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Key Points 8 

• Develop a unified pore-network gas flow model that captures key gas flow and 9 

transport mechanisms in both organic and inorganic matter 10 

• Investigate the impacts of end-member spatial arrangements of the organic 11 

matter and contrasting organic and inorganic pore-size distributions on gas flow 12 

• Show that the range of effective gas apparent permeability can reach two orders 13 

of magnitude at a relatively high fraction of organic matter  14 

Abstract 15 

Owning to their differences in surface properties and pore geometry, pores of 16 

predominant submicron sizes in organic and inorganic matter of gas shale incur 17 

different gas flow and transport behaviours. Those differences can manifest at sample 18 

scales differently depending on the spatial distributions of shale organic and inorganic 19 

matter, and the pore-size distributions in these types of matter. Therefore, understanding 20 

the impacts of variable configurations of them on the gas flow is essential to guide 21 

progressive subsampling in multiscale shale characterisation that is required for 22 

modelling shale gas flow at the first place. This article reports a pore-scale numerical 23 

investigation into the impacts of combinations of three end-member spatial 24 

arrangements of the organic matter and two contrasting sets of organic and inorganic 25 

pore-size distributions at variable organic fractions on gas flow using pore-network 26 

modelling. A unified pore-network flow model for shale gas that captures a 27 



 

 

comprehensive set of gas flow and transport mechanisms is developed in this work to 28 

calculate the effective gas apparent permeability at reservoir conditions. In terms of the 29 

mean permeability at each selected organic fraction, the largest differences are found to 30 

appear at a high fraction above 25% across all the arrangements, and the upper bound 31 

can reach more than two orders of magnitude greater than the lower bound. The results 32 

suggest that subsampling ought to focus on subdomains where organic fractions are 33 

high, organic and inorganic pores differ in size, and distinct flow-enhancing or baffling 34 

arrangements of organic matter are present. 35 

Key words: organic matter distribution; shale gas; gas flow and transport mechanisms; 36 

pore network model; multiscale characterisation 37 

1. Introduction 38 

“Gas shale” refers to rock successions that consist of significant intervals of rock with 39 

dominantly mud-sized fine particles, with significant organic or kerogen content, and 40 

in which the spatial arrangements of organic and inorganic matter are expressed at 41 

multiple scales. The organic- and inorganic-matter pores are typically ultra-small with 42 

varying modes of genesis and with diverse surface chemistry [1–3]. As a result, gas 43 

flow in gas shale pore space exhibits non-Darcy flow behaviours, coupled with 44 

significant effects associated with gas molecule interactions on organic and inorganic 45 

surfaces [4–10]. Pore-scale modelling of shale gas materials can capture the full range 46 

of shale gas flow and transport mechanisms that occur in submicron pores, and provides 47 

crucial insights about how complex sub-scale gas flow behaviours can manifest in a 48 

composite fashion at the sample scale. Knowledge about both are of critical importance 49 

in making reliable predictions of shale gas properties by forward modelling and 50 

inversion from laboratory measurements, given the heterogeneous nature of gas shale 51 

at scales that are still smaller than the sizes that can be used in laboratory measurements.  52 

Recent advances in high-resolution imaging allow accurate characterisation of most 53 

submicron pores in shale, but only on a sample volume that is several orders of 54 

magnitude smaller than would be required for reconstructed models to be representative 55 

[11]. This is due mainly to the constraint between the size of the field of view, and the 56 



 

 

image resolution, applying to all imaging techniques. A multiscale image-based pore-57 

grain characterisation and simulation framework has been proposed to circumvent this 58 

limitation by selective subsampling at increasingly finer resolutions, progressively 59 

[12,13]. The multi-scale approach calls for suitable techniques and procedures to 60 

answer the critical question: where should we undertake subsampling, at a given scale?  61 

Selection of subdomains for subsampling ought to focus on identification of those 62 

subdomains in which any mischaracterisation can lead to significantly different 63 

predictions of gas flow behaviour. Since shale gas flow behaves very differently in 64 

organic and inorganic pores, due to their differences in surface chemistry and pore 65 

geometry, a mischaracterisation is expected to have a large impact if it fails to correctly 66 

identify the existence and arrangement of organic matter in that subdomain. Despite the 67 

recognition of the critical impact that the textural characteristics at submicron pore 68 

scales have on shale gas flow, little has been given to the issue of selection of 69 

subdomains within the framework of the coarser-scale (mm-cm size) architecture of the 70 

material. The aim of the work reported here is to link the known submicron 71 

arrangements of organic and inorganic matter in such subdomains to their impact on 72 

the local gas flow, and to identify the implications of these configurations relative to 73 

subdomain siting. 74 

Organic and inorganic pores are known to possess significant differences in pore sizes 75 

and surface chemistries that give rise to complex gas flow behaviours. Being 76 

predominantly submicron-size [1–3], the pores of intra-/inter-granular organic matter 77 

are usually less than 100 nm in diameter [14,15], while inorganic pores are generally 78 

larger than organic ones, although the opposite can be true [16]. In such small pores, 79 

the mean free path of gas becomes more comparable to the characteristic length of the 80 

pores, and as a result, gas flow no longer is characterised by the Darcy and slip flow 81 

regimes, and instead, occurs primarily within transition flow regimes. In nano-pores, 82 

gas molecules are transported through Knudsen diffusion [4,6–8,10]. In addition, gas 83 

adsorption takes place on pore surfaces, where the surface concentration of the gas 84 

molecules is mainly a function of the chemical compositions of the pore-bounding solid 85 



 

 

phases, but also is dependent on pore geometry and pore-surface morphology, along 86 

with in-situ pressure and temperature. Adsorbed gas on the surface of a pore reduces 87 

the pore space available for non-adsorbed or free gas molecules to flow in that pore 88 

[5,9], but the adsorbed gas may also diffuse along the surface in a direction towards a 89 

lower concentration of gas molecules [17]. Moreover, shale gas critical pressure (Pc) 90 

and critical temperature (Tc), which define the point where gaseous and liquid phase 91 

boundaries of a fluid vanish, may vary with the pore size in the confined space [18–20]. 92 

This can result in significant changes in fluid properties and therefore impacts on the 93 

fluid flow behaviour. Although all the gas flow and transport mechanisms, and the gas 94 

phase behaviours, can take place in both organic and inorganic pores, the gas adsorption 95 

and surface diffusion occur mostly on organic surfaces, because organic matter is often 96 

a much stronger adsorbent than inorganic matter, and it has a large specific surface area 97 

to adsorb a significant quantity of gas molecules [21]. Therefore, the difference between 98 

the gas transport potentials in the pore systems of organic matter and in those of the 99 

inorganic matter is primarily controlled by the gas adsorbability and surface diffusivity, 100 

as well as any contrast in the pore-size distributions. 101 

Studies have found that the spatial distribution of organic matter can exhibit diverse 102 

and heterogeneous patterns. Using Ar-ion-beam milling and scanning electron 103 

microscopy (SEM), Loucks et al., ([22]) analyse the spatial distributions of organic 104 

matter, and pore sizes and connectivity, in Barnett shale samples from the Fort Worth 105 

Basin, Texas, USA, and categorise them into three end-member patterns: A) organic 106 

matter is concentrated in continuous layers; B) organic matter is sparser, but still mostly 107 

laterally continuous; C) organic matter is sparse and discontinuous, or disseminated. 108 

Those authors postulate that permeability pathways within the Barnett shale are 109 

primarily governed by the arrangement of organic matter in A) and/or B), because these 110 

configurations contain the most-connected organic pores. Strong evidence from other 111 

studies [11,23–25] suggests that the spatial arrangements of organic matter are 112 

expressed at multiple scales, ranging from a few microns or larger as “characteristic” 113 

length scales [11].  114 



 

 

The key concern, from a subsampling point of view, is to identify subdomains where 115 

the spatial arrangements and pore-size distributions of the organic matter, relative to 116 

those of the inorganic matter, and the manner of the inter-connectivity of organic and 117 

inorganic pore spaces, may enable efficient and preferential gas flow [22,26,27]. In 118 

order to understand how important the spatial arrangements of organic matter might be, 119 

still within the submicron scale, and thus how important it might be to characterise the 120 

sample elements that contain organic matter, it is necessary to determine whether the 121 

submicron configurations of organic matter do have a significant impact on the local 122 

flow properties. This can be explored numerically using pore-scale models that 123 

represent those types of configurations.  124 

In this work, the pore-network modelling approach is taken because it is 125 

computationally efficient for simulating gas flow, especially when one needs to 126 

consider many pore networks that are based on sets of parameters. A unified pore-127 

network flow model is developed in this work to calculate the steady-state effective gas 128 

apparent permeability – the “effective permeability” in shorthand hereafter – at in-situ 129 

conditions, for a set of stochastic pore network models. This unified model accounts 130 

for viscous flow with a slip boundary condition, and Knudsen diffusion on both organic 131 

and inorganic pore elements, and adsorption, desorption and surface diffusion in 132 

organic pore elements only, as well as phase property changes, as a result of the changes 133 

of critical pressure and temperature in the pore space. To capture detailed gas flow 134 

behaviours that occur at submicron pores, pore network models are built on a domain 135 

volume of a few microns in each dimension so that the spatial arrangements of organic 136 

matter, relative to inorganic matter, and all the submicron pores, can be modelled 137 

explicitly. This gas flow model is then applied to a set of 360 pore-network models to 138 

analyse the influence of the spatial distributions of organic and inorganic matter, and 139 

the pore-size distributions of these elements, relative to their impacts on effective 140 

permeability. Three sets of 120 pore-network models each have been stochastically 141 

constructed from a base shale pore network, which defines a single topology used for 142 

all pore networks herein, by distributing organic matter to sets of pores in a way that 143 



 

 

captures one of the three end-member patterns, A-B-C, respectively. That base model 144 

is reconstructed from a real shale sample, and defines a realistic topology of the pore 145 

system. Three log-normal pore-size distributions, denoted as O-PSD-1, O-PSD-2 for 146 

organic (O) pore-size distributions (PSD) and IO-PSD, for inorganic (IO) pore-size 147 

distributions (PSD), of which the means of the former two are greater and smaller than 148 

that of the third, respectively, are applied to each set. This divides each set of 120 149 

models into two groups, Groups 1 and 2, prescribed with O-PSD-1 and IO-PSD, and 150 

O-PSD-2 and IO-PSD, respectively, so that there are 60 models in each group. Each 151 

group of 60 models is divided into 6 subsets of 10 models, each at one of six organic-152 

element fractions, denoted as Nf, between 5% and 30%. Note that due to the density 153 

difference between organic and inorganic matter, a fraction as high as 30% is not 154 

unrealistic. Using the pore-network method described herein, the results of the flow 155 

simulations are then analysed in terms of sample mean and standard deviation of 156 

effective permeability calculated for each set of 10 models at each Nf to quantify their 157 

upper and lower bounds across the different configurations of combined spatial 158 

arrangements and pore-size distributions.  159 

The authors of this article are not aware of any other work that has been carried out 160 

close to what has been outlined above, although the spatial patterns considered here are 161 

so simple that they tempt one to estimate the bounds by treating organic and inorganic 162 

matter as two different types of continuums and then applying suitable average 163 

techniques. Note that the intention of this work is to explore the potential flow impact 164 

of spatial distributions of organic matter to gain an understanding about the range of 165 

the impact without focusing on the realism of pore network models. However, the 166 

outlined pore-scale approach does enable one to consider different realistic pore 167 

topologies and geometries of shale pores by replacing the base model with more 168 

realistic ones. That extension of the work will be undertaken in a later work in 169 

conjunction with advanced multiscale imaging and characterisation. 170 

This paper is organized as follows. In Section 2, a pore-network flow model and a 171 

solution procedure are developed, with detailed formulations of every mechanism given 172 



 

 

in Appendix B, which follows Appendix A where we define the extensive nomenclature 173 

required. In Section 3, a procedure for constructing all pore network models is presented 174 

in detail, and exemplar pore-network models, as well as their pressure distributions, are 175 

illustrated. In Section 4, the sample means and standard deviations of simulated 176 

effective permeability are analysed to quantify the variability of the effective 177 

permeability across all configurations. This is followed by a section of discussion with 178 

remarks on future work and conclusions. 179 

2. A pore network flow model for shale gas 180 

In this work, a pore network is a simplified representation or model of the real pore 181 

system of a cubic shale sample, and consists of a set of connected node and bond 182 

elements. Each bond mimics a pore throat or connection, and joins a pair of nodes that 183 

represent pore bodies. In the realistic networks, it is possible to have multiple bonds 184 

connecting two nodes, and bonds are normally longer than the Euclidean distance 185 

between the nodes (capturing the local tortuosity). Each element takes one of several 186 

standard shapes characterized by parameters: hydraulic radius, length and shape factor 187 

of the bond cross-section [28]. In this work, an additional parameter is introduced to 188 

indicate either an organic or inorganic pore element. 189 

A pore network flow model for a single-phase fluid is defined by a set of simultaneous 190 

mass-conversion equations at every node i in Eq.(1), where the volumetric flux from 191 

node j to node i, is defined as Qij, which is related to the product of the nodal pressure 192 

difference, pi-pj, and the conductance in Eq.(2) [29–31]. The conductance, gij, can be 193 

defined as the harmonic average of individual conductance for the bond t, gt, and 194 

adjacent nodes i and j, gi and gj, weighted by the length of the bond, Lt, and the half-195 

lengths of nodes i and j, Li and Lj, in Eq.(3) [32]. Note that each conductance is 196 

normalised by the fluid viscosity already with its unit given in Appendix A.  197 
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To develop a suitable model for shale gas, the conductance for each pore element must 201 

account for the influences of all important gas transport mechanisms, as well as the 202 

phase behaviours of real gas, on the total gas flux. On each organic element, the gas 203 

flow, surface adsorption and diffusion are important, while on each inorganic element 204 

the gas flow is considered only, as inorganic matter tends to be water-wet such that it 205 

prevents methane gas molecules from being adsorbed on the pore walls [33,34]. The 206 

gas flow covers all four flow regimes: Darcy, slip, transition flow and Knudsen 207 

diffusion, and the gas adsorption only affects free gas flow in organic elements. Detailed 208 

derivations of each contribution to the conductance of a circular cylinder element is 209 

given in Appendix B. Note that the effect of confined pore space on gas PVT and 210 

viscosity, in relation to the critical pressure and temperature, are considered in the 211 

formulation. The resultant conductance for a cylinder-shaped organic and inorganic 212 

element is given in Eqs. (4) and (5), respectively. Note that Knudsen number, Kn, is 213 

defined as the ratio of molecular mean free path to the radius of an element. Definitions 214 

of all terms are given in Appendix A. 215 
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For a pore element with non-circular cross-section, its conductance can be calculated 218 

as a product of the conductance of an equivalent cylindrical element, with a radius equal 219 

to the hydraulic radius of that pore element, and a correction factor as done in previous 220 

work [29,31,35].  221 

Subject to a pressure gradient from the inlet (left) to outlet (right) faces of the full model 222 

domain, and non-flow boundary conditions at all other faces, the mass-balance 223 

equations can be solved, but iteratively, because the conductance depends non-linearly 224 



 

 

on the gas pressure due to the pressure-dependent Knudsen number and the gas 225 

viscosity. An initial pressure distribution may be obtained first by solving the system 226 

by accounting only for the Darcy flow contribution, and then the full non-linear system 227 

is solved iteratively in a similar fashion as suggested in the previous work [35] until the 228 

volumetric flux converges. Because the viscosity depends on the critical pressure and 229 

critical temperature, which vary across pore elements, the effective permeability for gas 230 

is calculated according Eq. (6), unlike that calculated for a constant viscosity on the 231 

whole network [29].  232 
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3. Construction of pore network models 234 

In this work, pore network models have been constructed via the following steps: 235 

1. A 3D shale pore-matrix image-based model is generated using a well-known 236 

and approved 2D to 3D reconstruction technique based on the Multiple-Point 237 

Statistics (MPS) method [36,37]; Only one single 2D binary image segmented 238 

from one high-resolution SEM image acquired on a polished thin-section of a 239 

shale sample [38] is used in the reconstruction. As mentioned the reconstructed 240 

model is to provide a simple shale pore space whose topology is of use in this 241 

work.  242 

2. From the generated model, 3D skeletons are extracted from the pore space, 243 

where each intersection of skeletons, or end-points of the skeleton, are 244 

designated as the centre for a spherical pore node, and each skeleton segment 245 

between two pore centres is replaced by a circular cylindrical link of an 246 

infinitesimal radius and virtual length derived from the skeleton;  247 

3. The pore nodes and bonds of the pore network are partitioned into organic and 248 

inorganic regions, to represent one of the three patterns of the organic matter 249 

distributions, in turn. A radius is drawn randomly from the respective organic 250 

or  inorganic pore-size distribution, for every randomly-selected pore node or 251 



 

 

bond, over all pore elements. Note that each element is assigned with a suitable 252 

radius so that none of the pore nodes overlaps with any other one in space, and 253 

for any bond its radius is always smaller than those of the adjacent pore nodes 254 

it connects to and each pore node is simply assumed to be a sphere and the key 255 

flow effect of a non-spherical node with the same hydraulic radius of that sphere 256 

is approximately captured as a result [31]. 257 

Figure 1 shows a section of the grey SEM image [38] and its binary segmented image 258 

obtained after applying a median filter and Otsu segmentation [39]. A binary subsection, 259 

about 4.8µm by 4.8µm, was used to reconstruct a 3D shale model, as shown in Figure 260 

2 (left), and that model contains 400×400×400 voxels at a voxel size of about 12 nm in 261 

each direction. Figure 2 (right) shows the extracted skeleton from the pore space of the 262 

3D model obtained by a thinning algorithm [40]. Note that pore nodes are shown as red 263 

spheres while bonds are depicted as white lines. 264 

 265 

Figure 1 A section of a SEM image of a 2D polished thin-section of a shale sample [38] (left - 266 

unsegmented; right - segmented),; The section is about 18.3µm×14.6 µm at a pixel resolution of 12 nm 267 



 

 

 268 

Figure 2 Left: reconstructed 3D shale pore-matrix model (blue – pores; red – matrix) that contains 269 

400x400x400 voxels at a voxel size of 12 nm and depicts about 4.8 µm cube; right: extracted pore 270 

skeletons from 3D shale pore-matrix model (red – pore nodes; white - bonds);  271 

Apparent pore size distributions (PSDs) in shales have been found to closely follow a 272 

log-normal distribution for both organic and inorganic pores [41–43] as defined in 273 

Eq.(7): 274 
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Based on Eq.(7), three PSDs are given by the parameter pairs of mean and standard 276 

deviation listed in Table 1. Of them, two are for organic matter pores (O), and one is 277 

for inorganic matter pores (IO). Parameters used to describe organic and inorganic 278 

PSDs are collated from an unpublished pore structure analysis of organic-rich shales in 279 

a shale gas producing formation in Sichuan Basin, China, which have been also 280 

independently investigated by others [44–48]. Figure 3 shows a semi-log plot of these 281 

three distributions.  282 

Table 1 Parameters used to define organic (O) and inorganic (IO) PSDs 283 

PSD for OM/IOM Pores μg[nm] (Mean) σg (Mean) 
O-PSD-1 1.7 0.12 
O-PSD-2 0.7 0.12 
IO-PSD 1.2 0.14 

 284 



 

 

 285 

Figure 3 Organic and inorganic pores and throats size distributions, O-PSD-1 at the rightmost 286 

(dotted), O-PSD-2 at the leftmost (dashed) and IO-PSD at the middle (solid)    287 

Three end-member spatial patterns, A, B and C, are modelled by partitioning the pores 288 

and throats of the base pore network into: 1) a pair of top- and bottom-parallel layers 289 

of organic elements, defining pattern A (Figure 4); 2) an ‘S’-shaped connected region 290 

of organic elements, defining pattern B (Figure 5); and 3) randomly selected organic 291 

pore elements, defining pattern C (Figure 6). To assess the impact of the organic-292 

element fraction, Nf (see the definition of Eq (8)), is varied in the range from 5% to 293 

30%, at an increment of 5%. Ten pore networks are created stochastically at every Nf , 294 

for each pattern, where the element radii are drawn from O-PSD-1 and IO-PSD, 295 

respectively, for every organic element and every inorganic element, and another ten 296 

pore-network models from O-PSD-2 and IO-PSD in the same way. Consequently, 360 297 

pore network models are constructed, 120 corresponding to each of the three patterns 298 

A, B, and C. Of each set of 120 models, 60 are associated with O-PSD-1 and IO-PSD, 299 

while the other 60 are linked to O-PSD-2 and IO-PSD, and 10 at each Nf in each 300 

respective group. 301 
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The unified pore-network flow model for shale gas flow is applied to every model to 303 

simulate gas flow and to calculate effective permeability. The sample means and 304 

standard deviations for each set of 10 models at each Nf are then calculated. Table 2 305 

shows parameters used in the simulations. For additional explanations on some of those 306 

parameters, see Appendix B. For all simulations, the gas flow is driven by a pressure 307 

gradient of 0.1 MPa/m or the pressure drop of 0.48 Pa from the inlet face on the left, at 308 

40 MPa, to the outlet face on the right.   309 

Table 2 Parameters used for pore network flow simulations and relevant references  310 

Reservoir properties 
Formation temperature T (°K) 400 
Pore pressure (MPa) 40 
Pressure gradient (MPa/m) 0.1 
Total organic grain volume per total grain 
volume εks 

0.01 [49] 

Rock density (kg/m3) 2.66×103 [49] 
Gas properties 
Langmuir pressure (MPa) 13.789514 [49] 
Maximum adsorbed gas concentration 
(mol/m3) 

328.7 [49] 

Isosteric adsorption heat at zero gas coverage 
△H (J/mol) 

16000 

Ideal gas constant R (J/(mol·K)) 8.314 
Ratio of the rate constant for blockage to the 
rate constant for forward migration κ 

 0.5 [50] 

Molecular weight (kg/mol) 0.016 
Parameters used in determining phase change [20]  
van der Waals (vdW) energy parameter a 
(m6·Pa/mol2) 

0.22998 

vdW energy parameter b (m3/mol) 4.28×10-5 
Lennard-Jones size parameter σ (m) 3.73×10-9 
Lennard-Jones energy parameter ε 2.0434×10-21 

Figure 7 to Figure 9 show representative pressure distributions for exemplar pore 311 

network models. Note that the throats are displayed in black which is not in the colour 312 

spectrum of the pressure.  313 



 

 

It is clear that the pressure fields vary with the patterns of the organic elements, and the 314 

organic and inorganic PSDs. For every model, the simulated pressure field is used to 315 

calculate the gas flux at the inlet face and then the effective permeability according to 316 

Eq.(6).  317 

 318 

(a) Nf=5%                               (b) Nf=30%  319 

 320 

(c) Nf=5%                                 (d) Nf=30%  321 

Figure 4 Pattern A: shale pore network models with the top and bottom parallel dense continuous 322 

layers of organic pore nodes and throats corresponding to O-PSD-1 ((a), (b)) and O-PSD-2 ((c), (d)) at 323 

Nf=5% and 30%. Red indicates organic elements while blue inorganic ones 324 



 

 

 325 

(a) Nf=5%                               (b) Nf=30% 326 

  327 

(c) Nf=5%                               (d) Nf=30% 328 

Figure 5 Pattern B: shale pore network models with a ‘S’-shaped layer of organic pores corresponding 329 

to O-PSD-1 ((a), (b)) and O-PSD-2 ((c), (d)) at Nf=5% and 30%. Red indicates organic elements while 330 

blue inorganic ones 331 



 

 

 332 

(a) Nf=5%                               (b) Nf=30% 333 

 334 

(c) Nf=5%                               (d) Nf=30% 335 

Figure 6 Pattern C: shale pore network models with random organic pore nodes and throats 336 

corresponding to O-PSD-1 ((a), (b)) and O-PSD-2 ((c), (d)) at Nf=5% and 30%. Red indicates organic 337 

elements while blue inorganic ones 338 



 

 

 339 

(a) Nf=5%                               (b) Nf=30% 340 

 341 

(c) Nf=5%                               (d) Nf=30% 342 

Figure 7 Pressure distributions at nodes on the shale pore network models with dense continuous 343 

layers of organic pores following O-PSD-1 ((a), (b)) and O-PSD-2 ((c), (d)) at Nf=5% and 30%, 344 

respectively 345 

 346 

(a) Nf=5%                               (b) Nf=30% 347 



 

 

 348 

 349 

(c) Nf=5%                               (d) Nf=30% 350 

Figure 8 Pressure distributions at nodes on shale pore network models with ‘S’-shaped continuous 351 

layers of organic each, following O-PSD-1 ((a), (b))and O-PSD-2 ((c), (d)) at  Nf=5% and 30%, 352 

respectively 353 

 354 

(a) Nf=5%                               (b) Nf=30% 355 

 356 

  (c) Nf=5%                               (d) Nf=30% 357 



 

 

Figure 9 Pressure distributions at nodes on shale pore network models with discontinuous organic 358 

pores following O-PSD-1 ((a), (b))and O-PSD-2 ((c), (d)) when Nf=5% and 30% 359 

Note that none of the organic pore throats is shown in the figures for models where the 360 

organic-matter pore size is drawn from O-PSD-1, because they obscure the views of 361 

the respective models. 362 

4. Results analysis, discussion and remarks 363 

Figure 10 shows the mean effective permeability, calculated for every 10 models at 364 

each value of Nf, with an error bar of the standard deviation, for the three respective 365 

patterns. In Figure 10 (a), where the radii of organic elements follow O-PSD-1 (with 366 

larger mean values), the mean effective permeability for every pattern shows an 367 

increasing trend with the increase of Nf. This is because when the radii of organic 368 

elements are larger, their increases in proportion lead to the increase in mean effective 369 

permeability. For Pattern A, the top and bottom layers form two parallel paths that are 370 

aligned with the imposed flow direction, and therefore enhance gas flow optimally; as 371 

expected its mean effective permeability increases linearly. For Pattern B, a similar style 372 

of increase is expected, but at a lower gradient than that for Pattern A, because the “S”-373 

shaped organic region forms a serial rather than parallel flow-enhancing path at a 374 

similar total length. At the same Nf, the mean effective permeability for Pattern A is 375 

greater than its counterpart for Pattern B by a factor of around 2 at maximum. For 376 

Pattern C, the mean effective permeability is lower than those for Patterns A and B at 377 

any Nf and increases nonlinearly with the increase of Nf. This is because at a low Nf 378 

random organic elements do not connect together to form a dominant pathway for gas 379 

flow. However, with the increase of Nf , they become connected, and a rapid increase 380 

occurs at Nf from 25% and 30%, suggesting organic elements become percolating at a 381 

lower percolation threshold than that obtained from cubic site percolation simulations 382 

[51].  383 

The sample standard deviations are relatively small for Pattern C and Pattern B but not 384 

for Pattern A. For Pattern A, because the two parallel layers function as flow pathways 385 

that are not dependent on the inorganic region, and because they have a smaller 386 



 

 

combined volume than the inorganic part, the gas permeability of Pattern A is more 387 

sensitive to the stochastic radii drawn from O-PSD-1. For Pattern B and Pattern C, the 388 

mixture of organic and inorganic pores along the gas flow path makes the random radius 389 

assignment to organic elements less influential on the effective permeability. The 390 

maximum difference among the patterns occurs between Patterns A and C at Nf equal 391 

to 25%, and the maximum is greater than the minimum by less than a factor of 3.  392 

 393 

(a) 394 



 

 

 395 

(b) 396 

Figure 10 The mean effective gas permeability for Patterns A, B and C versus Nf, (a) where the radii of 397 

organic elements follow O-PSD-1 (b) where the radii of organic elements follow O-PSD-2 398 

In Figure 10 (b) where the radii of organic elements follow O-PSD-2 (with the smaller 399 

mean size), the mean effective permeability for every pattern decreases with the 400 

increase of Nf. Because the radii of the organic elements are smaller than their 401 

counterparts, the more the organic elements the smaller the mean effective permeability. 402 

The trends for the different Patterns are notably different from each other. The mean 403 

effective permeability for Pattern A decreases less steeply with the increase of Nf, than 404 

those of counterpart patterns, because the top and bottom layers of smaller organic pore 405 

elements do not impede significantly the bulk gas flow that takes place predominantly 406 

through larger inorganic elements in the middle of the model. For Pattern B, the mean 407 

effective permeability decreases faster with the increase of Nf because the ‘S’ shaped 408 

smaller organic elements form a baffle to the gas flow; the greater Nf, the thicker the 409 

baffle, the greater the impediment to gas flow. This is observed in Figure 8 (c) and (d) 410 

where the pressure drop in organic elements at the middle of the pore network is 411 



 

 

relatively high. For Pattern C, as smaller organic elements are scattered within larger 412 

inorganic elements, the mean effective permeability decreases less steeply at smaller Nf 413 

than at larger Nf, because a smaller proportion of smaller-sized organic elements will 414 

impact critical flow paths less than a larger proportion of smaller-sized organic elements 415 

would do. Because of the ways the three patterns impact the gas flow, the mean effective 416 

permeability at every Nf is the largest for Pattern A, the smallest for Pattern B, and in 417 

between for Pattern C, but equally small at Nf equal to 30% for the latter two. Note that 418 

the standard deviation around the mean effective permeability for every pattern is 419 

relatively small, suggesting that the locations at which organic elements are assigned 420 

with random sized radii do not have a strong impact on the gas flow. The maximum 421 

difference among the patterns occurs between Patterns A and Patterns B or C, at Nf 422 

equal to 30%, and the maximum is greater than the minimum by a factor about 9. 423 

It is of practical interest to compare Figure 10 (a) and (b) because they together 424 

represent an envelope of the mean effective permeability, and their upper bound is two 425 

orders of magnitude greater than their lower one at Nf equal to 30%. Over the range of 426 

PSDs considered, and for the reservoir conditions assumed, the effective permeabilities 427 

for gas flow range from about 30 microDarcy to just below 0.1 microDarcy.  428 

For a given sample, depending on the nature of any mischaracterisation of the 429 

subdomain, the mean effective permeability can shift significantly away from the 430 

unknown truth. Since subdomain siting for subsampling is to be done before actual 431 

subsampling takes place, the actual set of PSDs for organic and inorganic pores at a 432 

subdomain can only be estimated at best from low resolution images at the location or 433 

by other non-imaging-based means. On the other hand, the spatial arrangements of 434 

organic matter may be identified with high confidence even at a lower resolution using 435 

advanced 2/3D imaging techniques (e.g. multi-energy X-ray CT [52]). There is a higher 436 

chance to mischaracterise PSDs than the spatial arrangement, and this can lead to a 437 

significant shift in the mean permeability according to Figure 10. If a random pattern 438 

of organic matter, Pattern C, is considered to be more likely than any other pattern, the 439 

maximum mean permeability shift can still be significant by more than one order of 440 



 

 

magnitude at the highest Nf if the PSD for organic pores is wrongly estimated to have a 441 

larger mean value than that of the PSD for inorganic pores.  442 

There are several limitations of this work that prevent one from generalising the results. 443 

First, only one base shale model, which defines the pore network topology, has been 444 

considered. If evidence or inference indicates that the pore-network topology varies 445 

substantially as PSDs change, then this issue would need to be considered, and we 446 

intend to address that in future work. Second, the sample volume is chosen to be small 447 

mainly to improve simulation efficiency on a large number of stochastically generated 448 

models, although, for end-member spatial patterns considered in this work, the model 449 

size is justifiable since each model represents a unit block in a larger model with the 450 

same underlying but repeating spatial patterns of the pore characteristics. The flow 451 

impact of more complex spatial patterns and diverse pore topology is to be considered 452 

in future work at a larger volume of 10’s microns cube, to be consistent with the largest 453 

field of view the advanced FIB-SEM imaging techniques can achieve. This would make 454 

it closer for one to compare the modelled results with experimental ones reported in 455 

literature (e.g. [53]). 456 

A third limitation is that only a few geological configurations are considered in this 457 

work in terms of types of spatial patterns and PSDs. The combinations of the parallel 458 

layers and a ‘S’ shaped layer, and two contrasting sets of PSDs for organic and inorganic 459 

pores, up to a fraction of 30% organic matter, are considered capturing the extreme 460 

cases. However, the bounds should be interpreted with due consideration to the 461 

following aspects. First, although the PSDs are obtained from real measurements on 462 

specific shale samples, they may not represent the extreme cases that could be found in 463 

reality. Second, the gas flow is simulated assuming the gas pressure gradient is along 464 

the two spatial patterns. The effects of both could potentially be assessed numerically 465 

by considering greater and lesser-contrast sets of PSDs than the two used in this work, 466 

and random pattern alignments. It is expected that the magnitude of the bounds will 467 

change but the upper and lower bounds would still be associated with the two patterns 468 

because these mimic the extreme flow enhancing and baffling effects, subject to the 469 



 

 

effect of local pore topology on local flow fields. 470 

Another two limitations are due to incompleteness in modelling shale gas flow and 471 

transport, and simulations being conducted at the fixed pressure condition. The pore 472 

network flow model developed in this work can deal with the widest set of key gas flow 473 

and transport mechanisms that have ever been considered in work reported in the 474 

literature. One mechanism that has not considered here is gas molecule dispersion into 475 

and out of organic matter. The gas dispersion is an additional gas transport mechanism 476 

that is likely to behave differently in organic and inorganic matter. From the modelling 477 

point of view, the dispersion might be treated as a source/sink term associated with 478 

organic pores. A fixed pressure used for all simulations has an impact to the flux 479 

contribution from each mechanism. At a gas pressure as high as the 40MPa used in this 480 

work, gas surface diffusion makes less impact to the total flux contribution than the gas 481 

adsorption does because the adsorption hinders free gas flow in small organic pores. 482 

The gas surface diffusion only has a stronger impact to gas flow below 20MPa [54]. 483 

Therefore, the estimated bounds in this work are expected not to be fully representative 484 

at the low pressure. 485 

5. Conclusions  486 

In this work, the effect of the spatial distributions of shale organic and inorganic matter, 487 

and the pore-size distributions in these types of matter, relative to real gas flow, are 488 

assessed. Three sets of 120 shale pore networks each are constructed to represent 489 

laminated organic matter, connected group of tortuous organic clumps, and random 490 

distributed organic particles at 6 different fractions for two sets of pore-size 491 

distributions. A unified pore network flow model for shale gas is developed to simulate 492 

gas flow in each pore-network model to calculate effective gas permeability. Gas 493 

transport mechanisms of adsorption and desorption, surface diffusion, slipped viscous 494 

flow, Knudsen diffusion are considered for organic pores while only the slipped viscous 495 

flow and the Knudsen diffusion are modelled for inorganic pores, while taking real gas 496 

effects and phase behaviour change into account in all organic and inorganic pores. 497 

From the analysis of the mean effective permeability, it is clear that the patterns of 498 



 

 

organic matter affect the effective gas flow and transport behaviours depending on the 499 

pore-size distribution of organic pores relative to that for inorganic pores. The main 500 

conclusions are:  501 

• If the organic pores are bigger than the inorganic pores, in terms of their mean 502 

radii, at a given organic-element fraction, the laminated organic matter has the 503 

strongest impact on the effective gas flow, and this is followed by the connected 504 

tortuous organic clumps, and then the random organic particles. The maximum 505 

difference in the mean effective permeability across the patterns is small, and 506 

the upper bound is greater than the lower bound by only a factor of less than 3.  507 

• If the organic pores are smaller than the inorganic pores, the laminated organic 508 

matter least hinders the gas flow, followed by the randomly-distributed organic 509 

particles, and then the connected tortuous organic clumps, at the same organic-510 

element fraction. The maximum difference in the mean effective gas 511 

permeability across the patterns is larger, and the upper bound is greater than 512 

the lower bound by almost a factor of 9.   513 

• With respect to both cases above, the maximum difference in the mean effective 514 

permeability across the patterns is much greater, and the upper bound is greater 515 

than the lower bound by almost two orders of magnitude.  516 

• The maximum differences always occur at organic fractions higher than 25%. 517 

With respect to selection of subdomain siting for subsampling, the results of this work 518 

highlight that a mischaracterisation of pore-size distributions for organic and inorganic 519 

pores has a greater impact on predicting gas flow than a mischaracterisation of spatial 520 

patterns of organic matter does at the high proportion of organic matter. It is more 521 

challenging to correctly characterise pore-size distributions than spatial patterns of 522 

organic matter, before actual image-based subsampling takes place. Therefore, one may 523 

need to consider the need to include more subdomains for subsampling. Given that 524 

organic pores are more likely to be smaller than inorganic pores, a potential 525 

mischaracterisation on pore sizes will have less an impact on modelled gas flow, if 526 

organic pores are smaller in their mean pore-size value than inorganic pores, than 527 



 

 

otherwise. 528 

The upper and lower bounds of the mean permeability that have been estimated in this 529 

work are associated with the two parallel layers and the “S” shape organic “layer”, 530 

respectively. This suggest that, when spatial patterns that resemble these two extreme 531 

patterns are observed on a low resolution image, subdomains over them should be 532 

considered as potential candidates for subsampling, unless characterisation taken at a 533 

coarser scale suggests otherwise. Any larger-scale pattern that is observed in low 534 

resolution images with a large field of view ought to be acknowledged prior to 535 

proceeding to subsampling. The weaknesses of this work have been identified and 536 

discussed. The authors would like to consider addressing those aspects in future work. 537 

  538 



 

 

6. Appendix A 539 

Nomenclature 

a 
van der Waals (vdW) energy 
parameter (m6·Pa/mol2)  

pL Langmuir pressure(Pa) 

A 
area of the 3D model cross 
section(m2) 

Ppr pseudo reduced pressure 

b vdW energy parameter (m3/mol) pi pore pressure in pore i 

Cmax 
maximum adsorbed gas concentration 
(mol/m3) 

pj pore pressure in pore j 

dm gas molecular diameter (m) Q 
volumetric gas flow flux through a 
single pipe(m3/s) 

Ds0 
surface diffusion coefficient when gas 
coverage is zero (m2/s) 

qs 
surface diffusion on gas flow rate 
in cylindrical capillary(m3/s) 

Ds surface diffusion coefficient (m2/s) qinlet gas flux in inlet pores(m3/s) 

gfree free gas flow conductance (m3/Pa·s) Qi,j 
gas flux between pore i and pore j 
(m3/s) 

gsurface 
adsorbed gas flow conductance 
(m3/Pa·s) 

r 
hydraulic radius in inorganic 
pores(m) 

gor 
gas flow conductance in organic pores 
(m3/Pa·s) 

ri radius of pore i (m) 

gin 
gas flow conductance in inorganic 
pores (m3/Pa·s) 

rj radius of pore j (m) 

gi,j 
gas flow conductance between pore j 
and pore i (m3/Pa·s) 

reff_or 
effective hydraulic radius in 
organic pores(m) 

gi 
gas flow conductance of pore i  
(m3/Pa·s) 

T formation temperature(K) 

gj 
gas flow conductance of pore j  
(m3/Pa·s) 

Tc critical temperature(K) 

gt 
gas flow conductance of the throat that 
connect pore i and pore j (m3/Pa·s) 

Tpr pseudo reduced temperature 

H(1-κ) Heaviside function, dimensionless VL Langmuir volume (m3/kg) 

△H 
isosteric adsorption heat at the gas 
coverage of ‘‘0”(J/mol) 

Vm molar volume of gas (m3) 

k 
gas permeability through pore network 
(μm2) 

Z 
gas compressibility factor, 
dimensionless 

Kn Knudsen number, dimensionless α 
rarefaction coefficient 
dimensionless 

L Length of the 3D model (m) β slip coefficient, dimensionless 
Lh Length of single pipe (m) ρs rock density, kg/m3 
Li Pore body length of pore i (m) ρsc,gas gas density, kg/m3 
Lj Pore body length of pore j (m) σ Lennard-Jones size parameter(m) 



 

 

Lt 
The length of throat that connects pore 
i and pore j (m) 

σg 
lognormal distributions standard 
deviation 

l cylindrical capillary length/m ε 
Lennard-Jones energy parameter, 
dimensionless 

Mg gas molecular weight (g/mol) εks 
total organic grain volume per total 
grain volume, dimensionless 

Nf 
organic pores and throats number 
fraction 

θ 
gas coverage of real gas, 
dimensionless 

Ninlet number of the inlet pores M viscosity(Pa·s) 

Nor_pore 
number of organic pores in shale pore 
network 

μg lognormal distribution mean value 

Nor_throa

t 
number of organic throats in shale 
pore network 

μinlet gas viscosity in inlet pores(Pa·s) 

N_pore number of pores in shale pore network λ 
mean free path length of 
molecules(m) 

N_throat 
number of throats in shale pore 
network 

κ 
ratio of the rate constant for 
blockage to the rate constant for 
forward migration, dimensionless. 

N(r,μg,
σg) 

lognormal distribution function κb 
rate constant for blockage( m/s) in 
surface diffusion 

Pc critical pressure(Pa) κm 
rate constant for forward migration 
in surface diffusion 

po pore pressure(Pa) △P Pressure drop on the 3D model(Pa) 

 540 

Appendix B  541 

In this Appendix, the conductance for organic and inorganic pores, as defined in Eqs 542 

(9) and (10), respectively, are fully developed by considering several factors. First, gas 543 

adsorption and desorption are considered to define an effective radius for a pore as they 544 

affect both free gas flow and surface diffusion. Then the phase behaviours of real gas 545 

in confined space are considered to derive modified reduced pressure and temperature 546 

for accurate determination of gas density and viscosity and compressibility. Finally the 547 

combined viscous flow under the slip boundary condition and Knudsen diffusion to the 548 

total flux is established, plus the surface diffusion of adsorbed gas. 549 

Influence of adsorption/desorption on capillary radius 550 

There are a number of models that may be used to characterise the shale gas adsorption 551 

in different ranges of pressures and temperatures [55–58]. At the typical shale gas 552 



 

 

reservoir condition, there is a consensus that the Langmuir monolayer adsorption model 553 

[59] may adequately capture shale gas adsorption behaviours [60]. For this reason, this 554 

model is considered in this work.  555 

Let the coverage be defined as the ratio of the adsorption volume to the Langmuir 556 

volume, and then gas coverage of a real gas can be expressed as: 557 

 o

L o

p Z
p p Z

θ =
+

  (11) 558 

Adsorbed gas molecules on the pore surface reduce the pore space available to the 559 

remaining gas molecules for flow. Under the assumption of a homogenous loading of 560 

adsorbed gas molecules on the surface, the effective capillary radius can be expressed 561 

as: 562 

 _eff or mr r d θ= −   (12) 563 

Influence of phase behaviour of real gas on gas property 564 

It has been recognised that the critical pressure and critical temperature of the gas are 565 

influenced by confined pore space with a pore diameter below 10’s nanometres. As a 566 

result, gas PVT and viscosity vary across pores. In this work, Islam’s equations [20] are 567 

adopted for determining critical temperature and pressure, Tc and Pc, in nano-pores in 568 

Eq.(13) and Eq.(14), respectively. 569 

 3 28 2 2.6275-0.6743
27

m m
c

eff eff

d dT a N
bR r r

σ ε
  

= −      
  (13) 570 

 3 2
2

8 2 2.6275-0.6743
27

m m
c

eff eff

d dP a N
b r r

σ ε
  

= −      
  (14) 571 

Note that reff refers to the radius of an inorganic pore, r, and the effective radius of an 572 

organic pore, reff_or. It has been shown that Tc and Pc are in a good agreement with the 573 

laboratory measurements and molecular simulation results [20]. 574 

By the definition of the pseudo reduced pressure and temperature, Ppr and Tpr as given 575 

in Eq.(15) and Eq.(16), the modified van der Waals (vdW) EoS developed by Mahmoud 576 



 

 

[61] for determining the gas compressibility factor Z (Eq.(17)) is valid over a wide 577 

pressure range. 578 

 pr
c

pP
P

=   (15) 579 

 pr
c

TT
T

=   (16) 580 

 
2.5 2.52 2(0.702 ) 5.524 0.044 0.164 1.15pr prT T

pr pr pr prZ e P e P T T− −= − + − +   (17) 581 

Lee et al. [62] develop an empirical gas viscosity model for natural gases that has been 582 

adopted for the confined pores[63–66] to determine gas viscosity and density as follows: 583 

 ( )
( )

1.59.379 0.01607
209.2 19.26

M T
K

M T
+

=
+ +

  (18) 584 

 986.43.448 0.01009X M
T

= + +   (19) 585 

 2.447 0.2224Y X= −   (20) 586 

 ( ) ( )41 10 exp YK Xµ ρ−= ×   (21) 587 

 31.4935 10 op M
ZT

ρ −= ×   (22) 588 
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Free gas transport 590 

The mean free path of molecules for a real gas can be expressed as [67] 591 

 
2 w

ZRT
M p

π µλ =   (23) 592 

The Knudsen number in organic and inorganic pores can be written as 593 

 n
eff

K
r
λ

=   (24) 594 

 595 



 

 

In this work, a unified Hagen–Poiseuille-type equation developed by Beskok and 596 

Karniadakis [68] is used for modelling gas flow. For a capillary with a circular cross-597 

section, the volumetric gas flow Q through is given as follows: 598 

 
4

( )
8

eff
n

r PQ f K
L

π
µ

∆
=   (25) 599 

Where the flow condition function f(Kn) is given by: 600 

 
4( ) (1 )(1 )

1
n

n n
n

Kf K K
K

α
β

= + +
−

  (26) 601 

The parameter α in Eq.(26) is a dimensionless rarefaction coefficient, which can be 602 

written as: 603 

 1 0.4
2

128 tan [4.0 ]
15 nKα
π

−=   (27) 604 

Though the slip coefficient β = −1 was initially considered only applicable to a slip flow 605 

condition, evidence from the DSMC simulations and Boltzmann solutions [69] showed 606 

that β= −1 is valid within in the the full range of flow regimes. 607 

According to Eq.(25), free gas flow conductance can be written as: 608 

 
4 ( )
8

eff
free

r f Kn
g

L
π

µ
=   (28) 609 

Surface diffusion of adsorbed gas 610 

Surface diffusion of adsorbed gas molecules has long been considered as one of the key 611 

transport mechanisms in organic pores because of the large amount of adsorbed gas in 612 

organic shales. It can be modelled as a the general diffusion process, using the molar 613 

flow rate per unit area of the concentration gradient within the adsorbed monolayer as 614 

developed in [70]: 615 

 a
a s

dCJ D
dx

=   (29) 616 

Ca is calculated assuming Langmuir adsorption and is given by: 617 



 

 

 maxa aC C θ=   (30) 618 

Camax can be expressed as [49]: 619 

 ,
max

L sc gas grain
a

ks

V
C

M
ρ ρ
ε

=   (31) 620 

Combining Eq.(29)-Eq.(31), molar flow rate in the adsorbed layer is then expressed 621 

below: 622 

 ( )2 2
max _A s a eff or

d dpJ D C r r
dp dx
θ π= −   (32) 623 

From Eq.(32), volumetric flow rate is: 624 

 ( )2 2
max _A s a eff or

M d dpV D C r r
dp dx
θ π

ρ
= −   (33) 625 

Note ρ in Eq.(33) is considered to be the density of adsorbed gas, rather than that of the 626 

free gas, and as expected, the former is equal to or greater than the latter. It has been 627 

shown by molecular dynamic simulations [71] that the difference may vary by a factor 628 

that itself depends on chemical compositions of wall molecules and gas molecules, as 629 

well as pressure and temperature, but it approaches unity at high pressure typical of 630 

shale gas fields. As far as the authors are aware, this factor has not been determined for 631 

realistic organic materials for shale gas at field conditions. For this reason, ρ is treated 632 

as the density of the free gas in this work. As a result the contribution of the surface 633 

diffusion to the total gas flow and transport will be at the maximum. 634 

Based on Hwang and Kammermeyer’s model [72], the surface diffusion coefficient for 635 

methane (when gas coverage is zero) can be expressed as [73]: 636 

 
0.8

7 0.5
0 8.29 10 exp( )s

HD T
RT

− ∆
= × −   (34) 637 

The surface diffusion coefficient in Eq.(34) is obtained under a low pressure condition 638 

by theory and experiments, and is a function of gas molecular weight, temperature, and 639 

gas activation energy, isosteric adsorption heat and independent of pressure [72]. In 640 



 

 

order to describe the gas surface diffusion in nanopores of shale gas reservoirs under a 641 

high pressure condition, the influence of gas coverage on surface diffusion needs to be 642 

considered. Chen et al. [74] used the kinetic method to calculate the surface diffusion 643 

coefficient: 644 
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 (1 ) 0, 1;1,0 1H κ κ κ− = ≥ ≤ ≤   (36) 646 

 b

m

κκ
κ

=   (37) 647 

When κm > κb, surface diffusion occurs. When κm<κb, gas molecules are blocked and 648 

surface diffusion stops. 649 

According to Eq.(33), adsorbed gas flow conductance can be written as:  650 

 ( )2 2
max _

1
surface s a eff or

M dg D C r r
l dp

θ π
ρ

= −   (38) 651 

This surface diffusion incurred conductance is appended to that of the free gas flow in 652 

organic pore, Eq (39) to give Eq (40), while Eq (41) to Eq (42). 653 
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