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Unconventional reservoirs, specifically carbonates, tight gas sandstone and shale 

gas formations, provide significant potential for the growing world energy demand. 

However, the positive prospects of these reserves are hampered by considerable 

uncertainty in estimating their production. Reliable petrophysical models of these media 

can help reduce the uncertainty in their development.  

Pore-network models are cost-efficient representations of a porous medium’s pore 

structure that allow prediction of its macroscopic properties. In this effort, the topology 

and fluid physics of pores from various scales are integrated into a single-entity three-

dimensional (3D) unstructured pore-network model. We start with the simplest shale 

matrix gas flow model that incorporates pores from nanometer and micrometer scales, 

but has a connectivity resembling conventional rocks. We quantify the apparent 

permeability of these networks with relevant, pore size-dependent physical models 

applied to both scales and compare the results with the continuum no slip boundary 

condition assumption. The discrepancy between the two can run over several orders of 

magnitude and grows with the fraction of nanopores and the width of the overall pore 

size distribution. We next attempt to create more realistic network models, closer to the 

true topology of the studied unconventional rocks. Workflows for integration of 
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nanometer and micrometer pore structures are then developed for deterministic, 

geologically informed, process-based and image-based approaches in various 

unconventional scenarios.  

 We perform a systematic forward analysis of the applicability of tracer 

breakthrough profiles (TBPs) in revealing the pore structure of tight gas sandstone and 

carbonate formations. The following features are modeled via 3D multiscale networks: 

microporosity within dissolved grains and pore-filling clay, cementation in the absence 

and presence of microporosity (each classified into uniform, pore-preferred, and throat-

preferred modes), layering, and vug and microcrack inclusion. A priori knowledge of the 

extent and location of each process is assumed known. In general, significant qualitative 

perturbation of the TBPs is observed for uniform and throat-preferred cementation. 

Layering parallel to the fluid flow direction has a considerable impact on TBPs whereas 

layering perpendicular to flow does not. Microcrack orientation has a minor effect in 

perturbing TBPs. In most scenarios TBPs show negligible qualitative sensitivity to the 

fraction of micropores present. The exception is the case when macropores and pore-

filling micropores have equivalent flux contributions. A quantitative parameterization of 

sensitivity is not conducted; an example of such is measuring the perturbations in pore-

volumes associated with the breakthrough profile peaks, has not been conducted. 

 Similar to tracer breakthrough profiles in the context of characterizing 

heterogeneous porous media in core scale, nitrogen sorption hysteresis is investigated for 

characterizing pore structure of mudrocks. Three network types are introduced to 

represent their multiscale pore topology; specifically: regular (Type 1), series (Type 2) 

and parallel (Type 3). We conclude that, in appropriate size ranges, sorption hysteresis 

can distinguish the three types whereas permeability hysteresis can only separate parallel 

from series and regular. Furthermore, the simulations show that sorption hysteresis is 
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sensitive to compaction/cementation (closing of throats) in all network types, whereas 

permeability hysteresis is sensitive to the diagenesis in parallel networks only. A 

quantitative parameterization of the sensitivity, such as measuring the area enclosed by 

the hysteresis curve, was not conducted. 

 Molecular diffusion is an important mechanism for hydrocarbon transport within 

matrix as well as between matrix pores and hydraulic fractures in unconventional shale 

production. The diffusion coefficient is also an essential parameter in two-dimensional 

(2D) nuclear magnetic resonance (NMR) map interpretations. However, molecular 

diffusion in the micro- and nanometer scale pore networks of unconventional shale rocks 

remain poorly understood. We attempt to link the restricted diffusion coefficient to pore-

scale characteristics of shale gas media. A random walk algorithm with discrete time 

steps is implemented to investigate the effects of pore-throat ratio (the ratio of pore-body 

radius to pore-throat radius), length ratio (the ratio of throat length to pore radius), pore 

shape and topology. It is concluded that, at an equal surface-to-volume ratio, diffusion 

coefficient increases in pores with higher angularity.  The effects of pore-throat radius 

ratio and length ratio are explicitly modeled in 3D structured regular lattices. Results 

indicate that, up to pore-throat radius ratios of 5, restricted diffusion is considerable in 

lattices with zero length throats. Furthermore, restricted diffusion decreases with the 

increase in length ratio. To reduce computational costs, a statistical method is developed 

to render simulating the effects of connectivity and pore size distribution on 3D 

unstructured multiscale networks feasible. 

Finally, we perform a preliminary assessment of the fidelity of the multiscale 

process-based and image-based approaches in a case study conducted on the Wilcox tight 

gas sandstone. A novel workflow that combines the multiscale process-based network 

model with petrographic analysis is developed. This methodology utilizes petrographic 
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information (grain size distribution and sorting, cement type and thickness, microporosity 

types and fractions, burial sequence) to enable the prediction of the flow properties of the 

medium in several burial stages throughout the paragenesis of the Wilcox formation. 

Given the 100 -1000 times scale difference between micropores and macropores and the 

resultant computational costs, an upscaling scheme is proposed for the microporous 

clusters in the process-based algorithm. The upscaling presently does not work for the 

image-based modeling because of the irregularity of microporous regions. We observe 

discrepancy between the simulated and experimental mercury injection capillary pressure 

curve and use it to recommend future improvements to the workflow. In this case study, 

micropores are crucial in contributing to the flow path; therefore, their surface chemistry 

as well as physical features such as surface roughness must be quantified and taken into 

account to make reliable predictions of the rock flow properties.  
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“…..and I argue that there is no necessary connection between the size of an 

object and the value of a fact, and though the objects I have described are minute, the 

conclusions to be derived from the facts are great.” 

- Henry Clifton Sorby, 1858.  Jour. Geol. Soc. London, XIV 

 

Chapter 1: Introduction 

1.1. Motivation 

Unconventional formations potentially offer an abundance of energy resources for 

the growing global energy demand. Their development however is significantly hindered 

by difficulties in reserve assessment and economic production. This trade-off is argued 

by Gray (1977) to be applicable to many natural resources - not just oil and gas - as 

illustrated in Figure 1.1. One must emphasize that the term, “quality”, or “conventional” 

is subjective and depends on the contemporary technological competence of the 

petroleum industry. For instance, in the 1970s reservoirs with permeability lower than  

0.1 md were officially described as tight. In the year of writing this dissertation, much 

lower permeabilities, on the order of nanodarcy, is considered low in quality.  

Conventional petrophysical relationships, such as Archie’s law for resistivity, the 

Carman–Kozeny permeability estimate and the Brooks–Corey parameterization of 

relative permeability, were developed for rocks whose pores are mostly intergranular and 

well connected (Peters, 2012). The significant heterogeneity in pore size and shape of 

unconventional rocks, as depicted in Figure 1.2, suggests that such models should not be 

expected to give accurate results for their flow properties. Recently, a number of imaging 

(Yoon and Dewers 2013) and modeling (Mousavi and Bryant 2012) studies have focused 

on investigating pore connectivity (topology of the pore network) in the unconventional 
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reservoirs, which has a major impact on flow properties – a detailed literature review is 

given in Chapter 2. 

 

 

Figure 1.1: Triangular distribution of natural resources as proposed by Gray (1977). The 
tight reservoirs are more in volume but require further technological 
ingenuity for economic production. 

In addition to pore topology, the fluid flow physics in the unconventional 

reservoirs can be different. This is most expected in shale where pore sizes go down to 

nanometer scale. In this size range the Knudsen number, which is defined as the ratio of 

the mean free path length of the gas molecule to the size of the pore, becomes higher than 

0.001 and the continuum, no slip boundary condition, of gas flow breaks down (Sakhaee-

pour, 2012).  Two-phase liquid flow properties such as capillary pressure, as is shown by 

Kelly (2015) deviate in nanochannels as well, making the assumptions used in 

developing the aforementioned conventional petrophysical relationships invalid.  
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                                  (a)                                                              (b) 

 

(c) 

Figure 1.2:  (a) Heavily cemented Wilcox tight gas sandstone with dissolving feldspars 
(red arrow). (b) Vug pore types in carbonate rocks (red arrow - Lucia, 1995) 
(c) SEM image exemplifying Barnett shale with visible porosity of 4.2% 
(point count). Organic matter intraparticle pores are dominant, followed by 
some intraparticle pores and traces of interparticle pores. Reprinted from 
Loucks et al. (2012) 

1.2. Hypothesis 

We hypothesize that integrating pores from multiple scales, informed from 

images, into a single-entity network model and honoring their respective fluid physics 

will make a priori predictions of the unconventional petrophysical properties within an 

appropriate error range possible. We propose that via such a bottom-to-top model several 

macroscopic properties can be linked to each other (Figure 1.3).  
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Figure 1.3: Schematic of this work’s hypothesis. 

1.3. Outline of chapters 

Chapter 2 gives a literature review of pore-scale research conducted on 

unconventional petrophysics. In Chapter 3 process-based as well as image-based 

reconstruction of multiscale network models for tight gas sandstone and carbonate rocks 

are discussed. Based on such network models, the two-phase flow properties 

characterizing several diagenetic processes are predicted in Chapter 4 and any anomalous 

behavior is explained. In Chapter 5, tracer breakthrough profile interpretation is explored 

as a cheap method of inferring the pore structure of tight gas sandstone and carbonate 

rocks. In Chapter 6 the importance of correct flow regimes in shale rocks is demonstrated 

by coupling Knudsen diffusion and slip flow in multiscale networks. In Chapter 7, the 

method discussed in Chapter 3 is extended to shale gas rocks and sorption hysteresis is 

proposed as an indirect method of acquiring the pore topology in ex situ conditions. In 
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Chapter 8, preliminary results of using restricted diffusion measured from nuclear 

magnetic resonance (NMR) logs in inferring the pore structure of shale formations in in 

situ conditions is discussed. Chapter 9 proposes a workflow to verify the model in 

predicting the capillary pressure vs. wetting phase saturation curve of Wilcox tight gas 

sandstone rocks in several burial stages.  Chapter 10 provides conclusions and 

recommendations for future work.  

 

List of publications ensued from this research, and their relationship to the 

chapters in this thesis: 

Peer-reviewed journals: 

 
 1. Mehmani, Ayaz, Yashar Mehmani, Maša Prodanović and Matthew Balhoff. 2015. 

“A forward analysis on the applicability of tracer breakthrough profiles in 
revealing the pore Structure of tight gas sandstone and carbonate rocks.” Water 
Resources Research 51, doi:10.1002/ 2015WR016948. 

       *Method and results are discussed in Chapters 3 and 5 

 

 2. Prodanović, Maša, Ayaz Mehmani and Adrian P. Sheppard. 2015. “Imaged-based 
multiscale network modelling of microporosity in carbonates.” Geological 
Society, London, Special Publications, 406(1), 95-113. doi: 10.1144/SP406.9 

*Method and results are discussed in Chapters 3 and 4 

 
 3. Mehmani, Ayaz and Maša Prodanović. 2014. “The application of sorption 

hysteresis in nano-petrophysics using multiscale multiphysics network 
models.” International Journal of Coal Geology, 128, 96-108. 
doi:10.1016/j.coal.2014.03.008 

*Method and results is discussed in Chapter 7 
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 4. Mehmani, Ayaz and Maša Prodanović. 2014. “The effect of microporosity on 
transport properties in porous media.” Advances in Water Resources, 63, 104-119. 
doi:10.1016/j.advwatres.2013.10.009 

*Method and results are discussed in Chapters 3 and 4 

 
 5. Mehmani, Ayaz and Maša Prodanović and Farzam Javadpour. 2013. “Multiscale, 

multiphysics network modeling of shale matrix gas flows.” Transport in porous 
media, 99(2), 377-390. 10.1007/s11242-013-0191-5 

*Method and results are discussed in Chapter 6 

 

Conference proceedings: 

 
 1. Mehmani, Ayaz, Kitty Milliken and Maša Prodanović. 2015. “A quantitative pore-

scale investigation on the paragenesis of Wilcox tight gas sandstone.” Paper 
presented at the Unconventional Resources Technology Conference (URTeC: 
2147717). July 2015. San Antonio, Texas. 

*Method and results are discussed in Chapter 9 

 
 2. Mehmani, Ayaz, Jinhong Chen, Maša Prodanović and Carl Edwards. 2014. “A pore 

scale analysis of restricted diffusion in shale gas media.” Paper presented at 
Unconventional Resources Technology Conference (URTeC: 1921981). July 
2014. Denver, Colorado. http://dx.doi.org/10.15530/urtec-2014-1921981 

*Method and results are discussed in Chapter 8 

 
 3. Mehmani, Ayaz, Adenike Tokan-Lawal, Maša Prodanović, and Adrian P. 

Sheppard. 2011. “The effect of microporosity on transport properties in tight 
reservoirs” (SPE 144384). Presented at SPE Americas Unconventional Gas 
Conference and Exhibition. Society of Petroleum Engineers. January, 2011. 
Woodlands, Texas. http://dx.doi.org/10.2118/144384-MS 
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Chapter 2: Literature review 

2.1. INTRODUCTION 

Modeling multiphase fluid flow in the subsurface is challenging given the broad 

range of scales one must consider to predict the phase distributions and the ultimate 

macroscopic flow properties. In tight formations, the challenges are even more 

considerable given their larger heterogeneity and much lower fluid flow capacity. Hence, 

performing experiments and simulations in these rocks is more difficult compared to the 

conventional reservoirs. 

For example, in classic terms, permeability is assumed as an intrinsic porous 

medium property independent of fluid properties (such as viscosity) or thermodynamic 

conditions. Permeability, K, is then determined by fitting the steady-state flow rate and 

pressure drop measurements into Darcy’s law 𝐾 = − !
!
𝜇 !
!"

. In ultra-tight media, such 

measurements are lowly accurate and highly time consuming. In addition, the flow 

physics in nanopores imposes modifications to the traditional Darcy’s linear relationship 

between the flow rate and the pressure drop (Javadpour et al. 2007; Javadpour 2009; 

Civan et al. 2011). Alternative methods such as pressure-pulse decay (Brace and Walsh 

1968; Dicker and Smits 1988; Cui 2009) have been introduced for time-efficient 

permeability measurements. Nevertheless, these methods provide only the apparent 

permeability in lab conditions. Given the difficulties in measuring permeability of tight 

rocks, a correct model could prove to be invaluable in assisting the mapping of lab 

measurements to reservoir conditions in addition to providing upscaled equations of 

petrophysical properties for grid block size domains. Such a model can be advantageous 

in downscaling NMR logs and detecting signatures of producing intervals. 

Other classic relationships, such as Archie’s law for resistivity, the Carman–

Kozeny permeability estimate and the Brooks–Corey parameterization of relative 
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permeability, were developed for rocks whose pores are mostly intergranular and well 

connected. They therefore cannot be expected to do well in cases where pores in multiple 

scales are coupled together (such as when microporosity dominates the pore space in 

tight gas sandstones and many carbonates). For instance, most tight gas sandstones with 

porosities less than 10% exhibit steep capillary-pressure curves, low permeability, and 

high irreducible saturations at drainage and imbibition (Byrnes and Cluff, 2009). The 

authors in (Byrnes and Cluff, 2009) fitted many tight gas sandstone experimental curves, 

but such fits do not necessarily offer qualitative understanding behind the observed 

behavior. It would thus be instructive to generate the behavior from first principles. 

Carbonate rocks are another class of rocks with highly interconnected and 

heterogeneous distribution of porous and microporous regions (Khalili et al., 2012). 

These rocks are therefore difficult to classify (Mousavi et al., 2013) and their 

experimental behavior is hard to explain (Jennings and Lucia, 2003). This leads us further 

to contend that, when macroporosity and microporosity are considered separately in a 

porous medium, the multiphase constitutive relationships are not a simple function of 

equivalent, separate constitutive relationships. 

Pore-network modeling has emerged as a promising a priori method in 

establishing the constitutive grid block equations. According to this method, the complex 

void space geometry is modeled as pores (nodes, balls) and throats (bonds, sticks) of 

simple geometric cross-sections (most often circular, triangular, rectangular) that allow 

semi-analytic solutions to flux or equilibrium fluid-fluid configurations.  While this 

concept is relatively simple, its construction that is representative of the porous medium 

cross-sections and connectivity is nontrivial.  
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Pore-scale models in general require knowledge of the microstructure details of 

the porous medium, but having such details within a representative elementary volume, 

REV, and being able to perform computationally intensive calculations on the REV, 

remains a challenge in upscaling complex media. Although three-dimensional images, 

such as X-ray tomography, have provided petrophysicists with the opportunity to view 

the pore structure directly (Wildenschild and Sheppard, 2013), it is yet not feasible to 

include pores of multiple scales into one single image. In addition, due to the common 

presence of very small pore sizes (1 nm up to 1000 nm), non-destructive imaging 

techniques, such as X-ray, are incapable of resolving the interconnecting throats 

completely. Destructive imaging methods such as Focused Ion Beam Electron 

Microscopy (FIBSEM) are currently the only source of 3D pore structure information on 

submicron-scale, but FIBSEM may result in incomplete or faulty information by either 

destroying existent throats or by potentially creating artifacts (Loucks et al., 2012; Heath 

et al., 2012). Furthermore, with increased resolution of an image, the field of view 

becomes smaller, therefore making it harder to infer how nanopores connect to 

micropores in a representative elementary volume. 

Indirect non-destructive methods can complement the information gathered from 

FIBSEM or any other imaging technique. We refer to indirect methods as physical 

measurements that are sensitive enough to detect pore structure signature behaviors 

without directly mapping the pore structure itself. The applicability of tracer 

breakthrough profiles (in Chapter 5) and sorption hysteresis (in Chapter 7) is investigated 

to characterize tight rocks. 

Three main porous medium reconstruction methods to extract network models are 

discussed below. Note that, it is difficult to completely pigeonhole a specific model to 
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either of these categories and it is the author’s opinion that a successful model for a 

heterogeneous multiscale medium will require the integration of all these methods. 

 

2.2. STOCHASTIC RECONSTRUCTION OF POROUS MEDIA 

In this method, the three-dimensional porous medium is recreated by 

incorporating certain quantifiable features such as porosity and surface area – the 

extraction of a network model can follow afterwards. This approach is advantageous in 

the absence of 3D-microtomographs or lack of sufficient description of the diagenesis to 

perform process-based reconstruction of the medium. However, a sole reliance on the 

statistical description of the medium can result in high errors in predicting its flow 

properties (Sok et al., 2002). Sok and coworkers (2002) showed such errors in predicting 

the residual wetting phase saturation when statistical features such as pore/throat size 

distribution, coordination number distribution and pore-channel length of a 

Fountainebleau sandstone were mapped on a regular lattice. By ignoring the network 

skeleton (topology) significant errors were ensued.  Okabe and Blunt (2005)’s Multiple 

Point Statistics method and Wu et al., (2006)s 3D Markov Chain Model attempt to 

capture the pore topology by mimicking the three-dimensional structure based on a single 

2D thin section. The results have been encouraging for single-phase permeability 

predictions in heterogeneous carbonates but further investigation is warranted in 

verifying their accuracy in multiphase flow settings.  

 

2.3. PROCESS-BASED RECONSTRUCTION OF POROUS MEDIA 

Process-based models have been pioneered by Bryant et al. (1993) and Øren and 

Bakke (1997). In this approach, the porous medium is established from a sphere pack. 
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The initial network model is extracted through the Delaunay tessellation (De Burg et al., 

2000) of the grain centers (Bryant et al., 1993; J. L Finney 1970; Mason and Mellor 

1995) (refer to Figure 2.1 for a schematic overview).  

 
     (a)                                                (b)                                             (c) 

 

Figure 2.1: Delaunay tessellation schematic for identifying a pore-throat network in 
granular media. (a) Delaunay tessellation input is a packing of grains 
(spheres in this work). (b) Tetrahedral cell representing a pore defined by 
four neighboring spheres. The pore space within each tetrahedron represents 
pore, and the tetrahedral sides are the tightest cross-sections (throats) on the 
path between two neighboring pore centers.  (c) The final result is a network 
of pores (shown as spheres, colored/shaded by size) and throats (identified 
as cylindrical connections). 

Diagenetic processes, such as cementation and compaction, can be implemented 

on the grain pack or the extracted pore-throat network, typically by manipulation of the 

grain or pore-inscribe radii, and the ultimate pore-network configuration is thus 

reconstructed. The advantage of this method is that it gives the opportunity to backtrack 

the processes and predict the flow properties of the formation in previous burial stages – 

this fresh perspective on modeling paragenesis is elaborated on in Chapter 9. The most 

recent development to this approach, after the work conducted here, has been by Mousavi 

and Bryant (2012) in that a new algorithm to model the ductile deformation of the clay 
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clasts was proposed. The hypothesis of their work was that cementation and compaction 

were the dominant controlling processes in creating the pore structure of the tight gas 

sandstone and capturing them should be sufficient in making a priori prediction of its 

properties. Nevertheless, a comparison with experimental data of mercury injection 

measurements showed significant discrepancy with their estimations.  We suspect that 

micropores (i.e. dissolution or clay deposit) pose a nontrivial impact on the single and 

two-phase flow properties of tight rocks. Therefore, our contribution to this method is the 

deterministic inclusion of micropores. The details of the algorithm are discussed in the 

next chapter. 

 

2.4. IMAGE-BASED RECONSTRUCTION OF POROUS MEDIA 

Micro-CT images, if the resolution is sufficient, give detailed information of the 

pore structure in its current stage. Backtracking diagenesis is not possible, but this 

approach provides the most accurate representation of the rock (Figure 2.2). 

 

 

 

Figure 2.2: Image-based pore-throat network extraction (Prodanovic, W.B. Lindquist, and 
Seright 2006) 

Segmentation  Throat finding + 
pore partitioning 

Medial axis 
extraction 
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In order to extract the network model, the medial axis (Lee et al., 1994), i.e. the 

skeleton network of paths running, roughly speaking, in the middle of the pore space is 

established after segmentation (Iassonov et al., 2009). To identify a throat on a pathway, 

if a continuous sequence of grain voxels is found on it, the minimal area along that path is 

recognized as a throat. Determining pores based on the medial axis is nontrivial and the 

reader is referred to (Prodanovic et al., 2006) for the detailed description of the algorithm. 

The limitations of this method can be due to low resolution and insufficient field 

of view. Image acquisition is not always affordable either. Difficulties with image 

processing are problematic as well (for a detailed review refer to Cnudde and Boon 

(2013)). 

 

2.5. TWO-SCALE PORE NETWORKS 

Above the pore-scale, one usually constructs continuum numerical models in 

which individual grid blocks contain sufficiently many pores such that it evolves 

smoothly with time. Continuum models capable of accounting for two scales - the so 

called dual porosity models (Arbogast 1993a; Arbogast 1993b; Karimi-Fard et al., 2006) 

- have been constructed, and some efforts have been made to build hybrid models that 

couple regions using pore-scale networks to regions treated with continuous approaches 

(Mehmani, 2014; Balhoff, et al. 2007). Similarly, researchers (Moctezuma-Berthier et al 

2004, Youssef et al. 2008) modeled carbonates using macro- and microporosity 

information estimated from high resolution microtomography images. The macroporous 

network model is augmented with cuboids that represent microporous regions. The 

physical size (cross-sectional area and length) of the microporous regions are upscaled 

(effective) parameters and thus somewhat arbitrary, but the estimated pore volume is 
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preserved. To our knowledge, all such efforts to bridge length scales have been done with 

at least one of the scales being continuum. While this is a natural consequence of 

experimental measurements where a single data point refers to a single length scale, with 

contributions from smaller scales averaged, there is nonetheless a loss of sub-scale 

features that might be relevant to the flow if input explicitly with the larger scale pores. 

Furthermore, boundaries in such methods between the two scales must be simple, 

typically planar, a highly unrealistic simplification for the vast majority of porous 

materials. 

Wu et al. (2006) used a stochastic method to show the importance of including 

micro-scale pores using a direct lattice–Boltzmann based simulation of drainage capillary 

pressure in imaged pore spaces. The simulation was first run by omitting the submicron-

pores in a two-scale siltstone reconstruction, and then iteratively adding stochastically 

generated submicron pores. A significant difference in capillary pressure threshold and 

residual saturation in drainage was observed in spite of the fact that both length scales 

were well connected. The model was based on a single image, did not report on relative 

permeability, and prohibited modification in the relative spatial position of the 

microporosity and macroporosity, all of which issues we address in this work. Toumelin 

(2006) on the other hand, studied the effect of microporosity on the electrical properties 

(Archie’s cementation and saturation exponents m and n, respectively) through the 

random walk method in model carbonates with well-connected inter-granular porosity. 

The authors concluded that the intra-granular porosity (microporosity) added in parallel 

with the inter-granular porosity (macroporosity) did not have much effect on the 

cementation factor in water wet media (m changed from 2 to 1), but had a noticeable 

effect on the resistivity index for oil wet rocks. We work with similar models, but include 
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the ability to vary inter-granular porosity connectivity as well as the spatial position of 

microporosity.  
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Chapter 3: Two-scale network generation method 

 

3.1. INTRODUCTION 

Pore-network models are simplified representations of the complex pore-space 

topology of a porous medium – for a detailed discussion please refer to Chapter 2. In this 

chapter, our contributions to process-based as well as image-based network modeling are 

discussed.  

 

3.2. PROCESS-BASED NETWORK GENERATION 

We will refer to the pore-throat network that corresponds to the inter-granular 

porosity as macronetwork, and any network mapping the microporosity as micronetwork. 

Generally macropores are in the order of 30 micrometers and micropores in the order of 

100 to 1000 nanometers. In order to create a network model with macro- and micropores 

the following steps are followed: 

 

1) Construct a macronetwork of the inter-granular pore space using Delaunay 

tessellation (Figure 2.1). 

2) Designate microporous regions (these regions could be individual grains 

e.g. regions of the partially dissolved solid phase, or individual pores 

containing porous fillers such as clay). 

3) Choose a scaling factor b for microporous regions (ratio of the macro- to 

micro-length scale, note that different regions can have different scaling 

factors). 
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4)  Rescale and map a microporosity network onto each designated 

microporous region; retain the pores and throats of the mapped network 

that fall within the microporous region and connect them with all the 

existing pores and throats (macro or micro). Repeat the procedure until all 

of the microporous regions are processed.  
 

Steps (1)-(4) result in a multiscale network that contains both inter-granular 

(macro-)porosity and microporosity. 

Before we proceed with a more detailed explanation of the algorithm, we 

comment on the origin of the micronetwork. The micronetwork that is to be rescaled onto 

microporous regions should resemble the structure of microporosity as much as is known 

or possible. For instance, if a detailed Scanning Electron Microscopy (SEM) image is 

available, one might infer the sizes of small grains within partially dissolved grains or 

pore sizes within the clay-filled regions (note that SEM does not provide 3D structural 

information, only 2D). Then the network to be rescaled could be reconstructed for sphere 

packing whose grains (or pore sizes) reflect the sizes observed within partially dissolved 

grains.  

3.2.1. Construction for partially dissolved grains 

For a granular medium, we process the medium grain by grain. If simulated 

sphere packings are used, we know all of the information necessary to (analytically) 

define each grain. Note that in case a granular medium or weakly cemented sandstone is 

imaged, then individual grains can be found by grain partitioning algorithm (Thomson et 

al., 2006). For each grain that is designated as microporous, we find its bounding box and 

map/rescale the micronetwork from its original bounding box to the grain. Each pore of 
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the rescaled network is subsequently tested. If the pore center falls within the grain in 

question, it is added to the main network. If the pore center falls within the pore space it 

is not added, but we locate the pore it belongs to in the macronetwork and label it 

accordingly (note that for the macronetwork, we need precise information on the location 

of all of its pores). Next, we process all the rescaled throats. Each throat has two 

neighboring pores within the grain and will be included in the main network only if at 

least one of the pores now belongs to the microporous grain. If both of them are already 

added to the multiscale network, we add this throat as well (carefully setting its 

neighboring pores to their new labels in the multiscale network). If one of the pore 

centers falls within a macropore in the multiscale network, we add this throat: note it is 

bridging two different scales (for schematic, see blue throats in Figure 3.1.a). If one of 

the pores falls within a different grain that has been processed already, then we connect it 

to the pore closest to the pore center we are examining in the multiscale network. The 

throat (connection) added is bridging the appropriate micropores in the multiscale 

network. Finally, since neighboring grains in simulated packings analytically touch at a 

point, the above procedure will not connect microporous networks across a grain contact. 

We add a throat to connect the partially dissolved grains (and assign it the average 

microscale radius).  

3.2.2. Construction for pore-filling microporosity 

Similar to the previous discussion, the inter-granular pore spaces are designated as 

macropores. Unlike partially dissolved grains, a subset of these macropores will be 

replaced with micropores (see Figure 3.1b). For each macropore filled with clay, we 

replace it with a suitably rescaled, reference network that describes the microporosity 

pore-throat network.  The origin of the reference network is irrelevant for the algorithm 
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in itself; however, the inherent assumption of this approach is that there exists a network 

that models the clay voids (possibly informed from SEM images). The scaling factor b is 

assumed to be known based on measurements. The reference network volume, of side 

length, L, (that is to be mapped on each designated pore) is decided as follows: for each 

designated pore, we find the bounding cube. The minimum of all such cubes has side 

length M. Then L = b*M. We then find a sphere packing of side L, construct the reference 

network and map it onto the pore-bounding box. Only those micropores that are within 

the macropore are added to the final network. If one pore is within the macropore being 

replaced, and the pore connected to it is within another macropore then an appropriate 

connection is formed (to either the macropore or to the closest micropore in case the 

original macropore has been replaced). The macropore that is replaced by micropores is 

subsequently removed from the network. 

Our current implementation deals with either grain-filling or pore-filling 

microporosity. In nature they often occur simultaneously, and we will address the current 

shortcoming of the implemented algorithm in the future. 

3.2.3. Modeling cementation 

The combined effect of cementation and dissolution on both network 

characterization and permeability are researched. This combined effect is especially of 

interest in tight gas sandstones and tight carbonates where cementation is prevalent and 

significantly reduces porosity. We implement cementation by uniformly increasing the 

cement “coat” on the grains as is common in the literature (Mousavi and Bryant, 2012), 

or effectively increasing the grain radius (which is initially normalized, R=1). The 

cementation thickness, c, is the relative cement thickness normalized by grain radius and 

is independent of fluid properties. The cement reduces the radii of the macronetwork 
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pores and throats (which are still found by the same Delaunay tessellation algorithm as in 

case of R=1), but does not affect the micronetwork (Figure 3.2 depicts a visualization). 

As cement thickness is increased, some macropores and macrothroats will naturally 

become completely closed which affects overall macronetwork connectivity. We 

presently assume that the cement on partially dissolved grains does not affect 

connectivity between macro- and micronetwork (unless macropores were completely 

closed (but not necessarily isolated) in the cementation process).  
 

 
(a)                                                  (b) 

Figure 3.1: Schematic of two-scale pore-network construction for (a) partially dissolved 
grains; and (b) clay-filled pores. Inter-granular (“macro”) network pores are 
shown as larger blue circles. For designated microporous regions, a network 
similar to what is observed in available images/data is rescaled with an 
appropriate length ratio and mapped into the microporous region (in a) 
grains are microporous, in (b) pores are microporous. Throats connecting 
the two networks across the known boundary of the two are identified in 
order to get a single network that contains both length scales and are shown 
in red. The key feature is that the connections between the two length scales 
can be non-planar  (and arbitrarily complex). 
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3.2.4. Network characterization 

We first create the macronetwork based on a packing of equal spheres created by 

the cooperative rearrangement algorithm (Thane, 2006). The pore network description of 

sphere packing has been found representative for transport properties in clean sandstones 

such as the Fontainebleau sandstone (Bryant et al., 1996). In this work we use a subset of 

spheres with unitless radii 1 closely packed in a [-10,10]3 volume with a porosity of 39%. 

Note that the size of the volume was determined from a compromise between the 

simulation time and size of the network: both absolute permeability as well as residual 

saturations during drainage and imbibition becomes relatively constant when the volume 

size is [-a,a]3 and a is larger than 10. The subset of this packing and the corresponding 

networks are visualized in Figure 2.1.  

For a partially dissolved medium, f determines the fraction of grains to be filled 

with micropores and b is the scaling factor (i.e. ratio of length scales between inter-

granular pores and micropores). Table 3.1 summarizes the technical details. We use 

different fractions of microporous grains f  = 0.2, 0.5 and 0.8 and set the length factor b to 

5. An example network is visualized in Figure 3.3a. Coordination number statistics in 

Figure 3.4a (weighted by pore volume) shows that the macropores in some cases can 

have around 50 neighbors. When only one fifth of the grains are set to be microporous  

(f = 0.2), those grains (and thus microporosity networks) do not form a connected 

structure across the porous medium, whereas at larger fractions they do. The final sample 

has 80% of its grains filled with micropores and a range of length scales was chosen  

(b = 3,4,5). This is closer to the natural media where the scales are not necessarily well 

separated. The difference in scale separation can be seen by comparing pore/throat size 

distributions in Figure 3.5a and Figure 3.5b. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Figure 3.2: Schematic and actual visualization of (a,c) single-scale (without 
microporosity) and (b,d) two-scale (with microporosity) network models 
(with cementation thickness of c = 0.23). Cementation is indicated with red 
in the sketch. The pore/throat sizes in (c) and (d) are dimensionless. Lx, the 
side of the cubes containing the networks in (c) and (d) is equal to 20 times 
the radius of the grains (which is of unit value) in the monomodal grain 
pack.   

  
 

For pore-filling microporosity, we choose a fraction of pores to be microporous, 

and use similar scaling factor(s) as in the partially dissolved grain examples. An example 

network is visualized in Figure 3.3b. The statistics on networks are provided in Table 3.2. 

Note that the number of pores determines the size of linear systems to be solved during 

permeability calculation in network modeling. Since micropores are added within pore 

(a) (b) 

(c) (d) 

(a) (b) 

(c) (d) 

(a) (b) 

(c) (d) 

(a) (b) 

(c) (d) 
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space only, the contact area between macropores and microporous regions is much 

smaller in the case of two-scale networks with partially dissolved grains. The 

coordination numbers of macropores are thus comparatively smaller, but nevertheless can 

go up to 60 (see Figure 3.4b). Pore/throat distributions for these networks are shown in 

Figure 3.5. 

 

                 (a)                                                             (b) 

Figure 3.3: Visualization of a [-4,4]3 subset of the (a) “microporous grains” two-scale 
network with fraction f = 0.5 of grains replaced by microporosity (refer to 
Table 3.1); (b) “clay filled pores” two-scale network with fraction f=0.5 of 
pores replaced by microporosity (refer to Table 3.2). The pore/throat sizes in 
the visualization are dimensionless. Lx, the side of the cubes containing the 
networks is equal to 16 times the radius of the grains (which is of unit value) 
in the monomodal grain pack.   
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(a) 

 
 

 
(b) 

 

Figure 3.4: Coordination number statistics of (a) grain filled and (b) pore filled pore-
network models corresponding to Figure 3.3. Instead of number density, we 
show a fraction of total pore volume (or throat area) occupied by pores 
(throats) in each bin. 
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(a) 

 
 

	  	  	  	  	  	  	  	  	  	  	  	  	  	   	  

(b) 

Figure 3.5: Inscribed radii statistics for the grain filled network model. Instead of number 
density, we show a fraction of total pore volume (or throat area) occupied by 
pores (throats) in each bin. (a) scaling factor b = 5 (two separate length 
scales); (b)  scaling factor b = 3,4,5 (mixture of length scales creating a 
continuous transition between scales). 

0 

0.1 

0.2 

0.3 

0.4 

0.5 

0.6 

0.7 

0.8 

0.9 

1 

0 

0.02 

0.04 

0.06 

0.08 

0.1 

0.12 

0.14 

0.16 

0.18 

C
u

m
al

ti
ve

 f
ra

ct
io

n
 

Fr
ac

ti
o

n
 

log10(rInscribed) 

Pores 

Throats 

Pores Cumulative 

Throats Cumulative 

0 

0.1 

0.2 

0.3 

0.4 

0.5 

0.6 

0.7 

0.8 

0.9 

1 

0 

0.02 

0.04 

0.06 

0.08 

0.1 

0.12 

0.14 

0.16 

0.18 

-1
.3

1
 

-1
.2

5
 

-1
.1

9
 

-1
.1

2
 

-1
.0

6
 

-1
.0

0
 

-0
.9

4
 

-0
.8

7
 

-0
.8

1
 

-0
.7

5
 

-0
.6

9
 

-0
.6

2
 

-0
.5

6
 

-0
.5

0
 

-0
.4

4
 

-0
.3

7
 

-0
.3

1
 

-0
.2

5
 

-0
.1

9
 

C
u

m
a

lt
iv

e
 f

ra
ct

io
n

 

F
ra

ct
io

n
 

log10(rInscribed) 

Pores 

Throats 

Pores Cumulative 

Throats Cumultive 



 26 

 

 
(a) 

 

 
(b) 

 

Figure 3.6: Inscribed radii statistics for the pore-filled network model.  Instead of number 
density, we show a fraction of total pore volume (or throat area) occupied by 
pores (throats) in each bin. (a) scaling factor b = 5 (two separate length 
scales), for visualization see Figure 3.3b; (b) scaling factor is a mix              
b = 3,4,5. 
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3.2.5. Measuring network complexity 
 

Pore spaces of heterogeneous media and corresponding multiscale networks have 

different levels of complexity, and it would be very useful to have a versatile quantitative 

measure that could compare them. Off-diagonal complexity (Claussen, 2007), OdC, is a 

measure recently introduced in graph theory. It is zero for regular (structured) networks 

as well as networks where all nodes (pores) are pair-wise connected. OdC is a small 

number for randomized graphs; and a large number for complex, correlated structures.  

 

Table 3.1: Multiscale networks created for a granular medium with partially dissolved 
grain and their properties. In all cases, macronetwork contains 8022 pores 
and 14994 throats, and accounts for primary porosity of 38.92%. 

 

Table 3.2: Multiscale networks created for a porous medium with clay-filled pores and 
their properties. In all cases before clay replacements began, the same 
starting macronetwork with 8022 pores and 14994 throats was used as in 
Table 3.1. 

 
 

We report the off-diagonal complexity for two-scale networks explored in this 

work in Table 3.1 and Table 3.2, and plot them against total porosity and permeability in 

Figure 3.7a and Figures 3.7b. The complexity of the original macronetwork (which is 

Table 1. Multiscale networks created for a granular medium with partially dissolved grain and their 
properties. In all cases, macro network contains 8022 pores and 14994 throats, and accounts for 
primary porosity of 38.92%. 

Fraction of 
microporous 

grains 

Scaling factor 
b 

Microporosity 
(%) 

Total Porosity 
(%) 

Number of 
pores/throats 

Network 
complexity 

0.2 5 4.68 43.47 130735/289415 3.0652 
0.5 5 11.38 50.17 306692/682825 3.3904 
0.8 5 17.54 56.34 468619/1045109 3.553 
0.8 {3,4,5} mix 18.94 57.74 284915/645239 3.3672 

!
!

Fraction of 
clay-filled 

macropores 

Scaling 
factor b 

Microporosity 
(%) 

Total 
porosity 

(%) 

Number of 
pores 

Number of 
throats 

Network 
complexity 

0 NA 0 38.92 8,022 14,994 0 

0.2 5 4.62 43.54 128,689 281,062 2.8336 

0.5 5 11.57 50.49 310,089 683,321 3.0441 

0.8 5 18.63     57.54 494,213 1,091,362 3.0080 

0.8 {3 4 5} mix 18.61     57.53 284,035 641,377 3.0038 

!
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unstructured, but every pore nevertheless had four neighbors) is 0. Any network on a 

regular square or cubic grid, which are common in literature, would also have a 

complexity of 0. For comparison, the network complexity number for a 20% porous, 

single length-scale Berea sandstone from (Prodanović et al., 2007) is 1.8 (note that 

coordination number in that medium ranges from 3 to 25, and averages to 3.8). We 

observe that for partially dissolved granular media, the off-diagonal complexity increases 

with increased porosity (i.e. with inclusion of micropores in parallel with the 

macronetwork) from 2.83% to 3.04%. This is expected since the addition of porous 

microcosms inside grains adds to the throats connecting to the adjacent macropore. On 

the other hand, we observe a trend in decreasing off-diagonal complexity with the 

increased fraction of clay-filled macropores (the addition of microporosity brings the 

medium close to homogeneity) from 1.84 to 1.47. This range is smaller than the OdC for 

granular media with partially dissolved grains. This is because the microporosity is added 

in series to macroporosity (i.e. some of the macronetwork elements were replaced by a 

multitude of micropores) with much smaller effect to the overall coordination number. 

Conversely, in networks with partially dissolved grains, microporosity was added in 

parallel (and opened up additional pore space pathways). In this study we control the 

network design; however, for natural media one might not know whether the 

microporosity is acting predominantly in parallel or series to the macro network. Network 

complexity appears to have the potential to differentiate these behaviors. Note that in 

both cases the mixed length scale (b = 3,4,5) case has a lower OdC number than its b = 5 

counterpart. This is due to the smaller number of microthroats getting connected to the 

macropore in the mixed length scale cases.  
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(a) (b) 

Figure 3.7: Absolute permeability (normalized by the permeability of the macronetwork, 
blue line) and off-diagonal network complexity (red line) vs. porosity for (a) 
partially dissolved grain model networks (see Table 3.1) and (b) pore-filling 
model networks (see Table 3.2). The macronetwork (with total porosity 
close to 0.4) is included in both figures to enable direct comparison. 

 
As shown in Figure 3.8a, in case of a single-scale network, cementation increases 

off-diagonal complexity once a significant number of the smaller throats becomes closed 

(i.e. the homogenous coordination number of a regular network, 4, ceases to exist). In 

contrast, Figure 3.8b indicates that cementation actually “lowers” heterogeneity when 

microporosity exists. Cementation appears to “increase disorder” in a regular network 

because it reduces the original coordination number in an irregular manner. However, it 

“decreases disorder” in an already heterogeneous network because it disproportionately 

affects macropores that have large coordination numbers.  
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                                         (a)                                                              (b) 

Figure 3.8: Absolute permeability and off diagonal network complexity during the 
addition of uniform cement coatings. (a) Single-scale, original 
macronetwork (b) two-scale network with grain-filling microporosity 
(f=1.0, b=7). Compare to Figure 3.7a. 

 

3.2.6. Vug and micro-crack representation 

Vugs and micro-cracks are other features of carbonates that can require 

alternative predictive models (Hidajat et al., 2004). So far, the effects of vugs on flow 

properties have been experimentally investigated (Nair, 2008), and a stochastic method in 

which vug nodes are randomly distributed inside a regular structured lattice (with a 

uniform coordination number of 6) has been developed (Erzeybek and Akin, 2008). 

However, to our knowledge no deterministic pore network model that honors/quantifies 

the vug topology and its connection to the adjacent matrix exists in the literature. 

Regarding micro-cracks, researchers have developed two-dimensional networks to 

predict the transport properties of a single fracture (Hughes and Blunt, 2001a; Karpyn 

and Piri, 2007). The matrix-fracture transfer is investigated by assigning the aperture and 

pore/throat distribution inside a regular structure lattice as well (Hughes and Blunt, 
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2001b). In contrast, our three-dimensional unstructured model can simulate various 

diagenetic processes (such as compaction and cementation inside the matrix and bridging 

within the fracture network) deterministically. We argue that with our “bottom-to-top” 

approach, the history of the formation can be captured and appropriate probabilities of the 

origin of each pore-scale feature determined. Via this “unifying” modeling approach, we 

expect to link various macroscopic properties to each other. 

A vug is included in the network by inserting its center inside a randomly chosen 

pore. The vug is then connected to the neighboring pores via the same throats that were 

connecting the pores inside the vug to those on the outside prior to its insertion (Figure 

3.9). Vugs of sizes 5 times (Figure 3.10b) and 10 times (Figure 3.10.c) larger than the 

intergranular pores are modeled to compare their TBPs when ϕ!"#/ϕ!"#$ is kept 

constant. Figure 3.11 and Table 3.3 show the pore/throat size and coordination number 

distribution of networks including vugs. It is observed that vugs produced with this 

method can contain coordination numbers up to 130. 

 
 

 

Figure 3.9:  Schematic of a vug inclusion. 
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(a)                                            (b)                                                (c)  

Figure 3.10: Three-dimensional visualization of the original network (a) network with 
vugs with length-ratio of b = 5; (b) and network with vugs with length-ratio 
of  b = 10 (c). The pore/throat sizes in the visualization are dimensionless. 
Lx, the side of the cubes containing the networks is equal to 20 times the 
radius of the grains (which is of unit value) in the monomodal grain pack.   

 

 

(a)                                                               (b) 

   

(a) (b) (c) 



 33 

      

(c)                                                               (d) 
 
 

 
        (e) 

Figure 3.11: Pore/throat size distribution of networks including vugs with b = 5 and 
𝜙 = 0.63 (a) and b = 10 and 𝜙 = 0.83 (c). Coordination number 
distribution of networks including vugs with length-ratio b = 5 (b) and        
b = 10 (d). Instead of number density, we show a fraction of total pore 
volume (or throat area) occupied by pores (throats) in each bin. (e) shows 
the total number of pores and throats for the networks with vugs. 
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Table 3.3: Vuggy networks and their properties. In all cases before vug inclusion began, 
the same starting macronetwork with 8022 pores and 14994 throats was 
used as in Table 3.1 

 

Micro-cracks are included by imposing two parallel planes on the original 

network and eliminating the pores that fall within the two planes. After the pores within 

the planes are eliminated, fracture pores that are 5 times larger than matrix pores (b =5) 

are added between the planes – see Figure 3.12. The micro-crack orientation is described 

by θ, which is the angle the micro-crack makes with the flow direction. The pore/throat 

size and coordination number distribution of a network including a micro-crack with       

θ = 45o is shown in Figure 3.13 and Table 3.4. We observe that the pores inside micro-

cracks can have coordination numbers up to 50. 

 

 

Case Scaling factor 
b 

Vug Porosity 
(%) 

Total Porosity 
(%) 

Number of pores Number of 
throats 

Network 
complexity 

Original NA 0 39 8022 14994 0 
1 5 2.6646 40 7701 14508 1.0514 
2 5 17.86 47.61 6217 12001 2.125 
3 5 34.59 55.89 4541 8944 2.5057 
4 5 45.61 62.12 3579 7009 2.5512 
5 10 18.24 49.74 6515 12338 1.4277 
6 10 39.53 64.12 5114 9798 1.933 
7 10 57.77 77.54 4134 7984 2.0669 
8 10 63.85 82.76 3969 7690 2.1214 

!
!
!
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         (a)                                                                        (b)  

Figure 3.12: Sketch of a micro-crack integration into a pore-network model (a) and actual 
three-dimensional visualization of the micro-crack with an angle of  
𝜃 = 45!. Pore/throat sizes in (b) are dimensionless. Lx, the side of the cube 
containing the network is equal to 20 times the radius of the grains (which is 
of unit value) in the monomodal grain pack.   

3.3. IMAGE-BASED NETWORK GENERATION 

3.3.1. Analysis of micro-tomography images 

The image analysis workflow for porous media characterization, pore-throat 

network extraction and model development in case of conventional porous materials 

(where the pore space is well resolved) is well established. The objectives of the 

workflow are both characterization of the media and providing input for direct or semi-

upscaled (pore network) flow simulators that will then extract permeability and capillary 

pressure vs. saturation- area relationships required for reservoir simulation at large scale.  

 

(a) (b) 

θ 
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(a)                                                               (b) 

 

 
       (c)  

 

Figure 3.13: Pore/throat size distribution (a) and coordination number distribution (b) of a 
micro-crack including network. Instead of number density, we show a 
fraction of total pore volume (or throat area) occupied by pores (throats) in 
each bin. (c) shows the total number of pores and throats of the micro-crack 
including network. 
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Table 3.4: A network model with an explicitly included micro-crack. The same starting 
macronetwork with 8022 pores and 14994 throats was used as in Table 3.1. 

 
 

Image segmentation is the preliminary step in which image voxels are classified 

as belonging to pore, grain, or any other material of interest.  For a recent review of 

image segmentation in porous media methods see (Iassonov, Gebrenegus, and Tuller 

2009). Image segmentation allows for pore-grain surface and area extraction (Dalla et al., 

2002), and provides input for direct simulation methods such as lattice-Boltzmann 

modeling (e.g. in order to establish velocity field within pore space and ultimately 

permeability, (Chen and Doolen 1998)) or level set methods that can predict capillarity 

controlled fluid phase configurations (Prodanovic and Bryant 2006). In this work, 

however, we process/simplify the pore space further and prepare it for network modeling 

which is applicable for simulations over larger volumes in comparison with direct 

simulation methods. 

3D space in a digitized image is a complex search space and direct methods are 

computationally demanding. The digitized pore space is thus often further simplified. 

Medial axis (centrally located skeleton) extraction allows easier search through the pore 

space (Lee et al., 1994; Lindquist et al. 1996). The medial axis helps to construct throats 

(flow bottlenecks, ( Lindquist and Venkatarangan 1999; Shin et al. 2005)). Throats are 

ultimately used to assemble pore-throat networks (Prodanovic et al., 2006). Alternative 

process-based approaches identify individual grains from images (Thompson et al., 2006; 

Sheppard et al. 2006) and then use them as a base for throat finding as well as subsequent 

 

Case Scaling factor 
b 

Micro-crack 
porosity (%) 

Total Porosity 
(%) 

Number of pores Number of 
throats 

Network 
complexity 

Original NA 0 39 8022 14994 0 
1 5 13.9 43.15 6071 11627 1.61 

!
!
!
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pore-throat network assembly (Øren, et al., 2007). Once the geometry is extracted, it is 

ready for multiphase pore network flow modeling. 
 

3.3.2. Segmentation of images in the presence of unresolved microporosity 

Most image segmentation algorithms are binary, i.e. they classify pixels (in 2D) 

or voxels (in 3D) in an image into two separate phases based on their grayscale values. In 

micro-tomographic X-ray image, the grayscale values are proportional to X-ray 

attenuation coefficients. In a porous medium in which the solid phase is composed of a 

single material type, voxels will take values corresponding to the attenuation of either the 

solid material or to the air in the pore space. In addition, some voxels will contain a 

mixture of air and solid, being voxels that are on the solid/air interface and voxels 

containing porous structure smaller than a the instrument resolution (called sub-resolution 

porosity). In the X-ray tomogram, these mixture voxels will take grayscale attenuation 

values in between the values of air and solid.  Mixture voxels that are almost entirely air-

filled will have attenuation values slightly higher than air while those that are almost all 

solid will have values slightly less than the solid phase. The attenuation value of a 

particular voxel is thus linearly correlated to the fraction of solid material within the 

voxel’s volume.  We stress that this technique can only be applied to samples consisting 

of a single material, such as the Estaillades limestone used here which is almost pure 

calcite. For more complex samples a porosity map can only be generated by saturating 

the sample with an attenuating fluid and performing image-differencing between the 

saturated and dry images. 

To make this process quantitative, we have developed a segmentation procedure, 

described in (Sok et al., 2009) and which we outline here.  The first step is to segment the 

dataset into three components: air, solid and mixture. In the segmentation algorithm used 
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here (Sheppard et al., 2004), only voxels that contain sub-resolution features will be 

labeled as mixture; voxels on the air/solid interface will normally assigned to either air or 

solid.  In this step, air voxels are given a value 0 and solid voxels a value of 100.  Next, 

the average attenuation values of the voxels segmented as air and solid are used to 

estimate the attenuation values of pure air and pure solid phase (called Ia and Is 

respectively). Then, the mixture voxels are assigned to values according to this 

expression: 
 

𝑉! = 100 ∗
𝐼! − 𝐼!
𝐼! − 𝐼!

                                                                                                                                                                                                                                                      (3.1) 

 

Where Im is the grayscale value of the voxel and Vm is the value it is assigned.  In this way 

one obtains an image with 100 grayscale values in which the value of each voxel 

corresponds to the percentage of solid material inside the voxel’s volume.  In this work 

we do not make any explicit use of the intermediate gray scales. 

 

3.3.3. Two-scale network construction for imaged media 

Very similar to previous section, we will refer to the pore-throat network that 

corresponds to the inter-granular porosity as macro network, and any network mapping 

the microporosity as micronetwork. Note that regardless of length scales relevant to the 

sample, macronetwork assumes that its voids are fully resolved in the image (these could 

be intergranular pore space, or vugs depending on the length scale), and micronetwork is 

not resolved in the larger scale image. Micronetworks are possibly available from a 

different, lower-resolution imaging technique. The key feature is that the connections 

between two length scales can be non-planar  (and arbitrarily complex). 
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We present two different implementations of the same concept: the grain based 

approach and the tiled image approach. The concept requires that 1) we construct the 

macronetwork, e.g. using image-based network reconstruction procedure shown in Figure 

3.14. then 2) we identify microporous regions (e.g. using image analysis as described in 

Section 3.2.2) and 3) rescale (using a chosen scaling factor b) and map some “micro” 

network onto the microporous regions and 4) connect them with the macro network, thus 

arriving at a two length scale network model with both scales deterministically represented. 

The grain-based approach is based on identification of grains (Sheppard et al. 

2006) within the solid phase and then designating a fraction of them to be microporous. 

This implementation assumes we have a sedimentary rock where grain identification is 

relatively straightforward (such as sandstone). We used a Bentheimer sandstone example, 

and the sample in itself did not have a significant amount of microporosity.  The granular 

approach, however, allowed us to explore the effect of cementation as well as (presumed) 

dissolution of selected fraction of grains (after cementation/compaction) on the transport 

properties. For microporous regions, we take another “micro” network, rescale it with 

appropriate length ratio and map it onto the bounding subvolume of the designated 

microporous grain. When mapping is done, only pores that fall within the microporous 

grain are added to the final network. The throats incident to the newly added micropores 

that either connect two micropores, or are crossing the boundary of the 

microporous/porous region are added to the final network as well. For this step, it is 

important to have detailed information about macropore location so that the latter pores 

(shown in blue in Figure 3.14. a) can be constructed.  

The second, tiled image approach, was developed for media, such as carbonates, 

where image analysis allows for identification of solid phase, pore space as well as 

microporous region. The microporous region is irregular and not always associated with 
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grain structure (such is the case with Estaillades limestone studied later). We then tile the 

entire image into equal block sub-volumes (if the scaling factor is b, we will have b x b x 

b tiles in 3D) and map/rescale micronetworks onto each tile (instead of identified grain – 

grains might not be relevant nor easy to identify). Note that within each tile, we retain 

only those mapped pores that fall into the microporous space (and throw away those that 

belong to the solid space). Details of implementation differ slightly due to working in 

digitized space (as opposed to analytically defined sphere packings), but the principle 

remains the same 

 

                 
                                            (a)                                                               (b) 

Figure 3.14: Schematics of the proposed construction of the two-scale pore networks. 
Inter-granular network macropores are shown in large red circles, and 
micronetwork pores are shown in smaller red circles (not necessarily to 
scale). The throats introduced to connect the two scales are shown in blue. 
(a) Grain-based approach. (b) Tiled image approach. The schematic shows 
four tiles, separated by green lines. Note that the microporous regions where 
micropores reside are not related to the way in which tiling is performed. 
Tiles are introduced to handle the correct scaling in cases where 
microporous regions are highly irregular. 
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Finally, if microporosity information is available from the porous medium image, 

one could partition the grain space into regions of similar microporosity and the network 

is not only rescaled according to the scaling factor b, but pore volumes/throat areas are 

adjusted to reflect the calculated pore volume within the region. 

 

3.3.4. Imaged sandstone two-scale networks 

A 5mm piece of Bentheimer sandstone was imaged at 2.74 micron resolution 

(Figure 3.15a). The image was filtered and segmented into three phases (grain, clay and 

pore space).  The middle phase, representing clay and degraded feldspars, which 

comprised about 1% of the volume, was then merged with the void phase, resulting in a 

porosity of 25%.  This was done so that the dataset consisted of large framework of 

grains only. 

A subset of 4003 voxels, or about 1mm3 was taken from the original 20003 image 

and used to identify individual grains.  The watershed transformation was applied to the 

Euclidean distance map, then label merging was applied (Sheppard et al. 2006) in order 

to identify the grains (see Figure 3.16b). The grains were then dilated a distance d such 

that all points in the pore space that were less than d voxels from a grain were given the 

label of the nearest grain The percolation threshold (or critical length) of the subset image 

was 6.3 voxels, so that the pore space becomes disconnected when the dilation distance is 

greater than this value.  Using this procedure, each dilation contains the same number of 

grains. One example dilated image is shown in Figure 3.16a. 

A random fraction of the grains are then chosen to become microporous – (see 

Figure 3.15b). These grains are then decorated with the microscale network, which itself 

is a copy of the original Bentheimer pore space macroscale network (Figure 3.16a), 
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reduced in size by a length scale factor of 4. The resulting network is shown in Figure 

3.16b. Note that the macro network sums up only to 2% of porosity and micro network to 

additional 6%. 

 

   
 

(a)                                                      (b) 
 

Figure 3.15: (a) Slice of the original x-ray micro-tomography image of Bentheimer 
sandstone. Pore-space is nearly black, grains are gray. (b) A slice of labeled 
image showing individual grains identified in Bentheimer sandstone in 
different shades of gray; the inter-granular pore space is in black. Voxel  
size = 2.7  𝜇𝑚. 𝐿! = 1.1  𝑚𝑚. 

3.3.5. Imaged sandstone cementation study 

Figure 3.18a shows the change in porosity and off-diagonal complexity during 

cementation of the sandstone pore space. As expected, both monotonically decrease with 

the amount of added cement. When microporous grains are populated with 

micronetworks rescaled 4 times, we see a moderate increase in overall porosity and a 

much bigger jump in OdC. 
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(a)                                                        (b) 

Figure 3.16: (a) The Bentheimer sample cross-section with dilated grains (shades of gray) 
which disconnected the inter-granular porosity (black). (b) The same slice of 
Bentheimer image showing inter-granular porosity (black), grains chosen to 
be microporous (gray) and solid grains (white) for the two cases considered. 
The inter-granular pore space in this case is disconnected. Voxel               
size = 2.7  𝜇𝑚. 𝐿! = 1.1  𝑚𝑚. 

   
(a)                                                         (b) 

Figure 3.17: (a) Pore-throat network of the original Bentheimer imaged pore-space (see 
Figure 3.15). (b) Two-scale network for cemented Bentheimer sandstone 
(cement step 2 from Figure 3.18); microporous regions are populated with   
b = 4 times smaller pores. 𝐿! = 1.1  𝑚𝑚. 
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Absolute permeability – porosity relationship is also monotonic (see Figure 

3.18b) with expected increase in permeability with added microporosity. Note however, 

that with larger cement thickness, purely cemented samples have permeability close to 0, 

whereas those with added microporosity always have positive permeability. All 

permeability values were normalized by the value corresponding to the initial sample for 

easier comparison (and potential extrapolation of results to other clean sandstones). 
 

3.3.6. Imaged limestone two-scale networks 

Estaillades limestone micro-tomography image  (Figure 3.19a) was imaged with 

voxel length 4.6 micrometers at Australian National University Department of Applied 

Mathematics facility, and segmented identifying porosity (fully resolved pore space), 

microporosity (regions with submicron resolution pores not well identified) and solid 

space (see Figure 3.19b). Porosity fraction in entire volumetric image is 0.146 (connected 

porosity fraction is 0.108); microporosity fraction is 0.266. We then populated the 

microporous space with pores and throats identified from a Castlegate sandstone image 

subvolume with 5123 voxels (which was imaged with the same voxel length of 4.6μm). 

The Castlegate sandstone segmented image is available online  

(http://xct.anu.edu.au/network_comparison/#data_sets). Note that we do not know what 

the character of the submicron resolution pores in Estaillades limestone is since  presently 

there has been no further imaging (SEM, FIBSEM)  or indirect testing (such as 

adsorption) done to determine that. Thus populating microporosity with sandstone-like 

pores is at this point an educated guess and provides framework for a future detailed 

study. 
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                                  (a)                                                                             (b) 

 

Figure 3.18: (a) Porosity (in blue) and pore-throat off–diagonal network complexity 
(ODC, in green) change with adding cement for Bentheimer sandstone (as 
imaged, solid line). We show the increased porosity and ODC values for 
two-scale networks where microporous regions have been added. (b) 
Normalized absolute permeability vs. porosity for the cementation study. 
Note that each cementation step adds one voxel thickness (2.74 micron) of 
cement on all grain surfaces. 

	  

We tested scaling the sandstone network 4, 6, and 8 times down to fit into the 

microporous regions (this was done with tiling algorithm described in Section 3.2.3). The 

pore network properties are given in Table 3.5. When building a macronetwork, 

disconnected volumes (pores) of 100 voxels are more kept in the study (total fraction of 

0.1162) whereas the smaller ones were ignored (presence of a large number of small 

disconnected volumes negatively affects pore network extraction algorithm efficiency, 

somewhat like noise). While the number of pores and throats grows (as well as maximum 

coordination number) quite steeply as the scaling ratio changes from 4 to 8, the absolute 

permeability (assuming steady state flow through the entire network) does not change 

very much. Pore radii distribution is available in Figure 3.20. For any of the tested two- 
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scale networks, the permeability is at most 1.1 times larger than the original (in case of 

scaling ratio of 4). Off-diagonal complexity (OdC) drops from 2.46 to 2.3 and to 2.2 as 

the micronetwork (of different scales) is added to the macronetwork. This is not a large 

difference, and in absolute terms the numbers are smaller than in case of Bentheimer 

sandstone (Figure 3.18a), which is somewhat counterintuitive at first. The microporosity 

added to Bentheimer, however, is in the form of local clusters (dissolved grains) 

randomly distributed in space. As observed in Estaillades image, microporosity is within 

former grains to an extent, but is also often found lining the pore space (and is thus more 

widely spatially distributed, and a bit less clustered: this can reduce OdC – Table 3.6). 
 

           
(a)                                                           (b) 

Figure 3.19: Estaillades carbonate sample: (a) tomographic slice (1.37 mm on side) and 
(b) segmentation result. Solid phase is identified as white, microporous 
phase as gray, and pore space as black. 
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Figure 3.20: Example pore distribution for Estaillades limestone sample pore space 
network as well as derived two-scale networks. 

 
Table 3.5: Pore network information for all samples based on Bentheimer sandstone 

image. 
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no micro
b=4
b=6

Sample 
Cement 
thickness 

b  ϕ NP, NT CN (ave, 
max) 

OdC k/kA 

0 N/A 0.2149 2100, 2637 2.51, 55 2.54 1 
0 4 0.2232 15237, 

26996 
3.77, 200 3.10 1.44 

1 N/A 0.1617 1844, 1880 2.04, 42 2.30 0.29 
1 4 0.1922 15569, 

27249 
3.7, 209 3.04 1.14 

2 N/A 0.1289 1397, 1442 2.06, 39 2.04 0.09 
2 4 0.1613 16001, 

27484 
3.60, 166 2.94 0.71 

3 N/A 0.1030 1200,  
1147 

1.91, 28 1.78 0.02 

3 4 0.1362 16334, 
27633 

3.51, 145 2.88 0.41 

4 N/A 0.0832 1037, 870 1.68, 21 1.63 0.0061 
4 4 0.1165 16524, 

27641 
3.44, 139 2.84 0.31 

5 N/A 0.0647 887, 630 1.42, 14 1.34 0.0008 
5 4 0.0976 16581, 

27545 
3.40, 118 2.81 0.24 

6 N/A 0.0529 749, 482 1.29, 13 1.33 0.0001 
6 4 0.0843 16211, 

26898 
3.38, 110 2.80 0.21 

7 N/A 0.0410 611, 361 1.18, 10 1.19 0 
7 4 0.0733 16313, 

26980 
3.36, 111 2.78 0.16 

 
Table 1: Pore network information for all samples based on Bentheimer sandstone 
image. Samples with no microporosity added have scaling factor b marked as N/A. 
b=scaling ratio (macro to micro network length scale), ϕ=porosity, NP=number of pores, 
NT = number of throats, CN=coordination number, OdC = off diagonal complexity, k/kA = 
absolute permeability normalized by sample A (macroporosity only). 
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Samples with no microporosity added have scaling factor b marked as N/A. b=scaling ratio 

(macro to micro network length scale), ϕ=porosity, NP=number of pores, NT = number of 

throats, CN=coordination number, OdC = off-diagonal complexity, k/kA = absolute 

permeability normalized by sample A (macroporosity only). 

	  

	  

Table 3.6: Pore network information for samples based on (or used with) Estaillades 
limestone image. 

  
b=scaling ratio (macro to micronetwork length scale), ϕ=porosity, NP=number of pores, NT 

= number of throats, CN=coordination number, OdC = off-diagonal complexity, k/kA = 

absolute permeability normalized by sample A (macroporosity only). 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Sample b ϕ NP, NT CN (ave, 
max) 

OdC k/kA 

A (“macro”) N/A 0.1162 6894,  
13272 

3.85, 47 2.46 1 

B (“micro”), 
Castlegate  

N/A 0.206 21864 / 
28960 

4.4, 39 2.4 3.4 

C,  
two scale 

4 0.1618 121851, 
164414 

2.7, 141 2.30 1.1 

D,  
two scale 

6 0.1615 352234, 
505304 

2.9, 313 2.28 1.036 

E,  
two scale 

8 0.1609 745207, 
1136776 

3.05, 373 2.26 1.023 

 
Table 2: Pore network information for all samples based on (or used with) Estaillades 
limestone image. b=scaling ratio (macro to micro network length scale), ϕ=porosity, 
NP=number of pores, NT = number of throats, CN=coordination number, OdC = off 
diagonal complexity, k/kA = absolute permeability normalized by sample A 
(macroporosity only). 
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Chapter 4: The effect of microporosity on two-phase flow properties 

4.1. INTRODUCTION 

In this Chapter, equilibrium is assumed at each stage after percolation through 

invasion occurs.  This is justified by the fact that in many porous media, main pathways 

are of dimension 10-5 m or less, and interfacial tension between (immiscible) fluid phases 

plays a significant role in determining fluid configurations. The ratio between viscous 

and capillary pressure drop is characterized as a dimensionless capillary number 

𝑁!" = 𝜇𝑣/𝜎, where µμ is the viscosity of the wetting phase, v the characteristic velocity 

magnitude and r the interfacial tension between the phases. For capillary number less 

than approximately 10-4, the multiphase flow is said to be dominated by capillary 

(interfacial) forces (Lake, 1996).  

Slip flow and Knudsen diffusion are ignored in estimating the permeabilities in 

this Chapter. Given that the pore diameters are greater than throat diameters, the 

resistance to flow in pore volumes is neglected. The pore-network model can be 

represented by pores, with associated pressures pi (or potentials), connected by throat 

channels that control fluid flow through viscous forces. If a channel is completely filled 

with a single fluid, the flow rate along the channel from pore i to pore j is given by qij = 

gij (pi – pj) where gij is the throat conductance. The throat conductance depends on the 

assumed geometry of the throat cross-section, and for cylindrical throat equals 𝜋𝑟!/8. At 

each pore, mass balance is enforced, i.e. sum of all of the flow rates at steady state is 

zero. Enforcing mass balance at each pore, together with set pressures at inlet and outlet 

boundaries and a no-flow condition at all the other boundaries, results in a system of 

linear equations (with pore pressures at inner pores as the unknowns). Thus, the 

calculation of flow rate through the entire network, and ultimately permeability of the 
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medium, is straightforward. We assume that the throat conductance is based on the 

Hagen-Poiseuille steady state flow solution in a cylinder inscribed into the throat channel 

(i.e. no-slip wall boundary condition is inherent in the solution). For the process-based 

models the length sizes are normalized with respect to the grain radius. It is assumed that 

flow on both scales falls into a Hagen-Poiseuille regime. 

Fluid menisci in porous media at equilibrium are known to be surfaces of constant 

curvature, satisfying Young-Laplace equation: 

 

𝑃! = 𝜎𝐶                                                                                                                                                                                                                                                                              (4.1) 

 

where σ is the interfacial tension between two fluids, and Pc is the corresponding 

capillary pressure between them. The curvature, that is twice the mean curvature of the 

interface, is defined by: 

 

𝐶 =
1
𝑅!
+
1
𝑅!
                                                                                                                                                                                                                                                                  (4.2) 

 

where R1 and R2 are the principal radii of curvatures in two orthogonal directions. In a 

slow displacement, it is justified to model the interface as evolving through a series of 

interfaces of constant curvature. In a cylindrical throat, the radii of curvature are the same 

in all directions and the formula simplifies to 2/𝑅. Whether the curvature increases or 

decreases depends upon whether the simulation is for drainage or imbibition. In order to 

simulate such displacements in a network, a priori knowledge of the critical curvatures 

(under which each throat drains or pore imbibes and the meniscus advances through the 

network) is essential. 
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Two-phase flow configurations at drainage are based on the concept of critical 

throat curvature (for drainage) and pore curvature (for imbibition). For sphere-packs 

based network models we use a modified formulation by Mason and Mellor (1995): 

 

𝐶 =
2

𝑅!"#$%!&'(
− 1.6

𝑅
𝑅!"#

                                                                                                                                                                                                    (4.3) 

 

where C is the drainage critical curvature, Rinscribed is the radius of the largest sphere that 

can be inscribed into the throat or pore, Ravg is the average sphere radius of the original 

packing and R is the average radius of the rescaled grain. For a discussion on curvature 

criteria, please refer to (Peng et al., 2009).  Note that the ratio R scales the correction term 

1.6 from Ravg (Mason and Mellor, 1995) to the length scale relevant to micropores.  

We compare our algorithm (for single-scale) results with the closest algorithms 

we could find in the literature (Figure 4.1). For drainage, we compare to drainage 

capillary pressure curves for non-periodic packing from (Behseresht et al. 2009) as well 

as Haines (1930) experimental data for a mono-sized sphere packing. The comparison to 

(Behseresht et al. 2009) is very close (we attribute the slight difference in residual 

saturation to the location and domain of the grain pack): due to computational limits we 

used ~200 grains whereas they used a grain pack of 7000 grains of the Finney packing. 

Note that the single and two-phase flow simulations in this dissertation take between 4 

hours to 1 week depending on the network type and network size using code 

implemented in  MATLAB (Intel® Core ™ i7 CPU 870 @ 2.93 GHz, 8GB RAM). Both 

algorithms are not accurately representing pendular rings at sphere contacts (it is hard for 

a network model to do so) and thus the residual saturation is different from Haines 

experimental data. ���We further compare our drainage relative permeability curves with 
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those of Bryant and Blunt (1992). They had used the closest algorithm to ours that we 

could find (invasion percolation without film/crevice flow – note that Behseresht et al 

(2009) do not report relative permeability). They did not consider trapping of the wetting 

phase in entire pore clusters in their simulations, but they do consider disconnected 

pendular rings of wetting fluid near sphere contacts which reduce the permeability to 

non-wetting phase. Therefore, the wetting phase relative permeability curves of our 

simulation matches theirs whereas the non-wetting phase does not.  
 

 

       (a)                                                                 (b) 

Figure 4.1: Comparison of our drainage algorithm with capillary pressure (a) and relative 
permeability (b) published in the literature. 

 

Dynamic network modeling incorporates transient behavior but it is more 

computationally involved (Joekar-Niasar and Hassanizadeh, 2012) and has not been used 

in this work; nonetheless it presents a possible future extension to our work when 

modeling two-phase flow in vuggy rocks or rocks with micro-cracks. Another possible 

extension is the inclusion of non-cylindrical throats to honor film flow and surface 
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roughness to incorporate snap-off (Joekar-Niasar, 2010). Quantifying surface roughness 

however is a remaining challenge and so is the correct inclusion of a non-cylindrical 

microthroat given the limitations in image resolution. 

4.2. CAPILLARY PRESSURE AND RELATIVE PERMEABILITY 

4.2.1. Process-based network models   

Figure. 4.2 shows the drainage capillary-pressure saturation curves for cases with 

grain-filling (Section 3.1.1) and pore-filled (Section 3.1.2) micropores. Single-scale 

macronetwork curves (f = 0) are shown in both cases for comparison. We note that the 

initial percolation threshold pressure is at an expected normalized value of 6 (Mason and 

Mellor, 1995). However, a second length scale threshold (b = 5 times larger) for partially 

dissolved cases (Figure. 4.2a) will result as pressure is increased further. The second 

percolation threshold is most noticeable in a grain fraction of f = 0.8 where microporosity 

is most prevalent. The addition of microporosity affects the residual water saturation in 

two ways: It can increase the saturation by acting as ‘‘isolated’’ regions that defend 

themselves from the nonwetting phase. It can also offer escape routes to the trapped 

nonwetting phase inside macropores and reduce the residual saturation. A range of mixed 

micropores (with smaller average scale ratio b) decreases the residual wetting phase 

saturation because of the smaller curvatures of the larger micropores. The mixed scale 

case also exhibits a gradual slope of the capillary pressure. Figure. 4.1b shows the 

drainage capillary pressure curves for media with pore-filling microporosity. The initial 

percolation threshold for fractions f = 0, 0.2 does not change significantly from 6 

(normalized units) because macropores form a continuous path spanning the medium. At 

f = 0.8, the macroscale path is disconnected, and we can span the medium only by 
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passing through micropores. Hence the percolation threshold increases up to 

approximately 30 (normalized units) and a jump becomes visible in the appropriate 

curve. f = 0.5 is in between those extremes. Note that the secondary percolation plateau is 

not prominent since soon we reach residual saturation. This jump is smoothed out in the 

mixed-scale pore-filling microporosity case due to the fact that there is no clear 

separation of length scales: this is approaching the behavior observed in natural media 

((Mousavi and Bryant, 2012), see Figure. 13). Another interesting observation is the 

decrease in residual wetting phase saturation for f = 0.5: macropores do not completely 

surround most microporous regions and due to this there is less trapping within. Further 

increase in the residual wetting phase saturation at f = 0.8 is due to macropore 

disconnection from inlet/outlet (and thus inability to drain). 

 

 
                                      (a)                                                            (b) 

Figure 4.2: Drainage curvature (proportional to capillary pressure) vs. saturation 
relationships for two-scale networks with (a) microporosity within partially 
dissolved grains, and (b) pore-filling microporosity. 
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                                           (a)                                                               (b) 

Figure 4.3: Relative permeability vs. saturation relationships for drainage in two-scale 
networks with (a) microporosity within partially dissolved grains, and (b) 
pore-filling microporosity. 

Figure. 4.3 shows the relative permeability diagrams corresponding to the 

drainage capillary pressure curves. In a partially dissolved media, the micropores act in 

parallel with respect to the macropores. The relative permeabilities (except for the mixed-

scale case) seem to shift without any change in behavior (Figure. 4.2a). That is in contrast 

to the relative permeability curves of the pore-filling microporosity samples (Figure. 

4.2b), where it is hard to find a simple connection of permeability behavior with the 

fraction of macropores replaced by microporosity. This is because pathways become 

more tortuous with microporous regions increasingly blocking macro-connections. 

Similar to drainage, we simulated imbibition via an invasion percolation 

algorithm. In this initial study, phenomena such as film or crevice flow and snap off were 

not included. Figure. 4.4a shows the imbibition capillary pressure curves for the partially 

dissolved granular medium: we observe that the residual saturation decreases when 

microporosity is added (f = 0.2 and f = 0.5). This is due to the additional pathways 
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provided for the macropores. In f = 0.8 we see an increase in the residual saturation, this 

is due to the fact that the wetting phase prefers the micropores (smaller pore radius) and 

the ‘‘isolation’’ effect switches to macropores. 

The mixed scale case shows the least residual saturation, this is due to lesser 

contrast in scale between micro and macropores that reduces the isolations effect. Figure. 

4.4b shows the imbibition capillary pressure curves for media with pore-filling 

microporosity. The residual nonwetting phase increases from f = 0 up to f = 0.5 due to the 

preferential pathways for wetting phase created by the micropores which encourages the 

isolation of macropores. At f = 0.8, micropores have become connected across the sample 

and the isolation of macropores reduces. The mixed-scale micropores’ case further 

reduces the trapping disposition of a small dominant scale. 

Figure. 4.5a shows the relative permeability of imbibition for the partially 

dissolved cases. Similar to drainage behavior, the relative permeabilities shift whilst 

keeping a general trend. Figure. 4.5b illustrates the fact that the inclusion of pore-filling 

microporosity results in a nontrivial trend. For the case with f=0.5, we also observe 

‘‘permeability jail’’: an unorthodox petrophysical behavior predominantly observed in 

tight gas sandstones in which percolation occurs but the relative permeability for either 

phase is less than 0.02 (Cluff et al., 2010). This is again due to the ‘‘isolation’’ effect 

discussed previously. 

In the absence of microporosity, the drainage capillary pressure curves for 

cemented media (Section3.1.3 and Figure. 4.6a) closely resemble the steep behavior with 

high residual water saturation already observed by Mousavi and Bryant (2012). However, 

in the presence of microporosity (Figure. 4.6b) within partially dissolved grains, the slope 

of the drainage capillary pressure becomes less steep. This is due to the parallel flow 

paths provided by the micropores. In addition, the existence of microporosity reduces 
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‘‘dead end’’ patches (sometimes called dangling ends clusters) of pores with only one 

connection to the percolation path, and results in a reduction of the residual water 

saturation. Figure. 4.7 shows the relative permeability curves for drainage. 

 

                                                     (a)                                                       (b) 

Figure 4.4: Imbibition curvature-saturation relationships. Note that curvature is 
proportional to capillary pressure (Equation 4.2). (a) Microporosity within 
partially dissolved grains; (b) pore-filling microporosity. 

We note that the presence of microporosity reduces the water saturation relative 

permeability ‘‘gap’’. As connectivity is reduced with adding cement, the networks have 

fewer and fewer cycles, possibly approaching a tree (i.e. a network where no cyclical 

path exists) for cement fraction c = 0.23. When few cycles exist, it is hard for a fluid to 

pick an alternative route out of the system; in other words, the way it goes in is the way it 

goes out. 
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                                       (a)                                                               (b) 

Figure 4.5: Imbibition relative permeability curves for (a) microporosity within partially 
dissolved grains, and (b) pore-filling microporosity. Note that the jail effect 
emerges only when 50% of the macropores are filled with microporous 
clusters. The relative permeabilities for both phases are below 2%, yet 
according to the imbibition capillary pressure curve (Figure 4.4b) the 
wetting phase is displacing the nonwetting phase. The smallest relative 
permeability values on this plot are 0.004 (f = 0.5 curve), and 0.009 (f = 0.8 
Mixed curve). 

Figure. 4.8 illustrates the tree effect: note the sharp drops in the imbibition 

capillary pressure curves. Microporosity adds connections and ‘‘smooths’’ the drops. 

Figure 4.8a demonstrates permeability jail effects for cementation without microporosity. 
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In Figure. 4.8b we observe that microporosity provides extra pathways that remove the 

jail effect in imbibition relative permeability curves. A visualization and discussion on 

flow properties of trees is as follows: A tree is a network in which no cyclical paths exist: 

flow paths which begin and end with the same pore. A tree sub-network of throats that 

visits all of the pores is visualized in Figure. 4.9a, and capillary pressure curves are 

shown in Figure. 4.9b. Since there are no cycles, nonwetting fluid has to go out the same 

way it went in (though possibly at different curvatures). Drainage and imbibition relative 

permeability curve comparison between regular and tree networks is shown in Figure. 

4.10. Since removing any of the inner throats will disconnect a part of a tree, it is possible 

to create a situation where two fluids block each other and we observe ‘‘permeability 

jail’’ region during imbibition (Figure 4.11). 

 

                                     (a)                                                                    (b) 

Figure 4.6: Drainage for cementation c = 0.1, 0.13, 0.17, 0.2, 0.23 (a) only macronetwork 
(b) two-scale pore network relative permeability. 
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(a)                                                       (b) 

Figure 4.7: Drainage relative permeability curves for different cement thickness. (a) 
Single length scale network (i.e. only macronetwork) (b) Two-scale pore 
network (a = 5, b = 7, f = 0.5). In these simulations we let two volume sides 
(entry and exit in flow direction) be open. 

 

(a)                                                      (b) 

Figure 4.8: Imbibition curves for different cement thickness. (a) Single length scale 
network (i.e. only macronetwork) (b) Two-scale pore network (a = 5, b = 7, 
f = 0.5). In these simulations we let two volume sides (entry and exit in flow 
direction) be open). 
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          (a)                                                    (b) 

Figure 4.9: Imbibition relative permeability curves for different cement thickness. (a) 
Single length scale network (i.e. only macronetwork) (b) Two-scale pore 
network (a = 5, b = 7, f = 0.5). In these simulations we let two volume sides 
(entry and exit in flow direction) be open (cf. Figure. 4.10 for difference in 
residual saturations when one or two sides are considered).  Note that for the 
cementation case in the absence of microporosity, when the cementation 
thickness is above 0.17, the relative permeability for both phases is below 
2%. The wetting phase still displaces the nonwetting phase. 
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(a)                                                                   (b) 

Figure. 4.10. (a) Three-dimensional (unitless) visualization of a minimal spanning tree 
that visits all pores, but does not include any cyclic paths in the network 
(note that only throats are visualized for clarity). (b) Capillary pressure 
curves for regular and tree networks. Lx, the side of the cube containing the 
network is equal to 16 times the radius of the grains (which is of unit value) 
in the monomodal grain pack.   

4.2.2. Imaged sandstone cementation study 

Cementation makes the pore spaces tighter, and that in turn increases capillary 

pressure threshold for drainage (Section 3.2.5). This was observed in Section 4.2.1 and by 

(Mousavi and Bryant, 2012) in model cemented sphere packs as well. With the addition 

of microporosity (which increases overall absolute permeability), the capillary pressure 

curves will naturally go to higher values and residual water saturation (at drainage) and 

residual oil saturation (at imbibition) will both reduce in value: see Figure 4.12b. Note 

that the ‘cement 7 + microporosity’ curve does not have an equivalent in Figure 4.12a 

since without microporosity that sample is not permeable. Relative permeability plots for 

drainage and imbibition are provided in Figure 4.13. 
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(a)                                                                (b) 

Figure. 4.11. Relative permeability curves comparison for a regular macronetwork, and 
its sub-network reduced to a tree. (a) Drainage, (b) imbibition. 

 

  
                                   (a)                                                                 (b) 

Figure 4.12: Capillary pressure-saturation curves for drainage (solid lines) and imbibition 
(dashed lines) in:  (a) cemented samples, and (b) samples with cement and 
microporosity (comparison plot). 
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                                   (a)                                                                    (b) 

Figure 4.13: Relative permeability curves for (a) drainage (b) imbibition in cemented 
samples.  

During imbibition, specifically, we observe a range of saturations in which both 

phases have very low relative permeability (this type of behavior is sometimes referred to 

as “permeability jail”), see Figure 4.14. With the addition of percolating microporosity 

(b = 4 times smaller than the macropores) such as in this study, in particular, this 

“permeability jail” behavior disappears. This, of course, depends on the scaling factor b 

between the macro- and microporosity length scale, and for larger b values permeability 

jail might persist. These findings are consistent with our previous study on sphere 

packings. 
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                                         (a)                                                               (b) 

Figure 4.14: Comparison of relative permeability curves for cemented samples without 
and with microporosity added for (a) drainage and (b) imbibition. The 
addition of the second-scale microporosity in grains and its accompanied 
addition to percolating pathways has diminished the jail effect. 

4.2.3. Imaged limestone two-scale networks 

Figure 4.15 shows the capillary pressure curves comparison for the limestone 

(Section 3.2.6); the curve is consistent with centrifuge drainage data shown in 

(Moctezuma-Berthier  et al., 2004), with the exception that the residual water saturation 

is higher.  The high residual water saturation is an artifact of the fact that the network 

model does not allow for water-filled pores to drain through corner films. Since the 

capillary pressure threshold is not that different between the curves, it appears that 

microporosity regions are running in parallel with the “macro” pore space (and the 

macroporosity is providing the main pathway across the sample). The high experimental 

permeability of Estaillades limestone (250 mD) demonstrates that the macroporosity does 

indeed connect. Figure 4.16 shows relative permeability curves for the limestone, with 

the drainage curves from the dual-scale networks showing a tolerable agreement with the 
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experimental results from (Moctezuma-Berthier et al., 2004).  We emphasize that the 

goal is not to match experimental data but to explore the effect that microporous regions 

can have on transport properties.  Microporosity adds a “shift” in the crossover saturation 

point at which both relative permeabilities during drainage (Figure 4.16a) are equal: it 

happens at a larger water saturation. In addition, both phases are relatively more mobile 

when microporosity is present, with a slight increase in the relative permeability at the 

crossover saturation.  Similar is true for imbibition, Figure 4.16b. Interestingly, there are 

no big differences between scaling factors b = 4 and b = 6, which was not the case for 

model two-scale media constructed from sphere packs as studied previously.  

 
 

 

Figure 4.15: Capillary pressure curves for drainage (solid line) and imbibition (dashed 
line) for a pore-space network model of Estaillades limestone with no 
microporosity included, as identified from the x-ray microtomography 
image  (labeled “no micro”), compared to the two-scale network model 
where microporosity space (also identified from the image) was populated 
with a network with different scaling ratios. 
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                                      (a)                                                                   (b) 

Figure 4.16: Relative permeability curves for (a) drainage and (b) imbibition in single-
scale pore network (no microporosity) as well as multiple versions of two-
scale networks with microporosity populated with micronetworks (scaling 
refers to the ratio between the macro and micronetwork length scales). 

4.3. DISCUSSION AND CONCLUSIONS 

In Chapters 3 and 4, we investigated the effects of microporosity on transport 

properties by using process-based and image-based methods to construct three-

dimensional, two-scale unstructured pore-network models.  The flow properties of vugs 

and micro-cracks were not conducted due to uncertainties arising from possibly high 

capillary numbers. 

In process-based modeling the second microscale was deterministically included 

into the network. The model construction is somewhat similar to the pore-solid fractal 

model (Perrier et al., 1999), but here the embedding of the replicated structures stops 

after the first step, and the region replicas that are embedded into are of irregular shape. 

We classified microporosity into (1) partially dissolved (acting parallel with 

macroporosity) and (2) pore filling (acting in series). The capillary pressure and relative 

permeability were computed through the invasion percolation algorithm. 
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In most cases considered, we added microporosity, which had a length scale 5 

times smaller (and, assuming Carman–Kozeny permeability behavior, its absolute 

permeability is 25 times smaller) than macroporosity. We varied the amount and spatial 

distribution/connectivity of the addition. 

Most cases with a partially dissolved (‘‘parallel’’) microporosity setting had a 

total porosity in the range of [0.39, 0.56]. An increase of permeability in the range of 1–

7% with respect to the original network macropores was observed. The only case that 

shows a 14% increase is the network with a ‘‘mix’’ of scaling parameters b in the range 

of {3, 4, 5}. Given the overall larger micropores, this is expected. We find that during 

drainage, relative permeability to non-wetting phase increases monotonically up to two 

times with the parallel addition of microporosity to macroporosity, and the relative 

permeability to wetting phase decreases (up to two times). 

However, when the effects of cementation and partial dissolution of grains are 

combined, the absolute permeability can be reduced up to 4 orders of magnitude in cases 

where macronetwork throats do not connect across the medium (porosity is meanwhile 

reduced to approximately 0.06). The results help us understand the limited permeability 

phenomenon observed in tight rocks: a water saturation range in which neither wetting 

nor nonwetting phases are able to flow at a considerable rate. The contributing factor to 

this behavior is the tightening of the macroporous pathways, with many throat 

connections being closed off. When studying permeability of trees, we see that this 

behavior is approached by simply reducing a network to a tree. That is, we approach the 

behavior by plugging (deleting) a number of throats that provide alternate pathways 

without reducing (cementing) any of the remaining throat radii. This eventually forces the 

fluid to move through microporosity. 
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In cases with clay-filling microporosity within pores (‘‘in series’’), if the 

macroporous network is still percolating, the absolute permeability will decrease 

approximately 2–40 times. However, once microporosity replaces enough macropores so 

that they do not percolate anymore, the decrease in permeability will be approximately 

300 times (the total porosity reduces down to 0.14). During drainage, relative 

permeability to non-wetting phase in cases where macropores still percolate will increase 

up to 1.8 times (and relative permeability to wetting will decrease up to 1.8 times). 

However, once microporosity dominates the medium (f = 0.8), relative permeability to 

both the wetting and non-wetting phases will decrease up to two times. As opposed to 

partially dissolved grains, the effect is thus non-monotonic (and it lacks a clear trend) 

when microporosity is added (i.e. replaces parts of) in series with respect to the 

macroporosity. 

We introduced off-diagonal complexity (OdC) to characterize networks in this 

work. To our knowledge, OdC has not been applied to porous media thus far. OdC is zero 

for networks with constant coordination number (such as cubic networks), but is sensitive 

to the heterogeneity of coordination numbers and is able to distinguish two-scale 

networks with pore-filling vs. grain-filling microporosity. Both OdC and permeability of 

two-scale networks created in this work exhibit nonlinear relationships with porosity and 

we will investigate them in more detail as we create larger number of network 

realizations. 

We implemented a fairly basic invasion-percolation two-phase flow algorithm. 

Phenomena such as film or crevice flow in pores of non-circular cross-sections and snap-

off are presently not included in our imbibition simulations. Mechanistic models for 

imbibition exist for granular media (Motealleh et al., 2010) that are very close to 

experimentally observed behavior imbibition (Melrose, 1965), but are not so 
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straightforward to implement in the two-scale setting presented here. Nevertheless, the 

results are telling of the significant impact microporosity can have on two-phase flow in 

tight reservoirs. 

The results show that the spatial distribution and connectivity of macroporosity 

and microporosity have much stronger effects on transport properties than their 

respective numerical values. 

All of the results thus far were provided from a single network realization for each 

case. Monte-Carlo simulation for each case is necessary to determine statistically 

meaningful interval for each single/two-phase flow property. 

The image-based reconstruction follows a similar logic.  We have investigated the 

effects of microporosity on transport properties by constructing 3D, two-scale 

unstructured pore-network models based on information (rather widely) available from 

X-ray tomography images. The second scale was deterministically included into the 

network, and the boundaries between the scales are as complex as captured by the 

images. OdC states nothing about networks with constant coordination number (i.e. it is 

0), but it is sensitive to the heterogeneity of coordination numbers. From results in this 

work, it appears that when microporosity runs in parallel with macroporosity, the addition 

of the microporous network does not appear to change the overall OdC by a significant 

amount. The combined effects of cementation and dissolution in the presence and 

absence of microporosity were analysed using a Bentheimer Sandstone image where 

grains are easy to identify and cement. Similar to what was observed in the process-based 

method, as macropores tighten, we observe a water-saturation range during imbibition in 

which neither wetting nor non-wetting phases are able to flow at a considerable rate. The 

addition of micro porosity can ameliorate this behavior, depending on the length scale of 

micropores. In many media, such as the Estaillades Limestone studied, grain 
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identification is trickier and there is an obvious presence of an unresolved microporous 

phase in micron resolution tomography images. We provide the implementation of the 

two-scale network algorithm construction that can populate the identified microporous 

phase with a rescaled deterministic network. Microporosity is found to run ‘in parallel’ to 

the macronetwork, increasing the relative mobility of both phases during drainage and 

imbibition. We have not found a large difference between the two scaling factors studied 

(b = 4 and b = 6), most probably due to the specific spatial arrangement of micro- and 

macroporosity. This conclusion is drawn based on our work with the process-based two-

scale media model where we had control of the spatial arrangement of the microporous 

regions. Finally, in this paper we assume the same physics for both length scales. Should 

the significant fraction of micropores radii fall below 100 nm, the flow physics on that 

scale has to be adapted. Pore-network models with diffusion and slip-boundary 

conditions incorporated into the flux formulation are discussed in Chapter 6. 
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Chapter 5: Indirect method I – tracer breakthrough profiles  

5.1. INTRODUCTION 

As discussed in Chapter 2, the difficulties in predicting and classifying tight gas 

sands and carbonates can be attributed to the heterogeneity of the pore structure spanning 

multiple orders of magnitude, from nm to mm. Therefore, an important yet challenging 

task in properly characterizing unconventional rocks is the integration of these 

complexities in a multiscale setting. Extracting reservoir parameters at the field scale via 

tracer testing is a mature subject in petroleum engineering (Du and Guan, 2005). In this 

method, a tracer pulse is injected into a well and its production from other well(s) is used 

to infer the fracture network (Johnston et al., 2005, 2008), the existence of flow barriers 

and flood patterns. We hypothesize that core-scale breakthrough tracer profiles carry the 

potential to identify pore-scale void space topology. Two questions are posed: (1) do 

pore-scale features, such as the spatial configuration of pores of different sizes and the 

distribution of coordination numbers, have a significant impact on breakthrough tracer 

profiles? And if so, (2) is there a useful trend that can assist petrophysicists in 

characterizing the distribution of these features in tight gas sandstones and carbonates? In 

addition to rock characterization, this work contributes to understanding solute transport 

in tight gas sandstone and carbonate reservoirs for enhanced oil recovery and carbon 

storage and sequestration. For instance, Bijeljic et al. (2013) showed non-Fickian 

behavior of solute propagation in several carbonate rock samples imaged by X-ray micro-

tomography. However, sub-resolution micropores (less than 7𝜇𝑚) were not captured in 

their method due to micro-CT resolution limitations. This work attempts to mitigate this 

limitation by explicitly including microporosity inside a grain based network and 

studying its effect on solute transport. 
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5.2. FLOW AND TRANSPORT IN NETWORK MODEL 

A variety of methods for modeling flow and transport at the pore-scale have been 

developed in the past few decades. These include: the mixed-cell method (MCM) (e.g. 

Acharya et al., 2005; Bryntesson, 2002; Kim et al., 2011; Li et al., 2006; Mehmani. et al., 

2012; Nogues et al., 2013), random walk (e.g. Sorbie and Clifford, 1991; Bruderer and 

Bernabé, 2001; Bijeljic et al., 2004; Jha et al., 2011), smoothed particle hydrodynamics 

(SPH) (e.g. Zhu and Fox, 2002), lattice Boltzmann (LB) (e.g. Kang et al., 2006) and 

classical computational fluid dynamics (CFD) (e.g. Shen et al., 2011). In this work, we 

employ MCM because of its overall simplicity and computational efficiency. Due to the 

presence of microporosity in the pore-scale domains studied herein, the number of flow 

and transport unknowns can be quite large. The computational efficiency of MCM 

renders it quite suitable for investigating such large domains. In MCM, the solute is 

assumed to be uniformly distributed within each pore regardless of the fluid velocity 

entering and exiting it. (Mehmani et al., 2014) developed a method in which the 

distribution of the solute inside each pore was dependent on the entering and exiting fluid 

velocity. They showed that in three-dimensional porous media, the mixed cell method 

gives results with similar accuracy to the streamline-splitting approach. Given that the 

network models in this study are three-dimensional, we have adopted the MCM model. In 

the following, we provide a brief account on the formulation of the flow and species 

balance equations (more information found in Acharya et al., 2005 and Mehmani  et al., 

2014).  

The first step is to solve the flow equation. Here we assume a single-phase 

Newtonian fluid undergoing creeping flow (Re <<1) in a pore network. Mass balance 

imposed on each pore i yields the flow equation given by equation 5.1. In equation 5.1, μ 
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is the fluid viscosity, gij is the hydraulic conductivity of the throat connecting pore i to j, 

and Δpij = pj – pi where pi represents the pressure of pore i. Written for each pore in the 

network, equation 5.1 gives rise to a (symmetric and positive definite) linear system. 

Solving this system yields pressures at every pore along with the flow rate within the 

throats. 
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where  rij and lij are the radius and length of the throat connecting pores i and j. The above 

Hagen-Poiseuille equation may become invalid in nanometer scale pore sizes and 

additional surface chemical forces should be considered (Kelly et al., 2015). (Chapters 6 

and 7) have explored gas flow through shale rocks with multiscale multiphysics network 

models and the incorporation of additional physics of liquid flow in such models for tight 

gas sandstones is the subject of our future work. 

The second step involves solving the transport equation. The MCM transport 

equation (given by equation 5.3) is formulated by imposing species balance on each pore 

and assuming the solute is perfectly mixed at the pores. The implications of this mixing 

assumption are discussed in (Mehmani et al., 2014), but are not thought to be of primary 

importance in this study (considering: the nature of our study is on the qualitative side, 

microporous portions of the pore-scale domains promote diffusive mixing, and the 

disordered nature of the medium itself demotes any macroscopic effects arising from the 

mixing assumption as discussed (Mehmani  et al., 2014)).  
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In equation 5.3, Vp is the pore volume, ci the pore concentration, Dm the molecular 

diffusion coefficient, and qij, lij, and aij are the flow rate (obtained from equation 5.1), 

length, and cross-sectional area of the throat connecting pore i to j. Equation 5.2 is solved 

using the adaptive time stepping ode23tb solver in MATLAB which is an implementation 

of   'Trapezoidal Rule with the second order Backward Difference Formula' TR-BDF2, 

and Implicit Runge-Kutta formula. We emphasize the assumption is made that the solute 

does not react nor adsorb to the solid phase. This may not be a valid assumption in 

microporous regions with high surface area (Raoof, 2011) and its assessment is the 

subject of future work.  

5.3. SIMULATION OF TRACER BREAKTHROUGH PROFILES 

In order to compute TBPs, each of the pore networks were subjected to a constant 

flow rate in the x-direction. The impact of transport regime was determined by varying 

the Péclet number, defined as 𝑃𝑒 = 𝑞 ∗ 𝐷!/(𝜙𝐴𝐷!). The prescribed Darcy velocities 

were acquired by imposing and adjusting a constant pressure difference across the 

network. Having initialized the concentration fields of the networks to zero, a 

concentration pulse was injected into the domain by setting the inlet value to 1 for 0.1 

pore volumes (PV) injected, followed by switching it to 0 for the rest of the injection 

period. A zero concentration gradient (i.e. Neumann) boundary condition was imposed at 

the outlet. TBPs were obtained by computing the flow-rate averaged concentrations at the 

network outlet. Figure 5.1 demonstrates a schematic of the tracer injection and 

acquisition of TBPs. We adopt Johnston et al., (2005)’s classification of TBPs, which 
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was used to link various fracture configurations to 5 profile types. A brief description of 

each type follows below: 

Type 1: is Gaussian shape and typically observed in unconsolidated homogenous 

granular media.  

Type 2: has a backward tailing shape. The pulse segregates into slow and fast 

moving parts with the fast moving part more spread out (possibly due to larger 

heterogeneity of the bigger throats). The pulse does not separate enough to produce two 

severed modes. 

Type 3: has a bimodal shape and is essentially Type 2 with separated modes. The 

slow and fast moving sections build enough distance to display this TBP.  

Type 4: In this case a considerable amount of the tracer exits the network quickly 

(early breakthrough) with the remainder flowing out more slowly while simultaneously 

spreading inside the network (the forward leaning tail).  

Type 5: is Type 4 with an extremely early breakthrough. 

Most of our results are either Type 1 or Type 4. 

 

5.4. RESULTS AND DISCUSSION 

In the original network, a Type 1 profile is observed at Pe = 10 and 𝑃𝑒   =   1. For 

networks with GF microporosity, the intuitive expectation is that the plume moves 

predominantly through macropores while being in contact with microporous grains. 

Figure 5.2 shows that the TBPs at Pe = 10 slightly shift from Type 1 to Type 4 (early 

breakthrough and tailing) as f (i.e. the fraction of grains filled with microporosity) 

increases. The trend disappears at Pe = 1 since the advection rate (which scales with r4 
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where r is the throat radius) is more sensitive to the existence of micropores than the 

diffusion rate (which scales with r2) therefore the 

 

 

Figure 5.1: Tracer Breakthrough Profile (TBP) classification (Johnston et al., 2005). 

 
solute channels through macropores more easily in Pe = 10 than Pe = 1. At 𝑃𝑒 = 0.1 the 

original network displays a Type 4 TBP (not included in Figures for brevity) because the 

network is simply too small for a Gaussian profile to be developed before the solutes 

reach the outlet boundary. Networks with PF microporosity show that at f = 0.5 (i.e. 

fraction of inter-granular pores filled with microporosity) and Pe = 10 a Type 3 profile is 

observed (see Figure 5.3). Other values of f show a Type 1 TBP. The Type 3 TBP for 

Pe = 10 arises because of the equal importance of micropores and macropores that result 

in sufficient separation between slow and fast moving solutes. That being said, as is 
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discussed later in Figure 5.12, this behavior is not always observed when f is 0.5. Based 

on Figure 5.12 the bimodality appears when the macronetwork permeability, the 

permeability of the network when all the micropores are removed, is more than half the 

total permeability of the medium. Simulations for f = 0.4 and f = 0.6 prominently show a 

Type 4 TBP. They were not included in the figure for brevity.  

 

 
                (a)                                                                         (b) 

Figure 5.2: TBPs of networks with grain-filling microporosity for (a) Pe = 10 (b) Pe = 1. 

 

 
      (a)                                                                                 (b) 

Figure 5.3: TBPs for networks with pore-filling microporosity for (a) Pe = 10 and (b) 
Pe = 1. 

(a) (b) 

(a) (b) 
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Figure 5.4 compares the TBPs of the original network with its corresponding tree 

sub-graph. A tree is a graph that does not have any loops (there is only one possible path 

between any two nodes). We are interested in considering a tree because as cementation 

proceeds, the network resembles a tree more and more. It is observed that a tree network 

has a Type 4 TBP whereas for the original network it is Type 1. The reason is that trees 

have a low average coordination number (close to 2), which reduces mechanical 

dispersion (flow spreading in multiple directions). This difference is reduced at lower 

Péclet numbers since mechanical dispersion is more sensitive to advection than diffusion. 

Figure 5.5 shows a similar TBP when uniform or throat-preferred cementation is 

added to the original network. The macroscopic similarity between a tree and uniform as 

well as throat-preferred cementation is consistent with our previous observations on the 

networks’ two-phase flow properties (Chapter 4). In pore-preferred cementation, pore 

volumes are reduced rather than connectivity and thus the differences between the TBPs 

are not significant. 

 

Figure 5.4: Comparison between TBPs of original network (red) and its corresponding 
tree network (blue). For a comparison in skeleton of the two networks refer 
to Chapter 3. 
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Figure 5.5: The effect of cementation (without microporosity) on the breakthrough 
profiles: uniform (left) pore-preferred (middle) and throat-preferred (right) 
cementation. 

 

Figure 5.6 shows that when all the grains are filled with micropores, the TBPs for 

uniform and throat-preferred cementation (which does not affect micropores) change 

from Type 4 to Type 1. This is observed because by eliminating the macroscale network 

the networks become only microscale. In the case of pore-preferred cementation, it is 

noticeable that in 𝑃𝑒   =   10, the TBP further develop a Type 4 shape. This is a result of 

lower residence time in macropores without affecting the macrothroats. The effect 

diminishes in 𝑃𝑒   =   1 where the flow regimes inside macro- and micropores become 

similar.  

We study layering next. We conceptualized layering by contrasting a region with 

macropores completely filled with pore-filling micropores, and an inter-granular (non-
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filled macroporous) region. Layers are constructed in parallel and perpendicular to the 

direction of flow and have a thickness of l (Figure 5.7). 

 

 

Figure 5.6: The effect of cementation (with microporosity) on the breakthrough profiles: 
uniform (left) pore-preferred (middle) and throat-preferred (right) 
cementation. 

 
               (a)                                                          (b) 

Figure 5.7: Layering in parallel (a) to flow direction and the actual 3D visualization of 
this model (b). Pore/throat sizes in (b) are dimensionless. Lx, the side of the 
cube containing the network is equal to 20 times the radius of the grains 
(which is of unit value) in the monomodal grain pack.   

2a 

l 

(a) (b) 
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Figure 5.8 shows that when a layer is parallel to the flow direction, the TBP is 

Type 4 since the solute does not invade the microporous layers from the outset. When 

layering is perpendicular to the flow direction, TBPs are Type 1. Due to computational 

limits we did not exceed a length-ratio of b = 5 between macro- and micropores therefore 

we do not rule out the possibility of a Type 3 TBP emerging in larger ratios. 

 

 

 
(a)  

 
                           (b) 

 
(c) 

 
                            (d) 

 

Figure 5.8:  TBPs for layering perpendicular (Pe = 10 (a) and Pe = 1(b)) and parallel 
(Pe = 10 (c) and Pe = 1(d)) to the direction of flow. 
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Figure 5.9 shows that with the inclusion of vugs within the original network, the 

profiles change from Type 1 to Type 4. This is because vugs provide highly conductive 

pathways for the solute. When vugs are 5 times larger than macropores, at 𝜙 = 0.47 the 

TBP switches to Type 4 whereas when vugs are 10 times larger than macropores it is at 

𝜙   =   0.50  that the switch happens. In Figure 5.10, we were not able to find a prominent 

relationship between this switch in TBP shape and the off-diagonal complexity number 

(OdC), tortuosity (𝜏: which is computed using Dijkstra’s algorithm (Ahuja et al., 1993) to 

obtain the shortest path and normalized by the length of the network), formation factor 

normalized by the formation factor of the original network (𝐹/𝐹!) and permeability 

normalized by the permeability of the original network (𝐾/𝐾!). 

Figure 5.11 shows that the TBP of the original network with a micro-crack is 

Type 4 for angles 𝜃   =   0 and 𝜃   = 45 to the flow direction. If the micro-crack is 

perpendicular to the flow direction the TBP is Type 1. In Figure 5.11a we observe that for 

𝑎   =   10 (a is the half length of the cube containing the closely packed spheres – that is 

the pore-scale domain, in volume [-a,a]3) produces a highly Gaussian TBP. Since the 

larger the network the more the computational costs, this size was considered sufficiently 

acceptable for the original network. Note that determining the REV for a two-scale 

network, especially when microporosity is pore-filling may be impractical given the 

variation of the TBP at each realization – see Figure 5.11 b and c. 

We emphasize that the fraction of macropores filled with micropores (f) is not 

sufficient to describe the system. In Figure 5.13, multiple realizations of a network model 

with pore-filling microporosity and 𝑓   =   0.5 show that the TBPs oscillate between Type 

3 and Type 4 (the network model with a macronetwork permeability more than half the 

total permeability produces the bimodal TBP). In future work, we will determine 

statistically meaningful pore structure quantities for each diagenetic process. 
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5.5. CONCLUSIONS 

We investigated the effects of various diagenetic processes on tracer breakthrough 

curves. The a priori knowledge of their extent and location can be extracted from thin 

sections (Chapter 9 is focused on this subject) for an application of thin sections in 

modeling tight gas sandstone flow properties. X-ray and SEM images also offer insight 

into the pore skeleton and structure of macro- and micropores (Sok et al., 2010) and can 

add further accuracy to the model. 
 

 
                                    (a) 

 
                                (b) 

 
                                      (c) 

 
                                 (d) 

Figure 5.9: TBPs of networks with vugs with length-ratios of b = 5 (Pe = 10 (a) and 
Pe = 1) and b=10 (Pe = 10 (c) and Pe = 1 (d)) 

(a) (b) 

(c) (d) 

(a) (b) 

(c) (d) 

(a) (b) 

(c) (d) 

(a) (b) 

(c) (d) 
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                              (a)                                                             (b) 

  

                              (c)                                                          (d) 

 

      (e) 



 87 

Figure 5.10: Off-diagonal complexity (OdC) and tortuosity (𝜏) versus porosity for vugs 
with length-ratios of (a) b = 5 (c) b = 10 and normalized formation factor 
(𝐹/𝐹!) and permeability (𝐾/𝐾!) versus porosity (𝜙) with length-ratios of 
(b) b = 5 and (d) b = 10. (e) Ratio of vug pore volume to total pore volume 
versus total porosity. 

 

 

 
              (a)                                           (b)                                            (c) 

Figure 5.11: TBPs for networks with micro-cracks with an angle of (a) 𝜃 = 0̊ (b)  
𝜃 = 45   ̊and (c) 𝜃 = 90̊ to the flow direction. 

 

 
                  (a)                                        (b)                                      (c) 

Figure 5.12: TBPs of different sizes of original networks (a) networks with pore-filing 
microporosity (b) and networks with grain-filling microporosity  (c) for 
Pe  =  10. a = 10 is an acceptable size. 

 
 
 

(a) (b) (c) 

(a) (b) (c) 
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We note that the solute transport algorithm (i.e. MCM) has been extensively 

compared to both experimental data and other numerical simulation methods, such as the 

streamline splitting method of (Mehmani   et al., 2014), the Superposing Transport 

Method of (Mehmani, 2014), and CFD simulations. In (Mehmani 2014), comparisons 

with experimental data for longitudinal dispersion coefficient available from the literature 

for unconsolidated bead packs, shows that the method is in general agreement with these 

data for the Péclet numbers considered in this work. 

 

 
   (a)                                                            (b) 

Figure 5.13: Multiple realizations of f = 0.5 for networks with pore-filling microporosity 
(a) and the relative off-diagonal complexity with respect to the first case 
network and the normalized macronetwork permeability with respect to the 
permeability of the medium of each realization (b). Type 3 TBP has the 
highest normalized macronetwork permeability amongst all of them. The 
OdC normalizations is made with reference to the first case. 

 
 

In conclusion: 

 
1) In the absence of cementation (and resulting disconnection of macropores), grain 

dissolution does not leave a prominent tail on TBP at the Péclet numbers 

considers in this work and it remains Type 1. 

 

(a) (b) 
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2) The micropores within pore-filling materials such as clay, can shift the TBP to 

Type 3. This shift is visible when an equal importance of macro- and 

microporosity exists. 

 

3) Uniform and throat-preferred cementation on a single-scale granular medium in 

the absence of microporosity creates Type 4 profiles, which is similar to that of a 

tree network.  

 

4) The existence of microporosity inside grains has a significant impact on cemented 

media, in that the TBPs approach a Type 1 shape from Type 4 in uniform and 

throat-preferred cementations at high Péclet numbers. 

  

5) Layering parallel to the flow direction yields TBP of Type 4, whereas when 

layering is perpendicular to the flow direction the impact on TBP type is 

negligible. 

 

6) We developed an explicit method to include vugs inside inter-granular media. The 

shape of the TBPs with the inclusion of vugs is consistent with experimental data 

in literature (Nair, 2008). 

 

7) A novel technique was developed to deterministically integrate micro-cracks to 

the matrix. TBPs produced in this work were Type 1 and Type 4. This method can 

be used to make a priori predictions of the matrix-fracture communication, which 

will be the subject of our future study. 

 
8) A Type 2 TBP was never observed in our simulations. This type is reported rare 

in field-scale test and simulations as well (Johnston et al., 2005) and was included 

in the classification for completeness.  
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9) Based on our findings, TBPs cannot exclusively reveal the pore structure of 

unconventional rocks. In certain diagenetic processes where the TBP shows 

considerable sensitivity, they can be used in conjunction with other methods such 

as petrographic thin section analysis to extrapolate pore-scale information to core-

scale. Future work will compare the accuracy of such cases with those of more 

accurate yet expensive imaging methods such as FIBSEM analysis.  
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Chapter 6: Shale matrix gas flow 

*This Chapter adopts conventional pore-network models based on a grain pack to couple different 

gas flow regimes in shale. Following chapters use the sophisticated multiscale network models described in 

Chapter 3. 

6.1. INTRODUCTION 

We present a pore-network model to determine the permeability of shale-gas 

matrix.  Contrary to the conventional reservoirs, where permeability is only a function of 

topology and morphology of the pores, the permeability in shale depends on pressure as 

well. In addition to traditional viscous flow of Hagen–Poiseuille or Darcy type, we 

included slip flow and Knudsen diffusion in our network model to simulate gas flow in 

shale systems that contain pores on both micrometer and nanometer scales. This is the 

first network model in 3D that combines pores with nanometer and micrometer sizes with 

different flow physics mechanisms on both scales. Our results showed that estimated 

apparent permeability is significantly higher when the additional physical phenomena are 

considered, especially at lower pressures and in networks where nanopores dominate. We 

performed sensitivity analyses on three different network models with equal porosity; 

constant cross-section model (CCM), enlarged cross- section model (ECM) and shrunk 

length model (SLM). For the porous systems with variable pore sizes, the apparent 

permeability is highly dependent on the fraction of nanopores and the pores’ 

connectivity. The overall permeability in each model decreased as the fraction of 

nanopores increased. 

Shale reservoirs and especially their permeability are still poorly understood. 

Recent high- resolution imaging studies using scanning electron microscopy (SEM, see 
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Figure 6.1) have shown that matrix pores in shale consist of inter-particle, intra-particle 

and organic matter intra- particle pores with sizes from the order of micrometer (inter-

particle pores) down to the range of 3–100 nm for intra-particle pores (Loucks et al. 

2012; Curtis et al. 2011). Note that fracture porosity is not part of this classification but 

ranges from micrometer length scales up. The organic matter pore structure differs 

fundamentally from clastic structures in their fibrous content (the fraction of sorbed gas 

on the surfaces is comparable to the fraction in the open pore spaces). Further, they tend 

to be less interconnected than inter-particle pores. Three-dimensional (3D) studies of pore 

networks using focused ion beam-scanning electron microscopy (FIBSEM) are available 

(Ambrose et al. 2012; Dewers et al. 2012), but are limited in size of the region analyzed 

and still remain inconclusive on actual shale pore network connectivity in three 

dimensions. Thus, a flexible network model would be helpful in evaluating overall 

network permeability. 

In this study, we present a novel adaptation of the existing pore-network modeling 

tools for the shale challenge. The novelty of the present study is the use of an 

interconnected network on two length scales in three dimensions, one representing 

nanopore system, and the other micron-sized pathways that connect the nanopore regions. 

Note that similar studies prior to this work have focused on flow in a single channel 

(Javadpour 2009; Freeman et al. 2011), and a simple 2D network of channels (Sakhaee-

Pour and Bryant 2012). Gas flux on nanoscale depends on absolute pressure values (as 

opposed to pressure difference only), incorporates Knudsen diffusion, and the equations 

account for gas slip on the nanopore wall boundaries. Gas flux in models with micron 

size pores is linearly dependent on pressure difference, which is standard in current pore-

scale network modeling. For shales, the resulting flow model is nonlinear, and thus 

increases the computational complexity. For a detailed study of diffusion without 
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convective effects, interested readers should refer to (Levitz 1993) who used random 

walk method to investigate self-diffusion coefficients in randomized sphere packing at a 

variety of length scales (down to characteristic length of 50 nm). 

In this study, we follow (Javadpour 2009) and simultaneously include the three 

different regimes (convection in the channel interior, slip boundary condition for channel 

walls, and Knudsen diffusion): this is the first time this has been done in an 

interconnected, 3D pore-throat network model. (Freeman et al. 2011; Sakhaee-Pour and 

Bryant 2012) treat slip parameter as a fitting parameter that includes diffusive effects, 

with similar results for single channel. Note that a few earlier studies (Javadpour et al. 

2007; Kuila et al. 2012) model only convective and diffusive component without using 

slip boundary condition appropriate on nanoscale. (Kuila et al. 2012) applied the model 

described in Javadpour et al. (2007) for a single channel within a bundle of tubes 

representation of the shale porosity to estimate pore size effects on permeability: thus, 

they have not considered the pore interconnectivity.  

Bauer et al. (2012) model interconnectivity and use an advanced, image-based 3D 

pore throat network that includes microporosity with the objective of modeling carbonate 

systems where there is considerable amount of both original porosity and microporosity. 

Their model, however, averages microscale pores using conventional petrophysics and 

ultimately places these averaged, “continuum microporous boxes” in parallel with the 

macroscale pore throat network. The authors determine the “continuum microporous 

box” parameters by fitting available measurements and do not model individual 

micropores within the box. In contrast, we implement both microscale and macroscale 

pores directly in a network model without any averaging of flow physics. Therefore, 

micropores in our model can be both in parallel (on the side of) and series (blocking the 

way to) macropores, and can reveal different physical behaviors on different scales 
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without averaging. Successful matching with actual shale (or other microporous 

structure) porosity will require having detailed information on both scales which is part 

of our future study. 
 

 

 

 

 

 

 

 

 

 

 

Figure 6.1: SEM image exemplifying Barnett shale pore network with visible porosity of 
4.2% (point count). Organic-matter intraparticle pores are dominant, 
followed by some intraparticle pores and traces of interparticle pores. 
Reprinted from [Loucks et al. 2012, see Fig13A] under “fair usage” policy, 
see http://www.aapg.org/pubs/aapgcopyright.cfm. 

6.2. METHODOLOGY 

6.2.1. Pore-connectivity modeling 

Our knowledge of three-dimensional connectivity of shale pore networks is very 

limited: most imaging has been done in 2D (SEM), and we did not have access to a 3D, 

FIBSEM image. We therefore start by investigating permeability assuming that 3D 

connectivity is similar to that of well-studied sedimentary rocks. We start by creating a 

micrometer scale unstructured pore-network model. The model is based on tessellating a 

monodisperse sphere packing (porosity 36%), thus obtaining a network in which each 
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pore is connected to four others (note that connectivity of 4 is average connectivity both 

for granular media and sandstones). Details of the network are not crucial to our study 

(any 3D model representative of sandstone pore network connectivity would give similar 

results). Figure 6.2 shows the connectivity of the particular model used in this study. We 

then uniformly shrink the pores and throat radii (without disconnecting them) until we 

reach porosity of 10 %. 

The network is then modified to include a given fraction of nanopores using three 

different models described below to study the influence of nanopores on gas 

permeability. In all models a fraction of original pores is shrunk from micrometer to 

nanometer scale. We restrict the analysis to a rock sample with a porosity of 10 % (i.e. 

permeability changes are not related to the change in absolute value of porosity), and thus 

some of the remaining pores are enlarged to keep porosity constant. We then use three 

different network models as follows: 

6.2.1.1 Constant cross-section model (CCM) 

The radius of the randomly selected pores in this model is enlarged (each radius is 

multiplied by a constant length factor) to keep porosity constant. The radii of throats 

attached to the enlarged pores are left unchanged (Figure. 6.3a). In CCM, the pores only 

provide storage and do not constrict the fluid flow; this will change in future when we 

model desorption. Figure 6.4 shows the bimodal histograms of throat sizes in CCM for 

different fractions of nanopores in the network. Throat sizes decrease as the fraction of 

nanopores increases, and the size range remains constant. This is expected since no throat 

enlargement is applied in CCM. 
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6.2.1.2. Enlarged cross-section model (ECM) 

In addition to the sizes of targeted pores, we also modify the size of the adjacent 

throats (Figure 6.3b). This allows for the overlap of the shrunk and enlarged targeted 

pores and throats. Figure 6.4 shows the bimodal histogram of throat sizes for ECM for 

different fractions of nanopores in the network. Similar to CCM, as the nano-fraction is 

increased, the number of smaller pores increases as well. In higher nano-fractions, the 

maximum throat size gets higher too, leading to an increase in the range of throat size. 
 

 

Figure 6.2: Schematic of the pore throat network 3D connectivity. This network of 438 
pores and 727 throats is the foundation for models in this study. The 
physical dimensions of the box are 1mm x 1mm x 0.4mm. The flow 
direction is indicated by red arrow, and inlet/outlet boundaries are open to 
flow; all other volume boundaries are assumed no-flow. 
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Figure 6.3: Schematic of the network models with bimodal pore size distributions. (a) 
Constant Cross-Section Mode (CCM) (b) Enlarged Cross-Section Model 
(ECM) (c) Shrunk Length Model (SLM). 

 

 
   (a) 
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   (b) 

 
   (c) 

 

 
(d) 
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Figure 6.4: Histograms of throat sizes in CCM (black) and ECM (white) for different 
fractions of nanopores: (a) No nanopores (fraction 0.0). (b) Fraction 0.2 of 
nanopores. (c) Fraction 0.5. (d) Fraction 0.7. 

6.2.1.3. Shrunk length model (SLM) 

In this model, we shrink the length of throats, in addition to the radii of the 

targeted pores and throats. While the throat radii distribution in SLM is the same as in 

ECM (Figure 6.4), the changes in throat lengths deform the initial bulk geometry (Figure 

6.3c). The difference between ECM and SLM is in the throat lengths. 

6.2.2. Network-flow model 

We implement the following mass flux equation (Javadpour 2009) for each throat 

(with radius rij and length L) connecting pores i and j, with respective pressures pi and pj : 
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𝛼
− 1                                                                                                                                                                     (6.2) 

where R is the gas constant, and gas properties in the throat are described via average 

pressure Pavg and density 𝜌!"# viscosity 𝜇, and molar mass M. Tangential momentum 

accommodation coefficient α is taken as 0.8. ���Equations (6.1) and (6.2) describe the 

contributions of gas Knudsen diffusion and slip flow in a single pore throat of a network 

in a compact form applicable on both nano- and microscales (and larger length scales, 

assuming low Reynolds numbers). While Equation (6.1) reduces to the Hagen–Poiseuille 

equation for pore throats sizes of which can be considered on continuum (large) scale 

compared with gas molecule size (in this case micrometer size), the contributions of 
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Knudsen diffusion and slip flow are very noticeable on nanometer scale. This difference 

will be exemplified in the Results section. 

 

In all the three models, the pore network is contained in a representative cube. A 

pressure difference is applied on the inlet and outlet surfaces of the cube, and mass flow 

is initiated (Figure 6.2). We then apply the mass balance at every pore (at steady state, the 

total mass flux through all of the adjacent throats is zero). The system of equations that 

results from applying the mass balance on every pore is nonlinear. The Newton–Raphson 

iterative method is used to solve for the pressure values: 

 

𝑃!"# = 𝑤 ∗ 𝑃!!! + 1− 𝑤 ∗ 𝑃!"#                                                                                                                                                                                   (6.3) 

 

where P refers to a vector of pressure values for each pore, and w is the relaxation factor 

(we used w = 0.1). Having solved for pressures at each pore, we evaluate the volumetric 

flux q through entire network, and compute apparent permeability Kapp based on the flux 

using Darcy’s equation: 

 

𝐾!"" =
𝑞𝜇𝐿
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In the above equation, cross-sectional area A, length L, and pressure difference 𝛥𝑃 refer 

to the entire network. Finally, we compute reference Darcy permeability KD using the no 

slip Hagen–Poiseuille equation for volumetric flux through every throat: 

 

𝑞!" =
𝜋𝑟!"!

8𝜇𝐿      𝑝! − 𝑝!                                                                                                                                                                                                                     (6.5) 
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The reference value serves to show the deviation of apparent permeability from the value 

one would compute if linear dependence of flux and pressure gradient was assumed (i.e., 

behavior expected for conventional sandstones and soil). 

 

Figure 6.5: Effect of pressure on gas permeability. The apparent permeability (Kapp, 
normalized by nominal Darcy permeability KD) increases for low pressures 
is attributed to gas slippage and Knudsen diffusion. The network has throat 
radii between 5nm and 20nm, with the average of 10nm. Network result 
falls in between the single tube results for maximum and minimum radius. 

6.3. RESULTS AND DISCUSSION 

From equations (6.1) and (6.2), it was evident that apparent permeability will 

depend both on the porous medium throat radii, as well as absolute values of pressure. 

Constant value of viscosity μ = 1.2 × 10-5 Pa.s for methane at T = 400 K has been used 

throughout this section. Viscosity of methane is not strongly dependent on either pressure 

or temperature for the ranges considered. 
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Figure 6.5 illustrates the effect that pressure changes have on apparent gas 

permeability. Knudsen diffusion and gas slippage close to the boundaries become 

prominent at low pressures causing significant increase in permeability. The permeability 

results for the nanometer scale networks throats radii of which are between 5 and 20 nm 

(with ravg=10nm) fall in between single tube results for the minimum and maximum 

throat radii in the network. Further, Figure. 6.6 depicts the effect of the mean throat sizes 

on gas permeability (all throat sizes in this network were on the single length scale). 

While mean throat size is larger than 100 nm, the apparent and Darcy permeabilities are 

equivalent. As throat sizes decrease, the Knudsen diffusion and gas slippage become 

dominant, leading to an increase in permeability. Similar dependencies on pressure and 

throat size have been computed by authors considering conductivity of a single channel 

(Javadpour 2009) or a network including just nanopores (Sakhaee-Pour and Bryant 

2012). 

 

Figure 6.6: Effect of throat size on gas permeability. The increase observed in the 
nanometer range is due to gas slippage and Knudsen diffusion. 
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We next investigate the network models that contain both nanoscale and 

microscale pores. Figure 6.7a, b shows gas permeability versus fractions of nanopores in 

CCM. The difference between these two plots lies on their network connectivity. In 

Figure 6.7a, the targeted nanopores follow a “subset concept,” whereas in Figure 6.7b, 

the targeted nanopores are chosen randomly. By the “subset concept” in nanopore 

selection, we mean that, as the fraction of nanopores increases, the selection of nanopores 

is a superset of the previous selection. Equations (6.6) and (6.7) show the subset and 

random selection symbolically (f represents the fraction of nanopores): 

 

f = 0 ⊂ f = 0.1 ⊂ f = 0.2 …… ⊂ f = 0.9   Subset selection                       (6.6) 

 

f = 0   ~ ⊂ f = 0.1   ~ ⊂ f = 0.2 ……~ ⊂ f = 0.9   Random selection            (6.7) 

 

 

A comparison between Figure 6.7a, b reveals that gas permeability is not blindly 

related to the fraction of nanopores but to the pore connectivity as well. However, the 

differences are local, and the trend remains the same regardless of how nanopore 

selection is made. In the remaining figures, we use “subset concept.” Figure 6.8 depicts 

the effect of the fraction of nanopores on apparent gas permeability (Kapp) in ECM and 

CCM. We observe that the difference between these two models is negligible. Figure 6.9 

depicts the effect of the fraction of nanopores on gas flow in SLM (we report volumetric 

flow because of difficulty of robust determination of cross-sectional area, see figure 

caption). All three models reveal a percolation threshold of around nanopore fraction of f 

= 0.2. At that point, the dominant percolation path length scale switches from micropore 
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to nanopore. In all cases, the permeability declines as micropores are replaced with 

nanopores by approximately seven orders of magnitude. 

Note that, while using the above network construction, we cannot achieve a model 

with nanopore fraction of 1.0; the maximum fraction of nanopores is 0.95. This is 

because we keep porosity constant (0.1)—to build a fully single scale nanopore-network 

model that has a porosity of 0.1, a very large number of nanopores should be included 

(100 times more) by effectively replacing micropores by entire nanoscale networks. We 

used such an approach in (Chapter 4), but a linear flux–pressure gradient relationship was 

used on the smaller scale network. Nonlinear flux model requires solving nonlinear 

system of equations, and computational complexity increases quickly: we will work on 

efficient solution methods in our future study. Finally, we note that the size of micropores 

is irrelevant to the single-phase flow permeability that is controlled by throats: in the 

absence of desorption, pore sizes are immaterial to calculate gas permeability. 

We finally investigate the effect of multiple length scales on the apparent permeability. 

Figure 6.10 shows the behavior of normalized gas permeability (Kapp/KDmax) versus throat 

scales for various pressures for both single scale (Figure 6.10a) and dual scale networks 

(Figure 6.10b). The values are normalized with respect to the maximum Darcy 

permeability KDmax. In both cases,       log (KD) and log (ravg) are linearly dependent. There 

is no single slope that describes log(Kapp) vs. log (ravg), for neither of the pressures 

considered: as the mean radius decreases, gas slippage on gas conductivity increases the 

apparent permeability and makes the effective slope less and less steep. For two-scale 

networks, however, the apparent permeability has stronger dependence on pressure 

(curves for different pressures are much further apart). This wider spread of curves might 

be a key for recognizing the presence of multiple length scales in a porous medium when 

such knowledge is not available a priori. 
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           (a) 

 

 
   (b) 

Figure 6.7: Effect of the fraction of nanopores on gas (methane at pressure of 10MPa and 
temperature of 400K) permeability in CCM. (a) As the fraction of nanopores 
increases, each nanopore selection is the superset of the previous selection, 
see equation (6.7); (b) Each fraction of nanopores is randomly selected 
without regard to the other fraction, see equation (6.8).  
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Figure 6.8: Comparison of apparent gas (methane) permeability in CCM (in red) and 
ECM (in blue) networks with similar configurations. 

 

Figure 6.9: Effect of the fraction of nanopores on gas (methane) permeability in SLM. 
Due to shrinking of throats used, the length L or cross-sectional area A of 
the network is not robustly determined so we report the volumetric flow 
instead of apparent permeability  (!"∆!

!"
 instead of K). 
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(a) 

 
(b) 

Figure 6.10: Effect of throat sizes and pressure on normalized gas permeability 
(Kapp/KDmax) in (a) a single scale network with a connectivity of 4, and (b) a 
dual length scale network with connectivity 4 (ECM, f=0.5). The blue line 
represents the reference Darcy permeability of the networks corresponding 
to each mean radius, and all values are normalized with the maximum 
reference Darcy permeability value. 
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6.4. CONCLUSIONS 

We combined a multiscale 3D pore-network model with novel transport equations 

for gas transport on nanoscale that resulted in nonlinear, pressure-dependent permeability 

estimates and shed light on nanometer scale control on transport properties in pore 

systems with interconnected micrometer and nanometer pores. 

1. Unlike absolute permeability in conventional reservoirs, gas permeability 

depends on absolute pressure values in individual pores (and not just the 

gradient). Specifically, smaller pressures result in (somewhat counter-

intuitive) increase in permeability.  

2. In a dual-length scale system, permeability further depends on the relative 

size of the void spaces as well as the fraction of pores belonging to each 

length scale. The threshold in permeability is observed at a number 

fraction of around 0.2, and is related to percolation paths being formed on 

specific length scales. For a different network system, the threshold will 

be related to the formation of the percolation path, thus stressing the 

importance on knowing actual topology in 3D of the shale matrix network.  

3. Spatial configuration of the nanopores (the smaller length scale) can 

significantly affect gas permeability. Given the sensitivity of gas 

permeability on nanopores’ connectivity, realistic network structures will 

be crucial in evaluating permeability. Image analysis can be used to 

extract the locations of the pores to conduct model validation related to 

experimental data. Putting together FIBSEM technology on nanoscale and 

X-ray micro-tomography on microscale, to understand interconnectivity 

on different scales, will be key to obtaining 3D networks. 
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Chapter 7: Indirect method II – sorption hysteresis 

7.1. INTRODUCTION  

The idea that sorption loops are sensitive to pore structure in porous media has  

been a focus of study in applied chemistry. In performing the experiment, the sample is 

crushed to certain grain particulate size, and put in a canister. The canister is brought to a 

temperature of 77 K and immersed in vapor nitrogen. As pressure is increased, the 

amount of liquid nitrogen adsorbed and condensed within the rock is determined by 

weighting the sample. The International Union of Pure and Applied Chemistry (IUPAC) 

has classified the sorption cycles into four main types as shown in Figure 7.1. This 

classification, however, mostly focuses on pore shape and size distribution rather than 

pore connectivity that is relevant in disordered porous media. 

We approach the application of sorption hysteresis from two angles. First, the 

amount of nitrogen adsorbed during adsorption and desorption is studied (we call this 

"sorption hysteresis"). Second, the relative permeability of a nonreactive, nonadsorbing 

gas, such as helium, for each nitrogen sorption cycle is investigated (we call this 

"permeability hysteresis"). We hypothesize that sorption hysteresis is mostly affected by 

pore configuration whereas permeability hysteresis is mostly affected by the spatial 

distribution of throats.  In contrast to the traditional IUPAC nomenclature, our definition 

of nano/micro pores are literal in that nanopores are pores in the nanometer scale 

(1𝑛𝑚 < 𝑟! < 1𝜇𝑚 ) and micropores are in micrometer scale (1𝜇𝑚 < 𝑟! < 1𝑚𝑚). 

Although work based on percolation theory (Seaton, 1991; Liu et al., 1992; Liu 

and Seaton, 1994) estimated the mean coordination number by fitting the desorption 

curve for industrial porous materials, shale rocks can have unique network topologies. 

Therefore, merely prescribing a mean coordination number, as is common in 
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conventional rocks (Bernabe et al., 2010) may not honor the rock's heterogeneous pore 

structure. 

 

 

 

Figure 7.1:  The IUPAC classification of sorption hysteresis loops. 

 

H1, H2 and H3 hystereses (see Figure 7.1) have been modeled with a regular, 

structured network and by tuning the size (N), coordination number (Z), macropore 

(𝑟! > 100𝑛𝑚) surface area 𝐴!"#/𝐴 , and micropore (𝑟! < 2𝑛𝑚) volume 𝑉! (Efremov 

and Felenov, 1991). However, the two key parameters (𝐴!"#/𝐴) and 𝑉! were treated as 

tuning parameters and were not explicitly represented in the network model.  

We aim to capture the interplay of pore type classification (inter/intra particle and 

organic matter pores) (Loucks et al., 2012) via three network types. Sorption and 
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permeability hystereses for various size distributions and network types are explored 

using network modeling. Figure 7.2 depicts the role of nitrogen sorption cycles in the 

scope of this work. The hysteresis phenomena we investigate here assist in (both forward 

and inverse) evaluation of the pore structure and fluid physics and ultimately contribute 

to building multiscale multiphysics networks where direct information on them is 

difficult to obtain. The networks which honor the multiscale pore structure and fluid 

physics can improve calculation of important petrophysical properties such as 

permeability (absolute/relative), capillary pressure curves, electric logs and NMR 

response interpretations (such as 2D NMR maps). 

 

 

Figure 7.2: Schematic of the application of nitrogen sorption hysteresis in nanometer 
scale petrophysics. 
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7.2. METHODOLOGY 

7.2.1. Simplified classification and network generation 

All of the network models constructed in this work are unstructured (that is, they 

are not on a regular grid such as cubic) and three-dimensional. A description of the pore 

network types is as follows. Here we define three different network classes, explain how 

are they motivated by mudrock images and briefly review how to construct them. 

Detailed description of the process-based network construction is available in Chapter 

3.1. 

Type 1 (regular):  A single scale network in which the average coordination 

number is four (Figure 7.3a). This type is based on the Delaunay tessellation of the 

Finney pack of spheres (Finney, 1970; Mason and Mellor, 1995). After the extraction of 

the network, we conceptualize each pore as a sphere with a radius equivalent to the 

inscribed radius of the four neighboring tetrahedra. While we use the network of a 

granular medium as a base in this modeling, we do not claim that shale pore spaces 

resemble granular media. Three-dimensional images and associated shale pore networks 

are still not easily available: multiple authors show 3D FIBSEM images (Heath et al., 

2012, 2011; Chen et al., 2012), but technical difficulties have thus far prevented the 

extraction of a pore throat (ball and stick) network. A recent paper has also used 2D SEM 

images for statistical reconstruction of 3D pore space (Gerke and van Genuchten, 2011). 

We proceed with this standard model with the understanding that it is a conceptual model 

and could otherwise be replaced by any single length scale network. 

Type 2 (series): A dual scale network model in which, the smaller scale pores can 

form pore network microcosms (organic matter/intra-particle pores) and be connected to 

larger pores (intra-particle/inter-particle) in series such as shown in Figure 7.3b. The 
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creation of the Type 2 network model is as follows: based on the information acquired 

from a grain pack, a set number of pores are targeted for replacement with network 

microcosms. Each microcosm is a separate Type 1 network model that is shrunk with the 

factor of 5.  Only those shrunk pores that are within the targeted pore are added to the 

final network. If one pore is within the targeted pore, and the shrunk pore connected to it 

is inside another targeted pore then an appropriate connection is formed (to either the 

targeted pore or to the closest shrunk pore in case the original targeted pore has been 

replaced). Original pores targeted for replacement are subsequently removed from the 

network. 

Type 3 (parallel): A dual scale network model in which, the smaller pore 

network microcosms (organic matter/intra-particle) are connected to larger pores (intra-

particles/inter-particle) in parallel (see Figure 7.3c). The construction of Type 3 is similar 

to Type 2 with the exception that instead of targeting pores, grains are targeted for 

replacement. For each grain that is targeted, we find its bounding box and map/rescale the 

shrunk network from its original bounding box to the grain. Each pore of the rescaled 

network is subsequently tested. If the pore center falls within the grain in question, it is 

added to the main network. If the pore center falls within the existing pore space it is not 

added, but we locate the pore it belongs to in the original network and label it 

accordingly. We next process all the rescaled throats. Each throat has two neighboring 

pores within the grain, and will be included in the main network only if at least one of the 

pores belongs to the targeted grain. If both of them are already added to the multiscale 

network, we add this throat as well (carefully setting its neighboring pores to their new 

labels in the multiscale network). If one of the pore centers falls within a targeted pore in 

the multiscale network, we add this throat. Finally, if one of the shrunk pores falls within 

a different grain that has been processed already, then we connect it to the pore closest to 
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the pore center we are examining in the multiscale network. The throat (connection) 

added is bridging the appropriate shrunk pores in the multiscale network. 

Our granular based network generation is just a means to build the pore topology 

we wish to investigate. As mentioned previously, we are not claiming mudrocks are 

necessarily similar to granular materials. We desired to use an unstructured network (as 

opposed to cubic network) for which it was easy to determine individual grains and pores 

(and thus define our parallel and series models). Further, a large rock domain may 

contain multiple network types and thus have a combination of the aforementioned 

classes. The authors’ attempt at investigating sorption and permeability hysteresis of each 

type will be extended to combined type scenarios in future work. The nitrogen input 

parameters of this work are listed in Table 7.1. 

 

Table 7.1: Input parameters used in this work's computations – liquid properties were 
considered constant and independent of pressure. 
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(a) 

 
 

(b) 

 

 

(c) 

 

Figure 7.3: Three network types, each represented by an example observed in shale 
SEMs and a 2D schematic. Despite 2D schematics, the models we build are 
three-dimensional. (a) Single scale network model. Reprinted from (Loucks 
et al., 2012), see Figure 10A. (b) Dual scale network model in which the 
smaller scale clusters lay in series with the larger scale pores. Reprinted 
from (Loucks et al., 2012), see Figure 13A. (c) Dual scale network model in 
which the smaller scale clusters lay in parallel with the larger scale pores. 
Reprinted from (Loucks et al., 2012), see Figure 7E. 
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7.2.1.1. Connectivity study  

In all of the above types we investigate the effect of connectivity by randomly 

disconnecting a fraction of throats in the network. We refer to the fraction of the removed 

throats as fr and it increases until the critical percolation frc threshold is reached beyond 

which the network does not percolate anymore. The motivation for this connectivity 

study is exploring a wider range (and more realistic) pore networks. The statistics of the 

starting networks are presented in Table 7.2 and Figure 7.4. We study the effects of 

destructive diagenesis (compaction/cementation) by the aforementioned random 

disconnection algorithm. This is done for a proof of concept and does not follow any 

particular realistic geology (we do not impose the diagenesis to any particular scale or 

location).  

 

Table 7.2: Pore network information of the three network types. 

Type Number of 
pores 

Number of 
throats 

OdC 𝒇𝒄 

1 8,022 14,994 0 0.57 
2 195,390 395,965 1.5545 0.53 
3 610,604 1,349,759 2.7877 0.7 

 
 

7.2.2. Sorption hysteresis modeling 

We presently consider only spherical and cylindrical shapes for pores and throats 

respectively in order to emphasize the role of network topology. Although a “universal 

multilayer thickness curve” for nitrogen at T=77K is still not accepted in practice, 

Halsey’s equation for thickness t (in Angstroms) is commonly used in the literature (refer 

to Roque-Malherbe (2010) and the references therein): 
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(a) 

 

(b) 

 

(c) 

 

Figure 7.4: Coordination number statistics of network models with (a) regular (b) series 
and (c) parallel network topologies. Instead of number density, we show a 
fraction of total pore volume occupied by each bin. 
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𝑡 = 3.54
5

2.303 𝑙𝑜𝑔 !!
!

!
!

                                                                                                                                                                                            (7.1) 

For adsorption, pressure is increased and the amount of gas accumulated, either in 

the form of adsorbed layers on pore walls or as supercritical condensate nitrogen inside 

pores, is calculated. As pressure increases, the adsorbed layer thickens and in pore spaces 

with high enough curvature, nitrogen vapor collapses into a liquid phase. This 

phenomenon is called capillary condensation and the vapor pressure 𝑃!  for which 

capillary condensation occurs satisfies the Kelvin equation for hemispherical interface 

between vapor and adsorbed phase: 

 

𝑃! = 𝑃!"# exp −
2𝜎𝑉! cos 𝜃
𝑟! − 𝑡 𝑅𝑇

                                                                                                                                                                (7.2) 

 

where P!"# is the vapor pressure on a flat surface, σ is the interfacial tension 

between liquid and vapor, V! is the molar volume of the liquid phase, θ is the contact 

angle, r! is the radius of the pore, T is the temperature and R is the gas constant. For a 

complete review of the development of Kelvin’s equation refer to Skinner and Sambles 

(1972). Table 7.1 shows the input parameters used in equation (7.2). Note that for most 

properties we use standard assumptions (Barnett et al., 1951), for instance the molar 

volume of liquid nitrogen, 𝑉!, is assumed constant and independent of pressure 

(incompressibility). 

For menisci in cylindrical throats the capillary condensation vapor pressure 

follows (during adsorption – for desorption equation 7.2 is used with 𝑟! = 𝑟!): 

 

𝑃! = 𝑃!!" 𝑒𝑥𝑝 −
𝜎𝑉! 𝑐𝑜𝑠 𝜃
𝑟! − 𝑡 𝑅𝑇

                                                                                                                                                                                  (7.3) 
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where r! is the throat radius (Cohan, 1938). We use equation (7.3) for the 

adsorption only.  
 

 
 

Figure 7.5: Variation of off-diagonal complexity with disconnected throat fractions for 
the three network types. 

For desorption, we decrease the pressure and expose the boundary pores to the 

bulk vapor outside the pore network. In order for a pore to release the adsorbate, it must 

lie on a percolating vapor path (i.e. a connected path of vapor-filled pores spans and 

reaches one of the six sides of the network boundary). Thus, adsorption is independent of 

connectivity and is influenced by the pore size distribution only, whereas desorption is 

affected by connectivity as well. 

Finally, the Kelvin equation may be inaccurate in pore sizes smaller than 7nm 

(Walton and Quirke, 1988), but we use it nevertheless within this pore size range since 

there is no accepted alternative equation. 
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7.2.3. Permeability hysteresis modeling 

The relative permeability to helium (a nonreactive, nonadsorbing gas) is 

calculated after exposing the porous sample to nitrogen vapor. We perform this 

permeability simulation after each pressure step during the quasi-static simulation of 

nitrogen sorption (this is clearly easier to simulate than to perform the experiment). The 

nitrogen layers on throat walls thicken and fill up pores and throats through capillary 

condensation, thus reducing the throat conductivity and ultimately blocking pores and 

throats. It is assumed that adsorbed and condensed nitrogen simply blocks the flowing 

helium gas and does not change its configuration. One should note that in our simulations 

(and similar experiments in literature) helium is flowing through pores partially blocked 

by condensed nitrogen: helium is not displacing nitrogen nor reacting with it. Since it 

never saturates the porous medium, this permeability is referred to as “relative”. Unlike 

here, in conventional petrophysics “relative permeability” refers to a situation where the 

fluids are displacing each other. We find that permeability hysteresis is more sensitive to 

throat conductivities and spatial configurations in comparison to sorption hysteresis.  

 

𝐽!" = −
2𝑟!"𝑀
3𝑅𝑇   

8𝑅𝑇
𝑀 +

𝐹𝑟!"#!

8
𝑝! − 𝑝!
𝐿                                                                                                                                         (7.4)   

𝐹 = 1+
8𝑅𝑇
𝑀

𝜇
𝜌!"#𝑟

2
𝛼 − 1                                                                                                                                                                           (7.5) 

 

 

Here R is the gas constant. Gas properties in the throat are described via average 

pressure 𝑃!"# and density 𝜌!"#, viscosity 𝜇 and molar mass M. Tangential momentum 

accommodation coefficient α is taken as 0.8, for more information on its calibration see 
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(Javadpour, 2009). Note that throughout the experiment, helium (with 𝑃! = 2.3 ∗ 10!𝑃𝑎 

and 𝑇! = 5.19𝐾) will not condense. 

The equations (7.4) and (7.5) include Knudsen diffusion and slip flow in a single 

pore throat. The equations are in compact form applicable on both nano- and micron- 

length scales (as well as larger length scales, as long as the Reynolds number is low). We 

use the above constitutive equation to determine the apparent permeability at each 

pressure step by imposing a mass balance on each pore. This results in a nonlinear system 

of equations for all individual pore pressures. In Chapter 6 we used the Newton-Raphson 

algorithm to solve the equations. However, here the systems we are solving are larger and 

more complex. The Jacobian matrix becomes very unstable in network types 2 and 3, and 

thus the equations are linearized by assuming a constant density at each pressure step. 

This assumption should be taken into account when large networks are used.  For the 

pore pressures at inlet and outlet used in this study that are on the same order of 

magnitude, the relative error in computed permeability when using linearized equations 

vs. the nonlinear ones is in [10-6,10-4]. 

Finally, when computing permeability to helium, we assume that the liquid 

nitrogen and helium do not considerably exchange mass throughout the experiment. For 

further discussion on characterizing porous materials by using flow of a non-reactive gas 

and a partially blocking condensed phase refer to (Kainourgiakis et al., 1988) and 

references therein.  

7.2.4. Matching experimental data 

We attempt to match the nitrogen sorption loop that is measured from a Barnett 

sample (courtesy of Qinhong (Max) Hu, University of Texas at Arlington) by 

implementing a two-step Monte Carlo iterative procedure on a multiscale multiphysics 
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network model. The network type is identified by its sorption loop signature behaviors 

(i.e. early deviation of adsorption and desorption curves and sudden drop of the 

desorption curve onto the adsorption curve). In this particular case, Type 2 (series) was 

the appropriate network. 

In the first step of the Monte Carlo procedure, the adsorption curve is matched by 

adjusting the pore size distribution. This can be accomplished by choosing the proper 

variance (the larger the variance the more gradual the adsorption curve) and mean (the 

smaller the mean the higher the initial increase in the adsorption curve) of the large and 

small scale pores. Alternatively, the BJH method (Barrett et al., 1951) for spherical pores 

or the Density Functional Theory (DFT) (Latoskie et al., 1993; Dombrowski et al., 2000) 

may be used as well. If the BJH method is chosen, the cumulative error for smaller pore 

sizes must be dealt with. In the case of the DFT method, noise due to the high 

heterogeneity in gas-liquid and fluid-solid molecular forces render the task nontrivial.  

In the second step, the desorption curve, in addition to the adsorption curve, is 

matched. At each iteration step, the pore size distribution, fraction of clusters and 

connectivity (f!) are altered to reach the minimum error with the experimental 

measurements. The volume/area averaged cumulative distributions for pore and throat 

sizes are then compared to the mercury injection data.   

In this effort, in order to incorporate small scale pore clusters that are orders of 

magnitude smaller than large scale pores (we do not have the computational capacity to 

include explicit pore clusters that are more than 10 times smaller in this iterative process), 

the clusters are approximated by assigning the targeted macropores with representative 

volume and mean pore/throat curvatures rather than explicitly including a network of 

them as was described in Section 7.2.1 (Figure 7.16). With this scheme, the clusters will 

have the same volume as the initial large scale pore but will be filled with condensate at a 
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vapor pressure that corresponds to the mean small scale pore size. Despite its 

computational advantage, this approximation ignores the network nature of the clusters 

(local hysteresis) and will be addressed in our future algorithms when we extrapolate the 

simulated data to such length scale ratios. 

7.3. RESULTS 

We create each network type with a porosity of approximately 0.04. In our 

analysis for the Type 2 network, we replace 85% of the pores with small scale clusters. In 

the Type 3 network, all “grains” are filled up with small scale clusters. Table 7.2. Figure 

7.4 and Figure 7.5 show the statistics of each network type.  The complexity of the 

networks are quantified by the off-diagonal complexity number (OdC), which is zero for 

a regular network and increases with complexity and correlation (refer to Chapter 3; 

Claussen, 2007 for further discussion). The critical fraction just before the network 

disconnects (does not percolate any more) is frc and is provided in Table 7.2. 

Figure 7.6 shows the capillary pressure curves for different fractions of 

disconnected throats.  We observe that the percolation threshold for the Type 2 network 

is larger than Type 1. This is expected given the series nature of the interconnectivity 

between small scale and large scale pores. In the Type 3 network model, the secondary 

percolation of small scale clusters is visible and becomes more dominant as connectivity 

is reduced (i.e. as fr gets larger).  

We analyze the effects of pore structure on adsorbed and permeability hysteresis 

using three sets of increasing pore size distributions – namely, Case 1 (Figure 7.7), Case 

2 (Figure 7.10) and Case 3 (Figure 7.13). Given the sensitivity of sorption with pore size 

(Figure 7.18) it is expected that characteristic behaviors will become less distinctive in 
networks with larger pore/throat sizes. We choose !"

!"#$ !
 versus r to present the pore size 
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distributions to be consistent with the relevant literature.  Discussions on presenting pore 

size distributions are available in Kuila and Prasad (2012) and Meyer and Kobes (1999). 

Figure 7.8 shows that Type 1 produces a single sorption hysteresis loop. Type 2 

depicts the largest loop of the three, which can be recognized as two separate loops 

merged together (we call this, “merged hysteresis”). Type 3 shows two separate loops 

which we call “severed hysteresis”. In all three cases, as connectivity is reduced 

hysteresis increases. In Type 3, the severed hysteresis effect changes into merged 

hysteresis with the reduction of connectivity (fr = 0.55). Network Type 1 results in a 

sorption hysteresis loop similar to the H1 and H2 IUPAC classification (Figure 7.1). In 

all three cases residual amounts of un-depleted adsorbed gas is observed in supercritical 

condition. One may ask how could nitrogen vapor have entered the isolated pores to 

begin with? The answer is threefold: 

1. It is assumed that the samples had ample time to rest in a container filled with 

nitrogen vapor - this assumption ignores the cost efficiency of the experimental set-up. 

2. Mudrocks may contain very small cracks or angstrom scale pores, hence giving 

the opportunity to vapor to connect to all pores. 

3. We can imagine the cases in percolation threshold as an asymptote of the 

disconnection trends. In fact, shale rocks have been shown to be poorly connected (Hu et 

al., 2012). 

Network Type 2 resembles the H3 classification. The H3 shape has been mainly 

attributed to the pore shape (specifically slit shape (Sing et al., 1985)). We demonstrate 

that similar hysteresis can be replicated with spherical geometries and a series two-scale 

topology. 

Figure 7.9 shows that permeability hysteresis does not distinguish Type 1 from 

Type 2 networks significantly. In contrast, permeability hysteresis captures the severed 
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hysteresis characteristic of Type 3 networks. Similar to sorption hysteresis, permeability 

hysteresis changes from severed to merged as connectivity is reduced. The adsorption 

segment of the permeability hysteresis curve is significantly reduced after fr = 0.35 

compared to Type 1 and Type 2 networks. This is due to a major disconnection of the 

larger scale throats that are less affected by adsorption than small scale throats. 

Figure 7.11 and 7.12 show the adsorbed and permeability hysteresis results for the 

Case 2 pore size distribution (Figure 7.13). The hystereses are still telling yet the degree 

of hysteresis is reduced compared to the Case 1 pore size distribution. Figure 7.14 and 

Figure 7.15 show the adsorbed and permeability hystereses are incapable of identifying 

the network types for the Case 3 pore size distribution (Figure 7.13). 

We finally test the flexibility of our approach by attempting to match 

experimental data acquired from a Barnett shale rock sample and thus deduce the type of 

network topology within the shale matrix, as envisioned in Figure 7.3. Guided by two 

signature behaviors, early deviation and sharp drop of the desorption curve, we find a 

close match with a Type 2 network model. A comparison with mercury injection data 

suggests, however, that pores and throats with radii larger than 100nm are not captured 

by the sorption hysteresis diagram. This is expected due to the fact that there is no 

sorption hysteresis in that size range. Similar results were observed in Schmitt et al., 

(2013) (specifically refer to Figure 5).  
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             (a)                                                      (b) 

 

 
           (c) 

Figure 7.6: Capillary pressure curves for (a) Type 1 (b) Type 2 and (c) Type 3 network 
models for different fractions of randomly disconnected throats. 
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    (a)                                                       (b) 

 

 
   (c) 

Figure 7.7: Pore size distributions of (a) Type 1 (b) Type 2 and (c) Type 3 networks 
(Case 1). 
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         (a)                                                       (b) 

 

 
      (c) 

Figure 7.8: Sorption hysteresis diagrams for (a) Type 1 (b) Type 2 and (c) Type 3 for 
Case 1 pore size distributions (see Figure 7.7). The characteristic features 
are: (I) early hysteresis (II) merged hysteresis and (III) severed hysteresis.  
Note that the adsorption curve (in red) does not change with pore 
connectivity for each network type as the fraction of disconnected throats 
decreases.  
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                                  (a)                                                              (b) 
 

 
(c) 

Figure 7.9: Permeability hysteresis of (a) Type 1 (b) Type 2 and (c) Type 3 networks for 
Case 1 pore size distributions (see Figure 7.7). 
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             (a)                                                          (b) 

 
  (c) 

Figure 7.10: Pore size distributions of (a) Type 1 (b) Type 2 and (c) Type 3 networks 
(Case 2). 

 

 
 
 
 
 
 
 



 131 

 
 

 
           (a)                                                     (b) 

 

 
(c) 

Figure 7.11: Sorption hysteresis for (a) type1 (b) Type 2 and (c) Type 3 networks for 
Case 2 pore size distributions (see Figure 7.10). The characteristic features 
illustrated in Figure 7.8 are still visible. Note that the adsorption curve (in 
red) does not change with pore connectivity for each network type as the 
fraction of disconnected throats decreases. 
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            (a)                                                           (b) 

 

 
(c) 

Figure 7.12: Permeability hysteresis for (a) Type 1 (b) Type 2 and (c) Type 3 networks 
for Case 2 pore size distributions (see Figure 7.10). The characteristic 
feature illustrated in Figure 7.9 is still visible. 
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                                   (a)                                                          (b) 

 
(c) 

Figure 7.13: Pore size distributions for (a) Type 1 (b) Type 2 and (c) Type 3 networks 
(Case 3). 
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          (a)                                                          (b) 

 

 
(c) 

Figure 7.14: Sorption hysteresis diagrams for (a) Type 1 (b) Type 2 and (c) Type 3 
networks for Case 3 pore size distributions (see Figure 7.8). The 
characteristic features illustrated in Figure 7.13 are hardly visible. Note that 
the adsorption curve (in red) does not change with pore connectivity for 
each network type as the fraction of disconnected throats decreases. 
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           (a)                                                                   (b) 

 

 
      (c) 

Figure 7.15: Permeability hysteresis diagrams for (a) Type 1 (b) Type 2 and (c) Type 3 
networks for Case 3 pore size distributions (see Figure 7.9). The 
characteristic feature illustrated in Figure 7.13 is hardly visible. 
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Figure 7.16: When matching the experimental data, the small-scale network is 
approximated with a region of representative volume and curvature.  
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Figure 7.17: A Type 2 network model is created to best match the sorption hysteresis 
curve in order to capture the nanometer scale pores. Pores larger than 100nm 
cannot be incorporated due to the insensitivity of the adsorbed layer.  
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7.4. CONCLUSIONS 

Three network types that are capable of explicitly integrating pores from multiple 

scales were introduced. We explored sorption and permeability hysteresis as an indirect 

method of characterizing shale rock samples. In conclusion: 

1. Sorption hysteresis has a strong sensitivity to all three pore topology types in 

appropriate size ranges (Case 1 and Case 2). 

2. Permeability hysteresis differentiates the Type 3 network from types 1 and 2 in 

Case 1 and Case 2 pore size ranges. 

3. With diagenesis (cementation/compaction), the OdC increases in Type 1 

networks, slightly decreases in Type 2 networks and significantly decreases in Type 3 

networks. 

4. The results indicate that sorption and permeability hysteresis could possibly be 

used to detect the shale matrix pore network topology in the presence of pores with 

multiple scales. More studies, specifically using more heterogeneous pore shapes and the 

existence of fractures should be conducted. 

5. Neither sorption nor permeability hystereses are capable of capturing any pore 

topology for sizes larger than 100nm. This makes nitrogen sorption hysteresis a 

dependent supplement in characterizing shale rock samples with pore sizes larger than 

100nm. In order to integrate regions with several network types and/or fracture networks, 

mortar coupling is an attractive method for upscaling petrophysical properties (Mehmani 

and Balhoff, 2014; Mehmani et al, 2012).  

We finally reiterate the assumptions that were made in this work and how they 

can influence the results: 
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1. The capillary condensation equations we used were derived for spheres and 

cylinders. Shale pore shapes are largely different than such simplifications. Hence, a 

proper characterization of shale rocks via sorption hysteresis mandates the inclusion of 

complex pore shapes. It has been shown that pore shapes can significantly affect 

hysteresis (Monson, 2005). It is not clear to us whether the inscribed radius can be used 

effectively to determine the critical capillary condensation pressure and this would be a 

subject of future work. 

2. We assumed perfect wettability of nitrogen to the solid phase. This can be 

untrue given the heterogeneity of shale rocks. Researchers (Naumov et al., 2009) have 

produced results that suggested a variation in surface roughness and chemical 

heterogeneity can heavily influence the hysteresis. 

3. We assumed that metastability will not occur after the bulk saturation pressure. 

Experimental data have been produced (Easton and Machin, 2000) indicating that 

supersaturated water vapor may exist in graphitized carbon black (which is a water wet 

ensemble), shifting the hysteresis cycle to pressures above the bulk saturation pressure. 

The effects of contact angle and bulk effects for slit pores have been analyzed using MFT 

(Mean Field Theory) and the anomaly is qualitatively produced (Monson, 2008). 

4. A major assumption that explained the observed hysteresis was the pore block 

effect (a supercritical fluid cannot empty until at least one throat is emptied). Both 

molecular dynamics and Monte Carlo simulations have been used to model sorption in 

ink bottle pores (Sarkisov and Monson, 2001). In their results, the pore emptied while the 

throat was still filled with liquid (the so called cavity behavior). In another work,  (Libby 

and Monson (2004)), it was concluded that both cavity and pore-block behavior may 

exist in inkbottle pores, the tendency for a pore block affect increasing in larger aspect 

ratios and pore/throat sizes. 
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5. Our simulations of mercury injection capillary pressure curves assumed Young 

Laplace’s assumptions to be valid. These assumptions may become invalid in nanometer 

scale throats (Refer to Kelly, 2013 and explanations therein), but presently there is no 

accepted alternative model. 

 

 

	  

Figure 7.18: Layer thickness and critical radius (for spheres in the absence of adsorbed 
layers) versus relative pressure depict the sensitivity of sorption hysteresis to 
pore sizes. 
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Chapter 8:  Restricted diffusion in shale 

8.1. INTRODUCTION 

Flow and storage models of unconventional shale gas reservoirs comprise 

compressed gas stored in fracture (with apertures on the order of micrometer) and 

nanopore networks and gas adsorbed on the pore surface (Javadpour et al., 2007). 

Molecular diffusion is a dominant transport mechanism in the very small nanopores and 

pores within the organic matter. Although indirect experimental methods have been 

developed (Etminan et al., 2014) to measure the molecular diffusion in kerogen, no 

analysis has yet been made to link it to pore structure features. The diffusion coefficient 

of reservoir fluids is also one of the dimensions in 2D-NMR maps for formation 

evaluation (Toumeline, 2006). The maps provide important information about the fluid 

type, wettability, and pore structure of the reservoir. A prior knowledge of the restricted 

diffusion of the porous medium is necessary in the correct interpretation of the 2D-NMR 

maps.  

The diffusion coefficient, a measure of the mean square molecular displacement 

(Einstein, 1905), is a constant in free space, and Do is defined as the bulk diffusion 

coefficient; however, it becomes time dependent for restricted molecular motion in 

microscopically structured media. Previous studies on restricted diffusion have 

formulated correlations for the short, intermediate (e.g. Pade’s approximation of the short 

and long times and are not shown here) and longtime spans (Cao Minh et al., 2012; 

Hurlimann et al., 1994; Mitra et al., 1993):  

 

𝐷 𝑡 = 𝐷! 1−
4
9 𝜋

   𝐷!𝑡
𝑆
𝑉                                                                                                                                                                               (8.1) 
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𝑙𝑖𝑚
!→!

𝐷 𝑡 =
1
𝐹𝜙 = 𝐷!𝜙!!!                                                                                                                                                                            (8.2) 

 

The correlations, however, were developed for granular media, which possess a 

uniform pore shape and topology, and pore sizes of tens of microns and above. Shale 

rocks have a high degree of heterogeneity, with pores of various shapes, connectivity, and 

size that range from 1 nm up to 1 µm (Loucks et al., 2009, 2012). Focused ion beam 

scanning electron microscopy (FIBSEM) imaging, (Heath et al., 2011, 2012) revealed a 

pore topology with sporadic clusters separated by micro-cracks. The existence of such 

micro-cracks in situ is debatable however (see Landry et al., 2014). Figures 8.1 and 8.2 

(Chen et al., 2012) confirm this observation. In Figure 8.2b, the throats or micro-cracks 

connecting the isolated regions are not visible. It is unclear whether it is because of the 

resolution of the measurement, the destruction of the rock during image acquisition, or 

simply because they do not exist. In Chapter 7 we attempted to answer the question on 

the nature of pore connectivity (i.e. is there connectivity and if so what is the topology?) 

by studying sorption hysteresis on shale rock models extracted from the reservoir. 

Understanding diffusion is also important if NMR logs are used to characterize 

formations in situ. In this Chapter, the pore structure features such as pore shape, pore-

throat ratio (ratio of pore body radius to pore throat radius), length-pore ratio on the 

diffusion coefficients are investigated. 
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Figure 8.1: Pores of different genesis exist in shale (Chen et al., 2012). 

8.2. METHOD 

8.2.1. Explicit random walk method 

The Brownian motion of the excited nuclei is employed by assigning random 

“walkers” uniformly in the pore space. An increase in the number of walkers reduces the 

fluctuations but also increases the simulation time. Sensitivity analysis was performed on 

a sufficient number of walkers to ensure robust results (not shown). The particles travel a 

distance, dr, at each time step, dt, according to Einstein’s equation (Mazo, 2002): 

 

𝑑𝑟 = 6𝐷!𝑑𝑡                                                                                                                                                                                                  (8.3) 

  

where 𝐷! is the bulk diffusion coefficient. The distance dr is set as five times 

smaller than the smallest length scale of interest (Toumelin and Torres-Verdin, 2005). 

The direction of each particle is set by a randomized choice of parameters θ, φ (See 

Appendix  A-1) in the following: 
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    x! = x! + dr sin θ cos ϕ   

                            𝑦! = 𝑦! + (𝑑𝑟) 𝑠𝑖𝑛 𝜃 𝑠𝑖𝑛 𝜙                                                                                                                                                                    (8.4) 

    𝑧! = 𝑧! + 𝑑𝑟 𝑐𝑜𝑠 𝜃                                                                                                                                                                                                

  

 
          (a)                                                                                    (b) 

 

Figure 8.2: (a) Micro-cracks and pores with different shapes exist in shale. (b) It is not 
clear whether connections between the apparently isolated pores exist. 
Images from (Chen et. al., 2012). 

 

Each time a walker hits the surface wall, it is reflected inward in a random 

direction. The walkers (are assumed to) not bounce back from the wall at the same angle 

that they hit it (not a mirror-like or specular reflection, see Appendix A-2). The 

constraint (or rather, lack of constraint) is established on the assumption that the solid 

surface of the walls is rough. The walkers also do not lose energy after colliding with the 

boundary. The total path length at a time step is, therefore, the same regardless of 

whether it hits a surface or not. 
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At each time step, the restricted diffusion coefficient D is computed: 

 

                            𝐷 =
< 𝑟 𝑡 − 𝑟 0 ! >

6𝑡                                                                                                                                                                       (8.5) 

 

where 𝑟!(𝑡) is the location of particle i at time t. Figure 8.3 indicates that in 

restricted diffusion the solid phase hinders the movement of the particles, therefore 

making them move shorter distances. 

 

Figure 8.3: Schematic of diffusion versus restricted diffusion. The solid phase hinders the 

movement of the particles, making them move shorter distances and 

minimizing dispersion. Note that the path length of a walker for both cases 

at an equal time interval is equal.  
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Figure 8.4 shows a very close benchmark of the simulation for a sphere with          

R = 50 nm and D0 = 10-9 m2/s with the analytical solution formulated by Mitra, (Mitra et 

al., 1993) for a single sphere. 

 

 

Figure 8.4: Comparison of the simulation result with the analytical solution for a single 

spherical pore. 
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8.2.2. Statistical random walk method 

To reduce computational costs, the algorithm developed in Section 8.2.1 was used 

to determine weighting factors for particles moving from pores and throats to their 

adjacent neighbors as a function of pore-throat ratio and throat-length ratio. The 

weighting factors are calculated by releasing particles from the left pore (Figure 8.5) and 

measuring the number of particles inside the adjacent pore after dtp-p (in a pore-pore 

ensemble of two pores connected by a throat with no length –Figure 8.5a) or throat after 

dtp-t (in a pore-throat ensemble of two pores connected by a long throat –Figure 8.5b): 

 

 

𝛥𝑑 = 𝑅!! − 𝑅!!  

 

𝑑𝑡!!! =
2𝛥𝑑 !

6𝐷                                                                                                                                                                                     (8.6) 

 

𝑑𝑡!!! =
𝛥𝑑 + !

!

!

6𝐷                                                                                                                                                                             (8.7) 

 

𝑊! =
𝑁!
𝑁                 𝑊! =

𝑁!
𝑁                                                                                                                                                                     (8.8) 

 

where Nt and Np are the number of particles inside the adjacent throats and pores, 

respectively. Wt and Wp are the weighting factors. 
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(a)                                                                                   (b)  

 

Figure 8.5: Schematic of a pore-pore (a) and pore-throat (b) ensemble used to define 
weighting factors for the movement of particles in a pore-throat network.  

8.3. RESULTS 

8.3.1. Effect of pore shape 

The effect of pore shape on restricted diffusion is investigated by using pores of 

sphere, cube and square pyramid (with equal edges) shapes with the same surface-to-

volume ratio (S/V) equal to that of a sphere with a radius of 50 nm (Figure 8.6). Figure 

8.7 shows that restricted diffusion increases for more angular pore shapes, in contrast to 

traditional correlations that link the restricted diffusion to the (S/V) only. The results are 

consistent with the analytical derivation done by (Mitra et al., 1993): i.e., that corners 

(wedge effects) propel the particles away from them, thus increasing the diffusion. The 

explicit simulation in this work does not neglect the effects coming from the boundaries 

of the corners and is in 3D and not just 2D (conditions under which (Mitra et al., 1993) 

the analytical equation for wedge effects was derived). Finally, the current method has 

the capacity to simulate the effects of pore shape at late times and not just short times, 

which are normally used for the interpretation of the S/V. 
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(a)                     (b)                      (c)  

Figure 8.6: Pore shapes of (a) sphere (b) cube and (c) square pyramid are used to analyze 
the effect of shape on restricted diffusion with equal S/V. 

 

Figure 8.7: Effect of pore shape on the normalized restricted diffusion in pores with equal 
S/V. 

8.3.2. Pore-throat ratio and length ratio sensitivity analysis 

The effects of pore-throat ratio (Rp/Rt) and length-pore ratio (L/Rp) are analyzed 

on restricted diffusion using 3D regular structured lattices. The lattice is periodic, 

meaning that it has no boundaries (Figure 8.8, see also Appendix A-3). Any walker 
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attempting to exit the volume is reintroduced on the opposite side of the volume. The 

random walkers are explicitly tracked, i.e., the exact position and reflecting boundary 

(boundaries with zero relaxation) are imposed. The method requires the specific 

definition of pores (spheres) and throats (cylinder), which can be time consuming. 

However, the method enables finding the rigorous effects of pore-throat ratio and length 

ratio and determining cut-off values.  

 

Figure 8.8: Schematic of a 3D regular structured network with periodic boundaries. For a 
detailed description of the specific modeling method, refer to A-3.  
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Figure 8.9: The effect of pore-throat ratio on the normalized restricted diffusion in a 3D 
regular lattice with zero length throats. 

	  

	  

Figure 8.10: The effect of length-pore ratio on normalized restricted diffusion in a 3D 
regular lattice with a pore-throat ratio of 5. 
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Figure 8.9 shows the normalized restricted diffusion in a zero throat-length lattice 

of pores (pores are sketched in Figure 8.8) with a uniform pore size of 50 nm for several 

pore-throat ratios. The results indicate that, up to a pore-throat ratio of 5, the restricted 

diffusion is considerable for throats as small as 10 nm in radius. Figure 8.10 depicts the 

restricted diffusion for a 3D regular structured lattice with a uniform pore size of 50 nm. 

We observe that at higher length-pore ratios, the restricted diffusion becomes lower. This 

is consistent with our intuition that when pore bodies are further apart diffusion is 

smaller; i.e., diffusion is more restricted. 

 

 
     (a)                                                                   (b) 

	  

Figure 8.11: Pore-pore weighting factor as a function of pore-throat ratio (a) and 
comparison of the statistical with the explicit method in computing the long 
time behavior of restricted diffusion (b). 

8.3.3. Comparison of explicit and statistical random walk method 

For the statistical assessment of restricted diffusion in networks, the explicit 

random walk method is used to find a weighting factor in a coupled pore-throat 

ensemble. The measurements are compared to the rigorous simulations in Section 8.3.2.  

Figure 8.11a shows the weighting factor as a function of pore-throat ratio. Figure 8.11b 

indicates a very close agreement between the results from the rigorous simulations 
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performed in Figure 8.9 and the statistical-based simulation.  The results are for the time 

interval in which the diffusion profile reaches the asymptote in Figure 8.9. The asymptote 

is expected given that particles after a time interval dtp-p see a homogenous porous 

medium. 

8.4. CONCLUSIONS  

An explicit random walk algorithm was developed to assess the effects of pore 

shape, pore-throat ratio and throat length ratio on restricted diffusion coefficients. Our 

preliminary results indicate that restricted diffusion increases with pore angularity. 

Furthermore, simulations on regular lattices with no throats show that for pore-throat 

ratios less than 5, restricted diffusion remains significant. In the presence of throats, the 

asymptotic limit of the restricted diffusion coefficient decreases as the throat length to 

pore radius ratio increases. To make the model more tractable and time efficient when 

applied to pore-throat networks, weighting factors were determined for pore-pore 

ensembles as a function of pore-throat ratio (as discussed in Section 8.2.2, a similar 

algorithm can be implemented to find weighting factors as a function of throat length 

ratio). In this study, we varied the pore-body to pore-throat ratio as well as the throat 

length but we did not vary the pore size distribution in the simple cubic network. The 

method, however, has the flexibility to be implemented for multiscale multiphysics 

networks as described in Chapter 6 and 7 that are unstructured and enable for various 

pore size distributions and are more realistic. In a next step, the effects of pore topology 

on restricted diffusion will be investigated. 
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Chapter 9: Experimental verification 

9.1. INTRODUCTION 

In this Chapter the mercury drainage capillary pressure curve of a Wilcox tight 

gas sandstone sample is compared with an a priori multiscale simulation. The grain size 

distribution, cement thickness, and percentage of grains with intra-granular microporosity 

are acquired from the sample thin section. The emerged workflow, Figure 9.1, 

emphasizes the importance of process-based modeling in reducing uncertainty in 

reservoir exploration by making predictions of the reservoir flow properties in various 

burial stages (paragenesis).  

 

	  
	  

Figure 9.1: Flowchart of two-scale network reconstruction and its application in 
predicting single and two-phase flow properties in various burial stages. 
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We subsequently attempt to extract a two-scale network model from an X-ray 

tomographic image of a Wilcox rock sample from another depth of 15038’. Given the 

computational limitations in including micropores that are 100 to 1000 times smaller than 

macropores, only preliminary data are presented and a more robust conclusion is left for 

future work. 

9.2. METHOD 

A core sample at a depth of 14881’ from the Wilcox formation is taken.  450 

points are counted from the thin section and the measurements are shown in tables 9.1 

and 9.2. 
 

Table 9.1: Point count data in percentage. The classification for point counting is drafted 
based on the interest in mechanical and electrical properties of the rock. 

Detrital components % Grains  % 
Quartz 37.3 Very porous 3.9 

Plagioclase 21.5 Partially porous 3.7 
K-feldspar 0 Nonporous 61 

Lithic fragments 6.6 Completely gone 1.3 
Metamorphic 0.9 Total 70 

Carbonate 0.2   
Shale/mudstone 4.4 Cement  

URF 1 Quartz 19.5 
Other grains 1.3 Chlorite 7.2 
  Feldspar 0.2 
Pores  Calcite 0.2 

Primary 2.9 Other 0.2 
Secondary 3.1 Total 27.5 
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Table 9.2: Calculated properties relevant to the characterization of the sample. 

Data are shown in percentages. 

*	  IGV:	  Inter-‐granular	  Volume	  	  COPL:	  Compactional	  Porosity	  Loss	  CEPL:	  Cementational	  Porosity	  Loss	  
𝜙!"!#!$% 40  Grain mechanical properties  
𝐼𝐺𝑉 30  Ductile 8.2  
𝐶𝑂𝑃𝐿 14.2 Rigid 91.8 
𝐶𝐸𝑃𝐿 23.5   
𝜙!"!#$ 5.9  Grain electrical properties  

𝜙!"#$%&'()/𝜙!"#$%"& 1.1 (ratio) Conductive 6.7 
 

𝑄/(𝑄 + 𝐹)   0.63 (ratio) Non-conductive 93.3  
𝑃𝑙𝑎𝑔𝑖𝑜𝑐𝑙𝑎𝑠𝑒/𝑂𝑟𝑡ℎ𝑜𝑐𝑙𝑎𝑠𝑒 98/0    

 

	  
(a) 
	  
	  

57%$
33%$

10%$
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17%$

Lithics$
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(b) 

Figure 9.2: Detrital grain composition (a) and the rock's provenance determination from 
Folk's classification (b); h=14881’. Q = quartz, F = feldspar, L = lithic. 

 

The composition of the rock indicates that, according to Folk’s classification, it is 

a plagioclase Arkose (Figure 9.2). 

 

9.2.1. Process-based network modeling 

9.2.1.1. Initial grain representation 

 

As discussed in Chapter 2, in process-based modeling, the effect of each 

important geological process on the rock transport properties is evaluated on the rock 
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transport properties (Bryant et al., 1993; Oren and Bakke, 2003). The starting point is the 

depositional unconsolidated grains. Given that the majority of grains in our study were 

rigid (Figure 9.3), we use the final stage of the rock to establish the sphericity and 

sortedness of the grains. 
	  

 

Figure 9.3: Grain mechanical properties. Given that 92% of grains are rigid, we assume 
that grain rearrangement has been the sole burial impact ; h=14881’. 

 

JMicrovision software (Roduit, 2011) was used to extract the grain size 

distribution and sphericity from the thin section (Figure 9.4 and Figure 9.5). The diameter 

of each grain is defined as the longest line that can be drawn within the grain. Two 

sorting indices were calculated (Behseresht, 2008; Folk, 1981) 
 

𝑆!! =
𝑑!"
𝑑!"

                                                                                                                                                                                                                                  (9.1) 

𝑆!! =
𝜙!" − 𝜙!"

4 +
𝜙!" − 𝜙!
6.6                                                                                                                                                                     (9.2) 

 

8%#

92%#

Rigid/Duc.le#
Duc.le# Rigid#



 159 

d75 and d25 are the grain diameters  larger than 75% and 25%  of all the grains.  𝜙 

is the Krumbein index defined as – 𝑙𝑜𝑔!(𝑠𝑖𝑧𝑒  𝑖𝑛  𝑚𝑚). Figure 9.5 shows that the grain 

pack with 1.1 ≤ 𝑆!! ≤ 1.2 and 𝑆!! ≤ 0.35, is well-sorted. 

 

 

 

 

 

Figure 9.4: Grain size distribution and sorting indices of the rock; h = 14881’. 

The sphericity of a grain is defined as the ratio of the shortest to the longest axis. 

According to the classification presented by (Folk, 1981), we conclude that the grains are 

elongate with an average sphericity of 0.64. The very low coefficient of determination   
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R2 = 0.12, indicates that the grains have gone through abrasion almost uniformly. 

Multiple grain sources are unlikely based on the absence of the very little correlation 

between sphericity and grain size. We choose a disordered Finney pack (Finney, 1970) as 

an appropriate representation of the well-sorted grain ensemble. 

 
	  

 

Figure 9.5: Sphericity (W/L) versus grains sizes. The average sphericity is 0.64, which is 
that of elongate category; h = 14881’. 

9.2.1.2. Cementation 

Chlorite (early diagenesis) and quartz overgrowth (later diagenesis), are the two 

major cement types in the Wilcox rock sample that occupy 24% and 65% of the 

Intergranular Volume (IGV). Figure 9.6 shows the percentage of each cement type. 
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                                                (a)                                                       (b) 

Figure 9.6: (a) Chlorite and quartz overgrowths are the major cement types reducing the 
porosity (b) their IGV loss fractions; h =14881’. 

Cementation is conceptualized through uniformly increasing the grain radii until 

the targeted porosity is reached (Figure 9.7 and Section 3.1.3). This approach can be 

informed with models of quartz cementation that link the degree of cementation to 

temperature (Lander and Walderhaug, 1999; Lander et al., 2008). Identifying quartz 

overgrowths in light microscopy may be challenging if dust lines are not visible. A point 

counting scheme conducted on an SEM catholuminescence (CL) image (Figure 9.8) – 

note that CL is capable of distinguishing authogenic from exogenic quartz minerals in 

addition to revealing intra-granular fracturing – shows that using light microscopy 

provides good sensitivity to quartz cement.  
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(a)                                                                     (b)	  
	  

	  

(c) 

Figure 9.7: (a) Cross polarized with full wavelength plate and (b) plane polarized images 
of chlorite cementation (early diagenesis) and quartz overgrowth (late 
diagenesis) and (c) schematic of the cementation modeling; h=14881’. 

 

Chlorite cement 
Quartz overgrowth 
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Figure 9.8: Catholuminescence image of a core sample from 14933'. Grains with intra-
granular fractures are rare and do not pose a considerable impact on the 
rock's flow properties. Significant quartz overgrowth is visible. Using 
JMicroVision software on this sample reveals that 17.11% of the points fall 
onto quartz overgrowths. 21.8% is the ratio counted on the cross-polarized 
image. 

9.2.1.3. Grain dissolution 

It is assumed that clay clasts and dissolved feldspars are microporous. Their sums 

contain 11% of the grains (Figure 9.9).  
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Figure 9.9: Porous grain distribution; h = 14881’. 

In terms of the chronology of feldspar dissolution to early and late cementation, 

we find completely dissolved grains (detected by their chlorite outlines) and notice that 

quartz overgrowths have not invaded the empty space left behind by dissolution (Figure 

9.10). This is evidence that feldspar dissolution has been the final diagenetic process. 

Figure 9.11 summarizes the paragenesis and the modeling of it based on inference from 

light microscopy. 
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Figure 9.10: Examples of clay clasts and partially feldspar dissolution (plane polarized 
and EDS images). Note that quartz overgrowth does not invade the empty 
space left by a completely removed feldspar. The dissolution therefore 
occurred after quartz overgrowth. Albitization of orthoclase is also visible 
but the replacement is not included in the numerical simulation of the single 
and two-phase flow properties; h = 14881’. 
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                                                            (Burial stage 0) 

 

(Burial stage 1)                                 (Burial stage 2) 

 

                                  (Burial stage 3) 

Figure 9.11: Conceptual sketch of each burial stage of the paragenesis and its impact on 
the pore-network model. Stage 0 is the compacted deposition prior to any 
cementation. Stage 1 shows the packing when chlorite cementation has 
happened. Stage 2 shows when quartz cementation has occurred. Stage 3 
shows the case when feldspars have been dissolving. 
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Micropores are included inside grains as network clusters that are shrunk to the 

appropriate length scale and mapped to the targeted grains, that is, dissolved feldspars or 

clay clasts (Figure 9.12). For a detailed review of the explicit inclusion of microporosity 

in two-scale networks refer to Chapter 2. We have assumed that cementation does not 

affect microporous grain permeability, first because feldspar micropores dominantly post-

date the cementation, and second because clay crystals do not provide a suitable 

nucleation site for quartz cement. 
 
 

 
 
Figure 9.12: Schematic of the explicit inclusion of micropore clusters inside grains. 

9.2.1.4. Upscaling microporosity 

An explicit inclusion of microporosity as described in Section 9.2.1.3. is 

computationally costly and limits two-scale network modeling to micropores that are not 

more than 10 times smaller than macropores. In order to extend the method to larger scale 

differences, some details should be sacrificed. Bultreys et al. (2015) represented 

micropores as links and assigned the breakthrough saturation of the clusters based on 

percolation theory. In this work, we similarly assigned certain upscaled properties 

namely; mean pore/throat radius and sum of the volume of each cluster, to the clusters 

but ignore the network nature of microporosity (Figure 9.13 and Figure 9.14). A thorough 
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comparison of these two methods in process-based modeling will be the subject of future 

work.  

	  

Figure 9.13: Schematic of upscaling microporous clusters to allow larger scale 
differences between micro- and macropores. 

	  

Figure 9.14: Comparison of drainage capillary pressure curves of two-scale network 
models (a = 10, b = 5, f = 0.12, c = 0.31) between the explicit and upscaled 
inclusion of microporosity. 
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Figure 9.15: Residual water saturation inside microporous grains as a function of length-
ratio, b. The numerical extrapolation is only characteristic for the case 
studied in this Chapter with a = 10 and c = 0.31. 

Figure 9.15 shows that as the length ratio (b) increases up to 100 and 1000, ratios 

which are deducible from mercury injection measurements, the residual saturation inside 

the microporous grains increase up to 100%. We therefore conclude that the microporous 

grains act as conduits of the nonwetting flow to the macropores through their surfaces. 

The complex network inside the grains however is not invaded by the nonwetting phase.  

	  

9.2.2. Image-based network construction  

In this method, the pore structure of the rock is digitized to extract a 

representative network model. However, in tight rocks, pores from various scales may 

not be captured in a single imaging modality. Image-based methods evaluate the end 

stage pore structure and do not allow backtracking the evolution of the rock to its current 
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state. In addition, acquiring X-ray tomographic images is costlier than thin sections. This 

work attempts to compare the accuracy and values of these two approaches.  For digital 

rock physics we use the 3DMA software (Brent, 1999). Kriging’s method of 

segmentation was implemented to separate macropores (visible in the X-ray image) from 

micropores and grains. The same method was further implemented to distinguish 

micropores from grains (Figure 9.16). After the pore network of the macropores were 

extracted, a network model 4 and 7 – the maximum length ratio we could input - times 

smaller than macropores were mapped onto the microporous regions and subsequently 

stitched to the macronetwork. 
	  
	  

      

Figure 9.16: Comparison of an X-ray slice with its segmentation to macro (green) and 
micro (red) pores; h = 15038’. Voxel size 2.7 𝜇𝑚 and 𝐿! = 1.6𝑚𝑚. 

A 3D visualization of the segmentation (Figure 9.17) reveals that macropores are 

rather uniformly distributed within the domain whereas micropores are inside the clay 

clasts and dissolved feldspar as we had suspected.  
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                                                                 (b) 

Figure 9.17: Visualization of macropores (a) and micropores (b) based on the Kriging 
segmentation; h = 15038’. 𝐿! = 𝐿! = 600 and 𝐿! = 900 voxels. 

9.3. RESULTS AND CONCLUSIONS 

Drainage was simulated via an invasion percolation algorithm. The process-based 

network model was implemented on a monodisperse grain pack with a diameter of 272 

micrometers. Informed by the thin section analysis, the burial history of the formation 
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was divided into 4 stages (see Figure 9.11 for schematic). In burial stage 0, the rock is 

composed of grains including shale clasts, quartz, and non-dissolved feldspars. The initial 

rock is porous and permeable and little wetting phase saturation is trapped during 

drainage. In burial stage 1, a layer of chlorite cement is uniformly distributed on all 

grains. The porosity is cut in half and the permeability is reduced by an order of 

magnitude. The residual wetting saturation however is not changed considerably. In 

burial stage 2, quartz overgrowths further block the inter-granular pores and the rock 

becomes impermeable. In burial stage 3, the feldspar dissolves; the micropores emerge 

inside the dissolving feldspars and create the percolation path for fluid flow. Table 9.3 

shows the porosity and permeability at each burial stage. The absolute permeability after 

the last burial stage (feldspar dissolution) increases from zero to a nonzero value. Note 

that the order of magnitude we have estimated is difficult to establish with experiments 

and the salient point here is that some of the permeability of the medium is gained back.  

Figures 9.18 and 9.19 show the drainage capillary pressure and relative permeabilities of 

the formation at each burial stage. The porosity matches with the experimental 

measurement. The image-based two-scaled network model is limited given that the 

explicit integration of micropores that are 500 times smaller than macropores is 

computationally costly. The above-simplified upscaling method is intractable for 

complex porous areas in a segmented image and a more elegant approach is the subject of 

future work. Notice that the numerical extrapolation discussed in Figure 9.16 is 

applicable only for the case studied in this Chapter, that is, a network with a = 10 and       

c = 0.32 with f = 0.12 of its grains filled with microporosity. Porous-plate experiments 

are to be conducted to verify the residual water saturation of the tight gas sandstone in 

future work. 
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The consistency of the process-based and image-based methods are examined in 

Figure 9.21 for the final burial stage of h=15038’ – that is a grain pack with f = 0.12 of its 

grained filled with micropores with a length ratio b = 7 and c = 0.3. The two methods 

give similar off-diagonal complexity numbers of 2.83 and 2.63 respectively. The two 

methods produce close drainage capillary pressure curves but give different drainage 

relative permeability curves.  The discrepancy in the drainage relative permeability is 

investigated by randomly targeting the grains 5 times (Monte-Carlo analysis). The length 

ratio b was chosen 5 instead of 7 to reduce the computational time. Figure 9.21a shows 

that the drainage capillary pressure curve is not sensitive to these runs. The drainage 

relative permeability curves however are significantly affected by this random 

distribution (Figure 9.21b). 
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(a)                                                                          (b)   

 

Figure 9.18: Drainage capillary pressure curve of each burial stage (PBNM and IBNM 
stand for Process-based Network Model and Image-based Network Model; 
in PBNMnt the microporous clasts are completely invaded by the 
nonwetting phase). Note that according to our model, at burial stage 2 the 
rock does not percolate and therefore its curve is not shown. Both mercury 
injection measurements of (a) h = 14881’ and (b) h = 15038’ were 
normalized with the maximum invaded mercury volume to draw consistence 
with the premise of mercury injection experiments ; i.e. mercury invades the 
entire pore space.  
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Figure 9.19: Drainage relative permeability curve of each burial stage. Note that 
according to our model, the rock at burial stage 2 does not percolate and its 
curve therefore is not shown. 

 

Table 9.3: Porosity and permeability estimations of each burial stage. 

Burial	  stage	   𝝓	   𝝓𝒆𝒙𝒑𝒆𝒓𝒊𝒎𝒆𝒏𝒕 𝒌  (𝒎𝒅)	  
0	   0.4137	   -‐	   5000	  
1	   0.2430	   -‐	   673	  
2	   0.0645	   -‐	   0	  
3	   0.0890	   0.1043	   4	  e-‐07	  
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(a)                                                           (b)  

 

  
 

(c) 

Figure 9.20: Comparison of image-based (a) and process-based (b) multiscale network 
reconstruction and their two-phase drainage properties ((c) and (d)). The 
image-based network model has an OdC of 2.63 and the process-based 
model has an OdC of 2.83.  𝐿! = 𝐿! = 1.6  𝑚𝑚 and 𝐿! = 2.4  𝑚𝑚. 
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(a) 

  

(b) 

 

 

 

 

 

 

                                       (c) 

Figure 9.21: Monte Carlo realizations of the last burial stage with f = 0.12 and b = 5 and 
their drainage capillary pressure and relative permeability curves (a,b) and 
OdC and absolute permeability (c). 

Figure 9.21c show that the off-diagonal complexity number has little sensitivity to 

the random targeting of grains whereas the absolute can result difference in order of 

magnitudes. Therefore, a constrain on targeting the microporous grains – such as portion 

of microporous grains contacting each other – should be imposed on the problem to make 

a reliable prediction of the flow properties of the tight gas sandstone. 

 

(a)$ (b)$

(c)$
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Throughout the dissertation, we conceded to the assumption that cementation 

blocks the flow path. This may be effectively true when a percolating macronetwork is 

left intact. In the Wilcox tight gas sandstone this is not the case. The chlorite cement 

appears to indicate microporosity (Figure 9.22a) and if fluid flow is permitted, then a 

shift in paradigm must be acknowledged – that is – chlorite cement preserves reservoir 

quality by not only preventing quartz overgrowths but also allowing the flow of fluid 

through it. Figure 9.22b shows the spanning network of the chlorite cement. The rough 

texture of the chlorite cement can play a major role in the film flow of the wetting phase 

(Figure 9.23). 

 

       

(a)                                                               (b) 

Figure 9.22: (a) The microporosity inside chlorite cement and inside clay and dissolving 
feldspar clasts are on the same order of magnitude, casting ambiguity on 
which path the nonwetting phase has taken. (b) X-ray map of Fe; the 
chlorite cement network can play a significant role in fluid transport. 
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(a) 

  
                  (b) 

  
(c) 

  
                   (d) 

Figure 9.23: Na-feldspar has grown on top of chlorite on top of K-feldspar on top of 
quartz. (a),(b),(c) and Ca of (d). Notice the roughness of the Na-feldspar and 
chlorite cements and the smooth quartz overgrowths. 

During the experimental verification of our model, we noticed that mercury when 

injected does not invade the pore space entirely regardless of the increase in pressure. 

This should not be confused with the trapping of the nonwetting phase (air) given that the 

rock is put under vacuum prior to mercury injection. This is illustrated in Figure 9.24a 

when three core samples of the Wilcox tight gas sandstone at depths of 14803’, 14993’ 

and 15038’ were chosen for mercury injection. The relationship between depth and the 

difference between mercury injection porosity and porosity measure with helium is 

nonlinear. We hypothesize that the closing of throats during the injection plays a role on 
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the underestimation of porosity. Nitrogen sorption hysteresis reveal the pores that are 

below 100nm. The porosity thus measured falls below the difference the mercury 

injection and helium porosimetry indicate. This concludes that it is not a lack of invasion 

of the mercury injection to the nanopores that causes this underestimation (Figure 9.24 

and Figure 9.25). Further analysis of the experimental procedure and its uncertainties fall 

beyond the scope of this dissertation and is left for future work. 

 

 

                       (a)                                                          (b) 

Figure 9.24: (a) Mercury injection measurement show porosities of 𝜙(!"##!  !""#) = 1%, 
𝜙(!"#$$  !""#) = 11.85% and 𝜙(!"#$%  !""#) = 11.323% lower than (b) helium 
porosities of 𝜙(!"##!  !""#) = 10.43%  ,  𝜙(!"##!  !""#) = 16.76% and 
𝜙(!"#$%  !""#) = 19%. 
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(a)                                                         (b) 

 
(c)                                                           (d) 

 
(e)                                                              (f) 

Figure 9.25: Nitrogen sorption hysteresis shows that pores smaller than 100nm do not 
constitute this difference completely as (a,b) 𝜙(!"##!  !""#) = 3.6% (c,d) 
𝜙(!"##$  !""#) = 1.8% and (e,f)   𝜙(!"#$%  !""#) = 1.5%. 
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Finally, we discuss the mobility of wetting phase (water) in microporous regions. 

Mineral surfaces in porous media are commonly coated with adsorbed water (wetting 

fluid) films. Water film thickness depends on surface chemistry, solution chemistry and 

matric potential. Adsorbed wetting films could be connected throughout a microporous 

region, but remain immobile because they are bound to mineral surfaces by 

electrochemical forces. In contrast, capillary bound water, such as water trapped in 

surface roughness or in pendular rings (common in granular materials), once connected 

becomes mobile. If this wetting film thickness is comparable in size to the pore space, 

which can be the case in micropores/throats in tight gas sandstones, then the water fills up 

the microporous space and cuts it off from the percolating path. In such cases, our 

modeling assumption of wetting phase mobility in connected microporous regions 

becomes invalid (though our simulations greatly simplify). In Figure 9.26a we reprint the 

calculation of water film thickness from Tokunaga (2011).  According to the figure, for 

the capillary pressures relevant in this chapter (matric potential is the negative of the 

capillary pressure between air and water,  the  adsorbed film thickness should  be less 

than 5nm.  In Figure 9.26b we show the pore/throat size distribution used in the final 

stage of process-based model. Cumulative distribution of either pores or throats less than 

5nm is very small. While we have not explicitly excluded them from the percolating 

network, we do not expect the exclusion would significantly alter relative permeability 

results shown in this chapter.  
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(a) 

              

(b) 

Figure 9.26: (a) Reprint of Figure 2 from (Tokunaga, 2011). Matric potential is the 
negative of what is referred to here as capillary pressure between water and 
oil. The figure shows the predicted matric potential of water film thickness 
on various common mineral surfaces based solely on van der Waals 
interactions and (b) the pore/throat size distribution, in meters, of the 
process-based network model fitted to the mercury injection measurement 
(see Figure 9.18). 

relation to the form of l = −9.1 s/yc identifies the smallest
grain size at which pendular rings are discontinuous during
wetting processes. Grain sizes larger than this value are low
enough in saturation along the wetting curve such that pen-
dular rings are discontinuous, and they are indicated along
the upper x axis of Figure 1 and later figures (Figures 2, 3,
and 5–9). This upper x axis provides a simple indicator of
the ym‐dependent, limiting grain scale for adsorption‐
dominated hydraulic behavior. It is instructive to compare
these pendular ring‐based film thickness with values ob-
tained from modification of Langmuir’s adsorbed film
equation [Langmuir, 1938a; Tokunaga, 2009], to be dis-
cussed later. The adsorbed film thickness relations based
on this approach are also plotted in Figure 1 for the same
grain sizes. The comparisons show that calculated average
film thicknesses greater than a few nanometers using the
pendular ring volume/area averaging approach on mono-
disperse media greatly overestimate values of adsorbed
film thickness.
[7] The extent to which grain size influences bulk film

thickness in model porous media is discernable from
inspection of Figure 1. Miller‐Miller scaling [Miller and
Miller, 1956] dependence of pendular ring water volumes
on grain size (l) is evident from the shifts in capillary
“thickness” curves. In contrast, aside from controlling
characteristic matric potentials at which pore filling and
drainage occur, grain size exerts only a small influence on
adsorbed water film thicknesses. This reflects the fact that
the magnitude of the l‐dependent capillary pressure of ad-
sorbed water is relatively small compared to the matric

potentials associated with these low levels of water satura-
tion [Tokunaga, 2009].

3. The van der Waals Films

[8] Dispersion or van der Waals forces arising from
dipole‐dipole interactions between all phases present in the
water film environment (solid substrate, water film, and air
as the nonwetting fluid phase) contribute to the potential‐
dependence of very thin films. Between planar interfaces,
the van der Waals interactions result in a disjoining pressure
P dependent on the reciprocal of the third power of film
thickness, f, through

PvdW fð Þ ¼ $A132

6!f 3
ð1Þ

where A132 is the Hamaker constant for the interactions
between (1) solid substrate, (2) water film, and (3) air. The
value of the nonretarded A132 can be estimated from Aii of
component materials through the combining relation
[Israelachvili, 1991]

A132 %
ffiffiffiffiffiffiffi
A11

p
$

ffiffiffiffiffiffiffi
A33

p" # ffiffiffiffiffiffiffi
A22

p
$

ffiffiffiffiffiffiffi
A33

p" #
ð2aÞ

which reduces to

A132 % A33 $
ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
A11A33

p
ð2bÞ

because of the negligible magnitude of A22 for the air phase.
With A33 = 3.7 × 10−20 J for water [Hough and White, 1980],
combining equations yield A132 for water films on solid
substrates in equilibrium with air. As shown in Table 1,
reported values of A11 for common soil minerals range
from 5 × 10−20 to 2 × 10−19. Calculated A132 values on
these mineral surfaces range from −6 × 10−21 to −5 ×

Figure 2. Predicted matric potential dependence of water
film thicknesses on various common mineral surfaces based
solely on van der Waals interactions (equation (3a)) and
Hamaker constants (A132) listed in Table 1. The upper x axis
indicates the approximate smallest grain size allowing
adsorption‐dominated films. Pores in smaller grain size
systems are capillary filled.

Figure 3. Predicted matric potential dependence and grain
size dependence of water film thicknesses on SiO2 surfaces
based solely on van der Waals interactions (A132 = −1.3 ×
10−20) and surface tension (equation (3b)). The planar sur-
face limit is given by the l = ∞ curve (equation (3a)). Other
curves are for spherical grains, with circles indicating the
condition for pendular ring merging (wetting curves).

TOKUNAGA: PHYSICOCHEMICAL CONTROLS ON ADSORBED WATER FILM THICKNESS W08514W08514

3 of 12
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“There is no authority who decides what is a good idea.” 

- Richard Feynman, The Meaning of it All: Thoughts of a Citizen Scientist 

 

Chapter 10: Conclusions and recommendations for future work 

 

10.1. CONCLUSIONS 

The pore-network models created for this work explicitly incorporate pores from 

multiple length scales as well as other common geologic features such as vugs and micro-

cracks. We use these multiscale pore-models to make a priori predictions of the single 

and two-phase flow properties of carbonates, tight gas sandstones and mudrocks. The 

network construction methods are described in Chapter 3. 

In this dissertation, we demonstrated that the deterministic integration of pores 

from multiple length scales is a non-trivial problem and is impactful on transport results.  

The deterministic and geologically sound addition of the second scale sets this work apart 

from other pore-scale modeling investigations. In Chapter 4, we studied multiple pore 

systems with bimodal pore and throat size distributions; pore size length scale ratios of 

largest to smallest pores (referred to as “macro” and “micro” pores) ranged from 5 to 10. 

This degree of bimodality however can be seen with a non-uniform cement distribution 

or a polydisperse grain pack as well. We performed a systematic analysis of the effects of 

spatial distribution of macro- and micropores on capillary pressure vs. saturation, 

permeability-porosity and relative permeability vs. saturation constitutive relationships. 

In addition, the effect of cementation in macropores and, specifically, the eventual 
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disconnection of the macropore percolation path, were studied in detail. Cementation 

effects, in the absence of microporosity, were able to replicate the unorthodox “jail 

effect” in (imbibition) relative permeability reported by Shanley et al. (2014) in tight gas 

sandstones. The presence of microporosity diminishes the jail effect. The jail effect 

emerged in the case where 50% of macropores were filled with microporous clusters. We 

showed that the spatial distribution of micropores relative to macropores has a major 

influence on flow properties. In extrapolating these effects to larger and more realistic 

ratios of macro- to micropores, the absolute size of the micropores must be carefully 

considered: if smaller than 100nm, emergent boundary-layer physics may need to be 

considered to accurately model the displacement of two fluids (Kelly et al. 2015). 

Furthermore, depending on the surface chemistry and roughness of the solid phase, 

wetting films may be electrostatically bound to walls and of significant enough size that 

they almost completely fill the micropores. In such cases, the micropores are impervious 

to the non-wetting phase and our simulations are greatly simplified.   

In the analysis we assumed the displacement of one fluid by another to be well 

represented by a quasi-static, capillary-forces-dominated process. During quasi-static 

displacement, the configuration of phases is assumed to be in equilibrium and the flow of 

each phase does not affect the flow of the other phase. This assumption is not valid in 

larger pore sizes (such as vugs or microcracks) and the algorithms implemented in this 

work can cause errors for those diagenetic features.  

 A systematic forward analysis on the effects of prominent diagenetic processes 

observed in carbonate and tight gas sandstone rocks on tracer breakthrough profiles 

(Chapter 5) did not reveal significant perturbations in the simulated tracer breakthrough 

profiles. In particular, we studied the influence of the spatial distribution of micropores 

and the addition of macropore features such as vugs and microcracks on these profiles. 
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Peaks in the tracer profiles did not change location with respect to pore volumes of fluid 

injected, and it was qualitatively established that changes in peak location were not 

significant enough to find a signature behavior for any of the studied heterogeneities. We 

did not perform experimental validation or a quantitative evaluation of the tracer 

breakthrough profiles (such as the pore-volume injected fluid associated with each 

profile’s peaks from the unit pore-volume associated with the peak of a Gaussian profile).  

Relevant gas flow regimes from continuum down to slip-flow and Knudsen 

diffusion  were implemented within, respectively, micrometer to nanometer pore length 

scales in network models of mudrocks  (Chapter 6). To our knowledge, this was the first 

implementation of a 3D two-scale network of interconnected pores of nanometer to 

micrometer sizes in a study of apparent gas permeability.  In a single-scale network 

model, as the length scale is reduced, the relationship between permeability and mean 

throat size grows nonlinear in comparison to the permeability calculated with the no-slip 

boundary condition and the incompressible flow assumption. When 50% of pores were 

nanoscale and the rest microscale, the relationship grew linear again at lower pressures; 

this trend was still orders of magnitude higher than the case when a no-slip boundary 

condition and incompressible flow is assumed. The effects of nano-confinement on the 

thermodynamics of the flowing fluid, such as capillary condensation, were not 

incorporated in the models; we note this may result in errors in our predictions.  Finally, 

the network used in Chapter 6 was a 3D unstructured network, but its connectivity 

resembled conventional rocks and was thus oversimplified; Chapters 7 and 9 offer 

improved unconventional networks. 

Unlike the tracer breakthrough study, the nitrogen sorption hysteresis study 

(Chapter 7), showed consistent signature behaviors. Specifically, when pore sizes are 

below 100 nm, a consistent increase in hysteresis with increase of the fraction of 
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disconnected throats emerges. A qualitative comparison between the hysteresis produced 

with the network analogs and the traditional paradigm in pore shape and connectivity 

(Sing, 1985) confirmed their previously observed hysteresis signatures. We studied three 

distinct types of connectivity between macro- and micropores that were motivated by the 

literature on SEM images of mudrocks. The results indicated that sorption and 

permeability show strong hysteresis in the bimodal pore size distributions studied and, 

thus, could possibly be used to detect shale matrix pore network topology for samples 

with multiple scales. Quantitative evaluation of nitrogen sorption hysteresis (such as the 

area enclosed by hysteresis curve) was not conducted. The major assumption in this 

chapter was that the wettability of the solid phase to nitrogen vapor was the same as that 

of conventional sandstones (Roque-Malherbe, 2007). The wettability of organic matter is 

uncertain and may change with maturity, so it was unclear how to cogently implement it 

in our model. In addition, the Kelvin equation may become invalid for pore sizes below 7 

nm (Walton and Quirke, 1988), which needs to be addressed in future work.  

The fidelity of process-based and image-based multiscale modeling techniques 

was assessed on samples from the Wilcox tight gas sandstone (Chapter 9). Through a 

petrographic study, the thickness of two major cements in this formation, namely chlorite 

and quartz, were quantified and their uniform distributions on the grains were established. 

The grain size distribution showed high sorting which motivated using a monomodal 

grain pack as a starting point in modeling. We further quantified the fraction of 

microporous grains, as well as the relative position and types of microporosity (primarily 

detrital clays and dissolving feldspars) and incorporated these into the two-scale network 

model. The burial sequences were also deduced from petrographic analysis. The observed 

discrepancy between the simulation of mercury injection capillary pressure curves and 

the experimental measurement can be due to the limited field of view of SEM images 
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used in the quantification of microporosity features, as well as the averaging procedure 

used to incorporate the information into the network model. In addition, MICP curves 

cannot be used to verify residual water. Thus we did not establish the sensitivity of the 

model to the trapping mechanism of the microporous clusters and to the averaged 

properties assigned to them.  Despite the discussed limitations, these simulations are to 

our knowledge one of the most intensive attempts to incorporate geologic parameters 

from images at multiple length scales in a pore-network model and present a good 

starting point for a more detailed study. 

In this preliminary study of the Wilcox samples, the scale difference between 

macropores and micropores was chosen to be 7, which was less than the image-informed  

ratios, but rendered feasible computational costs for the image-based network model 

(where averaging was nontrivial to implement). Nevertheless, the comparison of the 

process-based and image-based multiscale network modeling approaches using that 

length ratio showed the importance and uncertainty that spatial distribution can have on 

flow properties. The drainage capillary pressure curves predicted with both approaches 

produced consistent values whereas the drainage relative permeability curves were 

inconsistent. In particular, different spatial distributions of macropores had a major 

influence on relative permeability curves. Hence, it appears that in order to correctly 

predict the relative permeability curves, the spatial distribution of micropores must be 

further quantified and constrained. It was further assumed that neither fluid phase form an 

adsorbed films on the solid phase. As was explained prior and is elaborated on further in 

the subsequent section, this assumption can potentially cause significant errors in the 

prediction of relative permeability curves.  

By simplifying the pore space into a ball-and-stick ensemble, pore network 

models are able to incorporate much wider pore size distributions than direct pore-scale 
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flow models such as lattice-Boltzmann modeling (Landry et al., 2015), finite difference 

discretization of Navier-Stokes equation (Shabro, 2013), and level set methods 

(Prodanović et al., 2013). The downside is that such a simplification can cause the loss of 

important geometry information. The main sources of error are the assumptions of certain 

shapes for the pores (in our case sphere) and throats (cylinder), and failure to consider 

any inertial affects in the corners and converging-diverging geometries. The pore throat 

flux equation depends on the radius if its assumed cylindrical shape and does not suffer 

from discretization errors.  We used the flux equation developed by Javadpour (2009), 

also Equations (6.1) and (6.2) in this thesis.  A recent study by Jun et al. (2013) found 

that this equation performs consistent with other tube models in the literature (Civan, 

2010; Ho and Webb, 2006) if the tangential momentum accommodation coefficient is set 

to a value of 2 whereas Javadpour (2009) uses the value of 0.8. In the latter case of 0.8, 

the models disagree up to 100% in the apparent permeability estimate (for a single tube) 

is when tube is 1-10 nm in radius. Thus care should be exercised in choice of the 

parameters if the pore-network model was dominated by that size range. Further, how 

well the network of tubes approximates unconventional rock pore spaces is still an open 

research question. The comparison would have to be made with experimental 

measurements or direct pore-scale modeling of a 3D imaged volume captured at an 

appropriate field of view. We did not have access to experimental permeability 

measurements, and lattice-Boltzmann modeling with slip flow and diffusion effects are 

still in development (Landry et al. 2015); thus, neither comparison was feasible within 

the timeframe of this thesis.   

 A discrete time random walk algorithm was developed to create forward models 

for restricted diffusion in mudrocks (Chapter 8). Restricted diffusion is an important 

dimension in 2D NMR maps, which quantify the pore structure and fluid properties in in 
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situ conditions. The shape of a pore was demonstrated to be pertinent in deriving 

restricted diffusion correlations for mudrocks, as pores with three different shapes but 

equal S/V ratios did not produce the same restricted diffusion profile. The  assertion based 

on S/V ratio is valid in sandstones with smooth grain surfaces (see Mitra et al., 1993). 

Furthermore, by implementing the algorithm in infinite acting regular lattices, a method 

for determining cutoff values for the ratio of pore size to throat size for restricted 

diffusion to occur was established. Such cutoff values can assist in determining the 

sensitivity of the NMR tool to detecting throats that may not be visible in FIBSEM 

images. The algorithm, however, was not incorporated into the multiscale network 

models. 

 

10.2. FUTURE DIRECTIONS 

Electrochemical forces. Research on quantifying the electrochemical effects of 

pore surfaces on fluid flow and displacements is indispensable in furthering the 

developed methods. In performing the two-phase flow simulations, the immobile 

adsorbed thickness was ignored. This assumption can become invalid in argillaceous 

formations with pores below 50 nm. The adsorbed water thickness has been reported 

around 10 nm for smooth surfaces (Hirasaki, 1991) and values up to 30 nm have been 

deemed justifiable for rough surfaces (Toumelin, 2006); theoretical estimates are 

available in (Tokunaga, 2011). That said, the level of immobile adsorbed water thickness 

depends on the wettability of the solid phase, the oxidation state of clay, the mineralogy 

of the substrate, the salinity of the formation fluid, presence of surfactant, etc.  Multiscale 

micro/nano-fluidic models can play a significant role in performing controlled 

experiments to determine said effects (Nuske et al., 2015).  
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Pore shape effects and adsorption of solutes. Although advanced imaging 

methods such as FIBSEM and Transmission Electron Microscopy (TEM) provide 

detailed information on the rock texture, these methods are very expensive. In addition, 

extrapolating the information gathered from their very narrow field of view is difficult 

and upscaling methods must be considered. We proposed two indirect methods, sorption 

hysteresis and tracer breakthrough profiles, in upscaling the pore structure to core-scale. 

Despite encouraging results, especially in sorption hysteresis measurements, further 

investigation on the effects of pore shape on sorption hysteresis and adsorption of solutes 

on microporous rocks is warranted.  

Wettability effects. Wettability in carbonates,tight gas sandstones, and shales is 

poorly understood. This is due to the fact that contact angle measurements are normally 

conducted on pure smooth minerals. In situ contact angles in reservoir conditions on 

rough surfaces can deviate significantly from such measurements.  A novel approach by 

(Andrews et al., 2014) reveals a distribution of supercritical CO2 within carbonate 

macropores at reservoir conditions. Similar innovations on finding the wettability in 

micro- as well as nano-pores in mudrocks are recommended by the author. 

Nano-confinement and connectivity effects on restricted diffusion. A priori 

knowledge of the restricted diffusion within the nanometer-to-micrometer scale pores in 

unconventional porous media is necessary to correctly interpret 2D-NMR maps. The 

preliminary study in Chapter 8 suggests that the discrete time random walk algorithm 

could be utilized to create weighted probabilities for the walkers as a function of pore-

throat ratio and length-pore ratio. Such weighted probabilities would allow walkers to 

jump from one pore to another in a network model. This technique could render an 

inference of the pore structure with multiscale pore network models and in situ conditions 

possible. The assessment and quantification of uncertainty as a result of utilizing the 
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statistically derived implicit method as compared to the explicit method and the 

deviations from experimental measurement are recommended for future work. 

Process-based modeling of mudrock diagenesis. Extending process-based 

modeling to mudrocks would be a great aid in understanding their flow properties. 

However, there is a significant amount of uncertainty in capturing mudrock diagenesis. 

At present, a recent inference by Loucks and Reed (2015) (see Figure 10.1) can be 

modeled by integrating cementation, compaction and second scale porosity resultant from 

the thermal maturation of the organic matter. A combination of sorption hysteresis and 

mercury injection measurements can be used for verification of the model. Due to the 

lack of three-dimensional images of shale at a sufficient REV size the third dimension 

can be sacrificed and a 2D light microscopic thin section can be directly used for tile-

based imaged network modeling (as discussed in Chapter 3) where the pore-space 

information of any smaller scale is fed explicitly to the model. This simplification may 

result in large errors, in which case the Multiple Point Statistical Method can be used to 

build a three-dimensional stochastic reconstruction as has been performed by Okabe and 

Blunt (2005). Vugs may impose a dynamic two-phase flow regime in carbonates. The 

coupling of dynamic and quasi-static regimes is encouraged for predictive constitutive 

equations. Finally, the computational efficiency of the algorithms was not quantified in 

this work. Optimizing the developed software will be a subject of future work.  

 

 

 



 193 

Figure 10.1: Reprint from 
Figure 2 of Loucks and Reed 
(2015). Such process-based 
modeling includes, ductile 
compaction, cementation and 
second scale porosity 
produced by thermal 
maturation. 
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Appendix 

A-1. SELECTING THE RANDOM DIRECTIONS AT EACH TIME STEP 

In order to assign random directions to the particles at each time step, dt, the 

angles s and θ in Equitation (8.4) are selected as specified in equations A.1 and A.2: 

  

𝜙 ∈ [0,2𝜋]                                                                                                (A-1.1) 

 

𝜃 = 𝑐𝑜𝑠!! 2𝑣 − 1     𝑣 ∈ 0, 1                                                                 (A-1.2) 

 

The angle φ and the parameter v are chosen randomly from the intervals 0 to 2π 

and 0 to 1, respectively. It is important to note that, because the surface element in the 

spherical coordinates, that is sin(θ)dθdφ,  is a function of θ, it is incorrect to choose the 

random angles 𝜃  from 0 to π as a uniform distribution. 
 

A-2. BOUNDARY CONDITIONS 

As was discussed in the text, we assume the surface of the solid phase is rough. 

To model this, once the particle hits the pore surface, a random direction is chosen from 

uniformly distributed points on a hemisphere attached to the plane that is tangent to the 

pore surface. After the particle hits the wall, it travels the remaining distance left on that 

time step. Figure A.1 depicts the random, non-specular reflection at the boundary. M is 

the starting point of the particle. O is the point of contact with the pore surface and M′ is 

the final destination of the particle. The red dashed arrows indicate some of the available 

directions that the particle might be reflect in after hitting the surface.  

Note that, 𝑀𝑂 + 𝑂𝑀! = 𝑙 and  𝑙 = 6𝐷𝑑𝑡. 
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Figure A.1: Boundary condition when a particle collides with the pore surface. 

A-3. INFINITE ACTING MEDIUM 

We model the infinite acting domain illustrated in Figure 8.8 by recirculating 

particles once they diffuse out of the pore body. A network with zero length throats is 

modeled as a single pore with six simple openings, while a pore system with finite length 

pore throats is modeled with a single pore with six throats (cylinders) connected at the 

top, bottom, right and left side as well as the front and back of the pore (See Figure A.2). 

Global and local position vectors (𝑟!"#$%" and  𝑟!"#$%) are assigned to each particle 

for the Brownian motion simulation. 

Initially, all particles are distributed such that their concentration inside the pore 

(and throat) is uniform. When a particle reaches an opening (to an adjacent pore) it is 

translated to the opposite side: 

 

 

𝑟!"#!"#$% = 𝑟!"#!"#$! − 2𝛥𝑑 + 𝐿 𝑢                                                            (A-3.1) 
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where u is the unit vector starting from the center of the pore to the center of the 

opening. 
 

 

                       (a)                                                                         (b) 

Figure A.2: (a) Single pore with six openings used to model zero length throats network; 
(b) and a single pore with 6 throats used to model networks (with nonzero 
length throats interconnecting pore bodies) used to simulate an infinite 
acting media. 

 
 

When this translation happens, the direction and the remaining distance of the 

particle left in that time step is retained for the particle to move after the translation. The 

particle after translation does not start from a random point on the opposite side but starts 

from the mirror location of the initial path's intersection with the plane of the opening. 

Throughout this process, the global and local location of the particle is recorded. It is the 

global location of the particle that is used in equation (8.5) to compute restricted 

diffusion. 

In short, the idea is to simulate particles moving in an infinite lattice for a 

homogeneous isotropic system.  It is also important to note from equation (8.5) that, in 
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this medium, the starting pore of the particles is not important as long as the initial 

distribution is for a uniform concentration. 
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