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(1) Society of Petroleum Engineers (SPE)—presented a paper at top conference in the
field of data science
Deep Learning Driven Reservoir Simulation for Mapping Performance of C02-EOR and
Storage in Tight 0il Reservoir
SPE Annual Technical Conference and Exhibition (ATCE), Houston, USA, 2025 4E 10 H
(2) World CCUS—presented a paper
Machine learning—informed reservoir simulation for performance mapping of CO2-EOR
and storage in the SACROC field
World CCUS Conference, Bergen, Norway 20254E9 H
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