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Abstract

Physical rock property measurement is an important stage in energy exploration, both for hydrocarbons and geothermal sources. The
value of physical rock properties can provide information about reservoir quality, and one of these properties is tortuosity. Tortuosity is
an intrinsic property of porous materials that describes the level of complexity of the porous arrangement when a fluid passes through it.
Conventionally, tortuosity values are measured through laboratory analysis and numerical simulation, but these measurements can take
a long time. An alternative method for measuring tortuosity is using machine learning with a convolutional neural network (CNN). A CNN
is a type of deep neural network designed to analyze multi-channel images and has been applied successfully to classification and non-
linear regression problems. By training a CNN on a dataset of digital rock samples that have been simulated using numerical computation
to obtain their tortuosity values, it is possible to demonstrate that CNNs can accurately predict the tortuosity of digital rock. The result is
that the CNN model can predict tortuosity values with the Xception model being the most accurate with the lowest RMSE value of 0.90962.
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1. Introduction Machine learning has been developed and applied
widely in science and technology fields such as production
optimization and hydrocarbon drilling. It has also begun to
be used to simplify and accelerate the computational
process in the estimation of physical parameters of porous
rocks. Artificial neural networks (ANNs) are one of the
popular machine learning models used to tackle complex
problems. ANN algorithms are modelled on human nerves
that adaptively train to complete a task. A typical ANN
structure consists of several layers, each with a number of
perceptrons. Perceptrons are the fundamental building
blocks of ANNs and are modelled on the neurons in human
brain networks. In an ANN, the input for one layer serves as
the output for the following layer.

One of the ANN algorithms that is frequently applied to
solve picture recognition issues is the convolutional neural
network (CNN). CNN uses a convolution method that
applies filters of a specific size to various input data
locations, resulting in the creation of new representative
information from the convolution of the input data and the
filters. This output from the convolution is then used as the
input for the next layer of the neural network. Because the
feature extraction and training processes in the CNN
algorithm are carried out simultaneously by the computer,
it is a good solution for estimating the physical properties
of porous rocks with intricate patterns. CNN method has
been proven to be used to predict the fundamental quantity
value of porous media (Graczyk and Matyka, 2020). In
recent studies, transfer learning, or the method of using
pre-trained CNN models has obtained good results in

Porous media are important in the field of energy
exploration, where the properties of porous rocks can
provide a lot of useful information, especially on
hydrocarbon sources or geothermal sources. One of those
properties is tortuosity. Tortuosity is an intrinsic property
of porous media that describes the level of complexity of
fluid pathways, which is described as the length of the
pathway relative to its effective length, as shown in Fig. 1.
Regarding the condition of the reservoir, it is crucial to
identify reservoir rock features such tortuosity. However,
since analytical solutions cannot be used, this requires
laboratory testing or numerical simulations, making it
challenging to complete (Ladopoulos, 2014). The
determination of tortuosity values may also be carried out
using machi_r_}s_le_all_rning techniques.

Fig. 1. Depiction of tortuosity in porous media. The red line indicates

the pathway that can be travelled by fluid, the blue line indicates the determining rock parameters, especially on small datasets
effective length of the pathway. and out of range problems (Tang et al., 2022).
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Table 1. Digital rock sample and the amount of digital rock data used in the study. There is an experimental error of + 0.5 % for porosity
and * 10 % for permeability (Neumann et al,, 2021).

No Name Porosity Permeability Formation Number of Data
1 Bandera brown 2411 % 63 mD Desmoinesian 2740
sandstone
2 Bentheimer sandstone  22.64 % 22.64 mD Valaginian 2740
3 Berea cores sandstone 18.96% 18.96 mD Upper Devonian 2740
4 Buff berea sandstone 24.02 % 275 mD Upper Devonian 2700
5 Castlegate sandstone 26.54 % 269 mD Late Cretaceous 2700
6 Leopard sandstone 20.22 % 327 mD Paleozoic 2690
7 Parker sandstone 14.77 % 10 mD Paleozoic 2250
8 Kirby sandstone 19.95 % 62 mD - 2740

The general layout of the layers of the CNN architecture is
shown in next section.

The CNN was chosen for this research because it allows
for the calculation of physical parameter values in a shorter
time without the need for laboratory testing by injecting
fluid into porous rocks, thereby avoiding damage to the
porous rocks. In order to conduct this research, a 3D digital
rock sample of sandstone was obtained from the Digital
Rock Portal and pre-processed before being input into the
CNN architecture (Neumann et al.,, 2020).

2. Material and methods

This research begins with the creation of datasets from
several types of digital rock data. The rock data used is
porous rock data from CT-scan images. The digital rocks
used in this study are a set of sandstone samples. Sandstone
lithology considered a classic sedimentary rock primarily
comprised of quartz, silica, and sand-sized minerals, which
is converted into a three-dimensional array of size 1000 x
1000 x 1000 voxels. Table 1 shows digital rock sample and
the amount of digital rock data used in the study.

This array consists of a value of 0, representing a rock
pore, and avalue of 1, representing an obstacle. The CT-scan
array is then resampled to a smaller array of size 128 x 128
x 128 voxels in order to lighten the computational load and
create a larger dataset. The three-dimensional array is then
calculated based on the connected path between its
boundaries to obtain its tortuosity value. This was done
with the help of Tort3D software. The way the software
works is by reading digital rock data and looking for
connected paths in data that has void space. After getting all
the valid paths, the tortuosity value of one of the flow
directions can be calculated as average of all path length
divided by size of the image in the direction of flow (Al-
Raoush and Madhoun, 2017).

The calculation results are then used as dataset labels in
the machine learning model architecture. The total number
of datasets totals 21300 images, with a range of tortuosity
values between 1.08 - 113.09. The largest distribution of
dataisin the range of 1.08 to 13.52, totaling 19764 data. The
distribution of dataset tortuosity value is shown in Fig. 2.

Instead of using a three-dimensional array as input for
machine learning, certain parts of the array are selected to
represent the entire array. These selected parts are slices of
the plane on the three main axes, each 128 x 128 in size.
These three plane slices are then stacked into a three-

channel image as a synthetic RGB image. The total dataset
consists of 21,300 samples as shown in Table 2, with 1,300
set aside as testing data that are not used in training. The
remaining 20,000 samples are divided into a train-
validation dataset, with 85% designated as the training set
and 15% as the validation set. The illustration of the
creation of synthetic RGB images is shown in Fig. 3.
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Fig. 2. Distribution of dataset tortuosity value.

This research uses a Transfer Learning strategy by
utilizing four types of pre-trained model architectures in
order to obtain the best model. Transfer Learning is a
machine learning technique in which a model is trained and
developed for one task and then reused for a second, related
task. It involves exploiting what has been learned in one
setting to improve optimization in another setting (Gao and
Mosalam, 2018). The Transfer Learning strategy is applied
in this study to reduce training time and speed up the
process of obtaining models with small errors. A pre-
trained model is a model that has been trained on a large
benchmark dataset and is capable of solving problems
similar to the new problem that needs to be solved (Iorga
and Neagoe, 2019). In this research, the problem to be
solved is image recognition. The pre-trained model
architectures used in this research are those available in the
Keras library (https://keras.io/api/applications/), which
have been tested and have good performance. The four
types of pre-trained models used in this research are
DenseNet201, Xception, InceptionV3, and MobileNetV2.
Stages of synthetic. Convolutional neural network work in
projecting images can be seen in Fig. 4.

Akmal, F. etal.,/ JGEET Vol 08 No 02-2 2023 7
Special Issue from The 15t International Conference on Upstream Energy Technology and Digitalization (ICUPERTAIN) 2022



'a ™
p
YZ v —
\ J -
— QUTPUT

Fully Connected Layer

Fig. 4. Convolutional neural network work in projecting images.

Dense convolutional networks or DenseNet is a pre-
trained model architecture built with a structure where
each layer is connected to subsequent layers (Huang et al,,
2017) as shown in Fig. 5. DenseNet architecture can reduce
the occurrence of overfitting by utilizing dense connection
techniques especially when the number of datasets used is
small (Talo, 2019).
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Extreme Inception or better known as Xception is a
model that uses the Depthwise Separable Convolution
technique in its architecture as shown in Fig. 6. The
Xception architecture consists of three main parts, namely
Entry Flow, Middle Flow, and Exit Flow. Xception is noted
to have better performance than InceptionV3 even though
it has fewer parameters (Chollet, 2017).

MobileNet is a pre-trained model architecture that
utilizes depthwise separable convolution in its architecture
which is a combination of depthwise convolution and
pointwise convolution. The MobileNet architecture has a
total of 28 layers with its architectural illustration shown in
Fig. 7 (Howard et al,, 2017).

The architecture of the CNN model used can be seen in
Fig. 8. The model is trained by learning the relationship
between the input which is an RGB synthetic image of
digital rocks and the labels which is the actual tortuosity
value until the error between the predicted value and the
actual value is minimized. The predicted value is the result
of machine learning trying to get the tortuosity value from
the synthetic RGB image. While the actual value is the
dataset labels that are the tortuosity values obtained based
on software calculations.

In order to compare the performance and prediction
accuracy of the different algorithms, three metrics are used
as a loss function to determine the error value: mean
absolute error (MAE), Root Mean Square Error (RMSE), and
R2.

MAE is a function used for regression models (Eqn. 1).
MAE is the sum of absolute differences between the target
and independent variables. It measures the average of the
residuals, where n represents the number of observations,
F; is the predicted price at the point of sale i and 4; is the

‘ Dense Block 4 il x actual value. MAE is very good to use when there are
outliers in the data and has a simple interpretation (Ansari
and Binninger, 2022).
A;—F;
OUTPUT MAE = Yo |T| M
Fig. 5. DenseNet201 architecture.
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output of the model is the predicted tortuosity value of the rock.
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RMSE is another commonly used metric to evaluate the
accuracy of predictions obtained by a model (Eqn. 2). It
takes the residuals between actual and predicted values and
compares the prediction errors of different models for
particular data. This metric is very useful for measuring
how close the prediction is to the actual value, and gives a
larger penalty to large errors. It is therefore suitable in
cases where the difference between the predicted and
actual values is critical, such as in rock modelling (Dandekar
etal, 2018).

1
RMSE = ; ?zl(Ai_Fi)z (2)

The variable R? is a widely used statistical measure in
regression-based machine learning (Eqn. 3). Itindicates the
percentage of the variance in the dependent variable that
the independent variables explain collectively. The closer
the value of R? to 1, the better the model is fitted. R-squared
provides information on how well the linear model fits the
observed data and how much variation in the data can be
explained by the model.

Rzzl_w (3)

?:1‘4i2
3. Results and discussion

Four CNN models were trained using 20,000 digital
porous rock data that was converted into synthetic RGB
images, then the model was tested using 1,300 images from
datasets. Different CNN model performance was measured
by looking at three metrics to determine the error value,
namely MAE, RMSE, and R2. The performance of each model
can be seen in Table 2 as follows.

Table 2. Evaluation result of DenseNet201, InceptionV3,
MobileNetV2, and Xception in tortuosity value prediction.

No Model MAE RMSE R2

1 DenseNet201 33.539 1.02666 0.98635

2 InceptionV3 34.538 0.98445 0.98724

3 MobileNetV2 32.552 1.02465 0.98737

4 Xception 33.901 0.90962 0.98636

Based on Table 2, it is known that the pre-trained model
with the smallest error is produced by the MobileNetV2
architecture with an MAE of 32.552, then the Xception
model with an RMSE value of 0.90962, and MobileNetV2
with R2 value of 0.98737. The results show that the Xception
model is the best model out of the four models. The four
models all have R2 values over 0.98 and similar MAE values,
indicating that they are all quite accurate. The RMSE values
of the four models are then comparable, with the Xception
model having the best RMSE value at 0.90962. This
demonstrates that, when compared to the other four
models, the Xception model has the least error and makes
predictions that are most accurate.

The ability of the CNN model to predict values of data
can also be seen using a scatter plot with the horizontal axis
being the actual tortuosity value and the vertical axis being
the predicted tortuosity value. The scatter plot result of the
models can be seen in Fig. 9. The data plotted in Fig. 9 is
prediction data that has undergone outlier reduction. This
reduction also shows that the CNN model created is able to
have good performance under certain conditions and in a
certain range. The out-of-range problem case was also
found in research on using a CNN model to predict the
permeability of synthetic rocks (Tang et al., 2022).
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Fig. 9. Predicted tortuosity values compared to actual values in small tortuosity value, (a) result from Xception model, (b) result from
InceptionV3 model, (c) result from DenseNet201 model, and (d) result from MobileNetV2.
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The black diagonal line represents the real tortuosity
value of the data, with the blue dots indicating the
distribution of model-predicted values. Of the 1,300 test
data, predictions with a small range of values were taken
into account. As shown in Table 2, the Xception model had
more accurate results compared to the other models. This
can be seen from the predictions, which are close to the
actual result value. The Xception model has a smaller RMSE
value and has similar MAE and R? value. These models are
only able to accurately predict at smaller tortuosity values,
with increasing inaccuracy as the tortuosity values
increase.

This research has shown that the input to the CNN
model is not three-dimensional rock data itself, but rather
slices of data that are combined to form a synthetic RGB
image representing the whole data set. The data also has a
non-uniform distribution and is largely comprised of data
with small tortuosity values. These factors contribute to the
model's low prediction accuracy and its ability to accurately
predict only data within a narrow range of small tortuosity
values.
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o — —
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Fig. 10. Boxplot showing the distribution of tortuosity values of
the dataset.

As shown in Fig. 10, a box plot is used to visualise the
distribution of the data. In the plot, the red line shows the
median of the dataset, and where the two whisker lines
limit the values where most of the dataset is located. The
circle marks above the upper whisker line are outlier data
values that have a large tortuosity value. Which reveals that
the data in the dataset is concentrated at a smaller value of
tortuosity. There is also a large number of outlier data
points that can potentially impact the quality of the data.
This clustering of data distribution is also reflected in the
model's predictions, which are most accurate when
predicting values within the small value range where the
data is most densely distributed.

From the results obtained, we can see the limitations of
using the CNN method in this study. Where the accuracy of
the model prediction will depend on the consistency of the
data set used. Where there is an out-of-range problem, it
will interfere with the performance of the model. Where
outlier data value is vastly different from the training data,
the model prediction will be inaccurate. Another limitation
is the difficulty to predict rocks using larger data sets, such
as three-dimensional rock data or higher resolution rock
images. due to the application's limited memory and
processing time. Moreover, only sandstone rocks are used
in this study. The results obtained by other types of rocks
have not yet been evaluated.

4, Conclusion

This research developed a machine learning model
using a CNN algorithm to estimate the physical parameters
of digital rock tortuosity. The CNN model was selected from
among several pre-trained model architectures, including
MobileNetV2, DenseNet201, InceptionV3, and Xception,
based on its performance. The results suggest that all four
models are quite accurate, with the Xception model being
the most accurate with the lowest RMSE value of 0.90962
and MAE and R2 values that are comparable to other
models. However, the model's predictions were found to be
most accurate for small tortuosity values, with decreasing
accuracy as tortuosity values increased. Further research is
needed to improve the performance and accuracy of the
model, including the inclusion of additional rock types other
than sandstone and a more balanced distribution of
tortuosity values in the dataset.
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