
 Solving Inverse Problems with Machine 
Learning for Real-Time Monitoring of 

Subsurface Plumes
Alice Nuz

March 24, 2026



Background
• To meet the 1.5◦C target, carbon removal 

ranges from 5 to 16 Gt of CO2 per year by 
2050

• To meet net-zero targets, carbon 
management must be scaled up

• Given extensive lead times for 
construction, planning, and development 
of these projects must be happening now

• Utilization alone does not meet the Gt 
scale required to meet net-zero goals, so 
sequestration injecting supercritical CO2 in 
the subsurface will be required

• IRA and LCFS tax credits mean some of 
these projects are profitable now

IEA (2023), Net Zero Roadmap: A Global Pathway to Keep the 1.5 °C Goal in Reach, IEA, Paris 
https://www.iea.org/reports/net-zero-roadmap-a-global-pathway-to-keep-the-15-0c-goal-in-reach
, License: CC BY 4.0
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Background
• Saline aquifers are plentiful, have 

significant storage potential, and 
are collocated with emitters

• To get a permit, the AoR (area of 
review) must be well understood 
and a long term monitoring 
strategy is required

• Traditional forward models and 
inverse models for monitoring are 
computationally intensive, 
machine learning enables 
real-time monitoring 

Young, G. B. C., Lintz, V. A., Widmann, B. L., Bird, D. A., & Cappa, J. A. (2007). CO₂ Sequestration Potential of Colorado (Resource Series 45). Colorado Geological 
Survey, Division of Minerals and Geology, Department of Natural Resources. 
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Motivation
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Develop a pressure-based monitoring scheme 
that can be used real-time, continuously, is 

cost-effective, and safe 



Multilevel Pressure Monitoring

4

Prior work has shown multilevel pressure 
transients can be used to determine the height 
and footprint of the CO2 plume

Multilevel pressure transients can also be used to 
history match hydrogeological models to predict 
future CO2 migration

Demonstrated using the Illinois Basin – Decatur 
Project (IBDP) data as a case study

C. W. Strandli and S. M. Benson, “Identifying diagnostics for reservoir structure and CO2 plume migration 
from multilevel pressure measurements: Diagnostics from Multilevel Pressure Measurements,” Water 
Resour. Res., vol. 49, no. 6, pp. 3462–3475, Jun. 2013, doi: 10.1002/wrcr.20285.
C. W. Strandli, E. Mehnert, and S. M. Benson, “CO2 Plume Tracking and History Matching Using Multilevel 
Pressure Monitoring at the Illinois Basin – Decatur Project,” Energy Procedia, vol. 63, pp. 4473–4484, 
2014, doi: 10.1016/j.egypro.2014.11.483.
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Sparse data for automated history matching
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The generalized problem 
statement involves trying to predict 
plume migration in a storage 
reservoir using sparse data, we are 
history matching the pressure data
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“Direct” Inversion
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Training and test sets were developed using a commercial 
simulator and are treated as the ground truth, they’re 
modified from same data sets as CCSNet 

Train a model to predict the full saturation plume with 
permeability, porosity and  pressure buildup input data 
from the injection well and monitoring well 

Leverages the fact that pressure and saturation are 
coupled

2D radial system
G. Wen, Z. Li, K. Azizzadenesheli, A. Anandkumar, and S. M. Benson, “U-FNO—An enhanced Fourier neural operator-based deep-learning model for multiphase flow,” 
Advances in Water Resources, 2022.
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Model Performance
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Good statistical agreement for 
both heterogeneous and 
homogeneous permeability fields

Prediction Ground Truth Delta

Mean: 1.551% 
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The model is performant across geologies and configurations
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Pressure by itself can tell the story

11

Removing horizontal permeability, vertical 
permeability, and porosity

Base Mean: 1.551% 
Pressure Mean: 1.807%



Sparse pressure model and sensitivity to pressure availability
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Case Mean Plume Error %

10 vertical sensors 4.421
6 vertical sensors 4.855
4 vertical sensors 5.067



Model comparison - all learn the footprint and height of the plume
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Successfully directly predict saturation using well 
data with the ability to generalize to unseen data
Learn the height and footprint of the plume for a 
wide variety of initial configurations
Pressure is the most important input even when 
sparse

Case Mean Plume 
Error %

Base Model 1.551

Pressure Model 1.807

Sparse Pressure Model 5.067
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Rejection Sampling: Make a Rigorous Posterior Ensemble for 
a given initial condition
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Rejection Sampling Set-Up
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Tracking one sample shown here over the first year
5% tolerance for pressure buildup 
Accept or reject based on likelihood value
Accepted samples form the posterior distribution 

W. Teng and L. J. Durlofsky, “Likelihood-free inference and hierarchical data assimilation for geological carbon storage,” Advances in Water Resources, 2025.References:



Rejection Sampling Results
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Rejection Sampling Results
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Thank you!
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Multilevel pressure measurements can be used to recover the height and footprint of 
the plume

Machine learning enables real-time monitoring 

Probabilistic modeling enables projects to be safer and more efficient

Useful for problems with fine spatial and temporal scale, but limited and uncertain 
actual data

Questions?


