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ARTICLE INFO ABSTRACT

Keywords: One area of intense scientific interest for the study of sandstones, carbonates, and shale at the pore scale is
Image analysis the use of limited image and petrophysical data to generate multiple realizations of a rock’s pore structure.
Sandstone

Such images aid efforts to quantify uncertainty in petrophysical properties, including porosity-permeability
transforms. We develop and evaluate a deep learning-based method to synthesize porous media volumes using
a so-called generative flow model trained on x-ray microscope images of rock texture and pore structure. These
models are optimized on a log-likelihood objective and they synthesize large and realistic three-dimensional
images. We demonstrate the rapid generation of sandstone image volumes that display realism as gauged by
quantitative comparison of topological features using Minkowski functionals of porosity, specific surface area,
and the Euler-Poincaré characteristic (i.e., pore connectivity). We also evaluate the single-phase permeability
using Navier-Stokes and lattice Boltzmann methods and show that transport properties of the generated
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samples match measured trends.

1. Introduction

Understanding fluid flow in porous media at the micro-scale is rel-
evant to many fields, such as oil and gas recovery, geothermal energy,
geological CO, storage, and battery energy storage. Porous medium
properties, such as porosity and permeability, are often calculated
from laboratory measurements or direct imaging of the microstruc-
ture (Walsh and Frangos, 1968; Ketcham and Carlson, 2001; Josh
et al.,, 2012; Callow et al., 2020). Due to acquisition times and ex-
perimental costs, however, it is difficult to evaluate the variability
of these properties across multiple macroscopic samples especially as
sample permeability decreases. Instead, researchers often use statistical
methods to reconstruct porous media based on either two-point or
multi-point statistics (Okabe and Blunt, 2007; Wang et al., 2018). Re-
construction using these methods often requires prior knowledge about
the pore- and throat-size distributions and can be time-consuming to
generate multiple realizations of the same rock sample.

Various methods are available to reconstruct porous media, such
as simulated annealing and multi-point statistical (MPS) methods. Sim-
ulated annealing can incorporate multiple correlation functions and
statistical properties during reconstruction (Yeong and Torquato, 1998;
Manwart et al.,, 2000; Pant and Berkeley, 2016). The method has
been used to generate 2D and 3D Fontainebleau and Berea sandstone
structures but can take hours to days to create large volumes (Manwa]rt

* Corresponding author.

et al., 2000; Capek et al., 2009; Pant and Berkeley, 2016). Extensions
of the simulated annealing technique have also been used to gener-
ate multi-scale heterogeneous materials from multiple data sources,
as well as generating 3D binary volumes from limited, multimodal
data (Chen et al., 2016; Li et al., 2018). MPS techniques have been
used to reconstruct large-scale reservoir systems, as well as micro-
scale porous media, but also are slow to scale to generate multiple,
large volumes (Caers, 2001; Okabe and Blunt, 2004, 2007; Bai and
Tahmasebi, 2020). Pattern-based MPS methods have allowed for faster
reconstruction of 3D networks using a cross-correlation based simu-
lation method (CCSIM), but MPS techniques still struggle to capture
long-range connectivity (Tahmasebi et al., 2012, 2014, 2017). Other
recent methods for reconstructing three-dimensional porous volumes
include texture synthesis and gradient-based methods as well (Liu and
Shapiro, 2015; Fullwood et al., 2008).

Given the multi-scale nature of many rock systems, an ideal recon-
struction method is one that recreates different length scales accurately
and rapidly from a few datasets and is equally applicable to con-
ventional and unconventional porous media. Recently, advances in
machine learning, specifically in generative modeling, have focused on
learning from limited datasets and generalizing these learned features
for various applications (Goodfellow et al., 2014; Dinh et al., 2015; Zhu
et al., 2017).
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The major contribution of this work is the application of generative
flow models to 3D volumes of porous media exhibiting grains, pore
throats, and pore bodies. The advantage of this method is that the
training is done on 2D grayscale images. The training time and model
size are reduced, thereby improving scalability of the algorithm for
training on larger image sizes. We generate 3D grayscale images via a
latent space interpolation using a modifiable Gaussian distribution. The
volumes generated are shown to be as useful as the original datasets for
computing porosity, permeability, mercury injection capillary pressure,
and other rock properties. We verify the accuracy of the generated
images by calculating morphological parameters and comparing them
against the real rock dataset. Accordingly, this paper proceeds by
proposing implementation of generative flow models, metrics for eval-
uating the accuracy of model results, computation of permeability from
3D images, discussing results, and then conclusions.

2. Generative models

Deep-learning generative modeling is classified into two main ap-
proaches: generative adversarial networks (GANs) and likelihood-based
methods. GANs are composed of two networks, a generator and dis-
criminator, that work in competition against one another (Goodfellow
et al., 2014). The generator attempts to recreate the training image as
realistically as possible in order to fool the discriminator, that attempts
to discern between a real or fake image. Deep convolutional GANs
(DCGANSs) are a class of GANs that use a convolutional neural network
(CNNs) architecture in the generator and discriminator (Radford et al.,
2015). CNNs are well-suited for image-based deep learning tasks, but
must be trained on a fixed image size for a given network.

The second type of generative model, likelihood-based methods,
is comprised of three groups: autoregressive models, variational au-
toencoders, and flow-based generative models. Each method has their
advantages and disadvantages. Autoregressive models are simple to
train but difficult to parallelize on larger image sizes (Hochreiter and
Schmidhuber, 1997; Graves, 2013). Variational autoencoders are more
parallelizable and optimize the lower bound of the log-likelihood of
data (Kingma and Dhariwal, 2018). However, they can be difficult
to optimize. Finally, flow-based generative models are a more recent
technique that use a series of invertible transformations to yield a
model with a tractable density function (Dinh et al., 2015, 2017).

2.1. Application to geological sciences

Generative models have been used in geosciences for inverse mod-
eling and history matching of reservoirs and reconstruction of image
volumes before (Chan and Elsheikh, 2019; Mosser et al., 2020; Krutko
et al.,, 2019; Wang et al., 2020; Volkhonskiy et al., 2019; Anderson
et al., 2020b). Most researchers have focused on using GANs to recreate
porous media images. Often, these GANs are coupled with additional
parameters or autoencoders to improve image quality by introducing
more information or limitations (Feng et al., 2019; Volkhonskiy et al.,
2019; Fokina et al., 2020). Advantages of using GANs over stochastic
methods described earlier are rapid generation of the images, especially
in 3D, and removing the necessity of incorporating physical parametegs
that must be predetermined from the rock dataset. One disadvantage
of GANs, however, is that the training image size is often fixed and
dependent on the CNN architecture. In order to train on larger image
volumes, an additional layer in the generator and discriminator mygt
be added and can make the training and optimization of the modgl
more difficult. As a consequence, scaling the network to generate larggr
volumes that may be necessary to capture multi-scale features ing
sample can be difficult if the training size is not large enough. Latgr
work applied conditional and spatial transform networks to improve
image quality and scalability of the output image (Uzunova et al., 20} i)
Mosser et al., 2018).
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Fig. 1. Generative flow model architecture. The flow step is comprised of three parts:
an actnorm, then an invertible 1 x 1 convolution, and then a coupling layer. K is the
depth of flow and L is the number of levels. x is a random vector with distribution
X ~ p*(x), and z is the latent variable.

Source: Adapted from Kingma and Dhariwal (2018).

There has been little work using other generative models to create
synthetic rock volumes, and this is an active area of research. The
assumptions concerning the regular structure of synthetic samples and
the required computational time are the most limiting criteria. In
this project, we aim to explore other methods for generating realistic,
scalable rock samples. Specifically, we consider flow-based models due
to the model’s scalability and invertability (Papamakarios et al., 2019;
Kingma and Dhariwal, 2018).

3. Methods

The main contribution of this work is to present and evaluate a
generative flow model to synthesize 3D porous media images and
evaluate a series of domain-specific metrics to verify model accuracy.
We demonstrate the applicability of the generative flow method using
a sandstone dataset because data is widely available and petrophysical
properties are fairly well-understood. We first present the generative
flow model and interpolation technique, described in further detail
in Anderson et al. (2020a) that was used on shale fabric, not granular
images. Next, we detail the morphological and petrophysical evaluation
metrics used to compare the real and synthetic datasets.

3.1. Generative flow model

We adapt a pre-existing generative model on our dataset to confirm
the feasibility of this approach. Specifically, we start with a gener-
ative flow model with invertible 1 x 1 convolutions, coined Glow,
that has been shown to create realistic-looking, large images (Kingma
and Dhariwal, 2018). This work is built upon the NICE and RealNVP
generative models (Dinh et al., 2015, 2017).

Flow-based models use a likelihood-based objective. For the Glow
Eiﬁodel, this is equivalent to minimizing the negative log-likelihood of
Efge datapoints x

61

N
D) = - X~ 1oz pyx?) )

i=1

63
64
65
66
67
68
69
70

71

72
73
74
75
76
77
78
79
80
81



12
13
14
15
16

17

18
19
20
21
22
23
24
25
26
27
28
29
30

31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48

K.M. Guan et al.

Table 1
Normalized flow model architecture and parameters.

Image size 1282 pixels
Batch size 4
Learning rate, a 5x 1074
Warm up? 5 epochs
Epochs 30

Flow coupling Additive

aRefers to number of epochs to warm up learning rate from 0 to a.

where L is the likelihood, x is a random vector with distribution x ~
p*(x), D is the dataset, and py(x) is a model with parameters 6. Glow
models the datapoints x as

z ~ p(z) (2)
X = gy(z) 3)
where z is the latent variable and p(z) has a known density function,
often chosen to be a Gaussian distribution, p(z) = N'(u, X). Further-
more, g,(-) is invertible, allowing for latent variable inference, z =

fy(x) = gg'(x). Using the change of variables formula, the log-likelihood
becomes

K

log py(x) = log ps(z) + Y log | det(dh;/dh;_,)| 0)
i=1

where hy, = x and hgy = z. The model architecture is shown in

Fig. 1, with the flow step broken up into an actnorm (activation nor-
malization) layer, then an invertible convolution, and finally an affine
or additive transformation layer. Further details of the normalizing
flow derivation and flow layers are described in Kingma and Dhariwal
(2018).

Given the availability of already-implemented flow-based methods,
we start with a Pytorch implementation of the original Glow model (van
Amersfoort, 2019). We modify the code to load and process our own
rock datasets and generate 3D volumes. The model is also configurable
to allow for tuning of relevant hyperparameters, such as learning
rate, flow coupling type, and number of channels. We use the default
parameters for initial training as detailed in Table 1.

3.1.1. Volume generation

After the model is trained on the 2D image dataset, we generate
a series of anchor slices with predetermined latent space vectors, and
interpolate between the anchor slices to create the 3D volume. The
interpolation is performed by taking an affine combination of the latent
space representation of each anchor slice. The full sequence of latent
vectors is then evaluated to create a sequence of x — y slices, and the
slices stacked to form the final image volumes. Further details on the
calculation of the latent vectors and generation of the image volume
are described in Anderson et al. (2020a).

While it would be possible to calculate the number of interpola-
tion steps by minimizing the negative log-likelihood of the generated
images across the three Cartesian planes — assuming that the sample
volume is isotropic and homogeneous — this method is time-intensiye
when evaluating over a large range of possible interpolation steps.
Instead, we use the average pore chord length, calculated from tRe
two-point correlation function across the x — y directions, to inforsn
the appropriate step size in the z direction. This method allows for4a
hybrid approach of using statistical properties to inform the final 3D
reconstruction of images that were trained via a deep-learning metho@.

This volume generation approach carries several advantages fér
scalability of model training and image volume generation. The mefi-
ory savings from training on only 2D images instead of 3D volum®s
allows for training with higher-resolution images, images with largér
fields of view, or larger batch sizes. Furthermore, all x — y slices &dn
be evaluated in parallel, leading to (1) scaling for volume generatib®.

This is in contrast to previously proposed methods based on GANs that
scale as O(N) with the generated image volume size (Mosser et al.,
2017). A drawback to the method used here is that the size of the
generated images is fixed in the x — y dimensions. Unlike with GAN-
based models, the network used in a generative flow model is not fully
convolutional, so the network is only able to invert latent vectors of
a fixed dimension. Any scaling therefore will only take place in the
z-direction.

3.2. Evaluation metrics

3.2.1. Morphological parameters

To evaluate the accuracy of our model, we use a set of morphologi-
cal descriptors known as Minkowski functionals. Minkowski functionals
are stereological estimators providing local and global morphological
information that is related to single-phase flow mechanisms (Mecke
and Arns, 2005; Arns et al., 2010). In 3D, there are four Minkowski
functionals that describe the geometric parameters of a set X with a
smooth surface dX: volume V(X), surface area S(X), integral of mean
curvature b(X), and Euler-Poincaré characteristic y(X)

V(X):/ dx (5)

X

S(X) = / dx )
0x

b(x):i/ de 100
27 Jox 2

y(X) = 4i/ K (X)Kky(x) dx (8)
T Jox

where «(x) is the curvature corresponding to the maximum and mini-
mum curvature radii, x(x) = %

For discrete images, the functionals are estimated using the Mor-
phoLibJ library in ImageJ (Legland et al., 0000; Doube et al., 2010). The
volume is determined directly by counting the number of voxels that
belong to the phase of interest. From this, we divide the pore volume,
V,ores Dy the total volume, V;,,;, to obtain the porosity.

The surface area is estimated using the Crofton formula, that takes
a set of lines with varying orientations and counts the number of
intersections with the region of interest (Serra et al.,, 1982; Legland
et al., 2007). We consider the intersections with pixels that are labeled
as pores. The surface area is normalized against the total volume to
obtain the specific surface area.

The mean breadth is measured from the Crofton formula as well
and is proportional to the integral of the mean curvature (Serra et al.,
1982; Ohser and Schladitz, 2009). The mean breadth is related to
the tortuosity and is indicative of the resistance to flow in tubular
networks (Barbosa et al., 2019).

Finally, the Euler—Poincaré characteristic in 3D describes the con-
nectivity of the volume and is calculated as the sum of the number
of vertices, edges, faces, and solids using a 6-adjacency system that
considers only neighbors in the three primary directions.

Asolids (9)

X = Nyertices — Medges T Mraces =

For a pore network, a region with a positive Euler-Poincaré charac-
teristic has more connected solid regions than holes (pores) indicating
small pore connectivity across the area. A region with a negative
Jailer—Poincaré characteristic has more holes and therefore a large pore
gEnnectivity across the area that can allow for fluid flow.

51 Finally, we compute the two-point correlation function, or covari-
Sice, of the 3D volume. The two-point correlation function has been
58ed to inform the reconstruction of homogeneous, single-scale me-
4a (Jiao et al., 2008). For a binary image, the two-point correlation
Fhinction represents the probability that two points separated by a
9ag distance, r, are the same phase. We calculate the directional and
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radially-averaged correlation function for the pore phase, P, using the
following

S,(r)=P(x € P,x+r € P) 10)

We also determine the average chord length for the pore and
solid phases from the slope of two-point correlation function at the
origin (Torquato, 2005)

7 ¢

lgare - _ 1D
5500)

ot 1-¢

lzoltd - _ 12)
53(0)

The chord is the length between intersections of a line with the pore
solid interface. The chord length is especially interesting to address het-
erogeneous pore structures because it provides a measure of structural
disorder.

3.2.2. Flow parameters

In addition to porosity, the effective permeability of porous rocks
depends on pore size, pore geometry, connectivity, and tortuosity of
flow paths. The presence of heterogeneities (such as fissures or clay de-
position) can induce preferential flow directions, so that when viewed
as a continuum the flow properties could exhibit strong anisotropy.

We calculate the single-phase permeability of the generated 3D
volumes and the real training dataset using identical methods. Single-
phase flow in porous media is described by the Stokes equation at the
pore scale (Bear, 1972). For steady state, incompressible flow, assuming
no gravity effects, the conservation and momentum equations are

V-u=0 (13)
vAu = VP 14)

where u is the velocity field at each grid cell, VP is the pressure
gradient, and v is the kinematic viscosity. At the macro-scale, this is
volume-averaged and rewritten as Darcy’s law to calculate the perme-
ability of the whole system (Whitaker, 1986). The z-component of the
permeability tensor is written as
Y
7 VPA,,

(15)

where Q is the integrated velocity field across a slice with area A,,.
We use OpenFOAM to solve the incompressible Navier-Stokes equa-
tion (Weller et al., 1998). Further details of the modeling parameters
are described in Guan et al. (2019).

We also calculate the permeability using a Lattice Boltzmann (LBM)
method to compare against direct numerical solutions in OpenFOAM.
The Lattice Boltzmann Method considers flows to be composed of a
collection of pseudo-particles that are represented by a velocity dis-
tribution function. From a computational point of view, the LBM is
hyperbolic and can be solved locally, explicitly, and efficiently on mas-
sively parallelized computers (Crouse et al., 2016; Wang and Aryana,
2020).

We also obtain the pore-size distribution (PSD) directly from the
synthetic and training image volumes. The PSD measures the sizes of
pore volumes within the imposed resolution of the images of interest.
The PSD is characteristic of the microtomographic measurements and
the size reflects all the parts of the system contained in the image.

Finally, we model the mercury injection capillary pressure (MICP)
process as a drainage along the vertical axis from the bottom to the top
with a constant contact angle. The MICP process provides a distribution
of the pressure-volume relationship when invading mercury in a porous
medium. Capillary forces inhibit entry of the mercury into the pore
volume. Therefore, mercury intrusion only progresses after applying
a sufficiently high pressure to overcome the forces required to fill
the pore throats and subsequent pores. The accepted view for this
procedure is that MICP detects successive sequences of invaded pore

throats for each pressure step. The physical result is a transformation
of pressure steps to pore throat size. The pore system is modeled as a
series of interconnected, cylindrical tubes (Washburn, 1921). We obtain
the pore throat-size distribution via these geometrical and connectivity
assumptions.

MICP gives information about the succession of invaded throats and
their size distribution in the porous medium. Therefore, the drainage of
a rock sample provides information that may be used to determine the
petrophysical transition zones via a scaling of interfacial tension and
contact angle. The MICP method employs the area equivalent diameter
of a circle, and consequently provides no information concerning the
real pore geometry. To summarize, the pore-size distribution of the
imaged rock volume provides access to the whole pore space geometry
at a given resolution and MICP is an indicator of drained fluid in a
connected pore space environment from one face to the opposite.

4. Dataset

The sandstone sample is 3 mm in diameter and 1 cm long. Although
small, the sample provides significant information about the micro-
structure of complex porous media at an optimal image resolution for
sandstones. The dataset was obtained from micro-X-ray tomography
scans of a Bentheimer sandstone core. This acquisition method pro-
duces a 3D volume depicting the rock interior in grayscale values. The
full dataset dimensions are 1024 voxels with a voxel size of 1.53 pm. In
order for the 2D training image to capture an adequate area, the image
was downsampled to 2563 voxels with a voxel size of 6.12 pm.

For the generative flow model, 10000 2D images were randomly
sampled from the 3D image stack for each training session. The model
allows us to adjust the image size. The primary constraint is GPU mem-
ory when training on larger images and that is somewhat mitigated by
decreasing the batch size. We train on 1282 patches to test scalability,
as shown in the results. The 3D volumes are then generated using the
trained model, filtered using a r = 1 spherical median kernel, and
binarized using Otsu thresholding in ImageJ. The binarized volumes
are used as inputs for morphological and petrophysical calculations and
compared against the real, binarized dataset.

5. Results

The progress of training is presented first. This is followed by results
for pore morphology and petrophysical results, primarily permeability
and porosity.

5.1. Training results

We present first the loss function of the model during training. Fig. 2
shows the loss function and output images, respectively, during training
the model on 128 x 128 pixel images. We observe a quick drop in
training loss during the first 10k iterations and then little change after
25k iterations. The generated images at different iteration steps show
the evolution of the model as it learns to generate the rock images. We
observe a noticeable change from 500 to 25k iterations, but afterwards
there is little visual difference. This suggests that we can stop training
much earlier, or that we may need to adjust the learning rate and
other parameters. The generated images are comparable visually to the
gsgal training set images, and further investigation of the morphological
F6operties is performed to verify statistical agreement with the original
Slataset.
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Fig. 2. Left: Training loss curve for the generative flow model. Training image size = 128 x 128 pixels, batch size = 4, learning rate = 0.0005, number of epochs = 30, flow coupling
= additive. Right: Sample of the 128 x 128 training image dataset (first column) compared against outputs of the model during training. Column labels (a)-(e) correspond to

iterations 500, 5000, 25000, 50 000, and 75000, as marked on the training loss curve.
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are interpolated via an affine transformation of the latent space representation. The generated images are grayscale initially and then thresholded to yield a binary image stack

(bottom).

5.2. Morphology 9
10

Fig. 3 shows an example of the training image, generated imdde
stack, and binarized image stack. The first and last images of Re
synthetic 3D series are anchor images generated from the traidéd
model. The 12 images in between are interpolated using the volume
generation method described earlier. We observe in both the grayscale
and binarized images that connection of the grain and pore phases is
successful throughout the image stack.

Fig. 4 shows the effect of modifying the interpolation step size on
the directional covariance in the interpolation plane (x-direction). We
observe the best match between the training and synthetic dataset
at a step size of 12 interpolated images. At a step size of 16, the

1¥bvariance at short lag distance diverges. At step sizes of 8 and 4, the
covariance exhibits periodic patterns that are not in the training dataset
1End do not match the original dataset at short lag distances either. For
11Be remaining results, we use a step size of 12. The directional and
114dially-averaged covariance for this step size is shown in Fig. 5 and
indicates that the generated images capture the two-point statistics in
all directions reasonably well. We observe some edge effects after 110
voxels that been observed with GAN-generated images as well, and can
be resolved by cropping the image accordingly (Mosser et al., 2017).
The radially-averaged covariance of the training and synthetic data
confirms agreement between the two datasets. Both training and syn-
thetic datasets show exponential decay and stabilization at a lag dis-
tance of approximately 25 voxels. For the generated samples, the chord
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Fig. 4. Non-centered covariance of the sandstone compared against the synthetic volume in the interpolating direction (x-direction) for different interpolation step sizes. A step
size of 12 shows the best agreement with the non-centered covariance of the training dataset.
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Fig. 5. Directional and radial non-centered covariance of the sandstone training image and synthetic volumes (step size = 12). The chord length of the pore and grain phases are

11 and 37 voxels, respectively.
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Fig. 6. Minkowski functionals — porosity, specific surface area, mean breadth, and Euler-Poincaré characteristic — for the training image set and generated images. The values and
error range are similar and show good agreement between the two datasets, except for mean breadth.

length for the pore and solid phases are 11 and 37 voxels, respectivdly.
The similarity between the chord length of the pore phase and tHe
optimal interpolation step size further motivates using the statistical
properties of the material to inform the volume generation process.
The morphological parameters calculated for the training data and
synthetic data are shown in Fig. 6. The distribution of porosity, specific
surface area, and Euler-Poincaré characteristic between the training
and synthetic datasets agree well and have similar margins of error. The
second-order functional, represented as the mean breadth, between the
two datasets are not in agreement, suggesting some differences in the
curvature of the generated dataset. For single-phase flow in an isotropic
sandstone, the surface-to-volume ratio and topology, represented by the
specific surface area and Euler-Poincaré characteristic, respectively,
largely affects flow behavior (Mecke and Arns, 2005). However, for
multiphase flow of oil and gas in more complex microporous systems,

3Batching the curvature becomes important in order to capture the
28irved interfaces between the immiscible phases.
24

5.3. Petrophysics

Fig. 7 shows the effective porosity and permeability relationship for
10 to 20 samples of the training and synthetic volumes. The effective
porosity is used because the fluid only flows through the connected
pore space. It is determined by calculating the number of grid cells
assigned to the pore space and dividing by the total grid cells in the
mesh. We observe good agreement between the original and synthetic
systems in terms of the porosity—permeability relationship, using both
Navier-Stokes and LBM calculations. The shift in porosity between
synthetic and experimental curves is about 4% that is quite limited.

15

16
17
18
19
20
21
22
23
24



O 0N O Ul A WN -

_ =
= O

K.M. Guan et al.

5.5E-12
O Synthetic NS
S0B12 1 original NS -
4.5E-12 | — Synthetic LBM
x Original LBM
__ 40E-12 |
£
> 3.5E-12
‘:’ x
3 [e]
| 3.0E12 | -
o
E . x -
$ 25E-12 | « o o
a 5 .
(o]
2.0E-12 x x o
x oo -° O
15612 | %00 7
(o] -
e o g 0 o
1.0E-12 - o
o
5.0E-13 |

0.18 0.20 0.22 0.24 0.26 0.28
Effective porosity
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legend.
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Fig. 8. Capillary pressure vs. mercury saturation, modeled as drainage along the
vertical axis with a constant contact angle for original (black) and synthetic (red) pore
volumes. (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)

Figs. 8 and 9 shows the mercury intrusion porosimetry and pore-
size distribution curves for the training and synthetic volumes. There
is very little variability in the synthetic volumes. From the MICP
graph, we observe that the synthetic dataset has a greater frequency
of large pores compared to the original dataset. Given the sensitivity
of MICP calculations to small changes in grain shape as well as the
edge effects observed from the covariance curves (Fig. 5), the difference
is reasonable. The overall PSD and trend of the drainage experiment
between the original and synthetic volumes show good agreement.

From Fig. 9, we also note that the pore-size distribution consists pri-
marily of smaller pores below 15 voxels (91.8 pm) with a few large pores
in the synthetic and original volumes. The capillary pressure graph
confirms the behavior and the percolating pore space (i.e. connected
to both the top and the bottom) between the two datasets is similar.

Volume Fraction (%)

Pore radius (voxels)

Fig. 9. Pore-size distribution for original (black) and synthetic (red) pore volumes. (For
interpretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

6. Discussion

The average chord length of the pore space, a statistical property,
is useful to inform accurate 3D generation of a model trained on a
2D dataset. The agreement of the two-point correlation function and
Minkowski functionals support this method. As shown in Fig. 4, step
size has an important effect on the 3D statistical properties of the
generated volume. The step size during interpolation refers to the
number of intermediate images generated in between a pair of anchor
slices. Deviations between the original and synthetic sample primarily
occurred at small lag distances and demonstrate the difficulty of cap-
turing the short-range properties in all directions. Deviations at larger
lag distances may indicate over-fitting or that long-range properties
were not completely captured during training. Small step sizes appear
to match the long-range properties better, but exhibit periodic behavior
that is not seen in the original sample.

Of the morphological metrics, we demonstrate excellent agreement
between the porosity distribution of the original and synthetic datasets.
The synthetic dataset is generated from a model that has no a priori
knowledge of the target porosity, yet manages to recreate a grayscale
volume that, when segmented, yields a comparable porosity. Given
how many flow properties are correlated to porosity, the ability of the
normalized flow model to match porosity provides further confidence
in using these synthetic images for additional flow analysis.

One area for further study is the importance of matching the mean
breadth, or integral of the mean curvature. This property has been
shown to be highly sensitive to high-frequency features, such as noise
Zhd edges, and is difficult to estimate accurately (Arns et al., 2010; Leg-
28nd et al., 2007; Wang et al., 2018). Other comparison metrics, specif-
3¢ally porosity, surface area, and Euler-Poincaré characteristic were
sufficient to prove the accuracy of previously developed deep-learning
models (Mosser et al., 2017; Alanov et al., 2020).

The agreement between the computed permeability of the original
and synthetic datasets demonstrates the feasibility of using a nor-
malized flow-based method to generate 3D volumes to understand
uncertainty in petrophysical parameters. Both OpenFOAM and LBM
methods used to compute permeability led to similar agreement be-
tween the permeability—porosity relationship of the synthetic and orig-
inal pore volumes. Comparing the two methods shows ease of using
the generated volumes and scalability for LBM-type calculations versus
a Navier-Stokes approach. The slight difference in the porosity and
permeability relationship may be corrected by improving agreement
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between the higher-order Minkowski functionals and is an area of
further study.

Future areas of study involve investigating how the normalized
flow model captures multi-scale and long-range behavior, and may be
evaluated by comparing the two-point cluster function between the
experimental and synthetic images (Jiao et al., 2009). It is possible to
train on 256 x 256 pixel images (or larger), but with a very limited
batch size of 2 to 4 due to memory constraints. The model may also be
used to generate more complex porous media, such as carbonate and
shale volumes (Anderson et al., 2020a).

Understanding how 3D interpolation step size relates to the chord
length or other statistical properties of these systems is an important
extension, especially for systems with multi-scale properties of interest.
The constant interpolation step size appears to correspond to spatially
meaningful increments. These result in visible changes and periodic
behavior in the spatial covariance of the sample when the step size is
changed as shown in Fig. 5. These observations when combined with
the pore chord length results suggest that the interpolation step should
be related formally to statistical properties of the image dataset.

7. Conclusions

We developed and implemented a deep-learning method to generate
rapidly 3D realizations of rock pore structure from 2D grayscale image
slices of pore networks used as inputs into generative flow models. We
apply the model to create volumes of a sandstone sample to demon-
strate feasibility. The agreement of morphological and flow parameters
confirm that the volumes created are realistic. The calculated pore
properties, such as porosity, pore-size distribution, and permeability
agree well with the physical sample and show an expected range of
variance. The model training is able to scale efficiently with input
image size, making it suitable for studying properties across multiple
length scales, including the role of heterogeneity, without losing finer-
grained features. During evaluation, the image slices are evaluated in
parallel, allowing for O(1) scaling for image volumes with arbitrarily
large z-dimension.

We also investigated how step size during the interpolation of
3D space is tied to a statistical parameter, the two-point probabil-
ity function. The calculated chord length is useful to estimate and
optimize the step size value. The effect of step size on simulated
morphological properties shows that statistical properties inform the
generative model during the 3D interpolation step. The inclusion of
a deep-learning based generation method with statistical information
may allow for more accurate and fast generation of pore volumes.
Further refinement of the interpolation process, however, is needed
to improve agreement between simulated and measured higher-order
morphological properties. The speed up obtained in volume generation
is quite significant in comparison to generative adversarial networks
without loss of representation, and even with an improvement in
results.
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gygronyms and abbreviations.

5g\cronym Definition
MPS Multiple-Point Statistics
CCSIM Cross-Correlation Based Simulation Method
MICP Mercury Intrusion Capillary Pressure
PSD Pore-Size Distribution
GAN Generative Adversarial Network
DCGAN Deep Convolutional GAN
CNN Convolutional Neural Network
NS Navier-Stokes
LBM Lattice Boltzmann Method
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available at https://github.com/supri-a/RockFlow.
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