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Abstract

The determination of the CO2z content in an exploratory area is important as this undesirable contaminant brings environmental hazards and
increased costs to the oil production. The primary objective of this study is to combine geological, geophysical and engineering data from
public domain and from a proprietary dataset to create a comprehensive framework for CO2 risk assessment, by developing predictive COz2 risk
models utilizing machine learning (ML) algorithms. The dataset regarding the CO2 content comes from public data, specifically from wells in
the Pre-Salt interval, in an area of interest located in the Santos Basin. Regression and classification models were explored in the studies, and
geostatistical methods were integrated to assess the uncertainties associated with geological and geophysical data. We developed a user-
friendly interface, building an interactive Python-based platform for efficient data storage, manipulation and visualization of CO2 content
models. Initially, a workflow was designed considering static aspects and aggregated features generated from original data. All stages were
conducted with ML assistance and the workflow is summarized in the following steps: 1 - Georeferencing and maps selection, 2 - Maps
conversion into data, 3 - Preprocessing and Features, 4 - Training Dataset and Algorithm choosing, 5 - Testing and Results, 6 - Extrapolation /
Final Product and 7 - Statistical analysis. Key geological attributes associated with increased COz2 risk are: Zones of crustal thinning, regions
with high geothermal gradients, high-density deep-seated faults and fractures penetrating the lower crust and upper mantle, igneous intrusions
establishing connections with the mantle and structural lineaments such as the Helmut Shear Zone and regional transfer faults. These attributes
were used in the training of the ML models. Tree-based models and Neural Networks (NN) algorithms were compared. The NN approach was
directly through images using a neighborhood assessment along the CO2 points, while the other methods had a tabular (numeric) approach. The
final risk map was compared with statistical (Kriking) and artificial intelligence (Al) Industry Software (Petrel) results. Tabular models, such as
Random Forest (RF), Extreme Gradient Boost (XGBoost), and Multilayer Perceptron (MLP), showed an average accuracy close to 70%, with
small standard deviations (around 2%). The image-based algorithm demonstrated even better performance during testing, achieving accuracy
rates of up to 91% for validation and 80% for test, with deviations of less than 1%. Tests with machine committees showed excellent potential
for improving the workflow, as it tends to reduce major errors and generally increases accuracy. The regression methods achieved reasonable
performance with correlations exceeding 80%. Their performance can be better evaluated by analyzing a cross-plot graph between the
predicted samples and their ground truth values. Results showed that the models were consistent, robust, and reliable, achieving good accuracy
with potential for improvement in specific cases. In conclusion, the workflow shows promising performance in CO2 risk prediction even with



limited data. As the applied methodology is flexible, refining the model with new data and incorporating additional expert insights, offer the
potential for better precision and reliability, leading to more robust and accurate results, and the possibility of application in other areas.



