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1. Introduction 

1.1 General context  

Transport of fluids within rock mass, which is solid rock matter plus discontinuities such as fractures 

or faults, is a scale-dependent phenomenon. On the small scale (micro-scale), which is within intact 

rock, transport is through pores and micro-fractures. Above a certain scale (meso-scale), which is 

typically in the decimeter range, persistent discontinuities are evident; these discontinuities may be 

due to layering in sedimentary rocks, such as shale, and fractures. The fractures are typically evident 

in distinct orientations, which is the result of geological processes at geological time scales (millions 

of years). The fractures are typically connected and make up the so-called distinct fracture network. 

Transport is governed by these fractures on the meso-scale. 

 

At larger scale, typically in the decameter scale and above, faults are evident. Faults are large scale 

discontinuities, that show high fracture densities. These faults may be conductive in certain cases but 

may also be smeared and impermeable due to diagenetic processes or large deformation. Non-

conductive faults confine oil- and gas-bearing compartments. 

 

These general statements are valid for shale formations also. In shale formations, pores contribute to 

fluid transport on the sub-centimeter scale, at larger rock volumes fractures increasingly become the 

dominant fluid transport pathway. Faults may be hydraulically confining reservoirs and act as fluid 

transport barriers. For a broader introduction to the matter the reader is referred to [1].  

 

WP6 is tasked with establishing a connection between atomistic, molecular-scale calculations and 

predictions for large-scale transport of fluids within shale rock formations.  

 

The mechanism of fluid migration through shale rocks is not yet fully understood, thus this line of 

research continues to be of great interest. Darcy's law, often used to describe macroscopically fluid 

flow through a porous material, is expected to be unable to describe the fluid transport behaviour in 

nano-channels. Shale rocks are heterogeneous and anisotropic systems, consisting of a broad 

distribution of pores (1-500 nm). As a result, fluid flow occurs via a contribution of different transport 

mechanisms, all of which need to be accounted for.  

 

Lock et al.[2] used a small number of 2D scanning electron micrograph (SEM) images to estimate 

hydraulic conductivities of individual pores in rock reservoirs and then employed the EMT to predict 

absolute permeability. They carried out the permeability estimation for several reservoir sandstones 

from the North Sea, and a few outcrop sandstones. They reported that the analytical procedure seems 

to overpredict slightly in the low permeability range, and to underpredict at the high permeability 

range of the samples. The average percentage error was reported to be 48%; Although the value is 

high, this error was comparable to that inherent in laboratory measurements [3]. Jurgawczynski et al. 

[4] applied the methodology developed by Lock et al. [2] to describe the permeability of twelve 

carbonate samples obtained from hydrocarbon basins located in various parts of the world. These 

Authors pointed out that the accuracy of the approach varies considerably from specimen to 

specimen. In some cases, the permeability was predicted within or very close to a factor of two from 
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experimental data, while in other cases the permeability was under-predicted by a substantial 

amount. Coppens et al.  [5] examined binary diffusion (fast and slow species) in zeolite ZSM-5 by 

employing KMC simulations. Because of their narrow pores, zeolites are sometimes used to represent 

pores in shale rocks. These Authors reported that the EMT, in combination with Mean Field theory or 

KMC, is an alternative to describe diffusion in microporous materials as it leads to good agreement 

with the results obtained from KMC, up to certain conditions. The EMT method is indeed known to 

become less accurate when the pore blockage increases and the percolation threshold is approached. 

 

The SXT consortium developed a simplified lattice model, which represents the pore network as a set 

of connected finite volumes (voxels). In this lattice, transport is simulated as a random walk of 

molecules, which "hop" from voxel to voxel. Using an effectively 1D pore, the lattice approach, which 

takes advantage of a stochastic model, was validated against the analytical solution of the diffusion 

equation. In this 1D representation, the kinetic Monte Carlo algorithm (KMC) was implemented to 

quantify the transport of methane through hydrated micropores. Atomistic MD simulation results 

were reproduced successfully by the stochastic approach. The model was then extended to 2D, which 

enables us to evaluate the impact of pore size distribution (PSD) characteristics and the effect of 

anisotropy on the calculated permeability. 

1.2 Deliverable objectives 

For the deliverable D6.1 ‘Analytical models and software for describing convective and forced fluid 

transport within fractured shale formations’, UCL’s efforts were focused on the development of a 

stochastic kinetic Monte Carlo (KMC) model to describe fluid flow.  

 

Besides the stochastic KMC model, two deterministic approaches were also implemented, the 

Effective Medium Theory (EMT) and a Renormalisation method. Both these deterministic methods 

provide permeability calculations at significantly lower computational cost compared to stochastic 

models, or deterministic numerical simulations. However, the accuracy of analytical approaches may 

not always be acceptable. 

 

The work summarised in this deliverable focusses on the implementation and comparison of three 

approaches to predict the permeability of complex pore networks. Two of the methods are 

deterministic and one stochastic. 

 

The primary objectives are: 

 The development of a cost effective and robust method for modelling permeability of complex 

pore networks; 

 Development of a novel derivative of the stochastic Kinematic Monte Carlo (KMC) approach; 

 Validation of the novel approach to two deterministic methods, the EMT and a simplified 

renormalization technique. 

 

In this deliverable, the SXT consortium provides recommendations on the optimal conditions under 

which each method can be used. To conclude the comparative analylss, the three methods were used 

to calculate the permeability of an Eagle Ford shale sample, for which an SEM image of the rock sample 

and a pore size distribution (PSD) dataset were available from literature.  
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2. Methodological approach 

2.1 The kinetic Monte Carlo algorithm 

KMC uses state-to-state transition rates to simulate trajectories of the stochastic "wandering" of a 

system around the state space [6]. To this end, the KMC implementation requires rate constants that 

capture the probability per unit time of such state-to-state transitions [6]. A sequence of such 

transitions constitutes a sample path or trajectory, whose statistics follow the so-called Master 

equation (M-equation) that governs the dynamics of the system. The M-equation gives the time 

course of the probability mass function (p.m.f.) of finding the system in a certain state at a given time 

[7]: 

 

 dP𝐢(t)

dt
= −∑W𝐢𝐣P𝐢(t)

i≠j

+∑W𝐣𝐢P𝐣(t)

i≠j

 
(1) 

 

The M-equation describes the system evolution as a balance of probabilities (P𝐢(t) and P𝐣(t)) multiplied 

by the kinetic constants W𝐢𝐣 and W𝐣𝐢, respectively, which quantify the propensity of an event, or, in 

other words, its probability of occurrence per unit time. Despite its simplicity, the M-equation can 

hardly be solved. Instead, a KMC algorithm can be employed to simulate sample paths (trajectories) 

and estimate statistical properties of interest [6]. The kinetic constants depend on the diffusivity of 

the species considered [8]. To ensure that the selected transitional rates capture correctly the 

dynamical evolution of the system towards equilibrium one can consider the Boltzmann relationship: 

 
Pi
0~exp(−

Fi(T)

kBT
) 

(2) 

 

Microscopic reversibility (i.e., detailed balance) needs to be satisfied for any connected pair of states 

i and j. This implies the following relationship between rates W𝐢𝐣 (forward process) and W𝐣𝐢 (reverse 

process)[6]: 

 

 W𝐢𝐣

W𝐣𝐢
= exp(−

Fj(T) − Fi(T)

kBT
) 

(3) 

The SXT consortium implemented the direct method to describe diffusion as a function of jumps 

between neighbouring voxels. We discretised the sample space and created finite domains, subsets 

of the sample space, in which a molecule could be found. The probability of occupancy inside these 

subsets, which are referred to as voxels was then determined. The movement of molecules from one 

voxel to others was treated as a possible transition pathway. We first identified all possible pathways 

and then determined the rates through which the transitions were taking place. The possible 

molecular pathways in a 1D domain with periodic boundaries and N square voxels is 2N. If the system 

is closed and both the boundaries are reflective, the possible pathways are reduced to 2N - 2 (see 

Figure 1). 
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Figure 1: Representation of the possible pathways in a 1D domain with reflective boundaries. For N voxels there are 

2N - 2 possible moves a molecule can make. 

The KMC algorithm requires the selection of two random, uniformly distributed numbers u1 and u2 

∈ (0,1). We implemented used the Mersenne Twister MT19937 uniform random number generator 

(u.r.n.g.) [9]. One of the selected numbers, u1, was used to select which event takes place; the second, 

u2, was used to determine the time increment due to the selected transition. 

 

KMC algorithms are designed to simulate stochastic realisations of the Master equation[10]. In Figure 

2 we describe schematically the algorithmic steps implemented in our KMC approach. The 

computational efficiency of the KMC algorithm is strongly dependent on the matrix mesh. For a N  N 

matrix with z=4, there are 4  N  N possible events at each step. The selection of the events can be 

performed in a linear or branching manner, with the latter making use of binary tree representations 

of priority queues[11]. For efficiency purposes, we implemented the latter approach.  

 

Figure 2: Schematic of the KMC algorithm implemented by ShaleXenvironmenT project. 
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2.2  Effective Medium Theory 

Kirkpatrick [12] proposed a general formalism for inhomogeneous, disordered lattices, described by a 

range of conductances gx, where x is the index of a cell or element in the network (x = 1,…,X, with X 

the total number of elements). Assuming no spatial correlation between the gx values, the implicit 

mathematical relation involving the effective conductance gm, the local conductances gx, and the 

coordination number z, which characterises the lattice, is: 

 

 〈
gm − gx

[(z 2⁄ − 1)]gm + gx
〉 = 0 (4) 

 

Eq. (4) can be solved numerically by the following formula, where φx describes the ‘significance’ of 

conductance gx in the calculation of the effective conductance gm: 

 

  
∑φx

X

x=1

gm − gx

[(z 2⁄ − 1)]gm + gx
= 0 

 

 

(5) 

 

ShaleXenvironmenT project implemented the above formalism for calculating the effective 

permeability in a lattice-based pore network. The calculation procedure is described in Figure 3. The 

local conductance values of voxel i,j are replaced by permeability coefficients ki,j, explicitly stated in: 

 

 

∑∑φi,j

NR

i=1

keff − ki,j

[(z 2⁄ − 1)]keff + ki,j

NC

j=1

= 0 

 (6) 

 

where NR is the number of matrix rows and NC is the number of columns. The coordination number 

z is kept constant and equal to 4 [13], as we considered rectangular 2D networks. In Eq. (6) the 

frequency term φi,j acts as a weighting factor on the permeability coefficient ki,j. The weight of φi,j 

represents the volume fraction of each voxel. The voxels have the same size, and hence all φi,j have 

the same weight: 

 

 
φi,j =

1

NCxNR
 

 (7) 
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Figure 3: Representation of the lattice-based pore network model for predicting the effective permeability using EMT. 

The pore network model consists of multiple voxels with various types such as a micro- (dark blue), meso- (light blue), 

or macroporous (white). 

2.3 Simplified Renormalisation 

We also calculated the effective rock permeability using the Simplified Renormalisation method as 

proposed by Naraghi et al. for a 2D matrix[14]:  

 

 
kUB =

NR

NC

1

∑
1

∑ ki,j
NC
j=1

NR
i=1

 
 (8) 

 

kLB =
NC

NR
∑

1

∑
1
ki,j

NR
i=1

NC

j=1

 

 (9) 

 keff = √kLBkUB  (10) 

 

The imposed flow was of vertical (top to bottom) direction, and zero cross flow was assumed. 

 

3. Summary of activities and research findings 

3.1  Validation of the KMC model against diffusion equation (1D) 

We validated the accuracy of the stochastic algorithm by comparing its predictions to those expected 

by solving the diffusion equation analytically. For this purpose, a finite domain with total length L and 

reflective boundaries was considered. A non-trivial solution of the 1D diffusion equation on the x-

direction is [15]: 

 

 
C(x, t) = 

1

2
C0 ∑ [erf(

h + 2nL − x

2√Dt
+ erf (

h − 2nL + x

2√Dt
)]

n=+∞

n=−∞

 
 (11) 
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where C(x, t) is the spatially and temporally varying concentration, C0 is the initial concentration of 

molecules and -h ≤ x ≤ +h the region in which the molecules where initially confined. To achieve a slow 

diffusion, which will resemble a Boltzmann distribution, we distributed a population of 2125 molecules 

over the first 25 voxels at t = 0. Both the KMC algorithm and the continuum equation can predict the 

concentration of molecules over time and over place (C(x, t)). We compare the predictions of these 

two methods by sampling over time and over space. We let the system diffuse for a total time of 0.1µs 

and four samples are collected at t0 = 0, which is the initial configuration of our system, t1 = 2ns, t2 = 

9ns and at tmax = 0.1µs . While sampling over space (100 voxels in total), we tagged two voxels, the 

30th and the last one and monitored the concentration of molecules inside them over time. The 

concentration is expressed in number of molecules
m3⁄ . The data collected are presented in Figure 

4. 

 

 

Figure 4: Snapshots of concentration profiles at t0 = 0 (panel A), t1 = 2ns (panel B), t2 = 9ns (panel C) and t3 = 0.1µs 

(panel D), as predicted by the KMC algorithm (blue line) and the 1D diffusion equation (red line). 

The agreement between the stochastic and the analytical solution of the diffusion equation was 

satisfying. At the beginning of the simulation all molecules were distributed equally over the first 25 

voxels. Once the system was free to diffuse, the species started migrating to the neighbouring voxels 

(panel B and C) until equilibrium was reached (panel D). At equilibrium, the population was evenly 

distributed throughout the domain. Figure 5 presents the time evolution of the concentration profiles 

for two selected voxels. 
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Figure 5: Concentration profile of the 30th and 100th voxel as a function of time. The blue line corresponds to the 

stochastic approach and the red line represents the solution of the 1D equation. 

Since the 30th voxel was closer to the region where the molecules are initially distributed, less time 

was required for it to become occupied. On the other hand, the 100th voxel, which was the last voxel 

of the domain, stayed empty for longer times. After approximately 20 nanoseconds the system 

equilibrated. 

3.2 Validation of the KMC model against MD simulations (1D) 

For the validation of the 1D KMC model against the MD simulations, we considered three 

substrates that comprised of three regions (Region 1, Region 2 and Region 3), two fluid species 

(methane and water), and two fluid phases. In all cases two bulk areas surrounded the pore 

(Region 1), two layers of liquid water lay outside both sides of the pore (Region 2) and a slit 

pore is filled with water (Region 3). Water molecules were in liquid phase while methane 

molecules were in gas phase. As methane migrated through the pore, it first solvated in the liquid 

water and then it diffused. Interfaces separated the bulk and the pore space. A schematic is 

shown in Figure 6, which corresponds to a silica slit-pore filled with water; methane molecules 

are present at both bulk regions. In the KMC lattice each Region was composed of voxels. Each 

voxel was assigned a forward and a backward diffusion rate. In Figure 6 only the transition rates 

at the interfaces are presented. 
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Figure 6: Representation of our simulated system and the transition rates at the interfaces. Region 1 (R1) corresponds 

to the bulk methane reservoirs, Region 2 (R2) symbolises the layer of water formed outside of the pores and Region 3 

(R3) represents the silicon oxide pore. 

To build the KMC model one needs to determine the diffusion rates within the three regions and 

the transition rates at the interfaces between them. To determine the diffusion rates, we 

considered the diffusion coefficient of methane in the water layer outside the pores and that of 

methane inside the hydrated pores. Potential of mean force (PMF) profiles and methane density 

profiles were used to assign the transition rates at the interfaces. The rates that describe the back 

and forth transitions between neighbouring voxels inside each individual Region were equal, due 

to microscopic reversibility. To calculate such rates inside the hydrated pore and the water layer 

the following expression was used [9]: 

 
k =

D

l2
 

 (12) 

where D is the coefficient of methane. The diffusion coefficients of methane in the various 

hydrated pores were obtained by Phan et al. and are summarized in Table 1. The diffusion 

coefficient of methane inside the water layer is set to 1.8 × 10−9 m2/s [16]. Information regarding 

the PMF experienced by the methane molecules across the hydrated pores was obtained by Phan 

et al. [16] The methane molecules diffuse first through the layer of water outside the pore, where 

the water molecules are able to move freely. Once they enter the hydrated pores, the adsorbed 

water molecules can hinder methane transport. To calculate the transition rate at the interfaces, 

we made use of the energy barriers obtained from the PMF profiles45 and then used Boltzmann’s 

distribution to define the probability of occupancy in Regions 2 and 3. The energy barriers 

considered in our calculations correspond to the maximum height (difference between maxima 

and minima) of two subsequent PMF curves and are reported in Table 1. These energy barriers 

represent the transport barrier inside the pores.  
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Table 1: Diffusion coefficient of methane and energy barriers (∆F) as obtained from Phan et al. for the three substrates 

considered [16]. 

Material Dt(× 1010, m2/s) ∆F (kcal/mol) 

SiO2 7.82 1.2 

MgO 5.51 1.6 

Al2O3 3.26 1.3 

 

From the density profiles of methane and water, we counted the methane population inside the 

water layer and the gaseous phase and extracted the probability of occupancy in Regions 1 and 

2. The probabilities obtained from the PMF and density profiles were normalised and used to 

describe the transition rates at the interfaces. Table 2 summarises the probability of occupancy 

at Regions 1 (p1), 2(p2), and 3 (p3) for methane molecules in each system. The transition rates 

k1,2
int, k2,1

int, k2,3
int, and k3,2

intwere calculated as: 

 k1,2
int = p2kRegion2  (13) 

 

 k2,1
int = p1kRegion2  (14) 

 

 k2,3
int = p3kRegion3  (15) 

 

 k3,2
int = p2kRegion3  (16) 

 

Table 2: The probability of occupancy between Regions 1, 2 and 3. 

Material p1 p2 p3 

SiO2 0.709 0.270 0.020 

M gO 0.760 0.227 0.012 

Al2O3 0.748 0.227 0.024 

As a final step, the KMC lattice had to be constructed. Because water was considered stagnant, 

we created a lattice and consider only one type of species, methane, effectively undergoing 1D 

transport along the direction parallel to the pore. Each voxel had to be bigger than the mean 

free path of the molecules and each Region contained a different number of voxels. Region 1 was 

represented by a single voxel, assuming the gaseous methane to be well mixed. The methane 

particles moved from one voxel to a neighbouring voxel, located along the x-direction, following 

a 1D trajectory. An example of the lattice used to perform these calculations (in this regard for 
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the silicon oxide pore) is presented in Figure 7. Information regarding the lattice implemented 

for all three substrates is shown in Table 3. 

 

Figure 7: The KMC lattice implemented for the silicon oxide flux calculations. 

 

Table 3: Description of the lattice implemented for the KMC model. 

Material SiO2 MgO Al2O3 

Region 1 dimensions (x,y,z) (nm) 1.6×0.4×0.4 2.12×0.42×0.42 2.30×0.46×0.46 

Region 2 dimensions (x,y,z) (nm) 1.6×0.4×0.4 2.12×0.42×0.42 2.30×0.46×0.46 

Region 3 dimensions (x,y,z) (nm) 5.2×0.4×0.4 5.09×0.42×0.42 4.60×0.46×0.46 

Voxel size 0.4×0.4×0.4 0.42×0.42×0.42 0.46×0.46×0.46 

Number of voxels in Region 1 1 1   1 

Number of voxels in Region 2 4 5   5 

Number of voxels in Region 3 13 12           10 

Number of particles inserted in Region 1 3 8 8 

 

Methane molecules in gas phase were inserted in one of the bulk areas (feed), resulting in a pressure rise. 

The other bulk area (permeate) was kept empty throughout the simulations. Once the methane molecules 

crossed the pore and enter the permeate region, they were deleted and immediately added back into the 

feed region. Hence, the pressure drop across the membranes was maintained constant. The boundaries of 

the system were reflective. We calculated the cumulative number of particles that cross the permeate region 

every 30 ns, and report averages obtained from 100 independent simulations. Replicating the simulations as 

such, results in smooth profiles with minimum fluctuations. Starting from t = 0, the system was allowed to 

progress for 30 ns and a counter reported the number of molecules that had crossed the pore. After 100 

simulations the system was left to diffuse for another 30 ns. This procedure was repeated until a total 

simulation time of 720 ns was reached. The flux was determined by counting the number of molecules 

crossing the pore (Qt) over time: 

 
J =

∆Q
∆t⁄

A
 

 (17) 
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where J is the molar flux of methane, ∆Qt/∆t is the slope of the fitted line (cumulative number of 

molecules vs. time), A is the cross-sectional area available for gas permeation, perpendicular to 

the direction of the diffusion. The membrane permeability K was calculated as: 

 
k =

Jl

p1 − p2
 

 (18) 

where, J is the molar flux of methane from the KMC calculations, l is the length of the pore, p1 is the 

pressure applied in the feed phase, p2 is the pressure applied in the permeate region (p2 = 0). In this 

calculation the pressure drop remains constant. At most 5% of the molecules in the feed volume 

escaped to the pore voxels (i.e., Region 2). 

For validation purposes, we compared the values obtained by the stochastic model against those 

reported by Phan et al.[16]. The results are presented in Table 4. The flux observed though the three 

pores is similar. However, the permeability varies. The silicon oxide pore is the most permeable, 

followed by the magnesium oxide one and the alumina oxide. These trends are in quantitative 

agreement with the MD results [16]. According to Phan et al. molecular cavities within the water-filled 

pores are observed close to the pore walls. These cavities are more pronounced in the case of the 

silica pores, followed by the ones observed in the magnesium oxide and aluminium oxide pores. These 

structures promote the passage of methane molecules through the hydrated pores and increase the 

methane diffusivity [16]. 

 

Table 4: Flux and permeability calculations obtained by the KMC model. 

Material Flux J 

(mol/m2s) 

Permeability K 

(mol/msMPa) 

SiO2 74.76  ± 1.42 (5.38 ± 0.11)×10−9 

MgO 71.83  ± 1.26 (3.05 ± 0.05)×10−9 

Al2O3 75.91  ± 1.27 (2.04± 0.03)×10−9 

 

To perform 100 independent KMC simulation runs for the silica, magnesium oxide and aluminium 

oxide pores required just 32.9s, 63.6s and 83.1s, respectively. Comparison between KMC and MD 

results is presented in Figure 8. To calculate the error bars, we performed 100 independent 

simulations and calculate the standard deviation for flux and permeability. The standard deviation of 

the mean was then divided by the square root of the sample size to obtain the standard error of the 

mean. The results show that using the KMC method enable us reproduce the transport properties of 

methane through hydrated pores obtained from MD simulations. 
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Figure 8: Results obtained implementing the KMC model presented here versus MD simulations by Phan et al. [45] for 

flux (left panel) and permeability (right panel). The results obtained from both methods are presented with error bars. 

 

3.3  Model Networks to Test Algorithm Sensitivity (2D models) 

We extended the 1D stochastic model in 2-dimensions to describe more realistic pore networks 

(matrices) along the x and y axis. The voxels in the matrix were cubic. The transport within the system 

could only take place in the xy plane, as the thickness along the z axis was assumed to be negligible 

for a narrow cylindrical pore. It was assumed that the gas molecules within voxels are well mixed. 

To estimate the effective matrix permeability using EMT and SR, we assigned permeability coefficients 

to each voxel and then implemented Eq. (6) and Eqs. (8-10), respectively. The assigned permeability 

coefficients were calculated based on the methodology proposed by Coppens and Naraghi et al. [14]:  

 
ki,j =

ηM

RTρav

θ

τ
(δ′Df−2)Dki,j + kDi,j (1 +

bi,j

P
) 

 (19) 

 

 
bi,j = (

8πRT

M
)
0.5 η

Ri,j
(
2

αi,j
− 1) 

 (20) 

 

 αi,j = 1 − log(1 + Kni,j
0.7) 

 

 (21) 
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Dki,j =

2Ri,j

3
(
8RT

πM
)
0.5

 
 (22) 

In these equations, η is the gas viscosity, M is the molar mass, R is the ideal gas constant, T is the 

temperature in Kelvin,ρav is the average gas density, θ is the rock porosity, τ is the tortuosity, Ri,j is 

the pore radius of the voxel (i,j), Df is the fractal dimension of the pore surface (Df = 2),Kn is the 

Knudsen number,Dk is the Knudsen diffusion coefficient in a smooth pore, kD is the Darcy 

permeability and δ′ is the ratio of normalized molecular size to local average pore diameter. Once the 

properties of the diffusing gas are calculated, the diffusion coefficient inside each voxel is determined 

solely from the pore diameter. 

The assumed physical properties represent supercritical methane, as summarised in Table 5, where 

the rock characteristics are also reported. The critical temperature of methane is 190.6 K at 4.6 MPa 

[17].  The rock total organic content (TOC) shows the % volume of the organic matter and is used to. 

Initially, a number of particles (molecules), corresponding to a concentration C, were placed at the top 

of the matrix, while the rest of the system was empty. The particle concentration C at the top of the 

matrix was maintained constant at all times during the calculations. The amount of gas molecules 

needed for the simulations was determined by knowing the voxels’ volume and the methane density. 

Since the KMC matrix requires an area in which the particle concentration is constant, a row above 

the top row of the matrix was added. As this is a computational requirement for implementing the 

KMC model, the properties of this row are not taken into consideration when implementing the EMT 

and SR method. 

The left and right matrix boundaries were reflective, while the bottom one was open: once the 

particles reach the bottom boundary, they could either exit the matrix or move to other neighbouring 

voxels. Due to the initial configuration selected, the particles on average move through the matrix 

along the vertical direction, from the top to the bottom boundary. A counter was used to track the 

number of particles leaving the matrix from the bottom boundary throughout the simulation. Once a 

particle would leave the matrix, it was deleted from the simulation. Effectively, this particle can be 

thought of as entering a large empty voxel in the bottom of the domain. To set this up in the KMC 

simulation an ‘absorbing’ row was added to the bottom of the matrix. The properties of this absorbing 

row are not used for the EMT and SR method. 

Table 5: Input parameters used in the permeability simulations for all three methods. 

Parameter Value 

CH4 Temperature (T) 300 K 

CH4 Pressure (P) 10 MPa  

CH4 Concentration (C) 4685.9 mol/m3 

Rock Porosity (θ) 10% 

Rock Tortuosity (τ) 2 

Rock Total Organic Content (TOC) - volumetric 12% 
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Our approach maintained a constant pressure and concentration difference throughout the 

simulation. The matrix effective permeability using the stochastic model was calculated using Darcy’s 

law: 

  
keff = −

J∆x

∆P
 

 (23) 

In Eq. (23), ∆x is the matrix length, disregarding the top and bottom rows, added for computational 

requirements. The pressure drop is obtained by subtracting the pressure at the bottom (0 MPa) from 

the pressure at the top of the matrix (10 MPa). In this approach it is assumed that the macroscopic 

flow follows Darcy’s law, while allowing for Knudsen diffusion to take place within voxels containing 

narrow pores. 

It is believed that the deterministic methods (EMT and SR), provide accurate predictions when the 

properties investigated follow a narrow log-normal distribution. In these calculations it was assumed 

a log-normal distribution (μ, σ2) of pore sizes. The distribution’s μ is kept constant (μ = 1.57 on the 

logarithmic scale), but sigma (σ) varies between 0.1 nm and 1 nm, as shown in Figure 9. While 

increasing sigma, the proportion of micro-pores (0-2 nm), meso-pores (2-50 nm) and macro-pores 

(>50 nm)[18] change. The pores classification follows IUPAC guidelines [18]. 

The three methods described in Section 2 were used to predict the effective medium permeability. 

Because KMC is stochastic, for each pore distribution, we performed 10 independent KMC simulation 

runs. It should be pointed out that completing one KMC simulation run requires significant computing 

time (several minutes), while deterministic methods require only a few seconds on a modern desktop 

computer. We used a 10 x 10 matrix for each sigma value considered. The voxels used to create the 

matrix had dimensions 100 x 100 x 1 nm. The time step used for the KMC sampling was set at 100 ns. 

To estimate the KMC error bars, the average effective permeability was calculated, 〈keff(σ)〉, for each 

sigma value and the following equation was applied:  

 
Error =

STD(keff(σ))

√n
 

 (24) 

 

 STD(keff(σ)) is the standard deviation of the values obtained in each individual KMC run for a given 

pore size distribution, and n is the number of observations (10 in the case of the simulations discussed 

in this paragraph). 
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Figure 9: (Left): Log-scale pore size distributions considered in our analysis. In all cases the distribution’s μ, is 37.15 

nm, while sigma ranges between 0.1 and 1. (Right): Example of spatial arrangement of the permeability coefficients for 

sigma=0.1 

As shown in Figure 9, in the pore size distributions considered, the mean was kept constant, but, as 

sigma increased, the amount of both micro- and macro-pores present in the sample increased. We 

monitored the proportion of the micro-, meso- and macro-pores for the different sigma values and 

computed the effective matrix permeability for each distribution using the KMC, the EMT and the SR. 

The results are shown in Figure 10. On panel A we present the absolute results, in terms of matrix 

effective permeability, from the three approaches, on panel B the percent deviation of each of the 

deterministic models compared to the stochastic calculation, and on panel C the analysis of the pore 

size distribution, in terms of % structural composition due to micro-, meso-, and macro- pores.  
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Figure 10: (A) Comparison between the three methods used in this study as a function of the distribution’s sigma. KMC 

error-bars are smaller than the size of the marker. (B) percent deviation of each of the deterministic models compared 

to the stochastic calculation, and (C) the % amount of micro-, meso- and macro-pores in each system shown in (A). 

For low sigma values (0.1 -0.2), the majority of the pores were meso-pores and both deterministic 

methods overestimated the effective network permeability, compared to the KMC. This result agrees 

with expectations based on literature, since the high-permeability component (macro-pores) 

represents a low fraction of the respective pore networks, and the deterministic methods are 

expected to over-estimate the contribution of high-permeability pores under the conditions tested. 

For sigma values between 0.3 and 0.4, there was good agreement between all three methods. As 

shown in panel C of Figure 10, the fraction of macro-pores in the samples continuously increased as 

sigma increased; for sigma greater than 0.4, such pores counted for the majority of pores in the 

system. At these conditions, the deterministic methods are expected to be accurate, and our results 

show small deviations compared to predictions based on the stochastic KMC approach.  

When sigma=0.5, the pore network still contained only meso- and macro-pores; however, there were 

1% less meso-pores and 1% more macro-pores compared to the network characterized by sigma=0.4. 

In this scenario, our results show that EMT significantly over-estimated the permeability, compared 

to the other two methods. This observation suggests that the EMT approach is highly sensitive to the 

presence of high-permeability components.  When sigma ranged from 0.6 to 1.0, the pore networks 
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contained significant amounts of micro-, meso- and macro-pores. For sigma=0.6, micropores 

accounted for 1% of the pores in the network and macro-pores for 52%. EMT predicted rapid increases 

in the effective permeability as sigma increased, which increasingly diverged from the KMC 

predictions, confirming the high sensitivity of EMT to high-permeability pores in the network. It is well 

documented in the literature that estimations of the EMT are accurate as long as pore size distribution 

is not too broad [2], [4], [19]–[26]. 

SR yielded effective permeability predictions that were lower compared to those obtained by the KMC 

algorithm. In fact, we observed that for pore size distributions with sigma larger than 0.3, KMC 

predicted an effective permeability in between those predicted by the deterministic methods. This is 

due to the EMT’s sensitivity to macro-porosity and to the zero cross-flow assumption implicit in Eqs. 

(8-10), which describe the SR method. For distributions with sigma between 0.7 and 1, the fraction of 

meso-pores dropped, while the fraction of micro- and macro-pores increased. The EMT continued to 

predict a very high effective matrix permeability, while the SR yielded a permeability lower than that 

obtained via the KMC. 

3.4 Effect of anisotropy on permeability (2D model) 

Deterministic are expected to face difficulties in differentiating between isotropic or anisotropic 

distribution of pores within a network, while it is likely that the stochastic KMC approach has the ability 

to differentiate between the permeability along different directions within an anisotropic network. In 

shale rock samples, evidence shows that permeability is indeed anisotropic[27]. To quantify the 

sensitivity of the methods considered here to the anisotropic distribution of pores, we generated dual-

permeability matrices in which the proportion of the low and high permeability components was kept 

constant (25% and 75%, respectively), but these components were spatially distributed in four 

different configurations. In these configurations, shown in Figure 11, the low permeability values were 

aligned (a) horizontally; (b) vertically; (c) in a grid; and (d) both horizontally and vertically. The low and 

high permeability pores are characterized by 15 nD and 0.3 μD permeability coefficients, respectively. 

For each configuration, we conducted 3 independent KMC simulation runs. The matrix size used in all 

four cases was 10 x 10 and the voxel dimensions were 500 x 500 x 1 nm. The sampling time step was 

5 ns. In all cases, the flow direction was along the y-axis. We calculated the effective matrix 

permeability using the three methods discussed above and the results are presented in Figure 12. 

 

Figure 11: Dual-permeability networks with different anisotropic distributions. Cases A and B exhibit high anisotropy. 

Cases C and D have low and moderate anisotropy. The colour bar shows permeability coefficients in μD. 
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Figure 12: Effective matrix permeability calculation using the three methods for networks with varying anisotropy. 

 

The results in Figure 12 show that EMT did not capture the anisotropic distribution of the pores within 

the network. This is expected, as EMT neglects the network’s construction. On the other hand, SR 

showed some effects due to the connectivity of the pores in the network, but the predicted changes 

in the effective medium permeability can be considered negligible. Contrary, KMC exhibited high 

sensitivity to the anisotropic distribution of the pores. This is due to the fact that KMC explicitly allows 

fluid transport to occur along both x and y directions. 

 

In the pore network represented by Case B in Figure 11, the micro-pores were aligned in the y-

direction and, as a result, SR predicted lower permeability than that expected based on KMC’s 

predictions. In the KMC simulation, the vertical bars of micro-pores added a kinetic barrier to the 

system and, as a result, the fluid molecules diffusing through the network physically ‘avoided’ the low 

permeability pathways. Since the micro-pores were aligned along the flow direction, the fluid 

molecules were not forced to pass through them, as opposed to the situation represented by the 

network shown in Case A where SR and KMC predicted similar values. EMT and KMC seem to be in 

good agreement for Case C. This is expected, since the network considered is homogeneous.  

3.5 Permeability of an Eagle Ford Shale Sample 

ShaleXenvironmenT project also considered one realistic pore network. Naraghi et al.[14] applied the 

simplified renormalisation method on the SEM image of an Eagle Ford shale sample, shown in Figure 

13. Light grey areas represent inorganic components, while the dark grey areas show organic 

components. Naraghi et al.[14] segmented the image and determined the probability distribution of 

the organic block’s size, referred to as patch size in their work. The patch size distribution is a normal 

Gaussian distribution with mean 5 μm and sigma 1 μm. To assign permeability coefficients within 

organic and inorganic components, Naraghi et al. utilised pore size distribution data from BET 

measurements. They assumed that organic and inorganic components follow distinct log-normal pore 

size distributions and reported the distributions’ means and standard deviations. We assumed that 
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the μ and sigma of the distributions, expressed on the log-scale, are 0.63 and 0.18 for the organic 

component, and 1.57 and 0.44 for the inorganic matter, respectively. These values are slightly 

different compared to those reported by Naraghi et al., but produce PSDs that closely match those 

reported by the authors. Naraghi et al. first generated a model pore network by assigning organic and 

inorganic components and then distributed pore sizes within the two components, while sampling 

from the appropriate distribution.  

 

Figure 13: SEM image of an Eagle Ford sample, reproduced from Ref. [[14]]. Dark grey regions correspond to organic 

matter and light grey to inorganic. 

ShaleXenvironmenT considered the experimental SEM image of Figure 13 to calculate the effective 

matrix permeability using the three methods but also generated additional networks following the 

approach by Naraghi et al. to distribute organic patches within the inorganic matter in our model 

matrix. The volumetric TOC was used to condition the total amount of organic pores assigned within 

our models. The effective matrix permeability of the organic and the inorganic matter were calculated 

separately to reduce the computational load of the KMC simulations. To calculate the effective organic 

and inorganic permeability 10 matrices consisting of 10 x 10 voxels in each case were generated. The 

voxel dimensions were 20 x 20 x 1 nm and 350 x 350 x 1 nm for the organic and inorganic matter, 

respectively. To calculate the permeability of the dual permeability network, a 15 x 15 matrix 

consisting of 1 μm x 1 μm x 1 nm voxels was considered. To consistently compare against the three 

methods, to calculate the network’s effective permeability, we used as input the organic and inorganic 

permeabilities obtained from the previous step. The KMC sampling time step was 1 ns for all 

calculations (organic, inorganic, dual-permeability), and we performed 10 independent KMC runs for 

each dual-permeability configuration.  The results are presented in Table 6. 

Table 6: Permeability calculation of the organic and inorganic matter, and the effective network permeability using 

EMT, Simplified Renormalisation and KMC methods. The organic matter is the high permeability component. 

Methods Organic Inorganic Matrix 

Effective Medium Theory 2.5±0.13 μD  0.05±0.01 μD  0.29±0.02 μD  

Simplified Renormalisation 1.43±0.07 μD  0.05±0.01 μD  0.15±0.01 μD  
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Kinetic Monte Carlo  1.56±0.35 μD  0.08±0.02 μD  0.36±0.15 μD  

Experiments N/A N/A 0.1-0.6 μD [28]–[30] 

 

In Table 6, the predicted matrix permeability is compared against experimental data. While varying 

the confining stress applied to an Eagle Ford plug sample, Peng and Loucks measured permeabilities 

between 0.1 and 0.6 μD.[29] Other experimental studies[28], [30] report values within the same 

range. The permeability predicted from all three methods considered falls within the experimental 

range of permeability reported, suggesting that for the specific shale formation all methods are valid. 

We expect, however, that 3D representations of the model will be much more reliable. This is not 

unexpected, as Figure 13 suggests that the shale sample considered here is rather isotropic.  

Additional techniques, such as focused ion-beam SEM (FIB-SEM) have been utilized to capture 3D 

structural data for an organic-rich gas shale sample [31]. The extremely small sample size and the costs 

associated with the FIB-SEM technique limit, however, the wide use of the FIB-SEM in characterization 

of shale samples [32]. 

Recently, Tahmasebi et al. [32], [33] demonstrated that higher-order statistics (as opposed to the 

traditional two-point statistics, such as variograms) are necessary for developing an accurate model 

of shales, and describe an efficient method for using 2D images that is capable of utilizing qualitative 

and physical information within an image and generating stochastic realizations of shales. They then 

further refined the model by describing and utilizing several techniques, including an iterative 

framework, for removing some possible artefacts and achieve better pattern reproduction. Next, they 

introduced a new histogram-matching algorithm that accounts for concealed nanostructures in shale 

samples. They also present two new multiresolution and multiscale approaches for dealing with 

distinct pore structures that are common in shale reservoirs. In the multi-resolution method, the 

original high-quality image is upscaled in a pyramid-like manner in order to achieve more accurate 

global and long-range structures. The multiscale approach integrates two images, each containing 

diverse pore networks – the nano- and microscale pores – using a high-resolution image representing 

small-scale pores and, at the same time, reconstructing large pores using a low-quality image. 

Eventually, the results are integrated to generate a 3D model (as shown in Figure 14). 
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Figure 14: Build a 3D model from 2D information, as proposed by Tahmasebi et al [33]. 

 

4. Conclusions and future steps 

ShaleXenvironmenT project developed a lattice-based KMC model to study fluid transport through 

slit- shaped pores with different chemical composition. The substrates analysed represent the main 

components of the inorganic material found in shale rocks. The proposed stochastic model was 

validated against the analytical solution of the diffusion equation and MD simulations on slit pores. It 

was found that the chemistry of the pores affects the transport behaviour of methane molecules, as 

reported in previous studies. The hydrated silica nanopores exhibit the highest permeability, followed 

by the permeability observed in hydrated magnesium and alumina pores. The agreement between 

the KMC model and MD simulations is quantitative, however, the computational times are 

significantly reduced when using the KMC model. 

 

The model was then extended in 2-dimensions and was used to provide insights regarding the 

contribution of the pore network characteristics in the transport behaviour. Two deterministic 

methods were also used for these investigations. Based on our analysis, among the three approaches 

considered here the KMC method is considered to be the most sensitive and reliable method. This 

method responds to changes in both the low and high permeability values.  The most valuable feature 

of the KMC method, compared to the deterministic methods considered, was its sensitivity to 

anisotropy. For broad distributions, the EMT always over-estimated the network’s permeability, the 

Simplified Renormalisation method provided low estimates, due to the zero cross-flow assumption, 

while the KMC predictions were in-between the two. Our model can be considered as a bottom-up 

approach for mesoscopic studies. Any type of designed or natural network can be simulated, as long 

as the kinetic (diffusion constants) and thermodynamic (barriers due to the interfaces) properties are 

provided.  

 

The KMC approach as developed by ShaleXenvironmenT responds to changes in both the low and high 

permeability values. For dual- permeability networks, KMC detected changes proportional to the 
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components and provided an estimate that captured the matrix structural features. The most valuable 

feature of the KMC method, compared to the deterministic methods considered, was its sensitivity to 

anisotropy. KMC could be applied to low-connectivity networks and could also quantify the effect of 

small-scale heterogeneities (e.g., local low connectivity). When KMC was applied to predict the 

permeability of a shale sample for which one SEM image was available together with data on pore-

size distributions, the results obtained were reasonably close to experimental data, when considering 

the organic matter to be the highly permeable portion of the matrix. The method’s accuracy can be 

improved by extending our analysis to more images of a plug sample, so anisotropy and local 

heterogeneities are considered, accounting for the effect of adsorption and the true porosity. The 

disadvantage of the KMC method, compared to deterministic techniques, rests with the computing 

time required. The deterministic methods provided results in a few seconds, while the computational 

cost of KMC ranged from minutes to hours. Therefore, a future challenge is to efficiently use the KMC 

method to analyse permeability of a whole plug sample, while accounting for realistic phenomena 

such as preferential adsorption. 

 

The implementation of the approach requires experimental information such as the one produced by 

WP3, which inlcudes imaging of the rock samples, adsorption measurements for estimating the pore 

size distribution, and chemical composition analysis. Computational information such as that 

produced by WP4 is needed to provide information regarding the transport properties within 

individual voxels. The approach has not been tested to study convective transport in parts of the rock 

mass. It is expected that appropriate values for the local transport properties could be assigned to 

represent convective transport when necessary. Preliminary calculations have indeed been performed 

along these lines. Experimental information such as permeability can then be used to validate the 

approach proposed here. The results from this deliverable feed into larger-scale software, such as roxl, 

described in Deliverale 6.1. 

5. Publications resulting from the work described 
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M. Apostolopoulou, R. Day, R. Hull, M. Stamatakis, and A. Striolo “A kinetic Monte Carlo approach to 

study fluid transport in pore networks”, JCP, 147 (134703), 1–10, 2017. 

M. Apostolopoulou, R. Dusterhoft, R. Day, M. Stamatakis, M-O. Coppens, and A. Striolo “Estimating 

Permeability in Heterogeneous Porous Media: Deterministic and Stochastic Investigations”, in 
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6. Bibliographical references 

 

[1] T. Grotzinger, John and Jordan, “Press/Siever Allgemeine Geologie” Springer-Verlag, Berlin 

Heidelberg 2017. 

[2] P. A. Lock et al., “Predicting the permeability of sandstone from image analysis of pore 

structure Predicting the permeability of sandstone from image analysis of pore structure,” J. 



Deliverable D6.2 

 

PU Page 29 of 30 Version 1.3 

 

Appl. Phys., vol. 92, no. 10, pp. 6311–6319, 2016. 

[3] C. A. M. and K. G. Arthur, “Relative Permeability Measurements: An Inter-Laboratory 

Comparison,” Soc. Pet. Eng. J., vol. 28826, pp. 199–211, 1994. 

[4] M. Jurgawczynski et al., “Permeability Predictions Based on Two-Dimensional Pore Space 

Images,” SPE J., vol. 110472, pp. 1–10, 2007. 

[5] X. Liu, D. Newsome, and M. Coppens, “Dynamic Monte Carlo simulations of binary self-

diffusion in ZSM-5,” Microporous Mesoporous Mater., vol. 125, no. 1–2, pp. 149–159, 2009. 

[6] S. P. and M. S. Matthew T Darby, “First principles-based kinetic Monte Carlo simulation in 

catalysis,” in Physics of Surface, Interface and Cluster Catalysis, IOP Publishing, Bristol, UK, 

2016, pp. 1–38. 

[7] N. G. Van Kampen, “Chapter 5: The Master Equation,” in Stochastic Processes in Physics and 

Chemistry, no. Third Edition, Elsevier B.V., 2007, pp. 96–133. 

[8] M. H. Flamm, S. L. Diamond, and T. Sinno, “Lattice kinetic Monte Carlo simulations of 

convective-diffusive systems Lattice kinetic Monte Carlo simulations of convective-diffusive,” 

J. Chem. Phys., vol. 130, no. 94904, pp. 1–7, 2009. 

[9] M. Matsumoto, “Mersenne Twister : A 623-Dimensionally Equidistributed Uniform Pseudo-

Random Number Generator,” ACM Trans. Model. Comput. Simul., vol. 8, no. 1, pp. 3–30, 1998. 

[10] D. T. Gillesple, “Exact Stochastic Simulation of couple chemical reactions,” J. Phys. Chem., vol. 

81, no. 25, pp. 2340–2361, 1977. 

[11] M. A. Gibson and J. Bruck, “Efficient Exact Stochastic Simulation of Chemical Systems with 

Many Species and Many Channels,” J. Phys. Chem. A, vol. 104, no. 9, pp. 1876–1889, 2000. 

[12] S. Kirkpatrick, “Percolation ancl Conduction,” Rev. Mod. Phys., vol. 45, no. 4, pp. 574–588, 

1973. 

[13] S. Redner, “Fractal and Multifractal Scaling of Electrical Conduction in Random Resistor 

Networks,” in Mathematics of Complexity and Dynamical Systems, R. A. Meyers, Ed. New York: 

Springer, 2009, p. 1858. 

[14] M. E. Naraghi and F. Javadpour, “A stochastic permeability model for the shale-gas systems,” 

Int. J. Coal Geol., vol. 140, pp. 111–124, 2015. 

[15] J. Crank, “Methods of Solution when the Diffusion Coefficient is Constant,” in The Mathematics 

of Diffusion, 2nd ed., Clarendon Press, 1975, pp. 11–27. 

[16] A. Phan, D. R. Cole, R. G. Wei, J. Dzubiella, and A. Striolo, “Confined Water Determines 

Transport Properties of Guest Molecules in Narrow Pores,” ACS Nano, vol. 10, no. 8, pp. 7646–

7656, 2016. 

[17] C. Tsonopoulos, “Critical Constants of Normal Alkanes from Methane to Polyethylene,” AIChE 

J., vol. 33, no. 12, pp. 2080–2083, 1987. 

[18] K. S. W. Sing et al., “INTERNATIONAL UNION OF PURE COMMISSION ON COLLOID AND SURFACE 

CHEMISTRY INCLUDING CATALYSIS * REPORTING PHYSISORPTION DATA FOR GAS / SOLID 

SYSTEMS with Special Reference to the Determination of Surface Area and Porosity,” Pure Appl. 

Chem, vol. 57, no. 4, pp. 603–619, 1985. 

[19] P. M. Adler and B. Berkowitz, “Effective Medium Analysis of Random Lattices,” Transp. Porous 

Media, vol. 40, pp. 145–151, 2000. 

[20] P. A. Lock, X. Jing, R. W. Zimmerman, P. A. Lock, X. Jing, and R. W. Z. Comparison, “Comparison 

of methods for upscaling permeability from the pore scale to the core scale Comparison of 

methods for upscaling permeability from the pore scale to the core scale Comparaison des 

methodes permettant de passer d â€TM une perméabilité a l â€TM échelle,” J. Hydraul. Res., vol. 



Deliverable D6.2 

 

PU Page 30 of 30 Version 1.3 

 

42, no. S1, pp. 2–8, 2010. 

[21] H. D. Behzad Ghanbarian, Muhammad Sahimi, “Modeling relative permeability of water in soil: 

Application of effective-medium approximation and percolation theory,” Water Resour. Res., 

vol. 52, pp. 5025–5040, 2016. 

[22] P. M. Doyen, “Permeability , Conductivity , and Pore Geometry of Sandstone,” J. Geophys. Res., 

vol. 93, no. 7, pp. 7729–7740, 1988. 

[23] C. David, Y. Gueguen, and G. Pampoukis, “Effective Medium Theory and Network Theory 

Applied to the Transport Properties of Rock,” J. Geophys. Res., vol. 95, no. 5, pp. 6993–7005, 

1990. 

[24] J. Koplik, “On the effective medium theory of random linear networks,” J. Phys. Chem. C, vol. 

14, pp. 4821–4837, 1981. 

[25] J. Koplik, C. Lin, and M. Vermette, “Conductivity and permeability from microgeometry,” J. 

Appl. Phys., vol. 56, pp. 3127–3131, 1984. 

[26] M. Sahimi, Heterogeneous Materials I: Linear Transport and Optical Properties. Berlin: Springer, 

2003. 

[27] N. R. Backeberg et al., “Quantifying the anisotropy and tortuosity of permeable pathways in 

clay-rich mudstones using models based on X-ray tomography,” Sci. Rep., no. June, pp. 1–12, 

2017. 

[28] R. Nazari Moghaddam and M. Jamiolahmady, “Fluid transport in shale gas reservoirs: 

Simultaneous effects of stress and slippage on matrix permeability,” Int. J. Coal Geol., vol. 163, 

pp. 87–99, 2016. 

[29] S. Peng and B. Loucks, “Permeability measurements in mudrocks using gas-expansion methods 

on plug and crushed-rock samples,” Mar. Pet. Geol., vol. 73, pp. 299–310, 2016. 

[30] A. Tinni, E. Fathi, R. Agarwal, C. Sondergeld, Y. Akkutlu, and C. Rai, “Shale Permeability 

Measurements on Plugs and Crushed Samples,” Soc. Pet. Eng. J., vol. 162235, no. November, 

pp. 1–14, 2012. 

[31] A. Botan, F. J. Ulm, R. J. M. Pellenq, and B. Coasne, “Bottom-up model of adsorption and 

transport in multiscale porous media,” Phys. Rev. E - Stat. Nonlinear, Soft Matter Phys., vol. 91, 

no. 3, pp. 1–10, 2015. 

[32] P. Tahmasebi, F. Javadpour, and M. Sahimi, “Stochastic shale permeability matching : Three-

dimensional characterization and modeling,” Int. J. Coal Geol., vol. 165, pp. 231–242, 2016. 

[33] P. Tahmasebi, F. Javadpour, M. Sahimi, and M. Piri, “Advances in Water Resources Multiscale 

study for stochastic characterization of shale samples,” Adv. Water Resour., vol. 89, pp. 91–

103, 2016. 

 


