Abstract number: GC43Q-1013; Session time: Thursday, 18 December 2025; 14:15 - 17:45 CST, Full text: arXiv:2509.13189

SURGIN: SURrogate—guided Generative INversion for Geological Carbon Sequestration

Zhao Feng?, Bicheng Yan?2, Fengshou Zhang’

' Department of Geotechnical Engineering, Tongji University, Shanghai, China

2 Physical Science and Engineering Division, King Abdullah University of Science and Technology, Thuwal, Saudi Arabia

1. Background

» U-FNO surrogate model:

» History matching for the vertical case:

Injection period

Post-injection period
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sequestration (GCS).

= Conventional inversion methods rely on numerical simulations to evaluate the likelihood function
through iterative forward modeling. —— Computationally expensive

= Machine learning (ML)-based surrogate models can replace high-fidelity simulations, thereby
accelerating the inversion process. However, surrogate—based inversion necessitates re-running

» Bayesian conditional generation:
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» Relationship between observation and geological parameters:

= SURGIN can infer the full fields based on incomplete and noisy monitoring data

= SURGIN’s capability is not limited to the demonstrating cases. It can be used for various data

assimilation tasks based on arbitrary observations without model re-training.

», = The likelihood score is (by Tweedie’s formula & Jensen’s inequality):
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