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Propriedades de rochas reservatoério séo frequentemente obtidas a partir de imagens 3D
da microestrutura da rocha em si. Propriedades de fluidos monofasicos em rochas podem
ser simuladas com base nessas imagens usando uma rede virtual a partir da rocha que
contém poros e a matriz sélida prépria da rocha. Topologicamente, essas redes devem ser
comparaveisaos meios porosos estudados reais. Respostas de ressonancia magnética
nuclear (RMN), como o decaimento daxacadransversaly, aplicadas na analise de
rochas, podem ser simuladas usando a técnica de caminhantes aleat®#asionnm

Walkers Desde sua primeira implementacao, essas técnicas tém sido usadas em modelos
geométricos de poros e graos, como o modelmdsolidacdo de graoSCHWARTZ

1985). Esses modelos tém sido Uteis para examinar incompatibilidades entre as
distribuicdes™Y reais e as distribuicbede tamanhos de poros pporosimetria por
intrusdo de mercurigMICP) e aquelas de imagens de microtomografia de raios X @micro

CT). Sucesso notavel foi alcancado, particularmente em amostras complexas de rochas

v



carbonaticas onde as distribuicG¥podem representar um tamanho médio de poro entre

0S macroporos e 0s microporos devido fandémeno deacoplamento difusivo. Em
simulagdes tipicas deandom Walkersa posicdo do caminhante walker é calculada
geometricamente em termos de modelos geométricos com poros de geometria euclidiana.
Atualmente, imagens de miefT exigiriam uma etapa intermediaria, onde a imagem é
convertida e aproximada para geometrias euclidianas, como esferas e pasaas p
representar a macroporosidade. Uma abordagem aikerrsria construir um cubo
binario para simulacdes 3D (ou quadradtéariopara 2D). Nessa abordagem, a posi¢éo
doswalkersé vinculada ao indice do cubo binario, onde O representaria macroporos e 1
representaria graos microporosos. A comparacao entre os resultados dessas duas
abordagens mostra tempos computacionais semelhantes e o método indexado é mais
adequado para imageménarias de micCT. Ao longo deste trabalho, um estudo
progressivo de melhorias na abordagem binaria para a simulacao do cagraihdetotio

foi sendo construido e comparacdes com medicoeSoeaisfeitas.
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Properties from reservoir rocks are frequently obtained from 3D images of rock’s
microstructure. Singkphase rock properties can be simulated based on these images by
using a virtual rock network that contains both pores and the rock matrix. Topologically,
those networks must be comparable to the porous media studied. Nuclear magnetic
resonance (NMR) responses such as transverse relaxation décayplied inrock
analysis can be simulated using the random walk technique. Since their first
implementation, these techniques have been used on geometric models of pores and
grains such as the grain consolidation mod®@CHWARTZ 1985). These models have
been useful for examining mismatches between the adtudiktributions and the pore

size distributions from mercury capillary pressure (MICP) and those freray X
microtomography (micr&T) images. Noticeable success has been achieved, particularly
in complex carbonate rock samples where thdistributions may represent an average

pore size between the magrores and the micrpores due to diffusive coupling. In



typical random walk simulations, the position of the walker is calculated geometrically
in terms of geometric models with Euclidean geometry pores. Currently, -@icro
images would require an intermediate step, where the image is converted and
approximatedto Euclidean geometriesuch as spheres and prisrs,represent the
macraeporosity. An alternative approach would benstructinga binary cube for 3D
simulations (omsquare for 2D). In this approach, the position of the walkers is linked to
the binay cube index where 0 would represer@creporesand 1 would represent micro
porous grains. Comparison between the results of these two apprehohesimilar
computational timesand the indexed method is more suitable for binary images from
micro-CT. Throughout this work, a progressive study of improvements in the binary
approach for the random walker simulation is being paid comparisons with real

measurements are being made.
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Surface relaxivity for longitudinal relaxation

Surface relaxivity for transverse relaxation
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Total volume occupied by the grains

Porous volume

Volume of the rock
Pore Volume

Mean squared distance

Cartesian coordinates of pore
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Bulk density
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“Y Surface relaxivity
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Porosity
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11l ntroduction

Since the beginning of thal industry'sproductionhistory, the increase in innovations to
betterunderstand the existing phenomena in all sectors of the oil production chain has
been essential for the success of the extraction of this resource. Particularly in the
simulation of specific characteristics of-cibntaining rocks, there have been an ityfin

of studies to understand its storage capacity in depth and in greater detalil

Aiming to reduce the uncertainties of ordinary simulations, reservoir models must
resemble reality with a degree of accuracy and precision. The data inputs in these models
comprise, among others, the storage capacity, especiallpdks porosity That rock
property is usually obtained froanspecial analysis of core or nuclear magnetic resonance
(NMR) log data, which are often tirensumingand costly. With the use of peseale
models, these types of properties can be predicted and often validatecpathmental
measurementsCompared to conventional laboratory tests, network medased
computations of the characteristics of rocks are quick, accuamateeconomical. The
quality and quantity of these features can be improved by using network models to
forecast the transport characteristics of a wide range of rock types, which can then be

utilized as input into simulation models for better reservoicigtson.

Random walk algorithms have been used to simulate NMR transverse relaxation decay
(known as’Y distributions) in porous media since the early 1990s and these distributions
are used for porosity characterization. As is well known, there is always and will always
be one more way to solve a single problem or interpret a phenomenon, just as there is
always more than one tool, like a programming language tool, through which a simulation
can be carried out. Given the need for cost reduction, simple usability and time limitation
in the oil industry, the objective of this project is to create a numerinalaior of NMR
responses in reservoir rock samples, like sandstones or limestones, udtandoen
Walkerstechnique based on the python programming language that can be executed on a

computer as simple as one with 4 GB ram memory.

1.1 Moti vati on

The motivation for the elaboration of this project comes from the need to create more

practical and lowcost solutions when it comes to simulating NMR responses. thise
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is a need to innovate with a more accessible and intelligible programming langsiage,
Python has proven to be. In addition, the simplicity of running the simulation code and
the accessibility of only needing a basic capacity computer tbkeimstalled RAM of

8 GB and processor of 2.4GHz.

1.2 Obj ectives

Based on the above, the main objective of this work is to use computational techniques
to simulate NMR data to improve the understanding of how the pore network is composed
based on binary or trinary synthetic structures, raw echo data for magnetizaiiyn de
curves and the generation“of distributions to describe qualitatively the porous media
associated. To this end, the specific objective of building and validating an NMR response
through an NMRsimulatedesponse using Python code for several reservoir rock samples
is established.

1.3 Thesis organizati on

The remainder of this thesis consists of several chapters to break down the advancement
and development of the simulat@hapter 2, which deals specifically with the physics
and petrophysal applicationof NMR, demonstratethe existing and currently accepted
concepts in the literature andthreoil and gasndustry and how they are part of the basis
behind this phenomenon of capturing sigreatstted by molecules magnetized and their
emulation by random walkers. In Chapter 3, each one of the initial, intermedhidténal
phases of the simulator in Pythoading is addressed and detail€thapter 4 presents

and discussesall the results that were obtained during all the development phases of the
simulator. Finally,Chapter 5 highlightdhe conclusions of the work and the actual
contributions of this thesis. Additionallthe future development of this research line is
presented, and some calesiations about the contributions are givawvell as suggested
improvements for the methodology and results from the overall project.



2 LIt erRdwirew

2.1 NMR Response Basics

The NMR is a physical phenomenon inherent to the quantum magnetic characteristics of
the nuclei of atoms. This phenomenon is identified during the alignment of certain nuclei
of atoms with the application of a constant magnetic field and later with thehzdon

of those using an oscillating magnetic field that is orthogonally orieftezl magnetic

nuclei absorb energyom the magnetic field of a strength specific to the nuclei’s identity.
That absorption denotes that the inflicted nuclei are in resenaith that fieldDistinct

atoms that compose the fluid moleculesl resonate at distinct frequencies depending
onappliedstatic magnetifield strength. The reaction of these molecules under the effect
of the oscillating magnetic field is the basis for NMR measurem@mty. the nuclei of

atoms that have the property of spin exhibit certain magnetic properties, such as being

detectable in nuclear magnetic resonance

2.2 Spin

All nuclei have a net magnetic moment and an angular momenthich iswhat is called

a spin(some has spin equal to zer@pin is a fundamental property that can have
multiples ofe and they can be positive or negative. Particles such as neutrons, eJectrons
or protons have spin, and their valuesareSpinrelated phenomena can be eliminated

by pairing two or more particles with spin. Specificaity NMR, the unpaired nuclear
spins a@e relevant to the studythe spin of the proton generates an intdnmaagnetic
moment, similar to a tiny magnet. This magnetic moment interacts with external magnetic
fields, allowing the proton to participate in nuclear magnetic resonance (NMR). The
behavior of the proton contributes to the NMR signal produced by tHeusuof the

atom, as the protons (and sometimes other nucleons) align with the external magnetic
field and resonate at specific frequencies. While the proton's spin is often compared to a
current loop to explain the generation of its magnetic momentndtis literal current

loop, but this analogy helps in understanding the magnetic properties involved.
proton has two poles (north and south) and it is aligned with the spinTéesiuclei
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routinely measured are *H, known as the most abundant isotope in nature, found in water
and hydrocarbons. Hydrogen has only one proton and no neutrons. It also has a relatively
large magnetic moment for a single proton, which contributes to its abiligothuce a

strong NMR signal. This is primarily due to its high natural abundance, making it highly
sensitive to magnetic fields and easy to detect in many sariplesn positioned in a
constantmagnetic field with a constant value of B, a proton with pét san absorb a
photon with frequency (PURCELLet al, 1946; BLOCHet al, 1946). This frequency

', also called the Larmor frequency, dependsh@magnetic fieldd as well as the
particle’s gyromagnetic ratip, The exacvalue forr of G0is 42.58) "Od"Y(HORNAK,

1997). Its value can be computed using the following relationship:

T [2.1]

2.3 Spin Packets

NMR is detectableat the macroscopic levéHORNAK, 1997) In this case, the spin

packet concept is cited as an ensemble of spins on which the magnetic field acts
collectively. The magnetic field generated by the spins in each spin packet can be
represented by a magnetization vector. In turn, the vector sum of all magnetization vectors
is the net magnetization. Both the external acting magnetic field and this single vector of

netmagnetization at equilibrium aom the zaxis

2.4 Pol ari zati on

In NMR, polarization refers to the alignment of nuclear spins in a magnetic field. When

a sample is placed in a strong external magnetic field, the magnetic moments of the nuclei,
such as protons, tend to align with or against the field. Most of the nucleiigslvaith

the magnetic field, creating a higher population of spins in the lower energy state. This

difference in population between the higher and lower energy states is known as
polarization. The degree of polarization is crucial for NMR, as it deterrthieestrength

of the NMR signal. Higher polarization leads to a stronger signal, making it easier to

observe the nuclear magnetic resonance transitions.



2.5 Longi tudi nal Rel axati on

At equilibrium, the net magnetization vector lies along the direction of the applied
magnetic field 6 . In this configuration, that vector is called the equilibrium
magnetizatiord . Therefore, the component in thalirection,0 is equal tad . That

is, 0 is called longitudinal magnetization. For the net magnetization to change, the
nuclear spin system must be exposed to an energy that has a frequency equal to the energy
difference between the spin states. If sufficient energy is applied to the system, it
feasible to saturate the spin system and make the longitudinal magnetizati@ecome

0. The time constant used to explain howigets back to its equilibrium state is the spin

lattice relaxation timé€Y (BLOEMBERGENet al,, 1984). This phenomenon is explained

by the equation:

- [2.2]

The time needed to diminish the difference between the longitudinal magnetization

and the equilibrium value by a factor@fs called spidattice relaxation time.



Mz

T,

Figurel - Net magnetizatio® increases in an exponential manner to the initial value
of 0 with the time constarity during longitudinal relaxation. Image extracted from
TALABI, 2008

2.6 Transverse Relaxation

When analyzed with reference to heiplane, the net magnetization will rotate around
the @ axis at a frequency of the photon, also known as the Larmor frequency. The
additional effect of dephasing also occurs. The net magnetization dépldasto each

spin packet experiencing a different magnetic field amtating at its own Larmor
frequency. That phase difference will get longer if there is more elapsed time. The time
constant at which the system returns to equilibrium of the transverse magmetizat

is the transverse relaxation tini¢.

- [2.3]
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Figure2 - Net magnetizatiod  decreases in an exponential manner to zero from the
initial valueb  with the time constaritY during transverse relaxation. Image extracted
from TALABI, 2008.

"Yis always greater or equal thah Net magnetization in th® dplane decreases to zero

while the longitudinal magnetization increase$ toalong the zaxis.

2.7 Rel axation Mechani sms

Longitudinal relaxation and transverse relaxation are caused by three types of
phenomena: surface relaxation, bulk relaxation and diffusive relaxd@ogether, these

three relaxation mechanisrasmbine to determine the overall relaxation times in porous
media, influencing the NMR signal and providing insights into the structure and dynamics
of the porous material. Understanding these relaxation processes is crucial in applications

like reservoircharacterization, soil science, and materials engineering.

271 Sur face Relaxati on

It is caused due to the typical Brownian motion the fluid molecules exhibit. These

molecules diffusatdifferent distances. The equation of diffusion states:



O @O0 [2.4]

The left side of that equation corresponds to the mean squared distance each fluid
molecule diffuses in time t. Also, in tleguation’© is thefluid's molecular diffusion
coefficient. This can be affected by the viscosity or the temperature. Each molecule moves
randomly within the fluid. Consequently, the protons that form each molecule collide
with the internal or external pore surfaamd then they relax. That affects both

longitudinal and transverse relaxation.

The surface relaxivity of the pore affects the rate at which the protons relax when touching
the internal pore surface. It measures the ability of a surface to relax the magnetization of
the protons set. FOIY relaxation, the surface relaxivity’is and for the'Y relaxation, it

is” . Sandstone reservoir rocks typically have higher rates for surface relaxhety
compared with carbonates. That characteristic occurs due to the differences in
mineralogical and textural properties between these types of rocks. Sandstone, being
composed mainly of quartz and other minerals with rougher and less porous surfaces tha
carbonate rocks, tends to have a larger specific surface area in contact with fluids.
Carbonate rocks, such as limestone and dolomite, tend to have more complex porosities,
often exhibiting large cavities or fractures and smoother surfaces, which can result in
lower surface relaxivityThe relaxation time of protons will be short if their molecules

are contained in small pores because diffusion is limited by thespa®and it will be

long in large pores because the protons can travel in more spaces before they relax.



Magneti zation
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Time (s) Time (s)

Figure3 - Magnetization decays faster in small pores than in large ones. Image
extracted from TALABI, 2008.

Relaxation time is high when a small amount of surface area is free to relax the protons
population of a large volume of liquid. So, the relaxation rates-tikeand — are

dependent on the pore characteristics where the fluid is pldsestrfaceto-volume
ratio and surface relaxivity of its surface (LOREN AND ROBINSOMN)70;

BROWNSTEIN AND TARR, 1979).

< = [2:5]
L = [26]

The left side of both equations represents the relaxation ratesiante pore’s volume

and”Yis its surface area.



272Bul k Rel axati on

This type of relaxation is related to the fluid itself. On the microscopic scale, the
appearance of this relaxation is due to the internal fluctuations of the magnetic fields
generated by the random movements of neighboring spins. Therefore, it is iretépend
of the properties of the formation where the fluid is contaimeghsverseelaxation time

“Y can become closer to longitudinal relaxation tiive when bulk relaxation is
predominantbut they are typically not equ&or low magnetic fields, such as those used

in logging tools,Y can be considered equal Yo

273CPMG ®dDmd fusi ve Rel axati on

CarrPurceltMeiboomGill (CPMG) sequence is employed to measure the transverse
relaxation time of rock samples, providing insights into pore structure and fluid
distribution. The CPMG sequence, a widely used pulse sequence in Nuclear Magnetic
Resonance (MR) analysis, applies a series of 180° refocusing pulses after an initial 90°
excitation pulse to generate a train of echoes that decay over time. By capturing these
echoes, théY relaxation data can be analyzed to infer the distribution of pore sizes and
fluid properties within the rock. This technique is particularly valuable in reservoir
characterization, as it helps identify variations in pore structure that are essential for
understanding fluid flow and storage capacity in reservoir formationsth&smain
measurements for NMR are transverse relaxation measurements, the CPMG sequence is
suitable for this purpose diffusive relaxationThis isbecausany radio frequency pulse

at the same Larmor frequency causes the net magnetization of the protons to be rotated.
Basically, that sequence starts with a single pulse that produces a 90° rotation. This
incident pulse causes the longitudinal magnetization to become transversexd@ho

a precession signal is created that can be detected by thefreapgiency coill
(MEIBOOM AND GILL, 1958).

The CPMG sequences highly effective for NMR measurements because it enhances
signal clarity and accuracy, particularly when studying transverse relaxation. By using a
series of 180° refocusing pulses after an initial 90° pulse, it compensates for magnetic

field inhomogeeities, reducing dephasing and improving signal coherence. This makes
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it ideal for analyzing complex systems like porous rocks, where magnetic field
imperfections can otherwise hinder results. Additionally, the CPMG sequence provides
valuable insights into pore structure and fluid distribution, crucial for reservoir
characteization and fluid flow analysis, making it an essential tool in geological and

petroleum studies

This signal is not persistent; it decays rapidly due to inhomogeneities in the magnetic
field and the precession of the protons, which causes dephasing of théngpmsecond

part of the CPMG sequence, a second pulse is responsible for a 180° rotation. This pulse
causes an inversion of the dephasing and consequently produces a second signal called a
"spin echo". Each subsequent 180° pulse produces an addiponatho. This sequence

of successive spiechoamplitudes is then recorded. This spin ethm is influenced by

the heterogenty of thepermanent magnetic field when there is diffusion of the protons.
That relaxation rate due to diffusion in magnetic field gradigftE£(NGBERG AND
VINEGAR, 1996) can be expressed by:

p [ 'OYO [27]

oV oC

where is the proton’s gyromagnetic ratiQis the magnetic gradient strengtH,is the
time between spin echoes in the CPMG sequenceCaiglthe molecular diffusion

coefficient.

2.74Rel axati on due to all mechani s

All the relaxation rates act in parallel so that they add up (BLOEMBER&EN 1948).

Therefore, for transverse relaxation, we have:

p P P P [2.8]
N ;

11



where— is the surface contributior— is the bulk contribution ang— is the diffusion

in field gradient contributionKkENYON, 1997). For longitudinal relaxation, we have:

p P P [2.9]
N Ny

2.8 Random TWalhkniiuMR Si mul ati or

The random walkechnique is commonly used to simulate various physical processes,
including nuclear magnetic resonance response in porous media. The technique involves
modeling the movement ondom walkerqparticles) within the porous medium to
mimic the behavior of molecules in the system. In the context of NMR simulation, the
random walkers represent the nuclear spins of atoms within the porous mébasa.

spins interact with the local magnetic field, precess around it, and produce a signal
detectable in NMRBY simulating the random motion of these spins, researchers can

study the diffusion and relaxation processes that contribute to the NMR response.

A general overview of how the random walker technique can be applied to simulate NMR

response in porous media:

™

0 Define the Porous Medium: Starting by characterizing the porous medium of
interest, including its geometry, pore size distribution, and other relevant parameters. This

information is essential for setting up the simulation.

0 Initialization: Randomly distributing the spins (random walkers) within the

porous medium. Assign initial positions, orientations, and other properties to each spin.

0 Random WalksSimulate the movement of spins using random walk steps. At
each step, a spin moves randomly within the porous medium according to certain rules.
The rules may include considerations such as diffusion coefficients, gradient effects, and

interactions witlthe pore walls.

>

0 Magnetic Field Interaction: Calculate the interaction of each spin with the local
magnetic field.This interaction affects the precession and relaxation of the spins,
12



influencing the evolution of their collective magnetization, which contributes to the NMR

signal.

0 Signal Calculation: The resulting NMR signal is calculated by considering the
collective behavior of spins over time, based on their positions, orientations, and
relaxation characteristics (such ‘& and Y times), as well as interactions with the

medium and magnetic field.

w~

0 Data Analysis: Analyzing the simulated NMR signal to extract useful information
about the porous medium. This can include properties like pore size distribution, diffusion
coefficients, andurface relaxivity It's worth noting that the random walker technique
can be implemented in various ways, and there are different algorithms and modifications

available depending on the specific requirements of the simulation.

3Procedure and Met hodol ogy

Random walks were first developed by Schwaetzal (1995)to simulate NMR™Y
experiments in carbonateck samples featuring large macroporeshie solidmatrix
composed of microporeshere the hydrogen protons undergoiigrelaxation could
diffuse from the macropores into the microporosity rather than stay in the macropore if
the matrix were solid. These simulations used geometrical models where the walkers
would start in the center ofraacroporeand the walkers would proceed until they struck

the pore wall at which time the walkwould die as the assumption wésat the walker

would enter the microporous matrix and then decay at a fixed rate in the microporosity.
These models were coded kortran and ran on mainframdsut still had very long
execution times due to the limited computing power available then. Since then, there have
been two key developments, namely the significant increase in computing power now
available on laptops and the increased use e$€zins to aalyze carbonate core samples.

The goal of this MSc thesis was to develdpyéhonbased random walk code that could

use either CIscan images or geometrical models to test various N¥i&enarios in

both 2D and 3D.
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3.1 2D Center St ar tMaicnr oaMoGleed met r

The first step was to writeRythoncode to do random walks in a 2D geometrical model
where each random walker represents a hydrogen proton diffusing randomly in a
macropore until it strikes the pore wall at which time the walk ends and the number of
steps were recorded, and the procedsirepeated fot,000walkersandseparately for
10,000walkers. The objective for this initial phase was to evaluate how many walkers
should be used to get meaningful results without the need for excessively long execution
times. To achieve thishe key onsiderations were the radius of the macropore, the length

of each step, and the maximum number of steps allowed to ensure that each random
walker,either starting from the center of the pore space or randomly in the pore space can
reach the pore wall within the allotted number of allowable stepa.g&seral rule, the
number of steps should be sufficient to obtain a decay of 2/3 of the bulk diffusion value

of the saturating fluid modeled in the pore space.

For the first iteration of the code the geometrical model was a 2D circle representing a
macropore where the radius wasel@nand each step in the random walk went either left

or right ones mn the xdirection and one nup or down in the y direction. Each walk
started in the center of the macropore whierew TTin the cartesian plane. After each
step, the new position on the cartesian plane was compared witg-theradius by
taking the square root of the sum of the squaraddwdistance from the center to see

if it had reached th&0-¢ nradius.

If the walker had reached the pore wa#, the distance from the center was equal to or
greater than 16 mthe walk was ended, the number of st@psrecorded, and the next
random walker started its walk from the center. The number of steps was limited to 2000
and the number of walkers tg0D0. The procedure was then repeated for a radius of 30

¢ mand finally, 50 m

These initial simulations indicated that reasonable resuolitd be achieved with only
1,000walkers limited to 2000 steps for the-Xhd 30¢ nradius cases, but for the 50

€ nradius simulation, 17% of the walkers did not reach the pore wall within the 2000
steplimit. The execution times varied from less than one second fat(dgenradius

simulation to about 5 seconds fs-¢ nradius simulation.
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As these execution times were quite fast, it was decided to increase the number of walkers
t0 10,000to see if that produced smoother histograms without excessively long computer

execution times. As expected, the histograms were smoother, but the computer execution
time increased by a factor of 10 which was to be expected as the number of walkers

increasd by a factor of 10.

3.2 3D Centéen 8t &e tVaectpoai &€ aMo d e |

The Python code was now operating well for the 2D model, and this could be useful for
doing simulations based on thin section analysis where pore sizes could be measured
directly, but with the increased availability of €3can images in 30t was important to

adapt the code for a 3D geometrical model. The code was thus modified such that the
walker would move in they cwandd directions from a center start in a 3D sphere until

the walker struck the pore wall. The 3D random walk was then performedtesatpns

of 1,000and10,000walkers, limited to 2000 steps and for radii of 10, 30 ang 59

3.3 2Dver susCefBbDer | 8t aat Geometr i

Macpoa e Model

Comparing the results of the 2Bndom walk versus the 3D random walk highlighted
how the walks become shortened due to the increased surface effect of the pore wall in
3D compared to 2D. In 2D the average vealkill take 50% longetimeto reach the pore

wall than the 3D case. This relationship is consistent with the chasgdaeto-volume

ratio from 2D (2/radius) to 3D (3/radius). The comparisons were made forl{fA
walkers andl0,000walkers to see if there is any significant differencehie average
number of steps for eaccase and to also examine the increase in computer execution
time when increasing the number of walkers frby@00to 10,000for both the 2D and

3D simulations.
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3.4 2D RanSltoar ta iGre o meMa apom kb
Mo d e |

One advantage of using a center start is that this ensures the walk will always begin within
the macropore. In reality, the hydrogen protons in a macropore will be starting their
random walk from random locations throughout the interior of the pore Jgaegamine

how a random start will affect the results the code was modified such that each walker
could start on a randomy and w location where the boundaries in each direction are
defined by the pore radius, which were kept at3Mand50 € nlike the center start
simulations. So, theand w starting positions were selected at randbot then a test

was made to ensure that the starting position fall within the macropore space. This was
done by calculating the square root of the sum of the squares rfaihey vectors
originating from the center. If that value exceeded the pore radius, then new random
numbers were selected for tkandy starting positions and the test was repeated to see

if this starting position falls within the macropore space. The motivation forctiis
adjustmentvas to make the simulations more realistic and to examine the relationship
between pore radius and average number of steps to the pore wall from a random start
compared to a center start. The 2D random start simulations wera@e for a
maximum of 2000 steps and fbj000walkers andL0,000walkers,like the center start

simulations.

3.5 S3Randomi St &reto méa acpoac al Mo d el

The 3D random start simulations were similar to the 2D simulations except now we had
@ wanda coordinates for the geometrical macropore space. The 3D simulations were
also done forl,000walkers and then for 1000 walkers. The goal was to assess the
difference in the histograms of walker steps between a center start and a random start in
3D.
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3.6 Compar iGeonnt eorf StRandod/mrRtuasr t

2 0GeometMacpaadt e Model

The goal of this project was to develop random walk code for 2D and 3D binary jmages
which would require random starts to be used. As such it is worth examining the
difference in results for a random start for a center start. Center starts were used on the
geometrical models developed BRamakrishnanet al (1999) toreduce computer
execution time, but they do not honor the significant influexicee concentric layers in

the macropore that are near the pore wall. These concentric layers near the pore wall
become more significant as the radius of the pore decreases. Formadius pore with

1-e nresolution, the 3 layers closest to the pore wall accoutifidrof the total area or
volume so we could expect for a random s&i% of the walkers will start within the 3
layers closest to the pore wall. FoBGe nradius pore, the 3 layers closest to the pore
wall will account for19% of the total argaand fora 50-¢ nradius porethe 3 layers

closest to the pore wall will account fat.®% of the total area.

3.7 Comparison of Center Start

3D Geomet r pocrael Mwacerl o

As in the 2D case analyzed in section 3B,binary images would require random starts

to be usealsa In the 3D caséhe influenceof the concentric layers in the macropore that

are near the pore wdihve a greater impact than the 2D case leskt concentric layers

near the pore wall become more significant as the radius of the pore decreases- For a 10
¢ mradius pore with £ nresolution, the 3 layers closest to the pore wall accoutbbr

of the total area or volume so we could expect for a random 6%arbbthe walkers will

start within the 3 layers closest to the pore wall. For-a 3@adius pore, the 3 layers
closest to the pore wall will account for 27% of the total area and for teserf@dius

pore the 3 layers closest to the pore wall will account for 17% of the totalSseton

4.6 shows the significant differencearecution times between the random start and the

center start for 3D models.
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3.8 3D MicMacaw@Bbaeret in Geometr

Mo d el

After examining the differences between a random start versus a center start in the
macroporethe next phase was to consider the effects of allowing random starts in both
themacroporexnd the microporous matrix. To achieve this a geometrical cube model was
constructed with a macropore of radiuss1@éin a cube of width 26 mThis would yield

the equivalent of 23% macro porosity. For this case, for a cube witluedigpresenting

the rock core) that contains a sphere (representing the macropore) usf ‘'Yadhe
macroporosity defined as the ratio between the pore volume and the bulk vRIOSA, (

2006), will be:

5y [3.1]

Based on this formula:

§ for a sphere of radius 10 contained in a cube of width 2@n#ezoporosity will
be 23.8%

1 for a sphere of radius 30 contained in a cube of width 78, the macroporosity will
be 23.8%

1 for a spheref radius 50 contained in a cube of width 130, the macroporosity will
be 23.8%

In the Cartesian 3D space, a sphere of radius 10, it will be centered in a cube going from
-13 to +13 in they wandd directions, for a sphere of radius 30 it will be centered in a
cube going from39 to +39 in they w & directions and for a sphere of radius 50 it will

be centered in a cube going freéb to +65 in they ) a directions.
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Figure4 - Geometrical representation for the pore and matrix structure fpB@Cand
50-¢ nradii

The conditions for this new code phase were to allow random walkers to originate
anywhere within those cubes. Inside or outside the sphere to the inner faces of the cube.
If it starts in the sphere, then the random walk will percolate until it hits tHe Bualif

the walker starts outside the sphere, then it will take only 3 random stejusinf the 3
random steps it enters the sphere, it takes more random steps until it hits the wall of the
sphere, and the total number of steps would be recorded. If it does not enter the sphere
within 3 steps or if it hits the wall of the cube, then il Wave a count of 3 steps and then

move on to the next walker.

As before, the simulations were performed ¥g#00random walkers anti0,000random
walkers. This time, the walkers born outside the sphere were considered in the total
number, so more of them will start outside the sphere than inside the sploeréhe
microporosity (space between the sphere and the cube) occupies 76.2% of the synthetic

rock core.

The goal of this exercise was to examine the diffusive coupling between the random
walkers in the microporosity region going through the macroporosity region in addition

to the random walkers in the macroporosity region hitting the wall of the sphere.

3.9 3D Binary | magpea ewiitnh MWaarom o
Matri x:poMacBbart

Until now, the geometries of the porooeediahave been reduced to just a circle or a
sphere. An alternative method to evaluate the-pwel simulationusingthe random
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walker method in more complex porous geometries would be discretizirgctheample

in binary images. This is precisely the case partitionedimages from micreCT
imaging. These images can be processed to allow more defined differentiation of pores
against grains. This process is called image binarization, wvidaisttally convertshe

image into a binary formatvhere pores are denoted by 0 and grains by 1, or vice versa
(TALABI, 2008).

For the next step, therefore, a logic was implemented in the code to compare each step of
the random walker against a 3D culigs{d) with binary indices with values of 1
representing the rock matrix region or the micropores and 0 representing the
macroporosity region. After each step, it is checked whethegthé position of the

walker corresponds to 1 or O within the 3D cube. Consequently, it was expected that the
code would run faster with this new approach when compared to the previous one. By
using this new method, working with 3D binary ctoenography images would be

possible.

During the simulation phases, it was noticed that some distributions (histograms) were
truncated at the highest value for the 50 dcircle/sphere, especially in the 2D version.
Most probablythis was because the maximum number of steps was not high eSough.

it was increased from,@00 steps to P00steps. So, for the following 3D binary cube
simulationsan additional comparison was made between 0@0Xteps an8,000 steps.

All the previous parameters were kept the same: varying radiB@Ll@and 5 mand

1,000 vs 10000 walkers.

310 2Binary iMawcaogoee St art

It was interesting to notice that there was not much difference between using the reference
cube/sphere to compare the indicii of the random walkers versus computing the radii to
see if they are still in the macropore. Having the reference cube, thougli, ke an
important stepoward examining binary images from CT scans. Additionally, it was
necessary to test thHa@narization approaclf the macroporous and the microporous

medium in the 2D dimension. Which would represent a 2D slice of a reservoir rock
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sample. Geometrically, it is a square of width W representing the micropore space with a

macropore wittacircle format of radiusy. Then, the macroporosity could be defined as:

Y [3.2]

[

Based on théormula to obtain a porosity of 23%, the radius of the circular macropore
must beY p 1® nmand therefore the width of the square willdbe 37¢€ min the case

of radius’Y 30, the width will bewo  100; and finally forY 50 it will be awy 184

square.

That is, the micrgpores would be represented by the functivd “Y6 "€#0=1 and 0 for
the macrepores region. This code phase served as a prelinmstepyn adapting the code

to work with a thin section or one slice fronméro-CT image.

311 2D BinarMaé&ngpdMarce optoa ret

It was decided to keep the 3000 steps for the walkers born in the macroporosity, since
Y  of water is 2500 ms (2.5 s), using 3000 steps where each stépiistould be

more convenient. The next phase of code development was to allow the walkers to start
in either the macropore or the microporosity. With the condition that if the walker starts
in the microporosityit can take up to 3 steps. If it steps into the macrqpbes it can

keep stepping until it hits the pore wall. The purpose of this phase was to cdahgare

results of random start everywhere with the previous results of maersiawt.

The simulations were similar in most parameters as per the previous phases. The radii
were kept varying from 10, 3@nd 50¢ mThe new macropore steps number was used:
3000 per walker. Two sets of walkers' populations varied asiy@ll0and 10000. Both

for the binary square and for the binary cube. One concern with this approach was that
statistically we could expect the majority of the walkers (77%) to start in the
microporosity and of that 77%only a small percentage of them would fall within e
steplayer outside the pore radius such that they could enter thepoeergithin 3 steps.

For thelO-¢ nradius pore within a 2D square of width 37, we could expect 16% of the
walkers to start in th8-€ nannulus of microporosity outside the pore wall boundary. For
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the 30-¢ nradius macroporeve could expect 11 % of the walkers to start in3ke m

outer layerand for thes0-e nradius macropore it would only be 3%.

Consideringhe percentage of walkers that would start outsid8-theannulus, it would
be 61% for thelO-¢ nradius pore, 66% for the 30 nradius pore, and 74% for the-50

¢ nradius pore.

312 3D Bi CabMacr iMicmr oPtoaret

For the 3D analysis of the random walkers starting in eithemtaeroporeor the
micropore the 3D Binary Cube model was used. All the parameters were kept the same
as in the 2D Binary Square modeé. 1,000 and 1M00 walkers with a limit of 00
steps. Any walkers starting in the microporosity could take up to 3, sdegsif they
remained in the microporosity, the walk would end, but if they enterechéiteopore

they would continue walking until they reached the pore wall. Also, as in the 2D case,
statistically we could expect most walkers, 778 start in the microporous matrix. The
percentage that would be expected to start outsideghe@iter layer from the pore wall
would be 48 % for th&0-¢ nradius sphere, 68% for tl38-¢ nradius sphereand 72%

for the50-¢ nradius. The percentage that would be expected to start ingheidner

layer from the pore wall would only be 4% for th@¢ nradius pore, 1.5% for th&0-

¢ nradius poreand 0.96% for the 56 nradius pore.

313 2D BiSiqauar eMarc0dm d 310 r opor e
Start

Allowing the random walkers to start in either the macron@ropores randomly will
clearly skew the walkers to start in timécroporous matrixand the majority of them will

start outside the-8 mlayer outside thenacroporeboundary. To mitigate this, it was
necessary to understand more clearly how random walkers would carry out their walks
within the microporosity region. For this, a differentiated approach was to limit the
number of walkers that could be born in the miomrgs to a fraction of 30% of the total

population, that is, 300 walkers when the simulatiof,30walkers and 3000 when
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there arel0,000walkers. The same previous conditions were apied allowedthe
diffusion of each walker that started in the micropores and eventually entered the

macropore.

314 3D Binary Square 70MWcMapbDDea
Start

As in the 2D casdo understand more clearly how random walkers would carry out their
walks within the microporosity region, the 30% limit was applied to the number of
walkers that could be born in the micropores, that is, 300 walkers when the simulation is
1,000walkers and 3000 when there d@ 000walkers. The same previous conditions
were appliedwhich allowed the diffusion of each walker, whgtharted in the micropores

and eventually entered the macropore.

315 2D Ber edemiaxgelSo3iizde wWwiatt r i x

St arMacropor e

The next step toward handling real CT scans was to use the code and its binary square
and binary cube approach in a real 2D miCrb slice from 3D image. A common
sandstone used in the core analysis is the Berea sandstone. This sandstone is a host for oil
and gas resources in the Midwestern region of the USA. The input for the code simulation
was a BMP image with a resolution of 200x200 pixels atrfipixel. It was alackand

white image, where the black pixels represenktedporous region, and the whitees

were the solid grains. The simulation for this 2D slice was sel a0 and 10,000

random walkers. Initiallythe walkers only started inside the pores and not the grains;
thatis, the grains were solid and not microporous. If the random walker hit a grain or the

edge of the square of the image then it wouldidie end the walk.
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316 2D Ber ea dmmRigxel IMiSarzepor ous
Mat rainxd Random Start

For this simulation, we assume the rock matrix is microporous and the code could
generate random walkers in the 2D slice starting from both the rock matrix and the
macropores. The goal was to see if the walkers starting in the microporous matrix
dominate he responseas we saw in both the geometrical model and the binary square
model. If the walker starts in the microporous matiixs allowed to take 3 steps, and if

it enters a macropore within those three stegsn keep walking until it strikes thp®re

wall. As the microporosity is 19.4 %we should expect to see the microporous starts
account for about 80% of the walkers, which is the case as indicated in the results section
(4.16) which implies the number of walkers allowed to start in the microporous matrix

must be reduced by an amount consistent with the actual microporosity.

317 3D I mage from 2BmBexeh &Emag

Macroporous Start

At this point, it became clear that the code was generating the desired simulation on top
of a 2D slice from a CT scan. As it is known, 3D images derived fiigharesolutionX-

ray computed tomography are only approximations of real porous mediat(HN

2009). Therefore, it became necessary to upgrade thet@@dlew it towork with 3D
dimensions to emulate a more realistic pore network structure. Using Pythanfay

library, an initial test was deployed by replicating the 2D slice by a fat&@to create

the 3D object. That is, it would be an elongated extension of the BMP image for it to
resemble a cubic sample of the reservoir rock. Heheecode was able to transform a
Python 2D datérame object into a Python 3D dataay containing a Python 3D dataset.
Consequently, the random walkers' walking logic changed from orthogonal north, south,
east, and west movements into orthogonal north, south, east, west, front, and back
movements. The trajectories now could occur fe2D slice or plae to a 3D cube or
space inside the macroporosity space.
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- 7759 are 0 (Macro), 32241 are 1 (Micro)
Calculated binary porosity (7759+40000) = 19.4%

- Transformed into a DataArray then into a Dataset (200 columns x 200
. k rows x 200 slices)
‘ - x-, y-and z-Axis: [-100, 99]

Total of 8000000 elements, of which:
1551800 are 0 (Macro), 6448200 are 1 (Micro)

{ - Calculated binary porosity (1551800+8000000) = 19.4%
- Random walkers plotting color features:
- Initial step point = blue
- Step connection line = black
- Final step point = red

>

- Type = 256 color BMP image of a 2D slice of Berea Limestone

sample
' ‘ ‘. - Image dimensions = 200 x 200 pixels
- Black pixels = Macropore region
’ - White pixels = Micropore region (solid grains)
. - Transformed into a Dataframe (200 columns x 200 rows) containing
binary values (0 for Macro and 1 for Micro)
- - x-and y-Axis: [-100, 99]
q - Total of 40000 elements, of which:

Figure5 - 2D slice image for Berea sample and the workflow performed by the code

318 3D Image from 2BmBexeh 5mag
Anywhere Start

The next simulation for theseude3D image generated from one slice of the Berea
sandstone CT scan was to model the matrix as microporosity and allow the walkers to
start randomly in either theacropors or the microporous matrix. Statisticallhis

meanghat we can expect about 80% of the walkers to start in the microporous matrix.

319 Ful | 3D BegneRai xlema g zle wi t h

Mi croporous Matri X

With the code being able to perform simulations of several random walkers that could
traverse a porous netwourkiginating from a series of binarized 2D slices, it was
necessary to perform the simulations using real slices of a CT image. By processing the
200 slices of a real Berea sandstone sample with a resolution ofpkr pixel size, a

more realistic pore network model could be simulated, in this case, for a <ioghs
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phase watesaturatednedium. Doing that was a great achievement since the 1@itro
scanning is a nedestructive technique that provides a thdeaensional image of the

pore space at a resolution of several(DONG, 2007). Henceghe random walk code

could better resemblevhat happens during a typical NMR test. The ¢dterefore
compiled those images and organized them to create a 3D binarized cube to distinguish

between the grain matrix and the macropore space.
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Figure6 - BMP bicolor images treated by the Python Code
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Figure7 - 3D Berea Imag&laximum Sphere Processing with threshold of 90 using
PORE* software (ESSS).

4 Re s wmlntds Di scussi on

4.1 2D Center 150800, Wb ker s i
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Table 1 and figure8 and9 below show the results for a 2D centered startl{600

random walkers allowed to take up to 2000 steps in macropores of radii 10, 30cana 50
where the walk ends when the walker strikes the pore wall. Table 1 lists the maximum
steps allowed, the number of walkers, the average number of steps to reach the pore wall
and the computer execution time for theel30¢ mand 568¢ mradii simulations. The

main observations of this simulation were that the average number of steps increases as
expected with the radius squared and for5xe nradius case 170 of tHeOOOwalkers

did not reach the pore wall.

Tablel - 2D Center Start Random Walk fbj000walkers
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2D Centered Start — 1000 Walkers
Radius (um) 10 30 50
Max Steps 2000 2000 2000
No Walkers 1000 1000 1000
Ave Steps 55.295 472.703 1146.041
Exec Time (sec) 0.242 1.921 4.936
2D Centered Start - 10000 Walkers
Radius (um) 10 30 50
Max Steps 2000 2000 2000
No Walkers 10000 10000 10000
Ave Steps 55.698 468.348 1130.566
Exec Time (sec) 2.425 19.256 50.336

Bve Mo Steps to Pore Wall

2D Center Start Random Walk for 1000 Walkers Limited to 2000

Steps for 10,30 and 50 Micron Radii

] w &= o &
Execution Time [seconds)

-

(-]

1500 2000

Radius Squared

e Steps == Exec Time

2D Center Start Random Walk for 10000 Walkers Limited to 2000
Steps for 10,30 and 50 Micron Radii

1400
1200
1000

fve No Steps to Pore Wall

1500 2000
Radius Squared

= Steps  =—e— Exie Time

& 0 &
o o 9

- 30

=]
=

-
(=]
Execution Time (seconds)

=

3000

Figure8 - Average number of stefeed curve left axis)and computer execution time
(blue curve- right axis)for 1,000(upper image) and 10,000 (lower imagandom

walkers to strike the pore wall from a center startmmagroporeof radius 10, 30 and 50

€ mThe walkers were limited to 2000 steps. The number of steps to reach the pore wall
and execution times increase linearly with the radius squared.
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Histogram of 1000 Random Walker Steps for 10, 30 and 50 um 2D Radius Pore Centered Start
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Histogram of 10000 Random Walker Steps for 10, 30 and 50 um 2D Radius Pore Centered Start
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Figure9 - Histograms of number of steps for random walkers to strike pore wall from a
center start in macropore of-130- and 56e nradius. The number of steps was limited
to 2000.

The results so far indicate the random walkers are behaving as expected as the average
number of steps varies with radius squared and that f&0tbenradius macropore about
17% of the walkers did not strike the pore wall within the 2000 step limit. This highlights
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the requirement for sufficient acquisition time when doing either lab NMR experiments
or acquiring NMR log data. Another observation is that the histograms appear blocky for
the1,000-walker simulation. As the computer execution time was less than 5 seconds for
the 1,000-walker simulation, it was decided to increase the number of random walkers to
10,000to see how this affects the histograms. Increasing the number of random walkers
would be the equivalent of stacking additional acquisition cycles in a Lab NWR
experiment to achieve highsignalto-noiseand more accuratéy distributions. The
histograms are smoother for tli®,000w a | k simutaiion but otherwise, when
comparing the results to tieD00-walker simulation, the average number of steps to the
pore wall and the percentage of walkers not reaching the pore wall fo@-therradius
simulation are quite similar. The execution time for 1#0g®00-walker simulation is 10

times longer than the,d00-walker simulationbut since one of the goals of this project

is to design code that will run rapidly on a standardolgell the simulation scenarios

will be evaluated for botth,000and10,000-walkers.

4.2 3D Center 1068800, Wb ker s i

Ge ome tMaiccraolpMo d e |

With the Python code performing well for a 2D random walk, the next step was to modify
the code to perform a 3D random walk. Table 2 and figlil@eend 11 show the results

for a 3D center start fdr,000and10,000walkers. The main contrast with the 2D center
start simulation is that the average number of stemsashird less for the 3D simulation

and the number of walkers that do not reach the pore wall f60thenradius simulation

is only 4% compared to 1% for the 2D simulation.
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Table2 - Results for 3D Centered Start thi000Walkers starting from center

3D Centered Start — 1000 Walkers

Radius (um) 10 30 50
Max Steps 2000 2000 2000
No Walkers 1000 1000 1000
Ave Steps 35.574 312.658 827.374
Exec Time (sec) 0.229 1.781 4.933
3D Centered Start — 10000 Walkers
Radius (um) 10 30 50
Max Steps 2000 2000 2000
No Walkers 10000 10000 10000
Ave Steps 37.651 314.784 828.113
Exec Time (sec) 2.490 18.909 50.885

3D Center Start Random Walk for 1000 Walkers Limited to 2000
Steps for 10,30 and 50 Micron Radii
_ 1000 8 _
?-f 800 L 5'§
L] [x]
& 600 4 -
2 3 E
§_ 400 2 a_:
: 1] 500 1000 1500 2000 2500 3000 W
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== 3D-Steps =—w=— Exec Time
3D Center Start Random Walk for 10000 Walkers Limited to 2000
Steps for 10,30 and 50 Micron Radii
. 900 60 _
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Figure10- Average number of steps to reach the pore (nedl curve left axis)and

computer execution time in secor(dtue curve right axis)for a center start random

walk in a 3D GeometricdWlacroporeModel. Theupperside of the figure is fot,000
walkers and théower side is forl0,000walkers.
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Histogram of 1000 Random Walker Steps for 10, 30 and 50 um 3D Radius Pore Centered Start
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Histogram of 10000 Random Walker Steps for 10, 30 and 50 um 3D Radius Pore Centered Start
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Figurell - Histogram of steps to the pore wall for a center start 3D Random Walk for
10, 30 and 56¢ nradius. The top half is fdr,000walkers and lower half fat0,000
walkers.
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4.3 2 D V'S 3D Compari son for

Geometrical Pore Model

Figure 12 below comparesa 2D versus 3D random walk simulation for radii of 10, 30
and 50e nfor 1,000and10,000walkers starting from the center. The key observations
were that the average number of steps is 50% greater for the 2D simthatidine 3D
simulation. The computer execution time is simillwough,as the reduced number of

steps in the 3D case is offset by the need for an extra random number calculation in the z
direction.

2D vs 3D Average Steps to Pore Wall from Center 2D vs 3D Computer Execution Time for 1000
Start for 1000 Walkers Walkers Center Start
_ 1400 6
s £s
£ 8
& g4
s g
& £
g go
5 0 500 1000 1500 2000 2500 3000 S 0 500 1000 1500 2000 2500 3000
Radius Squared Radius Squared
=== 2D Steps ==@=3D-Steps e b 2D Exec Time === 23D Exec Time
2D vs 3D Average Steps to Pore Wall from Center 2D vs 3D Computer Execution Time for 10000
Start for 10000 Walkers Walkers Center Start
_ 1400 __60
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Figurel2 - Comparison of center start for 2D vs 3D Random Walks in a Geometrical
Pore Model.

The reason for the greater number of steps required for the 2D case is shiatabeto-
volumeratio (3/R) for a sphere of radius R is 50% greater thapehmeterto-arearatio

(2/R) for a circle of radius R. This relationship must always be considered when
comparing 2D random walks with 3D random walks. It can also be viewed in terms of
probability where a walker moving in 3D has 4 out of 6 chances to move randomly toward
the pore wall for any step except for when it is the exact center, where&s ihe2

probability of moving toward the pore wall for any step is only 2 out of 4, except when it
is in the exact center.
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4.4 2D

wa l

The next step in the algorithm development was to evaluate the difference between using
a center start and a random start in a geometrical pore model. The main observations were
that the random staresulted in lower average steps to the pore wall compared to the
center startand the execution time was about half as much as the center start. Another
important observation was that for th@e nradius pore model, the influence of the pore

wall is much more significant for a random start versus a centerités is becauséor

al0-¢ nradius pore discretized fibe nresolution the three concentric layers closest to

ker s

Random 5t aw®dl
Ma GeomMetel cal

the pore wall represent 64% of the pore area, while f-& nradius porethe last 3

layers are only 25% and only 15% for @& nradius pore. This effect can clearly be

seen in the histograms gure14.

Table3 - 2-D Random start fot,000walkers in 16, 30- and 56¢ nradius pore

2D Random Start — 1000 Walkers

Radius (um) 10 30 50
Max Steps 2000 2000 2000
No Walkers 1000 1000 1000
Ave Steps 30.918 223.528 583.974
Exec Time (sec) 0.140 0.922 2.483
2D Random Start— 10000 Walkers
Radius (um) 10 30 50
Max Steps 2000 2000 2000
No Walkers 10000 10000 10000
Ave Steps 31.039 244.316 601.088
Exec Time (sec) 1.389 10.265 25.312

2D Random Walk with Random Start for 1000 Walkers Limited
to 2000 Steps for 10, 30 and 50 Micron Radii
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Figurel3- Average steps to pore wall and execution time for 2D random stdr0@0
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Histogram of 1000 Random Walker Steps for 10, 30 and 50 um 2D Radius Pore Random Start
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Figurel4 - Histograms of Random Walkers number of steps to pore wall for a random
start in a 16, 30- and 50¢ nradius 2D Geometricdlacroporemodel.

In Figure 14, the effect of the proximity of the pore boundary on the random walkers is
significant for the 1& nradius simulation compared to the center start simulation, as
seen in Figurdl The number of walkers reaching the 2000 step limit is also reduced to

about 7 % for the random start compared to the center start simulation.
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4.5 3D Random 1S5t0&rDt0 , B O k er s

Ge ome tMaiccraolpMo d e |

Similar to the 2D random start, the average number of steps of the 3D randomnastart
less than the 3D center start, and the effect oBthemayer next to the pore wall was
even more significant than the 2D case. Fodthe nradius spherghe last 3 layers next
to the pore wall represent 66% of the total volume, and foB@h@nd 50¢ nradius

models the last layer 3 layers represent 25% and ,I'8%pectively.

Table4 - 3D Random start fot0,000walkers

3D Random Start - 1000 Walkers
Radius (um) 10 30 50
Max Steps 2000 2000 2000
No Walkers 1000 1000 1000
Ave Steps 17.082 132.180 329.768
Exec Time (sec) 0.110 0.772 1.939
3D Random Start — 10000 Walkers
Radius (um) 10 30 50
Max Steps 2000 2000 2000
No Walkers 10000 10000 10000
Ave Steps 18.250 136.625 351.877
Exec Time (sec) 1.208 8.235 21.315
3D Random Walk with Random Start for 1000 Walkers 3D Random Walk with Random Start for 10000 Walkers
Limited to 2000 Steps for 10, 30 and 50 Micron Radii Limited to 2000 Steps for 10, 30 and 50 Micron Radii
25 = 00 25 _
2 | 2= 2%
15 g £ 20 15 %
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Figurel5- Average steps to pore wall and execution time for 3D random stdriOf0
walkers
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Histogram of 1000 Random Walker Steps for 10, 30 and 50 um 3D Radius Pore Random Start
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Histogram of 10000 Random Walker Steps for 10, 30 and 50 um 3D Radius Pore Random Start
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Figurel6 - Histograms ofl,000(top) and10,000(lower) walkers for 3Drandom start
for 10, 3Q and 50¢ nradii macropore.

Figure 16 above shows the greater effect of the random start ori@ge mradius
simulation where the number of walkers reaching the pore boundary within 3 steps is
approximately 36 %. Alsaotethatthe number of walkers that reach the 2000 step limit
before reaching the pore wall is less than @#tle for the center start simulatigriswas

about 4%.
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4.6 Comparison of Center Start

Ge ome tMaiccraolpMo d e |

Figure I7 below compares the average steps to the pore wall for the center start and
random start 2D simulations. The random start simulations require approximately half as
many average steps as the center start simulations. This not only reduces the execution
time, but it is also a more realistic result than a center start since during an"XMR
experimentthe hydrogen protons are polarized in the entire pore space, not just in the
center. This is also more suited to the final goal of using random walk simulations on
Micro CT images where the pores can be expected,tombeany casesjonspherical

with no clearly defined central point.

2D Random Walk Center Start vs Random Start for 1000 Computer Execution Times for 2D Random Walk Center Start
Walkers Limited to 2000 Steps for 10, 30 and 50 Micron Radii vs Random Start for 1000 Walkers Limited to 2000 Steps for 10,
30 and 50 Micron Radii
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2D Random Walk Center Start vs Random Start for 10000 Computer Execution Times for 2D Random Walk Center Start
Walkers Limited to 2000 Steps for 10, 30 and 50 Micron Radii vs Random Start for 10000 Walkers Limited to 2000 Steps for 10,
30 and 50 Micron Radii
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Figurel? - Average steps to pore wall for center start versus random starOfy
walkers for 2Dmacroporewnith 10-, 30- and 50 nradii.

4.7 Comparison of Center Start

Ge ome tMaiccraolpMo d e |

Figure B below compares the average steps to the pore wall for the center start and
random start 3D simulations. As in the 2D case, the random start simulations require

approximately half as many average steps as the center start simulations. This not only
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reduces the execution time, as showrigure 18, butlike the 2D scenariat is a more
realistic result than a centstart and is more suited to the final goal of using random walk
simulations on 3D Micro CT images where it would be impractical to attempt to find the
center of anynon-Euclideanpore shapes.

3D Random Walk Center Start vs Random Start for 1000 Computer Execution Times for 3D Random Walk Center
Walkers Limited to 2000 Steps for 10, 30 and 50 Micron Radii Start vs Random Start for 1000 Walkers Limited to 2000
1000 Steps for 10, 30 and 50 Micron Radii
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3D Random Walk Center Start vs Random Start for 10000 Computer Execution Times for 3D Random Walk Center
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Figure18 - Average steps to pore wall for center start versus random starOfiy
walkers for 3Dmacroporewvith 10-, 30- and 50 nradii.

4.8 3D MicMacaowm@bart i n Geometr
Mo d el

After examining the differences between a center start and a random start in the
macropors the next task was to examine what happens if the walkers can start in either
amacroporeor in the poreswithin the continuousnatrix. As it is expected that a walker
starting and remaining in theicropores will decay rapidlythe walkers starting in the
micropores were allowednly to take three step the walker entered themacropore

within those three stepdt would keep taking more steps until it-eateredthe
microporosity, at which time the walk would endlhe walkers that started in the

macroporevould walk until they contacted the pore wall,which time the walk would
end.

39



Table5 - Average number of steps to pore wall for random walkers starting in either
macroporeor microporous matrix in a 3D Geometrical Cube Model

3D Micro and Macro Pore Start— 1000 Walkers
Radius (um) 10 30 50
Width (um) 26 78 130
Max Macro Steps 2000 2000 2000
Max Micro Steps 3 3 3
No Walkers 1000 1000 1000
Ave Steps 7.948 35.509 83.661
Exec Time (sec) 0.075 0.316 0.639
3D Micro and Macro Pore Start - 10000 Walkers
Radius (um) 10 30 50
Width (um) 26 78 130
Max Macro Steps 2000 2000 2000
Max Micro Steps 3 3 3
No Walkers 10000 10000 10000
Ave Steps 7.719 38.547 93.634
Exec Time (sec) 0.747 3.297 6.662
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Histogram of 1000 Rgugdom Walkers for 10, 30 and 50 um 3D Radius Pore Starting in the Macro Pores or in the Micro Pores
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Histogram of 10000 Random Walkers for 10, 30 and 50 um 3D Radius Pore Starting in the Macro Pores or in the Micro Pores
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Figurel9 - Histogram of10,000random walkers for 3D macropore with radii of 10, 30
and 50¢ nsurrounded by microporous matrix. Walkers can start randomly in the
macropore or the microporous matrix

The main observation from this geometrical model of a macropore within a cube of
microporous matrix is that the random walkers originating in the microporosity will
dominate the histogranas seen in FigureQlabove where the modes at 2 and 3 steps
show much greater amplitude than any other modes. This implies that for a simple
geometrical model with a microporous matgeme degree of scaling would be needed
which is consistent with the actual amount of microporosity. Typically, a microporous
matrix woull have porosity varying from 10% to 30% which implileatthe modes in

the histogram for 2 and 3 steps should be attenuated by 90% to 70%. This is accomplished
in the lower half ofFigure19 graphically by scaling the number of walkers on the vertical
axis to be 10 times more sensitive to the total number of walkers when compared to the

upper half of the figure.
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So far, the random walks have been performed on geometrical models where the location
of the random walker is referenced to the center of the sphere to determine if the walker
has reached the macropore wall or is in the microporosity surrounding the aracvdg
the eventual goal of this project is to perform random walk simulations on bin&ized
scans the next step was to create a binary 3D image that is indexed iry ttand,z
directions such that 1 represents thatrix or the microporous region @@ represents
the microporosity. The walkers start randomly inrtieecroporeand the simulations were
performed for both a 206§tep limit and a 3008tep limit, as was observed for the
geometrical models with a ) mradius macropore The simulations indicated a
significant percentage of the walkers did not reach the pore wall with the 2000 step limit.
Table6 - Results for random walk simulations for agl@mradius 3D macropore
centered in a binary cube where each voxel is indexed in the x,y and z directions. The

walkers start randomly in the macropore. The iterations are for 2000 steps maximum
and 3000 steps maximum, and 1op0O0Owalkers andL0,000walkers

3D Binary Cube - Macro Pore Start
Radius (um) 10
Max Steps 2000 3000 2000 3000
No Walkers 1000 1000 10000 10000
Ave Steps 16.379 17.631 17.008 17.130
Exec Time (sec) 0.167 0.194 1.974 1.816
3D Binary Cube - Macro Pore Start
Radius (um) 30
Max Steps 2000 3000 2000 3000
No Walkers 1000 1000 10000 10000
Ave Steps 133.482 129.607 130.752 130.550
Exec Time (sec) 1.247 1.237 12.483 13.209
3D Binary Cube - Macro Pore Start
Radius (um) 50
Max Steps 2000 3000 2000 3000
No Walkers 1000 1000 10000 10000
Ave Steps 342.962 364.529 339.473 | 347.901
Exec Time (sec) 3.442 3.701 40.740 34.383




Table 6 on the previous page drdures 20 and 21 below, when compared to Table 4
and figure 16shown previously that the results are similar for the random walks when
done on a geometrical model or as a binary image. It also shows similar results for average
steps for th000 steplimit when compared to th&000-steplimit for the 10- and 30 m

radius simulations. For tHg)-¢ nsimulation the 3000steplimit allows all the walkers

to reach the pore wall. This is similar to increasing the number oeech@ Lab NMR
experiment or while acquirin@’ logging data to ensure that the measurement is not

truncated for large pore sizes.

Histogram of 1000 Random Walkers doing 2000 Steps for 10 um 3D Binary Image With Microporous Surroundings
wo |

‘Staps ta Pore Wall

Histogram of 1000 Random Walkers doing 3000 Steps for 10 um 30 Binary Image With Microporous Surroundings

i,

Staps to Pore Wa

Histogram of 1000 Random Walkers doing 2000 Steps for 30 um 3D Binary Image With Microparous Surroundings

Histogram of 1000 Random Walkers doing 3000 Steps for 30 um 3D Binary Image With Microporaus Surroundings
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Histogram of 1000 Random Walkers doing 2000 Steps for 50 um 3D Binary Image With Microperous Surroundings | Histogram of 1000 Random Walkers doing 3000 Steps for 50 um 3D Binary Image With Microparous Surroundings

Figure20 - Histograms ofl,000random walkers starting randomly in a £Onradius
3D sphere in a 3D binary cube. The maximum number of steps is limited to 2000 for the
left column and 3000 steps for the right column. Top rowlh@80random walkers and
bottom row had.0,000walkers.
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Histogram of 10000 Random Walkers daing 2000 Steps for 10 um 3D Binary Image With Microporous Surroundings [ Histogram of 10000 Random Walkers doing 3000 Steps for 10 um 3D Binary Image With Microporous Surroundings
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Histogram of 10000 Random Walkers doing 2000 Steps for 30 um 3D Binary Image With Microporous Surroundings || Histogram of 16000 Random Walkers doing 3000 Steps for 30 um 3D Binary Image With Microperous Surroundings

Histogram of 10000 Random Walkers doing 2000 Steps for 50 um 3D Binary Image With Microporous Surroundings || Histogram of 10000 Random Walkers doing 3000 Steps for 50 um 30 Binary Image With Microperous Surroundings
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Figure21 - Histograms ofL0,000random walkers starting randomly in ad (rradius

3D sphere in a 3D binary cube. The maximum number of steps is limited to 2000 for the
left column and 3000 steps for the right column. The results are like simulations for

1,000walkers but smoother.

410 2D Bi nar yMaScqruoafben e t

To prepare the code for analyzing 2D binary images rendered from microscopic thin
sections, the next step was to write the code to do the random walk on a 2D macropore
placed in a binary square where the micropore pixels have a value of 1 and macropore
pixels have a value of 0. The random walkers would start from a random location within
the restricted macropore with iterations for radii of 10,a88@ 50¢ mIn figures22 and

23 the results are quite similar for the 2D geometrical model compared to the binary
square model. For tHg- and 36e nmradius simulationghe walkers limited to 2000 steps
hadsimilar results as the simulation foBA00-steplimit. In addition, as in the previous
casessimulating10,000walkers results in smoother histograms thg@00walkers.

Table7 - Results for random walk simulations for ad.0rradius 2D macropore
centered in a binary square where each pixel is indexed in the x and y directions. The
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walkers start randomly in the macropore. The iterations are for 2000 steps maximum

and 3000 steps maximum, and 1gd00walkers andL0,000walkers

2D Binary Square — Macro Pore Start

Radius (um) 10
Max Steps 2000 3000 2000 3000
No Walkers 1000 1000 10000 10000
Ave Steps 28.141 31.315 29.959 29.539
Exec Time (sec) 0.622 0.635 6.148 5.935
2D Binary Square — Macro Pore Start
Radius (um) 30
Max Steps 2000 3000 2000 3000
No Walkers 1000 1000 10000 10000
Ave Steps 241.926 249.082 233.923 235.554
ExecTime (sec) 4.939 5.775 47.650 47.744
2D Binary Square — Macro Pore Start
Radius (um) 50
Max Steps 2000 3000 2000 3000
No Walkers 1000 1000 10000 10000
Ave Steps 567.721 643.611 574.450 623.475
Exec Time (sec) 11.332 12.647 113.736 135.615
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Histogram of 1000 Random Walkers doing 2000 steps for 10 um 2D Binary Image with Microporous Surroundings
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Histogram of 1000 Random Walkers doing 2000 steps for 30 um 2D Binary Image with Microporous Surroundings

Histogram of 1000 Randam Walkers doing 3000 steps for 30 um 2D Binary Image with Microporaus Surroundings
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Figure22 - Results forl,000walkers in a 2D Binary Square starting randomly in the
macroporeLeft-hand side of the figures is for a 208&p limit,and the righthand side
is for a 3006step limit.

The main observation from the 2D Binary Square random Starilations is that the
pore boundary has a greater effect on the 10 ared Bxdius simulationswhile for the
50- ¢ nradius simulation 7% of the walkers reach the 2000 step limit and 2.7% of the

walkers reach the 308flep limit before striking the pore wall.
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Histogram of 10000 Random Walkers doing 2000 steps for 10 um 2D Binary Image with Microporous Surroundings | Histogram of 10000 Random Walkers doing 3000 steps for 10 um 2D Binary Image with Microporous Surroundings
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Histogram of 10000 Random Walkers doing 2000 steps for 50 um 2D Binary Image with Microporous Surroundings | Histogram of 10000 Random Walkers doing 3000 steps for 50 um 2D Binary Image with Microporous Surroundings
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Figure23 - Histograms forl0,000Walkers in a 2D Binary Square witmaacroporeof
10, 30 and 5@ nradius.

As in the geometrical model, the binary indexed model with a random start yields similar
results. Limiting the walkers to 2000 steps results in 65 obj0®0or 750 out 0fL0,000
walkers reaching the limit before colliding with the pore wall. Even limiting the steps to
3000 steps leaves 32 outlgf00or 280 out ofL0,000walkers reaching the limit. For the
10-¢ nradius pore, approximately 10% of the walkers reach the pore wall in one step.
Based on these results, it appears that using 3000 stepshgheextra execution time,
which is only on the order of about 10% (tables 6 and 7). If we considéy thak of

water is 2500nsand in our model we assume that each stepris then 3000 steps is a

reasonable value
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Now that the binary indexed models were proven to yield results similar to the
geometrical models for 2D and 3D simulations for walkers starting im#oeoporethe
next step was to simulate walkers starting in either the microporous matrix or the
macropore The simulations were done far000walkers andl0,000walkers as done
previously but now the walkers were allowed to take up to 3000 steps as the previous
results indicated 3000 steps vyield better results for the BBadius pore and the
execution imes werenot significantly longer. For walkers starting in the microporous
matrix, they were allowed to take 3 steps and if they entereddleoporewithin the 3
step limit they would continue walking randomly but if they remained in the microporous
matrix the walk ended at 3 steps. The main observation is that as expected, the walkers
starting in the microporous matrix dominate the histogram

Table8 - Comparison of results for random walk simulations for a 10, 30 afed rs0

radius 2D macropore centered in a binary square where each pixel is indexed in the x

and y directions. The walkers either start randomly in the macropore or in the

macropore or micropores (everywhere). The iterations are for 3000 steps maximum, and
for 1,000walkers andLO,000walkers

2D Binary Square
Radius (um) /Width (um) 10/ 37
Start Macro Pore Everywhere Macro Pore Everywhere
Max Macro Steps 3000
Max Micro Steps 3
No Walkers 1000 1000 10000 10000
Ave Steps 28.303 8.749 29.610 9.524
Exec Time (sec) 0.222 0.085 2.478 0.864
2D Binary Square
Radius (um) /Width (um) 30/110
Start Macro Pore Everywhere Macro Pore Everywhere
Max Macro Steps 3000
Max Micro Steps 3
No Walkers 1000 1000 10000 10000
Ave Steps 246.694 55.640 233.127 56.949
Exec Time (sec) 2.043 0.471 18.496 5.373
2D Binary Square
Radius (um) /Width (um) 50/184
Start Macro Pore Everywhere Macro Pore Everywhere
Max Macro Steps 3000
Max Micro Steps 3
No Walkers 1000 1000 10000 10000
Ave Steps 639.376 149.826 623.263 152.392
Exec Time (sec) 5.857 1.138 49,472 12.468
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of 1000 Random Walkers doing 3000 steps for 10 um 2D Binary Square starting in the Macro Pore
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Figure24 - Comparison omacroporestart and anywhere start for 10, 30 anet5Mh

radius 2D pore in a binary square. Column on the left imBmroporestart and column

on the right is for everywhere start. The walkers starting in the microporosity dominate
the histograms in the rigitand column.

4.12

3D BinarMacudear oPtoa ret

For the 3D binary cube model, allowing the random walkers to start in either the

macroporeor the microporosity again skews the results towards the walkers starting in

the microporosity because statistically the microporosity is occurring i#o ™ the

voxels. Figure25 on the following page clearly shows this effect and it is virtually the

same as seen in the 2D case where the walkers are allowed to start in efttzartpore

or the micropores

Table9 - Comparison of results for random walk simulations for4 30 and 56 m
radius macropore centered in a binary cube where each pixel is indexed in the x, y and z

direct

ons.

The

wal ker s

either

start

limited to 3000 steps. The simulations are dond fo00walkers andL0,000walkers

3D Binary Cube

Radius (um) /Width (um) 10/26
Start Macro Pore Everywhere Macro Pore Everywhere I
Max Macro Steps 3000
Max Micro Steps 3
No Walkers 1000 1000 10000 10000
Ave Steps 17.394 5.738 17.020 6.055
Exec Time (sec) 0.167 0.076 1.725 0.683
3D Binary Cube
Radius (um)/Width (um) 30/78
Start Macro Pore Everywhere l Macro Pore Everywhere I
Max Macro Steps 3000
Max Micro Steps 3
No Walkers 1000 1000 10000 10000
Ave Steps 135.015 34.182 130.063 32.398
Exec Time (sec) 1.159 0.305 11.780 3.906
3D Binary Cube
Radius (um) /Width (um) 50/130
Start Macro Pore Everywhere Macro Pore Everywhere I
Max Macro Steps 3000
Max Micro Steps 3
No Walkers 1000 1000 10000 10000
Ave Steps 355.016 87.121 349.985 85.503
Exec Time (sec) 3.103 0.762 33.497 7.691
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on the right is for everywhere start. The walkers starting in the microporosity dominate
the histograms in the rigitand column.

413 2D Binary7®%uMaer oMiocr d®do e
Start

To moderate the effect ofiost ofthe walkers that start in the microporosity the number
of walkers allowed to start in the microporosity was limited to 30% of the total number
of walkers. Microporosity of 30% would imply good connectivity among the micropores
which would result in unrestted diffusion between the micropores and the macropore
and viceversa. RAMAKRISHNAN, et al, 1999.

Table10- Results for 10, 30 and &0 nradiusmacroporen 2D binary square for

anywhere start where microporous starts are limited to 30% of the total walkers for
1,000and10,000walkers per simulation

2D Binary Square: 30% start in Micropores - 70% start in Macro Pores
Radius(um)/Width(um){10/37 10/37 30/110 (30/110 (50/184 |[50/184
Max Macro Pore Steps 3000 3000 3000 3000 3000 3000
Max Micro Pore Steps 3 3 3 3 3 3
No. Walkers 1000 10000 1000 10000 1000 1000d
Ave Steps 22,242 22.348 176.069 167.843 463.465 449.924
Exec Time (sec) 0.214 2 1.901 18.367 4,922 42.283
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Histigram of 1000 Random Walkers doing 3000 steps for 10 um 20 Binary Square with 0% of Walkers Starting at Microporsity
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Histogram of 10000 Random Wallsrs deing 3000 steps for 50 um 20 Binsry Squbre with 30% of Walkiers Starting at Microporosty
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Figure26 - 2D Binary square with 10, 30 and-80nradius macropore in 2D binary
square with 30% start in micropores and 70% start in macropores. The figure on left is

for 1,000walkers and on right fat0,000walkers
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414 3D Binariyy0OCQulMacr oMbcr 8P &or e
Start
Tablell - Results for 10, 30 and &0 mmacroporan 3D binary cube for anywhere

start where microporous starts are limited to 30% of the total walketsO@@and
10,000walkers per simulation

3D Binary Cube: 30% start in Micropores - 70% start in Macro Pores
Radius(um)/Width(um)|10/26 10/26 30/78 30/78 50/130 |50/130
Max Macro Pore Steps 3000 3000 3000 3000 3000 3000
Max Micro Pore Steps 3 3 3 3 3 3
No. Walkers 1000 10000 1000 10000 1000 1000d
Ave Steps 13.832 12,969 84.859 92.361 237.245 250.107%
Exec Time (sec) 0.866 3.567 1.283 12.195 2.886 28.9471
; | 1

% 104

Histogram of 1000 Random Walkers doing 3000 steps for 50 um 3D Binary Cube with 30% of Waliers Starting at Microporosity [l Histogram of 10000 Random Wallicers doing 3000 steps fior S0 um 3D Binary Cube with 30% of Wallers Starting at Microporosity

Figure27 - Histograms of results aimulation of 16, 30- and 56 mmacroporen 3D
binary cube for anywhere start where microporous starts are limited to 30% of the total
walkers. Left histogram is faf00Owalkers andheright histogram is 010,000walkers

per simulation

Allowing only 30% of the walkers to start in the microporosity still indicates the dominant

mode occurs at 3 steps as the algorithm limits the number of steps to 3 unless the walker
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that starts in the microporosity reachesrniacropore Statistically this can be explained

as the percentage of microporosity beyond tHay8r annulus outside thmacropore
boundary is 61% for the 19 nradius pore, 72% for the 3 nradius poreand 76% for
the50-¢ nradius pore. Taking 30% of these amounts is consistent with the peaks shown
in Figure Z where we see the mode at 3rslightly increasing as theacroporesize

increases from 10 to 30 and finally 0m

415 2D Ber easenmbPnaxgeel 1Si ze wi th So

The next step toward handling real CT scans was to use the code and its binary square
and binary cube approach in a real 2D miCD slice from a 3D image of Berea
sandstone, provided lifie Imperial College of LondonBLUNT, 2004. The input for

the code simulation was a BMP image with a resolution of 200x200 pixels. Ithhada
andwhite image, where the black pixels represenitedporougegions,and the white

ones were the solid grains. The default image resolution wasnmper pixel. The
simulation applied for this 2D slice was set fh000 and 10,000 random walkers.
Initially, the walkers would only start inside the pores and not the grains, that is, the grains
were solid and not microporous. If the random walker hiaangr the edge of the square

of the imagethen it would diei.e., end the walk.

Table12- 2D Berea Micro CT Image with & npixel resolution1,000Random
walkers starting in macropores, assuming solid grains with no microporosity

2D Binary Berea Sandstone 1 um Resolution - 10000 Walkers -
Macroporosity

2D Binary Berea Sandstone 1 um Resolution - 1000 Walkers -
Macroporosity

Start

Macroporosity / Solid Grains

Start

Macroporosity / Solid Grains

Max Macro Steps

3000

Max Macro Steps

3000

Diffusion

Allowed

Diffusion

Allowed

Random Walker Count

1000

Random Walker Count

10000

Ave Steps

30.863

Ave Steps

31.158

Exec Time (sec)

4.047

Exec Time (sec)

55.75

2D Image Macroporosity

19.40%

2D Image Macroporosity

19.40%
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Mastogram of 1000 Random Walkers Starting st Macroporosity in 8 20 Binary Beres Sandstone 1 um Resolution

stogram of 10000 Random Watkers Starting at Macroporosity in a 20 Binary Berea Sandstone 1 um Resciution

Figure28- 2D Micro CT image of Berea Sandstone with hrresolution. Binary Image
is on the left with the porous region shaded black and the matrix in white. The central
panel shows the regions where the random walkers are performing their walks with red
showing the pore boundary where their walks are termigaiihe righthand panel
shows the histograms of the times for the walkers to reach the pore boundary. The top
figures are fol,000walkers and the lower figures are fid¥,000walkers.

Examining Figure 28 in detail again shows that0,000 walkers have a smoother
histogram thad,000walkers, but the general shape of the histograms is similar. It should
be noted that the dominant mode is only 1 step which implies that in these irregular shaped

pores in 2D many of the walkers are starting their walk within one step of the pore wall.

4.16 1Si ze with Mi

Gr ai

2D Ber eacemPraxgel

ns

Table13- Random Walk results for 2D binary image of Berea Sandstone. Walkers

allowed to start iMacropores or micro porous matrix

2D Binary Berea Sandstone 1 um Resolution — 1000 Walkers - Anywhere 2D Binary Berea Sandstone 1 um Resolution — 10000 Walkers - Anywhere
Start Anywhere / Microporous Start Anywhere / Microporous
Max Macro Steps 3000 Max Macro Steps 3000
Max Micro Steps 3 Max Micro Steps 3
Diffusion Allowed Diffusion Allowed
Random Walker Count 1000 Random Walker Count 10000
Ave Steps 9.204 Ave Steps 9.052
Exec Time (sec) 2.484 Exec Time (sec) 80.609
2D Image Macroporosity 19.40% 2D Image Macroporosity 19.40%
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Histogram of 1000 Random Walkers Starting Anywhere in a 20 Binary Berea Sandstone 1 um Resolution

A T " ’. T R W A !
, 1 P i M ol

istogram of 10000 Random Walkers Starting Anywhere in a 20 Binary Berea Sandstone 1 um Resolution
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Figure29-2 D Mi cro CT i mage of Berea Sandstone w
is on the left with the porous region shaded black and the matrix in white. The central
panel shows theegions where the random walkers are performing their walks with red
showing the pore boundary where their walks are terminating. Thehaglot panel
shows the histograms of the times for the walkers to reach the pore boundary. The top
figures are for 1,00 walkers and the lower figures are for 10,000 walk&raulation
madewith microporous matrix andialkers startingeverywhere.

Figure D above clearly shows that when allowing the walkers to start in either the
macropors or the microporous matrix, the walkers starting in the microporous matrix are
far greater in number as the macropores only represent 19% of the image. This highlights

the need to reduce the number of walkers allowed to start in the microporous matrix.
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3D Berea Sandstone 1 um Resolution Replicated Image - 1000 Walkers - Macroporosi

Macroporosity

Start

Max Macro Steps 3000
Max Micro Steps 3
Diffusion Allowed
Random Walker Count 1000
Ave Steps 46.152
Exec Time (sec) 55.391

Histogram of 1000 Random Walkers Starting A Macroporosty in & 20 Binary Berea Sandstone 1 um Resoluton Replicated image
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3D Berea Sandstone 1 um Resolution Replicated Image - 10000 Walkers - Macroporosity
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Stant Macroporosity
Max Macro Steps 3000
Max Micro Steps 3
Diffusion Allowed
Random Walker Count 10000
Ave Steps 46.084
Exec Time (sec) 963.047

Histogram of 10000 Random Welkers Starting At Macroporosity in 8 20 Binary Beres Sandstone 1 um Resolution Repicated image
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Figure30- Pseudo 3D image of Berea sandstone rendered from one 2D slice. The top

simulation is forl,000walkers starting in thenacropore. Bottom simulation is for
10,000walkers starting in thenacropors.

In the pseudo 3D image shown abothe results are similar to those of the siraliee

2D simulation shown in Figure 29, with the ,Q00-step simulation resulting in a

smoother histogram than th@Q0-stepsimulation.
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3D Berea S e 1umR Image - 1000 Walkers - Anywhere
Start Anywhere / Microporous
Max Macro Steps 3000
Max Micro Steps 3

Diffusion Allowed
Random Walker Count 1000
Ave Steps 12.58
Exec Time (sec) 23.781

Hastogram of 1000 Random Walers Starting Asyabere i 3 20 Binary Berea Sandstone 1 um Resohution Repicated image
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3D Berea Sandstone 1 um Resolution Replicated Image - 10000 Walkers - Anywhere

Start Anywhere / Microporous
Max Macro Steps 3000
Max Micro Steps 3
Diffusion Allowed
Random Walker Count 10000
Ave Steps 11.688
Exec Time (sec) 615.922

Hastogram of 10000 Rancom Walkers Starting Anywhere i 8 20 Binary Bores Sandstone 1 um Resohution Rephcated image

e ¢
©0os .
i\ﬁ'
i
:
¥ o0
it«
0004
000 4
2_BAn —
» e e preel
Stegs 13 Pore mald

Figure31- Pseudo 3D image of Berea sandstone rendered from one 2D slice. Top
simulation is forl,000walkers starting in eithenacropors or microporous matrix.
Bottom simulation is fo0,000walkers starting in either threacropors or the
microporous matrix
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3D Berea Sandstone 1 um Resolution Full Sample - 1000 Walkers - Anywhere

Start

Anywhere / Microporous

Max Macro Steps

3000
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Random Walker Count
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Ave Steps
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Exec Time (sec)
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Hestogram of 1000 Random Walkers Starting Anywhere in 8 30 Full Sample Berea Sandstone 1 um Resolution
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3D Berea Sandstone 1 um Resolution Full Sample - 10000 Walkers - Anywhere

Start Anywhere / Microporous
Max Macro Steps 3000
Max Micro Steps 3
Diffusion Allowed
Random Walker Count 10000
Ave Steps 8.683
Exec Time (sec) 499.516

Histogram of 10000 Random Walkers Starting Anywhere in 3 3D Full Sample Berea Sandstone 1 um Resoluton
0000

000 ¢

Figure32- A full 3D image of Berea Sandstone rendered from 200 slices of 200x200
pixels with 1¢ nfpixel resolution. The histogranase forl,000walkers (top right) and
10,000walkers (lower right).

The code is now capable of reading in a stack of binary BMP files rendered from a Micro
CT image so that a fully 3D random walk simulation can be done. The results shown in
Figure 32 above are for a random walk where it is assumed the matrix is microporous,
and the walkers can start in the microporous matrix or imntheropors. As in the
previous simulations where the walkers could start in either the microporous matrix or
themacropore the walkers starting in the microporosity dominate the responsesieeca
approximately 80% of the voxels represent the matrix and only 20% represent the

macropores.
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Figure33 - Histograms forl,000Random Walkers in 3D Berea Cube of 50x50x50,
100x100x100 and 200x200x200 voxels at thvoxel resolution.

The next step in the code was to enable it to perform the simulations on seleeted sub

cubes within the 200x200x200 matrix rendered from the binary CT Image slices. Figure

33 above shows the results fbj0O0walkers starting in thenacropore of a sukcube of
50x50x50 voxels, a sutube of 100x100x100 voxels and the 200x200x200 voxel cube
rendered from the 200 binarized Mie@X slices. The results are quite similas should

be expected for Berea sandstombichis homogeneous.

61

20



Figure34 - Histograms forl0,000Random Walkers in 3D Berea Cube of 50x50x50,
100x100x100 and 200x200x200 voxels at thvoxel resolution.

Figure34 above shows the results fbd,000walkers starting in thenacropors of a sub

cube of 50x50x50 voxels, a selbbe of 100x100x100 voxels and the 200x200x200 voxel

cube rendered from the 200 binarized Mi€¥® slices. The results are still quite similar

to those of thd,000wa | ker s 6 si mul a 33 Thaexecwibndimensnown Fi gur
almost 10 minuteshough,for the 200x200x200 cube compared to 32 seconds for the
1,000walker simulation on the 200x200x200 cube. Going forward the exedirien

will become more of a factor as we expect to use larger image sizes and more walkers.

421 | ndi ana Li mestonemRBa saloultTi d m

Indiana Limestone is widely regarded as a benchmark material in industrial and research
applications. Despite its classification as a carbonate, it exhibits a level of homogeneity
that makes it suitable for experimental purposes. This unique combinatanbohate
heterogeneity and relative uniformity allows a single sample of Indiana Limestone to
represent broader experimental conditions, streamlining research processes and ensuring

consistency across studies.
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The final step was to test the code on a high resolution MicroCT image take@arirom
IndianaLimestone miniplug of 0.25 inch diameteHOERLLE et al, 201§. The small
diameter of the sample allowed for a high resoluvboroCT image of 6e nper voxel.

A 600x600x600 cuben BMP formatwas selected fromthe MicroCT imageand
processedising PORE software with a threshold of 90 to identifyrtfaeEropors which
yielded a porosity of 10.3% which is reasonable for the macro porosity of an Indiana
Limestone samplélhe results of this processing appear in tdl8land figure 35 shows
themacropore derived from maximum sphere processang figure 8 shows the pore

size distribution of thenacropore. Output binary files for all 600 slices were saved in
the BMP format where 1 representsiacoporeand O represents matrix. The maximum
sphere processing was then repeated with a threshold of 100 to identifadhepore

and the largesnicropores which yielded a porosity of 14.25%. These results were also
saved in binary BMP format. The output files with a threshold for 90 were added to the
output files with a threshold of 100 using ImageJ software to yield a ternary file which
was saved in BMPofmat using the Glasbey Look Up Table where 2 represents a
macropore 1 represents microporeand Orepresents the matrixa the Glasbey ook-

Up Tableadjacent color bins are chosen to be as distinct from one another as possible. In
figure 37 below themacropors are red shading, thmeicropores areblue, and the solid

matrix is white.

Table147 PORE Processing parameters

PORE Processing Parameters and Results

Threshold a0 100
Expansion Factor 0.7 0.7
Porosity (%) 10.296 14.25
Ave Permeability(mD) 175.14 494
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Figure357 Maximum Sphere representationa®0-¢ ntube of Indiana Limestone

Indiana Lime IL_MP_3 @6 microns
600 voxel cube

0.1 1 10 100 1000
Pore Radius {um]

Figure3671 Pore Size Distribution ahacropors from Maximum Sphere Processing

Tablel571 Decay curve parameters

T2Bulk{msec) 2600
T2Micro(msec) 50
T2Macro(msec) 1100
Timestep(msec) 7.2
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Figure371 Glasbey Look Up Table coloring of Ternary Image from slice of
600x600x600 cube of-6 nresolution Indiana Limestone

The 600 slices of ternary BMP files were then read into the Random Walk Python
software and processed fb00walkers each taking 800 stepd.@¢ nper voxel, that
represents a time step of Az and for each step the voxel value and i,j,k coordinates
were recorded where a voxel value of 2 means the walker imaceoporel means the
walker is in amicroporeand 0 means the walker is striking the grain boundary. The
walkers are allowed to start in eithreacropore ormicropores and are allowed to \Wa

from amacropordanto amicroporeand viceversa. When striking grain bounday, the
walker rebounds to the previous positioheTsteps for each walker are then output in a
csv file where there arg,000columns of 800 entries of 1,2 and/or 0. The columns for
each walker were then converted to a decay curve using equatamda. fnathematical
inversionprocessvith thevalues shown in tablEs. The average decay for all the walkers

is shown irfigure 38 and is compared to the Lab NMR decay curve from a similar sample
of Indiana LimestoneThe decay curves were then inverted Yndistributions and are

shown in figure 39.
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Gum MicroCT Random Walk Decay and Lab NMR Decay for Indiana Lime

Naormalized Echo Amplitude

Time [msec

— Random Walk = == LabhNMR-IL-1%

Figure38i1 Decay curve from Random Walk simulation 600x600x600 Indiana
Limestone MicroCT image compared with Lab NMR decay curve from similar Indiana
Limestone sample

T2 Distribution of Random Walk and Lab NMR

Normalized Amplitude
o
N
(&)

0.001 0.01 0.1 1 10
T2 (seconds)
———Random Walk ——Lab NMR IL-09

Figure3971 "Y Distribution from Random Walk simulation 600x600x600 Indiana
Limestone MicroCT image compared with Lab NMRfrom similar Indiana
Limestone sample

The decay curves and distributions from the random walk processing and the Lab
NMR on a similar Indiana Limestone sample are in close agreement so the next task was

to the random walk simulation for the case where there is no diffusive coupling between

66



the macro andhicropores. These results are shown in figureattil clearly show greater

separation between thaicropores (left hand mode) and theacropors (right hand

mode).
T2 Distribution of Random Walk with Diffusive Coupling
and No Diffusive Coupling
1.5 0.6
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o
2
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£
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8
g 0.5 0.2
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0 —— S 0

0.001 0.01 0.1 1 10

T2 (seconds)
Uncoupled Random Walk Random Walk with Diffusive Coupling

Figure407 Comparison ofY Distributions for Diffusive Coupling (blue) and
Uncoupled (red) Random Walk.

As the uncoupledY distribution should be more representative of the true pore size
distribution the next step was to try to obtain a pore size distribution of typical Indiana
Limestonemicropores. To achieve this an SEM image from University of Toronto shown

in Figure 41, was analyzed in Image J software using the watershed algorithm and the
results are shown in Figure 42. A pore size distribution ahilseopores occurring within

the grain is shown in Figure 43 and this was merged with the pore size distribution from
the maximum sphere processing to present a full pore size distribution for Indiana
Limestone. ThéY distribution for the uncoupled random walk was thenverted into a

pore size distribution using a surface relaxivity parameter of bper second using
equation 2.6 and is shown in figurd. &inally, an MICP pore throat size distribution is
from a similar Indiana Limestone sample is shown in figure 46. Comparing this with the
converted pore size distribution indicates a Pore Body to Pore Throat ratio of 3 which is
typical for Indiana Limestone (Personal Communication, T.S. Ramakrishnan).
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Figure4li Indiana Limestone SEM image (Marina Fre@dermaly 2013, U. Toronto
Thesis)

Figure42i Image J Processing of Indiana Limestone SEM using Watershed Algorithm
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