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ABSTRACT

Carbon capture and storage (CCS) is an important technology to combat climate change, since it
removes carbon dioxide emissions from major industrial sources, helping to reduce greenhouse
gas concentrations while the world transitions to cleaner energy systems. In the implementation of
CCS projects, petrophysical properties are crucial in determining the most suitable sites to store the
CO,. Therefore, this study applies machine learning techniques to forecast petrophysical properties
(density, porosity, and permeability) in the basalts of the Serra Geral Group of the Paran4 Basin,
located in the State of Santa Catarina, Brazil. By applying machine learning algorithms (XGBoost,
Gradient Boosting, and Random Forest) to 28 well log datasets, this research aims to overcome the
limitations of traditional empirical methods that often fail to capture the complex variabilities in basalt
formations and thereby determine the most suitable locations and sections for carbon storage. The
applied machine learning models demonstrated considerable improvements in predictive performance
compared to empirical methods from the literature, demonstrating the potential of machine learning
to enhance the feasibility and reliability of CCS in basaltic formations. Furthermore, the interpolation
of the well data indicated that the northern region of the Serra Geral Group in the State of Santa
Catarina exhibits optimal conditions for geological storage. From 600 to 900 m, the basalts present
suitable intervals ranging from 10 to 22 m thick, with density lows of almost 2.2 g/cm3, high peaks
of 16.9% porosity, and permeability of 45.7 uD. Overall, this study advances CCS technology by
applying machine learning to predict petrophysical properties in basalts with higher precision than
traditional empirical methods. This approach provides an effective framework for delineating suitable
storage and sealing sections, improving site selection, and cost-effective evaluation for CCS projects
in the Parana Basin.
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1 Introduction

Carbon capture and storage (CCS) is an important technology to combat climate change by capturing carbon dioxide
at the source, storing it underground, and preventing large amounts of CO, from reaching the atmosphere (IPCC et
al., 2018). Among the existing alternatives for geological storage, basalts stand out due to their unique chemical and
physical properties, presenting as a promising option for carbon storage due to their abundance and capacity for carbon
mineralization (Cartier, 2020; Snabjornsdéttir et al., 2020). These rocks are rich in calcium and magnesium, which
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react with carbon dioxide to create minerals that securely sequester CO, (Oelkers et al., 2008; Snebjornsdoéttir et al.,
2020).

Notable CCS projects have demonstrated the feasibility and potential of basalt formations for CO, storage. In
Iceland, the CarbFix project has successfully injected and mineralized CO, in basaltic rocks, transforming over 95%
of the captured CO, into stable minerals in less than two years (Matter et al., 2016; von Strandmann et al., 2019;
Sneebjornsdéttir et al., 2020). Similarly, the Wallula project in the Columbia River flood basalt (USA) has explored the
capacity of basalt formations in the State of Washington for long-term CO; storage, showing promising results in both
CO; injection and storage efficiency, with approximately 60% of the CO, sequestered via mineralization within two
years (McGrail et al., 2017; White et al., 2020). These projects exemplify the successful application of CCS in basalt
formations, providing insights and data that can be applied to other regions worldwide.

The basalts of the Serra Geral Group in Brazil constitute a significant and still unexplored potential for CO, storage.
This extensive basalt formation, part of the Parand Basin, erupted in the Early Cretaceous (Piccirillo & Melfi, 1988;
Renne et al., 1992) and offers a vast geological environment suitable for CCS. The region’s geological characteristics,
including its thickness, density, porosity, permeability, and mineral composition, make it a promising candidate for
CO; injection and mineralization (Nardy et al., 2008; Rossetti et al., 2019). Due to its volume, it may be considered
one of the largest magmatic provinces potentially favorable for carbon fixation on Earth. Laboratory experiments with
basalts from this region revealed facilitated, rapid carbonate precipitation beginning 72 hours post-injection, achieving
an estimated CO, storage of approximately 75% based on the availability of calcium, with carbonate precipitation
comprising aragonite (75.9%), dolomite (19.6%), and calcite (4.6%) (Ferreira et al., 2024). Exploring the CCS potential
of the Serra Geral basalts could significantly contribute to Brazil’s carbon reduction efforts and provide a model for
similar formations globally.

1.1 Machine learning applications across different lithologies

Machine learning (ML) algorithms have been successfully used in oil and gas exploration for predicting petrophysical
properties across various geological formations due to their ability to handle large datasets and complex relationships.
For instance, in sandstones and arenites reservoirs, Farouk et al. (2021) applied neural networks (NN) and least
squares support vector machines (LS-SVM) to estimate permeability from core sample data in Egypt. Consequently
thsese models performed exceptionally well compared to conventional methods, providing more accurate and reliable
permeability predictions. Expanding to sand shale formations, Manzoor et al. (2023) evaluated the efficacy and
reliability of LS-SVM, random forest regressor (RFR), extra tree regressor (ETR), gradient boosting regressor (GBR),
and decision tree classifier (DTC) in well log data in Pakistan. The high correlation results showed that the application
of algorithms provided a cost-effective and robust approach for modern formation evaluation with minimal uncertainty
and resource efficiency.

Carbonate reservoirs, characterized for their heterogeneous and intricate pore structures, have particularly benefited
from ML applications. Nguyen-Sy et al. (2021) demonstrated the effectiveness of the extreme gradient boosting
(XGB) algorithm for sonic velocity prediction using porosity and other petrophysical properties as input parameters,
significantly outperforming other machine learning algorithms such as artificial neural networks (ANN) and support
vector machines (SVM) with an R-squared of 0.96 and a root mean squared error of 3%. Similarly, Kalule et al. (2023)
further demonstrated the advantages of stacked ensemble machine learning methods for predicting porosity and absolute
permeability in carbonate rock samples, highlighting improvements in predictive accuracy and model generalizability.
Notwithstanding, Zhang et al. (2020) applied the long short-term memory neural network (LSTM) model to predict the
shear wave velocity in carbonates. The LSTM model presented an accuracy of 98.9%, whereas the traditional method
had only 73%.

Shale formations, characterized by their complex properties and anisotropic nature, have also seen substantial improve-
ments in petrophysical predictions through the application of machine learning. Bennani et al. (2025) estimated the
shale porosity of the Sichuan Basin in Western China by applying SVM, multilayer perceptron, and random forest in
different ranges of the data. In this case, the random forest model obtained the highest correlation and low root mean
squared error, demonstrating the model’s suitability for managing limited and complex datasets.

Despite the previous examples of machine learning applications for regression. ML in petrophysics is also applied
for different tasks, such as classification (lithofacies, faults, zones, etc.) and clustering. Even with the increase in
applications in different scenarios and tasks, the usage of machine learning algorithms in basaltic rocks is still very
incipient, relying on empirical models such as linear regression, polynomial fits, and theoretical equations.
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1.2 Basaltic formations and machine learning

Machine learning methods have been increasingly applied across various geological settings to model petrophysical
properties. However, their application in basaltic formations remains limited, in part due to the intrinsic complexity of
these rocks. Basalts are characterized by heterogeneous textures, including vesicular zones, fractured intervals, and
layered ow units with variable porosity and permeability. These features arise from dynamic emplacement processes
and post-emplacement alterations such as weathering and mineral in lling, making empirical modeling approaches
particularly challengingNavarro et al., 2020; Rossetti et al., 2019). Traditional methods, such as porosity-permeability
correlations based on sonic velocity or linear regression models, often fail to capture this complexity, resulting in
unreliable predictions when extrapolated to new geological con{Bxé&man, 2001b; Navarro et al., 2020; Rossetti et

al., 2019).

Understanding and accurately forecasting petrophysical properties (density, porosity, and permeability) is critical
for assessing the feasibility and safety of carbon diox{@@,] storage in basalt formatiorfMcGrail et al., 2011;
Zakharova et al., 2012). The variability in these properties across basalt ow units, and even within individual
ows, requires modeling strategies that can generalize beyond the original data distribution while preserving local
heterogeneities. Advanced ML techniques offer a powerful alternative to empirical approaches by learning complex,
nonlinear relationships and accommodating multivariate data structures.

In this context, the present study applies machine learning models to improve the prediction of key petrophysical
parameters in the Serra Geral Group basalts of the Parana Basin in southern Brazil. By leveraging core and well log
data, we aim to generate more accurate property maps to support the identi cation of fa@@aligection zones.

This methodological approach contributes to ongoing efforts to advance the understanding of carbon capture and storage
(CCS) potential in basaltic formations, offering a replicable framework for similar geological settings worldwide.

2 Material and Methods

2.1 Study area

Identifying regions and sections suitable for carbon capture and storage is crucial for mitigating climate change. This
study focuses on the basalts of the Serra Geral Group, located in the western portion of the State of Santa Catarina
(Figure 1). These basaltic rocks exhibit signi cant compositional variat{blasdy et al., 2008; Wildner et al., 2014)

and are situated near stationary sources that could bene t from carbon sfiedger et al., 2016). Additionally,

the area has a good coverage of wells with petrophysical(@MN&-SGB, 2023), making it an ideal candidate for
prospective research.
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Figure 1: Location map of the study area. The focus is on the basaltic rocks in the Serra Geral Group area at the Parana
Basin in the State of Santa Catarina.

However, due to the intrinsic heterogeneity and variability of petrophysical properties of basalts, empirical equations
used to predict the petrophysical properties of basalts have considerable limitations. They typically use a single property
as input and can be less exible than machine learning approaches. These equations may perform poorly with new,
unseen data, especially if it deviates from the assumed data distribution and comes from differen{Begiorem,

2001b).

In the following subsections, we describe the application of machine learning techniques to predict density, porosity,
and permeability in the study area's basaltic rocks.

2.2 Model Selection and Comparison

To identify the most suitable algorithms for predicting petrophysical properties in basalts, we tested ten machine learning
models using consistent evaluation metrics and cross-validation procedures. The comparative analysis included a
selection of common regression algorithms, chosen for their ability to handle various data complexities and relationships:
Linear Regression, Ridge Regression, Lasso Regression, Support Vector Regression (SVR), Decision Tree Regressor,
Random Forest Regressor, Gradient Boosting Regressor, XGBoost Regressor, Bagging Regressor, and Extra Trees
Regressor.

The evaluation framework employed a train-test split (80-20) and k-fold cross-validation to ensure robust performance
assessment. We used Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and coef cient of determination

(R?) as evaluation metrics. Each model underwent hyperparameter optimization, performing consistent cross-validation
folds to certify a fair comparison.

To assess the statistical signi cance of performance differences between models, we applied the Friedman test, a
non-parametric statistical test suitable for comparing multiple algorithms across multiple cross-validati¢Ddohdsr,
2006). When the Friedman test indicated signi cant differences (p < 0.05), we conducted the Nemenyi post-hoc test to
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perform pairwise comparisons between models. Models were then grouped based on their statistical similarity to the
best performer: models in Group A showed no statistically signi cant difference from the top-performing model (p

> 0.05), while models in Group B demonstrated signi cantly lower performance. This statistical grouping approach
allowed us to identify not only the single best performer but also other models that achieved comparable results,
providing a more robust basis for model selection.

For density prediction (Table 1), the Friedman test con rmed statistically signi cant differences among model perfor-
mances (? = 44.302, p < 0.001), followed by the Nemenyi post-hoc test for pairwise comparisons. XGBoost achieved
the highest accuracy with an RMSE of 0.052, MAE of 0.035, ahdff®.926, closely followed by Gradient Boosting

with an RMSE of 0.052, MAE of 0.036, anctRf 0.926. In contrast, traditional approaches such as Linear Regression
(R2=0.790) and Lasso Regressiort (R0.784) demonstrated considerably lower performance, thereby showing the
complexity of the density-property relationships in basalts.

Table 1: Performance comparison of machine learning models for density prediction.

Model RMSE MAE R?  Group
Lasso 0.089 0.067 0.784 B
LinearRegression 0.088 0.066 0.790 B
Ridge 0.088 0.066 0.790 B
ExtraTreeRegressor 0.070 0.047 0.868 A
SVR 0.064 0.042 0.887 A
DecisionTreeRegressor 0.063 0.040 0.893 A
RandomForestRegressor 0.061 0.041 0.899 A
BaggingRegressor 0.054 0.036 0.921 A
GradientBoostingRegressor  0.052 0.036 0.926 A
XGBRegressor 0.052 0.035 0.926 A

The porosity prediction models showed different relative performances (Table 2). The Friedman test indicated
statistically signi cant differences among models (= 20.487, p = 0.015), followed by the Nemenyi post-hoc test

for pairwise comparisons. Notably, all models were classi ed as Group A, indicating that no model was statistically
signi cantly different from the best performer when compared pairwise. This apparent inconsistency re ects the limited
statistical power of the pairwise comparisons with the relatively small dataset (n = 175 samples), while the Friedman
test detected signi cant differences between other model pairs in the overall ranking. Bagging Regressor demonstrated
the best metrics (RMSE = 0.163, MAE = 0.11%,-R0.822), however, we selected Gradient Boosting (RMSE = 0.167,
MAE = 0.120, R=0.813) for the nal porosity model because it belonged to the same statistical performance group
(Group A) as the top performer and exhibited superior learning curves with better generalization characteristics. SVR
and Linear Regression also displayed comparable effectiveness iwithues of 0.816 and 0.812, respectively. This
pattern suggests that porosity relationships may follow more linear trends compared to density.
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Table 2: Performance comparison of machine learning models for porosity prediction.

Model RMSE MAE R?  Group
ExtraTreeRegressor 0.210 0.150 0.704 A
DecisionTreeRegressor 0.204 0.145 0.721 A
XGBRegressor 0.180 0.141 0.782 A
Lasso 0.180 0.141 0.784 A
RandomForestRegressor 0.177 0.126 0.789 A
Ridge 0.168 0.123 0.811 A
LinearRegression 0.168 0.123 0.812 A
GradientBoostingRegressc 0.167 0.120 0.813 A
SVR 0.166 0.122 0.816 A
BaggingRegressor 0.163 0.119 0.822 A

For permeability prediction, Random Forest demonstrated the most robust raw performance among the tested algorithms
(Table 3). However, the Friedman test revealed no statistically signi cant differences among model performarces (
14.640, p = 0.101), indicating that multiple models achieved comparable predictive accuracy for this property. Due
to the inherent complexity and heterogeneity of permeability in basalts, the model achieved moderate but consistent
results with an RMSE of 0.386, MAE of 0.299, an8d 0.661. The performance metrics re ect the challenging nature

of permeability prediction in basaltic formations, where microscale features and fracture networks in uence uid ow
properties.

Table 3: Performance comparison of machine learning models for permeability prediction.

Model RMSE MAE R?
ExtraTreeRegressor 0.705 0.433 -0.134
DecisionTreeRegressor 0.623 0.390 0.117
Lasso 0.622 0.404 0.120
SVR 0.596 0.373 0.190
LinearRegression 0.552 0.432 0.305
Ridge 0.529 0.365 0.361
XGBRegressor 0.529 0.354 0.362
BaggingRegressor 0.449 0.353 0.541

GradientBoostingRegressor  0.446 0.337 0.548
RandomForestRegressor 0.386 0.299 0.661

The effectiveness of tree-based ensemble methods in this context stems from their capacity to capture complex patterns
in heterogeneous basalt formations. These algorithms can model non-linear relationships and feature interactions,
essential characteristics when dealing with geological data. The differing performance patterns in density, porosity, and
permeability predictions justi ed our approach of selecting speci c algorithms for each property instead of using a
one-size- ts-all solution.

2.3 Density model

Previous works applied p-wave velocity (Vp) to predict density, employing linear to second-degree equations (e.qg.
X. Chen et al. (2015); Rossetti et al. (2019); Vedanti et al. (2018)). In this work, we applied four variables as input in
an XGBoost model to predict density: sonic velocity (DT or Vp), gamma ray (GR), spontaneous potential (SP), and
induction log deep resistivity (ILD).

Sonic velocity is directly related to density in basalts, where higher velocities typically indicate higher densities due to
lower porosity. GR logs re ect natural radioactivity, and variations help identify altered basalt zones, with higher GR
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values corresponding to lower densf@ueiroz et al., 2024). SP shows limited response in igneous rocks, but altered or
mineralized areas may display higher SP readings, signaling density varigfistchinson et al., 2007). ILD readings

are higher in fresh basalts with greater density, while lower ILD values mark more porous, altered regions and low
density (Oliveira et al., 2022).

The XGBoost, or Extreme Gradient Boosting, is an advanced implementation of gradient boosting algorithms designed
for speed and performance. It constructs an ensemble of decision trees sequentially, where each subsequent tree is
built to correct the errors of the previous trees. This is achieved through an additive model, where new trees are
added to minimize a loss function. XGBoost incorporates regularization terms to prevent over tting and uses decision
tree pruning and parallel processing to enhance ef ciency. This makes it particularly well-suited for handling large
datasets with complex relationships and managing linear and nonlinear interactions among the inpu{fe@bers

& Guestrin, 2016).

To supply the model, we used freely available wireline log data, inherently co-located on a common depth reference,
from the REATE databag@NP-SGB, 2023). Data from 3 wells (14463 samples) containing the curves of DT, GR, SP,
ILD, and density (RHOB) were used (Figure 2). Subsequently, the model was applied to 25 additional wells in the
study area.

To ensure the reliability of our model, several preprocessing and validation steps were implemented (Figure 3). Outliers
were identi ed and treated to prevent skewed predictions. The dataset was split into training and testing sets, with 20%
of the data reserved for testing to evaluate model perform@heson, 2019). We applied scaling to stabilize variance

and make the data more Gaussian-like. Model validation was conducted using K-fold cross-validation (k=5) to ensure
the model generalizes well to unseen data (Anguita et al., 2009; James et al., 2023).

Hyperparameter tuning was performed using a randomized search over a parame{@eggidra & Bengio,

2012; Pedregosa et al., 2011), including 'n_estimators', 'learning_rate', 'subsample’, 'gamma’, 'max_depth’,
'min_child_weight', 'reg_alpha’, and reg_lambda’ to optimize model performance. These hyperparameters play
distinct roles in the model: n_estimators controls how many sequential trees are built, learning_rate adjusts each tree's
contribution to the prediction, subsample governs the fraction of data sampled for each boosting round, gamma speci es
the minimum loss reduction required for further partitioning, max_depth limits the complexity of individual trees, and
min_child_weight sets the minimum sum of weights in a child node. Additionally, reg_alpha and reg_lambda add L1
and L2 regularization for controlling over tting and promoting generalization.

Figure 2: Location map of the 28 wells where the machine learning models were applied to predict the petrophysical
properties of basalts and then used to create the interpolated maps. The wells in yellow were used to train-test the
density models. The yellow wells are the only ones in the area with density curves.
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2.4 Porosity model

Previous works used the relationship between Vp or density to predict porosity, employing linear to exponential
equations (e.g. Al-Harthi et al. (1999); X. Chen et al. (2015); Navarro et al. (2020); Rossetti et al. (2019); Vedanti et al.
(2018)). Based on tests with bagging and boosting models, we used the Gradient Boosting model to predict porosity
using Vp and density as inputs.

Gradient boosting is an ensemble learning technique that builds a model sequentially. It trains a series of weak learners,
such as decision trees, where each new tree corrects the errors of the previous ones. The process starts with an initial
prediction, and subsequent models are tted to the residuals of the previous predictions, gradually improving the overall
model performance. This results in a robust predictive model that captures complex patterns in {Reethtean,

2001; Geron, 2019; James et al., 2023).

The porosity model was supplied with data (175 samples) containing Vp, density, and porosity from Rossetti et al.
(2019), Goulart (2019), and Famelli (2020). The preprocessing and validation steps were similar to those applied
to the density model (Figure 3). Hyperparameter tuning was conducted using a randomized search (k=10) over a
de ned parameter grigBergstra & Bengio, 2012; Pedregosa et al., 2011), including 'n_estimators, 'learning_rate,’
'max_depth, 'min_samples_split, and 'min_samples_leaf.

These hyperparameters serve speci ¢ functions in the model: n_estimators de nes how many boosting stages are
performed, learning_rate moderates the step size for each stage, max_depth constrains the depth of the decision trees,
while min_samples_split and min_samples_leaf regulate the minimum number of samples required to split a node and
to be at a leaf node, respectively, helping balance bias and variance in the nal model. After hyperparameter tuning, the
optimized mode was applied to 28 wells in the study area.

2.5 Permeability model

For permeability, previous empirical equations explored exponential relationships between porosity and permeability to
predict data (e.g. Lamur et al. (2017); Mueller et al. (2005); Navarro et al. (2020); Yokoyama and Takeuchi (2009)).
Based on the tests, we used the Random Forest model to predict permeability, using Vp, density, and porosity, and a
feature was created using Vp multiplied by density squared as inputs.

Random Forest is an ensemble learning method that constructs multiple decision trees during training and outputs the
mean prediction of the individual trees. Each tree is built from a random subset of the training data using a bootstrap
aggregating or bagging technique. Additionally, random forests select random subsets of features at each split in the
decision tree. This randomization reduces the variance of the model, leading to better generalization of unseen data.
Aggregating multiple trees helps mitigate over tting and improves the model's robugBesiman, 2001a; Geron,

2019; James et al., 2023).

The permeability model was supplied with Vp, density, porosity, and permeability data (130 samples) from Rossetti
et al. (2019) and Famelli (2020). Further preprocessing and validation steps were applied, including cross-validation
(k=10), which provided a balanced assessment of the model's generalizability and performance stability across different
subsets of the data (Figure 3) (Geron, 2019; James et al., 2023).

Hyperparameter tuning was performed using a grid search strategy over a de ned paramd@ergstta & Ben-

gio, 2012; Pedregosa et al., 2011), including 'n_estimators, 'max_features,' 'max_depth, 'min_samples_split, and
'min_samples_leaf. In the Random Forest model, these hyperparameters control different aspects of the ensemble:
n_estimators indicates the number of trees built in the ensemble, max_features speci es how many features are consid-
ered at each split, max_depth restricts the maximum depth of the trees to prevent over tting, and both min_samples_split
and min_samples_leaf set the minimum number of samples needed to create splits or be at leaf nodes, thus controlling
the model's complexity and robustness. This systematic search allowed us to identify the optimal combination of
parameters, maximizing the model's predictive performance for permeability. Subsequently, the model was applied to
28 wells in the study area.
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