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Abstract

Porous materials in natural and engineered environments are subject to morphological changes
resulting from interacting chemical and physical processes. The complexity of coupled flow,
transport, and chemical processes that occur on different temporal and spatial scales makes it
difficult to predict the resulting porosity and permeability alterations. Delineating the controls of
mineral precipitation reactions is particularly challenging because it requires the implementation of
nucleation criteria and precipitation attributes. By conducting pore-scale simulations, we studied how
the amount and stochastic distribution of crystallites, controlled by nucleation, affect the pore
geometry and permeability in two-dimensional porous structures. The observed relationships
between porosity and permeability show characteristics that differ from ones that are typically
applicable in dissolving porous media because of the clogging effect. Additionally, we propose a
stochastic framework that upscales the co-evolution of permeability and porosity across length
scales. This framework enables precise communication of clogging behavior to continuum-scale
simulations based on statistical probability distributions of permeability-porosity variations.

Keywords: Upscaling; Probabilistic nucleation; Mineral precipitation; Geometry evolution;
Permeability-Porosity; Reactive transport; Porous media

Plain language summary

Precipitation of minerals inside the porous materials changes their internal structure and
how the fluids can move through them. We used a special computer model that can explicitly
capture the porous media's structure to study this phenomenon. Our research revealed that
the way minerals are distributed and the initial shape of the porous material play a crucial
role in these structural changes. When dealing with large-scale problems, we face limitations
in computational resources, preventing us from using detailed computer codes. As a
solution, we rely on average measurements and transfer information from small-scale
simulations to larger ones. Two important averages we use are “porosity” (the percentage of
void space in the materials) and “permeability” (how easily fluids flow). Typically, a simple
formula like a power-law is used to relate them. In this work, we found that different
processes change porous materials in different ways. So, instead of just one formula, we
suggest using a range of statistical parameters. We also suggest a step-by-step method to
transfer details from small-scale to large-scale simulations.



1 Introduction

Many natural and engineered systems and coupled processes have been typically modeled by
reactive transport models (RTM) at the continuum scale. With the continuum assumption, averaged
properties are assigned in each grid cell. The averaged values are often estimated, i.e., upscaled from
the smaller scale features. Upscaling can be achieved by mathematically deriving macroscale
equations from microscale principles', or by developing constitutive relations from finer scale
simulations and experiments.

Porosity and permeability are two of the most important and common continuum scale parameters
in hydrological and hydrogeochemical modeling. Porosity provides a homogenized representation
of the pore structures, and permeability is usually upscaled based on permeability—porosity relations.
These relations do not explicitly capture the pore-scale complexities and micro-scale features, and
only provide approximations at the continuum scale. Establishing a relationship between porosity
and permeability in porous media to preserve as much as pore-scale dynamics is an increasingly
important area of research, particularly with recent advancements in computation and imaging
technologies. Research to establish a correlation between porosity and permeability can be broadly
categorized into two groups. The first category relates the permeability of an intact medium to its
porosity, commonly found in the field of digital rock physics®®. The second category focuses on
linking changes in permeability to alterations in porosity, i.e., the investigation of permeability
evolution’™'° that can be caused by a range of coupled thermal, hydraulic, mechanical, and chemical
(THMC) processes. Despite their similar goals, these two categories are fundamentally different. Still,
porosity-permeability relations developed from these two types of studies are mostly used
interchangeably. This paper focuses on the changes in permeability and porosity and their
relationship in porous media.

The morphology changes of porous materials (e.g., fractured geomaterials, fuel cell, and brain
tissues) are influenced by interacting chemical-physical processes such as dissolution, precipitation,
biomass accumulation, swelling, shrinking, and mechanical compaction. The intimate interplay
between different factors affects permeability changes. For instance, during dissolution and
precipitation, different reactive regimes characterized by Peclet (Pe) and Damkohler (Da) numbers
affect the relationships between porosity and permeability "'"'%. In turn, anisotropic rock texture and

preferential flow paths can also significantly impact dissolution-precipitation patterns .

Specifically, the precipitation of secondary phases during reactive transport is a complex
phenomenon in various geological and environmental settings. Substances such as hydrate',

asphaltene™®, biomass’, and minerals®™**

can deposit in porous media and clog pore spaces
differently. Among these substances, minerals have an added level of complexity because of
nucleation, the pre-growth phenomenon that determines the starting time and location of mineral
growth. Studying mineral precipitation in natural and engineered porous materials has broad
implications for addressing several United Nations’ Sustainable Development Goals, including clean
water and sanitation, climate action, and affordable and clean energy. Mineral precipitation can
significantly influence the behavior of contaminants in the environment by altering their solubility
and mobility, thereby affecting their transport and fate. The sequestration of inorganic pollutants
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(such as arsenic, antimony, selenium, and other heavy and toxic metals) in carbonates and



retention of radium by its co-precipitation with barium sulfate to treat contaminated water, water

waste and industrial waste 3°-3?

are only a few examples. Mineral precipitation in porous rocks plays
a vital role in addressing several geoenergy challenges 3, such as scale formation in geothermal
243536 and clogging of

reservoir rocks during enhanced hydrocarbon recovery. Favorable effects of mineral precipitation
t37

systems 3, injectivity impairment due to salt aggregates during CO; storage
include CO, mineral trapping in basalt ** and fracture healing of caprock leakage pathways in storage
sites 2.

Essentially, mineral nucleation is a critical factor in controlling the distribution of minerals over time
and space *****, The interplay between solute transport, nucleation, growth, and porous media
structure is intricate. Several experimental and numerical works have shown that the same amount
of porosity reduction due to mineral precipitation might result in different permeability reductions
91449-5116223944-48 ' F\rthermore, arbitrary selection of clogging models in RTMs may lead to
considerable errors in predicted permeability for the same amount of porosity loss "*% Despite all
the mentioned variations and uncertainties, the permeability—porosity evolution during RTM in the
continuum scale is usually oversimplified and handled with a single equation with a constant variable.

Therefore, a process-based approach is necessary when analyzing permeability-porosity evolution.

In this work, we study the effect of crystallite distribution (controlled by nucleation) on pore geometry
alteration and, consequently, permeability evolution in diverse two-dimensional porous media. In
addition, for the first time, we propose a framework for upscaling the co-evolution of permeability-
porosity, which combines simulations at both the pore and continuum scales to produce a more
accurate representation of permeability changes in porous media. This study enables a
comprehensive delineation of the clogging behavior in porous media, which can inform decision-
making in various applications, such as CO; storage, water treatment, and geo-energy resources.

2 Materials and Methods

2.1 Selection of porous geometries

Six different two-dimensional (2D) porous geometries were generated using PoreSpy>* (Fig. 1) to
perform pore-scale reactive transport modeling (RTM). The synthetic porous media structures
encompass (a) highly heterogeneous structures that mimic natural rock geometries with different
permeability and anisotropies (Fig. 1, top row) and (b) simplified homogeneous geometries with
ordered and disordered arrangement of spheres (Fig. 1, bottom row). The pore volume (porosity) for
all cases is chosen to be approximately 60% (59.6%-60.7%) because the percolation thresholds of 2D
square lattice with site percolation is found to be 59.27% **. The initial permeability of the structures
varies from 1.57e-10 to 2.59e-9 m?. In the text, we refer to each geometry in Figure 1 as Het
(heterogeneous, top row) or Hom (homogeneous, bottom row), followed by their number. For
instance, Het_2 for heterogeneous medium number 2. The properties of the structures are
summarized in Table S-1.
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Figure 1: The selection of random two-dimensional porous geometries, representing natural rock geometries
(top row, heterogeneous) and simplified ordered/disordered porous structures (bottom row, homogeneous).
The darker (black) and lighter (blue) colors represent pore space and grains (solid phases).

2.2 Model and assumptions

We used the Lattice Boltzmann Method (LBM) for RTM and flow simulations with the D2Q9 lattice
scheme. The advection-diffusion-reaction equation was used for tracking the concentration of
different species:

%

_ 1
L+ V. (-DVC; + uG) = R; (1)

Where Cj[NL'3] is the aqueous concentration of species j, Dj[LZT'1] is the diffusion coefficient of
species j in water, u is velocity [LT™], and R]-[NL'3T'1] is the source or sink term due to reactions for
species j. The discretized LB equation used to solve the ADR equation (the mass transport) is as

follows:

. . o . .
gl (x + ciAt, t + Ab) = g (x,t) — —; [97(x,t) = g7 (x, )] + AtQ (x, ©) )
g™ = wicl (1+ %) 3)

In which g/ is discrete distribution function, g¢%/ is equilibrium distribution function, and C is
concentration of species j. At is time resolutions, 7, is relaxation time, c; is lattice speed of sound,

and ¢; and w; are discrete velocity sets and weighting coefficients.

The D2Q9 lattice scheme used, where 2 is the number of spatial dimensions (x and y) and 9 is the
number of discrete velocities, wo = 4/9, wi.4 = 1/9, and ws.g= 1/36 and



(0,0),i =0
¢ = (cos6;,sin6;),0; = (i—9)7,i=1-4 4)
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After solving Equation 2, the concentration of species j is calculated as follows:
¢l =%Lo9] ()

The source/sink term is given by:

Q! (x,t) = wilq () + L (x, ) + gL (x, )] (6)
. J

g} =32 @)
j _ de

4c = A_tG 8

ql = D;(SR® — SR),if SR < SR° )

The subscripts N, G, and S in Equation (6) denote the nucleation, growth, and infinite source of the
solution on top of the substrate. The simple reaction of {Aag 2 A} is considered:

where R [mol-s] is the growth or reaction rate, ks [mol-m™s™] is the growth rate constant, S [m?] is
the reactive surface area, and SR is the saturation ratio:

SR =24 (11)

Ceq

where, Ca [mol-L"] is the concentration of mineral A in the aqueous phase, and Ceq [Mol-L"] is the
equilibrium aqueous concentration of mineral A.

The simulation domain was a quasi-2D system of 500x500x1 grid cells with a spatial resolution of
20 um. The periodic boundary condition was applied for all the boundaries. The domain was initially
water saturated. There is no advection in the system, and an infinite source of the oversaturated
solution was imposed on top of the domain via a source term in the discretized Lattice Boltzmann
(LB) equation. More details of the LBM model, mineral growth (reaction) model, and subgrid

assumptions and implementations can be found in our previous works 939424355,

This work did not use the entire nucleation model criteria. Instead, a pre-defined number of
crystallites (as a proxy for stable nucleation sites) were populated randomly for initializing the system,
as the main focus is tracking and quantifying consequences of mineral precipitation on the
hydrodynamics of porous media. Each pore lattice was assumed to be on a homogeneous
nonreactive solid substrate surface, as schematically depicted in Figure S1 (Supplementary
Information). The crystallites may form everywhere within the entire pore space, but each grid cell
can only have one crystallite. This is equivalent of only considering heterogeneous nucleation events
(nucleation at the solid-liquid interface). The reaction rate afterward controlled the continued growth
of the introduced crystallites until reaching the clogging state. Three crystallization cases (10, 100,
and 1000 crystallite) with eight stochastic realizations were simulated for each porous media



geometry. Crystallites have the same size (1e-9 radios). Growth rates were the same for all crystals
(1.5488e-06 mol-m2-s™).

The permeability of the evolving domains was calculated using LBM for hydrodynamics. We used
Yantra open source code *° to calculate the velocity fields at the x and y directions. Periodic and no
flow boundary conditions were applied to the boundaries along and perpendicular to the flow
direction, respectively. To recover the hydrodynamic properties in single-phase fluid flow, continuity
equation (Equation 12) and Navier-Stokes equation (Equation 13) should be solved simultaneously.
To do so, the LB model in equation 14 was used.

V.u=0 (12)
u 2
pa+pu.|7u: —VP+uVeu+F (73)

where p [ML?] is density, u [LT '] is velocity, P [M'L'T?] is pressure, u [M'L"'T"] is dynamic viscosity
and F [M'LT?] is body force.

At . At
fi(x + ciAt, t + At) = fi(x, t) — ?(fi(x, 0) = f(x, t)) +(1 - z_r)Fi(x’ t) (14)
eq u.c;  (u.c)? _uwu
it =wip (1 + c? 2c 2c52> (75)
Ci'Fa
Fi = Ww; < CZ > (76)
o2 1<A_X)2 (17)
S 3\4t

where At and Ax are time and space resolutions. f;is discrete distribution function, £ is equilibrium
distribution function for hydrodynamics. F; is body force, ¢; is lattice speed of sound, u is velocity, p
is density, and T is relaxation time for hydrodynamics. It should be noted that the lattice speed of
sound, ¢, can vary based on the chosen lattice structure. Because we used the same lattice structure
(D2Q9), weighting coefficients (w;), and discrete velocity sets (c;) for ADR LB and hydrodynamics LB,
the lattice speed of sound in Equation 17 can be used for both Equation 3 and Equation 15. After
solving Equation 14, density and velocity can be calculated from the following equations:

=3I f) (18)

1 Zf o F
u=-— - Cs _—

T=_k
J=-2vP (20)

Where J [LT™] is average flux (flow rate per unit area), k [L?] is permeability, u [M'L'T™"] is dynamic
viscosity, and VP [M'L"'T] is pressure gradient. VP in equation 20 can be replaced by F, the body
force, in equation 13.



3 Results and Discussion

Figure 2 compares the normalized permeability-porosity relationships (k/ko plotted against ¢/(po)
from six different porous geometries, and three crystallization cases (10, 100, and 1000 crystallites)
with power-law formulations with different exponents ( k/ky = (¢/¢py)™ ). Overall, pore
morphological alteration from mineral precipitation and growth affected heterogeneous geometries
(representing real rock structures) more substantially than homogeneous structures. The difference
between different numbers of precipitated crystallites is more distinct for homogeneous systems,
even at early times (Fig. 2). The degree of permeability impairment increases as the number of crystals
increases. However, the scatter of data points decreases as the number of crystals increases. Put
differently, stochastic realizations of 10 crystallites account for a large portion of the variations in
contrast to 10° crystallite cases that are fairly concentrated on a small part (Figs. 2C-E). The separation
between heterogeneous and homogeneous geometries is more evident for 10 and 10% cases. The
data points for 10s lie between n=2-16, for 10%s, n=4-16, and for 10%s, n=10-16 (Figs. 2C-E).

The complete simulation results for each case are shown in Figures S2 and S3, where each curve
represents one single simulation with the initial position of crystallites varied randomly. Changes in
permeability because of mineral precipitation and geometrical evolution are investigated as a
function of (a) total porosity changes (expressed as @/@o) in Figures 2, 3, and S2, and (b) reaction
progress (&) in Figure S3.
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Figure 2: Variations in transport properties (expressed as normalized permeability-porosity relationship) of
evolving two-dimensional porous geometries induced by mineral precipitation. Two structural classes, six
different porous geometries, and three crystallization cases (10, 100, and 1000) are shown. Power-law bounds
with different exponents (n = 2% [x= 1,.., 5]) are also plotted. [top] (A) heterogeneous and (B) homogeneous
and porous geometries. [bottom] Variance of decline in normalized permeability-porosity during stochastic
growth of (C) 10, (D) 100, and (E) 1000 crystallites. Violet: heterogeneous and blue: homogenous cases.



Figures 3A-D and 3E-H compare the results for heterogeneous and homogeneous systems,
respectively. Making a clear visual distinction between different geometries in each class
(heterogeneous or homogeneous) is not possible (Figs. 3A and 3E). Figures 3B-C also show an
indistinguishable data cloud for 10s and 10%. However, from Het_1 to Het_3, the scatter in the data
points decreases, and the rate of permeability reduction increases. It might seem unexpected since
Het_3 has more prominent flow pathways and higher initial permeability. Het_3's initial permeability
is one order of magnitude higher than Het_1. Precipitation-included morphology alteration caused
greater permeability impairment in Het_3 with a similar number of crystals. Het_3 porous geometry
features massive highway (compared to others), meaning that small patches of solid precipitation
can break down these fluid pathways into several smaller and less transmissive channels. One might
therefore conclude that heterogeneous reservoir rocks are prone to more severe permeability
impairment. For instance, fracture permeability can drop significantly and quickly, even with a tiny
amount of mineral precipitation. This suggests that the initial state of the porous geometry plays a
critical role in the extent of permeability impairment caused by mineral precipitation.

Although Hom_1 and Hom_2 geometries are different and represent ordered and disordered
distributions of circular elements, their corresponding changes in permeability are approximately
similar (Figs. 3E-H). It implies that studying geometry alteration in 2D microfluidic systems with
similar ordered and disordered disks in Figure 1 may lead to similar outcomes regarding permeability
evolution. Furthermore, the permeability reduction rate for Hom_3 geometry is less severe than in
the other two homogeneous cases (Fig. 3G-H). Lower initial permeability, poor sorting of grains (two-
size disks), and breakdown of pores by the distribution of smaller grains portray the initial state of
pore morphologies. It is featured by a lower relative percentage of deterioration compared to Hom_1

and Hom_2.
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Figure 3: Variations in transport properties (expressed as normalized permeability-porosity relationship) of
evolving two-dimensional porous geometries induced by mineral precipitation. Two structural classes, six
different porous geometries, and three crystallization cases (10, 100, and 1000) are shown. Power-law bounds
with different exponents (n = 2% [x= 1,.., 5]) are also plotted. [top row] Variations in heterogeneous geometries
(A) entire crystallization cases, (B) 10, (C) 100, and (D) 1000 crystallites; [bottom row] Variations in homogenous
geometries for (E) entire crystallization cases, (F) 10, (G) 100, and (H) 1000 crystallites.



It should be noted that the observed variations in permeability trendlines are also associated with
the characteristics of 2D or pseduo2D systems (e.g., flow between sedimentary lamina or in fractures).
For instance, in the heterogeneous geometries (Fig. 1), a handful of pore-throat locations control the
overall flow and transport. In other words, there are few flow highways (the most transmissive flow
paths) within the system, blocking which results in significant permeability decline. As such, when the
system is heterogeneous and anisotropic, some sharp feedback (permeability decline) can be
expected with minor changes in the system (porosity alteration). The severity of permeability decline
and degree of variations is expected to be lower for three-dimensional porous geometries,
particularly for a limited number of growing crystals. When there are fewer crystallites, the differences
between realizations are more significant, implying that more spatially distributed nucleation is likely
to smooth out the variations in permeability evolution.

Figures 4 and 5 show flow velocity maps, mineral precipitation patterns, and directional permeability
values (kx and ky), and thus provide more detailed information regarding the spatial (pore volume
change) and temporal evolution in the heterogeneous (Het_1) and homogeneous (Hom_1) systems,
respectively. The x-axis shows the number of steps, and the y-axis shows the number of crystallites.
Blue represents the grains, and white represents the precipitants. Two different probabilistic
realizations, giving maximum and minimum permeability decline, are shown to demonstrate the
effect of the spatial distribution of crystals. For example, subfigures E and F are two realizations with
different spatial distributions of 100 crystallites. We aim to compare the realization in two instances:
(a) at t= 2.35 x10° steps (A, B, C, and D) and (b) at ¢/¢0=0.9 (diagonal).

The spatial distribution of the mineral precipitates governs the degree of directional permeability
loss. For example, in Figure 4G, the permeability impairment in the x direction is twice the y direction,
but in Figure 4H it is the other way around. Since there is no (or very low) anisotropy for the
homogeneous geometries, the difference between k, and k, for Hom_1 (Fig. 5) is lower than Het_1

(Fig. 4).

It is shown that the increasing number of growing crystals significantly contributes to a faster decline
in permeability in temporal domains (Figs. 3). The precipitation maps and directional flow velocity
profiles also illustrate how for the same porosity loss (¢/$o=0.9), a higher number of crystals can lead
to a larger permeability decline. With a larger number of crystals, it is more likely to clog flow
pathways earlier and thus with less precipitation. In contrast, fewer crystallites requires that the
crystallites grow to sufficiently large size to block flow pathways. Additionally, with similar growth
dynamics, the corresponding & for 10, 10% and 10° crystallites to reach the same porosity reduction
are 2.40 x10°,6.00 x10°, and 2.35 x10°, respectively.

The effect of initial crystallites density on permeability evolution is also evident in the comparison at
a given time (e.g., 2.35x10° steps) when individual crystals have similar sizes. In Figure 4D, 10 growing
crystals occupied around 0.2% of the pore volume resulting in 1.5% and 6.9% permeability reduction
in the x and y directions, respectively. As is illustrated in Figure 4, at a similar reaction progress
(2.35x10° steps), a porosity changes of ¢/$0=0.986 and 0.9 were observed for the 100 and 1000
crystallite cases, respectively, causing an average of 24% and 80% permeability decline (99% in the
worst-case scenario, Fig. 4B).
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The clustering and spread of initial crystals can also affect permeability in different directions. For
example, Figures 4G-H represent two different distributions of 10 crystallites at the same step. For
the case shown in Figure 4G, the permeability reduction ratio in the y direction is smaller than that
in the x direction (k/koy=0.48 > k/kox=0.248). This is because the crystals to the left are clustered
along the same highway in the y direction but spread out along different highways in the x direction,
and growth that blocks several highways in the x direction only blocks a few in the y direction. In
contrast, in the case depicted by Figure 4H, the crystals are spread along the same highways in the
x direction, resulting in greater permeability reduction in the y direction. Similar behavior can be
observed in homogeneous cases (see Figure 5H as an example), but the difference in permeability
ratio values is less pronounced.

Overall, as the system evolves and porosity decreases, the difference between permeability values
across increases (Figs. 2-3). There was limited variation between permeability values across different
stochastic realizations in early times. For a higher number of crystals, the size of individual crystals is
small at early times, so they cause limited and similar levels of permeability impairment. However, as
the precipitates aggregate or become big enough to block a highway, their distribution can make
more significant differences. Conversely, the mass is divided between fewer crystals for
heterogeneous systems with fewer crystals. Therefore, based on their distribution, they can cause a
considerable or minimal permeability reduction, and the standard deviation in permeability values is
considerable from the beginning for these cases.

11



Simulation progress 4

»
B (/o) = 0.205 -
P (k/ko)y = 0.145 8
=
>
c
s
103 4
)
1
)
(k/ko)x = 0.087 (k/kgly = 0.012 P/
@/p,=0.986
102
(k/kolx = 0.779 (k/ko)y = 0.758
(k/kohy = 0.125 (k/ko)y = 0.181 ®/p,=0.9 (k/kglx = 0.249 (k/k), = 0482 high
©/¢9,=0.998
D 3
2
=
10 =
o
i)
Q
>
2
@ (k/kolx = 0.984 (k/ko)y = 0.931 ke)
T [N
k]
e
)
3 L 1 L
) low
Timestep (§)  2.35¢10° 6.00x10°% 2.40x106

Figure 4: Pore morphology alterations because of mineral precipitation and growth for pseudo-rock
geometries (heterogeneous 1 media in Figure 1). Besides the 2D surface growth stochastic realizations,
normalized porosity loss (¢p/po), normalized permeability decline (k/ko) in x,y-directions, and flow velocity fields
are indicated as a function of crystallites number and simulation progress. For each part, the velocity map to
the left and right represent the x and the y directions, respectively. The geometries on the diagonal have similar
normalized porosity loss (¢@/po = 0.9). (A) 1000 crystals - minimum permeability decline. (B) 1000 crystals -
maximum permeability decline. (C) and (D) 100 and 10 crystals, respectively, at the same timestep as A and B.
(E) Continuation of C - 100 crystals, minimum permeability decline. (F) 100 crystals - maximum permeability
decline. (G) Continuation of D - 10 crystals, minimum permeability decline. (H) 10 crystals - maximum
permeability decline.
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Figure 5: Pore morphology alterations as a result of mineral precipitation and growth for simplified geometries
(homogeneous 1 media in Figure 1). Besides the 2D surface growth stochastic realizations, normalized porosity
loss (¢p/(po), normalized permeability decline (k/ko) in x,y-directions, and flow velocity fields are indicated as a
function of crystallites number and simulation progress. For each part, the velocity map to the left and right
represent the x and the y directions, respectively. The geometries on the diagonal have similar normalized
porosity loss (p/po = 0.9). (A) 1000 crystals - minimum permeability decline. (B) 1000 crystals - maximum
permeability decline. (C) and (D) 100 and 10 crystals, respectively, at the same timestep as A and B. (E)
Continuation of C - 100 crystals, minimum permeability decline. (F) 100 crystals - maximum permeability
decline. (G) Continuation of D - 10 crystals, minimum permeability decline. (H) 10 crystals - maximum
permeability decline.

The total precipitated mass for a given porosity ratio is the same in all systems. It means that the size
of each individual crystal will be smaller as the number of crystals increases because the mass is
divided between more crystals. Therefore, at a given porosity ratio, 10 crystallite scenarios (10C) imply
bigger crystals than 100C, and 100C than 1000C. However, in Figure 3, as a function of reaction
progress, the size of crystals is similar as they grow at the same rate.
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4 Upscaling
The common practice of accounting for effects of precipitation reactions on flow and transport is to
use simplified permeability-porosity relations. Empirical, experimental, or theoretical models such as

the Kozeny-Carman °"*% Verma-Pruess **¢°

, and power law (Table S2) are frequently used because
of their convenience and simplicity, and their implementation in most of the commercial or open-

access simulators for a wide range of geo-energy and geo-environmental applications.

In the models summarized in Table S2, n is a tuning parameter informed by experimental data or
derived from smaller-scale simulations or the literature. For large-scale simulations, a medium-
specific value of n is assigned to each grid cell based on the property map of the domain (for instance,
rock type).

The power value n has a wide range of reported values® and can be correlated to factors such as
mineralogy, clay fractions, clay surface area, pore size distribution, heterogeneity of the pore
structure, and transport regime. A fixed value of n may not be an appropriate choice for describing
the permeability-porosity changes . The predictivity of permeability—porosity relations become more
questionable when we deal with natural rocks with different minerals (varying kinetics) under
different flow and transport conditions. Additionally, as shown by our pore-scale simulations, even
with the same process and the same type of initial geometry, identical porosity changes might cause
different changes in permeability. Put another way, the spatial distribution of the deposited solid
plays an essential role in changing the hydrodynamics of porous media. Therefore, it is almost
impossible to be able to capture the permeability-porosity evolution with a single clogging model.

On the other hand, incorporating too many complexities into a clogging model is impractical,
inefficient, and one might even argue to be unnecessary. In particular, when dealing with systems
with millions of grid cells.

As an effort to address this dual challenge, we propose a hierarchical upscaling approach which
considers complexity while allowing to use of readily available and practical formulations. The novelty
of our approach is to upscale permeability—porosity evolution together with the uncertainties around
them, with a special focus on permeability changes due to mineral precipitation.

The power law relations have been typically used to describe the effects of mineral precipitation for
various pore morphology-altering processes such as biomass accumulation, dissolution, and
precipitation. According to Hommel et al.,” modified permeability—porosity relations that are more
complex do not necessarily provide fundamentally different predictions than simple power-law
equations with a proper exponent. Because many of these more complex relations already contain a
power-law term or have similar behavior. Furthermore, the simplicity and inclusiveness of the power-
law equation make it suitable for implementation in many flow simulations and RTM tools. Therefore,
we fit a power law curve for each realization (each trendline in Fig. S2) and extract the coefficient n.

The distribution of n values is shown in Figure 8 and in supplemental Figures S4 to S7. In Figure 8,
we compared the distributions of n values for all the heterogeneous cases (A) and all the
homogeneous cases (B and C). The heterogeneous cases showed a broader distribution of power
law parameter than homogeneous cases. In Figure 8.A, the values of power law parameter that are
distributed from 75 to 150 are related to Het_3, 1000 crystallites case. This case shows the sharpest
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decline in permeability. Other heterogeneous cases overlap, and their behavior is not distinguishable.
In contrast, the homogeneous cases exhibited more ordered behavior, as shown in Figure 8.B. The
results for each individual case (Fig. S4), each structure (Fig. S5), each number of crystallites (Fig. S6),
and all the cases together (Fig. S7) provides a better understanding of the clogging behavior of the
simulated cases.
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Figure 6: Probability distribution function (PDF) and statistical variance of power-law exponent (n) for two
structural classes and six different porous geometries as a function of crystallization cases (10, 100, and 1000).

The suggested upscaling framework for stepwise increasing of the grid size is illustrated in Figure 9.
To enable broader applications in different precipitation processes, in the summary here, the number
of secondary crystallites and their spatial distribution was considered to follows a probabilistic
distribution at the scale of interest, as previously discussed in our probabilistic nucleation and growth
model *#23%42 The framework works as follows:

A. Pore-scale modeling: The procedure begins with pore-scale modeling, which involves performing
a Monte Carlo type of simulation to capture the clogging behavior of a given system. The
probabilistic nucleation model (based on the classical nucleation theory (CNT)) determines the
spatial distribution and the number of crystallites. This enables accounting for the effects of
parameters such as temperature, supersaturation, and interfacial free energy on the number of
crystallites and crystal growth rate.

B. Deriving the distribution of the clogging model parameter: The permeability should be calculated
at several stages points during the evolution of the system in step A. Next, by fitting the preferred
clogging model curve (we used power law in this paper) to each simulation, a distribution of the
clogging model parameter can be derived, which is likely to be a (log)normal distribution as more
data is acquired. This step provides a probability distribution function (PDF) that will be used in
the next step.

C. Continuum-scale simulations: small-scale continuum simulations should be performed using the
simple and convenient clogging model to update the permeability. But rather than a fixed
exponent, each grid cell samples a random power law parameter, n, from the PDF derived in step
B. The random number generator for sampling the power law parameter works based on the
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generated PDF. This step can be replaced using a proxy model or Monte Carlo to reduce the
number of simulations.

D. Deriving a new distribution of the clogging model parameter, n: The permeability of the whole
domain should be calculated at several points during the simulation time using a proper
averaging technique. The permeability and porosity values will represent a new PDF for the
clogging model parameter.

E. Steps C-D can optionally be repeated until the distribution reaches stability or until a particular
stopping criterion is met, such as reaching the grid size of the application-scale simulation. At
this point, the final PDF for the clogging model parameter is generated and will be used for the
numerical simulations of the reactive system. In majority of RTM purposes, a three-step scheme
should be sufficient to reflect the pore scale probabilistic dynamics to fit-for-purpose application
scale. For instance, consider a 500*500 grid simulation at pore scale (similar to present study),
the micrometer-scale grid size represents an entire domain of millimeter-scale. At continuum
scale (core-scale in some application), the mm-scale grid size constitutes centimeters to meters
scale domain. In the application-scale step, then grid size of several meters covers the whole
kilometer-scale domain (Fig. S8).

By following this framework, the complexities of permeability changes in porous media can be
represented at different scales while ensuring the readiness of implementation. Additionally, the
gradual transition from a small to a larger scale helps to capture the interactions between the
consecutive scales and ensures a better representation of system behaviors.

As we mentioned in our previous publications #0423

, in some specific systems, the probability of
nucleation occurring in a particular area and at a specific time is exceptionally high, enabling the
employment of deterministic approaches to handle the nucleation process, which significantly

simplifies the analysis and modeling.

The proposed framework can be applied to any two- and three-dimensional system. The pore-scale
insights can be from high-resolution imaging or simulations. The CPU time of the method should be
evaluated due to the computational cost of performing Monte Carlo-type stochastic realizations.
Including these larger structural scales is out of the scope of this work but is a target of future
research.
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Figure 7: Proposed scheme for upscaling variations in permeability-porosity induced by mineral precipitation
and porous media alteration for reactive systems.

5 Conclusions

In this study, we took a statistical approach to investigate the effect of crystallite distribution on the
co-evolution of permeability-porosity due to mineral precipitation. We also introduced an upscaling
approach for the variations in permeability changes with implications for clean water and sanitation,
climate action, and affordable and clean energy. The following points summarize the major findings
of our work:

e The spatial distribution of the mineral precipitates and the initial state of the porous geometry
play critical roles in changing the hydrodynamics of porous media. Therefore, even with the
same process and the same porous morphology, identical porosity changes during mineral
precipitation might cause different changes in permeability. Capturing the permeability-
porosity evolution with a single clogging model might result in considerable uncertainties.

e Anisotropic and Heterogeneous reservoir rocks are prone to more severe permeability
impairment, as minor changes in porosity can lead to severe permeability impairments.

e Fitting the power-law function to each realization resulted in a wide range of power-law
coefficient n. For most realizations, a (log)normal distribution is obtained. The higher the
number of crystallites, the permeability—porosity data is less scattered.

e Distribution of the deposited crystallites (controlled by mineral nucleation) adds an extra level
of complexity to the mineral precipitation process, which should be taken into consideration
in continuum-scale reactive transport simulations. To address this issue, we proposed a
hierarchical upscaling approach.
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