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1. Micro-Computed Tomography (micro-CT)
2. Voxel

3. Lattice Boltzmann Method

4. Multi-orientation Scanning Method

5. Medial axis Based Method

6. Voronoi Diagram Based Method

7. Maximal Ball Method

9. Pore

10. Formation Factor
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1. Distance Function

2. Watershed Segmentation

3. half-throat Connections

4. Convolutional Neural Network
5. Visual Recognition

6.
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1. Berea

2. Bentheimer

3. Gosford

4. Specific Surface area
5. Maximall Ball
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1. Convolutional Layer
2. Pooling Layer

3. Fully Connected Layer
4. Kernel
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1. Flattened

2. Filter

3. Rectified Linear Unit
4. Max Pooling

5. Down Sampling

6. Over Fitting

7. Dropout
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1. Adaptive Moment Estimation (Adam)
2. Bias

3. Data Generator

4. Batch
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Introduction

Correctly determining petrophysical parameters and
flow characteristics in porous media is crucial to
hydrology, environmental engineering, and petroleum
engineering. For the last two decades, it has been
suggested to extract the network structure(topology)
and model the fluid flow from the rock pores. Numerous
studies have been conducted along this path, and based
on recent advancements, it has been discovered that
it is possible to prepare three-dimensional images of
the rocks in such a way that the porous space can be
extracted and accurately modeled the rock's real porous
space [ 1 |. With a precision of under ten or one hundred
nanometers (the size of each voxel), non-destructive
X-ray micro-computed tomography is regarded as
one of the top technologies in the field of imaging
and creating a correct perspective of the physical
processes and fluid flow in the porous space of the
rock, taking the rock samples photographs [2]. Image
segmentation is regarded as a crucial stage that can has
a significant impact on the findings of the digital rocks
study. This stage assigns the number one to points that
are part of the grain and zero to points deemed pore.
Specific computational algorithms, including direct
simulation (finite element method, finite volume, and

Accepted: March/28/2023

lattice Boltzmann method [3]), are recommended for
calculating the properties of the rock's porous space.
In this technique, the algorithms mentioned above,
which discretize the rock's pores, are directly applied
to images, frequently demanding a high computational
volume. There is an alternative method, called
algorithms for extracting the rock network model, in
which a network of the internal structure of the rock
is initially extracted, along with associated parameters
like the pores and throats radius, followed by the
relevant equations are applied to the obtained network
to determine the current characteristics. The pore space
of rocks must be transformed into a network of wide
pores joined by narrower void spaces known as throats
to extract the pores network [1]. Numerous attempts
have been made in recent decades to extract the pores
network from 3D images. The multi-orientation
scanning method, medial axis-based method, Voronoi
diagram-based method, and maximal ball method are
the major algorithms.

One of the drawbacks of the digital rock analysis
method is the extensive computational workload it
entails. Hence, to mitigate both the computational load
and processing time, artificial intelligence and machine
learning techniques, particularly deep learning



methods, have been employed to attain accurate results
more efficiently [4]. Machine learning stands as one of
the prevailing techniques within the realm of artificial
intelligence [5]. In recent years, it has made substantial
strides in the realm of tackling and resolving intricate
problems. Despite their notable predictive accuracy,
machine learning methods necessitate the extraction of
features from images and cannot be directly applied to
digital images. Consequently, this requirement leads to
substantial time and computational resource demands.
The Convolutional Neural Network (CNN) represents
a prominent subset of deep learning, serving as a
specialized form of artificial neural network. Notably,
it has garnered significant interest in recent years,
particularly within the domain of visual recognition,
owing to its ability to be directly applied to images.
In the past, research efforts have been dedicated to the
domain of computing and ascertaining petrophysical
properties and parameters from digital images through
the utilization of Convolutional Neural Networks
(CNNgs). In their study, Sudakov et al. [6] investigated
the efficiency of several deep and machine learning
methods, including convolutional neural network,
in the direction of permeability estimation using
3D sandstone samples. The permeability of the
samples was calculated using the network modeling
method. The results of the study have shown that the
convolutional neural network method is the best and
most efficient method among the used algorithms. A
limitation of this approach is that the study exclusively
employed a single homogeneous sandstone sample.
In homogeneous rock formations, there exists a slight
dispersion in permeability among various samples
under investigation. Moussa Tembely et al. [4]
conducted an assessment of the efficacy of various
deep and machine learning techniques for permeability
estimation, employing 3D samples of carbonate rock.
Due to the limited number of samples used for training,
the Convolutional Neural Network (CNN) method
was found to be less acceptable when compared to
alternative methods. In the study conducted by Naif
AL Qabhtani et al. [ 7], three distinct types of sandstone,
namely Brea, Bentheimer, and Gosford, were utilized.
They generated 2D images with dimensions of
1282 (128 x 128) and computed various structural
parameters of the network, including porosity, specific
surface area, and average pore size distribution. The
efficiency of the 2D neural network was assessed, and
the error in the calculated values was found to be less
than 6%.

Consequently, this study utilized a heterogeneous
carbonate rock, extending upon previous experiments.
In this investigation, three-dimensional convolutional
neural networks were leveraged as predictive tools
to estimate essential parameters, including porosity,
average pore size, average throat size, average
connection number, and average pore shape factor.

Petroleum Research, 2023(August-September ), Vol. 33, No. 130

These parameters hold significant importance in
the determination and computation of flow-related
properties such as permeability, capillary pressure,
and more. In summary, this study employed both the
convolutional neural network and the maximal ball
algorithm to compare their computational efficiency
in calculating certain values. Broadly, the study is
divided into two main sections:

1. Image Preparation and Network Extraction: The
first section involves preparing images for model
computation and training. Subsequently, techniques
were applied to extract the porous space network from
each image, each with dimensions of 100x100x100.
This step aims to determine the essential parameters
that serve as outputs for the model.

2. Convolutional Neural Network Model: The second
section focuses on the design and construction of a
convolutional neural network model. This model is
employed to train and test the data prepared in the
previous step.

Materials and Methods

Data set

The model employed in this study was evaluated
using a sample of carbonate rock cores referred to
as C1 [1] (Figure 1). C1 is composed of fossiliferous
wackestone or packstone. The prototype, with a
precision level and voxel size of 2.85 micrometers,
is available in dimensions of 400x400x400 voxels,
which are the three-dimensional counterparts of pixels.
This particular rock sample exhibits a porosity of 23%
and an average connection number of 3. In this pre-
segmented rock sample, each individual rock voxel
has been assigned zero (representing pore space) or
one (representing solid grain material).

Fig. 1 C1 carbonate rock with dimensions 400x750x750 and
accuracy 2.875 mpu [1]; b) 3D image of C1 carbonate rock
segmented with dimensions 400x400%400 voxels, where
black color denotes granular component and white color de-
notes pores.

Methods

In this section, explanations are given in relation to
how to prepare images for investigating and training
the network, as well as how to extract data and
characteristics from images. Additionally, it delves into
aspects related to the performance of the convolutional
neural network (CNN) and the procedure for its
implementation.
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Images Preparation

Using MATLAB software and employing a step size
of 15 voxels, the aforementioned rock sample was
transformed into a set of images and cubes, each
with dimensions of 100x100x100. This process was
carried out to create a diverse dataset for training the
deep learning algorithm, resulting in a total of 9,261
samples. To ensure diversity within this dataset, it
was essential for these images to exhibit variations,
and the characteristics extracted from them should not
be identical. This diversity is crucial for effectively
training the network to handle a wide range of data.
Additionally, it was important for the size and
dimensions of the obtained images to be smaller than
the Representative Volume Element (RVE) of the
rock C1. The RVE represents the minimum volume
and dimensions required for the rock properties to
be representative of the entire rock. This decision
was made to create a dataset with diverse pore space
characteristics.

According to Peyman Mostaghimi et al. [8], the
resulting volume from the 100x100x100 voxel
dimensions is indeed smaller than the RVE for this
type of rock. Consequently, the characteristics inferred
from these images differ, allowing each of these
smaller samples to be assessed and examined as if it
were a distinct rock sample.

Rock's Structural Network Extraction

In this study, a pore network extraction code [9] based
on the maximal ball method was utilized to extract the
structural properties of the rock for each individual
sample. The algorithm's foundation is rooted in
the work of Dong and Blunt [1]. Specifically, the
proposed algorithm incorporates Stages 1 and 2 from
Raini's study to calculate porosity and other pertinent
parameters.

After sampling and converting the original image into
9,261 samples, the maximal ball method was applied to
each of the transformed images, each with dimensions
of 100x100x100, using MATLAB software. This
process yielded a range of parameters, including
porosity, pore size, throat size, connection number, and
pore shape factor, all of which were obtained from the
algorithm.

Convolutional Neural Network

The convolutional layer, pooling layer, and fully
connected layer are the three main layers that make
up a convolutional neural network. Different layers
execute different duties [10]. The convolutional layer
is accountable for feature extraction from the images,
the pooling layer is employed to decrease dimensions
and features, and the fullyconnected layer is utilized as
a classification layer at the end. Random elimination
layers have been utilized to avoid network overfitting.
During training, the neural network layer’s neurons or,

more precisely, its outputs are randomly ignored by the
random elimination regularization method. The error
function is a measurement that assesses how suitable
the model is in terms of its capacity and competence to
forecast new values. Mean squared error (MSE), one
of the most well-known and popular error functions in
regression analysis, is the error function used in this
model. The optimizer function chosen in this model,
Adam (adaptive moment estimation), modifies the
network parameters (weights and biases) by applying
the pertinent relations while considering the error
function’s derivative. Furthermore, Distribution of the
average probability density function of five characteristics
generated from the maximal ball method for the training,
validation, and testing sets is shown in Figure 2.
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Fig. 2 Distribution of the average probability density func-
tion of five characteristics generated from the maximal ball
method for the training, validation, and testing sets.

Conclusions

In this research, the rock’s physical parameters
have been estimated using a three-dimensional
convolutional neural network. A set of micro CT scan
images of a carbonate rock sample were utilized to
train and test the model. Five physical properties of
the rock, such as porosity, average throat size, average
pore size, average connection number, and average
pore shape factor, have first been calculated for each
image using network extraction algorithms. To test
and evaluate the network, the number of layers and
the proper value of the learning rate were determined
based on the trend and the value of the error function
after the convolutional neural network had been trained
using the input images and their relevant features.
The coefficient of determination and the relative error
rate for porosity are calculated to be 99% and 4.2%,
respectively, for the average throat size are 90.2%
and 3.8%, for the average pore size are 94. 5% and
2.6%, for the average connection number are 93.6%



and 3.9%, and for the average pore shape coefficient
are 75.3% and 3.4% after evaluating and calculating
the characteristics of the set of test data images. When
calculating the average connection number, average
pore size, and average porosity, which are 20%, 7%,
and 5%, respectively, the results from this study are
significantly superior to those from Al-Qahtani's
manuscript. The results suggest that the convolutional
neural network has great potential for assessing the
physical characteristics of digital rocks and that this
potential can be increased in order to decrease the
physical parameters of the rocks. Since this network
is believed to be modeled solely on one type of rock,
it will naturally produce accurate and logical results
in the shortest amount of time when calculating the
physical parameters of further samples of the same
type of rock. To provide a thorough evaluation of
the properties of all types of rocks, future research
can use multiple different rock samples, including
carbonate and sandstone, at the same time as input to
the network. Additionally, the convolutional neural
network's potential and efficiency can be assessed in
image segmentation as well as in the estimation of
more complex petrophysical parameters, such as the
permeability and formation factor. Therefore, more
complex convolutional neural network models can be
used to enhance the network's efficiency.
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