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Introduction

A significant amount of Iranian hydrocarbon resources
is produced from fractured reservoirs with tight matrix
rocks (Bangestan reservoirs in the southwest of Iran).
On the other hand, the matrix pore structure of these
reservoirs is so complex and heterogeneous, and it
usually appears on different scales. Pores range from
nanometers in tight matrices to millimetres in rocks
with dissolution porosity (vugs). Understanding the
porous media behaviour and predicting the properties
of tight stones is one of the crucial challenges in the oil
industries. In recent years, the tremendous advance in
computer and imaging equipment has led to expanding
porous space modelling or digital core analysis. With
the help of this technology, it is possible to investigate
the displacement processes in a reservoir at the pore
scale for such tight rocks.

Feng et al. presented a method based on the cGAN
neural network to overcome the lack of image data
[1]. Feng et al. later developed their technique in
constructing a 3-D network of 2-D images using the
BicycleGAN neural network [2]. Volkhonskiy et al.
developed a neural network that directly uses 2-D
images to create 3-D images [3].

Despite their simple appearance, GANs hide many
complexities in their depth. In this study, the efficiency
of a DCGAN in reconstructing the pore space of a
tight reservoir rock is investigated, which received less
attention in the literature. It is challenging to predict
the properties of such samples due to very low porosity
and permeability with the help of direct methods of
measuring rock properties (routine and special core
analysis). Due to the size of the micro-pores of tight
reservoir rocks (often in nano sizes), three-dimensional
images obtained from a FIB-SEM device were used.

Accepted: September/26/2022

This imaging method has the ability to display pores in
nanometer dimensions. To validate the obtained results,
in addition to calculating the porosity and permeability
of the reconstructed pore-scale images with that of the
actual sample, the two-point probability function and
the linear path function of the original sample were
compared with the samples reconstructed from GAN.

Materials and Methods

GAN

For the first time, Goodfellow et al. introduced the
adversarial generative neural network method or
GAN. This model differs from other neural algorithms
and uses two neural networks simultaneously. One
neural network is called the discriminator, and the
other is called the generator. These two networks
operate simultaneously. The purpose of the generator
is to produce output similar to the input data, and the
purpose of the discriminator is to determine whether
the input data is true or false. The competition between
the two networks will improve both of them, and the
overall output of the model will be close to the input
data [4].

This study uses a DCGAN neural network consisting
of convolutional neural layers. The generator uses
six convolutional neural layers to create images.
Each layer uses a ReLU activation function, and the
last layer uses the tanh activation function. Batch
normalization layers also were used periodically. The
discriminator network uses five convolutional neural
layers to distinguish fake from actual images.

At the end of each layer, a LeakyReLU is used as an
activation function. Also, in the last layer, a sigmoid
activation function is used to distinguish actual images
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from generated images. In the discriminator, the batch
normalization layer is used only in the previous layer.

Two-point Probability Function

To check the quality of the microstructures created
by using a GAN with the condition of image stability,
one of the methods used is the two-point probability
function. Using this function, the second-order
structure of a porous medium in the cavity phase (i.e.,
pores) can be determined [5].

Linear Path Function

Another method used to check the accuracy of the
built microstructures is the linear path function. This
function checks for pore connectivity by calculating
the probability that a line, /, of length r is entirely in
pore spaces [6].

Results and Discussion

Instead of solving problems with specific solutions,
neural networks strive to connect input and output data
using defined algorithms. As a result, input information
plays an essential role in the accuracy of these methods.
The raw image obtained from FIB-SEM is converted

into a binary file using ImagelJ software to prepare the
input data. By dividing the original image into smaller
pieces, 3780 of 3D images with a size of 64 x 64 x
64 voxels were ready for the training of the network.
After examining the results obtained from GAN, it was
determined that the best and most accurate results in
this network were obtained in 100 epochs. In Figure 1,
a 2-D cut of an image made with GAN was compared
to a 2-D cut of an actual sample.

To compare the actual data and the generated networks,
two of the most important petrophysical properties of
rocks, porosity and permeability, have been compared
for the reconstructed samples with the samples
taken from the actual image of the rock. 200 images
were randomly selected from each of the actual and
generated data to compare the generated samples with
the original sample. The permeability and porosity
diagram of these samples is depicted in Figure 2.

The two-point probability function and the Lineal-path
function also give us a good view of the accuracy of
the generated models. In Figure 3, 50 image samples
have been generated by GAN, and their average value
is compared with the actual images of the tight rock.

Fig. 1 2-D cut of microstructures a) Actual image was taken with FIB-SEM b) Image reconstructed by DCGAN.
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Fig. 2 Comparison of porosity and permeability deviated from actual rocks against samples reconstructed by GAN.
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Fig. 3 Two-point probability function and lineal-path function of the rock sample versus the average of 50 samples generated
by the DCGAN.
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