, while the BET-measured values from the literature were
taken as the ASAs for clay minerals. These approximations and simpli
fications highlight the unsatisfactory situation of mineral-specific ASA
determinations.
In general, it is not easy to predict the reaction efficiency of these
ASAs in chemical fluid-rock reactions. The complex pore structures in
natural porous media often induce a wide range of local fluid flow ve
locities and degrees of fluid mixing, experienced by all migrating solutes
(Nissan and Berkowitz, 2019). The reaction between these solutes and
the heterogeneously distributed mineral surfaces can result in a signif
icantly different overall behavior of reactive transport, compared to that
in homogeneous media or to those found in pore-scale observations.
Therefore, the reaction rates, estimated from core-scale reactive flowthrough experiments, often bear uncertainties induced by the spatial
heterogeneity of the fluid velocity field, fluid composition, and mineral
reaction rates (Li et al., 2007; Liu et al., 2015). In addition, reactive flowthrough experiments on natural rocks are not easy to conduct and even
more difficult to reproduce, as it is virtually impossible to find identical
natural rock samples, while post-reaction samples have been modified
and are thus not suitable for comparison experiments. Thus, it is often
challenging to precisely determine the impact of different experiment

conditions (e.g., injection rate, fluid pressure, sample temperature, and
fluid composition) on the processes occurring in natural rock samples
during experiments.
Alternatively, pore-scale reactive modelling, in combination with
high-resolution image scanning (e.g., X-Ray Computed Tomography
(XRCT), scanning electron microscopy (SEM), etc.), has been proposed
as a promising tool to address the aforementioned issues. During this
approach, image scans provide structural and mineralogical informa
tion, such as pore geometry, mineral distribution, and mineral accessible
surface area (ASA) (Poonoosamy et al., 2019), which can then be used in
pore-scale reactive transport simulations. These pore-scale numerical
models, using such images as model input, can ideally be employed to
simulate the spatial evolution of the pore and mineral geometry due to
coupled hydraulic (flow plus transport) and chemical processes under
different conditions (i.e., boundary forcing), improving our under
standing of reaction processes (Ma et al., 2013; Katz et al., 2011). In this
study, we first develop a Monte-Carlo approach to effectively determine
ASAs of individual minerals in a multi-mineral sandstone specimen.
Then, these calculated ASAs are implemented in a two-dimensional (2D)
reactive transport model, which is developed based on SEM images from
the same specimen. CO2-enriched brine is injected into the model at
various flow rates, inducing dolomite cement dissolution reactions. The
evolution of the dolomite reactivity during fluid injection is calculated
for each fluid flow rate. In turn, the dependence of the overall reaction
rate and the effective surface area coefficient on the fluid injection rate is
determined. With appropriate upscaling, these results can improve
geochemical calculations in larger models.
2. Material
The rock specimens, used in this study, are sandstone taken at a
depth of 954.6 m from the geothermal well, Vydmantai-1, at the
southeast end of the Baltic Sea in Lithuania. The porosity of the sand
stone specimen (1 in. core) is determined as 21.9 ± 0.4%, employing a
helium Pycnometer in the Rock Deformation Laboratory at ETH Zürich.
The total mass-specific surface area (mass-SSA) of a rock piece (3.60 g) is
measured, employing the well-known Brunauer-Emmett-Teller (BET)
method in the Particle Technology Laboratory at ETH Zürich, yielding
1.6700 ± 0.0019 m2/g (Ma et al., 2019a, 2019b).
Backscattered electron (BSE) and Energy Dispersive X-Ray Spec
troscopy (EDS) SEM scans are performed on a thin section of the spec
imen in the Electron Microscopy Lab at ETH Zürich. The pore space is
segmented from the SEM-BSE image (Fig. 1a) by a segmentation method
proposed by Peters (2009), where the gray-scale threshold (dGth)
satisfies:
(
)
1 dN p
1 dN s
min
|
|+ |
| ,
(1)
Np dGth
Ns dGth
where Np and Ns is the number of pixels counted in the pore space and
solid phase, respectively. In this study, Eq. (1) yields a gray-scale
threshold of 20 for pore space segmentation. The pore size distribu
tion (PSD) of the segmented pore space is calculated and compared to
the specimen PSD measured by mercury intrusion porosimetry (in the
IGT Claylab at ETH Zürich), as shown in Fig. 2. Both PSD results indicate
that the majority of the pore volume (>97%) is provided by pores with
sizes between 0.1 μm and 70 μm, displaying a frequency peak at a pore
size of about 20 μm. The segmented pore space and the SEM-EDS image
are registered and merged into one image with a resolution of 1.2 μm
(Fig. 1b) for later image processing. Six different mineral phases are
identified from the SEM-EDS image, as listed in Table 1, where the
volume fraction of each mineral is calculated, employing the stereology
principle (Weibel, 1969) (Eq. (2)), which approximates the volumetrical
fraction using the area fraction in 2D. This means we calculate the
volume fraction of each mineral by dividing the sum of the corre
sponding mineral pixels by the total number of image pixels from the
2
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Table 1
Minerals, their chemical formulae and weight percentages in the studied sand
stone, identified by SEM image processing. The mineral densities come from
webmineral: http://webmineral.com/.
Mineral

Chemical formula

Density (g/
cm3)

Fraction (wt
%)

Quartz
Dolomite
K-feldspar
Muscovite

SiO2
Ca1.05Mg0.75Fe0.2(CO3)2
KAlS3O8
K0.5MgFe0.4Al1.2(AlSi3O10)
(OH)2
Al1.8Si2.2O5(OH)4
Ti5Fe2O12

2.62
2.84
2.56
2.82

58.38
15.78
11.15
6.07

2.60
4.72

7.93
0.69

Kaolinite
Ilmenite

kinds of surface areas are defined here: 1) an imaged-based area and 2) a
BET-equivalent area. The image-based area is the area directly calcu
lated from digital images (e.g. SEM images), and thus inherits the pixel
resolution of the underlying images. The BET-equivalent area is the area
from the BET measurements or the area calculated using the proposed
joint method. Note that in this study, we assume all the visible pores in
this 2D image are part of the connected pores, which contribute to the
BET-measured surface area of the 3D rock sample. This is a rational
assumption, considering that (1) the studied sandstone is not a clay-rich
sandstone (Table 1); and (2) the visible pores are of size larger than 2
μm, much larger than the inter-granular pores indicated by our mercury
intrusion porosimetry (Fig. 2).
3.1. Image-based ASA
With the obtained color-coded SEM image, we also calculate the
perimeter density (m/m2) for each mineral. Based on the stereology
principle (Weibel, 1969) where the 3D surface area density can be
approximated using the 2D perimeter density, the mineral specific sur
face area (SSA) (m2/g) can thus be estimated as:
SSA =

Fig. 1. (a) Gray-scale SEM-BSE image of the studied sandstone 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 of the studied sandstone. A 5×
enlargement of the rectangular box is inserted in the top-right of each
figure panel.

4

πρb

P,

(2)

color-coded SEM image (Fig. 1b). Then, we determine the mass fraction
of each mineral as the product of its volume fraction and its typical
density (Table 1).

where 4/π is the stereological bias correction factor, ρ is the rock/
mineral density (g/m3), b is the pixel size (m/pixel), and P is the
perimeter density in the 2D image (pixel/pixel2). During the calculation
of the image-based geometrical surface area, we define two types of
surface areas (Fig. 3), namely the accessible surface area (ASA) and the
grain surface area (GSA), analogous to the BET measurements on the
sandstone specimen (Luhmann et al., 2014) and the crushed singlemineral grains (Feng-Chih and Clemency, 1981; Stillings and Brantley,
1995; Kalinowski and Schweda, 1996; Richter et al., 2016), respectively.
The ASA of individual minerals represents the SSA of each mineral that
is exposed to the pore space in the sandstone. Thus, in Eq. (2), ρ is the
rock bulk density (2.11 g/cm3) and P is the ratio of the pore-mineral
interface perimeter to the total image area for the calculation of the
ASA. The calculated image-based ASA for each mineral is listed in the
row entitled ‘image-based ASA (m2/g)’ in Table 2, yielding a total SSA (i.
∑
e., ASAi) of 0.042 m2/g, where i indicates the ith mineral. The GSA of
an individual mineral represents the SSA of the mineral grains of this
mineral (here all grain surface areas are accounted for, including the
area exposed to pore space and that in contact with other minerals).
Therefore, in Eq. (2), ρ is the corresponding mineral crystal density
(listed in Table 1) and P is the ratio of the total mineral grain perimeter
to the total mineral area of that specific mineral, used to calculate the
GSA, as documented in the row entitled ‘image-based GSA (m2/g)’ in
Table 2.

3. Calculation of accessible surface area (ASA)

3.2. Determination of scaling factors

Fig. 2. Comparison of pore size distributions from mercury intrusion poros
imetry and 2D SEM image analysis (1.2 μm).

Image analyses could not provide enough information on the mineral
surface roughness, employed in surface area calculations, due to the

In this section, the procedure for ASA calculations is introduced. Two
3

J. Ma et al.

Chemical Geology 563 (2021) 120042

Fig. 3. Illustration of the 4 types of surface areas
(SSA, ASA, GSA, and ESA) of a mineral shaded in
green. Gray areas represent other minerals, and black
areas represent the pore space. SSA: the total massspecific surface area of all minerals, accounting for
all surfaces that are exposed to the pore space, indi
cated by the blue boundaries. ASA: accessible surface
area of a mineral, i.e., the surface area of that mineral
that is exposed to the pore space, indicated by the
yellow boundaries. GSA: grain surface area of a
mineral, accounting for the total surface of that
mineral grains, indicated by the pink boundaries.
ESA: effective surface area of a mineral, only ac
counting for the part of ASA that is actively partici
pate in the chemical reactions, conceptually indicated
by the red boundaries. (For interpretation of the
references to color in this figure legend, the reader is
referred to the web version of this article.)

Table 2
Surface roughness correction for the GSA and ASA values from the SEM image analysis, based on surface area measurements, using the BET method.
Image-based GSA (m2/g)
Image-based ASA (m2/g)
Literature measured GSA (m2/g)
Scaling factor (SF)
BET-equivalent GSA (m2/g)
BET-equivalent ASA (m2/g)
BET-equivalent ASA fraction (%)

Qtz.

Dol.

Kfs.

Mu.

Kln.

Ilm.

Total

0.041
0.0173
0.02–0.55
7.00
0.287
0.121
7.25

0.047
0.0030
0.07–1.96
21.79
1.024
0.065
3.89

0.053
0.0034
0.08–0.25
3.09
0.164
0.011
0.66

0.100
0.0038
0.66–5.53
30.90
3.090
0.117
7.01

0.232
0.0149
13.2–78.0
91.00
21.112
1.356
81.20

0.078
0.0004

0.042

3.69
0.288
0.001
0.06

1.670

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).

inherent limits in image resolution. Therefore, to account for the
contribution of surface roughness, we propose surface roughness scaling
factor (SF), which is given as the ratio of the target (BET-equivalent)
surface area to the image-based surface area (Navarre-Sitchler and
Brantley, 2007). The actual physical surface area of a porous material is
usually measured using the BET method. Here, we use BET measure
ments of powdered mono-mineralic samples (grain size 50–200 μm) to
estimate the target GSAs of individual minerals (grain size 65–250 μm)
in our sandstone sample (Ma et al., 2019b). The target GSAs are calcu
lated as the product of the image-based GSAs and their corresponding SF
values, constrained by the minimum and maximum BET-measured SSAs
of the same mineral, reported in previous studies (Tester et al., 1994;
Navarre-Sitchler et al., 2013; Zhang et al., 2015; Pokrovsky et al., 2005;
Zhang et al., 2014; Stillings and Brantley, 1995; Richter et al., 2016;
Feng-Chih and Clemency, 1981; Kalinowski and Schweda, 1996; Wie
land and Stumm, 1992; Devidal et al., 1997; Dawodu and Akpomie,
2014; Hai et al., 2015; Tan et al., 2017) (Table 2), as shown in Eq. (3),
BETi,min ≤ SFi × GSAi ≤ BETi,max ,

i=N
∑

SFi × ASAi ,

SSAtotal =

(4)

i=1

where ASAi is the image-based ASA of the ith-mineral, calculated from
the color-coded SEM image (Fig. 1b), and N is the total number of
minerals in the sandstone (here N = 6). Finally, the total SSA of the
sandstone is constrained using the BET measurements, as described in
Section 2,
BETtotal,min ≤ SSAtotal ≤ BETtotal,max ,

(5)

where BETtotal, min = 1.6681 m2/g and BETtotal, max = 1.6719 m2/g are the
lower and upper bounds, respectively, of the total SSA, measured by the
BET method. Clearly, attempting to determine 6 SF values with the
above three equations, Eqs. (3)–(5), yields a mathematically underdetermined problem. Thus, instead of acquiring deterministic values
for all 6 SFs, we calculate the most probable SF for each mineral, using a
Monte-Carlo method to determine the probability distributions of all
potential SF values, which satisfy Eqs. (3)–(5). We document our
determination process of SF in the following.
Three steps are performed iteratively in this procedure: SF popula
tion, SF selection, and SF determination. First, we uniformly generate
the populations of each SFi of the ith mineral, under the constraint of Eq.
(3), shown as gray-shading in Figs. 4 and 5. Then, from the uniformly
distributed SFi, we select the populations of SFi values that fulfill both
Eq. (4) and (5). Subsequent to the selection of the SFi, the histograms of

(3)

where BETi,min and BETi,max are the lower and upper bounds of the re
ported SSAs of the ith-mineral, measured using the BET method and
GSAi is the image-based GSA of the ith-mineral, calculated from the
color-coded SEM image (Fig. 1b). In addition, we assume that the sum of
the ASAs of individual minerals in the sandstone sample is equivalent to
that of the total SSA of the sandstone sample from our BET measurement
SSAtotal,
4
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Fig. 4. Illustration of different scenarios in the SF
selection. The gray shade represents the uniformly
distributed SF values which satisfy Eq. (3). The blue
shade represents the distribution of the selected SF
values which fulfills both Eqs. (4) and (5): (a) A
parabolic distribution with its mean value taken as
the most probable SF for this mineral; (b) a uniform
distribution, indicating negligible contribution of the
mineral’s surface area to the total ASA, and leading
to no selected SF; (c) a monotonic distribution of a
decreasing trend, indicating that the minimum SF
should be taken as the most probable SF; (d) a
monotonic distribution of an increasing trend, indi
cating the maximum SF should be taken as the most
probable SF; (e) a null distribution, suggesting that
no SF satisfies the selection criteria and a reconsideration of the SF constrains (Eqs. (3)) is
needed. (For interpretation of the references to color
in this figure legend, the reader is referred to the web
version of this article.)
Fig. 5. Roughness scaling factor (SF) values, ob
tained by the Monte-Carlo algorithm. The gray shade
represents the uniformly distributed SF values,
generated by a uniform random process with the
constraint of Eq. (3). The blue shade represents the
distribution of the selected SF, i.e., the Monte-Carlo
solutions to Eqs. (4) and (5). The red vertical lines
indicate the mean of the selected SF values. The
numbers in the upper-left corners in each figure panel
show the determination sequence of the SF values.
(For interpretation of the references to color in this
figure legend, the reader is referred to the web
version of this article.)

the six selected SFis are examined. The examination of SF is illustrated in
Fig. 4. If the histogram of the selected SFi values shows a distribution
with a single peak (e.g. parabolic distribution, as shown in Fig. 4a), the
mean value of the selected SFi is taken as the most probable SFi for the ith
mineral. If the histogram the selected SFi values shows a monotonic
distribution of a decreasing or an increasing trend (Fig. 4c and d), the
minimum or maximum SF value is taken as the most probable SFi for the

ith mineral, respectively. Once the most probable SFi is determined, it
enters Eq. (4) as a known value. In contrast, if the histogram of the
selected SFi values exhibits a uniform distribution (as shown in Fig. 4b),
we conclude that the ASA of the ith mineral has a negligible contribution
to the total ASA compared to the other minerals. In such cases, a reselection process is carried out for these minerals, employing Eqs. (4)
and (5), with all previously determined SF values. If no SF are
5
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successfully selected (as shown in Fig. 4e), the selection criteria (Eq. (3))
or the already-determined SF values need to be re-considered. We repeat
the SF selection process, each time re-examining the histograms, until all
SF values are determined.
Our selection process is illustrated by Fig. 5, where the blue shades
represent the selected SF values out of the uniformly distributed SF
values (gray shades) of 100 million random populations. The mean
values of the selected SF values are indicated by the vertical red lines.
Note that for minerals that contribute extremely insignificantly to the
total ASA in this sandstone (less than the standard deviation of the BET
measurement), such as ilmenite, the histograms of the selected SF values
can remain uniform (i.e., no populations of the randomly generated SF is
filtered out) until the end of the selection. In such cases, the mean value
of all populated SF values within the uniform histogram is taken as the
most probable SFi for this mineral.
Finally, we multiply the obtained SFi (the row entitled ‘Scaling factor
(SF)’ in Table 2) by its corresponding image-based surface areas, ASAi
and GSAi, to derive the target surface areas of each mineral with the
roughness correction. By doing so, both the image-based ASA and the
GSA can be down-scaled to the same resolution as that of the BET
measurements. In this study, we term the down-scaled ASA and GSA the
BET-equivalent ASA (the row entitled ‘BET-equivalent ASA (m2/g)’ in
Table 2) and the BET-equivalent GSA (the row entitled ‘BET-equivalent
GSA (m2/g)’ in Table 2), respectively.

Fig. 6. Illustration of the mineral and pore distributions in the 2D domain at a
pixel resolution of 1.2 μm. The main body of the domain has a width of 984
pixels (1.18 mm) and a height of 870 pixels (1.04 mm). A pore space of 50
layers of pixels (0.06 mm) is added both to the top and to the bottom of the
domain. Here, we assign a permeability of 10− 12 m2 to all pores, independent of
their size, and all mineral phases (solid) are assigned a permeability of
10− 16 m2.

4. Reactive transport modelling

Table 3
Pore fraction, mineral volume fraction, and accessible surface areas used in the
2D model, in comparison to values calculated with Fig. 1b.

During fluid-rock reactive transport, the saturation state of the fluid
is often spatially heterogeneous, leading to various local reaction rates.
When an average fluid composition is considered (e.g. from the inlet or
outlet fluid composition), an equivalent surface reaction efficiency is
generally defined (Ma et al., 2019a), formulating the the long-standing
question of surface efficiency during fluid-rock reactions. To address this
question, we employ our calculated BET-equivalent ASAs in previous
sections, and set up a two-dimensional (2D) conceptual model to
simulate a series of pore-scale reactive transport with the injection of
CO2-enriched brine into the above-described sandstone.

Pore fraction (vol%)
Quartz fraction (vol%)
Dolomite fraction (vol%)
Quartz ASA (m2/g)
Dolomite ASA (m2/g)
Bulk permeability (m2)

2D model

Full SEM image

20.4
47.22
17.13
0.153
0.186
1.95 × 10−

17.68
48.86
12.18
0.121
0.065
a
3.56 × 10−

14

13

a

The calculated bulk permeability of the 2D domain, using Darcy’s Law, is
compared to the initial bulk permeability measured by flow-through experi
ments (Ma et al., 2019a).

4.1. Model description
Using the SEM image and the obtained mineral surface areas, a 2D
reactive transport model is constructed with PFLOTRAN (Hammond
et al., 2014; Lichtner et al., 2015). The 2D model directly imports the
mineral and pore space distributions from a cropped part of Fig. 1b, with
a size of 984 × 870 pixels and a pixel size of 1.2 μm (Fig. 6). As small
channels in 2D images are critical for fluid flow and solute transport
processes, several small channels are artificially enlarged by 1–2 pixels
to ensure pore-space connectivity of the 2D model. The computational
domain is partitioned into 7 regions, i.e., one region of pore space and
six regions of individual minerals (Fig. 6). In the current model, all solid
(mineral phase) regions have a porosity of 1% and a permeability of
10− 16 m2, while the pore region has a porosity of 99% and a perme
ability of 10− 12 m2. To reduce boundary effects during the simulations,
50 layers of void (pore) pixels, equivalent to a thickness of 0.06 mm, are
added to both the top and the bottom of the domain (flow inlet and
outlet, respectively).
Key geometrical parameters of the 2D domain are listed in Table 3
and compared to the ones calculated with the full SEM image (Fig. 1b).
The pore volume fraction of the 2D sub-domain is 20.4% (excluding the
void pixels added to the inlet and outlet), which is about 15% higher
than the porosity (17.68%) calculated using the entire SEM image.
Compared to the entire SEM image, the sub-domain quartz has a 3%
lower volume fraction and a 26% higher accessible surface area (ASA),
while the sub-domain dolomite has a 41% higher volume fraction and a
186% higher ASA. Due to the spatial heterogeneity of the specimen and
the limited size of the 2D sub-domain, discrepancies in those

parameters, obtained from the entire SEM image and the image subdomain are expected. Note that the increase in pore fraction and min
eral ASAs are also partly caused by our artificial enlargements
(described above) along some narrow channels.
The corresponding specific surface area and the reaction rate pa
rameters of individual minerals are listed in Table 4. The mineral
dissolution/precipitation rate is calculated using the following equation
(Lichtner et al., 2015; Palandri and Kharaka, 2004):

Table 4
Reaction rate parameters (Palandri and Kharaka, 2004) and specific surface area
used in the 2D model. Here the specific surface area is calculated as the product
of the BET-equivalent mineral GSA (Table 2) and the corresponding mineral
density (Table 1).

Quartz
Dolomite
K-feldspar
Muscovite
Kaolinite

6

Rate constant
(mol
k298.15K
acid
cm− 2 s− 1)

n1

Activation energy
(kJ mol− 1 K− 1)

Specific surface
area (cm2 cm− 3)

1.0 × 10− 17
6.46 × 10− 8
8.71 × 10− 15
1.41 × 10− 16
4.9 × 10− 16

1.0
0.5
0.5
0.37
0.78

0
56.7
51.7
22.0
65.9

7591
79,082
4198
87,138
548,912
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⎡
− Eacid
R

dm
⎢ 298.15K
= − ASA⎣kacid
e
dt
(
298.15K
+kneut
e

− Eneut
R

298.15K
+kbase
e

1
1
T − 298.15K

achieved at each flow rate. During the initialization, the simulation
conditions (temperature, outlet pressure, flow rate) are kept the same as
during the subsequent reaction simulations, while chemical reactions
are not permitted (all the reaction rates of the minerals are set to zero).
All the cases are terminated after 30 PVs of CO2-charged brine injection,
when the system reaches its chemical ‘steady state’. The determination
of the chemical steady state and the ambiguity of long-term simulations
are described in Appendix B. Note that lower fluid injection rates pro
mote earlier arrivals (in PVs) of the steady state condition (Fig. 8a).

ani 1 (1 − Ωp1 )q1

)
1
1
T − 298.15K

(
− Ebase
R

)

(6)

(1 − Ωp2 )q2
)

1
1
T − 298.15K

⎤
ani 3 (1

q3 ⎥

− Ωp3 ) ⎦

5. Simulation results and discussion
where ASA is the accessible surface area of each mineral, k is the rate
constant, E is the activation energy, ai is the activity of species affecting
the reaction rate, scaled by the power of n, Ω is the fluid’s saturation
state, p and q are the Temkin constant and affinity power, respectively.
The notation acid, neut, and base indicate the rates in acidic, neutral, and
basic pH conditions. In this study, the reaction rate is set to be dependent
on pH (i.e. ai=aH+), and only the acid condition is considered (i.e. kneut
and kbase are zero). We set the values of k, E, and n as the ones suggested
by Palandri and Kharaka (2004) (Table 4), while all p, q are assumed to
be 1.

5.1. Heterogeneous mineral dissolution
Heterogeneous fluid velocities (Fig. 7a) are expected to transport the
aqueous CO2 from the fluid inlet into the domain along preferential flow
paths. Fig. 7b shows the CO2(aq) distribution of Case 4 after an injection
of 2.8 × 10− 7 mL into the domain (equivalent to 93% of the pore volume
(PV), excluding the void pixels added to the inlet and outlet of the
domain), at an injection rate of 2.8 × 10− 6 mL/min (Table 5). The CO2
concentration distribution indicates preferential transport of CO2(aq)
through the fast-flow channels. Although a lower injection rate allows
more diffusion of CO2(aq) into stagnation zones, higher injection rate is
able to transport more CO2(aq) through small channels, leading to a
higher averaged CO2(aq) concentration at the outlet. For example, at
0.93 PV, 0.12 mol/kg and 0.09 mol/kg of CO2(aq) are observed for Cases
4 and 1 at the 50th layer away from the domain outlet, respectively. At
the later simulation stages (the simulation time is listed in Table 5), the
whole domain is filled with fluid with a mean CO2 concentration of
0.79±0.04 mol/L, which is nearly the injected CO2 concentration.
Due to the heterogeneities in the local advection velocities and the
spatial dolomite distribution, the ion concentrations (e.g., Ca2+, released
from dolomite) and the consequent fluid saturation state are distributed
highly heterogeneously. Fig. 9 presents Ca2+ concentration distributions
in the pore space for Cases 1–4 at their chemical steady state (at 30 PVs),
where Ca2+ concentrations vary spatially from 0 to 8.9 mmol/kg. In the
upper part of the domain, Ca2+ is mainly concentrated in channels,
where dolomite is present, whereas Ca2+ concentrations stay nearly zero
in regions, where dolomite is absent (e.g., the upper-left corner of the
domain). However, the spatial spreading of Ca2+ increases with the
decrease in injection rate (Fig. 8a), due to a stronger diffusion effect at
lower Péclet Numbers. In the lower part of the domain, Ca2+ is widely
distributed due to further spreading. Compared to the low-flow-rate
cases, the high-flow-rate cases yield lower Ca2+ concentrations in the
preferential fluid flow paths, due to stronger advective transport re
gimes. However, in the stagnation zones, where dolomite is present,
Ca2+ concentrations generally remain high (close to their saturation
value) even for the high-flow-rate cases, due to locally high Damköhler
Numbers. The spatial spreading of Ca2+ first increases quickly with the
injected fluid volume and then levels off when the system approaches its
chemical steady state (Fig. 8a). Moreover, a lower injection rate results
in earlier (with respect to PVs) stabilization of the Ca2+ spreading. For
example, Cases 1 and 5 reach their stable spreading of Ca2+ after an
injection volume of about 3 and 9 PVs, respectively.
Lower flow rates (i.e., longer residence times) promote more disso
lution reactions, especially near the inlet regions. Nonetheless, in all
simulated cases, dissolution reactions only occur in a thin layer at the
dolomite surface, without entering the unrealistic dissolution phases as
shown in Fig. 8b.

4.2. Boundary and initial conditions
During the simulations, a constant volumetric injection rate is evenly
set at the top boundary (Neumann boundary); a constant pressure
boundary is set at the bottom boundary (Dirichlet boundary); and noflow (Neumann) boundaries are set at the left and right boundaries of
the 2D model domain (Fig. 6), resulting in fluid flow from the top to the
bottom. To be consistent with the in-situ reservoir conditions, the bot
tom (outlet) pressure is set to 100 bar and the temperature of the
simulated domain is kept constant at 40 ◦ C. The injection fluid of the
simulations is composed of 1 mol/L Na+, 1 mol/L Cl− , 0.8 mol/L CO2
(aq), and 1.334 × 10− 3 mol/L H+. The volumetric injection flow rate is
defined at the top boundary by an even distribution over the 984 ele
ments, which provide a total fluid injection cross-section area of 1.42 ×
10− 9 m2 (i.e., 1.18 mm × 1.2 μm). A series of fluid injection rates are
investigated (Table 5), with the element-wise Darcy velocity varying
from 3.3 to 66 μm/s. In Table 5, the Darcy velocity is calculated as the
volumetric flow rate divided by the domain’s cross-section area. The
Reynolds Number (Re) is calculated as Re=ρuLp /μ, where Lp ≃20 μm is
the characteristic pore size of the sandstone specimen (the peak of
Fig. 2), ρ≃1.06 g/mL is the brine density, μ≃761 μPa⋅s is the averaged
dynamic viscosity (Ma et al., 2019a), u is the element-wise Darcy ve
locity (Table 5), and ϕ=0.22 is the specimen porosity. The calculated Re
ranges from 4.6 × 10− 4 to 9.2 × 10− 3 for all simulated cases.
Before the actual reaction simulations, the system is initialized by
injecting brine (1 mol/L NaCl) until steady-state flow conditions are
Table 5
Volumetric injection flow rates, the calculated element-wise Darcy velocity at
the inlet boundary, the corresponding Re, and the termination time of all
simulated cases.
Volumetric
injection rate
(mL/min)
Case
1
Case
2
Case
3
Case
4
Case
5

Element-wise
Darcy velocity
(μm/s)

Reynolds
Number

Termination
time (sec)

2.8 × 10−

7

3.3

1.38 × 10−

4

1920

5.6 × 10−

7

6.6

2.76 × 10−

4

960

− 4

384

− 6

16.5

6.89 × 10

2.8 × 10−

6

33.0

1.38 × 10−

3

192

5.6 × 10−

6

66.0

2.76 × 10−

3

96

1.4 × 10

5.2. Dolomite reactivity and surface efficiency
The domain-averaged dolomite reactivity, R, of each simulated case
is calculated using the accumulated dolomite volume change (Fig. 10a),

7

J. Ma et al.

Chemical Geology 563 (2021) 120042

Fig. 7. (a) Normalized fluid velocity fields in the pore space. (b) CO2(aq) distributions of Case 4 after the injection of 0.93 PV (at 6 s at a fluid injection rate of 2.8 ×
10− 6 mL/min, an accumulated fluid injection volume of 2.8 × 10− 7 mL) into the model.

spatially-averaged fluid reactivity of the pore fluid (excluding the inlet
and outlet void) is shown in Fig. 12c (the dashed lines), indicating
higher fluid reactivity at higher fluid injection rates.
Subsequently, the effective surface area (ESA) (Ma et al., 2019a) of
(
)
dolomite can be calculated as ESA=R/ rf ,dol ρrock , where rf,dol is the
averaged fluid reactivity of the pore fluid (excluding the inlet and outlet
void), and ρrock=2.11 g/cm2 is the bulk rock density. Accordingly, the
surface reaction efficiency, e, of the domain is calculated as e= ESA/
ASA, where the dolomite ASA is 0.186 m2/g, as listed in Table 3. Fig. 12c
indicates that at steady state, e (red circles) increases with the increase of
fluid injection rate, but quickly reaches a stable value of about 1%.
Fig. 8. The spatial spreading (second moment, Iy (Eq. (B.1))) of Ca2+ along the
injection direction for different fluid flow rates, calculated in all pore spaces
with reference to the inlet, and plotted against the injected pore volume (PV):
(a) from 0 to 30 PV, and (b) from 30 to 195 PV.

R(t) =

δd
Vd Vm Δt

∫

xmax

∫

ymax

(VFdol (x, y, t − Δt) − VFdol (x, y, t) )dxdy,
0

0

5.3. The “Black-box” approach and its uncertainty
In laboratory experiments and field campaigns, effluents are typi
cally taken at some particular spots, such as the fluid inlet/outlet and
observation wells/points, to infer the geochemical processes. This type
of analysis is a typical “Black-box” approach, where the system is
characterized in terms of its inputs and outputs. For geochemical re
actions, the “Black-box” approach could lead to inevitable uncertainty,
because the sampled fluid likely mainly comes from preferential flow
paths with high flux (Li et al., 2006; Noiriel et al., 2009; Luhmann et al.,
2014), resulting in less representative of the whole domain of interest.
To demonstrate the “Black-box” approach, we define another set of
dolomite reactivity, R′ , fluid reactivity, rf, dol′ , and the resulting surface
reaction efficiency, e′ , using the inlet/outlet fluid compositions. Here we
name these three quantities as in-out averaged quantities. Specifically,
R′ is calculated using Eq. (9), based on the Ca2+ concentrations of the
inlet and outlet fluids:
∫
′
δd xmax
R =
C(x, yo )q(x, yo )dx,
(9)
Vd 0

(7)

where Vd=xmaxymaxδd is the domain volume, xmax=1.18 mm (i.e., 984
pixels) and ymax=1.04 mm (i.e., 870 pixels) are the 2D domain di
mensions, δd=1.2 μm (i.e, 1 pixel) is the thickness of the simulated
domain, Vm=6.4 × 10− 5 m3/mol is dolomite molar volume, Δt is time
interval in the calculation, and VFdol is the dolomite volume fraction at
the corresponding location and time. The calculated dolomite reactivity
is shown in Fig. 10b, where higher reactivities are associated with higher
flow rates. This is rational, due to the, on average, lower Ca2+ concen
trations and, thus, the, on average, lower saturation state of the fluid at
higher fluid injection rates. The dolomite reactivity at the steady state
(30 PVs) is shown in Fig. 12b (red circles). The reactivity increases
rapidly when the injection rate is low (high Damköhler Number), indi
cating a transport-limited regime; whereas the reactivity increases
slowly when the injection rate is high (low Damköhler Number), indi
cating the transition towards a reaction-limited regime.
Furthermore, as indicated by Eq. (6), dolomite reaction rate is
controlled by the local pH, aH+, and the fluid saturation state, Ω. Thus,
we define the fluid reactivity, rf, dol, to present the local fluid reaction
capacity with respect to dolomite:
n

298.15K 1,dol
rf ,dol = kacid,dol
aH+ (1 − Ωdol )

where yo is at the 50th layer (right after the rock body), away from the
outlet, C(x, yo) is the element-wise Ca2+ concentration at (x, yo), and
qy(x, yo) is the Darcy velocity in the y-direction at (x, yo).
Fig. 12b shows the dolomite reactivity comparisons between the
domain averaged (Eq. (7)) and the in-out averaged (Eq. (9)) methods at
chemical steady state for all the studied cases. Compared to the domain
averaged method, the in-out averaged method yields lower dolomite
reactivity, but their differences becomes smaller with the increase of
injection rates (about 20% and 3% relative difference for Cases 1 and 5,
respectively). A closer examination on the simulation results indicate
that this difference is caused by the upwind spreading of Ca2+ back to
the inlet void space (Fig. 9), and consequently, a loss of Ca2+ concen
tration at the outlet. This upwind spreading becomes less strong at
higher injection rates (Fig. 12b), promoting smaller differences at higher

(8)

− 4
where k298.15K
mol m− 2 s− 1, and n1, dol=0.5 (Table 4). As
acid, dol =6.46 × 10
shown in Fig. 11, the fluid reactivity is higher near the fluid inlet, and
generally increases with the injection rate. The black lines on the
dolomite surface represent the dissolution locations after 30 PVs injec
tion of fluid, indicating strongly non-uniform dolomite dissolution. The
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Fig. 9. Ca2+ distributions at steady state (after injecting 30 PVs) for different flow rates (Cases 1–4 in Table 5).

flow rates.

from the channels or flow paths of high flux. The fluid from the high-flux
channels often has higher aH+ and lower Ωdol, thus, the higher fluid
reactivity, compared to the fluid from the low-velocity regions or stag
nation zones, leading to the, on average, high fluid reactivity in the
outlet fluid. Given that the inlet fluid has an even higher fluid reactivity,
the in-out averaged method thus yield higher fluid activity, compared to
the domain averaged method, which considers both high- and low-flux
zones. When the flow rate is low and the stagnation zones become
dominant in the computation domain, the discrepancy shown in Fig. 12a
′
is enlarged. Similarly, the surface reaction efficiency, e =
(
)
′
′
R / rf,dol ρrock ASA , follows the behaviours of fluid reactivity: e′ is

Similarly, the in-out averaged fluid reactivity, rf,dol , is calculated
′

using the inlet/outlet averaged fluid compositions:
(
)0.5 (
Ωin + Ωout )
′
298.15K aH + ,in + aH + ,out
1−
rf ,dol = kacid,dol
2
2

(10)

where aH+, in and aH+, out are mean values of the H+ activity (aH+) at the
fluid inlet and outlet, respectively, and Ωin, and Ωout are the dolomite’s
saturation state (Ωdol) at the fluid inlet and outlet, respectively. The fluid
inlet is defined at the 50th layer from the inlet of the computation
domain, i.e. the layer right before the rock body. The fluid outlet is
defined at the 50th layer from the outlet of the computation domain, i.e.
the layer right after the rock body. Compared to the domain averaged
method, the in-out averaged method yields much higher fluid activity
(Fig. 12a). Similar to the dolomite reactivity, the discrepancy between
the two methods decreases with the increase of the flow rates. As
explained previously, effluents from the outlet fluid is expected mainly

underestimated using the in-out method, and the underestimation in
creases with the decrease of the flow rate (Fig. 12c). Our results indicate
that e’ is approaching e when flow rate increases, suggesting that the inout method (i.e., the “Black-box” approach) should have more confi
dence at high flow rates.

Fig. 10. Evolution of (a) accumulated dissolved dolomite volume, (b) dolomite reactivity, for Cases 1–5 (Table 5), as a function of injected fluid volume in the unit of
pore volume (PV). The termination times of individual simulations at the maximum PV are indicated next to the respective curves.
9
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Fig. 11. Fluid reactivity (mol m− 2 s− 1 distributions and dolomite dissolution locations (shown in black lines) at steady state (after 30 PVs injection of fluid) for
different flow rates (Cases 1–4 in Table 5).
Fig. 12. (a) Fluid reactivity evolution, where the
solid lines represent the in-out averaged method (the
“Black-box” approach) and the dashed lines represent
the domain averaged method. (b) Dolomite reactivity
at chemical steady state (30 PVs), plotted against the
flow rate (in turns of the element-wise Darcy veloc
ity) for Cases 1–5, where red circles represent the
domain averaged method and blue circles represent
the in-out averaged method. (c) Surface reaction ef
ficiency at chemical steady state, where red circles
represent the domain averaged method and blue
circles represent the in-out averaged method. (For
interpretation of the references to color in this figure
legend, the reader is referred to the web version of
this article.)

6. Conclusions

rock, and examines the effect of fluid flow rate during reactive transport
on the reaction efficiency of such ASAs.
The study is performed on a natural sandstone taken at 1 km depth of
a geothermal reservoir. A Monte-Carlo algorithm is developed to

This study introduces a new approach to accurately quantify
mineral-specific accessible surface area (ASA) in a multi-mineral natural
10
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determine the most probable surface roughness scaling factor (SF) for
each mineral, with the support of BET measurements. The roughness SFs
in the studied sandstone vary between 3 and 91 for different minerals,
which have the same order of magnitude as the ones reported in pre
vious studies (Knauss et al., 2005; Navarre-Sitchler and Brantley, 2007;
Peters, 2009; Kweon and Deo, 2017). This Monte-Carlo method enables
us to downscale the image pixel/voxel resolution to the BET resolution
at the atomic level and, thus, reduces the ASA estimation error, induced
by the limits of image resolution. With the application of this method,
the ASA can be determined at sufficiently high precision (i.e., at the BET
resolution), which is beneficial for both reactive transport experiments
and numerical modelling.
This surface area correction approach is particularly important in
studies of chemical surface reactions. As reported in previous reactive
transport experiments (Menke et al., 2015; Beckingham et al., 2017; AlKhulaifi et al., 2018; Ma et al., 2019a), the effective reaction surface area
is usually one or two orders of magnitude smaller than the physical ASA,
likely due to heterogeneous pore-scale mass transport. To examine the
surface efficiency during fluid-rock reactions, pore-scale reactive simu
lations with different flow rates have been performed using PFLOTRAN.
The CO2-enriched fluid preferentially penetrates into the domain along
larger channels, resulting in highly heterogeneous velocity and fluid
reactivity fields in the simulations. The spatial distribution of Ca2+
concentrations suggests that a lower fluid injection rate promotes earlier
chemical steady state conditions with respect to the injection pore vol
ume. Dolomite dissolution rates, fluid reactivity, and the corresponding
surface reaction efficiency, are calculated, based on the accumulated
dolomite volume changes and the domain averaged fluid compositions.
Among the simulated cases, dolomite reactivity and the fluid activity
both increases with fluid flow rate. The increment of reactivity is large at
low fluid flow rates (high Damköhler Numbers) and small at high fluid
flow rates (low Damköhler Numbers), indicating a transition from the
transport-limited regime towards the reaction-limited regime. The sur
face efficiency increases slightly with the fluid flow rate, and quickly
reaches a relatively stable value of about 1%. The low surface efficiency
reminds us that the usage of mineral ASA in large scale simulations

should be carefully considered.
In addition, we make a comparison between the domain-averaged
method and the in-out averaged method (i.e., the “Black-box”
approach), to examine the potential bias during experimental/field an
alyses. A considerable overestimation of the fluid reactivity is observed,
due to the fluid sampling bias, while a small underestimation of the
dolomite reactivity is observed, due to the upwind Ca2+ diffusion into
the fluid inlet. These biases are inevitable during laboratory experiments
and field campaigns, and should be contemplated for the result
interpretation.
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Appendix A. Velocity field
The bulk permeability of the computed domain is calculated using Darcy’s Law,
k=

QμL
,
AΔP

(A.1)

where ΔP is the pressure drop over the domain, L and A are the length (1.16 mm) and the cross-section area (1.42 × 10− 9 m2) of the domain, μ is the
brine dynamic viscosity (766 μPa⋅s), calculated in Ma et al. (2019a), and Q is the corresponding volumetric fluid flow rate in each simulation case. In
all simulated cases, an overall permeability of 1.95 ±0.08 × 10− 14 m2 is found, almost 20 times lower than that observed during the experiment
measurement on the rock core sample (Ma et al., 2019a). This discrepancy is acceptable, considering the differences in 2D and 3D pore space con
nectivity and possible scaling effects of the control volume size.
The fluid velocity field, calculated employing PFLOTRAN and Darcy’s Law, results in uncertainties, because a single permeability is assigned,
independent of pore sizes. For example, as shown in Fig. A.1, in a simple scenario, where two channels with different diameters are under the same
fluid pressure gradient, the velocities in the channels can be determined by Darcy’s Law, u = Q/A = ΔPk/μL. If a single permeability is assigned to both
channels (as is the case in the current simulation), the velocities in the two channels will be identical. However, according to the Poiseuille pipe flow
solution, solving the Navier-Stokes equations, the mean fluid velocity in a channel is u = ΔPd2/32μL, implying a much higher velocity in the largediameter channel than that in the small-diameter channel. Therefore, the PFLOTRAN-calculated velocities in the small-diameter channels are expected
to be over-estimated, whereas the velocities in the large-diameter channels are expected to be under-estimated, due to the identical permeability
assigned to all pore spaces. To further investigate the deviation of the calculated fluid velocities, we set up a model with identical pore/solid ge
ometries as in Fig. 6, employing our in-house fluid flow simulator, LBHydra (Walsh et al., 2009; Walsh and Saar, 2010a, 2010b; Myre et al., 2011;
Ahkami et al., 2019), which uses the lattice-Boltzmann method (LBM) to essentially solve the Navier-Stokes equations. In this LBM simulation, a
constant fluid pressure is applied to the top and bottom boundaries of the domain, yielding a Reynolds Number of 1.98 × 10− 4. The normalized
velocity field of the LBM simulation is compared to that of the simulated Case 3 (Table 5), where a similar Reynolds Number of 1.78 × 10− 4 is found.
As shown in Fig. A.2, at steady state, the PFLOTRAN simulation yields high fluid velocities in small channels, while the LBM simulation produces
primary fluid flow through the main, large channel. Fig. A.3 shows the histograms of the normalized fluid velocities in the pore space, calculated by
the PFLOTRAN and the LBM simulations, indicating an overall consistency of fluid velocity distributions between the two types of simulations. Even
though the differences in the simulated velocity fields are small, the over-estimated fluid fluxes in the small channels, given by the PFLOTRAN
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simulations, can lead to an over-estimation of the mineral effective surface area (ESA), and, in turn, the overall mineral reactivity.

Fig. A.1. Illustration of two channels with different diameters under the same pressure gradient conditions.

Fig. A.2. Comparison of normalized fluid velocity fields, calculated employing PFLOTRAN (left), which employs an effective porous medium concept with, here,
homogeneous pore-space permeabilities, and LBHydra (right), which explicitly solves for the fluid flow vector field in the pores with varying sizes.

Fig. A.3. Histograms of normalized fluid velocities in the pore space, derived from the PFLOTRAN and the LBHydra simulations. The velocities are normalized to
their respective mean values.

Appendix B. Simulation’s ‘steady state’ and long-term behavior
In the simulations, the dissolution of dolomite is the dominant reaction and our only focus. Therefore, the dissolution progress can be represented
by the spatial evolution of the Ca2+ concentration inside the computed domain. Here, we use the second moment, Iy, of the Ca2+ concentration along
the main flow direction (y-axis) to characterize the spatial evolution of Ca2+ (Ahkami et al., 2020; Grimm Lima et al., 2020):
∫ ymax ∫ xmax
Iy =
C(x, y)y2 dxdy,
(B.1)
0

0

where C(x, y) is the element-wise Ca2+ concentration in pixel (x, y), y is the distance of the element from the fluid inlet, and xmax=1.18 mm and
ymax=1.04 mm are the dimensions of the domain. In Eq. (B.1), C(x, y) is set to zero in the solid regions and the void pixels added to the inlet and outlet
(i.e., Iy is calculated only in the pore space). The evolution of Iy for each simulated case is shown in Fig. 8a. For all simulations, Iy first increases with the
injection pore volume and then levels off for further injection volumes. All simulations yield stable Iy values after injection of about 20 PVs. Hereafter,
this stable state is referred to as the chemical steady state of the simulated system. Note that in the current simulations, once the dolomite volume
fraction in an element reaches zero, dolomite becomes a non-reactive solid phase with the original low porosity and permeability. Therefore, longer
injections (e.g., after 50 PVs) might produce “non-dolomite” regions, where dolomite has been completely dissolved, leading to unrealistic simulations
of solute transport through these post-dissolution regions (e.g., Case 1 in Fig. 8b). Hence, all simulations are terminated at an injection volume of 30
PVs, at their chemical steady state. As shown in Fig. 11, the dissolution reactions only occur at a thin layer near the dolomite surface after injecting 30
PVs, confirming the simulations are terminated within ‘steady state’ region. As shown in Fig. 8a, lower fluid injection rates promote earlier arrivals of
the chemical steady state (i.e., a smaller injection volume is needed). Moreover, lower fluid injection rates lead to higher stable Iy values, indicating
stronger spreading of the released Ca2+ (from dolomite dissolution) into the pore space.
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B.1. List of abbreviations
SEM
EDS
BET
SSA [m2/g]
ASA [m2/g]
ESA [m2/g]
GSA [m2/g]
SF
PV

Effective surface area, the mineral surface area that effectively participates to a reaction
Energy dispersive X-Ray spectroscopy
Brunauer-Emmett-Teller, a gas absorption method to measure the specific surface area
Specific surface area
Accessible surface area, the mineral surface area that is exposed to the pore fluid
Effective surface area, the mineral surface area that effectively participates to a reaction
Grain surface area, the specific surface area of mineral grains
Scaling factor, the factor used to correct surface roughness for image-based surface areas
Pore volume
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