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Abstract

The evaluation of morphological, topological, statistical, and flow properties
of porous media needs high-resolution images of porous media at the pore
scale. However, direct access to high-quality tomographic images can be
costly and impractical. Image reconstruction techniques offer a viable
solution for obtaining visually realistic image data. Among these methods, deep learning-based approaches
have gained significant attention from researchers. However, the utilization of petrographic information
from porous media in training such models is rare. In this study, we investigate the impact of incorporating
multimineral segmentation information in the training of the VOX2VOX model. The data used in this
model consists of 3D images of a sandstone reservoir along with segmented images into 5 classes, including
macro-pores, clay, quartz, feldspar, and high-density minerals. Additionally, the Vox2Vox model has been
trained with binary segmented images containing pores and solid phases to compare the effect of
multimineral information on model and reconstructed images. Incorporating multi-mineral segmentation
from the porous media significantly enhances the model's image reconstruction capabilities, as observed
through comparisons of various dynamic and static features. Incorporating a five-class dataset has led the
model to exhibit lower error at the outset of training, stabilizing after approximately 30 epochs, whereas
this point for the model based on the two-class dataset is around 60 epochs. Furthermore, the comparison
parameters for image quality, specifically SSIM Score: 0.95, MSE Score: 0.00013, and PSNR Score: 38.93,
are observed for the first model, while for the second model, they are SSIM Score: 0.89, MSE Score:
0.00112, and PSNR Score: 29.49. The original image has a porosity of 0.229, which increases to 0.233 and
0.244 in the reconstructed images from the models based on five-class and two-class datasets, respectively.
Additionally, the graphs of other parameters also demonstrate the superiority of the model based on the
five-class dataset.
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1. Introduction be effectively assessed [2]. A precise
The evaluation of heterogeneous mediums, such understanding of the three-dimensional structure

as porous spaces, plays a fundamental role in
many engineering applications [1]. By accessing
the three-dimensional structure of porous media,
many macroscopic features, such as transport,
permeability, and electro-magnetic properties, can

of porous media is crucial for comprehending and
developing their physical properties [3].
Essentially, methods for constructing the three-
dimensional structure of porous media can be
categorized into two groups: the first group
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involves physical scanning methods that directly
employ advanced tools for creating digital three-
dimensional structures of porous media [4]. X-ray
imaging [5] and CT scanning [6] eliminate the
need for destructive sample sectioning and
provide high-resolution three-dimensional images
of porous media [7]. Although physical scanning
techniques enable the direct acquisition of the
three-dimensional structure of porous media, they
still have limitations that are challenging to
overcome. These tools are typically expensive and
may not be available everywhere, and their
processes are usually time-consuming. Moreover,
the high resolution of FIB-SEM can only be
applied to small samples, making it difficult to
obtain the requirements for providing a
representative spatial distribution and other
sample characteristics [8], [9].

The images of porous media are considered as raw
data which needs later analysis, ranging from rock
texture identification [10] to modeling physical
processes [11]. Segmentation is one of the
preliminary processes employed to simplify or
comprehend the images of porous media for
simulation techniques [12]. Porous media images
may consist of two or more phases that need to be
identified and separated to gain a clear
understanding of the microscopic structure. Often,
binary segmentation is used which aims to detect
two regions in the image, solid and void space.
The alternative is to use the multiphase
segmentation by which various solid rock
components can be identified.

With the advancement in computational
capabilities and the availability of vast amounts of
data, deep learning techniques have seen
significant development. Currently, an increasing
number of deep learning methods are being
employed for reconstructing porous media [13]
and evaluating their features [14], [15]. Deep
learning methods can automatically extract image
features and improve the reconstruction process.
Deep learning is implemented through various
methods, among which generative models are
commonly used to produce realistic samples
similar to real images. Generative models are
responsible for creating samples based on the
input training dataset. Among these models,
Generative Adversarial Networks (GANS) are the
most widely used [16]. GAN is an unsupervised
deep learning approach that consists of two
convolutional networks: the discriminator and the
generator. The role of the generator is to create
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artificial samples that appear real to the
discriminator, while the discriminator identifies
the realism of the generated images in comparison
to real data. When the deep model is trained, it is
expected to quickly generate various synthetic
images with dynamic and statistical features that
are reasonably consistent with the training
images.

Isola et al. introduced the Pix2Pix model, which
investigates the image-to-image translation task
using conditional generative adversarial networks
(cGANS). They presented a framework consisting
of a generator network and a discriminator
network that learns the mapping between input
and output images based on a large sample set
[17].

The Pix2Pix generator network utilizes a U-Net
architecture, consisting of an encoder to extract
features from the input image and a decoder to
generate the output image. This U-Net
architecture  incorporates skip  connections
between the encoder and decoder paths,
facilitating the extraction of fine-grained details
during the process.

The training process involves a min-max
optimization, where the generator network aims to
produce output images that are indistinguishable
from real images, while the discriminator network
tries to correctly discriminate between the
generated and real images. Through training, the
generator network acquires the ability to improve
the generation of realistic and coherent output
images. The Pix2Pix model has been successfully
applied in various image-to-image translation
tasks. It has demonstrated good performance in
these tasks. The innovative combination of
conditional generative adversarial learning and
the U-Net architecture in the Pix2Pix model has
provided better capabilities for image translation
[17].

Pan et al. [18] present a stochastic Pix2pix model
for 2D fluvial reservoir modeling, incorporating
field data and diverse facies geometries. By
constraining model realizations to available
geophysical and petrophysical interpretations, the
approach accelerates multiphysics inversion,
requiring only production history matching.
Despite its 2D focus, an extension to 3D is easily
achieved through zone-by-zone modeling.
Addressing a common machine learning
challenge, the method extends conditional
generative adversarial networks with a penalty
term to generate diverse realizations respecting
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conditional data. Trained on realistic spatial
models from a rule-based fluvial reservoir
simulator, the method accurately reproduces
patterns, even with varying conditioning data.
The study of Buono et al. [19] explores the
underutilization of digital rock physics in
investigating microporous volcanic rocks, known
for their complex microstructures. They propose a
framework for optimizing 3D/4D imaging of
these rocks, based on a 3D multiscale study of a
tuff using X-ray microtomography. High-
resolution scans are found necessary for accurate
characterization ~ of  microstructure  and
petrophysical properties. Notably, 2D U-Net and
pix2pix networks trained on paired data
demonstrate effectiveness in facilitating high-
resolution imaging of large microporous volcanic
rocks, marking an initial application of deep
learning-based super-resolution to
unconventional non-sedimentary digital rocks and
real scans.

Anderson et al. [20] proposed the utilization of
deep learning image translation models to forecast
high-contrast focused ion beam-scanning electron
microscopy (FIB-SEM) image volumes based on
transmission X-ray microscopy (TXM) images,
particularly in scenarios where only 2D paired
training data is accessible. They introduced a
regularization technique aimed at enhancing the
generation of 3D volumes from 2D-to-2D deep
learning image models. The most effective GAN
models were found to be the WGAN models, with
a particular emphasis on the pix2pix WGAN and
SRGAN 2x WGAN models, which exhibited
superior performance.

Recently, GANs have been wused for
reconstructing porous media based on three-
dimensional training data [21], [22]. The first step
in training a GAN model for porous media image
reconstruction is preparing the dataset. Therefore,
different parts of the three-dimensional original
image volume are extracted. During training, the
generator plays the role of generating unrealistic
images that can deceive the discriminator. On the
other hand, the discriminator must learn how to
distinguish between real and fake images.

In another study, Zhang et al. [23] developed a
fully connected deep model for reconstructing
three-dimensional images from two-dimensional
samples. This model includes an automatic
encoder and a GAN, offering a solution to the
stability and challenges of convolutional GANS,
making notable progress in this field.
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Limited training data is a significant concern that
was addressed through conditional GANs [24].
CGAN, as a generative model, has tackled some
of the challenges faced by conventional GANs
[25]. Unlike regular GANs, the generator
networks in CGANSs create new samples based on
both noise and conditional data factors. However,
the role of the discriminator function remains
similar to that of a standard GAN. Given CGAN's
performance in studies related to porous media, it
has recently gained attention for accelerating the
statistical reconstruction algorithm [25]. While
two-dimensional reconstruction methods were
relatively straightforward, layer-by-layer stacking
in the Z direction has been utilized for three-
dimensional reconstruction [25]. Later, they
introduced a CGAN framework for reconstructing
complete two-dimensional images from limited
information, employing an  intermediate
information map and the complete image [26].
Shams [27] utilized the combination of
conditional and statistical GAN networks for
reconstructing homogeneous and heterogeneous
porous media from a two-dimensional image.
Information from the statistical approach was fed
into the deep network with conditional data, and
the reconstruction was performed based on a deep
generator method. This integration enabled the
reconstruction of non-homogeneous samples,
which is a key challenge in this field.

Moreover, GAN networks and an autoencoder
were employed for reconstructing three-
dimensional samples of porous media [21]. Multi-
scale reconstruction was conducted for sandstone
and carbonate rocks from samples taken from an
Iranian oilfield. The GAN network predicted
inter-grain porosity, while the autoencoder
provided intra-grain porosity information. This
approach provides a reliable method for the multi-
scale reconstruction of porous media samples
[21].

Due to the necessity of reconstructing three-
dimensional images of porous media, extensive
research and studies have been conducted in this
area to produce high-quality three-dimensional
samples. However, the utilization of information
obtained from the segmentation of rock textures
for three-dimensional image reconstruction needs
further investigation.

In this work, it is aimed to enhance the quality of
generated images by providing the deep learning
model with features extracted from segmented
images of porous media. To achieve this, the
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Pix2Pix model, which has proven applications in
image-to-image translation, is utilized enabling
the reflection of rock texture features into the
generated images of porous media. The Pix2Pix
model generates one type of image based on its
paired counterpart of a different type. By ranking
the segmented rock texture images of porous
media, our proposed approach focuses on
generating three-dimensional images of these
mediums, marking a starting point for utilizing
rock texture information in image reconstruction
of porous media. Noteworthy is the presented
network as it needs less memory to be trained.
Training deep learning model is a real challenge
specially when it comes to 3D images. This
superiority makes it simple to train the presented
model for other reservoirs.

2. Materials and Methods

2.1. Data

The data used in this study consists of Bentheimer
sandstone images and segmented images based on
the rock texture of those samples. The images
have dimensions of 800*800*800 and a voxel size
of 2.15 um. The segmented images have been
classified into five classes, including macro-
pores, clay, quartz, feldspar, and high-density
minerals. In this segmentation, 25.38%
corresponds to the first class, 1.42% corresponds
to the second class, 72.12% corresponds to the
third class, 0.99% corresponds to the fourth class,
and 0.09% corresponds to the fifth class. These
data are publicly accessible on the
digitalrocksportal.org website. In this study, we
divided the data into three sets: 128 initial slices
for validation data (dimensions: 128*800*800),
128 subsequent slices for test data (dimensions:
128*800*800), and the remaining 544 slices for
training data (dimensions: 544*800*800). The
patch-size used to train model is 64*64*64. A
sample image is shown in Fig. 1.

Figure 1. An image of the Bentheimer sandstone
reservoir and its corresponding segmentation image.
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2.2.Network Architecture
To generate three-dimensional images for the
representation of porous media, we utilized a
Vox2Vox model, inspired by the Pix2Pix model.
The Vox2Vox model, akin to the Pix2Pix model,
consists of a generator network and a
discriminator network. The generator network is
constructed using a combination of U-Net and
Res-Net  architectures  [28], while the
discriminator network is built based on the
PatchGAN architecture [29]. The network
architecture used in this work is inspired by Cirillo
et al. [30], who proposed it for brain tumor
segmentation using the data provided by the
BraTS Challenge 2020. Some modifications have
been applied to the architecture to transform its
application from image segmentation to image
reconstruction. The details of the network
architecture are as follows.
The generator network includes the following
components:
¢ A 3D image of a porous media with one channel
as input.
¢ Four downsampling blocks, each consisting of
3D convolutions with a kernel size of 4, stride 2,
and same padding, followed by batch
normalization [31] and Leaky ReLU activation
function. The number of filters used in the first
3D convolution is 64, and this number doubles
in each down-sampling block.
Four central  blocks, comprising 3D
convolutions with a kernel size of 4, stride 1, and
same padding, followed by instance
normalization and Leaky ReLU activation
function.
Three upsampling blocks, each consisting of 3D
transposed convolutions with a kernel size of 4
and stride 2, followed by instance normalization
and ReLU activation function. Each 3D
convolution from the input is connected to the
corresponding decoder output.
A single 3D transposed convolution with one
filter, a kernel size of 4, and stride 2, followed
by the tanh activation function. The output has
dimensions of 1 x 64 x 64 x 64, and it represents
the reconstructed image based on the
segmentation of the porous media.
On the other hand, the discriminator network
includes the following components:
e A segmented image based on the geological
tissue and a 3D image with one channel, which
can be either generated from real images or
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synthetic images.
o Convolutional layers similar to those used in the
generator network.
¢ A 3D convolution with one filter, a kernel size
of 4, stride 1, and the same padding, similar to
the previous layers. The output has dimensions
of 1 x 6 x 6 x 6, and it represents the quality of
the images generated by the generator network.
All 3D convolutional and 3D transposed
convolutional layers utilize a kernel size of 4, He
et al.'s weight initialization method [32], and
employ the same padding. To reduce GPU
memory consumption, a single convolutional
layer is used in the encoder and decoder blocks,
whereas a standard U-Net typically employs two
convolutional layers in each block. The use of 2
strides in these convolutions implies that the
encoder/decoder directly reduces/increases the
input volume by a factor of 2. The model was
trained using an NVIDIA GeForce RTX 2070
with a Max-Q Design graphics card, which has a
memory capacity of 8 gigabytes and was trained
for 150 epochs.

2.3. Loss Function

For two models, the generator and the
discriminator, in the Vox2Vox architecture, two
loss functions are utilized.

The discriminator's loss function calculates two
distinct types of errors, one for classifying real
samples and the other for classifying samples
generated by the generator. The objective of this
function is to encourage the discriminator network
to accurately distinguish between real and
generated samples with high precisions.

Initially, the function assigns a value of one to
labels for real samples. It then computes the loss
function for classifying real samples using these
labels and the discriminator's output, measuring
the disparity between the discriminator's output
and the true labels. Subsequently, another
function calculates the loss for classifying
samples generated by the generator, employing
labels with a value of zero. This loss reflects the
difference between the discriminator's output and
the true labels for the generator's images. The final
discriminator loss is the sum of these two losses.
The generator loss function is a combination of
two components: GAN loss and mean absolute
error (L; loss). The mean absolute error is
designed to evaluate the performance of the
generator in the Vox2Vox architecture. The
objective of the generator loss is to encourage the

Three-Dimensional Reconstruction ...

generator to create high-quality and realistic
images that closely resemble the target images.
GAN loss, using binary classification labels,
measures the  discrepancy  between the
discriminator's output for the generated samples
and the target labels, which are set to all ones. The
GAN loss motivates the generator to generate
images that effectively deceive the discriminator
and are recognized as real samples.

The L; loss, also known as mean absolute error,
computes the absolute pixel-wise differences
between the target images and the generated
images. It calculates the average absolute
difference between corresponding pixels in the
two images. The L loss penalizes the generator
for producing images that deviate significantly
from the target images in terms of pixel values.
The total generator loss is obtained by combining
both the GAN loss and the L; loss. The
importance of the L; loss is controlled by a
hyperparameter that determines the trade-off
between the GAN loss and the L; loss. A higher
value of this hyperparameter gives more
significance to the L; loss, while a lower value
emphasizes the GAN loss more.

2.4.Data Augmentation

Data augmentation is an important and widely
used technique in the field of machine learning,
applied to enhance the performance and accuracy
of machine learning models. In this approach,
various modifications and transformations are
applied to the training data to increase the
diversity and generalization capability of the
model.

The primary objective of performing data
augmentation is to increase the number of training
samples and create multiple variations of the data.
By applying operations such as rotation,
translation, resizing, cropping, adding noise, and
more, new instances of data are generated, which
appear distinct from the original data.

In this study, we employed rotation, vertical
flipping, and horizontal flipping as data
augmentation techniques, which were applied to
the training data at the beginning of each epoch.
These techniques augment the dataset by
generating variations of the original data, thereby
enriching the diversity of training samples and
enhancing the model's ability to recognize and
adapt to different scenarios and features present in
the data.
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2.5. Evaluation Metrics

The evaluation of generated samples will be
performed using the Porespy and OpenPNM
packages. PoreSpy and OpenPNM are two
popular and powerful libraries in the field of
analysis and simulation of porous structures and
properties. These libraries find extensive
applications in  nanotechnology  research,
petrochemical engineering, materials science, and
other related fields.

For evaluating the performance of the model,
porosity, two-point correlation function, and
linear path function are utilized to examine the
static features of the generated samples. The two-
point correlation function denoted as Sx(r),
represents the probability of finding two arbitrary
points with a distance of r from each other within
the same phase, i.e., either the solid rock or pore
phase.

The linear path function characterizes the
connectivity of local pores. It calculates the
probability of a straight-line segment I, with
length being entirely situated within the pore
phase. In reality, this probability is only computed
in the three perpendicular directions of a three-
dimensional structure.

To investigate flow properties and dynamic
characteristics of the reconstructed images, the
relative permeability and capillary pressure have
also been employed. These measures are utilized
to assess the flow properties and dynamic
attributes of the reconstructed images. Simulation
of dynamic features of the generated samples,
including relative permeability and capillary
pressure, involves several stages including
extraction of the existing network in the image,
subsequent extraction of geometric features of the
network, addressing any issues related to network
clustering, creating phases, definition of the
Invasion Percolation algorithm, definition of the
Stokes flow algorithm, definition of the multi-
phase flow model for relative permeability
calculations.

3. Results and Discussion

In this section, we will discuss and examine the
results obtained from training the models,
followed by a comparison between the
reconstructed images and the original test data in
terms of dynamic and static features of the porous
media.

For this study, we have developed two generative
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models, each trained with 150 iterations. These
two models have been created using the same
dataset but in different ways. In the first model, a
segmented dataset containing five distinct classes,
including macro-pores, clay, quartz, feldspar, and
high-density minerals, has been utilized.
However, in the second model, the segmented
dataset consists of only two classes: solid and
pores. These two models have been designed to
enable a comparison between the two
reconstructed samples and determine whether
improvements in the reconstructed images can be
achieved by considering segmentation based on
rock texture in the porous media.

The generated models will be evaluated and
compared based on their ability to recreate the
dynamic and static features of the original test
data. The evaluation will focus on the accuracy of
the reconstructed images, particularly concerning
the different classes and structures present in the
porous media. The comparison will provide
insights into the effectiveness of each model and
its capability to capture the essential
characteristics of the porous media. The
discussion will revolve around the strengths and
limitations of the generative models, as well as
potential areas for further improvement and
refinement.

3.1. Loss Function Plot

In evaluating the performance of the VOX2VOX
model for 3D image reconstruction of porous
media using paired grayscale and segmented
images, a comprehensive analysis of the loss
function plots is essential. The loss function
serves as a crucial metric for assessing the
accuracy of the model's predictions, offering
insights into its performance and avenues for
improvement.

Figures 2 and 3 present the loss function plots for
the model trained with a segmented dataset
containing five classes and subsequently for the
model trained with a segmented dataset consisting
of two classes. The inclusion of geological texture
information in the 5-class segmented dataset
appears to facilitate improved and more rapid
learning of features in the reconstructed images,
as compared to the 2-class segmented dataset. A
discernible distinction between Figure 2 and
Figure 3 is evident, with the 5-class segmented
dataset exhibiting lower initial error levels,
fluctuating between 10 to 20, in contrast to the 2-
class segmented dataset where the error varies
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between 10 to 25 during the initial epochs.
Furthermore, the loss function plot for the 2-class
segmented dataset indicates higher oscillations.

Training and Validation Losses

—— train_losses
-=- valid_losses
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Epoch

Figure 2. Loss Function Plot for the Model with a
Segmented Dataset of Five Classes.

Training and Validation Losses
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Figure 3. Loss Function Plot for the Model with a
Segmented Dataset of Two Classes.

A noteworthy observation is the accelerated
learning rate of the model when incorporating
multimineral segmentation. The loss function of
the model trained with the 5-class segmented
dataset attains a relatively stable state around
epoch 30, whereas the same state is achieved for
the 2-class segmented dataset around epoch 60.
These findings suggest that the model
significantly benefits from datasets involving
multimineral segmentation, resulting in improved
and expedited training. This aspect holds
particular significance when applying the model
to new reservoirs, positively influencing both
efficiency and outcomes.

In both loss function plots, post reaching a stable
state, the error remains consistent within a limited
range, and there is no discernible gap between the
training and validation errors. This observation
suggests that both models adequately fit the data
without experiencing overfitting or underfitting
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issues. It implies that the complexity of the
VOX2VOX network and the volume of data used
in the training process are appropriate for the
given task.

By providing a detailed examination of the loss
function plots, our analysis substantiates the
effectiveness of incorporating geological texture
information through multimineral segmentation in
enhancing the VOX2VOX model's learning
capabilities for 3D image reconstruction of porous
media. These insights contribute to advancing the
field by shedding light on the nuanced impact of
segmentation information on model performance.

3.2.Parametric Comparison of Images

In Figure 4, the original test data sample, the
reconstructed sample generated by the model
based on a 5-class dataset, and the reconstructed
sample produced by the model based on the binary
dataset are depicted. Notably, the inclusion of
multimineral segmentation information in the 5-
class dataset significantly enhances the
reconstruction quality and perceptual clarity of the
images, particularly in capturing intricate details
of the rock texture within the porous media.
Conversely, the reconstructed images from the
model trained on the binary dataset exhibit a
comparatively lower level of quality and clarity.

- &g - R 41*
ANy,
< );é g
R rod A
Figure 4. a: Original Image, b: Reconstructed Image
considering the information of the rock texture in the

porous media, and c¢: Reconstructed Image considering
the pores and solid phase.

To provide a more comprehensive understanding
of the implications of our findings, we further
analyze the results using three commonly
employed similarity evaluation metrics: Structural
Similarity Index Measure (SSIM), Mean Squared
Error (MSE), and Peak Signal-to-Noise Ratio
(PSNR). These metrics, widely utilized in
computer vision and image processing, offer
valuable insights into the quality of reconstructed
images and facilitate meaningful comparisons
with ground truth images.

The results of these three metrics are summarized
in Table 1. It is evident from the data that the
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reconstructed images, incorporating information
on rock texture through  multimineral
segmentation, display a higher degree of
similarity to the original samples when compared
to those reconstructed by the model based on the
binary dataset. The enhanced performance is
reflected in superior SSIM values, lower MSE,
and higher PSNR scores, all indicative of
improved accuracy and correlation with the
ground truth images.

In conclusion, our findings underscore the
significance of incorporating multimineral
segmentation information for achieving superior
image reconstruction in porous media. The
improved quality and clarity observed in the
reconstructed images align with the enhanced
performance metrics, emphasizing the efficacy of
our approach. This nuanced analysis provides a
clearer and more detailed discussion of the
implications of our results, contributing to the
advancement of the field by highlighting the
importance of  considering rock texture
information in 3D image reconstruction of porous
media.

Table 1. Three metrics for the reconstructed images.

SSIM MSE Score  PSNR
Score Score
5-class 0.95 0.00013 38.93
dataset
Binary 0.89 0.00112 29.49
dataset

3.3. Static Features of Reconstructed

ImagesPorosity:

The findings from our study reveal important
insights into the reconstruction of 3D images of
porous media using the VOX2VOX model. We
observed a porosity of 0.229 in the original image,
and upon employing our model trained with 5-
class segmentation data, the reconstructed image
demonstrated a porosity of 0.233. In contrast,
when using the model trained with 2-class
segmentation data, the porosity in the
reconstructed image was measured at 0.244. The
porosity error for the model trained with 5-class
segmentation data was calculated at 1.78%, while
the model trained with 2-class segmentation data
exhibited a porosity error of 6.29%.

It is evident that the inclusion of multimineral

Three-Dimensional Reconstruction ...

segmentation information significantly influences
the quality of reconstructed images, as evidenced
by the improved resemblance to the original
sample in terms of porosity. Our results suggest
that leveraging rock texture information,
particularly through the incorporation of
multimineral segmentation, contributes to a more
accurate representation of the porous media. This
enhanced fidelity in reconstruction is crucial for
applications where precision in  porosity
measurements is paramount.

e The Two-Point Correlation Function:

In Figure 5, the Percent Change in Two-Point
Correlation Function between the Original Image
and Reconstructed Images is presented. Notably,
the measure indicates a closer resemblance to the
image reconstructed from the model based on rock
texture.

Percent Change between Criginal Image and Reconstructed Images

-+ Percent Change - Binary Mask
=== Percent Change - Multimineral Mask

Percent Change

Figure 5. Percent Change in Two-Point Correlation
Function: Original Image vs Reconstructed Images

The analysis reveals that the two-point correlation
function closely aligns with the rock texture when
utilizing the 5-class segmented dataset for image
reconstruction. The percentage change between
the two-point correlation function of the
reconstructed images based on the 5-class
segmented dataset model and the original image
ranges from 0 to less than 2 percent. In contrast,
the difference for reconstructed images based on
the 2-class dataset model and the original image is
observed to be between 0 to 6 percent.

This quantitative parameter analysis reinforces
the significance of employing segmentation based
on rock texture in porous media for enhancing the
quality of reconstructed images. The close
resemblance between the reconstructed image and
the original image, particularly in the context of
the two-point correlation function, underscores
the efficacy of the 5-class segmentation approach.
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This outcome implies a more faithful
representation of the intricate details of the porous
media, contributing to a nuanced understanding of
its structural characteristics.

These findings offer valuable insights into the role
of segmentation information, specifically the
multi-mineral ~ segmentation  approach, in
influencing the reconstruction process. The lower
percentage change observed in the 5-class
segmentation model suggests a more accurate
reconstruction, emphasizing the importance of
incorporating detailed mineralogical information
in porous media imaging. This nuanced
exploration provides a foundation for advancing
the field, shedding light on the nuanced
relationship between segmentation strategies and
the fidelity of reconstructed images in porous
media research.

e The Linear Path Function

Figure 6 shows the linear path function plot for the
original image, the image reconstructed based on
the 5-class segmentation, and the image
reconstructed based on the 2-class segmentation.

Percent Change between Original Image and Reconstructed Images

«re: Percent Change - Binary Mask
44 —=-- Percent Change - Multimineral Mask

o 20 0 60 80 100 120
Path length [voxels]

Figure 6. Percent Change in Linear Path Function:
Original Image vs Reconstructed Images

Similarly, to the two-point correlation function's
plot, in this graph, the values for the original
sample and the sample reconstructed from the
model  overlap. However, the sample
reconstructed from the second model shows slight
differences. This indicates that although the
reconstructed images from the two-class
segmentation model also yield acceptable results,
the images based on the other model have higher
quality and exhibit closer similarity to the original
sample.
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3.4. Dynamic Features of Reconstructed
ImagesAbsolute Permeability

The absolute permeability related to the original
data was 73.97 mD. This value was 75.29 mD
with an error of 1.78% for the reconstructed image
based on the 5-class data model, compared to the
absolute permeability of the original data. For the
generated image from the 2-class data model, it
was 98.76 mD with an error of 33.51% relative to
the absolute permeability of the original data. This
indicates that the first model has produced images
much closer to the original data compared to the
second model.

o Relative Permeability curves:

In Figure 7, the relative permeability curves
derived from three examined images are
presented.

Relative Permeability in x direction
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Figure 7. Relative Permeability Plot.

Although this chart does not exhibit a particular
superiority of the model based on rock texture, it
should be noted that significant simplifications
have been applied to simulating the flow in the
target sample, as explained in the previous
sections. Therefore, the relative permeability
chart can be considered approximate, and
accurately determining the proximity of the
results of the model based on rock texture to the
original sample is challenging. However, the
results indicate the proximity of the relative
permeability of the images generated by both
models to the original sample.

Table 2 presents information about the networks
extracted from the three investigated images using
the Snow algorithm, along with the errors relative
to the original image values.

Table 2. Some parameters of pores and throats in the network.
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Original 5 phase mask 5 phase 2 phase 2 phase Mask
image mask error mask error
number of pores 5971 5500 -7.88% 10016 67.74%
number of throats 9851 9681 -1.72% 15627 58.63%
pore.equivalent diameter (um) | 23.28 24.94 7.13% 20.61 -11.45%
pore.volume (um3) 35337.4 39094. 10.63% 22390.8 -36.64%
pore.surface area (um2) 3266.96 3558.28 8.92% 2381.92 -27.09%
throat.equivalent_diameter 16.87 18.01 6.75% 16.63 -1.42%
(um)

As observed, the network parameters extracted
from the images of the first model are much closer
to the original image compared to the parameters
extracted from the images of the second model.
This network serves as the basis for simulating
relative permeability, and these factors along with
subsequent simplifications could be the reason for
the lack of significant differences in relative
permeability among the samples.

e  Capillary Pressure Plot:

Figure 8 shows the capillary pressure curves for
three samples: the original image, the image
reconstructed from the model based on rock
texture information, and the image reconstructed
from the model based on the two-class mask.
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Figure 8. Capillary Pressure Plot.

The examination of this parameter also
demonstrates the superiority of the model that had
access to the geological texture information of the
porous media. As evident in the graph, the
capillary pressure in the reconstructed images
from this model exhibits a much closer
resemblance to the original sample. The
investigation of this parameter provides further
evidence to support the claim that utilizing

geological texture information leads to higher-
quality generated images.

4. Conclusions and recommendations

Three-dimensional reconstruction of porous
media using deep learning methods is an
intermediate solution that can provide researchers
with realistic samples much more easily, cost-
effectively, and rapidly compared to direct
imaging methods. In this context, Generative
Adversarial Networks (GANs) have received
significant attention and efficient approaches have
been proposed. However, the incorporation of
geological texture information of porous media
has not been extensively investigated in these
methods. This information can be provided to the
model through image segmentation based on
geological textures. In this work, we focused on
examining the impact of incorporating this
information into the conditional GAN model
called Vox2Vox, and the results indicated that the
geological texture information can lead to the
enhancement of three-dimensional reconstructed
images of porous media and expedite the model's
learning process. By utilizing two different data
types, where one represents the solid part as a
whole and the other segregates solids based on
minerals, the model acquires valuable insights
into mineral information. This investigation
highlights the influence of petrographic
information on the model's performance,
ultimately leading to enhanced 3D image
reconstruction.

The Vox2Vox deep learning model, which
belongs to the family of conditional GANSs, takes
the porous media image along with its
corresponding mask as an input. The dataset
utilized in this work consisted of three-
dimensional images of Bentheimer sandstone
samples, along with their 5-class masks
representing macro-pores, clay, quartz, feldspar,
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and high-density minerals, with dimensions of
800*800*800. In this segmentation, 25.38%
corresponds to the first class, 1.42% corresponds
to the second class, 72.12% corresponds to the
third class, 0.99% corresponds to the fourth class,
and 0.09% corresponds to the fifth class. The
model was trained first with 5-class segmentation
images and second with 2-class segmentation
images, comprising pores and solids, to compare
the results and determine the impact of geological
texture information in the model's training
process.

A comparison of the error function graphs in the
two models demonstrates that the presence of
geological texture information significantly aids
in the simpler and faster training of the model.
Due to the initial error fluctuations, it was
observed that in the 5-class data-based model, the
error was significantly lower than in the 2-class
data-based model. Furthermore, in the first model,
the error converged to stability after
approximately 30 epochs, while for the second
model, this convergence occurred at nearly twice
as many epochs, around 60.

The structural similarity index measure, mean
squared error, and signal-to-noise ratio for the 5-
class data-based model were 0.95, 0.00013, and
38.93, respectively. For the 2-class data-based
model, these values were 0.89, 0.00112, and
29.49, respectively. The comparison in all
parameters indicates that the model with access to
geological texture information exhibits a much
higher similarity to the original image.

Moreover, static and dynamic features of the
medium such as porosity, two-point correlation
function, linear path  function, relative
permeability, and capillary pressure of the
reconstructed images from both models were
compared. The porosity error in the images
reconstructed from the model with geological
texture information is 1.78% compared to the
original image, whereas this number is 6.29% for
the second model. Additionally, the absolute
permeability differed by 1.78% for the
reconstructed images from the geological texture-
based model compared to the original image,
whereas, for the 2-class data-based model, this
difference was 33.51%. Furthermore, the
similarity between the network extracted from the
reconstructed images of the 5-class data-based
model and the network from the original image
was of paramount importance and notably
conspicuous.
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It should be noted that, firstly, simplifications
were applied in simulating, and secondly,
approximately 97.5% of the data pertains to only
two classes, with these differences emerging from
the remaining three classes, constituting 2.5% of
the total data. Therefore, in reservoirs with greater
geological heterogeneity, significant
improvements in the reconstructed images will be
evident in these parameters.

Ultimately, the results indicate that multimineral
segmentation information of porous media not
only leads to higher quality and more realistic
reconstructed images but also simplifies and
expedite the model training process. Additionally,
the presented network requires less memory for
training, which is particularly advantageous,
especially when it comes to training 3D models
for reconstruction. This simplifies the training
process with images from various reservoirs.
Considering the high efficiency of deep learning
methods, it is recommended to design novel
networks that can better utilize geological texture
information in reconstructing images of porous
media, enabling us to achieve higher-quality
generated  images.  Furthermore, it s
recommended to test this model in reservoirs
exhibiting greater heterogeneity among rock
textures to determine whether more pronounced
improvements will be observed in the parameters
measured. As a final suggestion for future work,
sensitivity analysis concerning the number of
classes in image segmentation is proposed.
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