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Abstract: Carbon capture and storage (CCS) is a promising approach to simultaneously
maintaining energy security and reducing carbon dioxide (COz) emissions under the
current energy portfolio that is dominated by fossil fuel energy. Pre-injection formation

characterization and post-injection CO2 monitoring are two critical tasks to guarantee
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storage efficiency in CCS. The CCS projects in the Illinois Basin, the first large-scale
CO: injection into saline aquifers in the United States, employed conventional and the
latest pulsed neuron tools, the pulsed neuron eXtreme (PNX), for mineralogy
interpretation and CO; saturation estimation, which provide valuable references for
future CCS projects. Because of the inherent fuzziness of petrophysical measurements
and complex subsurface heterogeneity, interpreting well-logging data is time-
consuming, and its accuracy can be user-biased. In recent years, data-driven methods
have been widely used to capture the non-linear patterns between input features and
interpretation results. This work applied and evaluated four commonly used machine
learning (ML) models, including ridge regression (RR), random forest (RF), gradient
boosting regression (GBR), support vector regression (SVR), and one deep learning
(DL) model, the artificial neural network (ANN). We optimized the hyperparameters of
the four ML models and the DL model using the simulated annealing algorithm and the
grid search strategy, respectively. The input features of the mineralogy interpretation
models were eleven conventional well-logging curves, and the label data (i.e., ground
truth) were the porosity and volumetric fractions of six minerals, including quartz,
feldspar, dolomite, calcite, clay, and iron minerals. The results demonstrated that the
GBR and RF models were superior in predicting volumetric fractions of minerals and
porosity; label data with low coefficient of variation (CV) values tended to yield better
performance. For CO> saturation estimation, the RF is the best-performing model,
followed by SVR, ANN, GBR, and RR. Furthermore, we conducted feature importance

ranking using the permutation importance algorithm and found that the formation sigma
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and well pressure were the most important features. The study of CCS projects in the
Illinois Basin bridges the gap between the limited knowledge and understanding of
geological carbon storage and the increasing demand for reliable, cost-effective, and

sustainable energy solutions.

Keywords: Geological carbon storage, supervised machine learning, pulsed neutron

eXtreme tool, conventional well-logging tool, Illinois Basin

1. Introduction

Over the past century, the consumptions of fossil fuel energy, such as coal, oil, and
natural gas, have led to a significant increase in annual carbon dioxide (CO2) emissions
in the atmosphere. The global energy-related CO> emissions reached a new peak of 36.8
gigatonnes in 2022, according to the International Energy Agency (IEA, 2022; IEA,
2023). CO; is one of the major greenhouse gases (GHGs). The scientific consensus is
that the increasing GHG concentrations in the atmosphere have led to worldwide global
warming with climate changes resulting widespread public concerns about
environmental issues (Lynas et al., 2021). Despite the availability of renewable energy
sources such as solar, wind, and tidal power, it is not currently feasible to replace the
dominance of fossil fuels in our energy systems, given the existing technological levels
and industrial infrastructure (York & Bell, 2019; Holechek et al., 2022; Zastempowski,
2023). Therefore, to maintain and further reduce atmospheric CO; concentrations, it is

urgent to adopt carbon capture and storage (CCS) technologies, which involve the
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capture of CO» at the source, followed by dehydration, compression, transportation, and
sequestration (Boot-Handford et al., 2014). Carbon sequestration refers to the long-term
storage of CO; by physical or chemical processes (Guo et al., 2020; Ershadnia et al.,
2021), including geological storage (Juanes et al., 2006; Bachu, 2008), ocean storage
(Renforth & Henderson, 2017), and mineralization (Gaus, 2010). Among them,
geological storage is the most feasible approach because of the low cost, minimum
environmental influence, and potential economic benefits, such as enhanced oil and gas

production (Leung et al., 2014; Markewitz et al., 2012; Jia et al., 2019).

Geological storage is usually implemented in depleted oil and gas reservoirs, saline
aquifers, and unminable coal seams, which have adequate storage capacities and
impermeable sealing caprocks (Pires et al.,, 2011). Pre-injection formation
characterization and post-injection CO; plume monitoring are two important and
challenging tasks in CCS projects (Bauer et al., 2016; Dance et al., 2019) to guarantee
storage security, which can be augmented with petrophysical technologies, including
direct and indirect approaches. Laboratory core analyses such as X-ray diffraction
(XRD) and core-flooding experiments provide direct observation and precise property
characterization of formation samples (Clarkson et al., 2019; Li et al., 2020), which are
essential for validating petrophysical-measured properties. However, despite their
importance, these methods can be costly and often yield a limited number of data points,
thus not providing a broad enough picture of the formation (Lindberg et al., 2015). In
contrast, well-logging technologies provide comprehensive and spatially continuous

elaboration of the formation parameters along the drilling trajectory. The logging
4
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measurements related to the bulk properties, such as natural radioactivity, electrical
conductivity, acoustic conductivity, are influenced by the rock matrix, fluids in the pore
space, and their interactions (Corina et al., 2018). As a result, the logging data can be
used to infer the static formation properties, such as the porosity, permeability,
mineralogy, and fluid saturation. Time-lapse logging data provides insights into the
dynamic subsurface fluid flow behaviors. Furthermore, the log suites, which combine
different logging tools responding to the same properties, can make the interpretation
results more reliable. Conventional well-logging tools, including resistivity, gamma ray,
spontaneous potential, acoustic, have been widely used in open-hole wells (Zhang, 2011;
Lai et al., 2018). In addition, the pulsed neutron tools expand application scenarios,
thereby enabling fluid saturation estimation in cased wells (Rose et al., 2015). The
recent advent of the pulsed neutron eXtreme (PNX) tools further improves saturation
measurements in the presence of gas in the pore space by employing additional
properties that are highly sensitive to gas volume variations. Well-logging technologies
play significant roles in various applications, such as lithology identification (Ren et al.,
2019), hydrocarbon and hydrological exploration (Kamali et al., 2004; Tan et al., 2015),
ore deposit location (Houseman et al., 1989; Silversides et al., 2015), reservoir

evaluation (Yang & Aplin, 2010), and CO> monitoring (Baumann et al., 2014).

Well-logging data analysis and interpretation involve iterative inversions to unravel
the non-linear relationship between the logging measurements and subsurface in-situ
rock-fluid properties (Wang & Carr, 2012; Kim et al., 2020). Because of the intrinsic

fuzzy nature of the petrophysical response and the complex subsurface heterogeneity,
5
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the inversion process is usually time consuming and the accuracy is affected heavily by
prior knowledge of the target formations (Szab¢ et al., 2020). For instance, the constants
in the Archie’s law (Cai et al., 2017), an empirical equation for the bulk electrical
resistivity analysis, are pre-defined based on the formation lithology and vary with
multiple factors, such as rock properties, fluid nature, and user interpretation. Data-
driven models, such as machine learning (ML) and deep learning (DL) models, are
capable of capturing the complicated and indistinct patterns in large multivariate
datasets and making predictions for unseen datasets (Reichstein et al., 2019; Wang et
al., 2022; Wang et al., 2023). In recent years, well-logging data-driven models have
been successfully applied in various petrophysical problems, achieving excellent
performance in terms of efficiency and accuracy (Sebtosheikh et al., 2015; Ao et al.,
2019). Wang et al. (2012) employed multiclass neural networks to predict shale
lithologies and organic-matter richness based on core analysis and conventional and
neutron spectroscopy (PNS) logs across the Appalachian Basin. Kim et al. (2020)
proposed a deep neural network to predict mineral compositions from integrated XRD
results and conventional logs. Elkatatny et al. (2018) developed an artificial neural
network (ANN) model to estimate the permeability of a heterogeneous reservoir from
resistivity, bulk density, and neutron porosity logs. Miah et al. (2020) employed a multi-
layer perception (MLP) model and kernel function-based least-squares support vector

machine techniques for water saturation predictions from the log data.

The Illinois Basin - Decatur Project (IBDP) was a large-scale pilot geological

carbon storage project that targeted a deep saline aquifer for CO: injection. Another
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project, the Industrial CCS (ICCS), has also been implemented in the same site and is
currently actively injecting into the same formation. Rigorous and extensive
geophysical measurements were acquired for both projects, such as well-logging
techniques, high-fidelity induced seismicity monitoring, and reservoir numerical
simulation, for pre-injection formation characterization and post-injection CO-
monitoring. These measurements provide valuable datasets for future CCS projects.
This paper applied five commonly used supervised ML and DL models, including the
ridge regression (RR) (Hoerl & Kennard, 1970), gradient boosting regression (GBR)
(Friedman, 2001), random forest (RF) (Breiman, 2001), support vector regression (SVR)
(Cortes & Vapnik, 1995; Scholkopf et al., 2000; Smola & Schélkopf, 2004), and ANN
(Schmidhuber, 2015), to analyze conventional logging data and PNX logging data for
formation mineralogy interpretation and CO» saturation estimation, respectively. We
optimized the hyperparameters of the four ML models and the DL model using the
simulated annealing (SA) algorithm (Kirkpatrick et al., 1983; Suman & Kumar, 2006)
and the grid search strategy, respectively, to achieve the best performance with respect
to the evaluation metrics of the root mean square error (RMSE) and coefficient of
determination (i.e., R? score). In addition, we ranked the importance of the input
features for the CO: saturation estimation in the optimized models using the
permutation importance algorithm (Fisher et al., 2018), which aims to find the most

influential features.

As global recognition of the pressing need to reduce carbon emissions grows, the

development and deployment of geological carbon storage projects are critical to
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achieving this goal. The systematic analysis of well-logging data from the Illinois Basin
provides novel insights into CCS and addresses a key knowledge gap in this field. The
development of well-trained data-driven models enhances the interpretation of logging
data and facilitates the efficient and reliable estimation of mineralogy, porosity, and
CO; saturation. The results presented in this study demonstrate the promising
application of ML and DL approaches in interpreting logging data from carbon storage
sites, paving the way for more effective and efficient characterization, monitoring, and

management in CCS projects.

2. Methodology

Figure 1 illustrates the dataset and methodology overview of this work. Particularly,
Section 2.1 provides an introduction to the study site, the Illinois Basin, and the dataset
obtained from the two CCS projects. The dataset includes both conventional and PNX
well-logging data. Section 2.2 presents an overview of the five supervised ML and DL
models that were used in this study, including the RR, RF, GBR, SVR, and ANN.
Section 2.3 provides details of the model training process, including the evaluation
metrics, the SA algorithm for hyperparameter optimization, and the permutation
importance algorithm for input feature importance ranking of the CO; estimation

models.
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Figure 1. Dataset and Methodology overview.

2.1 Study site and dataset

The Illinois Basin is located in the central United States and covers an area of
approximately 60,000 mile? across most of Illinois, southwest Indiana, and western
Kentucky (Finley et al., 2014). The Mt. Simon Sandstone of the Illinois Basin is a saline
aquifer that is present throughout the basin with thickness ranging from approximately
120 to 600 meters (400 to 2000 ft). This aquifer is ideal for CO> storage with adequate
capacity and injectivity and is overlain by the impermeable Eau Claire Formation as a
caprock. The IBDP and ICCS are two integrated bioenergy carbon capture and
geological storage projects permanently storing CO> from ethanol production. Each

project has one injection well (IBDP: CCSI1, and ICCS: CCS2) and one deep
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monitoring well (IBDP: VW1, and ICCS: VW2). The CO; injection of IBDP occurred
from November 2011 through November 2014, with a total injection amount of one
million tonnes of supercritical CO;. The perforation locations were in one of the highest
permeability and porosity lithological units of the Lower Mt. Simon section, with a
depth from 2129 to 2138 m (6985 to 7015 ft). The ICCS was designed to inject one
million tonnes of supercritical CO; annually, with injection commencing in April 2017;
the perforation depths were from 2035 to 2054 m (6675 to 6740 ft). Numerous thin (a
few meters thick) mudstone baftles with very low permeability are present within the
Mt.Simon, which appear to be ubiquitous but discontinuous. One of these baffles is
present at a depth of 2092 m (6863 ft) with a porosity of 0.015 and vertical permeability
less than 0.01 mD, which is between the injection intervals of the IBDP and ICCS. This
baffle and others in the reservoir are interpreted to have inhibited vertical flow and to
have significantly limited the interactions between these two injections (Williams-

Stroud et al., 2020).

The dataset consists of the conventional and PNX well-logging data, which are for
pre-injection mineralogy interpretation and post-injection CO; saturation estimation,
respectively. The conventional well-loggings were collected from CCS1, CCS2, and
VW2, including 11,700 data points. The latest-generation pulsed neutron tool, PNX,
was time-lapse logged on CCS1 and VW1 between July 2014 and March 2019,
including 1600 data points. Figure 2 illustrates the conventional well-logging curves
of CCS1, and Figure 3 shows the boxplot of the interpreted volumetric fractions of 11

minerals and formation porosity (PHIT). The input features include 11 conventional
10
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logging curves representing the caliper (HCAL), the high-resolution laterolog array for
formation resistivity in four modes (HRLA2, HRLA3, HRLA4, and HRLAS), bulk
density (RHOZ), high-resolution thermal neural porosity (HTNP), photoelectric
absorption properties (PEFZ), total radioactivity (GAMMA), shear wave delay time
(DTSM), and compressional wave delay time (DTCO). The data was obtained in an
interval of 0.5 ft from about 5100 to 7200 ft, covering most Eau Claire formations (i.e.,
the caprock) and the entire Mt. Simon formation (i.e., the storage formation).
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Figure 2. Conventional well-logging curves of CCS1 with the strata.
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Figure 3. Boxplot of volumetric fractions of minerals and porosity in CCS1. The red
line in the box represents the median values of different minerals and porosity. Two
ends of the box indicate the 25th (Q1) and 75th (Q3) percentile, and the box length (i.e.,
Q3-Ql) is the interquartile range (IQR). The whiskers indicate values ranging from

0.35th to 99.65th percentile. The data out of whiskers are outliers.

Quartz is the dominant mineral within the conventional log data of CCS1 with an
average volume fraction of 66.3%. K-feldspar is the second with an average volume
fraction of 10.4%. N-feldspar, kaolinite, illite, dolomite, and calcite are the next in the
abundance with an average volume fraction of about 1% to 5%, followed by siderite,
pyrite, hematite, and chlorite with fractions less than 0.2%. The noticeable differences

in formation porosity and mineral abundance, especially the quartz, K-feldspar, calcite,
12
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and dolomite, indicate the significant lithological variations in the Eau Claire Formation
and Mt. Simon Sandstone. Figure 4 shows the lithological classifications based on the
mineral compositions using the ternary diagram (Glaser et al., 2013). The results
indicated that the Eau Claire Formation consists primarily of fine-grained sandstone,
siltstone, and minor dolomite with low porosity, which is about 0.072. The primary
lithology in the Mt Simon Sandstone is coarse-grained and poorly sorted sandstone.
Particularly, the average porosity of the injection target formation of the IBDP and
ICCS, Lower Mt. Simon, is about 0.187, with a thickness of 600 ft. The minor minerals
with similar properties are combined. The final label data includes porosity and
volumetric fractions of quartz, feldspar (i.e., N-feldspar and K-feldspar), dolomite,
calcite, total clay (i.e., kaolinite, illite, and chlorite), and iron minerals (i.e., siderite,

pyrite, and hematite).
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Figure 4. Lithological classification based on mineral compositions. The marker’s

color represents the porosity value.
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The measurements of PNX well-loggings include the PNX sigma (GR), fast
neutron cross-section (FNXS), gas ratio (GRAT), PNX sigma borehole corrected
(SIBH), formation sigma (SIGM), PNX thermal neutron porosity hydrogen index
(TPHI_LIME), well pressure (WPRE), and well temperature (WTEP). The PNX
logging depth is from 6895 through 7045 ft with an interval of 0.5 ft. Particularly, the
FNXS and GRAT, which are based on the gamma rays resulting from inelastic neutron
interactions, are highly sensitive to CO; or other gases. Figure S illustrates the PNX
curves and the interpreted CO; saturation of CCS1 at different logging times. The CO»
saturation in July 2014 and October 2016 were similar, higher than the values in May
2018 and March 2019 because of the migration and dissolution dynamics of the injected
CO; plume. Correspondingly, the WPRE, WTEP, FNXS, GRAT, and SIGM had the
most significant change at different logging times, followed by other PNX
measurements. Figure 6 demonstrates the correlation matrix between the input features
and CO; saturation, computed using the Pearson correlation coefficients of the log data.
Among all the input features, the SIBH and GRAT, with a correlation coefficient of -
0.71, and WPRE and WTEP, with a correlation coefficient of 0.72, showed strong
interdependence. In addition, it was observed that the label data of CO; saturation had
no strong dependency on all the input features, thereby indicating the needs of using

ML and DL models to explore the hidden correlations between data.
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2.2 Machine learning algorithms
2.2.1 Ridge regression

The RR (Hoerl & Kennard, 1970) is a modified form of linear regression that introduces
an L2 penalty term to the least square loss function. The purpose of this additional term
is to constrain the magnitude of the regression coefficients, which can help reduce the
impact of multicollinearity and improve the stability and accuracy of the model (Duzan

& Shariff, 2015). The model and the loss function can be written as:

y=xW + W, (1)

m n
L= (i-y*+a ) W @
i=1 j=1

where x € R™" represents the input feature matrix; y € R™ and Y € R™ are the
predicted and true label data values, respectively; W € R™ and W, denote the vector
of linear regression coefficients and the intercept, respectively.; a is the regularization
parameter, which controls the trade-off between the magnitude of the coefficients and
model generalization to prevent model overfitting. A larger value of @ means greater
shrinkage of the coefficients and results in a simpler and more stable model. In practice,

the optimal a value is searched in the range between 0 and 10.

2.2.2 Random forest regression

The RF (Ho, 1995; Breiman, 2001) is an ensemble learning method that combines
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multiple decision trees to construct a robust and accurate model for regression problems.
Figure 7 shows a diagram of the RF. The algorithm randomly selects a subset of the
training data and a subset of the input features to build each decision tree, which helps
reduce overfitting and improve generalization performance (Liaw & Wiener, 2002).
The final prediction is obtained by averaging the predictions of all decision trees. The
RF can handle high-dimensional data with complex interactions between features and
non-linear relationships between input features and output variables; it is also less
sensitive to missing data and outliers. In this study, we focused on two critical
hyperparameters of the RF model: the number of decision trees in the forest and the
number of features considered for the optimal split at each node. To determine the
optimal values for these hyperparameters, we searched within specified ranges; the
former was explored within the range of [10, 200], whereas the latter was investigated

within the range between two and the maximum input feature number.

Input data x;

>N g
\ ““. . ;/
‘ b ‘ O é ‘ ‘ b E Terminal nodes
Decision tree 1 Dééigi-on tree n
} |
Prediction y} . Prediction yj'

Averaging: |

Final prediction y;

Figure 7. Random forest diagram for regression. Each decision tree produces a

prediction at the terminal node that the input data belongs to, shown in the paths of the
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green nodes and arrows. The terminal nodes are the last layer of decision trees shown

in the dashed box.

2.2.3 Gradient boosting regression

The GBR (Friedman, 2001) builds an ensemble of weak prediction models (i.e.,
decision trees) and iteratively adds trees to the model in a forward step-wise manner.
Each tree aims to improve the performance of the previous tree by fitting the residuals
(Bentéjac et al., 2021), which are the differences between the predicted and true label

data values:

Jt
Y =y @) + v ) ye8(xRye) 3)
jt=1

where y! is the updated prediction of model at iteration t, and yt~!

is the previous
prediction at iteration t — 1, v is the learning rate; R;; denotes the j-th terminal node
in the #-th decision tree (i.e., iteration); J; is the total number of terminal nodes (i.e.,
leaves) in the #-th decision tree; §(x, Rj;) is equal to one if the given x falls in the

terminal node Rj;, and zero otherwise; yj; is the optimal value that minimizes the loss

function on each terminal node, written as:

yje =argmin > L%,y 0e) +7) )
Y

xl-eRjt
where x; is the input that belongs to R, and L is the loss function.

At each iteration, the algorithm calculates the negative gradient of the loss function
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(e.g., RMSE) with respect to the current prediction. A weak model is then fitted to the
negative gradient and included in the ensemble. The process is repeated until the loss
function is minimized or a pre-specified stopping criterion is met. The key
hyperparameters for the GBR model include the number of weak models (i.e., decision
trees) to be included in the ensemble, which is searched within the range of [10, 200],
and the learning rate, which controls the contribution of each weak model to the final

prediction and is explored within the range of [0, 1].

2.2.4 Support vector regression

The SVR (Cortes & Vapnik, 1995) predicts continuous output values by constructing
hyper-planes in the higher-dimensional space based on a subset of the training data (i.e.,
support vectors), which aims to control the deviation of the predicted value from the
true value within a certain margin (Scholkopf et al., 2000; Smola & Scholkopf, 2004).
To achieve this, the SVR uses a cost function that penalizes deviations from the true
value and a regularization term that controls the complexity of the model. The cost
function is based on the concept of e-insensitive loss, where errors below a certain

threshold (i.e., €) are ignored:

N| =

L =

n m
DWEHC) e )
j=1 i=1

_ (0 if lYi—yl<e
Cel = {IYL- —vyil—¢  otherwise (6)

where y; is the predicted label value obtained using the linear hyperplanes, of which
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the orientation and slope are determined by the weight vector, ¥; Y;is the true label
value; ¢ is the maximum allowable error around the hyperplane, and eg; is the e-
intensitive loss, which penalizes errors greater than the value of the ¢; C determines the

trade-off between the model complexity and generalization.

In the case where the hyper-planes are non-linear, kernel functions are used to
implicitly transform the input data into a higher-dimensional feature space, where the
relationship between the input and output variables may become linear (Bagheripour et
al., 2015). This effectively expands the feature space, making it possible to generate
linear hyperplanes that can better capture the relationship between the input and output
variables. The kernel functions calculate the similarity between pairs of input data
points in the original feature space and represent this similarity as a dot product in the

higher-dimensional feature space:
K(x, %) = o(x)To(x;) (7)

where ¢(x) is the projection of x in the transformed feature space. The
hyperparameters of SVR are the kernel type, including linear, polynomial, radial basis
function (RBF), and sigmoid, the regularization parameter C, and the & parameter that
specifies the margin of the tolerance around the regression hyperplanes. The optimal
value of C is searched within the range of [0.1, 10], and the optimal value of ¢ 1is

investigated within the range of [0.001, 0.1].

2.2.5 Artificial neural network
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The MLP is one of the ANNs used for regression, which consists of layers (i.e., input,
output, hidden) of interconnected nodes (i.e., neurons) performing non-linear
transformation from input to output data (Schmidhuber, 2015). Figure 8 shows the

model architecture of a MLP network with two hidden layers.

Input layer Hidden layer Hidden layer QOutput layer
I H, H, 0
@ O
Q @)
5 Q e
o 3 O =0
O O = HO
O ~{o
O HO . Bias
O] O] —>  Weights

~l 4+ wyyOR1 + Bias

-TTTTT 77

|
1
|
D o
|
|
1
1
1

Figure 8. Model architecture of the MLP with two hidden layers. The dashed box

provides the computation details at a hidden layer neuron.

Each node receives input from the previous layer and applied a linear combination
of the input values, followed by a non-linear activation function that aims to capture
potential nonlinear relations between input and output data. The output of the neuron is
then passed to the next layer of neurons as input and the final layer of neurons produces

the output of the model. The operation at each node can be written as:
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j=1
where O is the output of the node i at the layer 4; oy, is the activation function at the

layer 4, which is the rectified linear unit (ReLU) in this study; w?j_l is the weight
between node 7 at layer 4 and the node j at the previous layer; b'~? is the bias term,

and N"~1 is the node number of layer A-1.

The MLP employs back-propagation (Rumelhart et al., 1986) with gradient descent
to reduce the loss function (e.g., RMSE), which calculates the local gradient on the loss
function surface and then updates the weight values along the maximum gradient
direction with the learning rate. The back-propagation iteration includes a forward
process for label data prediction and loss function calculation and a backward process
for weight updating, which will be implemented repeatedly until the maximum iteration

epoch or the pre-defined error tolerance is reached.

2.3 Model training and evaluation metrics

Prior to commencing the model training, input data underwent normalization by
subtracting the mean value of each feature and scaling the values to achieve unit
variance. The datasets, composed of normalized conventional and PNX well-logging
data along with corresponding interpretation results (i.e., volumetric fractions of
minerals, porosity, and CO» saturation), were divided into training and testing datasets

at a ratio of 0.8 to 0.2. The ML (i.e., RR, RF, GBR, SVR) and DL (i.e., ANN) models
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were then trained using the training dataset to identify patterns and relationships
between the input and label data. The models' performance was evaluated using the
testing dataset, which remained unseen during the training process. The evaluation

metrics employed in this study were the RMSE and R? scores:

m
1
RMSE = ;Z(Yi —y)? 9)
i=1
R2 -1— :il(yl - yi)z (10)
m (Y, - 1)?

where m is the number of data points; Y; and y; are the true and predicted label values,

respectively; Y is the average value of Y;.

The hyperparameters of the DL model were the number of hidden layers and
number of neurons within each hidden layer. The number of hidden layers was
examined within the range of 2-4, whereas the number of neurons per hidden layer was
explored within the set of {50, 100, 150, 200}. A grid search strategy was employed to
systematically evaluate various combinations of these values to identify the
configuration that achieves the optimal performance. The training epoch and learning
rate for the DL model were 200 and 0.001, respectively. The training and testing of the
DL model (i.e., MLP) were implemented using Keras (Chollet et al., 2015; Abadi et al.,

2016) with the TensorFlow backend on an NVIDIA Tesla T4 GPU.

The ML models (i.e., RR, RF, GBR, SVR) were trained and tested using the Scikit-

learn package (Pedregosa et al., 2011). The hyperparameters of the four ML models
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were optimized using a stochastic search optimization algorithm, SA (Kirkpatrick et al.,
1983), which aimed to efficiently search the hyperparameter space and identify the best
model configurations that yield superior performance in label data value prediction.
The algorithm starts with an initial solution and then iteratively perturbs it to explore
the search space. In each iteration, the perturbed solution is accepted if the objective
function (e.g., RMSE) is improved, indicating a decrease in the loss function. If the
perturbed solution results in a worse objective function value, it may still be accepted
with a certain probability, which decreases as the difference between the current optimal
and perturbed solutions increases. Additionally, the acceptance probability is governed
by the temperature, which gradually decreases over time according to a predefined
cooling schedule:

P(AE) = et (11)

where P is the acceptance probability if AE > 0, which means the perturbed solution
causes higher energy (i.e., loss function) than current optimal solution; ¢ is the
temperature, which is reduced by the cooling parameter (i.e., t¥ = atV~1) after each
iteration. The initial temperature is set at 100 and the cooling parameter, «, is set at
0.99. The stopping criteria are met when either the difference in the RMSE between

two iterations is less than 10 or the maximum iteration number of 1000 is reached.

The feature importance ranking of the trained models for CO; saturation estimation
was implemented using the permutation importance algorithm (Fisher et al., 2018),

which calculates the change in the evaluation metrics (i.e., MSE or RMSE) output after
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permuting the feature j in the input data D:
K
1 K
FI; = MSE(Y,F(D)) — Ez MSE (Y, F(D] )) (12)
k=1

where FI; is the feature importance (FI) value of feature j; Y is the true label value; F
is the trained model; K is the repetition number, which is 50 in this work; D is the
original input data, and Djk is the input data with permutated feature j at the repetition

k.

3. Results
3.1 Mineralogy interpretation

The goal of this study was to develop and evaluate various ML and DL models (i.e.,
RR, RF, GBR, SVR, and ANN) using features from 11 conventional well-logging inputs
to predict seven label values, including the volumetric fractions of six minerals and the
porosity, as shown in Table 1. For each ML algorithm (i.e., RR, RF, GBR, and SVR),
we optimized and trained seven models to predict the seven individual data values.
Table 1 presents the optimized hyperparameters for the various ML models.
Additionally, a post-processing normalization step was applied to ensure that the sum
of the seven predicted label values was equal to one. For the DL algorithm, because the
single-output MLP models performed poorly with all possible hyperparameter
combinations, one multi-output MLP model was optimized and trained. The loss

function is the RMSE, and an additional constraint that the sum of all predicted label
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values was equal to one was added. The best hyperparameters were two hidden layers,

each of which contained 150 neutrons. All the models were trained using 9400 data

points, each containing the 11 input features and the seven label values.

Table 1. Optimized hyperparameters of the ML models. The column u indicates the

average label value and o indicates the standard deviation of the entire dataset. The

coefficient of variation (CV) is the ratio of standard deviation to mean, representing the

relative dispersion of data with respect to the mean. a is the regularization parameter

inRR; n, and n; represent the number of estimators and features in RF, respectively;

N, and v indicate the number of weak models and learning rate in GBR, respectively;

C and & mean the regularization parameter and maximum tolerance in SVR,

respectively. The values in the parentheses represent the gamma value of the RBF

kernel function.

RR RF GBR SVR
u o Ccv
a Nng Ny | Ny v C € Kernel
Quartz 0.702 0.168 0.239 | 0.033 | 150 7 | 98 0.205 | 4.75 0.017 RBF(0.39)
Feldspar | 0.097 0.084 0.866 | 0.032 | 140 9 | 98 0.255| 7.76 0.020 RBF(0.28)
Dolomite | 0.027 0.083 3.704 | 0.019 | 93 9 | 99 0.246 | 15.95 0.019 RBF(0.31)
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Calcite

Clay

Iron

minerals

Porosity

0.017

0.028

0.006

0.121

0.048

0.027

0.011

0.055

2.824

0.964

1.833

0.455

0.010

0.010

0.014

0.010

75

157

51

149

10

100

97

100

103

0.218

0.221

0.295

0.225

2.40

1.31

2.93

8.16

0.003

0.002

0.003

0.003

RBF(0.95)

RBF(1.04)

RBF(0.26)

RBF(0.14)

The model performance based on the RMSE and R? score was tested on 2300 data

points. Table 2 presents the RMSE and R? scores of the ML and DL models in

mineralogy interpretation. The overall evaluation metrics, including the RMSE and R?

score, were calculated as the sum of each individual evaluation metric, weighted by the

corresponding average label value. Figure 9 displays the boxplot of the R? score of

mineral and porosity predictions using the various models.
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484  Table 2. Performance of model testing in mineralogy interpretation. The best

485  performances are shown in bold.

RR RF GBR SVR ANN

RMSE R? | RMSE R? | RMSE R? RMSE R?> |[RMSE R?

Quartz 0.063 0.862 | 0.028 0.973 | 0.028 0972 | 0.030 0.967 | 0.036 0.955

Feldspar 0.029 0.879 | 0.014 0971 | 0.015 0967 | 0.018 0.953 | 0.020 0.944

Dolomite 0.049 0.648 | 0.022 0.927 | 0.022 0.932 | 0.026 0.899 | 0.028 0.885

Calcite 0.033 0.538 | 0.017 0.883 | 0.017 0.878 | 0.020 0.832| 0.023 0.773

Clay 0.020 0.437 | 0.009 0.894 | 0.005 0.964 | 0.006 0952 | 0.008 0.815

Iron
0.006 0.721 | 0.003 0.939 | 0.003 0.940 | 0.003 0.913 | 0.006 0.699

minerals

Porosity 0.015 0.923 | 0.008 0.977 | 0.008 0.980 | 0.008 0978 | 0.011 0.960

Overall 0.051 0.846 | 0.023 0.968 | 0.023 0.969 | 0.025 0.962 | 0.030 0.944

486
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Figure 9 Boxplot of the R? score of mineral and porosity predictions.

The GBR and RF consistently outperformed the other three ML and DL models
(i.e., RR, SVR, and ANN). Both the GBR and RF are ensemble learning methods that
aggregate the predictions of multiple base learners, which helps reduce overfitting and
improve generalization. The GBR, in particular, employs a gradient boosting algorithm
that builds an ensemble of weak learners (i.e., decision trees) by iteratively optimizing
a differentiable loss function and learning from residuals. This process allows GBR to
be more adaptable and robust in various situations, leading to its lower sensitivity to
hyperparameters within the conventional well-logging dataset. The boxplot analysis
revealed that the labels with low CV values (porosity, quartz, and feldspar) generally
had better prediction performance across different models. This observation can be
attributed to the fact that low CV values indicate a lower degree of data dispersion,
meaning that the data points are more closely clustered around the mean. When data is
more homogeneously distributed, the underlying patterns and relationships are easier

to capture for models, resulting in more accurate predictions. Conversely, labels with
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higher CV values (clay, iron minerals, dolomite, and calcite) posed relatively greater
challenges in the prediction due to the larger dispersion of data points, which introduces
more complexity and variability, thereby making it more difficult for models to identify
and capture the underlying patterns. By using the highest-prediction-accuracy model
for each label (RF for quartz, feldspar, and calcite; GBR for the remaining labels), the
overall performance reached an R? score of 0.970 and an RMSE of 0.023, further
improving prediction accuracy. Figure 10 presents a scatter plot to illustrate the true
and model-predicted label values from the best-performing models, which
demonstrates the effectiveness of the ensemble of label-specific models in capturing

the relationships between input features and label values.
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Figure 10. Scatter plots of mineralogy interpretation results of the best-performing

models. The red lines are the references where true values are equal to predicted values.

3.2 CO: saturation estimation

We trained the various ML models (i.e., RR, RF, GBR, and SVR) and the DL model
(i.e., MLP with two hidden layers and 150 neutrons each layer) using the PNX well-
logging data, which included 1300 data points having eight input features and one label
value (i.e., CO; saturation). The trained models were then tested on 330 data points.
Table 3 shows the optimized hyperparameters for the models, whereas Table 4

illustrates the performance of model testing based on the RMSE and R? scores.
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Table 3. Optimized hyperparameters of CO» saturation estimation models. The values

in the brackets represent the gamma value of the RBF kernel function.

RR RF GBR SVR
u o cv
a N, ng | ne v C Kernel
0.137 0.162 1.182 | 0.033 | 198 4 | 105 0.234 | 858 0.015 RBF(1.04)

Table 4. Performance of model testing in CO: saturation estimation. The best

performances are shown in bold.

RR RF GBR SVR ANN
RMSE R? RMSE R? RMSE R? RMSE R? RMSE R?
0.101 0.640 0.040 0.942 0.050 0.910 0.041 0.940 0.048 0.920

Among the five ML and DL models, the RF exhibited the best performance in

predicting the CO; saturation, achieving the highest R? score of 0.942. The ensemble

nature of the RF model contributed to its robust performance by aggregating predictions

from multiple decision trees. The SVR ranked the second with an R? score of 0.940,
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followed by the ANN and GBR. The RR had the lowest R? score of 0.640. The high R?
scores for the RF and SVR demonstrate their effectiveness in capturing complex non-
linear relationships and interactions between the PNX well-logging data features and
CO; saturation. Figure 11 illustrates a scatter plot to compare the true and model-

predicted label values.
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Figure 11. Scatter plot of CO» estimation results from the a) RF, and b) SVR models.

The red lines are the references where true values are equal to predicted values.

Feature importance analysis was performed on the RF and SVR models using the
permuted importance algorithm. Figure 12 shows the FI values of the RF and SVR
models. FI values measure the increase in model prediction error after feature values
are permuted, thereby disrupting the relationships between input and label data. A large
FI value indicates that the shuffled feature is more critical to model performance. The
difference in feature importance rankings revealed the disparity in how each model

captures the relationships between input features and CO, saturation. In the RF model,
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the most important feature was SIGM, followed by FNXS, GRAT, and WPRE, which
exhibited much lower feature importance. In contrast, the feature importance values in
the SVR model were generally larger and more evenly distributed than those in the RF
model, with WPRE and SIGM being the most important features. Despite the
differences in feature importance, both the RF and SVR models identified SIGM and
WPRE as significant contributors to the prediction of CO» saturation. This similarity
suggests that these features can provide valuable information for predicting CO>

saturation in the PNX well-logging dataset.
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Figure 12. Feature importance analysis for the a) RF, and b) SVR models.

4. Conclusion

Carbon capture and storage (CCS) is a viable solution to mitigating continuous CO»
buildup in the atmosphere and maintaining energy security under current technological
and economical conditions. The geological carbon storage projects in the Illinois Basin

represent the first large-scale CO: injection in saline aquifers in the United States. In
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these projects, conventional well-logging was applied to evaluate the target formation
and the latest-generation pulsed neutron tool, PNX, was used to monitor the injected
COs. Subsurface saline aquifers are ideal storage sites due to their adequate capacity at
the global scale and relatively high injectivity. Therefore, the study on CCS in the
Illinois Basin will fill the knowledge gap in geological carbon storage and provide

valuable datasets for future CCS projects.

In this work, we developed and evaluated data-driven models based on five
commonly used ML and DL algorithms, namely the RR, RF, GBR, SVR, and ANN, for
formation mineralogy interpretation, based on 11 conventional well-logging input
features, and CO; saturation estimation, based on eight PNX well-logging input
features. The optimized hyperparameters were obtained using the SA algorithm for ML
models and the grid search strategy for the DL model. For mineralogy interpretation,
we trained seven single-output models for each ML algorithm and one multi-output
model for the DL algorithm to predict the volumetric fractions of six minerals and the
porosity. The optimized hyperparameters for most ML models vary significantly with
different labels, therefore highlighting the importance of optimizing individual models
for each label. Two ensemble learning methods, the GBR and RF, demonstrated
superior performance by achieving overall R? scores of 0.969 and 0.968, respectively.
Particularly, the GBR model showed relatively less sensitivity to hyperparameters for
the specific dataset used in this work. Additionally, label data with low CV values,
which included the porosity and volume fractions of quartz and feldspar, were more

likely to yield better performance across all models due to the low degree of label data
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dispersion. The overall performance was further improved by strategically combining
the best-performing models for each label, with the RF for quartz, feldspar, and calcite,
and the GBR for the remaining labels. For CO; saturation estimation, the RF and SVR
models exhibited the best performance, achieving R? scores of 0.942 and 0.940,
respectively. The results of the feature importance analysis, conducted using the
permutation importance algorithm, identified SIGM and WPRE as the most critical

input features for CO» saturation estimation.

The ML and DL models capture the complex and non-linear relationships between
input features and interpretation results (i.e., model predictions), thereby overcoming
the limitations in time-consuming iteration methods and user-biased empirical models.
The well-trained ML and DL models are efficient and reliable tools for well-logging
data analysis and interpretation, which can be widely used in mineralogy interpretation
for pre-injection formation evaluation and CO> saturation estimation for post-injection

CO;z monitoring in CCS projects.
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