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current energy portfolio that is dominated by fossil fuel energy. Pre-injection formation 18 

characterization and post-injection CO2 monitoring are two critical tasks to guarantee 19 
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storage efficiency in CCS. The CCS projects in the Illinois Basin, the first large-scale 20 

CO2 injection into saline aquifers in the United States, employed conventional and the 21 

latest pulsed neuron tools, the pulsed neuron eXtreme (PNX), for mineralogy 22 

interpretation and CO2 saturation estimation, which provide valuable references for 23 

future CCS projects. Because of the inherent fuzziness of petrophysical measurements 24 

and complex subsurface heterogeneity, interpreting well-logging data is time-25 

consuming, and its accuracy can be user-biased. In recent years, data-driven methods 26 

have been widely used to capture the non-linear patterns between input features and 27 

interpretation results. This work applied and evaluated four commonly used machine 28 

learning (ML) models, including ridge regression (RR), random forest (RF), gradient 29 

boosting regression (GBR), support vector regression (SVR), and one deep learning 30 

(DL) model, the artificial neural network (ANN). We optimized the hyperparameters of 31 

the four ML models and the DL model using the simulated annealing algorithm and the 32 

grid search strategy, respectively. The input features of the mineralogy interpretation 33 

models were eleven conventional well-logging curves, and the label data (i.e., ground 34 

truth) were the porosity and volumetric fractions of six minerals, including quartz, 35 

feldspar, dolomite, calcite, clay, and iron minerals. The results demonstrated that the 36 

GBR and RF models were superior in predicting volumetric fractions of minerals and 37 

porosity; label data with low coefficient of variation (CV) values tended to yield better 38 

performance. For CO2 saturation estimation, the RF is the best-performing model, 39 

followed by SVR, ANN, GBR, and RR. Furthermore, we conducted feature importance 40 

ranking using the permutation importance algorithm and found that the formation sigma 41 
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and well pressure were the most important features. The study of CCS projects in the 42 

Illinois Basin bridges the gap between the limited knowledge and understanding of 43 

geological carbon storage and the increasing demand for reliable, cost-effective, and 44 

sustainable energy solutions. 45 

Keywords: Geological carbon storage, supervised machine learning, pulsed neutron 46 

eXtreme tool, conventional well-logging tool, Illinois Basin 47 

 48 

1. Introduction 49 

Over the past century, the consumptions of fossil fuel energy, such as coal, oil, and 50 

natural gas, have led to a significant increase in annual carbon dioxide (CO2) emissions 51 

in the atmosphere. The global energy-related CO2 emissions reached a new peak of 36.8 52 

gigatonnes in 2022, according to the International Energy Agency (IEA, 2022; IEA, 53 

2023). CO2 is one of the major greenhouse gases (GHGs). The scientific consensus is 54 

that the increasing GHG concentrations in the atmosphere have led to worldwide global 55 

warming with climate changes resulting widespread public concerns about 56 

environmental issues (Lynas et al., 2021). Despite the availability of renewable energy 57 

sources such as solar, wind, and tidal power, it is not currently feasible to replace the 58 

dominance of fossil fuels in our energy systems, given the existing technological levels 59 

and industrial infrastructure (York & Bell, 2019; Holechek et al., 2022; Zastempowski, 60 

2023). Therefore, to maintain and further reduce atmospheric CO2 concentrations, it is 61 

urgent to adopt carbon capture and storage (CCS) technologies, which involve the 62 
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capture of CO2 at the source, followed by dehydration, compression, transportation, and 63 

sequestration (Boot-Handford et al., 2014). Carbon sequestration refers to the long-term 64 

storage of CO2 by physical or chemical processes (Guo et al., 2020; Ershadnia et al., 65 

2021), including geological storage (Juanes et al., 2006; Bachu, 2008), ocean storage 66 

(Renforth & Henderson, 2017), and mineralization (Gaus, 2010). Among them, 67 

geological storage is the most feasible approach because of the low cost, minimum 68 

environmental influence, and potential economic benefits, such as enhanced oil and gas 69 

production (Leung et al., 2014; Markewitz et al., 2012; Jia et al., 2019).  70 

 Geological storage is usually implemented in depleted oil and gas reservoirs, saline 71 

aquifers, and unminable coal seams, which have adequate storage capacities and 72 

impermeable sealing caprocks (Pires et al., 2011). Pre-injection formation 73 

characterization and post-injection CO2 plume monitoring are two important and 74 

challenging tasks in CCS projects (Bauer et al., 2016; Dance et al., 2019) to guarantee 75 

storage security, which can be augmented with petrophysical technologies, including 76 

direct and indirect approaches. Laboratory core analyses such as X-ray diffraction 77 

(XRD) and core-flooding experiments provide direct observation and precise property 78 

characterization of formation samples (Clarkson et al., 2019; Li et al., 2020), which are 79 

essential for validating petrophysical-measured properties. However, despite their 80 

importance, these methods can be costly and often yield a limited number of data points, 81 

thus not providing a broad enough picture of the formation (Lindberg et al., 2015). In 82 

contrast, well-logging technologies provide comprehensive and spatially continuous 83 

elaboration of the formation parameters along the drilling trajectory. The logging 84 
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measurements related to the bulk properties, such as natural radioactivity, electrical 85 

conductivity, acoustic conductivity, are influenced by the rock matrix, fluids in the pore 86 

space, and their interactions (Corina et al., 2018). As a result, the logging data can be 87 

used to infer the static formation properties, such as the porosity, permeability, 88 

mineralogy, and fluid saturation. Time-lapse logging data provides insights into the 89 

dynamic subsurface fluid flow behaviors. Furthermore, the log suites, which combine 90 

different logging tools responding to the same properties, can make the interpretation 91 

results more reliable. Conventional well-logging tools, including resistivity, gamma ray, 92 

spontaneous potential, acoustic, have been widely used in open-hole wells (Zhang, 2011; 93 

Lai et al., 2018). In addition, the pulsed neutron tools expand application scenarios, 94 

thereby enabling fluid saturation estimation in cased wells (Rose et al., 2015). The 95 

recent advent of the pulsed neutron eXtreme (PNX) tools further improves saturation 96 

measurements in the presence of gas in the pore space by employing additional 97 

properties that are highly sensitive to gas volume variations. Well-logging technologies 98 

play significant roles in various applications, such as lithology identification (Ren et al., 99 

2019), hydrocarbon and hydrological exploration (Kamali et al., 2004; Tan et al., 2015), 100 

ore deposit location (Houseman et al., 1989; Silversides et al., 2015), reservoir 101 

evaluation (Yang & Aplin, 2010), and CO2 monitoring (Baumann et al., 2014).  102 

 Well-logging data analysis and interpretation involve iterative inversions to unravel 103 

the non-linear relationship between the logging measurements and subsurface in-situ 104 

rock-fluid properties (Wang & Carr, 2012; Kim et al., 2020). Because of the intrinsic 105 

fuzzy nature of the petrophysical response and the complex subsurface heterogeneity, 106 
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the inversion process is usually time consuming and the accuracy is affected heavily by 107 

prior knowledge of the target formations (Szabó et al., 2020). For instance, the constants 108 

in the Archie’s law (Cai et al., 2017), an empirical equation for the bulk electrical 109 

resistivity analysis, are pre-defined based on the formation lithology and vary with 110 

multiple factors, such as rock properties, fluid nature, and user interpretation. Data-111 

driven models, such as machine learning (ML) and deep learning (DL) models, are 112 

capable of capturing the complicated and indistinct patterns in large multivariate 113 

datasets and making predictions for unseen datasets (Reichstein et al., 2019; Wang et 114 

al., 2022; Wang et al., 2023). In recent years, well-logging data-driven models have 115 

been successfully applied in various petrophysical problems, achieving excellent 116 

performance in terms of efficiency and accuracy (Sebtosheikh et al., 2015; Ao et al., 117 

2019). Wang et al. (2012) employed multiclass neural networks to predict shale 118 

lithologies and organic-matter richness based on core analysis and conventional and 119 

neutron spectroscopy (PNS) logs across the Appalachian Basin. Kim et al. (2020) 120 

proposed a deep neural network to predict mineral compositions from integrated XRD 121 

results and conventional logs. Elkatatny et al. (2018) developed an artificial neural 122 

network (ANN) model to estimate the permeability of a heterogeneous reservoir from 123 

resistivity, bulk density, and neutron porosity logs. Miah et al. (2020) employed a multi-124 

layer perception (MLP) model and kernel function-based least-squares support vector 125 

machine techniques for water saturation predictions from the log data.  126 

The Illinois Basin - Decatur Project (IBDP) was a large-scale pilot geological 127 

carbon storage project that targeted a deep saline aquifer for CO2 injection. Another 128 
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project, the Industrial CCS (ICCS), has also been implemented in the same site and is 129 

currently actively injecting into the same formation. Rigorous and extensive 130 

geophysical measurements were acquired for both projects, such as well-logging 131 

techniques, high-fidelity induced seismicity monitoring, and reservoir numerical 132 

simulation, for pre-injection formation characterization and post-injection CO2 133 

monitoring. These measurements provide valuable datasets for future CCS projects. 134 

This paper applied five commonly used supervised ML and DL models, including the 135 

ridge regression (RR) (Hoerl & Kennard, 1970), gradient boosting regression (GBR) 136 

(Friedman, 2001), random forest (RF) (Breiman, 2001), support vector regression (SVR) 137 

(Cortes & Vapnik, 1995; Schölkopf et al., 2000; Smola & Schölkopf, 2004), and ANN 138 

(Schmidhuber, 2015), to analyze conventional logging data and PNX logging data for 139 

formation mineralogy interpretation and CO2 saturation estimation, respectively. We 140 

optimized the hyperparameters of the four ML models and the DL model using the 141 

simulated annealing (SA) algorithm (Kirkpatrick et al., 1983; Suman & Kumar, 2006) 142 

and the grid search strategy, respectively, to achieve the best performance with respect 143 

to the evaluation metrics of the root mean square error (RMSE) and coefficient of 144 

determination (i.e., R2 score). In addition, we ranked the importance of the input 145 

features for the CO2 saturation estimation in the optimized models using the 146 

permutation importance algorithm (Fisher et al., 2018), which aims to find the most 147 

influential features.  148 

As global recognition of the pressing need to reduce carbon emissions grows, the 149 

development and deployment of geological carbon storage projects are critical to 150 
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achieving this goal. The systematic analysis of well-logging data from the Illinois Basin 151 

provides novel insights into CCS and addresses a key knowledge gap in this field. The 152 

development of well-trained data-driven models enhances the interpretation of logging 153 

data and facilitates the efficient and reliable estimation of mineralogy, porosity, and 154 

CO2 saturation. The results presented in this study demonstrate the promising 155 

application of ML and DL approaches in interpreting logging data from carbon storage 156 

sites, paving the way for more effective and efficient characterization, monitoring, and 157 

management in CCS projects.  158 

 159 

2. Methodology 160 

Figure 1 illustrates the dataset and methodology overview of this work. Particularly, 161 

Section 2.1 provides an introduction to the study site, the Illinois Basin, and the dataset 162 

obtained from the two CCS projects. The dataset includes both conventional and PNX 163 

well-logging data. Section 2.2 presents an overview of the five supervised ML and DL 164 

models that were used in this study, including the RR, RF, GBR, SVR, and ANN. 165 

Section 2.3 provides details of the model training process, including the evaluation 166 

metrics, the SA algorithm for hyperparameter optimization, and the permutation 167 

importance algorithm for input feature importance ranking of the CO2 estimation 168 

models.  169 
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 170 

Figure 1. Dataset and Methodology overview.  171 

 172 

2.1 Study site and dataset 173 

The Illinois Basin is located in the central United States and covers an area of 174 

approximately 60,000 mile2 across most of Illinois, southwest Indiana, and western 175 

Kentucky (Finley et al., 2014). The Mt. Simon Sandstone of the Illinois Basin is a saline 176 

aquifer that is present throughout the basin with thickness ranging from approximately 177 

120 to 600 meters (400 to 2000 ft). This aquifer is ideal for CO2 storage with adequate 178 

capacity and injectivity and is overlain by the impermeable Eau Claire Formation as a 179 

caprock. The IBDP and ICCS are two integrated bioenergy carbon capture and 180 

geological storage projects permanently storing CO2 from ethanol production. Each 181 

project has one injection well (IBDP: CCS1, and ICCS: CCS2) and one deep 182 
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monitoring well (IBDP: VW1, and ICCS: VW2). The CO2 injection of IBDP occurred 183 

from November 2011 through November 2014, with a total injection amount of one 184 

million tonnes of supercritical CO2. The perforation locations were in one of the highest 185 

permeability and porosity lithological units of the Lower Mt. Simon section, with a 186 

depth from 2129 to 2138 m (6985 to 7015 ft). The ICCS was designed to inject one 187 

million tonnes of supercritical CO2 annually, with injection commencing in April 2017; 188 

the perforation depths were from 2035 to 2054 m (6675 to 6740 ft). Numerous thin (a 189 

few meters thick) mudstone baffles with very low permeability are present within the 190 

Mt.Simon, which appear to be ubiquitous but discontinuous. One of these baffles is 191 

present at a depth of 2092 m (6863 ft) with a porosity of 0.015 and vertical permeability 192 

less than 0.01 mD, which is between the injection intervals of the IBDP and ICCS. This 193 

baffle and others in the reservoir are interpreted to have inhibited vertical flow and to 194 

have significantly limited the interactions between these two injections (Williams‐195 

Stroud et al., 2020). 196 

The dataset consists of the conventional and PNX well-logging data, which are for 197 

pre-injection mineralogy interpretation and post-injection CO2 saturation estimation, 198 

respectively. The conventional well-loggings were collected from CCS1, CCS2, and 199 

VW2, including 11,700 data points. The latest-generation pulsed neutron tool, PNX, 200 

was time-lapse logged on CCS1 and VW1 between July 2014 and March 2019, 201 

including 1600 data points. Figure 2 illustrates the conventional well-logging curves 202 

of CCS1, and Figure 3 shows the boxplot of the interpreted volumetric fractions of 11 203 

minerals and formation porosity (PHIT). The input features include 11 conventional 204 
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logging curves representing the caliper (HCAL), the high-resolution laterolog array for 205 

formation resistivity in four modes (HRLA2, HRLA3, HRLA4, and HRLA5), bulk 206 

density (RHOZ), high-resolution thermal neural porosity (HTNP), photoelectric 207 

absorption properties (PEFZ), total radioactivity (GAMMA), shear wave delay time 208 

(DTSM), and compressional wave delay time (DTCO). The data was obtained in an 209 

interval of 0.5 ft from about 5100 to 7200 ft, covering most Eau Claire formations (i.e., 210 

the caprock) and the entire Mt. Simon formation (i.e., the storage formation). 211 

 212 

Figure 2. Conventional well-logging curves of CCS1 with the strata. 213 

 214 
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 215 

Figure 3. Boxplot of volumetric fractions of minerals and porosity in CCS1. The red 216 

line in the box represents the median values of different minerals and porosity. Two 217 

ends of the box indicate the 25th (Q1) and 75th (Q3) percentile, and the box length (i.e., 218 

Q3-Q1) is the interquartile range (IQR). The whiskers indicate values ranging from 219 

0.35th to 99.65th percentile. The data out of whiskers are outliers.  220 

 221 

Quartz is the dominant mineral within the conventional log data of CCS1 with an 222 

average volume fraction of 66.3%. K-feldspar is the second with an average volume 223 

fraction of 10.4%. N-feldspar, kaolinite, illite, dolomite, and calcite are the next in the 224 

abundance with an average volume fraction of about 1% to 5%, followed by siderite, 225 

pyrite, hematite, and chlorite with fractions less than 0.2%. The noticeable differences 226 

in formation porosity and mineral abundance, especially the quartz, K-feldspar, calcite, 227 
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and dolomite, indicate the significant lithological variations in the Eau Claire Formation 228 

and Mt. Simon Sandstone. Figure 4 shows the lithological classifications based on the 229 

mineral compositions using the ternary diagram (Glaser et al., 2013). The results 230 

indicated that the Eau Claire Formation consists primarily of fine-grained sandstone, 231 

siltstone, and minor dolomite with low porosity, which is about 0.072. The primary 232 

lithology in the Mt Simon Sandstone is coarse-grained and poorly sorted sandstone. 233 

Particularly, the average porosity of the injection target formation of the IBDP and 234 

ICCS, Lower Mt. Simon, is about 0.187, with a thickness of 600 ft. The minor minerals 235 

with similar properties are combined. The final label data includes porosity and 236 

volumetric fractions of quartz, feldspar (i.e., N-feldspar and K-feldspar), dolomite, 237 

calcite, total clay (i.e., kaolinite, illite, and chlorite), and iron minerals (i.e., siderite, 238 

pyrite, and hematite).  239 

 240 

Figure 4. Lithological classification based on mineral compositions. The marker’s 241 

color represents the porosity value. 242 

 243 
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The measurements of PNX well-loggings include the PNX sigma (GR), fast 244 

neutron cross-section (FNXS), gas ratio (GRAT), PNX sigma borehole corrected 245 

(SIBH), formation sigma (SIGM), PNX thermal neutron porosity hydrogen index 246 

(TPHI_LIME), well pressure (WPRE), and well temperature (WTEP). The PNX 247 

logging depth is from 6895 through 7045 ft with an interval of 0.5 ft. Particularly, the 248 

FNXS and GRAT, which are based on the gamma rays resulting from inelastic neutron 249 

interactions, are highly sensitive to CO2 or other gases. Figure 5 illustrates the PNX 250 

curves and the interpreted CO2 saturation of CCS1 at different logging times. The CO2 251 

saturation in July 2014 and October 2016 were similar, higher than the values in May 252 

2018 and March 2019 because of the migration and dissolution dynamics of the injected 253 

CO2 plume. Correspondingly, the WPRE, WTEP, FNXS, GRAT, and SIGM had the 254 

most significant change at different logging times, followed by other PNX 255 

measurements. Figure 6 demonstrates the correlation matrix between the input features 256 

and CO2 saturation, computed using the Pearson correlation coefficients of the log data. 257 

Among all the input features, the SIBH and GRAT, with a correlation coefficient of -258 

0.71, and WPRE and WTEP, with a correlation coefficient of 0.72, showed strong 259 

interdependence. In addition, it was observed that the label data of CO2 saturation had 260 

no strong dependency on all the input features, thereby indicating the needs of using 261 

ML and DL models to explore the hidden correlations between data.  262 
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 263 

Figure 5. PNX well-logging measurement and CO2 saturation curves of CCS1. The 264 

line’s color represents the logging time.  265 

 266 

 267 

Figure 6. Correlation matrix of the PNX well-logging data.  268 

 269 
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2.2 Machine learning algorithms 270 

2.2.1 Ridge regression 271 

The RR (Hoerl & Kennard, 1970) is a modified form of linear regression that introduces 272 

an L2 penalty term to the least square loss function. The purpose of this additional term 273 

is to constrain the magnitude of the regression coefficients, which can help reduce the 274 

impact of multicollinearity and improve the stability and accuracy of the model (Duzan 275 

& Shariff, 2015). The model and the loss function can be written as:  276 

𝑦 = 𝑥𝑊 + 𝑊0 (1) 277 

𝐿 = ∑(𝑌𝑖 − 𝑦𝑖)2 + 𝛼 ∑ 𝑊𝑗
2

𝑛

𝑗=1

𝑚

𝑖=1

(2) 278 

where 𝑥 ∈ 𝑅𝑚×𝑛 represents the input feature matrix; 𝑦 ∈ 𝑅𝑚 and 𝑌 ∈ 𝑅𝑚 are the 279 

predicted and true label data values, respectively; 𝑊 ∈ 𝑅𝑛 and 𝑊0 denote the vector 280 

of linear regression coefficients and the intercept, respectively.; 𝛼 is the regularization 281 

parameter, which controls the trade-off between the magnitude of the coefficients and 282 

model generalization to prevent model overfitting. A larger value of 𝛼 means greater 283 

shrinkage of the coefficients and results in a simpler and more stable model. In practice, 284 

the optimal 𝛼 value is searched in the range between 0 and 10.  285 

 286 

2.2.2 Random forest regression 287 

The RF (Ho, 1995; Breiman, 2001) is an ensemble learning method that combines 288 
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multiple decision trees to construct a robust and accurate model for regression problems. 289 

Figure 7 shows a diagram of the RF. The algorithm randomly selects a subset of the 290 

training data and a subset of the input features to build each decision tree, which helps 291 

reduce overfitting and improve generalization performance (Liaw & Wiener, 2002). 292 

The final prediction is obtained by averaging the predictions of all decision trees. The 293 

RF can handle high-dimensional data with complex interactions between features and 294 

non-linear relationships between input features and output variables; it is also less 295 

sensitive to missing data and outliers. In this study, we focused on two critical 296 

hyperparameters of the RF model: the number of decision trees in the forest and the 297 

number of features considered for the optimal split at each node. To determine the 298 

optimal values for these hyperparameters, we searched within specified ranges; the 299 

former was explored within the range of [10, 200], whereas the latter was investigated 300 

within the range between two and the maximum input feature number.  301 

 302 

Figure 7. Random forest diagram for regression. Each decision tree produces a 303 

prediction at the terminal node that the input data belongs to, shown in the paths of the 304 
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green nodes and arrows. The terminal nodes are the last layer of decision trees shown 305 

in the dashed box.  306 

 307 

2.2.3 Gradient boosting regression 308 

The GBR (Friedman, 2001) builds an ensemble of weak prediction models (i.e., 309 

decision trees) and iteratively adds trees to the model in a forward step-wise manner. 310 

Each tree aims to improve the performance of the previous tree by fitting the residuals 311 

(Bentéjac et al., 2021), which are the differences between the predicted and true label 312 

data values:  313 

𝑦𝑡(𝑥) = 𝑦𝑡−1(𝑥) + 𝑣 ∑ 𝛾𝑗𝑡𝛿(𝑥, 𝑅𝑗𝑡)

𝐽𝑡

𝑗𝑡=1

(3) 314 

where 𝑦𝑡 is the updated prediction of model at iteration 𝑡, and 𝑦𝑡−1 is the previous 315 

prediction at iteration 𝑡 − 1; 𝑣 is the learning rate; 𝑅𝑗𝑡 denotes the j-th terminal node 316 

in the t-th decision tree (i.e., iteration); 𝐽𝑡 is the total number of terminal nodes (i.e., 317 

leaves) in the t-th decision tree; 𝛿(x, 𝑅𝑗𝑡) is equal to one if the given x falls in the 318 

terminal node 𝑅𝑗𝑡, and zero otherwise; 𝛾𝑗𝑡 is the optimal value that minimizes the loss 319 

function on each terminal node, written as:  320 

𝛾𝑗𝑡 = argmin
𝛾

∑ 𝐿(𝑌𝑖, 𝑦𝑡−1(𝑥𝑖) + 𝛾)

𝑥𝑖𝜖𝑅𝑗𝑡

(4)
 321 

where 𝑥𝑖 is the input that belongs to 𝑅𝑗𝑚, and L is the loss function.  322 

At each iteration, the algorithm calculates the negative gradient of the loss function 323 
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(e.g., RMSE) with respect to the current prediction. A weak model is then fitted to the 324 

negative gradient and included in the ensemble. The process is repeated until the loss 325 

function is minimized or a pre-specified stopping criterion is met. The key 326 

hyperparameters for the GBR model include the number of weak models (i.e., decision 327 

trees) to be included in the ensemble, which is searched within the range of [10, 200], 328 

and the learning rate, which controls the contribution of each weak model to the final 329 

prediction and is explored within the range of [0, 1].  330 

 331 

2.2.4 Support vector regression 332 

The SVR (Cortes & Vapnik, 1995) predicts continuous output values by constructing 333 

hyper-planes in the higher-dimensional space based on a subset of the training data (i.e., 334 

support vectors), which aims to control the deviation of the predicted value from the 335 

true value within a certain margin (Schölkopf et al., 2000; Smola & Schölkopf, 2004). 336 

To achieve this, the SVR uses a cost function that penalizes deviations from the true 337 

value and a regularization term that controls the complexity of the model. The cost 338 

function is based on the concept of ε-insensitive loss, where errors below a certain 339 

threshold (i.e., ε) are ignored:  340 

𝐿 =
1

2
∑ 𝑊𝑗

2

𝑛

𝑗=1

+ 𝐶 ∑ 𝑒𝜀𝑖

𝑚

𝑖=1

(5) 341 

𝑒𝜀𝑖 = {
0    𝑖𝑓   |𝑌𝑖 − 𝑦𝑖| ≤ 𝜀
|𝑌𝑖 − 𝑦𝑖| − 𝜀 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(6) 342 

where 𝑦𝑖 is the predicted label value obtained using the linear hyperplanes, of which 343 
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the orientation and slope are determined by the weight vector, W; Yi is the true label 344 

value; 𝜀  is the maximum allowable error around the hyperplane, and 𝑒𝜀𝑖  is the 𝜀 -345 

intensitive loss, which penalizes errors greater than the value of the ε; C determines the 346 

trade-off between the model complexity and generalization.  347 

In the case where the hyper-planes are non-linear, kernel functions are used to 348 

implicitly transform the input data into a higher-dimensional feature space, where the 349 

relationship between the input and output variables may become linear (Bagheripour et 350 

al., 2015). This effectively expands the feature space, making it possible to generate 351 

linear hyperplanes that can better capture the relationship between the input and output 352 

variables. The kernel functions calculate the similarity between pairs of input data 353 

points in the original feature space and represent this similarity as a dot product in the 354 

higher-dimensional feature space:  355 

𝐾(𝑥𝑖 , 𝑥𝑗) = 𝜑(𝑥𝑖)
𝑇𝜑(𝑥𝑗) (7) 356 

where 𝜑(𝑥)  is the projection of x in the transformed feature space. The 357 

hyperparameters of SVR are the kernel type, including linear, polynomial, radial basis 358 

function (RBF), and sigmoid, the regularization parameter C, and the 𝜀 parameter that 359 

specifies the margin of the tolerance around the regression hyperplanes. The optimal 360 

value of C is searched within the range of [0.1, 10], and the optimal value of 𝜀  is 361 

investigated within the range of [0.001, 0.1].  362 

 363 

2.2.5 Artificial neural network 364 
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The MLP is one of the ANNs used for regression, which consists of layers (i.e., input, 365 

output, hidden) of interconnected nodes (i.e., neurons) performing non-linear 366 

transformation from input to output data (Schmidhuber, 2015). Figure 8 shows the 367 

model architecture of a MLP network with two hidden layers.  368 

 369 

Figure 8. Model architecture of the MLP with two hidden layers. The dashed box 370 

provides the computation details at a hidden layer neuron.  371 

 372 

Each node receives input from the previous layer and applied a linear combination 373 

of the input values, followed by a non-linear activation function that aims to capture 374 

potential nonlinear relations between input and output data. The output of the neuron is 375 

then passed to the next layer of neurons as input and the final layer of neurons produces 376 

the output of the model. The operation at each node can be written as:  377 
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𝑂𝑖
ℎ = 𝜎ℎ ( ∑ 𝜔𝑖𝑗

ℎ−1𝑂𝑗
ℎ−1 + 𝑏𝑖

ℎ−1

𝑁ℎ−1

𝑗=1

) (8) 378 

where 𝑂𝑖
ℎ is the output of the node i at the layer h; 𝜎ℎ is the activation function at the 379 

layer h, which is the rectified linear unit (ReLU) in this study; 𝜔𝑖𝑗
ℎ−1 is the weight 380 

between node i at layer h and the node j at the previous layer; 𝑏𝑖
ℎ−1 is the bias term, 381 

and 𝑁ℎ−1 is the node number of layer h-1.  382 

The MLP employs back-propagation (Rumelhart et al., 1986) with gradient descent 383 

to reduce the loss function (e.g., RMSE), which calculates the local gradient on the loss 384 

function surface and then updates the weight values along the maximum gradient 385 

direction with the learning rate. The back-propagation iteration includes a forward 386 

process for label data prediction and loss function calculation and a backward process 387 

for weight updating, which will be implemented repeatedly until the maximum iteration 388 

epoch or the pre-defined error tolerance is reached.  389 

 390 

2.3 Model training and evaluation metrics 391 

Prior to commencing the model training, input data underwent normalization by 392 

subtracting the mean value of each feature and scaling the values to achieve unit 393 

variance. The datasets, composed of normalized conventional and PNX well-logging 394 

data along with corresponding interpretation results (i.e., volumetric fractions of 395 

minerals, porosity, and CO2 saturation), were divided into training and testing datasets 396 

at a ratio of 0.8 to 0.2. The ML (i.e., RR, RF, GBR, SVR) and DL (i.e., ANN) models 397 
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were then trained using the training dataset to identify patterns and relationships 398 

between the input and label data. The models' performance was evaluated using the 399 

testing dataset, which remained unseen during the training process. The evaluation 400 

metrics employed in this study were the RMSE and R2 scores: 401 

𝑅𝑀𝑆𝐸 = √
1

𝑚
∑(𝑌𝑖 − 𝑦𝑖)2

𝑚

𝑖=1

(9) 402 

𝑅2 = 1 −
∑ (𝑌𝑖 − 𝑦𝑖)

2𝑚
𝑖=1

∑ (𝑌𝑖 − 𝑌̅)2𝑚
𝑖=1

(10) 403 

where m is the number of data points; 𝑌𝑖 and 𝑦𝑖 are the true and predicted label values, 404 

respectively; 𝑌̅ is the average value of 𝑌𝑖. 405 

The hyperparameters of the DL model were the number of hidden layers and 406 

number of neurons within each hidden layer. The number of hidden layers was 407 

examined within the range of 2-4, whereas the number of neurons per hidden layer was 408 

explored within the set of {50, 100, 150, 200}. A grid search strategy was employed to 409 

systematically evaluate various combinations of these values to identify the 410 

configuration that achieves the optimal performance. The training epoch and learning 411 

rate for the DL model were 200 and 0.001, respectively. The training and testing of the 412 

DL model (i.e., MLP) were implemented using Keras (Chollet et al., 2015; Abadi et al., 413 

2016) with the TensorFlow backend on an NVIDIA Tesla T4 GPU.  414 

The ML models (i.e., RR, RF, GBR, SVR) were trained and tested using the Scikit-415 

learn package (Pedregosa et al., 2011). The hyperparameters of the four ML models 416 
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were optimized using a stochastic search optimization algorithm, SA (Kirkpatrick et al., 417 

1983), which aimed to efficiently search the hyperparameter space and identify the best 418 

model configurations that yield superior performance in label data value prediction. 419 

The algorithm starts with an initial solution and then iteratively perturbs it to explore 420 

the search space. In each iteration, the perturbed solution is accepted if the objective 421 

function (e.g., RMSE) is improved, indicating a decrease in the loss function. If the 422 

perturbed solution results in a worse objective function value, it may still be accepted 423 

with a certain probability, which decreases as the difference between the current optimal 424 

and perturbed solutions increases. Additionally, the acceptance probability is governed 425 

by the temperature, which gradually decreases over time according to a predefined 426 

cooling schedule:  427 

𝑃(∆𝐸) = 𝑒−
∆𝐸
𝑡 (11) 428 

where P is the acceptance probability if ∆𝐸 > 0, which means the perturbed solution 429 

causes higher energy (i.e., loss function) than current optimal solution; t is the 430 

temperature, which is reduced by the cooling parameter (i.e., 𝑡𝑁 = 𝛼𝑡𝑁−1) after each 431 

iteration. The initial temperature is set at 100 and the cooling parameter, 𝛼, is set at 432 

0.99. The stopping criteria are met when either the difference in the RMSE between 433 

two iterations is less than 10-4 or the maximum iteration number of 1000 is reached.  434 

The feature importance ranking of the trained models for CO2 saturation estimation 435 

was implemented using the permutation importance algorithm (Fisher et al., 2018), 436 

which calculates the change in the evaluation metrics (i.e., MSE or RMSE) output after 437 
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permuting the feature j in the input data D:  438 

𝐹𝐼𝑗 = 𝑀𝑆𝐸(𝑌, 𝐹(𝐷)) −
1

𝐾
∑ 𝑀𝑆𝐸 (𝑌, 𝐹(𝐷𝑗

𝑘))

𝐾

𝑘=1

(12) 439 

where 𝐹𝐼𝑗 is the feature importance (FI) value of feature j; Y is the true label value; F 440 

is the trained model; K is the repetition number, which is 50 in this work; D is the 441 

original input data, and 𝐷𝑗
𝑘 is the input data with permutated feature j at the repetition 442 

k.  443 

 444 

3. Results 445 

3.1 Mineralogy interpretation 446 

The goal of this study was to develop and evaluate various ML and DL models (i.e., 447 

RR, RF, GBR, SVR, and ANN) using features from 11 conventional well-logging inputs 448 

to predict seven label values, including the volumetric fractions of six minerals and the 449 

porosity, as shown in Table 1. For each ML algorithm (i.e., RR, RF, GBR, and SVR), 450 

we optimized and trained seven models to predict the seven individual data values. 451 

Table 1 presents the optimized hyperparameters for the various ML models. 452 

Additionally, a post-processing normalization step was applied to ensure that the sum 453 

of the seven predicted label values was equal to one. For the DL algorithm, because the 454 

single-output MLP models performed poorly with all possible hyperparameter 455 

combinations, one multi-output MLP model was optimized and trained. The loss 456 

function is the RMSE, and an additional constraint that the sum of all predicted label 457 



26 

 

values was equal to one was added. The best hyperparameters were two hidden layers, 458 

each of which contained 150 neutrons. All the models were trained using 9400 data 459 

points, each containing the 11 input features and the seven label values.  460 

 461 

Table 1. Optimized hyperparameters of the ML models. The column 𝜇 indicates the 462 

average label value and 𝜎 indicates the standard deviation of the entire dataset. The 463 

coefficient of variation (CV) is the ratio of standard deviation to mean, representing the 464 

relative dispersion of data with respect to the mean. 𝛼 is the regularization parameter 465 

in RR; 𝑛𝑒 and 𝑛𝑓 represent the number of estimators and features in RF, respectively; 466 

𝑛𝑚 and 𝑣 indicate the number of weak models and learning rate in GBR, respectively; 467 

C and 𝜀  mean the regularization parameter and maximum tolerance in SVR, 468 

respectively. The values in the parentheses represent the gamma value of the RBF 469 

kernel function.  470 

 𝜇 𝜎 CV 

RR RF GBR SVR 

𝛼 𝑛𝑒 𝑛𝑓 𝑛𝑚 𝑣 C ε 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 0.017 0.048 2.824 0.010 75 8 100 0.218 2.40 0.003 RBF(0.95) 

Clay 0.028 0.027 0.964 0.010 157 10 97 0.221 1.31 0.002 RBF(1.04) 

Iron 

minerals 

0.006 0.011 1.833 0.014 51 8 100 0.295 2.93 0.003 RBF(0.26) 

Porosity 0.121 0.055 0.455 0.010 149 6 103 0.225 8.16 0.003 RBF(0.14) 

 471 

The model performance based on the RMSE and R2 score was tested on 2300 data 472 

points. Table 2 presents the RMSE and R2 scores of the ML and DL models in 473 

mineralogy interpretation. The overall evaluation metrics, including the RMSE and R2 474 

score, were calculated as the sum of each individual evaluation metric, weighted by the 475 

corresponding average label value. Figure 9 displays the boxplot of the R2 score of 476 

mineral and porosity predictions using the various models.  477 

 478 

 479 

 480 

 481 

 482 

 483 
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Table 2. Performance of model testing in mineralogy interpretation. The best 484 

performances are shown in bold.  485 

 

RR RF GBR SVR ANN 

RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 

Quartz 0.063 0.862 0.028 0.973 0.028 0.972 0.030 0.967 0.036 0.955 

Feldspar 0.029 0.879 0.014 0.971 0.015 0.967 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 0.952 0.008 0.815 

Iron 

minerals 

0.006 0.721 0.003 0.939 0.003 0.940 0.003 0.913 0.006 0.699 

Porosity 0.015 0.923 0.008 0.977 0.008 0.980 0.008 0.978 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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 487 

Figure 9 Boxplot of the R2 score of mineral and porosity predictions.  488 

 489 

The GBR and RF consistently outperformed the other three ML and DL models 490 

(i.e., RR, SVR, and ANN). Both the GBR and RF are ensemble learning methods that 491 

aggregate the predictions of multiple base learners, which helps reduce overfitting and 492 

improve generalization. The GBR, in particular, employs a gradient boosting algorithm 493 

that builds an ensemble of weak learners (i.e., decision trees) by iteratively optimizing 494 

a differentiable loss function and learning from residuals. This process allows GBR to 495 

be more adaptable and robust in various situations, leading to its lower sensitivity to 496 

hyperparameters within the conventional well-logging dataset. The boxplot analysis 497 

revealed that the labels with low CV values (porosity, quartz, and feldspar) generally 498 

had better prediction performance across different models. This observation can be 499 

attributed to the fact that low CV values indicate a lower degree of data dispersion, 500 

meaning that the data points are more closely clustered around the mean. When data is 501 

more homogeneously distributed, the underlying patterns and relationships are easier 502 

to capture for models, resulting in more accurate predictions. Conversely, labels with 503 
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higher CV values (clay, iron minerals, dolomite, and calcite) posed relatively greater 504 

challenges in the prediction due to the larger dispersion of data points, which introduces 505 

more complexity and variability, thereby making it more difficult for models to identify 506 

and capture the underlying patterns. By using the highest-prediction-accuracy model 507 

for each label (RF for quartz, feldspar, and calcite; GBR for the remaining labels), the 508 

overall performance reached an R2 score of 0.970 and an RMSE of 0.023, further 509 

improving prediction accuracy. Figure 10 presents a scatter plot to illustrate the true 510 

and model-predicted label values from the best-performing models, which 511 

demonstrates the effectiveness of the ensemble of label-specific models in capturing 512 

the relationships between input features and label values. 513 

 514 
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515 

Figure 10. Scatter plots of mineralogy interpretation results of the best-performing 516 

models. The red lines are the references where true values are equal to predicted values.  517 

 518 

3.2 CO2 saturation estimation 519 

We trained the various ML models (i.e., RR, RF, GBR, and SVR) and the DL model 520 

(i.e., MLP with two hidden layers and 150 neutrons each layer) using the PNX well-521 

logging data, which included 1300 data points having eight input features and one label 522 

value (i.e., CO2 saturation). The trained models were then tested on 330 data points. 523 

Table 3 shows the optimized hyperparameters for the models, whereas Table 4 524 

illustrates the performance of model testing based on the RMSE and R2 scores.  525 
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 526 

Table 3. Optimized hyperparameters of CO2 saturation estimation models. The values 527 

in the brackets represent the gamma value of the RBF kernel function.  528 

𝜇 𝜎 cv 

RR RF GBR SVR 

𝛼 𝑛𝑒 𝑛𝑓 𝑛𝑒 𝑣 C ε Kernel 

0.137 0.162 1.182 0.033 198 4 105 0.234 8.58 0.015 RBF(1.04) 

 529 

Table 4. Performance of model testing in CO2 saturation estimation. The best 530 

performances are shown in bold.  531 

RR RF GBR SVR ANN 

RMSE R2 RMSE R2 RMSE R2 RMSE R2 RMSE R2 

0.101 0.640 0.040 0.942 0.050 0.910 0.041 0.940 0.048 0.920 

 532 

 Among the five ML and DL models, the RF exhibited the best performance in 533 

predicting the CO2 saturation, achieving the highest R2 score of 0.942. The ensemble 534 

nature of the RF model contributed to its robust performance by aggregating predictions 535 

from multiple decision trees. The SVR ranked the second with an R2 score of 0.940, 536 
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followed by the ANN and GBR. The RR had the lowest R2 score of 0.640. The high R2 537 

scores for the RF and SVR demonstrate their effectiveness in capturing complex non-538 

linear relationships and interactions between the PNX well-logging data features and 539 

CO2 saturation. Figure 11 illustrates a scatter plot to compare the true and model-540 

predicted label values. 541 

 542 

Figure 11. Scatter plot of CO2 estimation results from the a) RF, and b) SVR models. 543 

The red lines are the references where true values are equal to predicted values.  544 

 545 

Feature importance analysis was performed on the RF and SVR models using the 546 

permuted importance algorithm. Figure 12 shows the FI values of the RF and SVR 547 

models. FI values measure the increase in model prediction error after feature values 548 

are permuted, thereby disrupting the relationships between input and label data. A large 549 

FI value indicates that the shuffled feature is more critical to model performance. The 550 

difference in feature importance rankings revealed the disparity in how each model 551 

captures the relationships between input features and CO2 saturation. In the RF model, 552 
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the most important feature was SIGM, followed by FNXS, GRAT, and WPRE, which 553 

exhibited much lower feature importance. In contrast, the feature importance values in 554 

the SVR model were generally larger and more evenly distributed than those in the RF 555 

model, with WPRE and SIGM being the most important features. Despite the 556 

differences in feature importance, both the RF and SVR models identified SIGM and 557 

WPRE as significant contributors to the prediction of CO2 saturation. This similarity 558 

suggests that these features can provide valuable information for predicting CO2 559 

saturation in the PNX well-logging dataset. 560 

 561 

Figure 12. Feature importance analysis for the a) RF, and b) SVR models. 562 

 563 

4. Conclusion 564 

Carbon capture and storage (CCS) is a viable solution to mitigating continuous CO2 565 

buildup in the atmosphere and maintaining energy security under current technological 566 

and economical conditions. The geological carbon storage projects in the Illinois Basin 567 

represent the first large-scale CO2 injection in saline aquifers in the United States. In 568 
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these projects, conventional well-logging was applied to evaluate the target formation 569 

and the latest-generation pulsed neutron tool, PNX, was used to monitor the injected 570 

CO2. Subsurface saline aquifers are ideal storage sites due to their adequate capacity at 571 

the global scale and relatively high injectivity. Therefore, the study on CCS in the 572 

Illinois Basin will fill the knowledge gap in geological carbon storage and provide 573 

valuable datasets for future CCS projects. 574 

In this work, we developed and evaluated data-driven models based on five 575 

commonly used ML and DL algorithms, namely the RR, RF, GBR, SVR, and ANN, for 576 

formation mineralogy interpretation, based on 11 conventional well-logging input 577 

features, and CO2 saturation estimation, based on eight PNX well-logging input 578 

features. The optimized hyperparameters were obtained using the SA algorithm for ML 579 

models and the grid search strategy for the DL model. For mineralogy interpretation, 580 

we trained seven single-output models for each ML algorithm and one multi-output 581 

model for the DL algorithm to predict the volumetric fractions of six minerals and the 582 

porosity. The optimized hyperparameters for most ML models vary significantly with 583 

different labels, therefore highlighting the importance of optimizing individual models 584 

for each label. Two ensemble learning methods, the GBR and RF, demonstrated 585 

superior performance by achieving overall R2 scores of 0.969 and 0.968, respectively. 586 

Particularly, the GBR model showed relatively less sensitivity to hyperparameters for 587 

the specific dataset used in this work. Additionally, label data with low CV values, 588 

which included the porosity and volume fractions of quartz and feldspar, were more 589 

likely to yield better performance across all models due to the low degree of label data 590 
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dispersion. The overall performance was further improved by strategically combining 591 

the best-performing models for each label, with the RF for quartz, feldspar, and calcite, 592 

and the GBR for the remaining labels. For CO2 saturation estimation, the RF and SVR 593 

models exhibited the best performance, achieving R2 scores of 0.942 and 0.940, 594 

respectively. The results of the feature importance analysis, conducted using the 595 

permutation importance algorithm, identified SIGM and WPRE as the most critical 596 

input features for CO2 saturation estimation. 597 

The ML and DL models capture the complex and non-linear relationships between 598 

input features and interpretation results (i.e., model predictions), thereby overcoming 599 

the limitations in time-consuming iteration methods and user-biased empirical models. 600 

The well-trained ML and DL models are efficient and reliable tools for well-logging 601 

data analysis and interpretation, which can be widely used in mineralogy interpretation 602 

for pre-injection formation evaluation and CO2 saturation estimation for post-injection 603 

CO2 monitoring in CCS projects. 604 

 605 
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