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Rapid climate change and global warming have widespread impacts on society, including ecosystems,
water security, food production, health, and infrastructure. To achieve significant global emission
reductions, approximately 74%, is expected to come from cutting carbon dioxide (CO2) emissions in
energy supply and demand. Carbon Capture and Storage (CCS) has attained global recognition as a
preeminent approach for the mitigation of atmospheric carbon dioxide levels, primarily by means of
capturing and storing CO2 emissions originating from fossil fuel systems. Currently, geological
models for storage location determination in CCS rely on limited sampling data from borehole surveys,
which poses accuracy challenges. To tackle this challenge, our research project focuses on analyzing
exposed rock formations, known as outcrops, with the goal of identifying the most effective backbone
networks for classifying various strata types in outcrop images. We leverage deep learning—based
outcrop semantic segmentation techniques using hybrid backbone networks to achieve accurate and
efficient lithological classification, while considering texture features and without compromising
computational efficiency. In the evaluation experiments conducted on ground-level images obtained
using a stationary camera and aerial images captured using a drone, we successfully demonstrated
the superior performance across all categories.
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