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Abstract

The representative elementary volume (REV) is a fundamental concept in the study of porous
media, describing the minimum volume at which a material property can be considered
statistically representative of the whole. Determining an REV is essentiahKorgiporescale
measurements, often obtained from higksolution imagingto continuumscale models used in
engineering and geoscience. In particular, accurate REV identificdtporosity and tortuosity

is critical, as these parameters govern trangpprocesses such as flow, diffusion, and

conductivity in porous structures.

This work presents a systematic methodology for identifying REVs based on a threshold criteria
designed to reduce computational demands. An REV is defined as the volume in which at least
Y 1t Pfp mmndomly sampled subdomains yield porosity or tortuosity values wihin f the

overall average. The method was applied to both synthetic datasets and real samples provided
by Dong and Blunt, with subdomain volumes ranging fpomto p 1t Tvoxels[1]. Of the 12 real
samples analyzed, 7 satisfied the proposed criteria, and REVs were identified for both porosity
and tortuosity. Samples that met the criteria exhibited smaller average pore sizes and higher

porosity ratios, while outliers were explaineding pore size distribution data.

To further assess robustness, predicted tortuosity values obtained using the correlation proposed
by Tomadakis and Sotirchos were compared with ground truth measurenj2htsSeveral
samples failed to reproduce the true values, indicating that even when an image contains an REV,
it may not be internally selfonsistent. While this may appear contradictory, it reflects the
distinction between the stability of averaged valuesass subdomains and predictive accuracy

of empirical correlations.

The results of this work demonstrate that REVs can be identified from relatively small fractions
of the total image volume given that certain conditions are met, offering a balance between
accuracy and computational efficiency. This framework providesxibfé approach for porous
media characterization, with direct implications for hydrogeology, petroleum recovery, fuel cell

design, and filtration technologies.
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1. Introduction

Computing transport propertiesf@a porous material from a volumetric imagee it 2D or 3D,

has become a common substitute for performing experinse@everal reasongxist for this
practice but it has become increasingly easy to acquire volumetric imagescheiques such as
x-ray tomography andocused ion beanimaging- scanning electron microscggFIBSEMN) are

now common at most research facilities. Moreover, the computational power necessary to
perform the needed simulations is readily available on standard desktop workstatioady,
experimentscan betime-consumingprone to error and sometimes even impossible, such as
finding the tortuosity of a fuel cell catalyst layer that is gmlyt athick and not selsupporting.
Given the widespread use of volumetric images for this purpose,niegessarto determine
whether the computed transport properties aie valid substitute foexperimentally obtained

valuesand more generally what conditions must be met for this to be the case.

Geologists havéacedthis situation or many decades, but thproblem theytypically face is
havingto conductexperimens onsmall samples (typically p T adiameter cylindrical plugs
known as coreghat have been obtainedfom enormousreservoirs.In their case the question

is whether experiments performed on a small cgreld properties whichare representative of

an entire reservoir wtere the properties vary spatially. Bachmat and Bear formalized this
situation in 1986 when they described the concept of a representative elementary vgREW)

[3]. An REV is the volume of the smallest sample for which a measurement will yield a value that
is representative of the entire sample. In their wptkey discussedhe REV in terms dthe
porosity with respect to volumealthough it should be noted that such a plot can be made for
any property of a mediurother than theporosity. A typicalrelationshipbetweensample volume
and sampleporosity is shown schematically iigurel below. Thigplot shows 3 phases: (ide
fluctuations in porosityat very small volumesvhere the samples contain a disproportionate
amount of solid or void(ll) plateau in porosityconsideredo bethe representativeor true value

at intermediate volumesvherethe samples consistently contain both solid and gandthe same

proportionsand (lll) small variations in porosity ivery large samplewhere the measurement



becomes influenced by the largscale heterogeneity of the reservoir. This third stagkigely

conceptualn naturesince it is obviously not possible to obtain or test a core of this size.

T

Porosity

I 11 11

Volume

Figurel ¢ A theoretical plot showing the dependence orsample porosity on sample volume as
proposed by Bachmat and Be{3].

The experimental determination afuch a plot would be tediouand timeconsuming On the
other hand, it can be easily generated agalysis of aszolumetric image of a samplés an
example, onsider the image of blobs shown kgure2 (left) below. It is relatively trivial to
extract many random subsections of this image (random size and location) and compute the
porosity as the sum of void voxels over the total number of voxels for each subsddtiane2
(right) shows thevariation in theporosity value as a function of the block siE@r comparison,
the true value for the entire imagegiven by the horizontakd line, determined bythe quotient

of the number of void voxels and the total number of vox€lss valudikely differs from porosity
measurements obtained through laboratory analysiSich requires experimentation through
determining thebulk volume or grain volumeit very small volumeghe porosity can take on
any value between 0 and 1 because the sample volume may contginads, only solid voxels

or any intermediate combinatianOnce the volume of the subsections reaches m f the
image sizethe porosityobtained from the analysisonsistentlyfalls within ¢ 1t Fof the true
value. The methods used to extract ssictions and their subsequent analysis are discussed in

more detail later in this work.
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Figure2 ¢ A synthetic image and its associated REV porosity plot.

Of course, porosity is not the only property which can be analyzed as a function of volume. Any
property which can be obtained from a full image can be obtaimedhfsubimages ad plotted

as a function of samplgize. All such plots should follow the same general trend of converging to
a stable valuas the sample sizaeé¢reags However, not all properties will converge at the same
size. Transport processes such as mass diffusion, heat conduction and fluid flow are influenced
by longrange effects of thepore structure, such as ugtream constrictions. This essentially
means that REMsed to modeMdiffusion must be larger thanthat used to determingoorosity

since diffusion is influenced by lomgnge features while porosity is a purely local value.
Unfortunately, ittle attention has beerpaid to this phenomenoin the literature Moststudies

have notevenconducted an analysis @orosity based onthe REV, let alone anaklysof the
transport property(iespased onan REVGarciaSalaberri et alconductedan REV study in gas
diffusion layer (GDLs) materials used in fuel c8lilsceGDLs argerythin (T 1171 0), the main
concernin their workwas not whether their image was large enoughsirve asa satisfactory

REV, but whethethe GDLs themselves were thick enough to be reasonably represented as a



continuum [4]. In other words, theyconsidered the question whethethe continuum
approximation can be applied to GDLs when modeling fuel cells. Theyermined the
dependence ofseveral effective properties (porosity, tortuosity, thermal conductivity and
permeability)on image thickness and found that the simudats did not converge to a single
stable value ashe thickness of the modeled domain approachthe thickness of thecross
section of theGDL They interpreted this to mean that no REV was foundchfanalysis irthe
thickness (i.e. througiplane) direction. Foanalysis of properties ithe in-plane direction the
researchergound that at leasp & & was required for the properties to reach stable valuate

will show in the present thesis that reaching a stable value as a function of domain size does not
necessarily mean that an REV is achieved. A stable caluesponds tothe average of a
distribution which may have a wide standard deviation, indicating that any givesauple may

actually be far from the mean and therefore unrepresentative.

The aim of the present work is to develop a computational framework for determining if a given
image is large enough to qualify as an REV of the sample from which it was taken. Specifically,

this works addresses the following questions:

1 Given a single image taken from a larger sample, can we determine if it is large enough to
qualify as an REV without knowing the true vahlfethe relevant transport and/or
structural properties?

1 Can a practical definition of an REV be established that allows one to conclude an image
Ada aOf2asS Sy2dzaAKEK

1 If an REV is absent, can the image still be considered homogeneous enough to provide
useful information?

1 What conditions must be met for an REV to exist? For instance, are there certain physical
properties of the image which can be used to predict if an REV is likely to be present?

1 Since images with high resolution and small fields of view are likely to lack an REV, is it

feasible to use image with lower magnification to perform tortuosity simulations?

It is expected that the outcomes of this work will benefit a wide variety of fields which rely on

volumetric images to supplant experiments. This includes analysis of electrodes-idor Li

4



batteries [5], redox flow batteries[6] and fuel cells[7], membranes for filtration[8] and

sandstones and carbonate rocks for oil recovény, sequestration and aquifer management

[9].



2. Background

2.1. Sources olW/olumetriclmages

Volumetric images can be obtainég direct imaging of samples, reconstruction from 2Deslic

or by synthetic generation from mathematical models. Typical techniqused toobtain such
information include tomograplhy and serial sectioning. Tomograplcquires a series of nen
destructive 2D projection images at different viewing angles. These projections are then
computationally reconstructed into a 3D volume using algorithms such as filtered- back
projections or iterative reconstructiofl0]. Serial sectioning directly acquires consecutive slices
of a material by physically removing thin layers from the surface. In focused ion-fsmming
electron microscopy (FIBEM), an ion bearns applied to a sample toill awaya nanometer

thick layer after which an EMimageof the newly exposed surfade obtained This process is
repeated over and over again to generatetack of 2D crossectionswhichis then compiled

into a 3D datasefl1] [12].

An inherent tradeoff exists between the achievable resolution and the size of the field of view
(FOV). These parameters are inversely related because imaging systems are constrained by
detector pixel count, acquisition time and data storage capdt®y. Resolutionenhancemenis

often pursued to capture finer details within a sample. However, iR/ of themaging system

is too limited or the sample is not adequately representative, higher resolution may not yield
meaningful insights. In such cases, the increased data voinrigher resolution images can

lead to computational challenges and may not contribute to a more comprehensive
understanding of the sample. Therefore, the utility of improved resolution must be evaluated. In
some instances, a broader FOV with moderasotution may be more beneficial than high
resolution imaging of a limited area. The review by Wildenschilde and Sheppard highlights this
specificrelationshipbetween resolution and FOV, whesampleimagingcan requireacquisition

times ranging fronp uminutes to¢ thours[14].

2.2. Uses of Volumetric Images for Estimating Properties



Volumetric imaging has become a pivotal tool for characterizing material and biological systems,
providing threedimensional insight into structures that are otherwise inaccessible. Beyond
visualization, these images are increasingly used to quantify gadysioperties which can then

be usedn continuum models to predict macroscopic behavior. Statistical and physical modeling
techniques have been developed to directly estimate material parameters from volumetric
datasets. For example, models for microstral characterization from 3D tomography can
guantify pore structure, connectivity and other material parameters, which serve as input for
continuum simulations to predict transport and mechanical propeitlég. In biological systems,
mechanical properties have been extractid use infinite element modeldo simulat tissue
mechanics under physiological conditions, specifically rate of deform§ti®h In the case of
electrochemical devices, Garcsalaberri et al. extracted transport properties from an image and
used them in a continuum model of fuel cell operatifk¥]. Theyalso conductedfuel cell
simulatiors for the gas diffusion layestructure captured in the image ahfound thatthe
prediction of theoveralldeviceperformance was clost that determined from experiments

whereasthe spatial distribution oflegradationwas much different

Volumetric imaging has proven to be a powerful tool determining thephysical properties of
materials, enabling researchers to link microstructural features to continlew®l behavior.
While these studies demonstrate the broad applicability of volumetric imaging for property
estimation, the focus of the present work wilbncentrate solely on tortuosity and porosity, as
these parameters provide fundamental insight into transport phenomena and serve as the key

metrics for evaluating representative elementary volume behavior in porous media.

2.3. Discussion of Representative Elementary Volume

In addition tothe foundational work byBear and Bachmatn the REV, more recent studies have
sought to refine its application across a broader range of materials and physical properties
beyond porosity{3]. Wu et al. introducd a novel criterion for determining REV in translucent
porous media using light transmission techniqyé8]. The study addresselimitations of

traditional REV estimation methods and prowide more accurate approach for identifying the



minimum representative volume in materials where optical imaging can be applied. This work

directly contributel to REV assessment in experimental contexts.

Costanz&Robinson et al. investigate the concept of REV in the context of porosity, moisture
saturation and interfacial arefl9]. The keyconclusion from their work wathat current REV
methodsmay be routinelygivingpoor estimaes ofphysical propertieslue to the difficulty in
distinguishingoetween theend of phase &ndthe beginning of phase Il amporosity-volume

plot (seeFigurel). Singh et al. proposed a textulmsed characterization method called the
GDNI2BSt {AT S %2yS alNRAEé¢XT ft26Ay3a w9+ aAal S5
[20]. This bypasses the need for prior segmentation or extensive computational resources.

While the studies summarized here demonstrate significant advancements in both experimental
and computational approaches to REV, they represent only a subset of the extensive work
conducted in this field. Moreover, they aiadirect, as they make the assumption tfeir
measurements being accurate to the point of expanding to a continuum maael,can be
unreliable when applied to novel imagésneedclearlyexiststo develop grocedure tomeasure

the REV directly and conclusively for a given image, especially for tortuosity which is an especially

important property used in many applications.

2.4. Effective Diffusivity and Tortuosity

S5AFFdzaA2y 2F | &a2ftdziS GKNRdJzZAK | L2 NRdza YSRAdzYy
s 0 = 2.1
N O ad (2.1)

where¢ and0 arethe molar fluxand concentration, respectivelpf specie® andO s the
effective diffusion coefficienof 0 through the medium. The effective diffusion coefficient is the
volume-averaged diffusion coefficient through the porous dom&n. is always lower thathe
valuethrough open space due to the blockages by the sihdcturewhich comprissthe porous
medium. This reduction can be broken into 2 pariBhe frst contribution comes fromthe

reductionin the amount of void space present, resulting in a direct proposetiatecrease itotal
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flux, as quantified by the porosity @ 7w . The gcondcontribution comes from the
decrease ofthe flux due to the elongated pathway®f the solute as it traverses the solid
obstacles which is expressebly the tortuosityt. Unlike- it does not have a simple definition

and isusuallydefined as:

- - 2.2)

Together, the inclusion of porosity and tortuositieldsi KS T2t f 26Ay 3 F2N¥Y 27F

¢ 0 7= (23)

The determination oft is the main challenge when modeling diffusion through a porous domain

andso is commonly obtainefiiom simulationsbasedon volumetric images.

2.5. Tortuosity ¢ Porosity Correlations

It is well known that conduction through a composite domaintergoesa phase transition at a
critical volume fraction othe conductingmedium The effective conductivity is zerat volume
fractions belowthis critical leve] while it increases rapidiwhen the volume fraction increases
above this value. Thieritical volume fractionknown as the percolation threshold has been
studied exensively being defined for many different structure typgal] [22] [23]. Despitebeing
analogous to conduction, correlations for effective diffusivity through porous materials almost
universally neglect th existence of a threshold below which no conductivity occliremost
common exampl®f this problem ighe almost universal use dhe following simple poweraw

expression

T (24)
for the dependence of tortuosity on porosity. This relatiowidely referred to as the Bruggeman

correlation based on the work oBruggemanto analytically derive values of for common

geometries (namely overlapping spheres and overlapping f{@d$) The form of the powelaw



expressionmpliesthat tortuosity becomesinfinite asthe porosity approached). Infact, it is
observedthat the porosity does not have to decrease to zero in order forvtbhels of a domain
to become disconnected. Nonethelessy axamination ofthe correlations collected in the
extensive review by Ghanbarian et al. shows amlgwhichexplicitly accounts foa percolation
threshold[25]. This lone exception is the ormé Tomadakis and Sotirchos, who proposed the
following correlation which not only included the percolation thresholdvia the- - term)

but alsoproperly normalized the function via the - term, i.e.[26],

T — (2.5)
p -

They provided estimates for and| for various fiber structures including fibers randomly
located in the XY plane but aligned in the Z direction (1D), fibers randomly rotated in tfe X
plane but fully parallel in the Z direction (2D) and fibers that randomly oriented in all three

directions (3D). These values are summarizetahlel.

Tablel ¢ Fitting parameter for various fiber structureg2].

Orientation X-Axis Y-Axis Z-AXis
- | - | - |
1D 0.33* 0.707 0.33* 0.707 0.0 1.0
2D 0.11 0.521 0.11 0.521 0.11 0.785
3D 0.037 0.661 0.037 0.66 0.037 0.66

* The percolation threshold for overlapping disks in 2D is closer te@3® according to the exhaustive list compiled
in Wikipedia[27][28].

The difference irthe dependence oft on - according tothe Bruggeman(B) and Tomadakis
SotirchogTS)models is quite starkas shown irFigure3. As expected,He tortuosity according

to the TS model clearly rise¢o high valuesat higher porosity valuethan it does using the
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Bruggeman model Note the plots are obtained using values for thexponent

| inthe TS modehat are lower thanthose usedor the Bruggeman modeThis has been done
here tomake thedifference smallethan it would otherwisebe if the same values are used in
both models Since it incorporates the important effect of percolation, the TS model will be used
throughout this work. To use this model, however, one must know both the percolation threshold
in addition tothe exponent, which perhaps explains why the sifggdeameterBruggemammodel

remainsin favor.

Tortuosity

0.0 0.2 0.4 0.6 0.8 1.0
Porosity

Figure3 ¢ Comparison othe predicted dependence o\bn £ according tothe Bruggeman Eq(2.4))
and Tomadakis Sotirchos(Eq(2.5)) models The values of 0.5, 1.0, and 0.25 correspond to
the exponents used in the relevant correlations.

An advantage of using images to estimate tortuosity is that one can analyze and manipulate the
image to extract additional helpful information. For instance, it is possible to determine the value
of - for a given imageand the methodology is detailed section3.2. Thisis useful fortwo
reasons: (a) may not be readily availabl@herwisefor the material under study and (b) is

a statistical average taken over many realizations so the value for a given image may deviate

greatly, allowing us to determine an appropriate range to be used within the TS madehis
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thesis focuses odeterminingtortuosity in sandstones from single images, both ofshdéactors
are important Itis therefore of interest to develop and validate a method for determiningn

the basis of a singlenage.

Experimentaldetermination ofthe percolaton porosity- of a material require characterizing
sampleshavinga range of porosiés and identifying the porosity at whichthe void phase
becomescontiguous However, hiscan berather challenging to do sindke porositiesof a given
class of materials tend to fall within a narrow rangfeis also not guaranteed that this range
encompasses the percolation threshokr instance, the porosésof fibrous structures typically
lie between 0.6 and 0.8, depending on how the fibers are pa¢k8fl Similarlythe porosities of
sandstones tend to fall between 0.1 and (B8B]. An alternative way to accomplish this would be
to alter or control the porosity of a sample Bpplyingvaryingamounts of compressioto reduce
its thickness from an original value @fto 0 . Providedthe solid does not deform or break, then
one @n obtainthe porosity- of the compressed sample frothe following expressian

- P o - 29)

0

where- isthe porosity of the original samp[81]. However, this approach may be problematic.
Firstly, it requires that the particles making up the samples not be damaged or altered in any way
which is agquestionableassumption. Secondlyhe morphology of the void space is bound to
change a# iscompresed andso the percolating porosity obtained may or may not be relevant

to the original material.

Analyzingimages, howeverprovides several optionsthat are not possible with physical
materials. Firstly, one can generate artificial images wifferent numbers of particles, which
canhave differentporositiesif the particlesare allowedto overlap The radius of the particles
can also be varied, which has the same effect on poro$itynadakis and Sotirchos combined
both options in their varioustudieson this subject in the 199(8] [26]. Secondly, one can begin
with a given image then dilate the solid progressiv8lyce this approachcan be applied to
images of real materialst is preferrableand used in this studylrhe methodology developed as

part of this work is presented and validated in the next section.
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2.6. Tortuosity Distributions

The motive behind determining the representative elementary volume of an image is to
determine if the image is representative of the whole material from which it @@ained.This

is essential if the transport properties obtained from the image are to be used to descebe th

of the sample as a whole. To illustrate the importance of checking for the existence of an REV, a
simple example is presented her€igureda depicts ap 1T 11 Tp T TIPiKel imageof a porous
structurethat is relatively homogenous in natuesd hasa porosity of 70%. This sample can be

cut into slabs of discrete sizes and various properties can be determined for each slab.

A summary of the propertiesbtained fromFigure4b and4c can be found iTableV and Table

VI, respectively appearing irAppendix C TableFigure5 depicts thevariationof the tortuosity
over the domain of axis 1 across the entire sample showiguared, as well as the true tortuosity
value of the whole imagewnhere axis 1 is the horizontal directiorhe tortuosity over each slab
is significantly lower thanhie true valuelnterestingly, this example shows that subdividing the
original image into smaller slabs has deleterious effect on the estimate of the tortutidite
difference in the tortuosities of the variowdabs is small, then the image may be considered
homogenous. Conversely, if tfferences ardarge, then each slab is structurally different and

the image may be considered heterogenous.

As the slab size increases, the features of the smaller slabs are incorporatéiteifdogerones

NBadzZ GAy3 Ay | aY2NB NBLINBEASY (A few dnfeeesting dzo R2 Y I
observations can be made in this regafitstly as noted abovethe smaller slabs atixhibitlower

tortuosity than the true value. Tus,as the slab®ecomelarger, they incorporate more of the

WdA b NS I Y Qof théskructdedliBaiiwould hinder solute transport biffusion.At the same

time, the smaller slabsanslice through solids and create pathways by converting a esatl

cavern into an open channahd thereby artificially lower the tortuositylhis is not to say that

slabs should be used to analyze tortuosity, but to clearly demonstrdie samples should be

checked for REV when doing tortuosity calculations
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Figure4 ¢ (a) A generated image with a porosity of 70%b) and (c) depict the image after being
subdivided into discrete slices of sizes and pixels respectively.
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Tortuosity Distribution

=== Ground Truth

Tortuosity

0 200 400 600 800 1000
Domain of Axis 1

Figureb ¢ Variation ofthe tortuosity along the horizontal directioracross theslabs inFigure4. The blue
data series corresponds to the slabs seerFigure4b andFigure4c is the green data series.
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3. Methodology

2.1lmage Acquisition

Image of eal rock sampleshave beemacquired fromthe study byDong and Blunt on network
extraction.The imageswithanamg N Ay 3 gAGK a{¢ ¢SNB X¥VI ISR
scannerwhereas the remaining imagesed a desktop mick€T systemas described by Dong

[1]. The known propertiesbtained fromeachsampleimage ardistedin Tablell and Tablelll.

The tortuosity @aluesshownin Tablell have beerdeterminedin our laboratory as a part of this
studyindependently from the work done by Dong and Blunt.r@bderings of each imagare

presentedin Figure6, generated using theriginaldata filesprovidedonline.

The tortuosity determined from the formation factors obtained by Dong and Blunt are similar to
those independently obtained ifiablell, with notable differences being the characteristically
high tortuosity samples (C2, and S4). Two significant figures are shown here for simplicity of

comparison.
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Tablell ¢ Tortuosity along thethree axesin eachsampleimage.

Tortuosity
Sample Name ° « ’
Al 2.43 1.98 1.90
Ci 5.77 4.66 7.16
Cc2 34.25 16.76 25.63
Sl 7.54 5.34 511
S2 3.09 2.79 2.67
S3 11.64 6.93 8.63
S4 18.71 11.61 12.17
S5 3.35 3.08 2.97
S6 3.09 2.67 2.45
S7 2.79 2.32 2.40
S8 2.21 2.03 2.04
S9 4.01 4.40 3.63
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Tablelll ¢ Pore structure properties of extracted ABetworks on image samples from Dong and Blya2] [33].

Samples Al C1l C2 S1 S2 S3 S4 S5 S6 S7 S8 S9

Resolution HO 3.85 2.85 5.35 8.68 4.96 9.1 8.96 4 5.1 4.8 4.89 3.4
Size onmmm| T M| TTM| OMIT| OMMM| OMMM| MMM CMTM| CMTT| OTMTI| OTMTT| COTIT
Porosity b 42.9 23.3 16.8 14.1 24.6 16.9 17.1 21.1 24 25 34 22.2
L, O T 6,773 | 1,289 136 2,138 | 4,198 744 439 6,847 | 13,175| 7,915 | 14,999 | 2,283
L, o T 9,232 | 2,282 289 2,597 | 4,883 | 1,200 596 6,396 | 13,976| 9,254 | 15,666 | 2,790
L, o T 9,664 | 1,138 139 2,816 | 5,174 733 587 6,202 | 14,660 | 9,271 | 14,897 | 3,506
“—'+o Ier” 8,556 | 1569 188 2,517 | 4,751 892 541 6,481 | 13,937 | 8,813 | 15,187 | 2,860
e~ 5.58 2794 | 281.8 | 50.41 | 1252 | 624 104.2 | 15.74 | 13.34 | 10.58 | 6.42 17.69
3 4.4 2146 | 136.2 | 38.07 | 11.03 | 39.19 | 67.78 | 14.4 11.78 | 9.48 6.05 20.22

3., 429 | 35.88 214 36.37 | 10.88 | 50.23 | 69.6 1417 | 1152 | 941 6.21 15.74

S P | 4.69 27.21 | 192.8 | 40.76 | 11.43 | 4882 | 77.49 | 1474 | 12.17 | 9.79 6.22 17.7
W* 2.39 6.51 | 4734 | 7.11 3.08 1055 | 17.82 | 3.32 3.20 2.65 2.18 3.93

W 1.89 5.00 22.88 | 5.37 2.71 6.62 1159 | 3.04 2.83 2.37 2.06 4.49

W 1.84 8.36 | 3595 | 5.13 2.68 8.49 1190 | 2.99 2.76 2.35 2.11 3.49

*U ,0 ,and0 are the directional absolute permeability in ti@wanda directions, respectively)
and"Oare the formation factors in the x, y and z directiprespectively’O

are the tortuosities in the x, y, and z directions, calculated from the formation factors.
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Figure6 ¢ 3D renderings of the sample images obtained from Dong and Blunt, rendered in Pard@@wimages shown ina), b), ¢), d), e), ), g),
h), i), j), K) and Ixorrespond to sample#&l, C1, C2, S1, S2, S3, S4, S5, S6, S7, S§ esp&&ively.
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3.1. Image Generation

A major part of this workis to developan algorithmto determinethe percolating porosity of a
given image. To ensure that this algorittoperatescorrectly, itis necessary tdéirst apply it to
images for which percolating porosity values are knobafore applying it to the samples
described in the previous sectioBinceTomadakis and Sotirchos provide this information for

several different fiber types, thedeave beerchosen as the test cases hd@} [26].

Images of aligned fibeie relatively easy to generate since this only regsifiest producinga
2D image of overlapping disksid then extrudingit to form a 3D imageasshown inFigure?.
Thefirst stepis to select pixelsrandomlyin a 2D image of the specified domain sizeh)
o rtto T)TAs the location®f the pixels are randomly selected, the locations of the fibers are
therefore random Thenthe pointsare dilated to the desired fiber radius, resulting in all fibers
having the same radiiThisis accomplished bgpplyinga distance transform relative to the
chosen pixels, then applying a thresholdldcate pixels further than from the nearest point
to define the void spacdn order to avoid edge effects, pixele chosen from a domain of size
0 ¢ M ¢ before carrying out thelilation stepandremovingi pixels from all sides
to obtain the requred domain sizeFinally, the 2D images extruded taform a 3D imagesimilar
to those shown inFigure8. Theextrusion of the 2D images completed through stacking the

imagein the third axis, essentiallgplicating the 2D image to the specified siae ( o )1t
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Figure7 ¢ Process of constructing of an image of randomly located by aligned fibers. Top row shows
example of a generated image witamall= and medium »g, while bottom row shows an
example of a generated image witharge = with small ! This depicts the step before
extrusion.
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Figure8 ¢ Top view (left), side view (middle) and rotated view (righthages of fibers aligned in 1D.
Top row showsan example of a sample wittiewer fibers having large diameter while
bottom row showsa sample withmore fibershavingsmaller diameter. Images witha

0 and | o were testedin this study This depicts the step after extrusion.

Compared to aligned fiber,should be notedhat the generation ofimages of randomly rotated

fibersis significantlymore complicatedin arecentstudy,Beckman et al. surveyed tipgoblems

associated with thecommonly used methods, which typically resultamon-uniform fiber
densityacrossthe domain[34]. This problem was factdiscussed by Bertrand over 100 years

F32 YR A&a a2YSGAYSa OF t ftBeRandomdidwigoftho@sion bJ- NI R 2
circle which circumscribes the domain will not produce a uniform density of lines within the
domain. Beckman et al. proposed a simple method whias empirically demonstrated to

produce uniform densitief34]. First, a rays drawnfrom the center of the domain at a random

angle ft© ¢“) and random lengthr{© 0 7¢ U T¢ ).Afiberis then formedby drawing
a perpendicular line at the endpoint to each of these rake length of which spans the wieol

image domainThis process is repeated orderto draw as many lines as desired3D images
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generated by first assignirgach line a random locatiomongthe 39axis (1 © 0 1 ). Each
line is then dilated using the same distance transfdrased approach usead the case of aligned
fibers.Examples oftte structures formed byhis process for different values &fandi are shown
in Figure9. the domain sizés increased byi in all directions to avoid edge effectsior to

dilation and thertrimmed to the original desired siZe the final step

Figure9 ¢ Sample images of fibers randomly orientéd the x-y plane but alignedalong thez axis Top
row showsstructure containingmore fibers with small diameterwhile bottom row shows
structure containingfewer fibers with larger diameter. Images with 0 and
L o were evaluated.

Tomadakis and Sotirchos also analyzed images with fibers randomly oriented in all three
dimensions, but comparisons were not made to this case since a robust way to generate images
that avoid the Bertrand paradox was outside the scope of the present.Wworkthis reason, this

work focuses on images with aligned fibers.
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3.2. Determination of thePercolating Porosity

Todeterminethe percolating porosity of an image, the sakddilated progressively (i.e. 1 layer

of voxels at a time). This accomplished bgbtainingthe distance transform relative to the solid
phase in each image, then applying thresholds ranging ffomp © Y where'Y isthe radius

of the dilation at which no percolating cluster remaiRercolatioris checked after each dilation

by labeling all void voxelwith their cluster number, then examining whether the faces on
opposing sides of the domain yaat least one cluster label in common. If no percolating
cluster(s)is found, then the percolation threshold lies somewhere betwé&erand’Y  p. This
process is illustrated iRigurel0 for two images with different fiber radand number of fibers,

with the color in the void space representing the cluster number. The middle column shows the

case whenY Y  pand the right column show Y .

It is important to note that there are other methods détermining the percolating porosity of

an imageDilation was selected as it is the only method which can truly be applied to real image
samples which already exjstnd is consisternwith the method usedy Tomadakis and Sotirchos

[2].

The void space is fully connectetthe structures showmithe left and middle columns &figure

10. In the middlestructures,a few pockets of isolated void space can be s€nthe other hand,

a percolating path no longer exists (either from left to right or top to botteémbdhe structures

on the right as seen by the lack of a connecting cluster spanning from the left face to the right
face Consequently,hte percolation threshold lies somewhere between these two states due to
the discrete nature of the dilation process. However, for the sake of consistency through this
work, the percolating porosity is calculated aty Y  p by finding the fraction of all void

voxels, percolating or not, to the total number of voxels in the image.
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Figurel0¢ Determination ofpercolation threshold by cluster labeling. Top row shows the case of small
= and moderate»g, while the bottom row shows higher and smallsg. The left column is
the original imagewhile the middle and right columns show the cases after dilating=|tg_

and=| . respectively The different colours in the void space indicate a different labeled
cluster number.

Figurell shows the result of the above procelsg presenting the variation of the percolating
porosity with the initiafiber size The percolating porosity at each fiber size is determined on the
basis of 50 images, each of which dasensionso 11 To 1T pixelsand contains100 fibers Also
shown on the plot is the distribution of percolating porosities for each initial fibre size and the
average value indicated bye horizontaltick marks near the center of each distributiofhe
greyregions above the data points at each fiber sradicate the initial porosity of each set of
images.The solid greyorizontalline located at 0.3®orresponds tahe threshold reported by
Tomadakis and Sotirchos, although it should be mentioned that the accepted value is closer to

0.31, which agrees with the tick marks on each distribufix].
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Figurell ¢ Variation of percolating porosityin the two directions perpendicular to the fiber axes with
initial fiber size in imagE G KSNB &! EAAY né-l BDRANDS & WRYy Ri& Eil 2
corresponds to the yaxis Each image containk00 fibers.Thegrey regions above the data
points at each fiber size indicate the initial porosity of each set of imag€ke solid grey
horizontal line located at 0.33 corresponds to the threshold reported by Tomadakis and
Sotirchog[2].

As shown irFigurell, the initial porosity approaches the percolating porostythefiber radus
increaseglue to the large fibers occupying a substantial fraction of the inaagkexceeding the
percolation thresholdNot surprisingly,hiis effect is more pronounced when the number of initial
fibers increasesThis is clearly evident iigurel2, whichshows the results wheAQO fibersare
placed in the initial image. Nonetheless the averpgecolating porosity for this case remaiims
agreement with the case far p m,@t~T® p T ¢ at least until the initial image itself is no

longer percolating.
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Figurel2 - Percolating porosity as a function of initial fiber size in images with 400 initial fibers for the
case of aligned fibers as shown kigure8.

The above analysis confirms that the developed metttodeterminethe percolation threshold

on a given image is valid since it produces values in agreement with known values. However, the
results clearly show that the percolation threshold actually spans a rather large range, even for
the simple case of overlapping Kss For instancehe results shown irigurell demonstrate

that the percolating porosity can vary between 0.2 and 0.5. Thus, a major conclusion from this
analysis is that the commonly used assumptidra percolation porosityof 0.33 for a structure
composed of randomly aligned fibers mbg highly erroneousasdemonstrated byFigurell.

This reinforces the notion that a unique percolation value should be found for each image. Note
that this problem is not relevant when fitting experimental data since the sample on which
experimentsare usuallyconducted a many times larger than the domain represented by a

typical tomography image. Larger domains are more likely to follow the statistical distribution.

The same analysis was applied to images with fibers randomly rotated in plane, yielding the
results shown irfrigurel3for the case o  p 1.1The grey line indicates the value-of 1@ p
which was reported by Tomadakis and Sotirchos. Interestingly, they report the same value for
all 3 directions, while theesults show here indicatea slight difference between the two 4n
plane directions (Axis = 0, 1) compared to the throgptame direction (Axis = 2). For theptane

direction parallel to the fibers, the threshold is closerttdt pwhile the value ist® pfor the
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through-plane direction perpendicular to the fibers. It seems reasonable to expect differ@mces
these two directionsconsideringhe anisotropicmorphology of the void space. However, the
differenceshould not be large, as these results indicafieis agreement further reinforcethe
conclusion that the proposed methodeveloped in this study taletermine the percolating

porosity is suitable
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Figurel3¢ Distribution of percolating porosity as a function of fiber size for the case of fibers randomly
rotated in-plane, as shown irfrigure9.

3.3. Image Processing

The variousmage processingrocedures and operations carried out in this study wdome
using both Python and Julisoftware The scripts used to process images can be found in

Appendix B Image Analysis Code

3.3.1. Identifying and Removing Invalid Voxels

In the analysis of porous media, not all void volumes contribute to transport processes such as
diffusion. A particular subset of these volumes referred to as closed pores consists of isolated or
deadend voids that do not form part of the continuous pelating network of interest. These
regions can trap fluid but do not facilitate flow or diffusion through the material, leading to biases
in computed transport properties if they are not properly identified and excluded. Closed pores

may occur within the bk of the medium as disconnected pockets or at the surface as incomplete
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channels that open only to theurroundings When voxel images are used for quantitative
analysis, the presence of such invalid voxels introduces noise into porosity and tortuosity
measurements, artificially inflating void space without contributing to connectivity. In some
cases, theparticular numericakolver forthe coefficient matrixwill be unable to resolveas
detailed in sectior3.4. Consequently, a crucial step in preprocessing porous media data is to
systematically detect and remove invalid voxels, ensuring that only the effective pore space is
retained. Thigs accomplishedn this studyusing the same method thas used to check for
percolation. Namelyeachvoidin the imageislabelled according to which clustigmbelongs. Ay
cluster number which desnot appear in both the inlet and outlet faced the entire space is

considered closed and therefore removed from the domain prior to computing the tortuosity.

3.4. Computing Tortuosity

¢2 RSGOSNNAYS GKS G2 NI dz2 & A ligapdiel. Alsafpla ivagadiltbe CA O

used to demonstrate this, ashownin Figurel4.

Ly 38ySNIfZ CAOlQ& [ @B8)iMheykdirecon s NAGGSYy & 91 dzt

0 o}
L (@) T_ 3.1
0 Tw

The molar flut and molar flowrate) of solute species A through the voids are gireEqns

Error! Reference source not foundnd (3.3) below:

¢ 0 — (3.2
) ’ O S 3.3
0 O o a0 (3.3

For this work, all systems are assumed to be under steady state conditions, &vhane0 are
zera
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Figureld ¢ Schematic of pore space used to determine tortuosityariple image of size 3 pixels by 3
pixels a) yellow and purple denotes/oid and solid phasa, respectivelyPercolation occurs
in the left-to-right direction and through theopen face on the bottom. byellow denotes
the highest soluteconcentration purple corresponds to thdowest concentrationand green
depictsintermediate concentration in the void space

Using the finite difference methotb approximat a firstorder differential equation results in
Eqns(3.4) and (3.5). The forwarddifference approaclis used to approximate the derivative of

function"Cat each position xThus, the difference iftat position x is given dsquation(3.7).

© Of_ O (3.4)
v (0] T s .
he W w
O ™ O0r Oj (3.5)
) 0 0
W w
Q0 Qo 0 Mo (3.7)

where"Q, is the lumped parameter of diffusive conductance
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Equation(3.5) can be used taeneratethe coefficient matrix forthe configuration shown in
Figurel4d a), as well as the relevant boundary conditiolmsthis case, the boundary conditions
being applied are such th#te concentration at the entry faces © and exitfacei® T
Each pixel is labelledith a number between 1 and €arting from left to rightand moving from
top to bottom. Thusthe first void pixein Figure 14a is numbered as pidelThe followingmass

balance can be written for pixel 4, as follaws

O 6 O O 6 O O 6 O 0 (3.8)
o 6 0O 0 (3.9
whered is the boundary condition being applied.

Similarly a mass balance can be written for the neighbouring void piaslfollows:

O 60 O O 0 O O 6 O O 6 0O T (3.10)

With the mass balance written for each pixel, the coefficient matrix can be created. In this case,
it would be a sparse 9 by 9 matrix, which can then be solved by various means. In general, the
mass balance for a singlaternal pixel can be written akquation(3.11), and for an edge pixel

as Equatior{3.12).

" © "o T dQ B Q (3.11)

" ® "o 6 €16 RQ 0 B Q (3.12)

where Qs the number of the voxel being analyzé&ds the number of the neighbouringixels,
and ¢fudohand Qare the pixel numberingsThisdefinition can be trivially expanded to three
dimensions where each pixel is now considered a vokgte thatsolid voxels can be omitted
from the coefficient matrix and mass transfer between solid voxels andveoiels prohibitedor
the "Ovalue can be set to zerylow value to ensur@egligiblediffusion occurs through the solid
voxels. The formeapproach $ usedn this studysince it reduces the number of unknowns to be

solvedandthus saescomputational time
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3.5. Obtaining REV Data for Porosity and Tortuosity

Obtaining REV data requires extracting sglstionsfrom the main image and analyzing each
separately. The selection of subdomains from the larger image must be considered carefully since
the method of sampling directly influences the reliability of the results. Two general approaches
are described here. Therdi involvesthe constructon of a grid of uniformly sized subdomains

that span the entire image, ah@wn in Figurel5 a. This method ensures complete spatial
coverage and enables direct comparison between subdomains of equal dimension. The second
approach relies on randomly selecting square or cubic subdomains for 2D or 3D images at various
locations and sizeigurel5b). Random sampling provides insight ittie statistical variability

of the structureand allows the analysis of scale effects, particularlgetermining how the

porosity and tortuosity converge toward stable values as the sampled volume increases.

J

a) b)

Figurel5¢ Segmentation of a image a) subdivisionusing a regular grid and b) subdivisioninto
random subdomains.

Using segmentatioty subdivision according to a regular grilgure15a), only a singlesizead
subdomain is studied at once, whereas segmentaima random subdivisionshown inFigure
15b leads toan REV plotontaining differentsubdomain sizes, as discussed in Sectidn

Additionally, if a material has spatial heterogeneities which are periodic or aligned with the grid,
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this canresult in biaseshat are avoidedoy random samplinginceeach subdomain is selected

independentlyover the entireimage. Both methods are uséalthis studyfor different reasons.

Since each block can be processed independently, the block analysis beceatbly
parallelizable. The bottleneck in terms obmputing sged in almost every scenaris the
capabilities of thdnardware being used. To fully take advantage of parallelizability, the supported

platform must have multthreading enabled, with a high number of cores to handle the tasks.

3.6. Computtion of Pore Size Distribution

The mre size distributionis a key property of porous materials d&®th the pore size and
distribution affect the transport processd85] [36]. Only afew waysexist to eperimentally
measurea pore size distribution, buseveral options are available to determine one fram
image. The two main options are the distance transform or the local thickneisod. These are
illustrated in Figure16. The distance transforrtabelseach voxel in thesoid phasewith the
distance to the nearest solibxel This can be interpreted as the radius of the largest circle that
can be drawn centered on each vokeforeencountering a solid voxellhe local thicknedabels

each voxel with the radius of the largestcle that overlaps it. Both have the same range of
values, but they have a different distribution of values. The distance transform has many voxels
containing small valuesear the walls, but these are not relevant to the size distribution since all
images have these in commoifihe local thicknessiethod on the other handyieldsa more
representative distribution of values with regions of large void space containing many voxels, as

shown by the red and orange regionsHigurel6 (right).

Once an image has been analyzed usimgdistance transform or local thicknessethod, one
can extract statistical distributiorfsom the data obtainedTorquato discusses this in detail in his
textbook[37]. The use of thedistance transform yields whag called the radial density function
(RDF)while analgis ofthe image obtained from thdocal thicknessnethod providesthe pore
density function (PDFBoth functions range from the same values of radii but contain different
distributions. Once the pore size distribution is known, it is possible to deriveuhrilative

density functionOi expressing the probability of finding a voxel larger thane.,
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0i G Oi (3.13)
where0 i is the probability of finding a voxel withradiusofi . Wheni decreases to zerdQi

necessarily includes all of the voxels in the sample and so

01 Qi pdr (3.14)

The cumulative density functions based e distance transform and local thicknesgthod

for a 3D image arshown inFigurel?. Ausefulfeature ofthe cumulative distribution is that one

can easily find the fraction of pores smaller than a given size. For instance, we can easily
determine that 20% of the voxels have a size of 18 or larger in the PDF, or 12 or larger in the case
of the RDF

Figurel6¢ Theresulting 2D imagesf blobs obtained using thedistance transformmethod (left) and
local thicknessmethod (right). The colour of the heat map indicates thsize of the
measurement, with hotter colours indicating a greater value
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Figurel7 ¢ Plots of cumulative radial density function (orange) and cumulative pore size distribution
(blue) for a 3D image of blobs.

The omputation of distance transforms is somewhat complicated and has been the subject of
much research over the yeaf38] [39]. Functions for distance transforms are available in most
programming systemsSince he local thicknessnethod is not as commonly used, a custom
implementationhas been developed in this studihe steps are shown Figurel8. It starts with

the application of thedistance transformand finding all pixelsthat that are larger than a given
size'Y, as shown irFigurel8b. Acircle of radiusY centered & each surviving pixé$then drawn

to producethe image shown irFigure18c. This process is repeated for each valueYadnd
spheres are combined into a single image by inserting valu&smb a voxel ifY is greater than

the value currently preserb create an array which spans all radii identified within the distance

transform.The final resultsthe oneshown inFigurel8d.
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Figurel8 ¢ Steps required to compute a local thickness) is the original image, b) depicts the voxels
from the distance transform which havealue of={ or greater, c)draws spheres centered at each voxel
identified in b), and d) repeats the sphere drawing process with eagtique value identified by the
distance transform and overlaps the result, creating a colour map with the hottest colour indicating the
greatest value.
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4. Results

4.1. REV Plots for Porosity and Tortuosity

The calculated porosity and tortuosity of each blosbdomain can be plotted agaings
normalized volume fraction. The resulting plot is a REV plgbdoosity. Figure20 shows a plot

of REV porosityersus| | (;w 0 where @ is the volume othe subdomainand w is the

total volume of the sampléor the image showrbelowin Figurel9. The xaxis in this plot provides

a measure of the volume of the subdomain block

Figurel9 ¢ The sample image of size 300 by 300 by 300 voxels and porosity oth@®acterized for its
REV porosity and tortuosity in this study.
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REV Porosity
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Figure20 ¢ REV porosity plot fostructure shown inFigurel9. Each band corresponds to a subdomain
voumeof h h h h h h h from left to right, respectively

Determining the porosity of blocks is trivial and fast, whereas determining tortuosity is
considerably more computationally expensive, as detailed in Sec8agh To reduce
computational demand, the subdomain volumes considered were limited to
p Tip ofp @hg mhe vho ofb tandp 1 Tvoxels. This restriction results in a ptbat exhibits
the discretebands observedin Figure20 corresponding to the volume of the subdomaitait
are constrained tde perfect cubesith edge lengthsoand volumesyo . Alternative methods of
generating subdomain volumdisat are not limited to cubes or specific subdomain volumes yield
Y2NB O2yGAydz2dzaz RFGF | YR a7FAf{ Figukdluturekstadied | LIA
may further explordghe use ofa continuous domain of subolumesto determineREé.
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REV Porosity
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Figure21 ¢ REV porosity plot fostructure shown in Figure19 obtained usinga smoother domain of
subvolumesspanning from  to

The samgrocedurecan befollowedfor tortuosity as the metric of interesb yieldthe resulting
REV plopresentedin Figure22. The yaxis has been normalized fi¥t in this plot sincehis
constrains the range of possible values betweean@ 1and enabks aneasier sideby-side
comparison with porosity REV plots. Conveniently, subdomainsweithhigh tortuosity values

are normalized tde near zero valugsbut can still bedistinguished
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REV Tortuosity
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Figure 22 ¢ REV tortuosity plot forFigure 19. Each band corresponds to a subdomain volume of
h h h h h h h from left to right, respectively.

A limitation of the aboveplot is that the frequency of each measurement is difficult to discern
since many data points coincide. An alternative methmgresentthe REV datahown inFigure

23 is as a so-called violin plot which shows the distribution of porosities obtained for each
subdomain volumeThe colours of each plot are chosen simply for contrast and have no meaning.
Theamplitudeat each point of the distribution givethe density of data pointsbtained at that

subdomain volume
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Figure23 ¢ Violin plots for REV porosity and REV tortuosity dataFagurel9.

Toproducea meaningful REV tortuosity plot, certain data pomisst befiltered out. Data points

which do not meaningfully contribute to diffusi@crosshe material should be discardesince
they can cau® the bimodal behaviouof the tortuosityat @ — 71 This bimodal behavior

occursfrom many subdomainbeing nearly entirely solid, resulting in extremely tortuous paths
Additionally subdomains which are entirely vas@ace arealiscardedsincethe only subdomains

of interest are those which contain actual structural information about the original image
entirely void subdomain may compose a larger subdomain which contains infornadtoarithe

solid phaseput as it could describe any other void voluntke analysis of the block is not
necessary.To focus only on subdomains which share characteristics to the original image,
subdomains are filtered for porosities which fall withiig 1t f the average value, which tends

to be thesame as the porosity of theriginallargeimage The first two data exemptions are
essentially moot at this point, but the justification for excluding the data is necessary. The

resulting filtered dataare presented belown Figure24.
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Figure24 ¢ Violin plots for REV porosity and tortuosity data &igurel9 after filtering.

The dotted red lines indicate the threshold of; 1t PThe filtering ofthe data trims the data
points at the extremesdf 11 and p) of the REV tortuosity plot andliminates thebimodal

behaviourin the resulting distributions

4.2. Determination of theREV

The conceptual definition of an REV is fairly straightforward as discussegllimirttduction. The

REV ishe volume above which theneasurement of theproperty of interest becomes stable.

| 26 SOSNE Ay LINI OGAOS 2yS Ydzad RSFTAYS aqadlof S¢
value becoming constant within a certain threshold or the standard devidtiemveen the

measured property valueshrinking below some value. Essentially, this requires defining a
criterion for stability and then defining a threshold value for that criten to be considered

stable. Several criterinave beerconsideredn this study, but a simple definitiomasultimately
beenchosen:an REV is reached when 80% of the randomly selected subdomains aire20ith

of the average value. This simple method does not require fitting any distributions or normalizing
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data in any way and is easy to understand intuitiv€liycourse one could change the specific
values for the thresholds to be more or less stringent (bet f the points lie withp 1T f the

average), but the 8@Q0 ruleis used here.

To test this criten for stability, the images obtained fronihe work of Blunt and Dong are
analyzed in detail belojyd]. This involves determining the porosity and tortuosity ahdomly

located subdomainkaving differentsizes. The fraction of valid subdomains falling withint b

of the average valués then plotted versusl | G— . For the porosity datap 1t 1t Tamdomly

located subdomainsare incremented 1 voxel at a time to cover thange in sizefrom p 1t to

p 1 Tvoxelsand analyzed at each intervdh the case othe tortuosity measurement the
subdomain sizes consideretle p Tip ofp ¢h; g vho ofb mand p Tt Tand p Tt randomly
located subdomainare selectedfor eachsubdomainsize. These sizese selected to provide
sufficient datapoint density, while maintaining reasonable image processing times. €select
images of interesof samples Al, C1, S1 andaéédiscussedn detailin this sectiorhere. The
remaining imageenderings and associated property plots of the other samples examined in this

study are includedh Appendix D Excluded Image Montages
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4.2.1. Image Al Sandpack
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Figure25 ¢ 3D rendering of sample image Al.

Image Al has the dimensions®frt to 11 o T vOXels. The REV data for &k presentedn
Figure26 and Figure27. Only thetortuosity in the xdirection is shown in Figure Zince the
sample is isotropicDespite its appearancsample Al has not been assumed to be isotropic.
Detailed analysisof this samplein all three directions has been conducted and confiitss

relativelyisotropic naturewith respect to tortuosity

44



Porosity

REV Porosity : Al

10T Lo --- +0.05
;;i - +0.10
8 .°3% 5 o --- %0.15
] s gge’g o, o g
neq ¢ !|;=:=:,; gL +0.20
° 2020, ° 8’
.3!§i!'§§i:;f°°°
e '}' :illl.;t
Ej:l HHIH
ool EE T
i
e 9 t°s 8
°“;i"| Lt
0.2 A1 l!ol.!‘. ] g°8
B8cell s b,
l'o!i.gi..cz
! jlec’ls
00{ ¢ 888° oo
—45 40 -35 -30 -25  -20  -15
log10(z2)

Figure26 ¢ REV porosity data for image Al.

Due to the large quantity of data to be presentedsimple scatterplot is simpler tointerpret

than aviolin plot. These are incorporated with the violin plots in Figure 26 andeach pair of

matching coloudashedines represergthe upper and lower bounds imposed by the threshold,

with the red lines representing ¢ 1 Pf the average porosity, green lines representing v p

orange lines representingp 1 Pand blue lines representingu b. The percolation threshold is

also plotted as the pinkakhedline. From visual inspection, it is clear that the relative number of

points within the thresholds increases as the subdomain volume size increases. The precise

volume size where this occurs can be determined by plotting the frequé&dafypoints within

the threshold against the normalized volume fractiobhis isshown for both porosity and

tortuosity in Figure28.
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Figure27 ¢ REV tortuosity data fothe x-axis on image Al.

Figure27 has similar features to that dfigure26 with one notable difference. The black line
indicates the mean value @'t within each data bin. An attemgtas beermade to determine
the convergence critean based on the stability of this valuebwever, as will beahownwith the
next sample, stabilitys not guaranteed in every casd@he same analysis can be performed on
the REV tortuosity datdt is anly for the two largest subdomainthat the majority of the points

lie within the thresholds.
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Valid Porosity Fraction vs Volume : Al
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Figure28 ¢ Frequency of adherence to criteria vs normalized volume of subdomain for image Al

Each colour of data series corresponds to a specific threshold value. From visual inspection, the
smallest volume of subdomain which complies with the criteoccursat w *

x  ¢® for porosity and tortuosity respectively, which corresponds to a subdomain volume of

candw

approximatelyo v voxels and T voxels. Convergence for porosity is fastcesmall volumes

relative to the whole volumeaccuratelyrepresent the bulk porosityAt larger subdomain

volumes,the majority of subdomaingccount for thebulk porosity, regardless of the threshold

value.
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4.2.2. Image Ct Carbonate

Figure29 ¢ A 3D rendering of sample image C1.

Image C1 has the dimensionstofrt tt 1T ItT 11 vOXels. The REV data for & presentedn
Figure30 and Figure31. Similar to the previous sample, ordgta regarding théREV tortuosity
along the direction ofaxis 0 is shown as thgroperties along theother directions are not

significanty different.
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Figure30¢ REV porosity data for image C1.

The REV porosity data kiigure30 displayvery different behaviour than that of image Al. While
the measured porosities areonverging twvard a single valueas the subdomain volume

increasestherate with which it does so is very slow
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Figure31¢ REV tortuosity data fothe x-axis on image C1.

After filtering for relevant porosity subdomains, the tortuosity of the remaining blocks is
distributed fairly evenly within each bin, as indicated by teta binsshowing no strong
preference for any particular value at smaller subdomain volu(regire3l). It is worth noting

that the apparent narrowing of threshold values is misleading.

The average tortuosity value becomes stable in the final two tested subdomain volumes, which
may indicate the existence of a reasonable REV. However, the (ole&k line)ies outside otll

of the specifiedhresholds and sd fails our definition ofattaining theREV, as @&lso evidenin
Figure32. All data series fail to meet the REV critegighoughthe trend of increasing frequency

as thesubdomain size increasesstillobserved Logically, thisuggestghat the true REV size is
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larger than thdargesttested subdomain volume and may be substantially larger than the entire

image indicating that this structurenay not have a REV.
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Figure32 ¢ Frequency of adherence to criteria vs normalized volume of subdomain for image C1.
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4.2.3. Image S1 Sandstone

Figure33 ¢ A 3D rendering of sample image S1.

Image S1 has the dimensions®fit to 1T To T Woxels. The REV data for S1 can be seen in
Figure34 and Figure35. As withthe previous samples, only REV tortuosity information for axis O

is shown as theroperties along the other directions exhilnio significant differences.
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Figure34 ¢ REV porosity data for image S1.

From Figure 34,hie porosity ofS1appears toconverg toward the true value off@® 1.prhe
percolating thresholds calculated to be8ty so thisA Y 3S &l YLX S OFy 6S 02vya

disconnecting after a phase of dilatioas described in Sectid2.
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REV: Axis 0 : S1
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Figure35¢ REV tortuosity datdor the x-axison image S1.

The bins for the REV datib not containa large amount of data pointdue to the filtering
described inSection 4.1. However, thisappears toonly affect the smallest sampled subdomain
sincethe remaining bins showhe expected behaviour of conveargyto a single average value.
Most of the tortuosity data points within the largest tested subdomain fall within the applied
threshold, asvidentin Figure36 (right). The average tortuosity value within each tested volume

does not stabilize, but a reasonable REV exists for this image, as $eégura86.
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Valid Porosity Fraction vs Volume : S1 Valid Tau Fraction vs Volume : S1

1.0 1 1.0 -
° L ]
obe * .
0.8 F-——————m e 2 TR
":.o“.. L4
*
064 °© 20.05 ..:1:', . 064 °© =*0.05
_ +0.10 <ser _ +0.10
e  +0.15 % e +0.15
%{' [ .
044 o +0.20 o Y+ 041 o +020
.’\'ﬂi ° ak °
Pt we Y or .
0.2 op st i ot SPe 0.2 .
. K o _ oo *°° .
' :: .'..::.. :Js.’".‘;‘. : : .
0.0 1 geo! .!u':.. ) o o 0.0 - . 3 ! :
-5 -4 -3 -2 -5 -4 -3 -2
l0g10(;?) log10(7?)

Figure36 ¢ Frequency of adherence to criteria vs normalized volume of subdomain for image S1.

FromFigure36, the minimum subdomain volume which adheres to the criteriayameandw w

for porosity and tortuosityrespectively Although Shasthe lowest porosity within the dataset,

the data yielda valid REV for both characteristics. The existence of a reasonable REV size must
therefore be dependent on factors in addition to the porosity of the image, which will be

discussed irsection4.3.
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4.2.4. Image S6 Sandstone

Figure37 ¢ A 3D rendering of sample image S6.

Image S6 has thdimensions ofo 1T 110 1T 10 TT WOXels. The REV data f& &n be seen in
Figure34 andFigure35. As withthe previous samples, only REV tortuosity information for axis O

is shown as no significant differeniseobserved in the other directions
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