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Digital samples offer many opportunities to study subsurface fluid flow and con-
taminant transport processes. The pore size distribution of especially fine-textured
porous media often covers many orders of magnitude in the length scale, which
makes accurate microCT scanning and modeling of the underlying processes diffi-
cult. When a single-resolution image is not capable of capturing all relevant details of
a sample, one should scan the sample, or selected parts of it, at different resolutions.
Combining multiple resolutions into one single sample for subsequent pore-scale
modeling is generally not possible due to limitations in computer memory and speed,
thus making it necessary to create a simpler sample containing relevant informa-
tion from the parent networks. We imaged four samples using different resolutions
to capture the multiscale heterogeneity of a fine-textured soil and combined them
into one overall digital sample based on the original pore networks. The parent net-
works were characterized using their geometrical properties, correlations between
these properties, and connectivity functions describing the network topologies. Our
approach creates stochastic networks of arbitrary size with the same flow properties
as the parent network. The method, implemented using the PoreStudio pore network
model, repeatedly integrates information at two subsequent scales, with the result-
ing digital sample having the same hydraulic properties as the original samples. The
procedure leads to more useful three-dimensional digital models, facilitating basic
analyses of underlying pore size distributions. Porosity calculations were compared
with direct measurements, while those for the hydraulic conductivity were compared
with estimates based on the particle size distribution and nearby field data.

Abbreviations: pCT, computed microtomography; CV, coefficient of variation; DPA, digital pore analysis; PNM, pore network model; PSD, pore size

distribution; REV, representative elementary volume.
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1 | INTRODUCTION

A major motivation of pore-scale imaging using X-ray com-
puted microtomography (uCT) is to estimate properties of
porous media using nondestructive methods. Improvements
in high-resolution digital imaging and computerized image
analysis now enable one to characterize the microstructure of
a range of natural and engineered porous materials, includ-
ing soils and rocks (e.g., Allaire et al., 2009; Cnudde &
Boone, 2013; Godoy et al., 2019; Katuwal et al., 2018; Lima
et al., 2020; Salek & Beckingham, 2023; Vaz et al., 2014;
Wildenschild & Sheppard, 2013).

MicroCT has become popular since it provides three-
dimensional (3D) volumetric imaging data of undisturbed
samples. Pore-scale characterization of porous media is
important for many practical applications involving multi-
phase fluid flow and the transport of a range of agricultural
and industrial contaminants. Flow and transport processes in
such applications are closely related to pore size, pore shape,
and the connectivity between pores. X-ray WCT provides
an excellent non-invasive means for characterizing dynamic
pore-scale processes (e.g., Van Offenwert et al., 2019). The
digital reconstruction of image stacks permits representations
of the internal pore structure of a sample, the connection of
pores within the pore network, and the underlying flow and
transport processes. Many different approaches can be used to
model pore-scale processes, such as various lattice Boltzmann
formulations, coupled computational fluid dynamics-discrete
element methods (Elrahmani et al., 2022), and pore network
models (PNMs) (Raoof et al., 2013). For our studies, we
used a PNM because it is computationally less demanding
than direct methods and permits one to incorporate more
heterogeneity when modeling larger volumes.

Porosity and permeability are key porous media parame-
ters affecting fluid flow and contaminant transport processes.
Porosity can be estimated from 3D imaging data by converting
grayscale images into binary ones representing solid mate-
rial and void spaces. Many previous studies indicate that a
more complete characterization of the pore size distribution
(PSD) of uCT images requires the estimation of pore sizes
taken from multi-resolution images, and then combining the
information from each resolution to obtain the complete PSD
(Cassaro et al., 2017; Jiang et al., 2007; Vaz et al., 2011; Yang
et al., 2009). Thus, the first step of our work was to evalu-
ate images of soils generated using uCT and, according to
the property being studied, to define if possible an optimal
imaging resolution for comparison with the measurements.

Soils and rocks generally consist of a range of micro-
and macropores, which together define the overall connected
pore structure of the medium. The differently sized pores
are known to contribute to distinct yet interacting water flow
and contaminant transport processes. In saturated media, the
larger pores will favor overall fluid flow processes (including

Core Ideas

* A stochastic method was used to combine four
computed microtomography samples with differ-
ent resolutions into one digital sample.

* The approach was applied to a fine-textured tropi-
cal soil with a very broad pore-size distribution.

* The methodology kept the same digital porosity as
the original pore networks and enhanced the flow
properties.

preferential flow) and contribute the most to the permeabil-
ity of the sample, while the smaller pores are important for
capillarity, fluid retention, diffusion, and chemical reaction
processes. Recent advances in CT facilitate the acquisition
of high-resolution images of 3D porous media, thus permit-
ting more precise studies about the double- or triple-porosity
characteristics of macro-porous soils and fractured rock (Jiang
etal., 2013; Katuwal et al., 2018; Ruspini et al., 2021; Sadegh-
nejad & Gostick, 2020; Wildenschild & Sheppard, 2013;
among others).

A major limitation of image-based soil and rock poros-
ity measurements derived solely from puCT data is that pores
smaller than the voxel size cannot be detected (Cassaro et al.,
2017; Jiang et al., 2012; Pak et al., 2016). Using existing
MCT instrumentation to properly characterize heterogeneous
samples having PSDs spanning several orders of magnitude
is especially challenging since the evaluated “digital” poros-
ity/permeability is generally smaller than measured in the
laboratory. The resulting underestimation of porosity can
lead to errors in the water retention and hydraulic conduc-
tivity/permeability calculations, and hence fluid flow and
contaminant transport processes in porous media. To com-
pensate for this, advanced image processing techniques must
be used for soils and rocks to account for their possible
dual porosity properties. For dual- or triple-porosity media,
which includes many tropical soils (e.g., oxisols and latosols)
and carbonate rocks, new imaging and modeling techniques
have been introduced to capture the full range of the pore
structure features. These include approaches using machine
learning (Dragonfly, 2022) or cellular automata and micro-
computed tomography (Zubeldia et al., 2016), among others.
The simulation and modeling of physical parameters using
non-destructive techniques such as high-resolution tomogra-
phy opens new opportunities for dynamic studies at different
scales, like synchrotron-based tomography (Menke et al.,
2016), including the dynamics of unsaturated flow in soils.
One challenge is the integration and interpretation of results at
different scales (downscaling and upscaling), such as from the
use of different types of uCTs (Crestana & Cruvinel, 2023).
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MicroCT imaging techniques suffer from limitations in
terms of a trade-off between resolution and sample size.
In practice, the images that are obtained via pCT may be
unable to capture all aspects of the pore system of any
realistic medium. The issue is twofold: some porous media
contain noticeable fractions of micro-porosity that cannot
be resolved at micron-scale resolutions, while using a sub-
micron resolution implies that the resulting sample volume is
too small to capture the heterogeneity of the macro-porosity.
One approach is to combine images taken at different resolu-
tions into one global image (Hebert et al., 2014; Jiang et al.,
2012; Kastner et al., 2021; Vaz et al., 2014; Wu et al., 2011;
Yao et al., 2023). For example, Jiang et al. (2012) developed
a stochastic approach to combine the observed networks at
different resolutions into a simpler overall network with very
similar overall properties.

While pore network modeling is considered to be an impor-
tant tool for simulating complex physical processes at the pore
scale, Pore network model (PNM) predictions often do not
agree well with the corresponding laboratory measurements,
especially when complex pore systems are present (Pak et al.,
2016). PNMs simplify the geometry of the pore space and
generally cannot capture all of the characteristics of porous
media due to a lack of resolution. The trade-off between
sample size and pCT image resolution means that a single
UCT volume may not capture all details of a multiscale pore
structure. The realism and precision of the modeling results
depends on the constructed global pore network assumed to
be its complete representation (Xiong et al., 2016), as well as
whether the overall sample can be considered a representative
elementary volume (REV) of its physical properties.

The REV is defined as the minimum volume of a cer-
tain property that is large enough to capture a representative
amount of heterogeneity, or the minimum volume in which
the property is insensitive to small changes in volume or sam-
ple location. Location here means that the REV is the largest
quantity insensitive to small changes in volume throughout
the entire medium. The REV may vary for different properties
(Viketal., 2013), with the porosity REV usually being smaller
than the permeability REV because of macroscopic variability
in the latter. Selecting a region with proper REV character-
istics is as important as the invoked mathematical model to
obtain good results with adequate computational cost (Blunt
et al., 2013; Mehmani et al., 2020; Piccoli et al., 2019; Verri
et al., 2017). Since fluid flow only occurs in the connected
porosity, 50% of the flow process in many soils and rocks
may well occur in only 10% of the pores (e.g., Mehmani et al.,
2020).

Main objective of this paper is to use images at differ-
ent resolutions to provide global estimates of porosity and
permeability, and the resulting fluid flow process. Digital
soil samples were generated using pCT images and the main
characteristics of the imaged soil (the skeleton components),
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and then compared to those of the original sample. Multi-
scale imaging and pore-scale modeling, along with statistical
functions based on the original pore networks, were used to
obtain the new digital soil sample. The resulting 3D networks
hence were combined and transformed into one multiscale
pore network. For this, we used the skeleton of the lower reso-
lution (sample BS4) and added the micro- and meso-porosity
characteristic (pore throats and pore bodies) from the higher
resolution samples such that the multiscale pore system of the
digital sample honored the average connectivity of the sam-
ple. The digital soil sample was generated numerically using
the pore-scale network model within the PoreStudio software
(PoreStudio, 2023), an update of the PoreFlow software of
Raoof et al. (2013).

2 | EXPERIMENTAL

This section describes the measurements, uCT acquisition, the
numerical simulations, and other analyses that were carried
out using the soil samples.

2.1 | Sample selection and soil physical
properties

The uCT and modeling studies were carried out using four
samples taken from an undisturbed block of a Brazilian
tropical oxisol (Rhodic Hapludox). Sample selection, their
imaging with uCT, and the laboratory measurements were car-
ried out by Embrapa/CNPDIA. Complete descriptions of the
soils and experimental procedures are provided by Vaz et al.
(2011, 2014); they are briefly described below.

A cubic sample of undisturbed soil, 20 cm on each side,
was collected at a depth of 20 cm below the surface at the
Embrapa Southeast Cattle Experimental Farm in the city of
Sao Carlos, Brazil. The sample was dried at room tempera-
ture for 30 days and then cut into two equal parts. One part
was used for measurements of physical properties such as the
soil particle density (using the pycnometer method), the bulk
density, and the particle size distribution (data in Vaz et al.
[2011, 2014] and Céssaro et al. [2017]), and the other part
was used to obtain several samples in the form of cylinders of
different sizes to perform the uCT analyses with a series of
resolutions. Mercury intrusion porosimetry was used to mea-
sure the total porosity (0.502 cm?/cm?), while the bulk density
was estimated to be 1.13 g/cm>. The particle size distribution
by weight was found to be 12% sand, 9% silt, and 79% clay.
Embrapa/CNPDIA used four different sample sizes (cylin-
ders) to obtain the soil uCT images in four distinct resolutions.
Sample sizes in terms of their diameter and height were 0.5 X
0.5 cm (sample BS1), 1.0 X 2.0 cm (sample BS2),2.0 X 2.0 cm
(sample BS3), and 4.0 X 2.5 cm (sample BS4). The samples
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FIGURE 1 Four cylindrical undisturbed soil samples extracted

from a soil block collected at 0-20 cm of a Brazilian oxisol (Rhodic
Hapludox) with different diameters: 4 cm (BS4), 2 cm (BS3), 1 cm
(BS2), and 0.5 cm (BS1).
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FIGURE 2
curves of the fine-textured soil.

Observed (data) and fitted (solid line) water retention

were wrapped with parafilm to avoid losing soil particles dur-
ing data acquisition, fixed onto the microtomography sample
stage, and scanned with spatial resolutions (pixel sizes) of
3.6, 6, 12, and 25 um for samples BS1, BS2, BS3, and BS4,
respectively. Figure 1 shows pictures of the four samples.

Figure 2 shows the measured water retention curve of the
soil, along with the fitted van Genuchten—Mualem function
(van Genuchten, 1980). Fitted values of the saturated (6,) and
residual (6,) water contents and the semi-empirical shape fac-
tors  and n were as follows: 8, = 0.497 cm3/em’ ,0,=0.284
cm?/em?, @ = 0.028 1/cm, and n = 1.750. Unfortunately, no
direct data of the saturated hydraulic conductivity (K) were
available of the soil block we used. We used the Rosetta pedo-
transfer function software of Schaap et al. (2001) to obtain an
approximate estimate of K from the particle size distribution
and the bulk density. A 24.7 cm/day value was obtained, con-
sistent with the average of several K, measurements at field
locations near the sampling site (Vaz et al., 2014).

2.2 | Multi-scale pCT measurements

Microtomography images were acquired with a cone beam
benchtop X-ray microCT scanner from SkyScan, model 1172
(Bruker). The X-ray tube operated at 100 kV and 100 mA. The
soil samples were rotated stepwise by 0.3° over 360°, while 15
frames were acquired and averaged to represent the shadow
projection of each rotational step. The samples were wrapped
with parafilm to avoid losing soil particles during data acqui-
sition and fixed onto the pCT scanner stage with double-sided
tape and modeling clay to avoid any movement of the samples
during rotation (for more detail, see Céssaro et al. [2017]).

Each soil sample was scanned using four distinct resolu-
tions to permit not only studies of the internal network of
the pores but also to explore the effect of imaging resolution
on the distribution of pore sizes and the equivalent pore
diameters. The scans showed that sample BS1 had a very fine
network, samples BS2 and BS3 had fine to intermediate net-
works, and sample BS4 had a coarse network. Table 1 shows
the resolution, the porosity obtained from the uCT images, the
connected porosity given by the skeleton, and the hydraulic
conductivity obtained for each sample after modeling with
the PoreStudio software using pore network modeling. Our
modeling results showed that the connected porosity and the
expected hydraulic conductivity obtained using Rosetta could
not be reached using only one resolution of the uCT scans.

Cassaro et al. (2017) noted that the soil showed much vari-
ability in terms of its structure because of the presence of
large, relatively dense aggregates of about 5 mm in diame-
ter, possibly because of the intra-aggregate pores in this heavy
clay soil. The soil total porosity could not be obtained directly
from the uCT images since part of the fine-textured (clayey)
medium contained many pores with diameters smaller than
the best resolution of the scans (3.6 um for sample BS1). The
loss of part of the porosity (smaller pores or bigger pores) can
impact directly on the modeling of the fluid flow and trans-
port inside the sample, once the pores that are not part of the
microCT pore network can break relevant connections among
percolation clusters at the skeleton of the sample.

The puCT stacks were reconstructed and analyzed with the
Avizo 2022.2 software (Thermo Fisher Scientific, 2022). We
developed scripts in Mathematica 12.3 (2021) to track the
diameters and 3D coordinate pore paths, and obtain input data
for pore network modeling. The images of uCT, the porous
media, and the skeleton given by Avizo 2022.2 were obtained
using 501 slices/stack for the BS1/2/3 samples and 301 slices
for the BS4 stack.

2.3 | Pore network modeling

Pore network modeling was carried out using the new
PoreStudio software (Lima et al., 2022; PoreStudio, 2023),

85US017 SUOLIWIOD BAIERID 3|ed![dde 8L Aq peuen0b a1 S3oNe YO ‘@SN J0 S3INJ 10j AReiq1T BUIIUO AB]IA UO (SUORIPUOD-PUE-SLLBYWD ™A 1M ATIq1feUIIUO//SANY) SUORIPUOD PUe SWB L 8U3 89S *[7202/90/0T] Uo AriqiT8ulluo A8|im elrencedoiby esinbsed op eip|seig eseiduis - Vd v NS Aq 7SE0Z ZZA/Z00T 0T/10p/wo0™A8 1M AReiq 1 jou|u0'Ssesde//SdY WoJj papeo|umod ‘0 ‘€99T6EST



PONTEDEIRO ET AL.

Vadose Zol 50f13

TABLE 1 MicroCT porosity and saturated hydraulic conductivity values of the four samples.
pCT resolution pCT porosity Connected porosity Hydraulic conductivity, K
Sample (um) (cm3/cm?) (cm3/cm?) (cm/day)
BS1 3.6 0.240 0.110 36.1
BS2 6 0.207 0.127 2241
BS3 12 0.121 0.071 17.34
BS4 25 0.043 0.014 10.98
which comprises a cross-platform pore network code and 2013):
associated solver. The software allows simulations of a full
range of flow and transport processes based on several mod- b= % 3)
ules. The different modules permit one to model single and Vi

multiphase flow, tracer transport in single and multiphase sys-
tems, and reactive contaminant transport in a single phase.
The software can use the skeleton data extracted from uCT
images or generate a statistically equivalent network using
geometrical parameters (e.g., pore size and pore throat radii)
and morphological parameters (e.g., pore connectivity) based
on analysis of the sample skeleton. Here, we give only a very
short description of the PNM approach used in the PoreStu-
dio software. We refer to Raoof and Hassanizadeh (2010) and
PoreStudio (2023) for more details.

The PNM uses pore bodies (nodes) and pore throats with a
specific topological configuration, with the pore throats pre-
scribing the connections between pore bodies. The larger pore
bodies are modeled as spheres, and the pore throats are mod-
eled as capillary tubes to serve as connections between the
pore bodies. During quasi-static single-phase flow, a pres-
sure gradient is established in the pore network between the
input and output boundaries of the PNM along the flow
direction. Numerical simulations were carried out assuming
connectivity between the top and bottom of the sample (the
z-axis), being the direction of flow within the plugs. Volu-
metric flow through the pore throats is assumed to be laminar
and described by the Hagen—Poiseuille equation:

Q[j zgij(pj_p[) (1

where Q;; is the volumetric flow rate through the pore throat
between two adjacent porbodies (i and j), p; and p; are the
pressures at the two pore bodies, and g;; is the conductance
of the cylindrical shaped pore throat whose value can be
obtained using:

ﬂR;lj
%= B,

2
in which R;; is the radius of the pore throat, /; is the length
of the throat, and u is the dynamic viscosity of the fluid
(water). Considering a well-defined volume sample, the aver-
age velocity of fluid in the pore, v, is then (Raoof et al.,

where O, is the total flow rate through the pore network,
which can be determined at the inlet or outlet of the pore
network as the sum of all flows, L is the length of the pore
network, and Vy is the total volume of the liquid phase within
the pore network. The absolute permeability K of the sample
is then calculated using Darcy’s equation. A small differen-
tial of pressure was adopted to guarantee laminar flow (low
Reynolds number). The initial moisture condition is assumed
to be full saturation.

In the present study, the software used the skeleton
extracted directly from the uCT images. The program ini-
tially gives the number of pore throats and pore bodies. Some
results, such as porosity, permeability, and the average coor-
dination number, are related to the connected pores (clusters).
PNM modeling details are provided in Table 2, while Figure 3
shows the pCT images and the sample porous media at four
different resolutions.

A digital pore analysis (DPA) was further performed to ana-
lyze the distribution of several parameters inside the samples.
The PNM approach assumes that the pore space is a net-
work (the skeleton) with a simplified geometry represented by
spherical pore bodies and connecting cylindrical pore throats.
Despite being a simplified structure, the skeleton typically
comprises thousands of points, requiring statistical techniques
for quantitative assessments. A script was developed for the
DPA (Silveira et al., 2022) to make it possible to evaluate
the distribution of total porosity and of the pore-throat and
pore-body porosities along the samples. The sample for this
purpose was divided longitudinally into 20 sections. Figure 4
shows the observed skeletons and distributions of the three
porosities along the 20 sections. The data indicate that the
pore throat and pore body porosity distributions along sam-
ples BS1 and BS3 (3.6 and 12 um) are very similar, while
samples BS2 and BS4 show a more heterogeneous porosity
distribution with higher pore throat porosities at sections 9
(BS2) and 10 (BS4), respectively.

The frequencies of the coordination number are shown in
Figure 5 for all samples. Sample BS2 (6 um) showed the best
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BS1

0.5cm/~3.6pm

BS2

lem/~épm

BS3

2cm/~12pm

BS4

4cm/~25pm

microCT binarized skeleton PNM FIGURE 3 Images of the BS soil samples
at different resolutions: (a) a micro slice, (b) the
binarized image, (c) the skeleton image
generated with Avizo, and (d) the pressure
distribution inside the sample as calculated with
the PoreStudio pore network model (PNM).
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FIGURE 4 Longitudinal distributions of the different total, pore throat and pore body porosities (Phi) along the four soil samples.
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TABLE 2 Pore network model (PNM) parameters of the four subsamples.
Domain dimension Average coordination
Sample Pore throats Pore bodies (voxels) number
BS1 118,686 79,544 1300 x 1300 x 300 2.98
BS2 341,586 230,934 1600 x 1600 x 300 2.98
BS3 179,735 172,143 1700 x 1700 x 300 2.88
BS4 65,844 60,476 1550 x 1550 x 150 1.76
1.0E+06
1.0E+05
HBS13.6um
m BS2 6um
1.0E+04
W BS3 12um
3
5 W BS4 25um
S 1.0E+03
o
]
e
[* 8
1.0E+02
- I I I h h
1.0E+00
1 3 4 5 6 7 8 9 10 11 12 13
Coordination Number
FIGURE 5 Coordination number versus frequency of the soil samples.

pore connectivity in the samples, followed by sample BS3
(25 pm).

We also calculated the distribution of pore throat and
pore body volumes per radius in terms of voxels. Results in
Figure 6 show that sample BS2 has the highest volumes for
both the pore throats and pore bodies, followed by sample
BS3. The DPA data explained that the samples with the best
connectivity and higher volumes of pore throats and pore bod-
ies present higher hydraulic conductivities when modeling
using the PNM.

3 | MULTI-RESOLUTION ANALYSIS

In order to improve the modeling of a sample having different
orders of magnitude in the size of their pores, we combined
information of the samples with distinct spatial scales and
uCT image resolutions into one overall global digital sample.
For this, we used stochastic networks of arbitrary size with
the same fluid low properties as the initial or parent networks.
This was done in four steps. First, we characterized the par-
ent networks in terms of distributions of the geometrical pore

properties and correlations between these properties, as well
as the connectivity function describing the detailed network
topology. Second, to create a stochastic network of arbitrary
size, we generated the required number of nodes and bonds
with the correlated properties of the original network. The
nodes were randomly located in the given network domain
and connected by bonds according to the strongest correla-
tion between node and bond properties, while honoring the
connectivity function. Then, using the generated stochastic
networks, we used PoreStudio to integrate two networks cre-
ated in the same domain into a single two-scale network by
characterizing the cross-scale connection structure between
the two networks. Finally, multiscale networks were gener-
ated by repeating the above scheme. The overlap/combination
of the networks ensured a better representation of the overall
pore network.

To apply the described method, a REV is required. We
used two samples of our set (BS2 and BS4) to verify if they
represented reasonable REVs. This choice was based on the
fact that BS2 gave a hydraulic conductivity closer to the one
estimated, while BS4 had the larger network to which those
of the finer resolutions could be added. The combination of
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FIGURE 6 Pore body (top) and pore throat (bottom) volumes versus radius for the four samples.

more than one network is based on the original data from
the skeletons (pore bodies and throats), as described using
the stochastic approach from PoreStudio. The PNM extracted
from the higher resolution pCT volume (the finer network) is
hence combined with a coarser network.

A specific objective of our study was to apply an REV anal-
ysis of the hydraulic conductivity of the largest soil sample
(BS4) imaged at the lower resolution. We wanted to know
which one of the smaller digital BS1, BS2, or BS3 could best
enhance the pore network of the larger sample. The REV is
used here to define the fundamental size for the hydraulic con-
ductivity measurements, those of the simulations, and their
can)- We further used the coef-
ficient of variation (C,) as a dimensionless measure of the
heterogeneity of a sample. As reported by Vik et al. (2013),

respective averages (i.e., X,

C, is defined as the ratio between the standard deviation of a
property and the property arithmetic mean:

c - 4/ Var (x) [1 1 ] @

’ Xmean 4 (n—1)

in which the second part of the equation is a correction when
the number of samples (n) is equal to or <10. The hydraulic
conductivity class is based on the C, value, and the sample is
considered homogeneous when C, is <0.5. In our study, the
C, was evaluated to be 0.28.

The pore network flow simulations were carried out for
all sub-samples. For the REV study, we used modules in
the PoreStudio software to digitally divide the coarser pore
network of sample BS4 into 10 pieces and then estimated
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FIGURE 7 Evaluation of hydraulic conductivity by volume: (a)

BS2 (6 um) and (b) BS4 (25 pm).

the porosity and saturated hydraulic conductivity (K,) of
an increasingly larger set of combined subsamples until the
porosity or conductivity stabilized. For the porosity, the REV
could be easily determined. However, the results in Figure 7
indicate that sample BS4 could not reach a constant plateau,
except for the last two points. This means that the REV for K
could not be defined well due to soil heterogeneity, and hence
that the REV size for the proposed methodology should be
about 7000 mm? or larger (Zhang et al., 2022).

Following Jiang et al. (2012) and others, the geometry and
topology of the individual networks were described statis-
tically in terms of probability distributions of the volume,
radius, and connectivity of the network elements. The next
step was to generate stochastic digital samples based on the
original skeletons (Raoof & Hassanizadeh, 2010; Raoof et al.,
2013). For this purpose, we used PoreStudio to generate a
stochastic sample of BS4, as well as of the other samples,
based on their original average connectivity and the original
sets of pore body and pore throat radii. The placement of pore
bodies and throats in the network was made stochastically by
the program.

The best distributions for the networks were found to be
lognormal. Figure 8 shows the histogram of the BS4 throat
length and the fitted lognormal distribution.

Using the pore network generation module of PoreStudio
(2023), the stochastic BS4 sample was generated assuming
the same average connectivity of the original and stochastic
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FIGURE 8 Histogram of the pore throat radius of sample BS4.

skeletons. This is done by statistically placing the pore bod-
ies and pore throats in the new skeleton. We verified results
obtained with the stochastic sample of BS4 with the original
digital sample. Figure 9a compares pore throat volumes (by
radius) obtained using PoreStudio with those obtained with
the software for the stochastic sample (along with the sam-
ple correlations), while results for the pore body volumes are
shown in Figure 9b. The pore connectivity had a variation of
6% comparing the stochastic with the original digital sam-
ple. The data show good agreement, including the generated
curves. Table 3 provides an overview of all BS4 pore network
modeling results.

To capture the multiscale PSD of the rock, we imaged four
different soil samples at different resolutions and integrated
the data to produce a pore-network model that combines infor-
mation at several length scales that cannot be recovered from
a single tomographic image. We used the network integration
approach of Jiang et al. (2007, 2013) to generate PNMs of
arbitrarily large volumes that can incorporate multiscale pore
systems extracted from images obtained at different resolu-
tions. The larger volume sample in our study was BS4, imaged
with a resolution of 25 um, in which we then incorporated
features extracted from the other systems (3.6, 6, and 12 um
scans). Sample BS4 showed less pores and throats, compared
with the other samples, and also had a lower hydraulic con-
ductivity. The conductivity, connectivity, and total porosity
all showed increasing trends with the imaging resolution.
Sample BS1 had the finest network and displayed a cal-
culated hydraulic conductivity value higher than the values
estimated from the particle size distribution and approximate
field estimates.

We explored three different combinations of samples to
generate the scaled stochastic samples, that is, by combin-
ing BS4 and BS1, BS4, and BS2, and BS4 + BS3. In all
cases, we used BS4 since this sample had the largest (and
coarsest) network with the largest pores and combined its
network with those of the smaller sample with higher res-
olution to better capture the smaller pore bodies and pore
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TABLE 3 Pore network model (PNM) parameters and results.
Samples Throats Pore bodies
BS4 original 65,844 60,476
BS4 stochastic 66,736 61,447

throats. Combining the pore systems of two networks facil-
itated having enough overlap to include the representation of
intermediate-size pores.

PNM results obtained with the combinations of 25 +
3.6 um, 25 + 6 um, and 25 + 12 um are reported in Table 4.
The best results were obtained by combining the uCT images
with resolutions of 6 um (BS2) and 25 um (BS4). The PNM
modeled hydraulic conductivity of sample BS2 imaged at
a resolution of 6 um was closest to the estimated value of
24.7 cm/day. The pore system of sample BS4 received the

Conductivity
Volume (mm?) Porosity (cm/day)
7711.3 0.135 10.96
7732.0 0.132 10.80

finer part of the BS2 network and hence also had a higher
K value. The combination of BS4 and BS2 pore throats and
pore bodies showed an increase relative to the BS4 skeleton
but remained less than K of the BS2 skeleton. This means
that the two samples had a good area of overlap in their pore
systems.

The combination of BS4 and BS1 skeletons gave the
second-best estimate of the hydraulic conductivity, but with
the number of pore bodies and pore throats being very close
to the sum of the amounts of both skeletons. This means

85US017 SUOLIWIOD BAIERID 3|ed![dde 8L Aq peuen0b a1 S3oNe YO ‘@SN J0 S3INJ 10j AReiq1T BUIIUO AB]IA UO (SUORIPUOD-PUE-SLLBYWD ™A 1M ATIq1feUIIUO//SANY) SUORIPUOD PUe SWB L 8U3 89S *[7202/90/0T] Uo AriqiT8ulluo A8|im elrencedoiby esinbsed op eip|seig eseiduis - Vd v NS Aq 7SE0Z ZZA/Z00T 0T/10p/wo0™A8 1M AReiq 1 jou|u0'Ssesde//SdY WoJj papeo|umod ‘0 ‘€99T6EST



PONTEDEIRO ET AL.

500 + t t

400 - 1

300 + T

200 4

|Pressure Head| [cm]

0.00 0.05 0.10 0.15
Water Content [-]

FIGURE 10

Vadose Zone 11 of 13

log(lh] [em])

N
}
1

1 t t t t t
0 0.1 0.2 0.3 04 05 0.6
Water Content []

PoreStudio generated water retention data and fitted curve of the fine-textured soil (left) and comparison of the optimized

PoreStudio generated retention curve (black line) with the PoreStudio curve adjusted with the residual water content (blue line) and the

laboratory-measured retention curve (green line) (right).

TABLE 4
skeletons of two samples.

Pore networking modeling results using the combined

Conductivity
Sample Pore throats Pore bodies (cm/day)
BS4 + BS1 158,021 128,549 20.1
BS4 + BS2 277,953 204,449 223
BS4 + BS3 120,953 100,729 18.0

that the pore systems of the two samples had a very nar-
row overlap range. Finally, the combination of BS4 and BS3
gave the smallest improvement in the BS4 conductivity; the
skeletons of the generated pore network (pore bodies and
pore throats) showed a much broader overlap in their pore
systems.

Much of the above analysis focused on the saturated
hydraulic conductivity, K, which is determined mostly by
the larger connected pores. We also still ran PoreStudio for
the various networks to obtain predictions of the soil water
retention curve. Figure 10 shows the results for the pore net-
work of sample BS1. The PoreStudio calculations were based
on a pore network made up of mostly connected pore bodies
and pore throats and do immediately account for the presence
of a residual water content (6,), as is assumed in most stan-
dard formulations of the water retention curve. The residual
water content of especially fine-textured soils can be quite
large, as is the case for the selected clay soil in our study.
One could correct for this reason the PoreStudio results with
the residual water content of 0.284 cm?/cm? (Figure 1). This
would produce the middle curve in Figure 10, which is still
about 0.08 units below the measured curve near saturation
and has a higher value of the van Genuchten G n parameter
(4.66 vs. 1.75 for the laboratory-measured curve). These dif-
ferences point to a need to measure water contents in the very
dry range, including portions of the curve where corner, film,
and vapor flow become important (e.g., Peters et al., 2015).

This issue appears is important for fine-textured (clay) soils,
such as those used in this study, since their nano-size pores are
below the resolution of most or all uCT methods (e.g., Godoy
et al., 2024).

4 | CONCLUSIONS

In this study, we showed one way of combining the uCT
results obtained for samples having different sizes and imaged
with different resolutions, with as ultimate objective to obtain
more representative conductivity/permeability estimate of the
larger sample imaged with a lower resolution. The idea is to
obtain simpler pore networks, based on uCT stacks of the soil
or rock samples, that carry information from distinct sam-
ples imaged at higher resolutions and is implemented in pore
networks obtained from lower resolution imaging. The tech-
nique provides samples with a less-refined pore system that if
scanned at very high resolution, thus permitting one to per-
form other modeling studies such as contaminant transport
and multiphase flow in less time and with less computational
demands. The procedure was illustrated here by combining
the images of two skeletons obtained with different resolu-
tions. The approach can be extended to more than two samples
by using the same steps as described in this paper.
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