
1. INTRODUCTION 

Successful implementation of geoenergy projects requires 

knowledge of the hydromechanical, stratigraphic, and 

lithological features of the participating geological 

formations. The access to the sites can be gained during 

the well boring (1D data), as well as via the use of 

geophysical methods (3D data), such as seismic, 

gravimetric, and magnetic surveys (Kearey et al., 2002; 

Manivannan, 2018). These techniques measure potential, 

resistivity, porosity, formation factor, temperature, fluid 

saturation, and sonic data obtained from various wellbore 

logs (Asquith et al., 2004), as well as mineralogy, 

lithology, and hydrocarbon content (Pelton et al., 1978). 

The datasets can contain thousands of records for each of 

the parameters as a function of depth, and combined, 

represent huge arrays of data to be interpreted. Machine 

learning (ML) techniques have been shown to serve as a 

powerful algorithm for enhancing the datasets and 

capturing intricate nonlinear relationships within them 

(Bressan et al., 2020; Glubokovskikh et al., 2020). The 

overall effort is in augmenting subsurface 

characterization efforts and enhancing understanding of 

the geological conditions. 

This research is focused on the utilization of machine 

learning approaches to analyze the available wellbore 

data collected during intensive study of the Illinois Basin 

for Carbon Capture and Storage (CCS) applications. The 

goal is to understand the feasibility of integrating 

laboratory- and deep wellbore-scale datasets to be used 

with ML algorithms to enhance the interpretation of the 

active and passive seismic data. Development of 3D 

datasets with high resolution has the potential to reveal 

presence of fractures in the reservoir rock, basement, and 

caprock being crucial for the success of carbon storage 

projects in terms of the storage capacity (Oh et al., 2013), 

leakage through the caprock (Fitts and Peters, 2013), 

reactivation of the faults (Vilarrasa et al., 2019) and fluid 

transfer through them (Bondarenko et al., 2022), as well 

as induced seismicity (White and Foxall, 2016; 

Bondarenko et al., 2021).  

The Illinois Basin is a structure that underlies most of 

Illinois and parts of Indiana and Kentucky, with 

exceptional geological properties for geologic carbon 

storage. Successfully completed demonstration- and 

commercial-scale CCS projects include Illinois Basin 

Decatur Project - IBDP and Illinois Industrial Carbon 
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ABSTRACT: The Illinois Basin has an excellent history of pilot- and demonstration-scale CO₂ injection projects, positioning it as 

a promising potential hub for carbon capture and storage. Since the presence of fractures increases risk of an induced seismic response 

and CO₂ leakage, it is essential that potential injection sites are properly characterized before project deployment. Accurately 

measured distribution of seismic waves velocities is essential for prediction of fracture locations and monitoring of the injected CO2. 

Site investigation for the pilot-scale CO2 storage projects yielded abundant high-quality data, especially in terms of geophysical 

wellbore measurements. This information is utilized to create a dataset specific to the Illinois Basin aimed at assistance during the 

wellbore and seismic data interpretation, which (as any inverse problem) heavily relies on physical constraints to limit the range of 

potential solutions. The developed machine learning algorithms allow predicting P- and S-wave velocities based on mineralogical 

composition from ELAN log with accuracy superior to conservative effective media approaches. Three deployed algorithms include 

random forest, gradient boosting, and neural network – all of them yielded significantly more accurate estimations of seismic 

velocities compared to the sonic log. Additionally, this technique reconstructs complex patterns in variations of velocities associated 

with heterogeneities of geologic formations. It opens ways for further enhancement of datasets to evaluate involved hydromechanical 

parameters (e.g., poroelastic properties and permeability) to refine the velocity models and make identification of subsurface features 

and monitoring of the fluid migration processes more accurate. 
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Capture and Sequestration - IL-ICCS Project located in 

Macon Co., IL (Dichiarante et al., 2021). The target 

reservoir formation for injection of supercritical CO2 is 

the lower unit of Mt. Simon sandstone (unit A) located at 

a depth of approximately 2100 m, which has higher 

porosity and permeability than the overlying units (Fig. 

1). Units B-E of Mt. Simon sandstone are crossed by 

mudstone baffles and presented up to the depth of 

approximately 1700 m, serving as confinement layers for 

the target injection reservoir. Eau Claire Shale formation 

overlies Mt. Simon sandstone and is considered as 

primary caprock for CO2 storage in the Illinois Basin. The 

underlying low porosity Argenta sandstone (below 2140 

m) serves as a partial barrier, isolating the Precambrian 

rhyolite crystalline basement from overpressure caused 

by the injection (Williams-Stroud et al., 2020).  

These projects are well-instrumented and have an 

intensive monitoring program, resulting in a large amount 

of collected high-quality data (Bauer et al., 2019).  Four 

deep wells (CCS1, CCS2, VW1, and VW2) are drilled 

across the injection site for characterization, injection, 

and monitoring purposes. Another well (T.R. McMillen 

#2) located 25 miles away reaches the formations 

underlying the reservoir and provides access to 

comprehensive data collected during geophysical logs, as 

well as core and sidewall cores analysis (ISGS, 2022). 

This work leverages from the comprehensive dataset 

collected for the Illinois Basin and approaches to 

systematize the data for utilization of the ML approaches 

to improve the interpretation.  

2. ILLINOIS BASIN DATASET 

The analyzed dataset consists of geophysical wellbore log 

data collected during implementation of pilot-scale CO2 

storage projects in the Illinois Basin. The input data is 

obtained from the open-source Department of Energy 

(DOE)/Fossil Energy and Carbon Management’s 

(FECM) virtual library and data laboratory 

(edx.netl.doe.gov). During well logging, resistivity, sonic 

velocities, density, mineralogical composition, porosity, 

and permeability are measured to create one-dimensional 

(as a function of depth) geophysical logs. In particular, 

compressional and shear wave velocities are important 

parameters that carry information about the media's 

elastic moduli and can be significantly affected by the 

presence of fractures (Mavko et al., 2020). Fractures can 

reduce the wave velocities, while the ratio between the 

compression and shear wave velocities can be used for 

detecting anomalies in fluid content and porosity/crack 

distribution (Latorre et al., 2004).  

For each well, the set of material parameters is measured 

during geophysical well logging as indicated in Table 1 

(Freiburg et al., 2014). The correlation matrix can be 

plotted to provide insights into the relationship between 

different properties. Fig. 2 illustrates the correlation 

matrix obtained for the VW1 well and indicates that most 

material parameters are interrelated in a complex manner 

that cannot be expressed explicitly or analytically. The 

most prominent correlations observed in this matrix are 

between the permeability, the undisturbed zone water 

volume fraction, and the flushed zone water volume 

fraction. The undisturbed zone water volume fraction is a 

measure of the proportion of water within the undisturbed 

zone relative to the total volume of that zone. Expectedly, 

in VW1, a strong correlation between the porosity and 

different parameters is observed, with the highest value 

obtained for the density. Additionally, porosity exhibits a 

strong correlation with acoustic wave velocities, being 

indirectly present in the relationship for the velocities via 

the density (Mavko et al., 2020).  

For the analysis presented in this work, only the mineral 

compositions based on ELAN log, as well as 

compressional and shear wave velocities from sonic log, 

and bulk density, are used, so the permeability, porosity, 

resistivity, are excluded from the current assessment.  

   

   

Fig. 1. Stratigraphy of geological formation involved in CO2 storage during Illinois Basin Decatur Project. 
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Fig. 2. Correlation matrix for the petrophysical and 

mineralogical properties measured in VW1 well in the Illinois 

Basin. Black color represents strong correlation/anti-correlation 

between the parameters, while red colour shows the absence of 

correlation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1. List of the properties mnemonics reported for 

geophysical wellbore logging. 

 

Mnemonic Property name 

KSDR_PY Permeability [mD] 

PIGE Effective Porosity [-] 

RLA2 Apparent resistivity mode 2 [ohm·m] 

RLA3 Apparent resistivity mode 3 [ohm·m] 

RLA4 Apparent resistivity mode 4 [ohm·m] 

RLA5 Apparent resistivity mode 5 [ohm·m] 

RXOZ Invaded formation resistivity [ohm·m] 

DTCO Compressional wave velocity [km/s] 

DTSM Shear wave velocity [km/s] 

RHOZ Bulk density [g/cm3] 

VCL_GEO Clay fraction [-] 

BOUND_WATER Bound Water Volume Fraction [-] 

CALCITE Calcite Volume Fraction [-] 

CHLORITE Chlorite Volume Fraction [-] 

DOLOMITE Dolomite Volume Fraction [-] 

HEMATITE Hematite Volume Fraction [-] 

ILLITE Illite Volume Fraction [-] 

K-FELDSPAR Orthoclase Volume Fraction [-] 

KAOLINITE Kaolinite Volume Fraction [-] 

N-FELDSPAR Plagioclase Volume Fraction [-] 

PYRITE Pyrite Volume Fraction [-] 

QUARTZ Quartz Volume Fraction [-] 

SIDERITE Siderite Volume Fraction [-] 

SWI_GEO 
Undisturbed Zone Irreducible Water 

Volume Fraction [-] 

UWATER 
Undisturbed Zone Water Volume 

Fraction [-] 

XIWATER 
Flushed Zone Irreducible Water 

Volume Fraction [-] 

XWATER 
Flushed Zone Water Volume  

Fraction [-] 

 

   
 

Fig. 3. Schematic illustration of 

ML algorithm to predict the 

seismic waves velocities based 

on mineralogical composition. 
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3. MINERALOGICAL COMPOSITION AND 

EFFECTIVE MEDIA APPROACH 

The availability of accurate geomechanical data for CO2 

injection sites in the Illinois Basin is scarce, making 

precise mapping of faults and fractures based on seismic 

data very uncertain. The goal of this project is to enhance 

geomechanical models using machine learning 

approaches calibrated with high precision laboratory 

measurements to improve the potential accuracy of 

seismic data interpretation. 

One of the most widely utilized approaches in rock 

characterization is the analysis of mineralogical 

composition. Precise data can be obtained via X-Ray 

diffraction analysis (XRD) for the laboratory samples or 

elemental analysis (ELAN) for wellbore log. Results of 

these two approaches are compared in Fig. 4. A total 

number of 37 samples from different depth intervals are 

extracted from T.R. McMillen#2 wellbore for the 

petrographic analysis. The laboratory results are shown in 

the first column of stacked bar chart for each depth 

interval. These results are compared with Elemental 

Analysis (ELAN) log shown in the second column for 

each depth interval. It should be noted that the ELAN log 

is not capable of distinguishing all mineral components, 

resulting in the overall composition below 1. 

 

Fig. 4. Mineral composition of samples from T.R.McMillen #2 

well based on laboratory XRD analysis and ELAN log. The top 

column for each depth group represents results of laboratory 

XRD analysis, which is compared with the ELAN log for the 

same depth interval. 

Due to inherent differences in the XRD and ELAN 

approaches, significant variations are observed in total 

volume fractions of clay minerals (illite, kaolinite, and 

chlorite) and quartz content. However, ELAN log is 

capable of capturing the general trends in mineralogical 

composition and yet provide comprehensive dataset with 

about 22,000 data points across all wells. 

The mineralogical composition of rock matrix can be 

combined with known elastic moduli of the minerals to 

assess the elastic properties of material via the effective 

media approaches (Mavko et al., 2020). The most 

conservative relationship for the lower and upper 

boundaries of elastic moduli of anisotropic materials are 

suggested by Reuss (1929) and Voigt (1889): 

 
Voight Voight

1 1

n n

i i i i

i i

K K G G 
= =

= =   (1) 

 

1 1Reuss Reuss

1 1n n
i i

i ii iK K G G

 

= =

= =   (2) 

Where, Ki and Gi are bulk and shear moduli of individual 

minerals and i is the volume fraction of i-th mineral. 

After that Voight-Reuss-Hill (VRH) approximation is 

used to represent arithmetic average between upper and 

lower boundaries. Elastic moduli of the material and its 

bulk density  define the velocity of compressional (VP) 

and shear (VS) waves: 
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This information is especially valuable during the 

interpretation of active and passive seismic surveys by 

providing the constraints for the inverse problem. 

However, the main downside of conservative Voigt and 

Reuss boundaries estimates is relatively high uncertainty. 

Therefore, it cannot be directly applied to reconstruct the 

one-dimensional velocity model. 

4. MACHINE LEARNING INTERPRETATION 

Effective media approaches rely on consideration of large 

ensemble of individual minerals and statistical methods to 

predict the material properties of such system. Machine 

learning is qualitatively similar to statistical approaches 

but has a significantly larger number of internal variables, 

helping to avoid explicit formulation. Therefore, it is 

expected that utilization of ML-based tools might yield 

better results compared to conservative effective media 

approaches. 

Geophysical wellbore logs have excellent potential to be 

interpreted with the ML-based algorithms because of the 

significant size of datasets (thousands of samples) and 
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availability of measurements for both mineralogical 

composition and seismic waves velocities via ELAN and 

sonic logs. Volume fractions of minerals from ELAN log 

are utilized as an input data, while sonic log serves as 

labels for P- and S- waves velocities. Several regression-

based models, including Random Forest and gradient 

boosting XGBoost are implemented, with the best 

performance associated with the latter one due to the 

ability to capture complex non-linear relationships in the 

data more accurately (Raschka et al., 2022). The non-

linear neural network seems to have inferior performance 

comparing to other two methods. The algorithms were 

trained on 17,798 records from three wells: T.R. 

McMillen#2, CCS1, VW1 wells; and tested on 4217 

records from the CCS2 well. 

Fig. 5 demonstrates the comparison of the P- and S- wave 

velocities estimated with effective media and machine 

learning approaches versus the results of actual 

measurements via sonic log. As it is previously 

mentioned, the conservative Voigt and Reuss boundaries 

have large uncertainty. The average between upper and 

lower boundaries of elastic moduli results in relatively 

smooth curves for P- and S- waves velocities, making it 

incapable of considering small-scale heterogeneities of 

geological formations. On top of that, even for 

monomineralic materials – the arithmetic mean or Voigt-

Reuss-Hill average tends to underestimate the effective 

properties (Tarokh and Makhnenko, 2019). On the other 

hand, ML-based predictions that rely on mineralogical 

composition appear to be very close to the actual 

measurements in sonic log, which is evident from the high 

value of correlation coefficient and relatively low root 

mean squared error. Additionally, it should be noted that 

ML predictions can capture small-scale variability of 

seismic wave velocities being superior compared to 

effective media approaches. Therefore, it can be utilized 

to reconstruct the accurate velocity model based on 

mineralogical composition and be further used during the 

interpretation of the seismic data. 

5. DISCUSSION  

Another way to visually assess the performance of 

developed methods is to compare values predicted with 

algorithms versus the actual velocities from sonic log 

(Fig. 6). An ideal algorithm would predict values that lie 

near 1:1 ratio line. All used ML-based methods have 

superior performance compared to effective media 

approach. An additional disadvantage of the effective 

media approach is its tendency to underestimate the 

velocities, resulting in most of data lying below 1:1 ratio 

line. This challenge seems to be resolved with the applied 

ML tools. The predictions made with non-linear neural 

networks appear to be more scattered, resulting in lower 

R2 and higher mean arithmetic error (MAE), highlighting 

that in this case deployment of more advanced ML tools 

might be unnecessary. 

 

Fig. 5. Comparison between P- and S-waves velocities measured via sonic log (blue color) of CCS2 well, and values predicted by 

utilizing Random Forest method (red color) and effective media approaches (grey color). Voigt and Reuss boundaries are calculated 

based on the upper and lower boundaries for the elastic moduli. Voigt-Reuss-Hill (VRH) approximation is used to represent arithmetic 

average between upper and lower boundaries for the seismic velocities. 
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6. CONCLUSION 

Subsurface monitoring heavily relies on the interpretation 

of active seismic data. In this case, the presence of faults, 

fractures, or pore fluids is inferred based on the deviations 

in three-dimensional velocity model. As any inverse 

problem, the interpretation of active seismic data yields 

non-unique solutions; however, the uncertainty can be 

improved by providing accurate constraints for the 

velocity model. The mineralogical composition of 

geological formations is rarely utilized to enhance the 

velocity model due to the high uncertainty of the 

predictions based on the effective media approaches. This 

work investigates the opportunity to utilize different 

machine learning approaches (i.e., gradient boosting, 

random forest, and non-linear neural network) instead of 

effective media to improve the predictions of one-

dimensional seismic waves velocity model. This 

approach outperforms more traditional ones and appears 

to reconstruct the complex patterns in seismic waves 

velocities variations associated with heterogeneities of 

geologic formations solely based on widely available data 

for the mineralogical composition. The next step in the 

development of ML approaches should be based on the 

evaluation of more complex geomechanical parameters 

(e.g., poroelastic properties) to further refine the 

predictions of one-dimensional velocity models. This data 

could be further utilized to constrain the results of three-

dimensional seismic data inversion for precise 

identification of subsurface features and monitoring of the 

fluid migration processes (e.g., Pevzner et al., 2017). 

DATA AVAILABILITY 

The seismic and wellbore data, as well as the developed 

numerical codes are available at 

https://github.com/rockmechanics-illinois/SMART-II 
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Fig. 6. Comparison between P-wave velocities predicted with different machine learning algorithms (gradient boosting, random 

forest, and neural network) and effective media approach versus actual measurements in sonic log of CCS2 well. 
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