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1. Introduction
The behaviour of a fluid moving through sedi-
mentary rock is controlled by the rock’s pores
structure. The study of such structures in
porous media plays a key role in many scien-
tific applications [1]. Using micro computed to-
mography (micro-CT) scanners, it is possible to
acquire high-resolution 3D images of a porous
media at the scale of individual pores. The fol-
lowing are 2D cross-sections of such images for
three kind of media.

2. Stochastic reconstruction
To evaluate the variability of morphology in a
specific rock type, a large number of rock sam-
ples is required. Using micro-CT scans is unfea-
sible, due to the time and cost required for the
acquisition. This motivated the development
of reconstruction methods that, when provided
with few rock scans, aim at generating novel
rock images exhibiting the same kind of pore
structures. Statistical reconstruction methods
are based on measuring some spatial statistical
properties of the training images and producing
novel images having similar values of these prop-
erties. The reconstruction of 3003 voxels media
requires tens of hours of computation per real-
ization.

3. GANs for rock reconstruction
Recently, researchers have investigated the
use of GANs for the reconstruction of three-
dimensional porous media [3]. The work shows
that GANs are a viable method for stochastic
reconstruction of three types of rocks. In ad-
dition to being accurate, the generation of new
images is extremely fast after the training phase
(roughly 24 hours on their hardware), avoiding
the drawback of traditional methods. We have
recently introduced a novel method for 2D-to-3D
reconstruction of the structure of porous media
by applying GANs [4].

4. Methodology
We employed the design of [3] as starting point
and incorporated some more recent components.
Both the discriminator network D and the gen-
erator network G work on 3D images.

The input layer is densely connected to a 32-
channel, three dimensional image of size 323,
which is later upsampled to 643. The rest of
the layers alternate between batch normaliza-
tion, activation and 3x3x3 3D convolution. The
input of the discriminator is a 643 3D image.
The following layers can be grouped into four
blocks made of 3D convolution, activation using
LeakyRELU, dropout and batch normalization
layers. The last layer uses dense connections and
a sigmoid activation function. Both networks
were trained using the Adam optimizer with a
learning rate of 0.2× 10−5.

5. Evaluation
While objective, quantitative evaluation of gen-
erative models is notoriously difficult, in the case
of porous media there are some well-established
morphological criteria [2].

Two-point statistics

The two-point probability function of the pore
phase is the probability that two points x and
x + r, separated by a lag vector r, are both lo-
cated in pore phase P.

S2(r) = P(x ∈ P, x+ r ∈ P ) for x, r ∈ R3 (1)

Morphological measures

The morphological characteristics of the void-
solid interface of a porous medium can be char-
acterized using the Minkowski functionals: the
porosity φ, the specific surface area SV and the
Euler characteristics χ. The porosity is simply
the ratio of void volume to the bulk of the vol-
ume of the sample. The specific surface area is
the amount of surface per unit of volume, i.e.

SV = 1
V

∫
dS (2)

The specific surface area controls the speed of
adsorption and dissolution processes. Finally,
the Euler characteristics is defined as

χ = 1
4πV

∫ 1
r1r2

dS (3)

where r1, r2 are the principal radii of curvature
of the void-solid interface.

6. Results
Beadpack rock – real vs reconstructed

Two-point correlation and Minkowski functionals in original (real) and reconstructed images

7. Conclusion
Our GANs-based method can reconstruct three-dimensional images of porous media at different
scales that are representative of the morphology of the original images. Furthermore, the generation
of multiple images is much faster than classical image reconstruction methods.
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