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Porosity and permeability are the key factors in assessing the hydrocarbon productivity of 8 

unconventional (shale) reservoirs, which are complex in nature due to their heterogeneous 9 

mineralogy and poorly connected nano- and micro-pore systems. Experimental efforts to 10 

measure these petrophysical properties posse many limitations, because they often take 11 

weeks to complete and are difficult to reproduce. Alternatively, numerical simulations can 12 

be conducted in digital rock 3D models reconstructed from image datasets acquired via 13 

e.g., nanoscale-resolution focused ion beam–scanning electron microscopy (FIB-SEM) 14 

nano-tomography. In this study, impact of reservoir confinement (stress) on porosity and 15 

permeability of shales was investigated using two digital rock 3D models, which 16 

represented nanoporous organic/mineral microstructure of the Marcellus Shale. Five stress 17 

scenarios were simulated for different depths (2,000-6,000 feet) within the production 18 

interval of a typical oil/gas reservoir within the Marcellus Shale play. Porosity and 19 

permeability of the pre- and post-compression digital rock 3D models were calculated and 20 

compared. A minimal effect of stress on porosity and permeability was observed in both 3D 21 

models. These results have direct implications in determining the oil-/gas-in-place and 22 

assessing the production potential of a shale reservoir under various stress conditions.  23 
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Conventionally, oil and gas have been recovered from sandstone or carbonate reservoirs where 24 

hydrocarbons are trapped in well-connected systems of pores and fractures. Thanks to recent 25 

advancements in petroleum technologies, such as horizontal drilling and hydraulic fracturing, oil 26 

and gas can also be recovered unconventionally from less-developed mudstone (shale) reservoirs 27 

– deep and tight rock formations of heterogeneous lithology and mineralogy with poorly-28 

connected nanometer-/micrometer-size pore systems. Among the key factors in assessing the 29 

oil/gas productivity potential of shale reservoirs (also referred as to shales) are the porosity and 30 

permeability of these oil- and/or gas-bearing rock formations. Porosity of a rock is the volume of 31 

void space, which can be filled with different reservoir fluids (e.g., oil, gas, water) at various 32 

saturations, whereas permeability of a rock is the ability of these fluids to flow within and 33 

between the pore space. Shales are characterized by very low porosity (typically less than 5%) 34 

and very low permeability (typically less than 1,000 nD), which make them challenging in 35 

recovering economically viable hydrocarbons. Determining the volume of oil and/or gas present 36 

in a reservoir (oil- and/or gas-in-place), and its potential to flow through reservoir pore/fracture 37 

system into the wellbore, helps petroleum industry to understand and optimize the producibility 38 

of a reservoir. 39 

 Porosity and permeability of shales are often determined by examining core rock samples 40 

recovered from oil/gas wells drilled deep into rock formation. Recently, modern 2D/3D imaging 41 

techniques, have been used to investigate mineralogy and porosity in very fine detail, down to 42 

the sub-nanometer level
1-7

. These methods (and advanced image analysis) have facilitated 43 

characterization of the pore morphology within both the organic matter and non-organic 44 

(mineral) matrix of shales
8-12

. However, there is a little debate whether this imaging data of 45 

recovered samples (from thousands of meters) can be considered representative of an unstressed 46 

rock. 47 

 Therefore, the objective of this study was to investigate the effect of reservoir 48 

confinement on porosity and permeability of an organic-rich Marcellus Shale rock sample 49 

imaged with FIB-SEM nano-tomography at ultra-high-resolution (5 nm/voxel). Porosity and 50 

(absolute) permeability under non-confined and confined conditions (at different reservoir 51 

depths) were simulated and compared by compressing two digital rock 3D models and re-52 

evaluating the above petrophysical properties. 53 
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Background. Researchers are increasingly focusing on modeling and simulation of fluid flow 54 

and transport phenomena in shales in order to measure their permeability due to the inherent 55 

difficulty of conducting core flooding experiments in these extremely tight rocks. Even under 56 

high pressure differential (1,000-5,000 psi), it takes several days for different fluids (e.g., decane, 57 

methane, water, brine) to pass through nano-/micro-pore systems of a core rock sample
13-15

. 58 

Numerical simulations are one of the best alternative methods circumventing these 59 

problems. Contrary to analytical and semi-analytical techniques, numerical methods are capable 60 

of handling complex models of shales and simulating single-/multi-phase flow of various fluids 61 

in these nanoporous rocks
16-19

. Depending on the complexity of the model and/or the objectives 62 

of the studied problem, the scale and features of the simulated model may vary from nanometers 63 

to centimeters. Various computational models, such as molecular dynamics (MD)
20-21

, direct 64 

simulation Monte Carlo (DSMC)
22

, dissipative particle dynamics (DPD)
23-24

, Lattice Boltzmann 65 

(LB)
25-26

, and many continuum-flow-based models, have been used for simulations of fluid flow 66 

in shales to calculate their permeability. The main deference between these simulations lies in 67 

the size of the modeled system and the type of fluid flow they are capable of modeling. It is well 68 

established that different fluid flow and transport phenomena occur in shales (e.g., Darcy’s flow 69 

in macro-pores, non-Darcy’s flow in nano-pores, or adsorption/absorption of the organic or 70 

mineral matrix)
27-30

. Thus, fluids (oil, gas, water/brine, or a combination of these three) can be 71 

carried by means of multiple transport mechanism – from continuum to free-molecular flow. 72 

However, none of the above mentioned computational models are capable of capturing all of 73 

these mechanisms and performing fluid flow simulations in realistic 3D models, reflecting actual 74 

nanoporous microstructure of shales. 75 

Various parameters, such as heterogeneous mineralogy, porosity (pore type/size and 76 

structure), or rock compaction with depth, may impact permeability of shales
31-32

. Therefore, it is 77 

critical to take all of these factors into consideration while modeling these nanoporous rocks, and 78 

performing fluid flow simulations in their intricate nano- and micro-pore systems. Therefore, in 79 

order to investigate the effect of reservoir confinement on porosity and permeability of shales, in 80 

this study, five consecutive mechanics (compression) and fluid flow (permeability) simulation 81 

scenarios (reflecting actual shale reservoir conditions) were performed on two realistic digital 82 

rock 3D models reconstructed from nanoscale-resolution FIB-SEM nano-tomography image 83 
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datasets of a rock sample collected from the Marcellus Shale – one of the most prolific shale 84 

plays in the United States
33-34

. 85 

Results and Discussion 86 

Two digital rock 3D models, reconstructed from 5 nm/voxel-resolution FIB-SEM nano-87 

tomography image datasets of two regions on interest (ROIs) of a Marcellus Shale rock sample 88 

(ROI-1 and ROI-2), are shown in Figure 1 and Figure 2. The volume fractions of pores, organic, 89 

and mineral phases present within both of these 3D models are presented in Table 1. As shown in 90 

the Table 1, the ROI-1 had higher organic matter content and lower mineral matter content than 91 

the ROI-2. 92 

 93 

Figure 1. Visualization of segmented (A) pores, (B) organic matter, and (C) mineral phases 94 

present within digital rock 3D model reconstructed from (D) FIB-SEM nano-tomography image 95 

dataset of the ROI-1. 96 

A B 

C D 
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 97 

Figure 2. Visualization of segmented (A) pores, (B) organic matter, and (C) mineral phases 98 

present within digital rock 3D model reconstructed from (D) FIB-SEM nano-tomography image 99 

dataset of the ROI-2. 100 

 Next, ROI-1 and ROI-2 3D models were used as an input for compression simulations, 101 

which reflected five different reservoir confinement scenarios: 2,000 ft to 6,000 ft depth – 102 

production interval of a typical oil/gas reservoir within the Marcellus Shale play
35

. The reservoir 103 

confinement (stress), which acted at each of the two 3D models at five different depths (used as 104 

an input in compression simulations) are presented in Table 2. Geomechanical properties, such 105 

as Young’s modulus (E) and Poisson’s ratio (υ), taken from Bennett et al. (2015)
36

, were 106 

assigned both to the organic (E: 7.65 GPa at 0.3 υ) and mineral phases (E: 23.15 GPa at 0.3 υ) of 107 

the 3D models. After each of the compression simulations, porosity and permeability of the 108 

deformed geometries were reexamined. 109 

Pre- and Post-Compression Porosity Analysis. Porosity of the non-compressed 3D models of 110 

the ROI-1 and ROI-2 were 13.2% and 14.7% respectively. These porosities were then re-111 

evaluated after each of the compression simulations. Figure 3 shows porosity results as a 112 

function of depth for both, the ROI-1 and ROI-2 3D models. The porosity of both 3D models 113 

decreased, however not that significantly. A maximum change of 3.5% (for the ROI-1) and 3.1% 114 

(for the ROI-2) in porosity (in relation to their initial porosities), at the maximum depth of 6,000 115 

ft, was observed. 116 

A B 

C D 
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 117 

Figure 3. Porosity of the ROI-1 and ROI-2 3D models after five compression simulations. 118 

It is evident from the results that the shale rock is compacted under the stress and the pore 119 

space is reduced consequently. The amount of reduction depends on the combined effect of 120 

stress and the overall geomechanical properties that are a function of the contribution from 121 

organic and mineral phases. It is clear from the values of Young’s modulus that the organic 122 

phase (E: 7.65 GPa) is more deformative than mineral phase (E: 23.15 GPa). Since the ROI-1 3D 123 

model had higher organic matter content than the ROI-2, it experienced higher porosity reduction 124 

under the same stress. 125 

Pre- and Post-Compression Permeability Analysis. Permeability of the non-compressed 3D 126 

model of the ROI-1 was calculated to be 95.6 nD (in the Z-direction) and 5.3 nD (in the Y-127 

direction), whereas permeability of the ROI-2 was 3.6 nD and 1.4 nD in the Z- and Y-directions 128 

respectively. There was no flow (permeability) recorded in the X-direction in both 3D models. It 129 

is very common for shales, that their permeability changes with the direction of flow. This is due 130 

to the complex geometry of their pore systems, which is not uniform in all directions (anisotropic 131 

in nature). It was also noticed, that the ROI-1 3D model had much higher permeability than the 132 

ROI-2 3D model. This was due to higher interconnectivity of its pore systems. 133 

 Permeabilities of the ROI-1 and ROI-2 3D models, after five compression simulations, 134 

are plotted in Figure 4 and Figure 5 respectively. The permeability of the ROI-1 increased by 135 
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12.3% in the Y-direction and 2.7% in the Z-direction (in relation to its initial permeability). On 136 

the other hand, permeability of the ROI-2 decreased by 42.6% in the Y-direction and 16.3% in 137 

the Z-direction (also in relation to its initial permeability). The permeability enhancement of the 138 

ROI-1 is somewhat counter-intuitive. Normally, it is expected from compressed rocks to become 139 

less permeable (like in the case of the ROI-2). This may be due to the fact that some of its flow 140 

pathways, under compression, were activated. 141 

Although the porosity and permeability simulation results may not be representative of 142 

the entire feet-long core rock sample, nor miles-long shale reservoir, they show that reservoir 143 

confinement effect on these petrophysical properties is minimal, and hence porosity and 144 

permeability of shales should remain almost the same regardless of recovering these rocks deep 145 

from the ground.  146 
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 147 

Figure 4. Permeabilities of the FIB-SEM ROI-1 3D model after five compression simulations. 148 

 149 

Figure 5. Permeabilities of the FIB-SEM ROI-2 3D model after five compression simulations.  150 
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Methods 151 

Traditional core analytical techniques commonly used to determine porosity or permeability of 152 

oil-/gas-bearing rocks, developed for conventional (sandstone or carbonate) reservoirs, are 153 

limited in terms of characterizing unconventional (shale) reservoirs. This adds to the difficulties 154 

of exploration intended for production which requires a search for a new solution to supplement 155 

the existing characterization methods. Petroleum industry is now turning to the technique of 156 

―digital rock‖ as a potential solution for characterizing shales, owing to the power of modern 157 

microscopes to reliably and precisely image and analyze these rocks at the micro- and/or 158 

nanoscale-resolution. Digital rock analysis (also known as digital rock physics) integrates multi-159 

scale and multi-modal 2D/3D imaging techniques (e.g., field-emission scanning electron 160 

microscopy (FE-SEM) or focused ion beam – scanning electron microscopy (FIB-SEM) nano-161 

tomography) together with advanced image analysis methods. These digital rock 3D models can 162 

be then used to investigate e.g., nanoporous microstructure of geomaterials in very fine detail, or 163 

for modeling and simulation of various multi-physics processes that take place within these 164 

geosystems deep in the subsurface. 165 

Nanoscale-resolution 3D imaging with focused ion beam–scanning electron microscopy 166 

(FIB-SEM) nano-tomography. FIB-SEM nano-tomography (serial-sectioning) is a nanoscale-167 

resolution 3D imaging technique in which cross-section ion milling is used to controllably 168 

remove approximately 5- to 20-nm-thin layer of material (―slice‖) of the sample, and electron 169 

imaging is used to characterize the freshly prepared sample surface. Automated sequential FIB 170 

milling and SEM imaging allows for the acquisition of a series of images, which in turn leads to 171 

digital rock 3D model reconstruction. 172 

In this study, a ZEISS Crossbeam 550 FIB-SEM was used to collect ultra-high-resolution 173 

(5 nm/voxel) image datasets of two organic-rich regions of interest (ROIs) of a Marcellus Shale 174 

rock sample. Both, secondary electron (SE) and backscatter electron (BSE) signals were acquired 175 

at the time of the 3D imaging. These SE and BSE images were then blended into a single image 176 

dataset to optimize brightness and contrast between organic, mineral, and pore phases. 177 

Image Analysis: Image Processing and (Machine Learning) Image Segmentation. Image 178 

processing was first performed in order to improve image quality – a combination of different 179 

filters and operations was applied in order to remove imaging artifacts, noise, and other 180 
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background intensity variations from the images. Commonly found artifacts in FIB-SEM nano-181 

tomography image datasets are e.g., curtaining or shadowing effect. These can be removed by 182 

applying various image processing algorithms (e.g., FFT, local or non-local means filters). Image 183 

segmentation, on the other hand, allows for classification of the images into segments 184 

representing different (shale rock) material components (of different densities, and hence of 185 

different intensities in the images). In this study, machine learning segmentation was applied in 186 

order to segment pore, organic, and non-organic (mineral) phases within the FIB-SEM nano-187 

tomography image datasets. 188 

In the past decade, machine learning grew out of the quest for artificial intelligence and 189 

has found application in many areas (e.g., self-driving cars, effective web search), however its 190 

application to image analysis has been recently developed. Machine learning algorithms enable it 191 

to identify patterns in observed data and build predictive models without being explicitly 192 

programmed. Machine learning image segmentation automatically partition challenging image 193 

datasets, that may carry a variety of modality-specific imaging artifacts, into segments (labels), 194 

representing different groups of features of the rock microstructure (e.g., pores or minerals), 195 

previously too difficult to segment by threshold- or watershed-based approaches
37

. 196 

 The processed and segmented image datasets were then reconstructed into two digital 197 

rock 3D models: ROI-1 (3.25 µm x 2.5 µm x 2.5 µm) and ROI-2 (3.75 µm x 2.25 µm x 2 µm). 198 

These two 3D models were then used for mechanics (compression) and fluid flow (permeability) 199 

simulations performed using the GeoDict software. The GeoDict software, developed by 200 

Math2Market GmbH, brings different solution methods into play for the simulation of mechanics 201 

and single-phase flow in porous media
38

. The common denominator of the computational models 202 

(solvers), used in this software, is that they work directly on 3D images. They do not require a 203 

mesh generation step, which is a bottleneck for classical finite-element or finite-volume methods. 204 

205 
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Mechanics (Compression) Simulations. For a uniform macroscopic strain  , the boundary 206 

value problem (BVP) for the stress field  , strain field  , and displacement field    can be stated. 207 

The BVP or equations of linear elasticity consists of the elastic equilibrium equation (1), 208 

Hooke’s law (2), and periodic boundary conditions (C): 209 

           (1) 210 

          (2) 211 

          (   )    (3) 212 

 By introducing a reference material of homogeneous stiffness   , the BVP can be 213 

transformed into the strain-based Lippmann-Schwinger equation (4): 214 

(    )        ((    )  )    (4) 215 

 Fast Fourier transform (FFT) allows to solve the convolution with the Green’s operator 216 

  
39

. The Lippmann-Schwinger equation can also be formulated with respect of stress instead of 217 

strain. These equations can iteratively be solved using the Neumann series expansion, the so-218 

called ―basis scheme‖. Instead of using the Neumann series expansion, Krylov subspace methods 219 

can be applied to accelerate the convergence of the method. The formulation allows to handle 220 

linear and non-linear (i.e., replacing Hooke’s law with a non-linear formulation) material laws as 221 

well as isotropic, transverse-isotropic, orthotropic, or anisotropic constituent materials. 222 

 Similar to the fluid flow solvers (described below), a staggered grid is used to discretize 223 

displacement, strain, and stress variables
40

.  224 

 For the computation of compression dependent properties, the displacement field    used 225 

to predict a compressed structure. The voxels of the original image are moved along the 226 

displacement field and cut with a reduced voxel image. The result of that procedure is a 227 

grayscale image, where a global threshold is used to perform a segmentation of the different 228 

phases. The threshold is chosen in the FeelMath Solver such that either mass or volume is 229 

preserved. 230 

Fluid Flow (Permeability) Simulations. The LIR Solver
41

 is a very fast and memory-efficient 231 

iterative finite volume method used for fluid flow simulations. The solver computes the 232 

permeability, as well as velocity and pressure fields, on large 3D images. The LIR solver can be 233 

used for the numerical solution of the Stokes, Stokes-Brinkman, Navier-Stokes, and Navier-234 

Stokes-Brinkman equations.  235 
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 A laminar flow of a fluid with constant viscosity  , velocity  , and pressure   are 236 

described by Stokes conservation of momentum (5), conservation of mass (6), and no-slip 237 

boundary conditions (7). The domain   is periodic and the direction of the flow is induced by the 238 

unit vector   that always points in the direction of one of the coordinate axes. 239 

                (5) 240 

          (6) 241 

 |          (7) 242 

 Usually, 3D images are represented as regular voxel grids where the number of grid cells 243 

grows cubically. The LIR solver uses an adaptive grid, instead of a regular grid, to reduce the 244 

number of grid cells significantly. The basis of the adaptive grid is a data structure called LIR-245 

tree
42

 that is used for spatial partitioning of 3D images. The pore space is coarsened in areas with 246 

small velocity and pressure variations, while keeping the original resolution near the solid 247 

surfaces and in regions where velocity or pressure vary rapidly. Pressure and velocity are 248 

discretized on staggered grids and they are arranged in such a way that each cell can satisfy the 249 

(Navier-)Stokes(-Brinkman) equations independently from its neighbor cells. Pressure variables 250 

represent an average for the whole cube and residue at the cube centers, whereas the velocities 251 

represent transport across faces between the cubes and residue on the respective faces of the 252 

cube. Two velocity variables, namely one for each neighboring cell, are introduced instead of 253 

using one velocity variable on the cell faces. The two velocity variables discretize the two one-254 

sided limits at the center of the cell surface. The discretization of the momentum and mass 255 

conservation equations yields one linear system (block) per cell. This block structure allows 256 

using the block Gauß-Seidel algorithm as smoother in a multigrid approach as an iterative solver 257 

method.  258 
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Conclusions 259 

Two digital rock 3D models (ROI-1 and ROI-2) were reconstructed from ultra-high-resolution (5 260 

nm/voxel) FIB-SEM nano-tomography image datasets of the Marcellus Shale rock sample. 261 

These 3D models were used for porosity and permeability simulations, which were conducted 262 

under five different reservoir confinement conditions (at 2,000-6,000 ft depth), in order to 263 

investigate how porosity and permeability of shales change at different depths of these 264 

unconventional reservoirs. 265 

The two 3D models had very distinct nature in terms of their anisotropy, permeability, 266 

and confinement effects. Despite their similar porosity, the permeability of the ROI-1 was 267 

around 25 times greater than that of the ROI-2. This was due to their different connected 268 

(effective) porosities. Porosities of the non-compressed ROI-1 and ROI-2 were 13.2% and 14.7% 269 

respectively. Permeabilities of these two 3D models were calculated to be 95.6 nD (for the ROI-270 

1), and 3.6 nD (for the ROI-2) in the Z-direction. Both 3D models were impermeable in the X-271 

direction and there was insignificant flow in the Y-direction. This implies that permeability of 272 

the investigated shale rock sample might be dramatically different depending on the size and 273 

location of the investigated region of the sample and/or direction of flow. 274 

Porosity reduction by approximately 3% for both 3D models (ROI-1 and ROI-2) (in 275 

relation to their original porosity) was observed under confinement at the maximum simulated 276 

depth of 6,000 ft. Permeability of the deformed ROI-1 increased by approximately 3% (in 277 

relation to its original permeability) in the Z-direction. On the other hand, permeability of the 278 

deformed ROI-2 decreased by approximately 16% (in relation to its original permeability) in the 279 

Z-direction. This shows minimal effect of reservoir confinement on porosity and permeability of 280 

shales, which assures that rock sampling from deep unconventional reservoirs would not alter 281 

these petrophysical properties significantly. 282 

 283 

Data Availability 284 

The data generated during and/or analyzed during the current study are available from the 285 

corresponding author on reasonable request.  286 
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Table 1. Volume fractions of pore, organic and mineral phases present within digital rock 3D 392 

models reconstructed from FIB-SEM nano-tomography image datasets of the ROI-1 and ROI-2. 393 

3D Model Pore Phase Organic Phase Mineral Phase 

ROI-1 13.2% 38.6% 48.2% 

ROI-2 14.7% 25.2% 60.1% 

 394 

Table 2. Compression simulation set-up parameters: vertical stress (  ) = 1 psi/ft and horizontal 395 

stress (         ) = 0.6 psi/ft. 396 

Scenario Depth [ft]      [psi]       [psi]       [psi] 

1 2,000 2,000 1,200 1,200 

2 3,000 3,000 1,800 1,800 

3 4,000 4,000 2,400 2,400 

4 5,000 5,000 3,000 3,000 

5 6,000 6,000 3,600 3,600 

 397 
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